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Abstract 

 

Even though there is substantial literature on studies which pool survey data, it is still 

not clear which are the most efficient methodologies for pooling data from different 

surveys. For example, it is important to know whether the surveys involved should be 

given equal importance in the calculation of the combined statistics or not. If they are 

not given equal importance, then it should be clear how they should be weighted and 

why. In this research project, alternative methods used to combine survey data were 

evaluated and new methods proposed. 

 

A literature review of methods that are currently being used in combining 

repeated and multiple surveys was presented. New methods were proposed or 

adapted from meta-analysis methodology to try and improve the calculation of 

weights and precision measures when multiple surveys are combined. Different 

variance estimators for the proposed point estimators were evaluated through 

simulation. Only the separate approach was considered in this study. Simple 

random samples and complex samples were drawn from simulated finite 

population data and used to evaluate current and proposed methods of 

combining surveys. Simple super-population models were used to simulate finite 

population data. The South African Community Survey of 2016 and the General 

Household Survey of 2016 were used to simulate finite populations which were 

then used for evaluating the different methods of combining simple random 

sampling and stratified surveys respectively.  

 

Our results suggest that the choice of weighting method when combining surveys 

should depend on the super-population model assumed to have generated the 

finite population. The sample size used appeared to influence the choice of the 

method used to combine surveys, but the variance of the super-population did 

not influence the choice. Under simple random sampling, the strength of the 

skewness and kurtosis also appeared to affect the performance of the weighting 

strategies. Weighting by the inverse of the sample size, the inverse of variance 
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and the inverse of the coefficient of variation appeared to work for most super-

population models. Combining samples appeared to yield better estimates with 

lower mean square errors compared to single sample estimates. The number of 

samples combined appeared not to influence the choice of weighting strategy 

although the mean square errors decreased with increased number of samples 

combined. 

Under simple random sampling, the meta-analysis variance estimator appeared 

to work the best with the inverse of variance weighting method as expected. 

  



 
 

xiv 
 
 
 

Table of Contents 

 
Ethics clearance…………………………………………………………………………………………………………………………………ii 
Ethics Clearance ...................................................................................................................................... ii 

Acknowledgements ................................................................................................................................ iv 

Funding Acknowledgements .............................................................................................................. iv 

List of Tables ........................................................................................................................................... v 

List of Figures ......................................................................................................................................... xi 

Abstract ................................................................................................................................................. xii 

Table of Contents ..................................................................................................................................xiv 

Chapter 1 ................................................................................................................................................. 1 

Introduction ........................................................................................................................................ 1 

1.1 Health surveys ..................................................................................................................... 1 

1.2 Sampling in health surveys ................................................................................................. 4 

1.3 Meta-analysis and combining of surveys .......................................................................... 13 

1.4 Weighting implications in combining surveys and meta-analysis .................................... 19 

1.5 Motivation and aims of the thesis .................................................................................... 24 

1.6 Outline of the thesis .......................................................................................................... 25 

Chapter 2 ............................................................................................................................................... 27 

Methods for combining surveys and applications – A review .......................................................... 27 

2.1 Separate and pooled approaches ..................................................................................... 27 

2.2 Analysis of survey data in the context of combining surveys ........................................... 32 

2.3 Application in health and social surveys ........................................................................... 35 

Chapter 3 ............................................................................................................................................... 38 

Methods for combining surveys: Point estimators under the separate approach ........................... 38 

3.1 A review ............................................................................................................................ 38 

3.2 Contributions under simple random sampling ................................................................. 44 

3.3 Criteria for evaluating estimators ........................................................................................... 47 

3.3 Contributions under complex sampling: stratification and clustering ............................. 50 

Chapter 4 ............................................................................................................................................... 57 

Simulation study 1 ............................................................................................................................ 57 

4.1 Simulation set up .............................................................................................................. 58 

4.2 Simulation results under simple random sampling .......................................................... 62 

4.3 Simulation results under stratified sampling .................................................................... 91 



 
 

xv 
 
 
 

4.4 Simulation results under two-stage simple cluster sampling ......................................... 122 

Chapter 5 ............................................................................................................................................. 152 

Methods for combining surveys: Variance estimators under the separate approach ................... 152 

5.1 Traditional methods ........................................................................................................ 152 

5.2 Replication methods ....................................................................................................... 155 

Chapter 6 ............................................................................................................................................. 157 

Simulation study 2 (Variance estimators in chapter 5) ................................................................... 157 

6.1 Simulation set up ............................................................................................................ 158 

6.2 Simulation results for variance estimators under simple random sampling .................. 161 

6.3 Supplementary Analysis .................................................................................................. 168 

Chapter 7 (Application) ....................................................................................................................... 177 

7.1 Community Survey 2016 ........................................................................................................... 177 

7.2 General Household Survey 2016 ............................................................................................... 178 

7.3 Simple random sampling application ........................................................................................ 179 

7.4 Stratified random sampling application .................................................................................... 184 

7.5 Conclusion ................................................................................................................................. 190 

Chapter 8 ............................................................................................................................................. 191 

Conclusion ....................................................................................................................................... 191 

References .......................................................................................................................................... 194 

Appendix A1 ........................................................................................................................................ 201 

Comparing weighting strategies: Simple Random Sampling: Normal distribution ........................ 201 

Appendix A2 ........................................................................................................................................ 226 

Comparing weighting strategies: Stratified Random Sampling: Normal distribution .................... 226 

Appendix A3 ........................................................................................................................................ 233 

Comparing weighting strategies: Cluster Random Sampling: Normal distribution ............................ 233 

Appendix B1 ........................................................................................................................................ 240 

Comparing weighting strategies: Stratified Random Sampling: Skewed normal distribution ....... 240 

Appendix B2 ........................................................................................................................................ 247 

Comparing weighting strategies: Cluster Random Sampling: Skewed normal distribution ........... 247 

Appendix C1 ........................................................................................................................................ 253 

Comparing weighting strategies: Stratified Random Sampling: t-distribution, 3 d.f ...................... 253 

Appendix C2 ........................................................................................................................................ 259 

Comparing weighting strategies: Cluster Random Sampling: t-distribution, 3 d.f ......................... 259 

Appendix D1 ........................................................................................................................................ 265 

Comparing weighting strategies: Stratified Random Sampling: Skewed t-distribution, 3 d.f ........ 265 



 
 

xvi 
 
 
 

Appendix D2 ........................................................................................................................................ 271 

Comparing weighting strategies: Cluster Random Sampling: Skewed t-distribution, 3 d.f ............ 271 

Appendix E .......................................................................................................................................... 277 

R code used in simulations for simple random sampling, point estimators ................................... 277 

E1 Normal Distribution ............................................................................................................... 277 

E2 T Distribution, 3 degrees of freedom ..................................................................................... 283 

E3 Skewed Normal Distribution .................................................................................................. 290 

E4 Skewed T Distribution, 3 degrees of freedom ....................................................................... 296 

Appendix F .......................................................................................................................................... 302 

R code used in simulations for simple random sampling, variance estimators ............................. 302 

F1 Normal Distribution ................................................................................................................ 302 

Appendix G .......................................................................................................................................... 308 

R code used in simulations for stratified random sampling, point estimators ............................... 308 

G1 Normal Distribution ............................................................................................................... 308 

G2 T Distribution, 3 degrees of freedom .................................................................................... 317 

G3 Skewed Normal Distribution ................................................................................................. 326 

G4 Skewed T Distribution, 3 degrees of freedom ....................................................................... 335 

Appendix H .......................................................................................................................................... 344 

R code used in simulations for cluster random sampling, point estimators .................................. 344 

H1 Normal Distribution ............................................................................................................... 344 

H2 T Distribution, 3 degrees of freedom .................................................................................... 377 

H3 Skewed Normal Distribution ................................................................................................. 410 

H4 Skewed T Distribution, 3 degrees of freedom ....................................................................... 443 

 
 



 
 

1 
 
 
 

Chapter 1  

Introduction  
 
Different surveys usually adopt alternative sampling designs and consequently 

require the consideration of different sets of sampling weights. When surveys are 

combined for calculation of estimates, questions arise on how to handle the different 

survey weights and sampling designs for producing combined point and variance 

estimators. Combined estimates may be essential in the formulation of national, 

regional or global health and social policies. This thesis discusses some of the ways 

in which surveys can be weighted when calculating combined estimates. Chapter 1 

presents a brief introduction to types of surveys and the use of surveys in the health 

and social sectors.  

1.1 Health surveys  

 

This section gives a brief introduction to types of surveys commonly used in health- 

related settings. Sample surveys can generally be categorized into cross-sectional and 

longitudinal surveys. Cross-sectional surveys are carried out at one point in time. They 

are usually conducted to estimate the prevalence of the outcome of interest for a given 

population, commonly for the purposes of public health planning. They cannot be used 

to measure incidence rates or new occurrence rates for the outcome of interest. Data 

can be collected on individual characteristics, including exposure to risk factors, 

alongside information about outcomes. In this way, cross-sectional studies provide a 

'snapshot' of the outcome and the characteristics associated with it, at a specific point in 

time[1]. Cross sectional studies cannot in general be used to study causal relationships 

because the outcome of interest and possible risk factors are observed at the same 

time; they may, however, be used to evaluate relationships between exposures and 

outcomes. A possible exception is when exposures are documented for lagged 

explanatory variables; in such a case, it is sometimes clear that the exposure occurred 

before the outcome.[2]  
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In longitudinal surveys, a sample is selected and followed over time. This enables 

measurement of incidence and progression of disease over time. Changes can be 

observed both at group and individual level[3]. Possible causal relationships can be 

evaluated using data from longitudinal surveys and suitable methodology. When 

conducting a longitudinal survey, measurements can be made on several occasions, on 

the same sample or panel over time for the duration of the survey. This is referred to as 

a fixed panel longitudinal survey. Alternatively, subgroups of the panel may be removed 

from the survey sample at a stipulated maximum time-in-sample, in which case, we 

have a rotating panel survey. The advantages of using a fixed panel survey design 

are:[3–5] 

1. Reduced sampling variation in the measurement of change. 

2. They allow change to be measured at the level of the individual respondent. 

3. Respondents can be trained to perform relatively complex tasks as, for example 

a consumption diary. 

4. A wide range of data can be collected compared to a cross-sectional survey. 

5. They may be less expensive compared to repeated cross-sectional surveys 

because the first time a unit is included there are higher costs.[4] 

 

However, fixed panel longitudinal surveys have some disadvantages too. For example, 

the initial co-operation rate is lower than that for single contact (cross-sectional) 

surveys. They are also prone to attrition over time as some respondents become lost to 

follow up for various reasons. Response and behavioural conditioning can also be 

problematic. For ethical reasons, counselling may be part of a survey and that may 

result in respondents behaving in a way that is not representative of the population at 

large. A study examining the effects of irresponsible alcohol consumption on HIV 

incidence among youths would be expected to provide counselling on alcohol abuse at 

the onset and during the course of the study for ethical reasons. As a result, some 

participants may start changing their consumption patterns. One way of dealing with 

these problems is the use of rotating panels. The extent to which rotating panels correct 

demographic imbalances due to attrition depends on the differentials in attrition in the 

demographic subgroups. Similarly, the extent to which fatigue is addressed by rotation 
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of panels depends on the rate at which fatigue occurs after joining the panel. Rotating 

panels also have the disadvantage of loss of sample continuity resulting in an increase 

in the sampling error in estimates of change. The loss of sample continuity also 

decreases the sample size available for analysis of change at the level of the individual 

respondents.[3–5] 

When longitudinal surveys cannot be carried out, repeated cross-sectional surveys may 

be carried out to give pseudo-longitudinal surveys, where the individuals included in the 

survey are either selected from a unique sampling frame or from multiple sampling 

frames. The dictionary of epidemiology defines a pseudo-longitudinal survey as a 

sequence of samples resembling a regularly measured cohort with the exception that it 

consists of a different sample at each occasion of sampling[6]. In a repeated cross-

sectional survey, an independent sample is selected on each occasion, and so there 

may be essentially no overlap in the samples between time periods. Valid estimates of 

changes at the population level can be calculated from independent samples. Let 𝜃 be a 

parameter of interest. If 𝜃௧ is an estimator for 𝜃 at time t and 𝜃௧ି௦ and estimator for 𝜃 at 

time t − s, then the change or movement between the two time periods can be 

estimated using 𝜃௧ − 𝜃௧ି௦
[4]. Change over time is required to measure the effect of some 

forces known to have acted on the population. For example, estimating the effect of an 

HIV intervention program on the incidence rate of HIV in a population could be a 

measurement of interest. 

 

The main advantage of repeated cross-sectional surveys over longitudinal surveys is 

that they tend to give more precise estimates of prevalence. This is because they 

generally have larger sample sizes and are more likely to cover the whole population. 

Many major longitudinal studies follow only a particular group of people. Moreover, in 

longitudinal studies, sampling is usually only done at the beginning of the study making 

long term longitudinal studies less sensitive to changes in the constituents of the 

population, especially for minority groups[7,8]. The population may change due to people 

moving into the area or out of the area.[7] The advantage of using longitudinal studies is 

that they give better estimates of change. A longitudinal study of the same sample size 

will give better estimates of change compared to repeated cross-sectional surveys 
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because of the reduction in variance of the change estimator brought by using the same 

individuals.[9]  

 

When analysing survey data, be it cross-sectional or longitudinal, some adjustments 

have to be made to account for the way the data were collected. For example, when 

cluster sampling or stratified random sampling is used, the assumption of equal 

probability of inclusion and independence among observations in the sample do not 

hold. Sampling designs that involve stratification, clustering, unequal selection 

probabilities and, consequently, survey weighting, are usually called complex sampling 

designs. Statistical techniques developed for simple random sampling will not be 

appropriate under complex sampling. The use of weights in the analysis will also be 

required. Over the years, some statistical software with built-in packages for analysing 

surveys have been developed (e.g. STATA svy commands, SAS Survey Procedures, 

SUDAAN, R Survey Package, SPSS Complex samples module among others.). These 

software packages are generally equipped to analyse single and cross-sectional 

complex sampling surveys, but still have mostly not implemented tools for analysing 

longitudinal surveys fully allowing for the complex sampling design. 

 

In the following sections of this chapter, some health-related surveys, meta-analysis and 

the importance of combining surveys will be discussed. A distinction between classical 

meta-analysis and combining surveys is also given. Different scenarios where surveys 

may be combined are discussed together with the weighting implications of combining 

surveys. 

 

1.2 Sampling in health surveys 

 

To gain information about large populations, for example the health status of a 

population, a sample is usually collected and analysed. This saves on costs, time and 

human resources. For the sample to give accurate information, it should be selected 

using a probability sampling design. By using a probability sampling, a sample 

statistician avoids subjective judgements (bias) in sample selection. Probability 
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sampling and probability theory ensure proper statistical inference from the sample to 

the population and possibility to calculate quality indicators such as standard errors and 

other precision measures. Probability sample surveys may also suffer from coverage 

and response bias but there are widely accepted ways of dealing with the bias 

problem.[10] 

Survey research is important to health professionals and health policy makers. It 

provides information about the incidence rates and prevalence of diseases. Additionally, 

health surveys can be used to study the occurrence of healthy and unhealthy 

behaviours, exposures to potential risk factors, dietary intake, physiologic measures of 

the population, and costs and utilization of health services.[11,12] The Health and 

Retirement (HRS) study in the United States of America was designed to follow a 

probability sample of age-eligible individuals and their life partners as they transitioned 

from active working to retirement, measuring physical and mental health among other 

things. This study has been used to address important questions about the challenges 

and opportunities of aging.[13] The National Health and Nutrition Examination Survey 

(NHANES) studied the prevalence of major diseases in the United States of America. 

Change in prevalence over time and risk factors associated with the diseases were also 

studied.[13] 

 

The Demographic and Health Surveys (DHS) have been carried out in more than 90 

countries including South Africa. Data have been collected, analysed, and disseminated 

on population, health, HIV, and nutrition through more than 300 surveys. The aim of the 

DHS is to provide a better understanding of the health status of the population in the 

different countries. Key topics include child health, reproductive health, adult health and 

nutrition. The information collected assists the various departments of health to plan and 

prioritise health programmes and service delivery. They also provide an opportunity for 

household members to understand their individual health statuses. The DHS are also 

useful as they provide potential baseline measures against which the impact of an 

intervention may be measured, including the use of propensity scores to identify 

controls who might not have been exposed to the intervention. They are a valuable 
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resource for monitoring and evaluation in countries like Ghana where they are repeated 

every two years without fail.[14] 

 

Statistics South Africa conducts the Community Survey (CS) to provide data between 

censuses.  The Community Survey of 2016 aimed to provide indicators informing 

implementation, monitoring and evaluation of developmental programmes at local 

municipality levels. Demographic factors including fertility and mortality were measured. 

Access to services and facilities and the extent of poverty in households were also 

measured. We used this survey in the application of our proposed methods together 

with the South African General Household survey of 2016.  

 

The General Household Survey (GHS) is conducted annually by Statistics South Africa. 

The survey measures the progress of development in the country, the performance of 

government programmes together with the quality of service delivery in important 

service sectors. These important service delivery sectors include the health and 

education sectors. Surveys inform important decision making and policy formulation. It 

is important that proper sampling procedures are followed in conducting surveys. 

Probability sampling allows the sample survey to be representative of the population 

and ensures that all members of the population have a known non-zero probability of 

inclusion in the sample survey and, therefore, allows the estimation of precision 

measures.[4] Examples of probability sampling methods include simple random 

sampling, stratified random sampling, probability of selection proportional to size, cluster 

random sampling and multi-stage sampling. 

 

Simple random sampling is conceptually the simplest probability sampling technique. 

The procedure ensures that every sample of the same size has the same probability of 

being selected, and consequently each element in the population has an equal 

probability of being selected. Most statistical tests and statistical inference methods 

were developed for simple random sampling with replacement data, assuming that the 

observations are independent and identically distributed.[13,15,16]  
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However, it is usually more statistically efficient to perform stratified random sampling 

when the population has subgroups which may differ with regards to the measurements 

of interest, or perform systematic random sampling if a complete enumeration of the 

population is not known before the commencement of sample selection.[15] Furthermore, 

simple random sampling may be cumbersome for surveys covering large geographic 

areas. In such situations, cluster sampling may be more attractive in terms of costs and 

fieldwork logistics. In many large-scale surveys, a large number of variables is collected 

from a large number of individuals which allows for many hypotheses to be addressed. 

Some of these hypotheses are formulated long after the surveys have been collected.[12]  

The survey designs used are usually complex and multistage with differential sampling 

probabilities for the survey respondents. Clustering and stratification are frequently 

used. Clustering may be used when the available sampling frame is of clusters, and not 

individuals. For example the electoral register or census data may list households, as 

people are usually mobile.[17]  It may also be preferable to randomly select some 

clusters and then interview all the individuals or randomly selected individuals from 

those clusters to reduce the cost and time of travelling. Additionally, the population is 

concentrated in natural clusters, for example schools or hospitals, making it convenient 

to select these instead of using simple random sampling. [13] However, individuals in a 

cluster usually have some common features leading to intra-cluster correlation. 

 

In cluster sampling, the population is divided into clusters of a certain size, and the 

clusters may be selected by simple random sampling or other probability sampling 

methods. In practise, clusters may be of different sizes and in that situation if sample 

sizes within clusters are unequal, then individuals in larger clusters have a smaller 

probability of selection into the sample if one uses simple random sampling to select the 

clusters. In that case, sampling clusters with probability proportional to size may be 

adopted for adjusting the probability of selection such that the individuals have a similar 

probability of being selected into the sample.[18,19]  

 

When conducting a survey, there may be a rare sub-group that may play a big influence 

in the estimation of overall means or other parameters. The effects of the rare subgroup 
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may be easily missed, leading to a biased estimate for the overall mean (e.g. 

commercial sex workers or IV drug users). This is not very notable when one wants to 

estimate a median for an ordinal variable. There will usually be oversampling unless 

one uses a quota system with numbers in sample proportional to estimated numbers in 

the population. On the other hand, one may specifically wish to obtain a precise 

estimate of the sub-group parameter to make inference about the sub-group parameter.  

In this case one could only do this by stratification along with oversampling so that there 

are sufficient numbers in each sub-group (not just proportionally representative 

numbers). We may consider, for example, a desert district with a low population relative 

to other districts. The population is divided into strata and a relatively large number of 

survey sampling units are selected from each stratum.[17] Large scale health surveys 

often make use of both clustering and stratification. Furthermore, there might be special 

interest in some minority groups who might not be well represented in a simple random 

sample. To ensure inference can be done for these minority groups, they are usually 

oversampled in surveys. Weights will be required in these situations.[13][17] The HRS 

oversampled African Americans and Hispanic adults to increase their presence in the 

sample and hence allow inference on these particular racial groups. Weights were then 

used to correct for the influence of the disproportionate representation of the African 

Americans and Hispanic people when population estimates were calculated.[13]  

 

Weights are also used to mitigate the effects of differential non-response across the 

sample. In most surveys, some individuals selected into the sample do not consent to 

be interviewed and the non-response rate varies across the sample. In the case of 

some household surveys, only the people found at home when the interviewer arrives 

are interviewed. The elderly, people who do not work and children are more likely to be 

at home compared to the economically active age-group. This may cause bias in the 

estimation of population estimates. Weights have to be introduced to reduce bias in the 

estimates from the survey.[13] 

Other sampling techniques which are convenient under different scenarios are available 

but will not be discussed here. The use of other sampling methods other than simple 

random sampling can lead to either an increase or a decrease in the precision of 
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estimates. Stratification usually increases precision; while clustering generally 

decreases precision. Individuals in a cluster are generally more homogeneous than 

those in a simple random sample. This homogeneity is commonly known as intra-cluster 

or intra-class correlation. Homogeneity within a cluster may be caused by selective 

factors in the cluster, joint exposure to similar influences or effects of mutual interaction. 

It reduces the effective sample size and, hence, should increase the variance of the 

estimators. When estimating the variance of the estimators, disregarding intra-cluster 

correlation generally results in the underestimation of the variance and overestimation 

of the precision, unless the effective sample size is considered to perform the 

estimations.  

 

One measure of the efficiency of a sampling design is the design effect. The design 

effect denoted 𝑑𝑒𝑓𝑓 can be defined as the ratio of actual variance for a given sampling 

design to the variance of a simple random sample of the same size. That is, the ratio of 

the variance of an estimate obtained from a specific sampling design to the variance of 

the same estimate if a simple random sample had been selected. The term design 

effect was introduced by Kish in 1965.[18,20] He calculated design effect as 

 

𝑑𝑒𝑓𝑓௦൫𝜃൯ =
𝑉𝑎𝑟௧௨൫𝜃൯

𝑉𝑎𝑟௦௦൫𝜃൯
 

 

 where 𝑉𝑎𝑟௧௨൫𝜃൯ is the true variance of 𝜃 that considers the true sampling scheme 

used for the selection of the sample, and 𝑉𝑎𝑟௦௦൫𝜃൯ is the hypothetical variance of 

𝜃 when it is assumed that the sample was selected by simple random sampling with 

replacement.[20,21] It gives an idea of how much precision is gained or lost by the use of 

a particular complex sampling design[18,22].  

 

Under single stage cluster sampling and under simple random sampling of clusters, the 

design effect may be estimated using the following formula: 

 

 𝑑𝑒𝑓𝑓 = 1 + 𝜌(𝑐 − 1), (1.1) 
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where 𝜌 is the intra-cluster correlation and 𝑐 is the average cluster size of the clusters. If 

cluster sizes were equal, equation 1.1 would give the exact value of the design effect. 

As a result, for such designs the intra-cluster correlation, may be calculated as 

 

 
𝜌 =

𝑑𝑒𝑓𝑓 − 1

𝑐 − 1
 

(1.2) 

When the intra-cluster correlation is positive, the design effect is larger than one 

implying that the use of a cluster sample yields a larger variance compared to a simple 

random sample of the same size. When it is equal to zero, the design effect is equal to 

one and the variable is distributed completely at random among the clusters and the 

use of a cluster sample results in the same variance as would a simple random sample 

of the same size[18,22]. 

 

The original design effect measure presents some disadvantages for analysis purposes. 

It has its applicability related mainly to the evaluation of precision gains or losses, when 

comparing alternative sampling schemes before conducting the survey. The measure 

𝑑𝑒𝑓𝑓௦൫𝜃൯ would not be appropriate for analysis under one single design, according to 

Skinner, Holt and Smith.[20,23] 

 

Skinner proposed the misspecification effect (𝑚𝑒𝑓𝑓) which is more suitable for analytic 

inference than the original design effect. The 𝑚𝑒𝑓𝑓  is aimed at measuring the effects of 

incorrect specification of both the sampling scheme and the considered model.[20,24] The 

𝑚𝑒𝑓𝑓 is defined in a similar way as the 𝑑𝑒𝑓𝑓 with the same numerator, but with the 

denominator consisting of the expectation of a variance estimator which ignores the 

complex design. 

 

Let[20,24] 𝑣𝑎𝑟൫𝜃൯ = 𝑣𝑎𝑟ௗ൫𝜃൯ be a consistent estimator of the variance of 𝜃, when we 

assume that the observations are independent and identically distributed (iid). The 
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effect of the complex sampling scheme on 𝑣𝑎𝑟൫𝜃൯ can be evaluated if we examine its 

distribution. Skinner, Holt and Smith define the misspecification effect as 

𝑚𝑒𝑓𝑓൫𝜃, 𝑣𝑎𝑟൯ =
𝑉𝑎𝑟௧௨൫𝜃൯

𝐸௧௨ൣ𝑣𝑎𝑟൫𝜃൯൧
 

 

which gives a measure of how much 𝑣𝑎𝑟൫𝜃൯ over- or underestimates 𝑉𝑎𝑟௧௨൫𝜃൯, 

and may be estimated, for example by 

 

𝑚𝑒𝑓𝑓 ൫𝜃, 𝑣𝑎𝑟൯ =
𝑣𝑎𝑟௧௨൫𝜃൯

𝑣𝑎𝑟൫𝜃൯
 

 

 

The 𝑚𝑒𝑓𝑓 defined above is thus a measure of relative bias of the variance estimator. 

The misspecification effect is interpreted as follows: 
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𝑚𝑒𝑓𝑓൫𝜃, 𝑣𝑎𝑟൯ 𝐵𝑖𝑎𝑠ൣ𝑣𝑎𝑟൫𝜃൯൧ Interpretation 

<  1 >  0 Overestimation of 𝑉𝑎𝑟௧௨൫𝜃

 

=  1 =  0 Correct estimation of 𝑉𝑎𝑟௧௨

 

>  1 <  0 Underestimation of 𝑉𝑎𝑟௧௨൫

 

The 𝑚𝑒𝑓𝑓൫𝜃, 𝑣𝑎𝑟൯ is theoretically different from 𝑑𝑒𝑓𝑓௦൫𝜃൯ because it depends on the 

arguments 𝜃 and 𝑣𝑎𝑟 whereas 𝑑𝑒𝑓𝑓௦൫𝜃൯ only depends on 𝜃 . However, their 

respective estimators, calculated from a unique sample may coincide in practice.[20,23] 

 

 

Section 1.3 below discusses meta-analysis and the need for combining surveys. 
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1.3 Meta-analysis and combining of surveys 

 

It is sometimes necessary to combine and analyse two or more cross-sectional surveys 

to increase the sample size of sub-populations of interest, or to improve coverage given 

by individual surveys. Large surveys may not have enough sample size for some 

subgroups of interest to make any meaningful inference. For example, if one were 

interested in the prevalence of HIV among people living with albinism in South Africa, the 

prevalence of albinism in South Africa is very low. Hence several surveys would need to 

be combined before enough sample size to make meaningful estimation is attained. 

Combining surveys may increase the available sample size and allow inference to be 

done. Merkouris investigated combining regression estimators from multiple surveys for 

this purpose.[25]  

 

Combining surveys can provide an opportunity to investigate a broader range of 

research questions than the original individual surveys. It is important to make sure that 

similar variables in the surveys to be combined actually measure the same 

characteristic, considering the item wording in questionnaires and collection method on 

which the surveys were based.[26,27] Telephone interviews, self-administered 

questionnaires and face to face interviews have different non-sampling errors that can 

be introduced in a survey. Language and privacy issues also need to be considered. 

The same item wording may have different interpretations across time periods and 

cultures.[28] Kish emphasized that the definition of concepts, variables and populations; 

methods of measurement and the substantive analysis should be similar for 

comparisons or combining of estimates to be carried out. He defines substantive 

analysis as the part of the analysis that is informed by a specific field or science to 

differentiate it from statistical analysis.[28] A key assumption in combining of surveys is 

that the target populations of the surveys are equivalent.[29] Tests of homogeneity 

should be used where possible. Sample designs and sample sizes do not need to be 
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similar. In the case of multi-national surveys, different countries will have different 

resources at their disposal.[28] 

 

Combining surveys that have been designed separately has been likened to meta-

analysis.[27] In this situation, meta-analysis is defined as the statistical analysis of results 

from two or more independent studies for the purpose of integrating findings.[27,29,30] 

Alternatively, meta-analysis can be defined as the analysis of results from a series of 

studies.[31] It aims to improve the estimate of an effect size through pooling information 

across studies. 

 

In this section, a distinction between combining surveys and classical meta-analysis is 

made. Rao et al. define meta-analysis as a method of analysing individual data 

combined from two or more studies or analysis of summary measures obtained from 

two or more reports.[32] Kish points out a few dissimilarities between meta-analysis and 

combining surveys. These dissimilarities are linked to the differences in the way 

experimental studies and surveys are conducted. Combining experimental studies 

emphasizes experimental control through randomization of variables over subjects. On 

the other hand, combining surveys is based on probability sampling with randomized 

selection of subjects, not variables. In experimental studies, unexplained heterogeneity 

is mainly due to the underlying model whereas in surveys, additional heterogeneity is 

introduced by sampling, especially in the presence of clustering. Additionally, the 

population base for combining surveys is specified whereas the population base for 

combining experiments is usually not specified and cannot be specified.[33] Fox refers to 

the meta-analysis of survey data and emphasizes that even though combining surveys 

appears to be a straightforward extension of meta-analysis, comprehensible 

methodology that has clearly defined limitations is required to avoid erroneously 

combining survey data.[29] For example, some methodology could work well in the 
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presence of stratification but not work well in the presence of clustering. The schematic 

diagram in Figure 1 illustrates how a meta-analysis is performed. 

 

 
Figure 1: Schematic Diagram of a Meta-analysis 

In this illustration, a special case with three Randomized Control Trials has been 

considered. More studies could be used, including some with different study designs. 

A simple random sample is taken from population 𝜐(1) with parameter 𝜃ଵ. The 

sample is selected and observed to calculate an estimate 𝜃ଵ, of 𝜃ଵ. The same 

procedure is used to obtain the estimates 𝜃ଶ and 𝜃ଷ of 𝜃ଶ and 𝜃ଷ, for populations 𝜐(2) 

and 𝜐(3). The three estimates are then combined to obtain 𝜃 which is then used to 

estimate 𝜃 which is a parameter of some undefined population 𝜐(? ) that includes all 

three populations studied. 

 

In combining surveys, we consider three alternative scenarios. The first scenario discussed 

here considers the case when different survey samples are selected independently from 

the same population as illustrated in schematic Figure 2. The surveys are sampled through 

a sampling design 𝑃(𝑆ௗ), 𝑑 = 1,2, … , 𝐷, where 𝐷 is the number of selected samples. Under 

this setup, the sampling design is the same for all samples, for simplicity 
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Figure 2: Combining surveys: Scenario 1 

The sample surveys are used to calculate the estimates 𝜃ଵ, 𝜃ଶ, … ,  𝜃   which are then 

combined to get 𝜃. Note that  𝜃 , is an estimator for 𝜃, the population parameter for the 

population 𝜐(1). The main purpose of combining the surveys is to get a more precise 

estimate 𝜃 for the population parameter 𝜃 compared to each of the  𝜃ௗ, with d = 1, …, D. 

We assume that the surveys do not overlap in our discussions, which is realistic in most 

applications. This thesis focuses mainly on combining surveys sampled under this 

scenario.  

 

The second scenario involves survey samples taken from complementary populations, 

through a sampling design 𝑃(𝑆ௗ), 𝑑 = 1,2 as presented in Figure 3. 
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Figure 3: Combining Surveys: Scenario 2 

Scenario 2 considers A and B to be complimentary parts of a population 𝜐(1). Survey 

samples are taken from each of A and B and used to calculate parameter estimates 𝜃ଵ and 

𝜃ଶ which are then combined to get 𝜃, an estimate of 𝜃 the combined population parameter. 

Schenker et al., point out that, when complementary surveys are combined, it is important 

to know to what extent the target populations of the complementary surveys are mutually 

exclusive and exhaustive components of the overall domain of interest[34]. In that paper, the 

authors  combined the National Health Interview Survey (NHIS)[35] and the National Nursing 

Home Survey (NNHS)[36] to obtain estimates of the prevalence of chronic conditions in the 

United States of America. The two surveys are complementary because the NHIS looked at 

the health of the non-institutionalized population of the USA, thus excluding people from the 

nursing homes who were then included in the NNHS. Considering the NNHS only would 

have overestimated the prevalence because more sickly people tend to reside in nursing 

homes compared to ordinary households.[34] When combining mutually exclusive and 

exhaustive complimentary surveys, the target populations can be treated as strata in an 

overall target population encompassing the relevant target populations.[34] 

 

 

The third scenario is described by Kish as an accumulation of surveys over time.[33][37] This 

is illustrated in Figure 4. 
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Figure 4: Combining Surveys: Scenario 3 

This accumulation is particularly useful when research is focused on rare populations or 

when the analysis of a time series is required. Samples 𝑆௧ೖ
are selected from population 

𝜐(1) at different time points 𝑡ଵ, 𝑡ଶ, … , 𝑡. The population parameter at time 𝑡, 𝜃௧ೖ
is then 

estimated by 𝜃௧ from an accumulation of all the samples. Knowledge about sampling 

errors is also accumulated together with knowledge about cost factors and components of 

the total variance. Precision of variance estimates can also be improved by averaging over 

similar surveys. Information on response and coverage rates is also cumulated allowing for 

better control of the sample size. Reasons for non-response can be revealed and 

addressed in successive surveys.  

 

When conducting an analysis where data have been cumulated, consideration should be 

given to any possible temporal changes, for example, the emergence of new techniques for 

diagnosing or treating a condition[18,33].  

 

The combined estimate can be calculated by either using the pooled or separate approach 

where data can be combined to get estimates or individual estimates are calculated and 

combined respectively. A more comprehensive discussion of the pooled and separate 

approaches is given in chapter 2. 
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1.4 Weighting implications in combining surveys and meta-analysis 

 

When analysing data from multiple surveys, each with its own set of sampling weights and 

its own sampling design, the question arises over which set of weights to use for calculating 

point estimates and how to measure the precision of the estimates, addressing the design 

complexities of all the surveys adequately. This is especially important when data are 

pooled together to calculate an estimate from the larger combined data set. The weighting 

strategy has an important impact on the estimation of population parameters regardless of 

the circumstances under which the combination of surveys is occurring.  

 

Instead of pooling the data, one could calculate estimates from individual surveys and then 

combine them to get a combined estimate. In this case, the simplest way to get a combined 

estimate from the multiple surveys would be to take an arithmetic mean of the individual 

survey estimates. This gives equal importance to all surveys, regardless of size or precision 

of estimates. All the three scenarios discussed in section 1.3 require careful consideration 

on how to calculate weights for each survey in the calculation of the combined estimates. 

That is, when combining surveys selected from the same population as in scenario 1, or 

combining surveys selected from complimentary parts of the same population as in 

scenario 2 or analysing an accumulation of surveys over time as in scenario 3.  

 

In the analysis of individual surveys, the use of weights may cause an increase in the 

standard errors of the estimates.[13] In an individual survey where data have been collected 

under simple random sampling, theoretically the probability of selection is equal for each 

element of the population, resulting in a self-weighting survey. However, with decreasing 

response rates, probability samples may become more like self-selected samples, that is 

samples where it is completely left to the participants to decide whether to take part in a 

survey or not[38]. Hence, in practice, the need for sampling weights may arise due to 

nonresponse and missing values. The ideal solution would be to eliminate nonresponse, 

but this is often very costly and may even be impossible. Weights may be used to adjust for 

nonresponse. Additionally, population weights may be used to enable the production of 
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population figures. For example, under simple random sampling, the mean of a variable Y 

may be estimated as 

𝑦ത =
1

𝑛
 𝑦,



ୀଵ

 

where 𝑦 is the observed value of variable Y on individual 𝑖 in a sample of size 𝑛. The 

variance, assuming simple random sampling without replacement is estimated as 

𝑣𝑎𝑟(𝑦ത) = ቀ1 −
𝑛

𝑁
ቁ

𝑠ଶ

𝑛
, 

where 𝑠ଶ =
ଵ

ିଵ
∑ (𝑦 − 𝑦ത)ଶ

ୀଵ  and 𝑁 is the population size[18,22].  

 

Under unequal probability sampling,  weights are introduced into the survey and the Hàjek 

estimator for the mean  is expressed as[18,22] 

𝑦ത௪ =
∑ 𝑤𝑦


ୀଵ

∑ 𝑤

ୀଵ

, 

 

where 𝑤 is the sampling weight allocated to the 𝑖th individual. For the expression of 

variance of the Hàjek estimator, see Sarndal et al (1992).[39]  

 

When the variable of interest takes different mean values in different subgroups, the 

population estimate precision may be improved by collecting the data through stratified 

sampling. That is, if the population can be divided into homogeneous, mutually exclusive 

groups, (or strata), independent samples can be selected from each stratum. This is 

referred to as stratified random sampling. This sampling procedure ensures representation 

of each stratum in the sample. The mean is then estimated by[22][40] 

𝑦ത =
∑ 𝑊𝑦ത

ு
ୀଵ

∑ 𝑊
ு
ୀଵ

, 

with 𝑦ത =
ଵ


∑ 𝑦 


ୀଵ  (when simple random sampling is considered within each strata), 

𝑊 the weight allocated to stratum ℎ, 𝑦 the observed value of 𝑌 on individual 𝑖  in stratum 

ℎ  and  𝑛  the sample size, sampled from stratum ℎ. The stratum weights 𝑊 =
ே

ே
  adjust 

for the size of each stratum. The allocation of sample size to the strata may be proportional 

to the size of the strata in the population, or equal sample sizes may be allocated to all 
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strata. A decision may be made to oversample a specific subgroup where information is 

required in order to improve the precision of the estimates. Alternatively, an optimal 

allocation where stratum variability is used to allocate sample size may also be used, that 

is, the Neyman optimal allocation.[22] The stratum with the greatest variability is allocated a 

larger sample size.  

 

The variance of the estimate depends on the variability within the strata. It may be 

estimated using the following formula, when simple random sampling is considered within 

each strata[22], 

𝑣𝑎𝑟(𝑦ത) =  ൬1 −
𝑛

𝑁
൰

ு

ୀଵ

𝑁
ଶ

𝑁ଶ

𝑠
ଶ

𝑛
, 

with 𝑠
ଶ =

ଵ

ିଵ
∑ (𝑦 − 𝑦ത)ଶ

ୀଵ  

However, if there is need for weighting within the strata, for various reasons, the estimation 

for the mean becomes[16]  

𝑦ത௪ =
∑ ∑ 𝑤𝑦


ୀଵ

ு
ୀଵ

∑ ∑ 𝑤


ୀଵ
ு
ୀଵ

, 

 

where 𝑤, is a composite weight incorporating the design weight and nonresponse 

adjustments. The variance may be estimated similarly to the estimation for stratification 

without weights, that is 

𝑣𝑎𝑟(𝑦ത௪) =  ൬1 −
𝑛

𝑁
൰

ு

ୀଵ

𝑁
ଶ

𝑁ଶ

𝑠
ଶ

𝑛
, 

with 𝑠
ଶ =

ଵ

ିଵ

∑ ௪(௬ି௬ത)మ
సభ

∑ ௪

సభ 

.  

 

When units are aggregated into mutually exclusive larger units (clusters), which are easily 

defined, these clusters may be used as a basis for sampling. That is, the cluster is used as 

the sampling unit. Cluster sampling may be done to reduce cost, especially where the 

population is widely distributed geographically or when a list of individuals is not available; 

but one is available for the clusters. This may be done in one stage, where everyone in the 

cluster becomes a part of the sample survey. Alternatively, the sampling may be done in 
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two stages where a sample of individuals is selected from the sampled clusters.[40][22] Many 

surveys use a simple two stage cluster sampling approach. That is; 

1. Select an SRS 𝑆 of 𝑎 primary sampling units (clusters or psus) from the population 

of 𝐴 psus. 

2. Select an SRS of secondary sampling units (ssus) from each selected psu. The 

SRS of 𝑚 elements from the 𝑎th psu is denoted by 𝑆.  

 

Assuming equal cluster sizes, the mean may then be estimated as[18] 

𝑦ത =
∑ 𝑦ത


ୀଵ

𝑎
 

 

Where 𝑦ത =
ଵ

ೖ
∑ 𝑦 

ೖ
ୀଵ  is the estimated mean for cluster 𝑘. The variance of the mean 

comprises of two components, that is, variance within clusters and variance between 

clusters. This may be estimated as[18,29] 

 

𝑣𝑎𝑟(𝑦ത) = ቀ1 −
𝑎

𝐴
ቁ

1

𝑎
𝑠ଵ

ଶ +
1

𝑎𝑚
𝑠ଶ

ଶ 

Where 𝑚 is the cluster sample size (assumed to be equal in this case), 𝑠ଵ
ଶ =

ଵ

ିଵ
∑ (𝑦ത − 𝑦ത)ଶ

ୀଵ  and 𝑠ଶ
ଶ =

ଵ

(ିଵ)
∑ ∑ ൫𝑦 − 𝑦ത൯

ଶ
ୀଵ


ୀଵ . 

 

 

When combining surveys, weighting strategies which lead to smaller mean square errors 

are preferable in the analysis of both individual and combined surveys.[27] It is desirable to 

give the greatest weight to the survey with the most precise estimates to optimise precision 

in the combined estimate. In meta-analysis, a weight of one, sample size and inverse 

variance weighting have been compared and results showed that the optimal choice of 

weighting procedure depended on the statistic of interest.[41] 

 

When combining surveys, following the fixed effects model of meta-analysis, regardless of 

the sampling methods employed, the point estimate 𝜃, which may be the mean, may be 

estimated as[29] 
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𝜃 =
1

∑ 𝑤ௗ

ௗୀଵ

 𝑤ௗ𝜃ௗ



ௗୀଵ

 

 

where 𝑤ௗ is the weight allocated to survey 𝑑, and is the inverse of the variance of the 

variable of interest in survey 𝑑. 𝜃ௗ is the estimate of the population parameter 𝜃 from survey 

𝑑. The variance of the combined estimate may be estimated by 

𝑣𝑎𝑟൫𝜃൯ =
1

∑ 𝑤ௗ

ௗୀଵ

 

 

We consider this together with other variance estimation techniques in the context of 

combining surveys in chapter 5. 
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1.5 Motivation and aims of the thesis 

 

Combining survey samples is expected to improve estimates for a parameter of 

interest because more information is used for estimation. It is expected that the 

overall increase in sample size would lead to a reduction in sampling errors. Periodic 

surveys may also be combined to allow for the estimation of change. In the case of 

multiple frame methods, combining surveys may be used to improve the coverage of 

individual surveys. Furthermore, many surveys are conducted by individual countries 

but estimates for the continent may be of interest to the researcher. Some problems 

may be global such as air pollution or some disease epidemics requiring estimates 

over different countries.[28] In order to achieve all these aims, appropriate methods 

should be used to combine the surveys and produce the improved estimate. 

However, it is not always clear what the appropriate approach should be for 

combining multiple surveys. 

The aim of this thesis is to evaluate, and possibly improve on, the methods currently 

available for combining multiple surveys and produce improved estimates. This was 

achieved through the following objectives:  

 
Study objectives 

 

1. Literature review of analysis of multiple and complex surveys. 

2. To compare the weighting strategies available for combining multiple surveys. 

3. To propose an alternative weighting strategy for combining multiple cross-sectional 

surveys. 

4. To propose variance estimation methods for the proposed estimators. 

5. Compare methods suggested in literature with the one proposed here using 

simulated data. 

6. Use data to test recommended methods in a realistic public health application. 
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1.6 Outline of the thesis 

 

In this Chapter, the different types of surveys usually used for collecting health 

related data have been discussed. The advantages and disadvantages of repeated 

cross-sectional and longitudinal surveys are also given together with some well-

known examples of these. The importance of sample surveys to health professionals 

and policy makers is also discussed. Sampling techniques, oversampling and the 

need for weighting in complex survey data analysis are also considered. The 

concepts of the design effect and misspecification effect are introduced. In this 

chapter, consideration was also given to meta-analysis, contrasting it with combining 

surveys and discussing the different scenarios where surveys may be combined. 

The implications of weighting on meta-analysis and combining surveys are also 

discussed together with the motivation for this study. 

Chapter 2 gives a comprehensive review of the different approaches to combining 

surveys, that is the separate approach and the pooled approach. Regression 

analysis of survey data is discussed, leading to regression analysis in the context of 

combined surveys. Some applications in health and social surveys are also 

examined. 

Chapter 3 discusses methods of combining surveys under the separate approach, 

giving a review of the methods that have been used to date. The study’s 

contributions to these methods under simple random sampling and complex survey 

sampling are given followed by a table summary of literature where surveys were 

combined. 

Chapter 4 provides simulation studies that were carried out, where different 

weighting strategies have been used for combining surveys. This thesis investigates 

different weighting strategies for combining surveys. Previously the sample size, 

population size and the inverse of variance among many others have been used. In 

this thesis, the coefficient of variation, skewness, kurtosis and a measure combining 

skewness and kurtosis are considered. Only mutually exclusive and exhaustive 

samples are considered in this thesis. We do not consider the case where 

overlapping samples are combined. The performances of the weighting strategies 
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were compared through relative bias, mean square error (MSE), coefficient of 

variation (CV) and confidence intervals. Comparisons were done under the simple 

random sampling, stratified sampling and cluster sampling settings.  

Chapter 5 provides a discussion of variance estimators considered under the 

separate approach. Traditional methods and replication methods were investigated. 

The variance estimator used in meta-analysis was investigated for use with the 

different weighting strategies discussed in chapter 4. 

Chapter 6 discusses the simulation studies carried out to compare variance 

estimators under simple random sampling, stratified sampling and cluster sampling. 

Chapter 7 illustrates the performance of the weighting strategies and variance 

estimators with real survey data sets. 

Chapter 8 outlines the conclusions from this thesis. 

Details of the various simulation results, by distribution, are presented in the 

appendix. Appendices A to D present results of simulations under simple random 

sampling, stratified and cluster sampling. R code used in the simulations is given in 

appendices E and H. 
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Chapter 2 

Methods for combining surveys and applications – A review 

 

Methods used to calculate combined estimates, from multiple surveys, can generally 

be divided into methods that use separate analyses for the surveys and methods 

that combine the data and perform a pooled analysis. That is, methods which 

calculate estimates for each survey and then combine them; and methods which 

combine data from all the surveys to form one big survey data set before calculating 

a combined estimate. This chapter presents an introduction to both approaches, 

although the thesis focuses on the separate approach. We have chosen to focus on 

the separate approach because micro data are not always available.  

2.1 Separate and pooled approaches 

 

In the separate approach, estimates are obtained from each of the surveys 

separately.[42,43] A combined estimate is then calculated as a function of the separate 

estimates, commonly based on a linear combination of the separate estimates. For 

example, in the case of two surveys, the combined estimate is given by 

 

 𝜃 = 𝛼𝜃ଵ + (1 − 𝛼)𝜃ଶ , (2.1) 

where 𝜃ௗ , is the parameter estimator which considers data from survey 𝑑, with 

𝑑=1,2 in expression (2.1), and 𝛼 is a weight allocated to survey one. There are 

many different choices of 𝛼 which can be used. These will be discussed in 

chapter 3. The separate approach estimator is unbiased for 𝜃, regardless of the 

weight 𝛼, provided that both 𝜃ଵand 𝜃ଶ are unbiased estimates for  𝜃.[43] Latouche 

et al, for example, used the separate approach to produce cross-sectional 

estimates based on combining two longitudinal panels of the Survey of Labour 

and Income Dynamics (SLID).[44] The survey consisted of two overlapping panels 

with duration of six years each. For a description of the SLID see Lavigne and 

Michaud.[45]  
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In the pooled approach, individual records from the surveys are combined. Original 

survey weights may be modified, and estimates are calculated based on the new 

weights and the pooled sample. Different weight rescaling strategies can be used in 

either the separate or the pooled approaches. Schenker and Raghunathan combined 

the National Health Interview Survey (NHIS) and the National Nursing Home Survey 

(NNHS) to estimate the prevalence of chronic conditions among the elderly people of 

the United States of America.[46] In their illustration of how surveys can be combined 

to extend coverage, they combined the data and treated the two surveys as strata for 

the combined population. The surveys were considered to be complementary as one 

targeted the non-institutionalised elderly people and the other referred to the elderly 

people living in nursing homes.                                                                                                                              

 

Roberts and Binder used the following diagrams adapted and presented in figures 5 

and 6 to illustrate the difference between the pooled and separated approaches.[43]  

 

 
Figure 5: Separate Approach: Adapted from G. Roberts and D. Binder 2009 
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Figure 6: Pooled Analysis: Adapted from G. Roberts and D. Binder 2009. 
 

Because in the separate approach the combined estimate is calculated from the 

individual survey estimates, it is not essential to have individual micro-data to 

calculate the combined estimate. In contrast, one can only perform a pooled analysis 

when micro-data from the individual surveys are available. Wu suggested using an 

empirical likelihood method to combine information from multiple surveys using the 

pooled approach.[47] Suppose in a population of size 𝑁, there are two study variables 

𝑦ଵ and 𝑦ଶ and vectors of auxiliary variables 𝑥ଵ, 𝑥ଶ and  𝒛. Two surveys are sampled 

independently such that  (𝑦ଵ, 𝒙𝟏𝒊, 𝒛𝒊)  are collected in survey 1 and (𝑦ଶ, 𝒙𝟐𝒊, 𝒛𝒊)  are 

collected in survey 2, 𝑖 = 1,2, … , 𝑛ௗ and 𝑑 = 1,2. That is, data on the common 

auxiliary variables 𝒛 are collected in both surveys. Suppose the population means 

𝑿ഥௗ =
ଵ

ே
∑ 𝒙ௗ

ே
ୀଵ  , 𝑑 = 1,2 are known but 𝒁ഥ =

ଵ

ே
∑ 𝒛

ே
ୀଵ  is unknown. In the pooled 

approach, 𝒁ഥ is then  estimated from the pooled sample by maximum pseudo 

empirical likelihood. Wu suggested using the separate approach to avoid 

computational complications that could arise from trying to estimate the unknown 

population mean vector 𝒁ഥ from the pooled sample.[47]  
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Thomas and Wannell discussed both the separate and pooled approaches to 

combining surveys and suggested that the pooled approach is more attractive 

because of the power of the increased sample size, even though both have their 

advantages and disadvantages.[42] The advantages of the separate approach 

according to these authors are that the combined estimator is easier to interpret and 

the combined estimate can be calculated even when micro-data are not available. 

The authors caution that the separate approach can be cumbersome if the required 

estimates are not published or have been published without their variance estimates. 

One would have to calculate them separately for each survey. This can be time-

consuming especially when many estimates are required. The pooled approach has 

an advantage in the power of the larger sample size. Moreover, once a combined 

estimate has been calculated, there will be no need to go back to the individual 

survey data sets. However, the pooled approach requires more technical expertise in 

manipulating data files.[42] 

O’Muircheartaigh and Pedlow compared estimating the combined parameter by 

creating sampling weights based on cumulating cases and deriving appropriate 

sampling weights (pooled approach) to using weights adjusted as a linear 

combination of the two individual survey weights (separate approach). They 

concluded that cumulating cases was better for the US National Longitudinal Survey 

of Youth 97.[48] 

Merkouris proposed a composite regression estimator for producing a combined 

estimate where there is a single common variable in two independent surveys, using 

the separate approach.[25,49] The basic principles are similar to the composite 

estimation which will be further discussed in section 3.1 in a non-regression context.  

Merkouris advocated the use of the pooled approach for the general setting where 

there are q common variables and different auxiliary variables for the two survey 

samples. He suggested that the pooled approach might yield more efficient 

estimators for the non-common variables depending on their correlation with the 

common ones. The generalized regression procedures yield sampling weights that 
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incorporate auxiliary information from all the surveys, resulting in more efficient 

estimators. Information is therefore shared between the surveys. 

Dong et al. used multiple imputation to combine information from multiple surveys 

sampled from the same finite population. They generated synthetic populations using 

a finite population Bayesian bootstrap which accounts for complex sample designs. 

Each synthetic population was analysed as if data were collected through simple 

random sampling. The point and variance estimates were combined using 

extensions of the combining rules for synthetic data. Data from the 2006 National 

Health Interview Survey (NHIS) and the 2006 Medical Expenditure Panel  Survey 

(MEPS) were combined to illustrate the method and obtained more precise 

estimates than those obtained from the individual surveys[50]. 

A measurement error model approach for combining information from two surveys 

was proposed by Park et al. One survey, considered to be without measurement 

error (gold standard), is used to estimate values for the other survey through 

parametric fractional imputation. Parameter estimates are calculated from the 

imputed survey and the gold standard. A composite estimator combining the two 

values is then used to estimate the overall parameter. They applied the method by 

combining The Food and Nutrition Technical Assistance III Project (Guatemala) 

baseline and interim surveys to obtain zone of influence estimates. The geography of 

the two surveys did not exactly coincide. However, there was substantial geographic 

overlap. The union of the geography covered by the two surveys represents the 

Feed The Future Zone of Influence.[51]  
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2.2 Analysis of survey data in the context of combining surveys 

 

Traditionally, analysis of survey data used to involve mainly producing estimates of 

population via descriptive statistics. However, regression on survey data has 

gradually become more prevalent. The main objective of regression is to establish 

the relationship between a response variable and one or more explanatory variables. 

That is, to find a scientifically interesting and parsimonious explanation of the 

systematic variation in the response variable. For example, socio-economic, 

demographic and behavioural characteristics may be used in a model studying the 

variation in health status and use of health services.[52]  

There are differences between estimation methods for classic linear regression and 

regression on complex survey data. Data from complex surveys are usually not 

independent and identically distributed (iid). Usually there are varying inclusion 

probabilities in the survey sample. An analysis which does not adjust for these 

varying inclusion probabilities may result in biased estimates for the regression 

parameters.[22][52] Stratification should be considered when analysing complex 

surveys which use stratified random sampling. Stratified samples usually result in 

smaller variance estimates compared to a simple random sample of the same size. 

Therefore, variances are overestimated when stratification is not accounted for in the 

analysis. Additionally, if the survey uses cluster sampling, then intra-cluster 

correlation should be accounted for in the regression model. This may be done 

through multi-level hierarchical modelling or the use of weighted least squares or 

pseudo maximum likelihood estimation, for example.[52][13] 

 

The classic simple linear regression model is expressed as 

 𝑦 = 𝛽 + 𝛽ଵ𝑥ଵ + 𝜀, 

where 𝑦 is the dependent variable, 𝑥ଵ is the explanatory variable, 𝛽 and  𝛽ଵ are the 

model parameters and 𝜀 is the random error term which reflects the difference 

between the observed 𝑦 and its conditional expectation under the model. In the case 

of multiple linear regression, there may be more than one explanatory variable, 1…, 

p, in the model. The regression model would be represented as  
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𝑦 = 𝛽 + 𝛽ଵ𝑥ଵ + ⋯ + 𝛽𝑥 + 𝜀. 

The finite population parameter values of 𝛽 minimize the residual sum of squares 

(RSS) 

𝑅𝑆𝑆 = (𝑦 − 𝒙′𝜷)ଶ.

ே

ୀଵ

 

Where 𝒙 is the vector of explanatory variables and 𝜷 is the model parameter vector. 

In the case of regression of complex survey data, a choice is made on whether to 

estimate the finite population parameters or parameters of the more universal 

superpopulation. The superpopulation is defined as the infinite population which is 

assumed to have generated the finite population. Weighted estimation of the 

regression parameters results in unbiased estimates for the finite population 

regression parameters B. These parameters are expected to vary about the true 

superpopulation model parameters 𝜷. When the finite population is large, unbiased 

estimates for B can be used as unbiased estimates for 𝜷. This may be estimated 

from a sample, incorporating survey weights as 

𝑅𝑆𝑆 =  𝑤൫𝑦 − 𝒙′𝜷൯
ଶ



ୀଵ

 

Where 𝑤 is the survey sampling weight associated with individual 𝑖.[13] When 

clustering and stratification are used, 

𝑅𝑆𝑆 =    𝑤൫𝑦 − 𝒙′𝜷 ൯
ଶ

ೖ

ୀଵ



ୀଵ

ு

ୀଵ

, 

where ℎ and 𝑘 are indexing strata and clusters respectively. 

In the context of combined surveys, Rao and Kim discussed two scenarios in which 

regression parameters could be estimated by combining data from two independent 

surveys.[53] In the first scenario, a large survey A only has observations of the 

explanatory variables, 𝑥 and a smaller survey B has observations of both the 

dependent 𝑦 and explanatory variables. The authors proposed to fit a regression 

model using survey B and use it to predict the 𝑦 values for survey A. The predicted 

values in survey A are then used together with the explanatory variables for 

inference.  
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In the second scenario, the dependent and explanatory variables are observed in 

both survey A and survey B. The data set (𝑦ଵ, 𝑥ଵ) is observed from survey A and 

(𝑦ଶ, 𝑥ଶ) from survey B. Statistical matching is used to estimate 𝑦ଵ values for survey B 

based on common explanatory variables. A regression of 𝑦ଶ on 𝑦ଵ and other 

explanatory variables of interest is then fitted on survey B.[53] For statistical matching, 

they considered multiple imputation, and a method based on an instrumental 

variable,  to generate 𝑦ଵ values for survey B. 

In the closely related field of dual frame surveys, Lu discussed a weighted average 

of independent regression coefficient estimates from two surveys.[54]Regression 

methods will not be used in this thesis, as they will be considered in planned future 

work. Elkasabi discussed weighting procedures for dual frame telephone surveys 

using a case study in Egypt.[10] He acknowledged that different weights may apply to 

different frames and this needed to be addressed in estimation procedures. 

We present in the following section examples of how surveys have been combined 

for health and social surveys research. 
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2.3 Application in health and social surveys 

 

Combining surveys can be very beneficial in the production of health and social 

statistics. Surveys have been combined to serve various purposes in health and 

social surveys research. When there is no single survey that has been designed to 

cover a population of interest, but there are two or more surveys covering subsets of 

the population of interest, these may be combined to extend coverage and get 

improved estimates for the population of interest. The 1985, 1995 and 1997 National 

Health Interview Survey (NHIS) and the National Nursing Home Survey (NNHS) 

were combined to estimate prevalence rates of chronic diseases among the elderly 

people of the United States of America (USA).[34,46]  

When there is more than one source of information, for example self-reporting of 

certain conditions and doctors’ examination reports, integrating the information from 

the two sources may result in improved estimates. Schenker and Raghunathan 

combined two surveys conducted by the National Centre for Health Statistics to 

improve on analyses of self-reported data on health conditions in the USA. One of 

the surveys, the National Health and Nutrition Examination Survey, asked self-report 

questions on health conditions during face-to-face interviews, but it also obtained 

clinical measures based on physical examinations. The other survey, the NHIS relied 

on self-report questions on health conditions.[46] Integrating the self-reported data 

with physical examinations enhanced the accuracy of the estimates. 

The Behavioural Risk Factor Surveillance System and the NHIS have been 

combined to estimate prevalence of cancer risk factors and cancer screening in the 

United States of America at the county level[46]. The United States of America 

revised their standards for classifying race and ethnicity in 1997 to allow individuals 

to classify themselves as more than one race group. The previous standards 

established in 1977 allowed for only one race group. The NHIS allows respondents 

to classify themselves as more than one race group but asks a follow up question 

where the respondent has to choose one race group that best describes them. In 

order to compare vital statistics from censuses pre and post 1997, the NHIS was 
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used to build bridging models which can be used to predict the single race groups 

respondents would have chosen had the 1977 standards been still in place.[46]   

Rao et al. used meta-analysis principles in health services research to combine 

surveys to obtain an estimate for the use of electronic health records.[32] Kish also 

suggests that the problem of combining surveys has some fundamental features in 

common with the problem of combining information obtained from different 

experiments.[37][28] 

Roberts and Binder studied whether gay and bisexual men differ in their use of 

health care. They combined data from the Canadian Community Health Surveys of 

2003 and 2005. The sample sizes of gay and bisexual men were small in both 

surveys hence the surveys were combined to increase sample size and improve 

accuracy of estimates.[43] 

Two panels of the Survey of Labour and Income Dynamics (SLID) were combined to 

obtain improved estimates on the labour activities of individuals in Canada.[44] 

Although one panel could have been used to obtain these estimates, better accuracy 

might have been attained by combining the two panels. 

Three studies investigating compulsive internet use, one involving private schools, 

one involving the same private schools at a later time point, and one involving public 

schools, were combined to build a model predicting compulsive internet use among 

adolescents in India.[3] 

The National Longitudinal Survey of Youth (NLSY97) in the United States of America 

examines the issues surrounding youth entry into the work force and the subsequent 

movements in and out of the workforce. It consists of two samples, the cross-

sectional sample, representing the population race groups in their correct 

proportions, and a supplemental sample where Hispanic and non-Hispanic Black 

youths are oversampled. These two samples were combined to obtain more 

accurate estimates for the minority Hispanic and non-Hispanic Black youth.[48] 

The Behavioural Risk Factor Surveillance System (BRFSS) and National Health 

Interview Survey (NHIS) were combined using propensity scores to obtain cancer 

risk factor prevalence in small areas.[55] The NHIS was designed to produce annual 

estimates of a variety of health conditions and health related behaviours at national 
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level. The BRFSS was designed to produce state-specific estimates of risk 

behaviours. The NHIS had a high response rate and the BRFSS had larger sample 

sizes in each state. Combining the two surveys yielded more accurate estimates. 

In this thesis, we combine sample surveys selected from the South African 

Community Survey of 2016 under simple random sampling to obtain a more 

accurate estimate of age of the head of the household. Under stratified sampling, we 

combine sample surveys selected from the South African General Household Survey 

of 2016 to obtain a more accurate estimate of the age of the head of the household. 

There appears to be a large number of  child-headed households because of the 

HIV/AIDS epidemic. These children would require special social support systems 

since they are unlikely to have developed enough skills to support other minors left in 

their care. A study in Iran found a significant association between the use of health 

services and the age of the head of the household. The study showed an increase in 

the demand for outpatient services with increase in age of the head of the 

household.[56] Another study in Nigeria showed that there was a significant 

association between the use of improved drinking water sources and the age of the 

household head. Fewer households with younger heads of household, 15 years to 

24 years, used improved drinking water sources compared to older age groups.[57] It 

is therefore important to have an idea of the average age of household heads in the 

population.  
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Chapter 3 

Methods for combining surveys: Point estimators under the separate approach 

3.1 A review 

 

Methods used to calculate combined estimates from multiple surveys can generally 

be divided into methods that use separate parameter estimates from the different 

surveys; and methods that combine the data and perform a pooled analysis. This 

thesis focuses on methods that use separate parameter estimates from the different 

surveys, loosely referred to as the separate approach, in a context when the 

individual survey data are not available together with design information. 

 

Some authors have used a straightforward average of the descriptive statistics 

obtained from the individual surveys as the estimate from the combined surveys.[42] 

The combined estimate in this case is calculated as 

𝜃 =
1

𝐷
 𝜃ௗ



ௗୀଵ

, 

where 𝜃 is the combined estimate and 𝜃ௗ are the estimates obtained from the 

individual surveys 𝑑 = 1, … , 𝐷. 

 

For example, Thomas and Wannell used averages to combine point estimates from 

the different cycles of the Canadian Community Health Survey. The Canadian 

Community Health Survey (CCHS) consists of two cross-sectional sample surveys. 

The first cycle collects general health information from more than 120 health regions, 

while the second cycle focuses on specific health topics and collects data for 

estimation at the provincial level.[42,58] Analysis of each survey accounts for the 

survey design in each case. Using averages to combine survey point estimates gives 

equal weight, and hence importance to all surveys, regardless of size or precision of 

estimates.  
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Different weighting strategies have been used in combining point estimates from 

different surveys.  Sample size is often used for weighting when combining estimates 

from small samples.[28] This method rests on the assumption that larger samples 

results in estimates with greater precision compared to smaller surveys.  

 

However, if there is clustering, as it is often the case with complex surveys, this may 

not always be true. For example, if survey A has a sample size of 100 with ten 

clusters and survey B has a sample size of 300 with five clusters, assuming the 

same intra-cluster correlation for both surveys, it is likely that survey B will have a 

larger design effect and hence less precision despite its larger sample size. Using 

the effective sample size for weighting might be a way of handling this problem.[58] 

Chu et al. suggested that using effective sample size in composite weighting, 

corrects for size and precision.[59] The composite estimator for combining estimates 

from two surveys, for example, may be expressed as 

𝜃 = 𝛼𝜃ଵ + (1 − 𝛼)𝜃ଶ 

 where 𝜃ଵ is estimated from survey 1 and 𝜃ଶ is estimated from survey 2. The weight 

𝛼  may be chosen to be the effective sample size of survey 1 as a fraction of the total 

effective sample size of the two surveys combined, for example.  

 

In Biostatistics, effect size is defined as a quantification of an impact of an 

intervention, a quantification of the relationship between two variables or even the 

prevalence of a condition. The effective sample size in a complex survey is the 

sample size for a simple random sample selected with replacement which gives the 

same variance for an estimate as the variance obtained using data from the complex 

survey.[18,43,58] The effective sample size is calculated as  𝑛ௗ
∗ =



തതതതതതതത൫ఏ൯
 . Here 𝑛ௗ is 

the sample size for survey d and 𝐷𝑒𝑓𝑓തതതതതതത(𝜃ௗ) is an average design effect. The design 

effects may vary across subgroups and it becomes difficult to calculate individual 

design effects for each subgroup. A compromise or average design effect is used 

instead. The effective sample size can be used to weight survey estimates when 

calculating a combined estimate when the surveys have different variances because 

of design effects.[28,33,44,60] The combined estimate may be calculated as, 
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𝜃 =
∑ 𝑛ௗ

∗ 𝜃ௗ

ௗ

∑ 𝑛ௗ
∗

ௗ

 

 

The effective sample size is often used for combining national estimates.[28] It is 

sometimes not possible to calculate the correct effective sample size. This may be 

because it is too complicated, too computationally expensive or because there is 

insufficient information for the effective sample size to be computed[18]. An alternative 

formula developed by Kish is often used to estimate the effective sample size, 

𝑛ො∗ =
(∑ 𝑤


ୀଵ )ଶ

∑ 𝑤
ଶ

ୀଵ

 

where 𝑤 is the weight of the 𝑖𝑡ℎ respondent. This estimation is very inaccurate when 

the weight is correlated with the variables of interest in the analysis. It also ignores 

clustering[18]. 

 

Survey weights can be allocated proportional to the size of the population from which 

the sample survey was taken.[33] This method gives more weight to surveys 

representing larger populations.  

𝜃 =
∑ 𝑁ௗ𝜃ௗ


ௗ

∑ 𝑁ௗ

ௗ

 

 where 𝑁 ௗ is the size of the population from which the 𝑑th sample survey was 

sampled. Using the population size for weighting may be justified when population 

differences seem to be more important than sampling precision.[60] Population sizes 

are often used for large samples and combining domain statistics to get national 

statistics and have been shown to yield unbiased estimates.[28] 

 

Different studies will differ in their degrees of precision in estimating the effect size. 

Precision in this case describes the accuracy of the estimated effect size as an estimate of 

the true effect size.[31]  

 

A closely related field, meta-analysis, usually uses the inverse of variance of the 

estimator applied for each individual study to weight the different studies in the 

calculation of a combined effect size. In this way, less precise studies are given less 
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weight in the calculation of the combined estimates[31] The individual estimates of the 

variances of the estimators are used to weight the sample surveys when a combined 

estimate is calculated,[60][29] 

𝜃 =

∑
1

𝑉𝑎𝑟൫𝜃ௗ൯
𝜃ௗ


ௗ

∑
1

𝑉𝑎𝑟൫𝜃ௗ൯

ௗ

 

where 𝑉𝑎𝑟൫𝜃ௗ൯ are the variance of the estimators, 𝜃ௗ , in the individual surveys. 

This weighting system could also be used to weight different surveys when multiple 

complex surveys are analysed. In this thesis, the author evaluates the use of the inverse of 

variance for weighting surveys to be combined, as with meta-analysis. 

 

There are two statistical models usually used in meta-analysis, that is, the fixed effects 

model and the random effects model. Meta-analysis is commonly used in clinical studies 

where the aim is to find the effect of an intervention. The fixed effects model assumes that 

there is one true effect which all the studies are trying to estimate. All the observed 

differences are due to sampling error. The estimated effect for any study can be written as 

 

𝜃ௗ = 𝜃 + 𝜀ௗ, 

 

where 𝑑 = 1,2, … , 𝐷, 𝜀ௗ is the random sampling error in study 𝑑, and 𝜃 is the common effect 

size. In contrast, the random effects model assumes that there may be different true effect 

sizes across studies. For example, an effect may be lower in a study where participants are 

older or less healthy than others. If an infinite number of studies, each with its own true 

effect size could be carried out, then the true study  effect sizes would be distributed about 

some mean parameter, 𝜃. The true effect sizes of the studies used in the meta-analysis 

could be viewed as a random sample from this distribution. The estimated parameter in any 

study could be written as 

 

𝜃ௗ = 𝜃 + 𝜏ௗ + 𝜀ௗ 
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where 𝜃 is the mean of the different true study parameters, 𝜏ௗ is the deviation of 

each true study effect size from the mean and 𝜀ௗ is the random sampling error in 

study d. The expression for the fixed effects model does not have 𝜏ௗ because it is 

assumed that all the studies being combined have one true effect size. The observed 

variation in the estimated statistics represents the sampling errors within studies and 

the variation of the true study effect sizes across studies. When carrying out a meta-

analysis, it is of great importance to use study weights which minimize both sources 

of error.[31]  

In estimation, it is desirable to minimize variance, hence improving precision. In 

meta-analysis, the inverse variance weighting method has been shown to yield the 

most precise estimate. The weighting strategy penalizes surveys for imprecision 

when they are combined. However, in surveys, variability does not only originate 

from the model that generates the data or the sample size. Some variability 

originates from the sampling procedure itself.  

 

One frequently used method in combining survey estimates that minimizes the 

variance of the combined survey estimate, uses the design effects.[29] In this method, 

α is set as a function of the variability of weights for the two surveys. The survey with 

the greatest precision is given greater relative influence in the scaling of weights. 

The formula used for calculating α is:  

𝛼 = 1 −
𝐷𝑒𝑓𝑓(𝑤ଵ)

𝐷𝑒𝑓𝑓(𝑤ଵ) + 𝐷𝑒𝑓𝑓(𝑤ଶ)
 

 

where 𝐷𝑒𝑓𝑓(𝑤ଵ) and 𝐷𝑒𝑓𝑓(𝑤ଶ) are the respective design effects due to unequal 

weighting for Survey 1 and Survey 2. It makes no difference which 𝐷𝑒𝑓𝑓(𝑤ௗ) is 

used in the numerator. Calculation of the design effect due to unequal weighting for 

a survey is accomplished using the following formula[42][33]: 

𝐷𝑒𝑓𝑓(𝑤ௗ) = 1 + ቆ
𝑐𝑣(𝑤ௗ)

100
ቇ

ଶ

 

 where 𝑐𝑣(𝑤ଵ) is the coefficient of variation for the weights in Survey 𝑑 and 
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𝑐𝑣(𝑤ௗ)% =
ඥ(௪)

ఓೢ

× 100%. 

 

 where 𝑉𝑎𝑟(𝑤ௗ) is the variance of the weights from survey one and  𝜇௪
 is the mean 

of the weights from survey 𝑑.[61] This calculation of design effects, however, does not 

capture the effects of clustering and stratification. Although this is a separate 

approach method, micro data are required in the calculation, losing the advantage 

which other separate approach methods have. Thomas et al also used design 

effects in the calculation of weights for combining cycles of the Canadian Community 

Health survey with the weight allocated to survey 𝑑 expressed as 𝑤ௗ =



 , where 

𝑛ௗ is the sample size for survey 𝑑 and 𝐷𝑒𝑓𝑓ௗ is the design effect for the 

𝑑௧survey.[43][62]  

 

Selected, frequently used weighting strategies were assessed through simulation in 

this thesis, for use in combining surveys. The variance estimators for the resulting 

estimators are discussed in Chapter 5. The properties of the estimators were studied 

through simulation, under different conditions, i.e. with and without clustering and 

stratification. The results of the simulation are presented in chapter 6. 
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3.2 Contributions under simple random sampling 

3.2.1 Methods used to weight surveys 
 
Fox compared the sample size, the inverse variance and straightforward average  

weighting strategies for combining surveys.[29] Fox generated a finite population, 

selected simple random samples from the finite population, calculated point 

estimates, the sample mean,  from the selected samples and combined the sample 

means, weighting each sample mean by either the inverse of the sample size, the 

inverse of the variance or a weight of 1. She then studied the behaviour of the 

combined mean estimate as the number of samples being combined increased. The 

combined estimate of the mean converged towards the finite population mean.  

In this thesis, the coefficient of variation (cv), skewness, kurtosis and the D’Agostino-

Pearson test statistic were considered for use as the weighting strategies when 

combining surveys, under the separate approach. These were compared to the 

sample size and the inverse variance studied by Fox. Initial comparisons were made 

by combining simple random samples  All the scenarios considered, and results, are 

presented in Chapter 4   

The coefficient of variation is a relative measure of precision estimated as [63,64] 

 

𝑐𝑣 =
𝑠. 𝑒൫𝜃൯

𝜃
× 100% 

where 𝑠. 𝑒൫𝜃൯ is the standard error of the estimate 𝜃. When combining surveys, it is 

desirable to give more weight to surveys with greater precision hence it is important 

to consider variability. In this thesis, we evaluate the use of the inverse of the 

coefficient of variation to weight surveys in calculating combined estimates, 𝜃 , 

 

𝜃 = 

⎝

⎛

1

𝑐𝑣൫𝜃ௗ൯
× 𝜃ௗ

∑
1

𝑐𝑣൫𝜃ௗ൯
ௗ
ௗୀଵ

⎠

⎞ .



ௗୀଵ

 

(3.1) 

We consider the use of the inverse of the coefficient of variation estimate to weight 

surveys, in addition to using the inverse of the variance as used in meta-analysis, 
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because the standard deviation (square root of the variance) must be understood in 

the context of the estimate; whereas the coefficient of variation is independent. To 

give an extreme example, a survey with a standard error of ten with an estimate of 

one hundred, cv=10% and a survey with a standard error of ten with an estimate of 

1000, cv=1%, do not speak to the same degree of precision. Although the value of 

the standard deviation is the same in both cases, there is greater variability in the 

survey with a cv=10%. The interpretation of the standard deviation should be relative 

to the size of the mean whereas the cv is absolute. When working with different 

surveys, the coefficient of variation might offer a more reasonable measure of 

variation than the variance.[40][65]  

We also consider using the inverse of skewness as a weighting strategy for 

combining surveys. Skewness measures the extent to which the tails of the data may 

be more drawn out on one side than the other. A symmetric distribution will have a 

skewness equal to zero. Skewness may be calculated from simple random sample 

data as follows 

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠 = ඥ𝑏ଵ =
𝑚ଷ

𝑚ଶ
ଷ/ଶ

=
𝑚ଷ

𝑠ଷ
 

where 𝑚 =
ଵ


∑ (𝑦 − 𝑦ത)

ୀଵ  , the 𝑘௧ moment about the mean of the variable of 

interest and 𝑠ଷ = ൫√𝑠ଶ൯
ଷ
the cube of the standard deviation.[66] This formula changes 

when complex sampling is used. 

 

It is well known that estimators behave better with symmetric data and that data from 

most populations are skewed; hence it might be worthwhile to consider skewness 

when combining surveys, [22] with the combined estimate expressed as 

 

𝜃 = 

⎝

⎛

1

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠൫𝜃ௗ൯
× 𝜃ௗ

∑
1

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠൫𝜃ௗ൯
ௗ
ௗୀଵ

⎠

⎞ ,



ௗୀଵ

 

(3.2) 

 where 𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠൫𝜃ௗ൯ is the skewness estimated from survey 𝑑. Weighting the 

surveys by the inverse of skewness favours the less skewed sample surveys, giving 

larger weight to the more symmetric survey.  
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Kurtosis measures the degree of curvature for a distribution.[67] If the distribution is 

flat-topped or too peaked, then it deviates from the bell shape of the normal 

distribution. The more data is like a normal distribution, the better behaved the 

estimators are according to established statistical theory. Weighting the surveys by 

the inverse of kurtosis gives greater weight to the data which resembles the normal 

distribution more. Kurtosis may be calculated as follows 

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠 = 𝑏ଶ =
𝑚ସ

𝑚ଶ
ଶ =

𝑚ସ

𝑠ସ
, 

where 𝑠ସ = (𝑠ଶ)ଶ , the square of the variance.[66] Data which are normally distributed 

have kurtosis equal to three. Some statistical software, for example R, calculate 

kurtosis as 

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠 = 𝑏ଶ − 3 =
𝑚ସ

𝑠ସ
− 3 

The combined estimate may be calculated as 

 

𝜃 = 

⎝

⎛

1

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠൫𝜃ௗ൯
× 𝜃ௗ

∑
1

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠൫𝜃ௗ൯
ௗ
ௗୀଵ

⎠

⎞ ,



ௗୀଵ

 

(3.3) 

 where 𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠൫𝜃ௗ൯ is the kurtosis estimated from survey 𝑑. Skewness and kurtosis 

were considered for use in combining surveys because the efficiency of variance 

estimators is based on the properties of the point estimator as well as properties of 

the possible skewness or kurtosis of the variable of interest.[68]  

Skewness and kurtosis do not always occur in isolation in survey data. They often 

occur together, hence the D’Agostino-Pearson 𝐾ଶ test statistic that combines 

skewness and kurtosis was considered as a possible weighting strategy when 

combining surveys. The inverse of the D’Agostino-Pearson statistic was assessed 

for weighting surveys in calculating the combined estimate. The test has good power 

properties over a broad range of non-normal distributions.[67] The statistic is 

calculated as follows 

𝐾ଶ = 𝑍ଶ൫ඥ𝑏ଵ൯ + 𝑍ଶ(𝑏ଶ), 
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 where 𝑍൫ඥ𝑏ଵ൯and 𝑍(𝑏ଶ) are the normal approximations to ඥ𝑏ଵ and 𝑏ଶ respectively. 

We calculate the combined estimate 

 

as 

 

𝜃 = 

⎝

⎛

1

𝐾ଶ൫𝜃ௗ൯
× 𝜃ௗ

∑
1

𝐾ଶ൫𝜃ௗ൯
ௗ
ௗୀଵ

⎠

⎞ .



ௗୀଵ

 

(3.4) 

 

3.3 Criteria for evaluating estimators 
 
The mean square error (MSE), relative bias, confidence intervals and the coefficient 

of variation were calculated and used to compare the estimators under different 

weighting strategies. These measures have been used in the comparison of the 

performance of the estimators in a simulation study considering weighting methods 

to improve, for example, labour force estimates of immigrants in Ireland.[69] We use 

these criteria to compare weighting strategies in this thesis, with the MSE carrying 

the most weight. 

The bias of an estimate is defined as the difference between the expected value of 

an estimator and its true population parameter.[40] An estimator is said to be 

unbiased if the bias is equal to zero. The bias is defined as 

 

𝐵𝑖𝑎𝑠൫𝜃൯ = 𝐸൫𝜃൯ − 𝜃, 

where 𝜃 is an estimator for 𝜃. In this thesis, in the simulation studies, we consider 

combining D=2, 3, 5, 10, 15 or 20 samples with K=1000 replicates. The expected 

value of the combined estimate is estimated as 

𝐸൫𝜃൯ =
1

𝐾
 𝜃,



ୀଵ

 

where k=1, …,K. Hence bias is estimated as 

𝐵𝑖𝑎𝑠൫𝜃൯ = 𝐸൫𝜃൯ − 𝜃 
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The bias is sensitive to scale hence it may be more informative to calculate the 

relative bias, which is the ratio of the bias to the estimate, 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝐵𝑖𝑎𝑠 =
𝐵𝑖𝑎𝑠൫𝜃൯

𝜃
× 100% 

. For our simulation, we calculate relative bias as  

 
𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝐵𝑖𝑎𝑠(𝜃) =

𝐵𝑖𝑎𝑠൫𝜃൯

𝐸൫𝜃൯
× 100% 

(3.5) 

 

The variance is often used as a measure of precision of an estimator when there is 

no bias or when the bias is small. The variance of the combined estimate may be 

estimated empirically through simulation as[68] 

 

𝑣𝑎𝑟൫𝜃൯ =
1

𝐾 − 1
 ቀ𝜃, − 𝐸൫𝜃൯ቁ

ଶ

.



ୀଵ

 

The standard error may be expressed as 

𝑠. 𝑒 ൫𝜃൯ =

ට𝑣𝑎𝑟൫𝜃൯

√𝐾
 

   

The MSE measures the accuracy of an estimator and is equal to the average 

squared distance between each sample estimate and the corresponding true 

population percentage.[69] It incorporates bias and precision into an overall measure 

of accuracy which can be used even in the presence of bias. The MSE for the 

combined estimate 𝜃 , may be calculated as[40][52] 

 𝑀𝑆𝐸൫𝜃൯ = 𝑉𝑎𝑟൫𝜃൯ + ൣ𝐵𝑖𝑎𝑠൫𝜃൯൧
ଶ
 (3.6) 

 

In this thesis, we use the MSE to compare the performance of the various weighting 

strategies under consideration, with the weighting strategy yielding the lowest MSE 

value being selected as the best weighting strategy for a given scenario.  



 
 

49 
 
 
 

The quality of confidence intervals may be used to compare estimators. It is 

desirable to have tighter confidence intervals which contain the population parameter 

value being estimated. The 95% simulation confidence intervals were calculated as 

 𝐶𝐼: 𝜃 ± 𝑍ఈ
ଶ

× 𝑠. 𝑒൫𝜃൯ (3.7) 

 

 

In our simulations, the finite population mean could be calculated, hence we also 

checked whether the 95% confidence interval included the population mean. 

The coefficient of variation has been considered as a weighting strategy because the 

cv measures the relative variability of an estimate. For the same reason, the 

coefficient of variation may be used to assess the performance of an estimator.  

 
𝑐𝑣 =

𝑠. 𝑑൫𝜃൯

𝐸൫𝜃൯
× 100% 

(3.8) 

 

In this thesis, we calculated and compared the cv for the combined estimates though 

greater weight was accorded to the MSE values. 
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3.3 Contributions under complex sampling: stratification and clustering 

 

All the weighting strategies considered under simple random sampling were studied 

under complex sampling, except the D’Agostino-Pearson statistic. The D’Agostino-

Pearson statistic was excluded to avoid the computational difficulties associated with 

calculating the statistic under complex sampling conditions. The combined estimate 

could be expressed as  

𝜃 =  ቆ
𝑤ௗ × 𝜃ௗ

∑ 𝑤ௗ
ௗ
ௗୀଵ

ቇ



ௗୀଵ

 

The weight allocated to an individual survey, 𝑤ௗ could be 1, the inverse of the 

sample size, 𝑛, or the inverse of the variance, 
ଵ

௩൫ఏ൯
. A design-consistent variance, 

allowing for either stratification or clustering, was calculated using the R survey 

package. The inverse of the coefficient of variation was also evaluated for weighting 

complex surveys in the calculation of the combined estimate. A design consistent 

estimate of the variance was used to calculate a design consistent coefficient of 

variation.  

 

For stratified samples, the sample moment of order 𝑘 may be calculated as 

follows[70][71] 

 𝑚𝑛𝑡 =
∑ ∑ 𝑤𝑦


ୀଵ


ୀଵ

∑ ∑ 𝑤


ୀଵ

ୀଵ

 

Skewness may then be calculated as 

 𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =
𝑚𝑛𝑡ଷ − 3𝑚𝑛𝑡ଶ𝑚ଵା2𝑚𝑛𝑡ଵ

ଷ

(𝑚𝑛𝑡ଶ − 𝑚𝑛𝑡ଵ
ଶ)

ଷ
ଶ

 

And kurtosis may be calculated as 

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠 =
𝑚𝑛𝑡ସ − 2𝑚𝑛𝑡ଶ𝑚𝑛𝑡ଵ

ଶ + 𝑚𝑛𝑡ଵ
ସ

(𝑚𝑛𝑡ଶ − 𝑚𝑛𝑡ଵ
ଶ)ଶ

 

In general, for any weighted samples, (because of clustering, stratification and any 

other reason), the sample moment may be expressed as[72][73] 

𝑚𝑛𝑡 =
∑ 𝑤𝑦


ୀଵ

∑ 𝑤

ୀଵ

, 
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where 𝑤 incorporates all the weights associated with individual 𝑖.  

In this study, skewness and kurtosis for complex surveys were calculated using the 

R survey package. The package allows for study sampling design in the calculation 

of all the statistics. 

Additionally, the inverse of the misspecification effect, which measures the impact of 

the sampling design, was evaluated as a possible weighting strategy when 

combining estimates under complex sampling. The combined estimate, using the 

inverse of the misspecification effect was calculated as  

 

 

𝜃 =  ൮

1
𝑚𝑒𝑓𝑓ௗ

× 𝜃ௗ

∑ 𝑚𝑒𝑓𝑓ௗ
ௗ
ௗୀଵ

൲ ,



ௗୀଵ

 

(3.9) 

 where 𝑚𝑒𝑓𝑓ௗ is the misspecification effect estimated from survey 𝑑. Skinner, Holt 

and Smith describe the misspecification effect as a measure of how calculating the 

variance assuming that observations are independent and identically distributed 

under complex sampling, over- or underestimates the true variance.[23] We evaluated 

a weighting strategy considering both the variance and the misspecification effect for 

combining estimates from complex samples. The weight combining misspecification 

effect and variance was calculated as 

 

 𝑤ௗ =
𝑚𝑒𝑓𝑓ௗ

𝑣𝑎𝑟൫𝜃ௗ൯
 

where 𝑚𝑒𝑓𝑓ௗ is the misspecification effect in survey 𝑑. Under simple random 

sampling, 𝑚𝑒𝑓𝑓ௗ = 1 hence the weight becomes 𝑤ௗ =
ଵ

௩൫ఏ൯
. The combined 

estimate may then be expressed as  

 

𝜃 = 

⎝

⎜
⎛

𝑚𝑒𝑓𝑓ௗ

𝑣𝑎𝑟൫𝜃ௗ൯
× 𝜃ௗ

∑
𝑚𝑒𝑓𝑓ௗ

𝑣𝑎𝑟൫𝜃ௗ൯
ௗ
ௗୀଵ

⎠

⎟
⎞

.



ௗୀଵ

 

(3.10) 
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The same criteria used to assess estimators resulting from different weighting 

strategies under simple random sampling were used to assess estimators under 

complex sampling.  

Table 3.1 gives a summary of studies where surveys were combined, together with 

the aims and statistical methods used.
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Table 3. 1: Table Summary of the literature review where surveys were combined 
 

Authors Year of Publication Journal Aims of the paper Surveys 

combined 

Statistical methods used Sampling 

considere

d? Yes/No 

Software 

used 

Area of application 

Roberts G,  

Binder D 

2009 JSM Study whether gay and 

bisexual men differ in 

their use of health care. 

Canadian 

community 

health 

surveys of 

2003 and 

2005 

Pooled 

Unmodified weights 

Logistic regression, 

time indicator 

Yes Not 

specified 

Health Sciences 

Fox K 2010 JSM Give a framework for the 

meta-analysis of 

complex survey data 

simulations Fixed model, inverse 

variance 

Random effects model 

Super population 

estimate 

yes SAS simulations 

Dhir A, 

Chen S,  

Nieminen 

M. 

2015 Computers & 

Education 

Predict compulsive 

internet use in 

adolescents 

A. Private 

schools, B. 

same 

private 

schools 

later time 

point, C. 

public 

school 

Separate analyses 

Factor analysis 

 

NO SPSS Social/ Education/ 

computers 
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Graubard, 

BI 

Korn, EL 

1999 Journal of the 

national cancer 

institute 

Longitudinal 

associations of risk 

factors and development 

of cancer. 

Cross-sectional 

associations of risk 

factors and various 

outcomes 

NHANES III Design based analysis 

Naïve analysis 

yes SUDAAN Social/Health 

Lu Y 2014 Communicatio

n in Statistics 

Estimation of regression 

coefficients in dual 

frame surveys 

Simulated 

data 

Regression 

Pseudo Maximum 

likelihood estimation 

Cross validation 

Linearization 

 

yes Not 

specified 

simulations 

Qi Dong, 

Michael 

R. Elliott 

and 

Trivellore 

E. 

Raghunat

han 

2014 Survey 

Methodology 

Combining surveys to 

obtain more accurate 

estimates 

NHIS, 

MEPS and 

BRFSS 

Bayesian bootstrap to 

generate synthetic 

population. 

Finite population 

Bayesian bootstrap 

(FPBB) 

Multiple imputation 

combining rules 

Yes Not 

specified 

Social/Health 
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Rao JNK, 

Kim JK 

2013 Proceedings of 

the 59th ISI 

conference, 

Hong Kong 

Estimating totals and 

regression parameters 

from two independent 

surveys 

Simulated 

data 

Fractional imputation 

Instrumental variables, 

regression analysis 

Statistical matching 

yes Not 

specified 

simulations 

Qualité L, 

Tillé Y 

2008 Survey 

methodology 

Variance estimation of 

changes in repeated 

surveys and its 

application to 

the Swiss survey of 

value added 

Swiss 

Survey of 

value 

added: 

1999, 

2000,2001 

Robustification 

regression 

yes Not 

specified 

Social/Health 

Seho Park, 

Jae Kwang 

Kim, 

Diana 

Stukel 

2017 Metron Integrating mean 

estimates from two 

surveys 

The Food 

and 

Nutrition 

Technical 

Assistance 

III Project 

(Guatemala

) baseline 

and interim 

surveys 

(Overlap in 

geography) 

Measurement error 

models 

Structural equation 

models 

 

yes Not 

specified 

Social/Health 
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In chapter 4, simulation studies were carried out to compare the different weighting 

strategies under different data distributions, variances and sample sizes.
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Chapter 4 

Simulation study 1 

 

The weighting strategy used when combining surveys has an important impact on 

the estimation of population parameters, regardless of the circumstances under 

which the combination of surveys  occurs.[43] In this chapter, results from repeated 

simulations are presented. A finite population of size 100 000 was generated, 

multiple samples were selected from this finite population without replacement, and 

sample estimates were then calculated using these samples. The sample estimates 

were combined using different weighting strategies which have been used in the 

literature; and some that are being proposed in this thesis.  

The coefficient of variation (cv), skewness, kurtosis and the D’Agostino-Pearson test 

statistic, allowing for the sampling design, were considered for use in the weighting 

strategies when combining surveys in this study. To the best of my knowledge, these 

statistics have not been previously considered as weighting strategies for combining 

surveys. These were compared to the sample size and the inverse variance studied 

by Fox.[29] The combined estimates were calculated as shown in equations 3.1 to 

3.4. 

The weighting strategies were compared with respect to their mean square errors 

(equation 3.6), coefficients of variation (equation 3.8) and relative biases (equation 

3.5). The weighting strategy that resulted in the least mean square error was 

deemed to be performing better than the other weighting strategies. Ninety five 

percent confidence intervals (equation 3.7) were also calculated to check for the 

inclusion of the population parameter. 
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4.1 Simulation set up 

 

In this simulation, we initially replicated the simulation done by Fox (2010) where 

convergence of combined estimates from a sequence of simple random samples 

using three different weighting strategies was assessed. We then proceeded to do 

simulations where the weighting strategies were compared using the mean square 

error and other properties of estimators discussed above. 

 

 4.1.1 Comparison of three weighting strategies  

 
A finite population of size N=100 000 was simulated from a super-population normal 

distribution model with mean 1 and variance 25. The mean of the simulated finite 

population was calculated. Initially, simple random sampling was used to select 

d=500 samples of size n=500. Estimates of the population mean were then 

calculated from each sample. The sample estimates were then combined using the 

three weighting strategies under consideration and convergence (as 𝑑 → ∞) was 

assessed numerically for the three weighting strategies. The weighting strategies 

compared in this study are; the inverse sample size, the inverse of the variance and 

weight of one, which is equivalent to a simple average of the estimates. The results 

are shown in Figure 7 below. 

 
Figure 7: Convergence of combined estimates as number of samples increases 
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The y axis represents the mean of the variable of interest and the x axis represents 

the number of sample surveys combined to obtain the estimate. The graphs for the 

three strategies were indistinguishable. This may be because equal sample sizes 

were used, and the variances were very similar. The graphs showed convergence 

towards the finite population mean rather than the super population mean as the 

number of samples combined increased. These results are comparable to the results 

obtained by Fox and theoretical expectations. The combined means converge 

towards the finite population mean as the number of samples combined increases. In 

practise, only a few surveys are available to be combined. We take this into 

consideration in subsequent simulations, only combining two, three, five, ten, fifteen 

or 20 samples. 
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4.1.2 Comparison of other weighting strategies 
 
Other weighting strategies were then considered for various reasons. Firstly, the 

finite population was generated from a normal distribution super-population model. It 

was considered that a finite population could emanate from other superpopulation 

models hence, finite populations generated from other super-population models have 

also been considered. Such other models were considered for generating skewed or 

peaked finite populations and hence the inverse of skewness and the inverse of 

kurtosis were considered for weighting the samples. The combined estimates were 

calculated as in equations 3.2 and 3.3 respectively. A weighting strategy which 

combines skewness and kurtosis was also considered in the form of the inverse of 

the D’Agostino-Pearson K2 statistic, with the combined estimate being calculated as 

in equation 3.4. The inverse of the coefficient of variation was also considered as a 

weighting strategy. The combined estimate was calculated as in equation 3.1.  

The simulation set up is summarized in the schematic diagram below. 

    
Figure 8: Comparing weighting strategies for combining surveys under simple random sampling. 

In the diagram,𝜃 and 𝜎ଶ are the mean and variance of the population, 𝑆ௗ represents 

the sample 𝑑, 𝑑 = 1, … 𝐷, 𝜃ௗ and 𝑠ௗ
ଶ are the point and variance estimates calculated 

from sample 𝑑. The combined estimate estimated using weighting strategy 𝑤, 𝑤 =

1, … 𝑤 is denoted 𝜃,௪ೢ
. This simulation process is repeated K=1000 times. 

It was also considered that the finite population size 𝑁 and the sample size 𝑛, used in 

the simulation might influence the behaviour of the weighting strategy used to 

combine samples. Therefore, three finite population sizes and three sample sizes 

were investigated in the simulations. The population sizes investigated were 

100 000, 1 000 000 and 5 000 000 and the sample sizes were 1000, 2500 and 5000.  
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Various super-population models were considered for generating the finite 

populations, that is, the normal distribution, the t-distribution with three degrees of 

freedom, the t-distribution with four degrees of freedom and their skewed 

counterparts. A mean of 100 and three different values for the variance were 

considered, that is,  𝜎ଶ = 25, 𝜎ଶ = 49 𝑎𝑛𝑑 𝜎ଶ = 81. Different types of sampling were 

considered for selecting the samples to be combined. That is, simple random 

sampling, simple stratified sampling and simple cluster random sampling. 

Essentially, a finite population of size N = 100 000, 1 000 000 or 5 000 000 was 

simulated from a super-population with a given distribution. Initially, simple random 

sampling was used to select D = 2,3,5,10,15 or 20 samples of size n = 1000, 5000 or 

10000. Estimates of the mean were then calculated from each sample. The sample 

estimates of the mean were then combined using the weighting strategies under 

consideration.  

 

To compare the weighting strategies, the mean square error (MSE), equation 3.6, 

relative bias, equation 3.5, confidence intervals, equation 3.7 and coefficient of 

variation, equation 3.8, were calculated. The weighting strategy resulting in the 

smallest MSE was chosen as the best strategy for the scenario. Preliminary 

simulations showed that using a weight of one, inverse sample size and sample size 

yielded identical results, when the same sample size was used in all the samples. 

Hence, only results of using the inverse of the sample size as a weighting strategy 

were presented here. Fox does not specifically touch on this but the graphs 

illustrating convergence as the number of samples combined increases were 

indistinguishable when she used a weight of one and the inverse of sample size. 
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4.2 Simulation results under simple random sampling 

 

Results of the comparisons of weighting strategies were presented for each 

superpopulation model in turn. Tables of comparison were presented for the different 

weighting strategies, sample sizes and number of samples combined.  
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4.2.1  Simulation results for a finite population generated using the normal distribution, under 

simple random sampling 

 

The normal distribution was used to generate the finite population. The results of 

comparing the weighting strategies where D=2,3,5,10,15,20 samples were combined 

for population size N=1 000 000 are presented below. Samples of sizes 1000, 5000 

and 10 000 selected from a superpopulation distributed as N(100,25), are presented 

here, with the rest of the scenarios presented in Appendix A1.  

 
The weighting strategies were compared, using a sample size n=1000 in table 4.1. 
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Table 4. 1: Combining D samples of size n=1000, from a population of size N=1000 000, distributed as N(100,25), 
𝜽=99.996. 
 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଵ 

CV(𝜃) (%) 

× 10ିଷ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,997 1,300 1,590 5,029 99,987 100,007 2,529 

2 1/𝑛 99,996 0,413 1,128 3,568 99,989 100,003 1,273 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 0,284 1,130 3,572 99,989 100,003 1,276 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 0,468 1,129 3,569 99,989 100,003 1,274 

 (skewness(𝑠ௗ))ିଵ 99,996 0,188 1,259 3,980 99,988 100,003 1,584 

 (kurtosis(𝑘ௗ))ିଵ 99,996 0,343 1,132 3,580 99,989 100,003 1,281 

 (𝐾ଶ)ିଵ 99,996 0,800 1,291 4,081 99,988 100,004 1,666 

3 1/𝑛 99,995 -0,024 0,927 2,930 99,990 100,001 0,859 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,995 -0,123 0,928 2,934 99,990 100,001 0,861 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 0,083 0,927 2,931 99,990 100,001 0,859 

 (skewness(𝑠ௗ))ିଵ 99,995 -0,706 1,141 3,607 99,988 100,002 1,301 

 (kurtosis(𝑘ௗ))ିଵ 99,995 -0,076 0,928 2,934 99,990 100,001 0,861 

 (𝐾ଶ)ିଵ 99,994 -1,203 1,141 3,609 99,987 100,001 1,302 

5 1/𝑛 99,996 0,320 0,721 2,280 99,991 100,000 0,520 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 0,234 0,722 2,283 99,991 100,000 0,521 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 0,469 0,721 2,280 99,991 100,000 0,520 

 (skewness(𝑠ௗ))ିଵ 99,995 -0,978 0,989 3,126 99,988 100,001 0,977 

 (kurtosis(𝑘ௗ))ିଵ 99,996 0,319 0,722 2,284 99,991 100,000 0,522 

 (𝐾ଶ)ିଵ 99,993 -2,911 0,976 3,086 99,987 99,999 0,953 

10 1/𝑛 99,998 2,187 0,506 1,602 99,995 100,001 0,257 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 2,137 0,506 1,601 99,994 100,001 0,257 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 2,383 0,506 1,601 99,995 100,001 0,257 

 (skewness(𝑠ௗ))ିଵ 100,001 6,015 0,868 2,744 99,996 100,007 0,756 

 (kurtosis(𝑘ௗ))ିଵ 99,998 2,133 0,506 1,602 99,994 100,001 0,257 

 (𝐾ଶ)ିଵ 99,998 2,703 0,816 2,581 99,993 100,003 0,667 

15 1/𝑛 99,996 0,443 0,402 1,270 99,993 99,998 0,161 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 0,430 0,402 1,270 99,993 99,998 0,161 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 0,673 0,402 1,270 99,994 99,999 0,161 

 (skewness(𝑠ௗ))ିଵ 99,999 3,612 0,824 2,607 99,994 100,004 0,681 

 (kurtosis(𝑘ௗ))ିଵ 99,996 0,394 0,402 1,272 99,993 99,998 0,162 

 (𝐾ଶ)ିଵ 99,995 -0,844 0,746 2,359 99,990 99,999 0,556 

20 1/𝑛 99,995 -0,464 0,346 1,095 99,993 99,997 0,120 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,995 -0,474 0,347 1,097 99,993 99,997 0,120 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,995 -0,229 0,347 1,096 99,993 99,997 0,120 

 (skewness(𝑠ௗ))ିଵ 100,000 4,025 0,763 2,412 99,995 100,004 0,583 

 (kurtosis(𝑘ௗ))ିଵ 99,995 -0,556 0,347 1,096 99,993 99,997 0,120 

 (𝐾ଶ)ିଵ 99,995 -0,711 0,687 2,172 99,991 99,999 0,472 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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The MSE value was higher for the estimate calculated using one sample compared 

to combining samples for all the weighting strategies considered. The MSE 

decreased as the number of samples combined was increased. The weighting 

strategies resulted in MSE values that were close to each other except the inverse of 

skewness and the inverse of the D’Agostino-Pearson statistic. 

 

Table 4.2 presents a comparison of the weighting strategies when the sample size 

was increased to n=5000.
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Table 4. 2:  Combining D samples of size n=5000, from a population of size N=1000 000, distributed as N(100,25), 
𝜽=99.996. 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିସ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଷ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,997 -3,678 7,284 2,303 99,992 100,001 5,305 

2 1/𝑛 99,997 -2,069 5,162 1,632 99,994 100,000 2,664 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 -2,123 5,162 1,632 99,994 100,000 2,664 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 -1,845 5,162 1,632 99,994 100,000 2,664 

 (skewness(𝑠ௗ))ିଵ 99,997 -2,854 5,837 1,846 99,993 100,000 3,407 

 (kurtosis(𝑘ௗ))ିଵ 99,997 -2,153 5,164 1,633 99,994 100,000 2,667 

3 1/𝑛 99,997 1,068 4,170 1,319 99,995 100,000 1,739 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 0,859 4,169 1,318 99,995 100,000 1,738 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 1,313 4,169 1,318 99,995 100,000 1,738 

 (skewness(𝑠ௗ))ିଵ 99,998 3,651 5,120 1,619 99,994 100,001 2,622 

 (kurtosis(𝑘ௗ))ିଵ 99,997 1,271 4,175 1,320 99,995 100,000 1,743 

5 1/𝑛 99,998 5,052 3,096 0,979 99,996 100,000 0,959 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 5,026 3,095 0,979 99,996 100,000 0,958 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 5,441 3,095 0,979 99,996 100,000 0,958 

 (skewness(𝑠ௗ))ିଵ 99,998 8,539 4,406 1,393 99,995 100,001 1,942 

 (kurtosis(𝑘ௗ))ିଵ 99,998 5,175 3,099 0,980 99,996 100,000 0,961 

10 1/𝑛 99,997 -0,158 2,171 0,686 99,996 99,998 0,471 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 0,060 2,171 0,687 99,996 99,999 0,471 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 0,399 2,171 0,686 99,996 99,999 0,471 

 (skewness(𝑠ௗ))ିଵ 99,997 -6,351 3,698 1,169 99,994 99,999 1,368 

 (kurtosis(𝑘ௗ))ିଵ 99,997 -0,116 2,173 0,687 99,996 99,998 0,472 

15 1/𝑛 99,998 5,049 1,797 0,568 99,997 99,999 0,323 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 5,217 1,797 0,568 99,997 99,999 0,323 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 5,593 1,797 0,568 99,997 99,999 0,323 

 (skewness(𝑠ௗ))ିଵ 99,997 -3,834 3,413 1,079 99,995 99,999 1,165 

 (kurtosis(𝑘ௗ))ିଵ 99,998 5,065 1,799 0,569 99,997 99,999 0,324 

20 1/𝑛 99,998 4,169 1,531 0,484 99,997 99,999 0,235 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 4,333 1,530 0,484 99,997 99,999 0,234 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 4,719 1,531 0,484 99,997 99,999 0,234 

 (skewness(𝑠ௗ))ିଵ 99,997 0,135 3,310 1,047 99,995 99,999 1,096 

 (kurtosis(𝑘ௗ))ିଵ 99,998 4,186 1,533 0,485 99,997 99,999 0,235 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
 

Combining samples resulted in much better estimates compared to using one 

sample. Weighting strategies generally performed similarly with MSE values close 

together. Using the inverse of skewness as a weighting strategy resulted in higher 
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MSE values. The MSE values became smaller as the number of samples combined 

increased.  

Table 4. 3: Combining D samples of size n=10000, from a population of size N=1000 000, distributed as N(100,25), 
𝜽=99.996. 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଷ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,995 -2,420 4,978 1,574 99,992 99,998 2,484 

2 1/𝑛 99,996 -0,920 3,609 1,141 99,994 99,998 1,303 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 -0,909 3,610 1,142 99,994 99,998 1,304 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 -0,902 3,610 1,141 99,994 99,998 1,304 

 (skewness(𝑠ௗ))ିଵ 99,996 -0,734 3,946 1,248 99,994 99,999 1,557 

 (kurtosis(𝑘ௗ))ିଵ 99,996 -0,911 3,611 1,142 99,994 99,998 1,304 

3 1/𝑛 99,997 -0,344 2,902 0,918 99,995 99,999 0,842 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 -0,327 2,902 0,918 99,995 99,999 0,842 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 -0,319 2,902 0,918 99,995 99,999 0,842 

 (skewness(𝑠ௗ))ିଵ 99,996 -0,982 3,440 1,088 99,994 99,998 1,184 

 (kurtosis(𝑘ௗ))ିଵ 99,997 -0,324 2,902 0,918 99,995 99,999 0,842 

5 1/𝑛 99,997 0,165 2,276 0,720 99,996 99,999 0,518 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 0,180 2,274 0,719 99,996 99,999 0,517 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 0,192 2,275 0,719 99,996 99,999 0,518 

 (skewness(𝑠ௗ))ିଵ 99,997 -0,382 3,085 0,976 99,995 99,999 0,952 

 (kurtosis(𝑘ௗ))ିଵ 99,997 0,171 2,275 0,719 99,996 99,999 0,518 

10 1/𝑛 99,997 0,037 1,555 0,492 99,996 99,998 0,242 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 0,040 1,555 0,492 99,996 99,998 0,242 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 0,060 1,555 0,492 99,996 99,998 0,242 

 (skewness(𝑠ௗ))ିଵ 99,997 -0,409 2,633 0,833 99,995 99,998 0,693 

 (kurtosis(𝑘ௗ))ିଵ 99,997 0,046 1,555 0,492 99,996 99,998 0,242 

15 1/𝑛 99,997 0,194 1,275 0,403 99,997 99,998 0,163 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 0,198 1,275 0,403 99,997 99,998 0,163 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 0,219 1,275 0,403 99,997 99,998 0,163 

 (skewness(𝑠ௗ))ିଵ 99,997 0,064 2,546 0,805 99,996 99,999 0,648 

 (kurtosis(𝑘ௗ))ିଵ 99,997 0,201 1,276 0,403 99,997 99,998 0,163 

20 1/𝑛 99,997 0,104 1,118 0,353 99,997 99,998 0,125 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 0,107 1,117 0,353 99,997 99,998 0,125 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 0,129 1,117 0,353 99,997 99,998 0,125 

 (skewness(𝑠ௗ))ିଵ 99,997 -0,239 2,451 0,775 99,995 99,998 0,601 

 (kurtosis(𝑘ௗ))ିଵ 99,997 0,111 1,118 0,354 99,997 99,998 0,125 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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The weighting strategies performed similarly, except the inverse of skewness which 

mostly resulted in MSE values that were larger than the other weighting strategies 

for the same number of samples combined. This was expected since the data were 

not skewed. Using only one sample resulted in a much larger MSE value compared 

to combining the samples using any of the weighting strategies considered. 

 

Weighting strategies were compared across superpopulation variances and sizes. 

The results of the comparison for the normal distribution with sample size n=1000, 

where two samples were combined are presented in table 4.4 below. 

 

Table 4. 4: MSE comparing weighting strategies for a normal distribution superpopulation, D=2 and n=1000 across 
variances and population sizes 

Method variance N=100000 

× 10ିଶ 

N=1000000 

× 10ିଶ 

N=5000000 

× 10ିଶ 

1/𝑛 25 1,297 1,273 1,317 

ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 
 

1,300 1,276 1,324 

൫CV(𝜃ௗ)൯
ିଵ

 
 

1,297 1,273 1,317 

(skewness(𝑠ௗ))ିଵ 
 

1,300 1,274 1,320 

(kurtosis(𝑘ௗ))ିଵ 
 

1,602 1,584 1,735 

(𝐾ଶ)ିଵ 
 

1,298 1,281 1,315 

1/𝑛 49 2,343 2,655 2,581 

ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 
 

2,336 2,645 2,595 

൫CV(𝜃ௗ)൯
ିଵ

 
 

2,343 2,655 2,581 

(skewness(𝑠ௗ))ିଵ 
 

2,339 2,650 2,588 

(kurtosis(𝑘ௗ))ିଵ 
 

3,094 3,274 3,400 

(𝐾ଶ)ିଵ 
 

2,356 2,645 2,576 

1/𝑛 81 3,873 4,389 4,267 

ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 
 

3,862 4,372 4,290 

൫CV(𝜃ௗ)൯
ିଵ

 
 

3,873 4,389 4,267 

(skewness(𝑠ௗ))ିଵ 
 

3,866 4,380 4,279 

(kurtosis(𝑘ௗ))ିଵ 
 

5,114 5,412 5,621 

(𝐾ଶ)ିଵ 
 

3,895 4,372 4,259 

𝜽𝒅 = estimate calculated from each individual survey 
 

The MSE values increased as the variance of the superpopulation was increased. 

However, increasing the superpopulation variance appeared not to influence the 

choice of the weighting strategy, that is, the weighting strategy with the lowest MSE 

value, as illustrated in table 4.4. This phenomenon was observed for all sample sizes 
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considered as well as all numbers of samples combined. The choice of weighting 

strategy was the same for N=100 000 and 1 000 000. 
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4.2.2  Simulation results for a finite population generated using the skewed normal distribution, 

under simple random sampling 

 

The skewed normal distribution was used to generate the finite population. A location 

parameter of -1.165, scale parameter of 1.53 and an asymmetry parameter 3 were 

used to generate strongly asymmetric data with mean 100 and variance 25, 49 and 

81. A population size of one million was used with sample sizes 1 000, 5 000 and 10 

000. The sampling process was repeated 1 000 times. The results of comparing the 

weighting strategies are presented below in tables 4.5 to 4.7. 
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Table 4. 5 Scenario 1: Combining D samples of size n=1000, from a population of size N=1000 000, distributed as the 
skewed normal distribution SN(100,25), 𝜽=100.082 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,074 -7,974 5,131 1,621 100,064 100,084 2,639 

2 1/𝑛 100,078 -4,495 3,651 1,154 100,070 100,085 1,335 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,076 -6,478 3,657 1,156 100,068 100,083 1,342 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,077 -5,353 3,653 1,154 100,070 100,084 1,337 

 (skewness(𝑠ௗ))ିଵ 100,078 -3,771 3,671 1,160 100,071 100,086 1,349 

 (kurtosis(𝑘ௗ))ିଵ 100,079 -3,631 3,663 1,157 100,071 100,086 1,343 

 (𝐾ଶ)ିଵ 100,080 -2,507 3,732 1,179 100,072 100,087 1,393 

3 1/𝑛 100,080 -2,054 2,963 0,936 100,074 100,086 0,878 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,078 -4,461 2,974 0,940 100,072 100,084 0,887 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,079 -3,086 2,967 0,938 100,073 100,085 0,882 

 (skewness(𝑠ௗ))ିଵ 100,081 -1,319 2,984 0,943 100,075 100,087 0,891 

 (kurtosis(𝑘ௗ))ିଵ 100,081 -1,173 2,974 0,940 100,075 100,087 0,885 

 (𝑲𝟐)ି𝟏 100,082 -0,140 3,047 0,963 100,076 100,088 0,928 

5 1/𝑛 100,080 -1,680 2,305 0,728 100,076 100,085 0,531 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,078 -4,440 2,310 0,730 100,073 100,082 0,536 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,079 -2,857 2,307 0,729 100,075 100,084 0,533 

 (skewness(𝑠ௗ))ିଵ 100,081 -0,712 2,326 0,735 100,077 100,086 0,541 

 (kurtosis(𝑘ௗ))ିଵ 100,082 -0,622 2,314 0,731 100,077 100,086 0,535 

 (𝐾ଶ)ିଵ 100,083 0,713 2,387 0,754 100,078 100,088 0,570 

10 1/𝑛 100,081 -1,325 1,600 0,506 100,078 100,084 0,256 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,078 -4,447 1,602 0,506 100,075 100,081 0,258 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,079 -2,659 1,600 0,506 100,076 100,083 0,257 

 (skewness(𝑠ௗ))ିଵ 100,082 -0,320 1,607 0,508 100,079 100,085 0,258 

 (kurtosis(𝑘ௗ))ିଵ 100,082 -0,329 1,604 0,507 100,079 100,085 0,257 

 (𝐾ଶ)ିଵ 100,083 1,221 1,649 0,521 100,080 100,087 0,272 

15 1/𝑛 100,080 -1,648 1,278 0,404 100,078 100,083 0,164 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,077 -4,913 1,275 0,403 100,075 100,080 0,165 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,079 -3,043 1,276 0,403 100,077 100,082 0,164 

 (skewness(𝑠ௗ))ିଵ 100,082 -0,572 1,281 0,405 100,079 100,084 0,164 

 (kurtosis(𝑘ௗ))ିଵ 100,082 -0,594 1,279 0,404 100,079 100,084 0,164 

 (𝐾ଶ)ିଵ 100,083 1,055 1,316 0,416 100,081 100,086 0,173 

20 1/𝑛 100,081 -1,085 1,102 0,348 100,079 100,083 0,122 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,078 -4,387 1,100 0,348 100,076 100,080 0,123 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,080 -2,495 1,101 0,348 100,077 100,082 0,122 

 (skewness(𝑠ௗ))ିଵ 100,082 0,110 1,109 0,351 100,080 100,084 0,123 

 (kurtosis(𝑘ௗ))ିଵ 100,082 -0,007 1,105 0,349 100,080 100,084 0,122 

 (𝐾ଶ)ିଵ 100,084 1,859 1,141 0,360 100,082 100,086 0,131 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Combining samples resulted in much smaller MSE values compared to using only 

one sample. Using the inverse of the D’Agostino-Pearson statistic resulted in slightly 

higher MSE values for all the numbers of samples combined. The weighting 

strategies resulted in similar MSE values which got smaller as the number of 

samples combined increased. All the weighting strategies appeared to 

underestimate the population parameter most of the time as shown by the negative 

values of the relative bias, though the population parameter was included in the 

confidence interval. 
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Table 4. 6: Scenario 2: Combining D samples of size n=5000, from a population of size N=1000 000, distributed as the 
skewed normal distribution SN(100,25), 𝜽=100.082 

D Method 𝐸൫𝜃൯ Rel. 

Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,081 -1,239 2,241 7,081 100,077 100,085 5,024 

2 1/𝑛 100,081 -1,145 1,596 5,042 100,078 100,084 2,547 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,081 -1,479 1,595 5,040 100,078 100,084 2,547 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,081 -1,286 1,595 5,041 100,078 100,084 2,547 

 (skewness(𝑠ௗ))ିଵ 100,081 -1,077 1,599 5,052 100,078 100,084 2,557 

 (kurtosis(𝑘ௗ))ିଵ 100,081 -1,114 1,597 5,047 100,078 100,084 2,552 

3 1/𝑛 100,081 -1,431 1,291 4,080 100,078 100,083 1,669 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,080 -1,879 1,289 4,074 100,078 100,083 1,666 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,081 -1,620 1,290 4,077 100,078 100,083 1,667 

 (skewness(𝑠ௗ))ିଵ 100,081 -1,248 1,295 4,091 100,078 100,083 1,678 

 (kurtosis(𝑘ௗ))ିଵ 100,081 -1,310 1,293 4,086 100,078 100,083 1,674 

5 1/𝑛 100,081 -1,046 1,026 3,242 100,079 100,083 1,054 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,081 -1,575 1,025 3,240 100,079 100,083 1,054 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,081 -1,270 1,026 3,241 100,079 100,083 1,054 

 (skewness(𝑠ௗ))ିଵ 100,081 -0,871 1,028 3,247 100,079 100,083 1,057 

 (kurtosis(𝑘ௗ))ିଵ 100,081 -0,919 1,027 3,244 100,079 100,083 1,055 

10 1/𝑛 100,081 -0,826 0,736 2,325 100,080 100,083 0,542 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,081 -1,431 0,735 2,324 100,079 100,082 0,543 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,081 -1,084 0,736 2,324 100,080 100,082 0,542 

 (skewness(𝑠ௗ))ିଵ 100,082 -0,585 0,738 2,333 100,080 100,083 0,545 

 (kurtosis(𝑘ௗ))ିଵ 100,082 -0,625 0,737 2,330 100,080 100,083 0,544 

15 1/𝑛 100,082 -0,460 0,583 1,843 100,081 100,083 0,341 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,081 -1,074 0,584 1,844 100,080 100,082 0,342 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,081 -0,721 0,583 1,844 100,080 100,083 0,341 

 (skewness(𝑠ௗ))ିଵ 100,082 -0,218 0,586 1,851 100,081 100,083 0,343 

 (kurtosis(𝑘ௗ))ିଵ 100,082 -0,258 0,585 1,847 100,081 100,083 0,342 

20 1/𝑛 100,082 -0,441 0,500 1,580 100,081 100,083 0,250 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,081 -1,064 0,500 1,581 100,080 100,082 0,251 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,081 -0,705 0,500 1,580 100,080 100,082 0,251 

 (skewness(𝑠ௗ))ିଵ 100,082 -0,178 0,502 1,587 100,081 100,083 0,252 

 (kurtosis(𝑘ௗ))ିଵ 100,082 -0,224 0,501 1,584 100,081 100,083 0,251 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

When a sample size of 5000 was used, all the weighting strategies performed 

similarly, resulting in MSE values which were of comparable magnitude. In all the 

cases, combining samples resulted in lower MSE values compared to using 



 
 

74 
 

estimates calculated using one sample. The resulting MSE values decreased in 

magnitude as more samples were combined. 

 

Table 4. 7: Scenario 3: Combining D samples of size n=10 000, from a population of size N=1000 000, distributed as the 
skewed normal distribution, SN(100,25), 𝜽=100.082 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିସ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,082 -3,639 1,595 5,040 100,079 100,085 2,545 

2 1/𝑛 100,082 -3,914 1,143 3,612 100,080 100,084 1,307 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,082 -5,544 1,143 3,611 100,079 100,084 1,306 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,082 -4,603 1,143 3,611 100,079 100,084 1,306 

 (skewness(𝑠ௗ))ିଵ 100,082 -3,734 1,144 3,615 100,080 100,084 1,309 

 (kurtosis(𝑘ௗ))ିଵ 100,082 -3,678 1,143 3,613 100,080 100,084 1,307 

3 1/𝑛 100,083 4,985 0,953 3,010 100,081 100,085 0,908 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,082 2,930 0,952 3,008 100,081 100,084 0,907 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,083 4,122 0,952 3,009 100,081 100,084 0,907 

 (skewness(𝑠ௗ))ିଵ 100,083 5,440 0,953 3,012 100,081 100,085 0,909 

 (kurtosis(𝑘ௗ))ିଵ 100,083 5,408 0,953 3,011 100,081 100,085 0,908 

5 1/𝑛 100,082 -0,073 0,726 2,295 100,081 100,084 0,528 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,082 -2,698 0,726 2,295 100,080 100,083 0,528 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,082 -1,191 0,726 2,295 100,081 100,083 0,528 

 (skewness(𝑠ௗ))ିଵ 100,082 0,550 0,727 2,299 100,081 100,084 0,529 

 (kurtosis(𝑘ௗ))ିଵ 100,082 0,558 0,727 2,297 100,081 100,084 0,528 

10 1/𝑛 100,083 5,640 0,498 1,574 100,082 100,084 0,249 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,082 2,747 0,498 1,575 100,081 100,083 0,248 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,083 4,419 0,498 1,574 100,082 100,084 0,249 

 (skewness(𝑠ௗ))ିଵ 100,083 6,852 0,499 1,575 100,082 100,084 0,249 

 (kurtosis(𝑘ௗ))ିଵ 100,083 6,684 0,498 1,575 100,082 100,084 0,249 

15 1/𝑛 100,082 3,277 0,405 1,280 100,082 100,083 0,164 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,082 0,253 0,405 1,281 100,081 100,083 0,164 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,082 1,999 0,405 1,281 100,082 100,083 0,164 

 (skewness(𝑠ௗ))ିଵ 100,083 4,423 0,406 1,282 100,082 100,083 0,165 

 (kurtosis(𝑘ௗ))ିଵ 100,083 4,249 0,405 1,281 100,082 100,083 0,165 

20 1/𝑛 100,082 2,232 0,355 1,122 100,082 100,083 0,126 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,082 -0,889 0,355 1,122 100,081 100,083 0,126 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,082 0,910 0,355 1,122 100,082 100,083 0,126 

 (skewness(𝑠ௗ))ିଵ 100,082 3,306 0,355 1,122 100,082 100,083 0,126 

 (kurtosis(𝑘ௗ))ିଵ 100,082 3,182 0,355 1,121 100,082 100,083 0,126 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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In general, the weighting strategies performed similarly. The MSE values decreased 

as more samples were combined. All the confidence intervals included the 

population parameter value. 

 

MSE values were compared across sample sizes and number of samples combined 

in table 4.8 below.   
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Table 4. 8: MSE for the skewed Normal distribution, mean=100, N=1 000 000 across sample sizes n and number of 
samples combined D. 

 

 method=weighting strategy, D = number of samples combined. 

 

It was clear that combining more samples resulted in better estimates, with smaller 

MSE values. Increasing the sample size also improved MSE values. 

D Method 
 n=1000 

 × 10ିଶ 

 n=5000 

× 10ିଷ 

 n=10000 

× 10ିଷ 

1  2,639 5,024 2,545 

2 1/𝑛 1,335 2,547 1,307 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 1,342 2,547 1,306 

 ൫CV(𝜃ௗ)൯
ିଵ

 1,337 2,547 1,306 

 (skewness(𝑠ௗ))ିଵ 1,349 2,557 1,309 

 (kurtosis(𝑠ௗ))ିଵ 1,343 2,552 1,307 

3 1/𝑛 1,393 1,669 0,908 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,878 1,666 0,907 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,887 1,667 0,907 

 (skewness(𝑠ௗ))ିଵ 0,882 1,678 0,909 

 (kurtosis(𝑠ௗ))ିଵ 0,891 1,674 0,908 

5 1/𝑛 0,885 1,054 0,528 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,928 1,054 0,528 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,531 1,054 0,528 

 (skewness(𝑠ௗ))ିଵ 0,536 1,057 0,529 

 (kurtosis(𝑠ௗ))ିଵ 0,533 1,055 0,528 

10 1/𝑛 0,541 0,542 0,249 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,535 0,543 0,248 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,570 0,542 0,249 

 (skewness(𝑠ௗ))ିଵ 0,256 0,545 0,249 

 (kurtosis(𝑠ௗ))ିଵ 0,258 0,544 0,249 

15 1/𝑛 0,257 0,341 0,164 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,258 0,342 0,164 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,257 0,341 0,164 

 (skewness(𝑠ௗ))ିଵ 0,272 0,343 0,165 

 (kurtosis(𝑠ௗ))ିଵ 0,164 0,342 0,165 

20 1/𝑛 0,165 0,250 0,126 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,164 0,251 0,126 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,164 0,251 0,126 

 (skewness(𝑠ௗ))ିଵ 0,164 0,252 0,126 

 (kurtosis(𝑠ௗ))ିଵ 0,173 0,251 0,126 
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4.2.3  Simulation results for a finite population generated using the t- distribution with three 

degrees of freedom, under simple random sampling 

 

The t- distribution with three degrees of freedom was used to generate the finite 

population. The results of comparing the weighting strategies for the first, second 

and third scenarios (sample size 1000, 5000 and 10000 respectively), are presented 

in tables 4.9, 4.10 and 4.11 below.  
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Table 4. 9: Scenario 1: Combining D samples of size n=1000, from a population of size N=1000 000, distributed as the t-
distribution with three degrees of freedom, t(3)(100,25), 𝜽=99.998 
 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,999 0,687 4,992 1,579 99,989 100,009 2,493 

2 1/𝑛 99,997 -1,533 3,503 1,108 99,990 100,004 1,228 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 -1,422 3,443 1,089 99,990 100,004 1,185 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 -1,533 3,503 1,108 99,990 100,004 1,228 

 (skewness(𝑠ௗ))ିଵ 99,997 -1,279 3,457 1,093 99,990 100,004 1,195 

 (kurtosis(𝑘ௗ))ିଵ 99,997 -1,251 3,694 1,168 99,990 100,004 1,364 

 (𝐾ଶ)ିଵ 99,997 -1,577 3,625 1,146 99,990 100,004 1,314 

3 1/𝑛 99,997 -0,980 3,538 1,119 99,990 100,004 1,252 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 -0,460 2,877 0,910 99,992 100,003 0,828 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 -0,064 2,811 0,889 99,993 100,004 0,790 

 (skewness(𝑠ௗ))ିଵ 99,998 -0,460 2,877 0,910 99,992 100,003 0,828 

 (kurtosis(𝑘ௗ))ିଵ 99,998 0,019 2,826 0,894 99,993 100,004 0,799 

 (𝑲𝟐)ି𝟏 99,999 0,414 3,167 1,001 99,992 100,005 1,003 

5 1/𝑛 99,998 -0,223 2,989 0,945 99,992 100,004 0,894 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,257 2,896 0,916 99,993 100,004 0,839 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,952 2,249 0,711 99,995 100,004 0,506 

 (skewness(𝑠ௗ))ିଵ 100,000 1,526 2,189 0,692 99,996 100,004 0,479 

 (kurtosis(𝑘ௗ))ିଵ 99,999 0,952 2,249 0,711 99,995 100,004 0,506 

 (𝐾ଶ)ିଵ 100,000 1,591 2,204 0,697 99,996 100,004 0,486 

10 1/𝑛 100,000 1,641 2,696 0,853 99,995 100,005 0,727 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,876 2,306 0,729 99,995 100,004 0,532 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 1,088 2,243 0,709 99,995 100,004 0,503 

 (skewness(𝑠ௗ))ିଵ 99,997 -1,174 1,528 0,483 99,994 100,000 0,234 

 (kurtosis(𝑘ௗ))ିଵ 99,998 -0,222 1,490 0,471 99,995 100,001 0,222 

 (𝐾ଶ)ିଵ 99,997 -1,174 1,528 0,483 99,994 100,000 0,234 

15 1/𝑛 99,998 -0,293 1,496 0,473 99,995 100,001 0,224 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 0,037 2,369 0,749 99,994 100,003 0,561 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 -0,084 1,621 0,513 99,995 100,001 0,263 

 (skewness(𝑠ௗ))ିଵ 99,998 -0,040 1,585 0,501 99,995 100,001 0,251 

 (kurtosis(𝑘ௗ))ିଵ 99,998 -0,385 1,243 0,393 99,995 100,000 0,155 

 (𝐾ଶ)ିଵ 99,999 0,678 1,208 0,382 99,997 100,001 0,146 

20 1/𝑛 99,998 -0,385 1,243 0,393 99,995 100,000 0,155 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,564 1,214 0,384 99,996 100,001 0,147 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 2,614 2,139 0,677 99,997 100,005 0,458 

 (skewness(𝑠ௗ))ିଵ 100,000 1,285 1,330 0,421 99,997 100,002 0,177 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,447 1,307 0,413 99,997 100,002 0,171 

 (𝐾ଶ)ିଵ 99,999 0,284 1,094 0,346 99,996 100,001 0,120 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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None of the weighting strategies consistently stood out as the number of samples 

combined was increased. The performance of the inverse of the  D’Agostino-

Pearson statistic improved as the number of samples combined was increased. It 

resulted in the lowest MSE value when fifteen samples were combined and when 

twenty samples were combined. 
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Table 4. 10: Scenario 2: Combining D samples of size n=5 000, from a population of size N=1000 000, distributed as the t-
distribution with three degrees of freedom, t(3)(100,25), 𝜽=99.998 
 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,000 2,001 2,236 7,071 99,996 100,005 5,004 

2 1/𝑛 100,000 2,149 1,619 5,119 99,997 100,004 2,625 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 2,493 1,603 5,069 99,998 100,004 2,576 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 2,352 1,608 5,086 99,997 100,004 2,593 

 (skewness(𝑠ௗ))ିଵ 100,001 3,080 1,759 5,564 99,998 100,005 3,105 

 (kurtosis(𝑘ௗ))ିଵ 100,001 2,840 1,687 5,334 99,998 100,004 2,854 

3 1/𝑛 100,000 1,674 1,303 4,121 99,997 100,003 1,701 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 2,301 1,296 4,099 99,998 100,003 1,686 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 2,053 1,297 4,101 99,998 100,003 1,686 

 (skewness(𝑠ௗ))ିଵ 100,001 3,008 1,571 4,969 99,998 100,004 2,478 

 (kurtosis(𝑘ௗ))ିଵ 100,001 2,713 1,426 4,511 99,998 100,004 2,042 

5 1/𝑛 99,999 1,087 0,994 3,142 99,997 100,001 0,988 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,904 0,984 3,111 99,998 100,002 0,972 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,582 0,986 3,118 99,998 100,002 0,975 

 (skewness(𝑠ௗ))ିଵ 100,001 3,094 1,344 4,252 99,999 100,004 1,817 

 (kurtosis(𝑘ௗ))ିଵ 100,001 3,098 1,093 3,457 99,999 100,004 1,204 

10 1/𝑛 99,999 0,256 0,661 2,091 99,997 100,000 0,437 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,954 0,656 2,075 99,998 100,001 0,432 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,705 0,657 2,077 99,998 100,000 0,432 

 (skewness(𝑠ௗ))ିଵ 100,000 1,997 1,125 3,558 99,998 100,002 1,270 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,651 0,734 2,322 99,998 100,001 0,542 

15 1/𝑛 99,999 0,344 0,555 1,754 99,998 100,000 0,308 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 1,001 0,548 1,733 99,998 100,000 0,301 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,772 0,550 1,738 99,998 100,000 0,303 

 (skewness(𝑠ௗ))ିଵ 100,000 1,471 1,047 3,310 99,998 100,002 1,098 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,506 0,605 1,912 99,999 100,001 0,368 

20 1/𝑛 99,998 0,087 0,491 1,552 99,997 99,999 0,241 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,698 0,484 1,529 99,998 100,000 0,234 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,492 0,486 1,536 99,998 100,000 0,236 

 (skewness(𝑠ௗ))ିଵ 99,999 1,061 1,015 3,209 99,997 100,001 1,031 

 (kurtosis(𝑘ௗ))ିଵ 99,999 1,184 0,528 1,668 99,998 100,001 0,280 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

Combining samples using any of the weighting strategies under consideration 

resulted in lower MSE values compared to using estimates from only one sample. 

The MSE value decreased as the number of samples combined was increased. The 
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weighting strategies’ performance were comparable with the exception of the inverse 

of skewness which resulted in notably higher MSE values relative to the others 

weighting strategies. This was expected because the superpopulation distribution is 

not skewed. 

Table 4. 11: Scenario 3: Combining D samples of size n=10 000, from a population of size N=1000 000, distributed as the 
t-distribution with three degrees of freedom, t(3)(100,25), 𝜽=99.998 
 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,999 0,624 1,546 4,890 99,996 100,002 2,392 

2 1/𝑛 99,998 -0,522 1,093 3,457 99,996 100,000 1,195 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 -0,095 1,087 3,437 99,996 100,000 1,181 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 -0,292 1,089 3,443 99,996 100,000 1,185 

 (skewness(𝑠ௗ))ିଵ 100,000 1,729 1,213 3,835 99,998 100,002 1,474 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,811 1,169 3,698 99,998 100,002 1,371 

3 1/𝑛 99,998 0,146 0,887 2,804 99,997 100,000 0,786 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,539 0,881 2,786 99,997 100,001 0,777 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,369 0,882 2,791 99,997 100,000 0,779 

 (skewness(𝑠ௗ))ିଵ 100,001 2,324 1,086 3,434 99,998 100,003 1,184 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,956 0,979 3,097 99,998 100,002 0,963 

5 1/𝑛 99,999 0,416 0,665 2,104 99,997 100,000 0,443 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,826 0,660 2,087 99,998 100,000 0,436 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,657 0,661 2,092 99,998 100,000 0,438 

 (skewness(𝑠ௗ))ିଵ 100,000 1,317 0,917 2,900 99,998 100,001 0,843 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,927 0,743 2,348 99,999 100,002 0,555 

10 1/𝑛 99,998 0,162 0,482 1,523 99,998 99,999 0,232 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,639 0,480 1,518 99,998 100,000 0,231 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,443 0,480 1,518 99,998 100,000 0,231 

 (skewness(𝑠ௗ))ିଵ 100,000 1,390 0,785 2,481 99,998 100,001 0,617 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,868 0,543 1,716 99,999 100,001 0,298 

15 1/𝑛 99,998 0,179 0,401 1,267 99,998 99,999 0,160 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,639 0,399 1,261 99,998 100,000 0,159 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,453 0,399 1,262 99,998 100,000 0,159 

 (skewness(𝑠ௗ))ିଵ 100,000 1,219 0,714 2,257 99,998 100,001 0,511 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,623 0,443 1,402 99,999 100,001 0,199 

20 1/𝑛 99,998 0,043 0,347 1,098 99,998 99,999 0,121 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,489 0,345 1,092 99,998 99,999 0,119 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,312 0,346 1,093 99,998 99,999 0,120 

 (skewness(𝑠ௗ))ିଵ 99,999 0,919 0,673 2,129 99,998 100,001 0,454 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,318 0,377 1,193 99,999 100,000 0,144 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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The MSE values resulting from all the weighting strategies were comparable except 

the inverse of skewness which resulted in higher MSE values. 

Table 4.12 presents a comparison of MSE values across sample sizes. 

 

Table 4. 12: MSE for the t distribution with three degrees of freedom, mean=100, N=1 000 000 across sample sizes n and 
number of samples combined D. 
 

 

 method=weighting strategy, D = number of samples combined. 

 

D Method 
 n=1000 

 × 10ିଶ 

 n=5000 

× 10ିଷ 

 n=10000 

× 10ିଷ 

1  2,493 5,004 2,392 

2 1/𝑛 1,228 2,625 1,195 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 1,185 2,576 1,181 

 ൫CV(𝜃ௗ)൯
ିଵ

 1,228 2,593 1,185 

 (skewness(𝑠ௗ))ିଵ 1,195 3,105 1,474 

 (kurtosis(𝑠ௗ))ିଵ 1,364 2,854 1,371 

3 1/𝑛 1,314 1,701 0,786 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 1,252 1,686 0,777 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,828 1,686 0,779 

 (skewness(𝑠ௗ))ିଵ 0,790 2,478 1,184 

 (kurtosis(𝑠ௗ))ିଵ 0,828 2,042 0,963 

5 1/𝑛 0,799 0,988 0,443 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 1,003 0,972 0,436 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,894 0,975 0,438 

 (skewness(𝑠ௗ))ିଵ 0,839 1,817 0,843 

 (kurtosis(𝑠ௗ))ିଵ 0,506 1,204 0,555 

10 1/𝑛 0,479 0,437 0,232 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,506 0,432 0,231 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,486 0,432 0,231 

 (skewness(𝑠ௗ))ିଵ 0,727 1,270 0,617 

 (kurtosis(𝑠ௗ))ିଵ 0,532 0,542 0,298 

15 1/𝑛 0,503 0,308 0,160 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,234 0,301 0,159 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,222 0,303 0,159 

 (skewness(𝑠ௗ))ିଵ 0,234 1,098 0,511 

 (kurtosis(𝑠ௗ))ିଵ 0,224 0,368 0,199 

20 1/𝑛 0,561 0,241 0,121 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,263 0,234 0,119 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,251 0,236 0,120 

 (skewness(𝑠ௗ))ିଵ 0,155 1,031 0,454 

 (kurtosis(𝑠ௗ))ିଵ 0,146 0,280 0,144 
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In most cases, the same choice of weighting strategy was made for the sample sizes 

n=5000 and n=10000 when the same number of samples were combined. 
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4.2.4  Simulation results for a finite population generated using the skewed t- distribution with 

three degrees of freedom, under simple random sampling 

 

The skewed t-distribution with three degrees of freedom was used to generate the 

finite population. The results of comparing the weighting strategies are presented in 

Appendix D1. A location parameter of -0.7891, a scale parameter of 0.746 and an 

asymmetry parameter of 3 were used to generate strongly asymmetric data with 

mean 100 and variance 25, 49 and 81. The inverse of the sample size was selected 

as the best weighting strategy for all the scenarios considered. We compared 

estimates calculated from one sample to estimates resulting from combining two or 

more samples. In all the cases, combining samples resulted in lower MSE values. 

Almost all the confidence intervals excluded the finite population parameter value. 

Results for scenarios 1, 2 and 3 are presented below. 
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Table 4. 13: Scenario 1: Combining D samples of size n=1000, from a population of size N=1000 000, distributed as the 
skewed t-distribution with three degrees of freedom, at(3)(100,25), 𝜽=99.955 
 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,956 0,111 4,988 1,578 99,947 99,966 2,488 

2 1/𝑛 99,956 0,112 3,532 1,117 99,949 99,963 1,247 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,942 -1,314 3,433 1,086 99,935 99,949 1,196 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,949 -0,616 3,447 1,091 99,942 99,956 1,192 

 (skewness(𝑠ௗ))ିଵ 99,942 -1,318 3,546 1,122 99,935 99,949 1,274 

 (kurtosis(𝑘ௗ))ିଵ 99,937 -1,842 3,704 1,172 99,930 99,944 1,406 

 (𝐾ଶ)ିଵ 99,945 -1,040 3,539 1,120 99,938 99,952 1,263 

3 1/𝑛 99,955 0,008 2,935 0,929 99,950 99,961 0,862 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,938 -1,747 2,873 0,909 99,932 99,943 0,856 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,946 -0,892 2,871 0,908 99,941 99,952 0,832 

 (skewness(𝑠ௗ))ିଵ 99,937 -1,790 2,968 0,939 99,932 99,943 0,913 

 (kurtosis(𝑘ௗ))ିଵ 99,930 -2,496 3,168 1,003 99,924 99,937 1,066 

 (𝑲𝟐)ି𝟏 99,941 -1,472 2,966 0,939 99,935 99,946 0,902 

5 1/𝑛 99,956 0,126 2,238 0,708 99,952 99,961 0,501 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,936 -1,933 2,165 0,685 99,932 99,940 0,506 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,946 -0,939 2,171 0,687 99,942 99,950 0,480 

 (skewness(𝑠ௗ))ିଵ 99,935 -1,976 2,252 0,713 99,931 99,940 0,546 

 (kurtosis(𝑘ௗ))ିଵ 99,927 -2,803 2,441 0,773 99,922 99,932 0,674 

 (𝐾ଶ)ିଵ 99,939 -1,626 2,248 0,711 99,935 99,943 0,532 

10 1/𝑛 99,954 -0,095 1,525 0,483 99,951 99,957 0,233 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,932 -2,365 1,495 0,473 99,929 99,935 0,279 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,943 -1,273 1,488 0,471 99,940 99,945 0,238 

 (skewness(𝑠ௗ))ିଵ 99,931 -2,388 1,570 0,497 99,928 99,934 0,303 

 (kurtosis(𝑘ௗ))ିଵ 99,922 -3,305 1,735 0,549 99,919 99,926 0,410 

 (𝐾ଶ)ିଵ 99,935 -2,028 1,565 0,495 99,932 99,938 0,286 

15 1/𝑛 99,956 0,029 1,256 0,397 99,953 99,958 0,158 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,932 -2,298 1,251 0,396 99,930 99,935 0,209 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,943 -1,178 1,238 0,392 99,941 99,946 0,167 

 (skewness(𝑠ௗ))ିଵ 99,932 -2,323 1,322 0,418 99,929 99,935 0,229 

 (kurtosis(𝑘ௗ))ିଵ 99,923 -3,265 1,454 0,460 99,920 99,925 0,318 

 (𝐾ଶ)ିଵ 99,936 -1,958 1,312 0,415 99,933 99,938 0,210 

20 1/𝑛 99,956 0,091 1,117 0,353 99,954 99,958 0,125 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,932 -2,275 1,111 0,352 99,930 99,935 0,175 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,944 -1,136 1,099 0,348 99,942 99,946 0,134 

 (skewness(𝑠ௗ))ିଵ 99,932 -2,287 1,171 0,371 99,930 99,935 0,189 

 (kurtosis(𝑘ௗ))ିଵ 99,923 -3,224 1,286 0,407 99,921 99,926 0,269 

 (𝐾ଶ)ିଵ 99,936 -1,916 1,162 0,368 99,934 99,938 0,172 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Weighting strategies performed comparably. However, the inverse of kurtosis 

resulted in higher MSE values. 

 

Table 4. 14: Scenario 2: Combining D samples of size n=5 000, from a population of size N=1000 000, distributed as the 
skewed t-distribution with three degrees of freedom, at(3)(100,25), 𝜽=99.955 

 Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,956 0,055 2,310 7,307 99,951 99,960 5,335 

2 1/𝑛 99,958 0,317 1,648 5,213 99,955 99,962 2,725 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,956 0,030 1,642 5,194 99,952 99,959 2,696 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,957 0,174 1,641 5,192 99,954 99,960 2,697 

 (skewness(𝑠ௗ))ିଵ 99,955 -0,069 1,686 5,333 99,951 99,958 2,842 

 (kurtosis(𝑘ௗ))ିଵ 99,953 -0,253 1,774 5,613 99,949 99,956 3,154 

3 1/𝑛 99,957 0,192 1,364 4,315 99,954 99,960 1,864 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,953 -0,193 1,363 4,311 99,951 99,956 1,861 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,955 -0,001 1,360 4,302 99,953 99,958 1,849 

 (skewness(𝑠ௗ))ିଵ 99,952 -0,319 1,408 4,455 99,949 99,955 1,993 

 (kurtosis(𝑘ௗ))ିଵ 99,949 -0,575 1,511 4,781 99,947 99,952 2,317 

5 1/𝑛 99,957 0,130 1,062 3,361 99,954 99,959 1,130 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,952 -0,338 1,048 3,315 99,950 99,954 1,109 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,954 -0,104 1,052 3,328 99,952 99,956 1,107 

 (skewness(𝑠ௗ))ିଵ 99,950 -0,485 1,076 3,404 99,948 99,952 1,181 

 (kurtosis(𝑘ௗ))ିଵ 99,947 -0,815 1,158 3,664 99,945 99,949 1,408 

10 1/𝑛 99,956 0,099 0,724 2,291 99,955 99,958 0,525 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,951 -0,431 0,716 2,265 99,950 99,952 0,531 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,954 -0,167 0,718 2,270 99,952 99,955 0,518 

 (skewness(𝑠ௗ))ିଵ 99,949 -0,616 0,735 2,325 99,948 99,951 0,578 

 (kurtosis(𝑘ௗ))ିଵ 99,945 -1,036 0,802 2,539 99,943 99,946 0,751 

15 1/𝑛 99,956 0,087 0,593 1,875 99,955 99,957 0,352 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,951 -0,468 0,588 1,862 99,949 99,952 0,368 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,953 -0,191 0,589 1,862 99,952 99,954 0,350 

 (skewness(𝑠ௗ))ିଵ 99,949 -0,672 0,606 1,917 99,947 99,950 0,412 

 (kurtosis(𝑘ௗ))ିଵ 99,944 -1,124 0,664 2,101 99,943 99,945 0,567 

20 1/𝑛 99,955 0,024 0,506 1,602 99,954 99,956 0,256 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,950 -0,540 0,505 1,599 99,949 99,951 0,285 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,953 -0,259 0,504 1,596 99,952 99,954 0,261 

 (skewness(𝑠ௗ))ିଵ 99,948 -0,750 0,522 1,650 99,947 99,949 0,328 

 (kurtosis(𝑘ௗ))ିଵ 99,943 -1,216 0,571 1,808 99,942 99,944 0,474 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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The weighting strategies resulted in comparable MSE values barring the inverse of 

kurtosis and to a lesser extent the inverse of skewness.  
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Table 4. 15: Scenario 3: Combining D samples of size n=10 000, from a population of size N=1000 000, distributed as the 
skewed t-distribution with three degrees of freedom, at(3)(100,25), 𝜽=99.955 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,955 0,068 1,573 4,976 99,952 99,958 2,474 

2 1/𝑛 99,955 -0,312 1,095 3,464 99,953 99,957 1,199 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,953 -1,893 1,091 3,451 99,951 99,955 1,193 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,954 -1,094 1,092 3,454 99,952 99,956 1,193 

 (skewness(𝑠ௗ))ିଵ 99,952 -2,952 1,114 3,526 99,950 99,954 1,251 

 (kurtosis(𝑘ௗ))ିଵ 99,951 -4,528 1,184 3,745 99,948 99,953 1,422 

3 1/𝑛 99,955 0,101 0,905 2,862 99,954 99,957 0,818 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,953 -1,987 0,903 2,857 99,951 99,955 0,819 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,954 -0,934 0,903 2,855 99,953 99,956 0,815 

 (skewness(𝑠ௗ))ିଵ 99,952 -3,398 0,937 2,965 99,950 99,954 0,890 

 (kurtosis(𝑘ௗ))ିଵ 99,950 -5,562 1,026 3,247 99,948 99,952 1,084 

5 1/𝑛 99,956 0,580 0,716 2,264 99,954 99,957 0,512 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,953 -1,854 0,717 2,268 99,952 99,955 0,517 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,955 -0,628 0,715 2,263 99,953 99,956 0,512 

 (skewness(𝑠ௗ))ିଵ 99,952 -3,382 0,745 2,358 99,950 99,953 0,567 

 (kurtosis(𝑘ௗ))ିଵ 99,949 -6,033 0,821 2,597 99,948 99,951 0,710 

10 1/𝑛 99,956 0,339 0,510 1,614 99,955 99,957 0,260 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,953 -2,465 0,512 1,620 99,952 99,954 0,268 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,954 -1,057 0,510 1,615 99,953 99,955 0,262 

 (skewness(𝑠ௗ))ିଵ 99,951 -4,304 0,535 1,693 99,950 99,952 0,305 

 (kurtosis(𝑘ௗ))ିଵ 99,948 -7,487 0,593 1,876 99,947 99,949 0,408 

15 1/𝑛 99,956 0,597 0,411 1,302 99,955 99,957 0,170 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,953 -2,308 0,411 1,299 99,952 99,954 0,174 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,954 -0,850 0,410 1,298 99,954 99,955 0,169 

 (skewness(𝑠ௗ))ିଵ 99,951 -4,147 0,426 1,348 99,950 99,952 0,199 

 (kurtosis(𝑘ௗ))ିଵ 99,948 -7,439 0,469 1,485 99,947 99,949 0,276 

20 1/𝑛 99,956 0,648 0,364 1,150 99,955 99,957 0,133 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,953 -2,256 0,362 1,146 99,952 99,954 0,136 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,954 -0,798 0,362 1,146 99,954 99,955 0,132 

 (skewness(𝑠ௗ))ିଵ 99,951 -4,046 0,375 1,187 99,950 99,952 0,157 

 (kurtosis(𝑘ௗ))ିଵ 99,948 -7,326 0,413 1,307 99,947 99,949 0,224 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

The inverse of kurtosis and to a smaller degree, the inverse of skewness, resulted in  

higher MSE values relative to all the other weighting strategies. As in the other 

superpopulation distributions, MSE values were also compared across sample sizes 

and presented in table 4.16. 
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Table 4. 16: MSE for the skewed t distribution with three degrees of freedom, mean=100, N=1 000 000 across sample 
sizes n and number of samples combined D. 

 

 method=weighting strategy, D = number of samples combined. 

 
There was no one weighting strategy which consistently stood out as better than the 

others. The weighting strategies performed comparably well.  

D Method 
 n=1000 

 × 10ିଶ 

 n=5000 

× 10ିଷ 

 n=10000 

× 10ିଷ 

1  2,488 5,335 2,474 

2 1/𝑛 1,247 2,725 1,199 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 1,196 2,696 1,193 

 ൫CV(𝜃ௗ)൯
ିଵ

 1,192 2,697 1,193 

 (skewness(𝑠ௗ))ିଵ 1,274 2,842 1,251 

 (kurtosis(𝑠ௗ))ିଵ 1,406 3,154 1,422 

3 1/𝑛 1,263 1,864 0,818 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,862 1,861 0,819 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,856 1,849 0,815 

 (skewness(𝑠ௗ))ିଵ 0,832 1,993 0,890 

 (kurtosis(𝑠ௗ))ିଵ 0,913 2,317 1,084 

5 1/𝑛 1,066 1,130 0,512 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,902 1,109 0,517 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,501 1,107 0,512 

 (skewness(𝑠ௗ))ିଵ 0,506 1,181 0,567 

 (kurtosis(𝑠ௗ))ିଵ 0,480 1,408 0,710 

10 1/𝑛 0,546 0,525 0,260 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,674 0,531 0,268 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,532 0,518 0,262 

 (skewness(𝑠ௗ))ିଵ 0,233 0,578 0,305 

 (kurtosis(𝑠ௗ))ିଵ 0,279 0,751 0,408 

15 1/𝑛 0,238 0,352 0,170 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,303 0,368 0,174 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,410 0,350 0,169 

 (skewness(𝑠ௗ))ିଵ 0,286 0,412 0,199 

 (kurtosis(𝑠ௗ))ିଵ 0,158 0,567 0,276 

20 1/𝑛 0,209 0,256 0,133 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,167 0,285 0,136 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,229 0,261 0,132 

 (skewness(𝑠ௗ))ିଵ 0,318 0,328 0,157 

 (kurtosis(𝑠ௗ))ିଵ 0,210 0,474 0,224 
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4.2.7 Summary of simulation results under simple random sampling 
 
Increasing the sample size appeared to improve the MSE values for all the 

superpopulations. In general, increasing the number of samples combined led to a 

decrease in MSE values. Under simple random sampling, the variance of the 

superpopulation did not influence the choice of the weighting strategy. However, 

increasing the variance resulted in an increase in the MSE values. The skewness of 

the superpopulation appeared to affect the choice of the weighting strategy. In 

general, all the weighting strategies except the inverse of skewness and the inverse 

of the D’Agostino-Pearson statistic appeared to work well with the symmetric 

superpopulations. This is expected as skewness is not expected to play an important 

role when the data are symmetrical. The size of the finite population also appeared 

to influence the choice of the weighting strategy.  

 

Stratified random sampling and cluster random sampling were studied in sections 

4.3 and 4.4, respectively.
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4.3 Simulation results under stratified sampling 

 

Comparison of the weighting strategies when combining survey data collected 

through stratified random sampling was carried out as described in section 4.1. A 

stratified finite population of size N=1000 000 was simulated from a super-population 

with a normal distribution, mean 100 and variance 25. The population was generated 

with five strata of equal size. The distributions within the strata were chosen in such 

a way that the combined population would have a normal distribution with mean 100 

and variance 25. Population means and variances for the strata were as follows; 

((130, 36), (115, 25), (100, 25), (85, 25), (70, 36)).  

 

Sampling fractions were chosen to yield the required sample sizes of 1 000, 5 000 

and 10 000 with higher sampling fractions in the strata with greater variation. The 

sampling fractions used were (0.00144, 0.00072, 0.00072, 0.00072, 0.00144), 

(0.00716, 0.00358, 0.00358, 0.00358,0.00716) and 

(0.01432,0.00714,0.00714,0.00714,0.01432) for the respective required sample 

sizes. Within each stratum, the sample was selected by simple random sampling 

without replacement.  

 

As with simple random sampling, the weighting strategies were compared when 

estimates from 2,3,5,10,15 or 20 samples were combined. 

 

Misspecification effects were calculated for the estimated means from each sample 

selected. The average misspecification effects observed for each superpopulation 

distribution and sample size are presented in table 4.3.1 below. 
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Table 4. 17 : Misspecification effects for all the distributions and sample sizes considered 
under stratified sampling 

 Distribution Sample size Misspecification effect 

Normal 1000 0,402 

5000 0,402 

10000 0,406 

Skewed normal 1000 0,409 
 

5000 0,405 

10000 0,406 

t, 3 d.f 1000 0,408 

5000 0,424 

10000 0,399 

skewed t, 3 d.f 1000 0,391 

5000 0,412 

10000 0,422 

 

 

 

The misspecification effects were approximately the same across sample sizes and 

data distributions. They are all less than one. Ignoring stratification in the analysis 

would lead to overestimation of the variance, 𝑉𝑎𝑟൫𝜃൯. In section 1.2, we discussed 

design effects and misspecification effects. In this thesis, we consider two weighting 

strategies which use the misspecification effect. That is, 
ଵ


 and 



௩(௬)
. 

 

Similarly, to simple random sampling, weighting by the inverse of the sample size 

resulted in identical results to using a weight of one. This could be because all the 

strata used in this study are of equal size. When strata are of different sizes, as is 

often the case in practical situations, these weighting strategies may not yield 

identical results. Only results for weighting by the inverse of the sample size will be 

presented in subsections 4.3.1 to 4.3.6.  
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4.3.1  Simulation results for a finite population generated using the normal distribution, under 

stratified sampling 

 

The normal distribution was used to generate the finite population from which 

different sample surveys were then selected. Further results of comparing the 

weighting strategies for combining the sample surveys are presented in Appendix 

A2. The tables below only present the results obtained when design consistent 

weighting strategies were used. Only three scenarios were considered for this 

simulation. Simulations were done for a superpopulation distributed as N(100,25) 

with sample sizes 1000, 5000 and 10000.  
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Table 4. 18 : Scenario 1: Combining D samples of size n=1000, from a population of size N=1000 000, distributed as the 
normal distribution N(100,25), 𝜽=99.999 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,996 -3,524 3,471 1,098 99,989 100,002 1,206 

2 1/𝑛 99,997 -2,406 2,432 0,769 99,992 100,001 0,592 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 -1,839 2,457 0,777 99,992 100,002 0,604 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 -1,824 2,454 0,776 99,992 100,002 0,603 

 (skewness(𝑠ௗ))ିଵ 99,998 -1,424 2,761 0,873 99,992 100,003 0,762 

 (kurtosis(𝑘ௗ))ିଵ 99,997 -1,899 2,456 0,777 99,992 100,002 0,604 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,997 -1,984 2,454 0,776 99,992 100,002 0,603 

 (𝑚𝑒𝑓𝑓)ିଵ 99,997 -1,792 2,456 0,777 99,992 100,002 0,604 

3 1/𝑛 100,000 0,982 1,912 0,605 99,996 100,004 0,366 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 1,559 1,924 0,608 99,997 100,004 0,370 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 1,606 1,921 0,608 99,997 100,004 0,369 

 (skewness(𝑠ௗ))ିଵ 100,001 1,611 2,422 0,766 99,996 100,005 0,587 

 (kurtosis(𝑘ௗ))ିଵ 100,001 1,489 1,919 0,607 99,997 100,004 0,368 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,374 1,926 0,609 99,997 100,004 0,371 

 (𝑚𝑒𝑓𝑓)ିଵ 100,001 1,608 1,925 0,609 99,997 100,004 0,371 

5 1/𝑛 100,000 1,088 1,553 0,491 99,997 100,003 0,241 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,213 1,555 0,492 99,997 100,003 0,242 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,245 1,554 0,491 99,997 100,003 0,241 

 (skewness(𝑠ௗ))ିଵ 100,000 0,516 2,177 0,688 99,995 100,004 0,474 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,102 1,556 0,492 99,997 100,003 0,242 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,027 1,555 0,492 99,997 100,003 0,242 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,075 1,561 0,494 99,997 100,003 0,244 

10 1/𝑛 100,001 2,338 1,110 0,351 99,999 100,004 0,124 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 2,382 1,112 0,351 99,999 100,004 0,124 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,002 2,467 1,111 0,351 99,999 100,004 0,124 

 (skewness(𝑠ௗ))ିଵ 100,001 2,101 1,853 0,586 99,998 100,005 0,344 

 (kurtosis(𝑘ௗ))ିଵ 100,001 2,380 1,111 0,351 99,999 100,004 0,124 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,001 2,225 1,111 0,351 99,999 100,003 0,124 

 (𝑚𝑒𝑓𝑓)ିଵ 100,001 2,372 1,114 0,352 99,999 100,004 0,125 

15 1/𝑛 100,000 0,870 0,919 0,291 99,998 100,002 0,085 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 0,891 0,918 0,290 99,998 100,002 0,084 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,993 0,918 0,290 99,998 100,002 0,084 

 (skewness(𝑠ௗ))ିଵ 99,999 0,134 1,764 0,558 99,996 100,003 0,311 

 (kurtosis(𝑘ௗ))ିଵ 100,000 0,898 0,919 0,291 99,998 100,002 0,085 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 0,896 0,917 0,290 99,998 100,002 0,084 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 0,950 0,920 0,291 99,998 100,002 0,085 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.18 continued: Scenario 1: Combining D samples of size n=1000, from a population of size N=1000 000, 
distributed as the normal distribution N(100,25), 𝜽=99.999 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 99,999 0,347 0,791 0,250 99,998 100,001 0,063 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,347 0,793 0,251 99,998 100,001 0,063 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,461 0,792 0,250 99,998 100,001 0,063 

 (skewness(𝑠ௗ))ିଵ 99,998 -0,625 1,673 0,529 99,995 100,002 0,280 

 (kurtosis(𝑘ௗ))ିଵ 99,999 0,366 0,791 0,250 99,998 100,001 0,063 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 0,360 0,790 0,250 99,998 100,001 0,062 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,325 0,794 0,251 99,998 100,001 0,063 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

Using only one sample resulted in a much larger MSE value compared to combining 

samples using any one of the weighting strategies considered. The weighting 

strategies performed similarly with very close MSE values. Weighting the samples by 

the inverse of skewness resulted in higher MSE values in relation to the all the other 

weighting strategies. This was expected since the superpopulation distribution is not 

skewed. 
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Table 4. 19: Scenario 2: Combining D samples of size n=5000, from a population of size N=1000 000, distributed as the 
normal distribution N(100,25), 𝜽=99.999 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,001 2,212 1,591 5,032 99,998 100,004 2,537 

2 1/𝑛 100,001 1,666 1,094 3,461 99,999 100,003 1,200 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 1,848 1,100 3,478 99,999 100,003 1,213 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 1,860 1,100 3,477 99,999 100,003 1,212 

 (skewness(𝑠ௗ))ିଵ 100,001 1,798 1,199 3,792 99,999 100,003 1,441 

 (kurtosis(𝑘ௗ))ିଵ 100,001 1,830 1,099 3,475 99,999 100,003 1,211 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,001 1,835 1,100 3,477 99,999 100,003 1,213 

 (𝑚𝑒𝑓𝑓)ିଵ 100,001 1,861 1,100 3,477 99,999 100,003 1,213 

3 1/𝑛 100,000 1,208 0,911 2,882 99,999 100,002 0,832 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,341 0,916 2,896 99,999 100,002 0,841 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,354 0,916 2,895 99,999 100,002 0,840 

 (skewness(𝑠ௗ))ିଵ 100,001 1,736 1,098 3,471 99,999 100,003 1,208 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,324 0,915 2,893 99,999 100,002 0,839 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,341 0,915 2,894 99,999 100,002 0,839 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,345 0,916 2,898 99,999 100,002 0,841 

5 1/𝑛 100,000 0,815 0,703 2,223 99,999 100,001 0,495 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 0,811 0,703 2,223 99,999 100,001 0,495 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,832 0,703 2,223 99,999 100,001 0,495 

 (skewness(𝑠ௗ))ିଵ 100,001 1,637 0,978 3,092 99,999 100,003 0,959 

 (kurtosis(𝑘ௗ))ିଵ 100,000 0,797 0,703 2,222 99,998 100,001 0,495 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 0,831 0,703 2,222 99,999 100,001 0,494 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 0,831 0,704 2,225 99,999 100,001 0,496 

10 1/𝑛 99,999 -0,195 0,496 1,567 99,998 100,000 0,246 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 -0,204 0,496 1,567 99,998 100,000 0,246 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 -0,178 0,496 1,567 99,998 100,000 0,246 

 (skewness(𝑠ௗ))ିଵ 100,000 0,850 0,867 2,741 99,998 100,002 0,752 

 (kurtosis(𝑘ௗ))ିଵ 99,999 -0,193 0,496 1,568 99,998 100,000 0,246 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 -0,220 0,496 1,569 99,998 100,000 0,246 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 -0,190 0,496 1,567 99,998 100,000 0,246 

15 1/𝑛 99,999 -0,297 0,400 1,266 99,998 100,000 0,160 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 -0,308 0,401 1,267 99,998 100,000 0,161 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 -0,280 0,400 1,266 99,998 100,000 0,160 

 (skewness(𝑠ௗ))ିଵ 100,000 0,918 0,816 2,580 99,998 100,002 0,667 

 (kurtosis(𝑘ௗ))ିଵ 99,999 -0,297 0,400 1,266 99,998 100,000 0,160 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 -0,293 0,400 1,266 99,998 100,000 0,160 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 -0,310 0,401 1,267 99,998 100,000 0,161 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.19 continued: Scenario 2: Combining D samples of size n=5000, from a population of size N=1000 000, 
distributed as the normal distribution N(100,25), 𝜽=99.999 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 99,999 -0,136 0,352 1,113 99,998 100,000 0,124 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 -0,149 0,352 1,114 99,998 100,000 0,124 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 -0,120 0,352 1,113 99,998 100,000 0,124 

 (skewness(𝑠ௗ))ିଵ 100,000 0,837 0,789 2,494 99,998 100,001 0,623 

 (kurtosis(𝑘ௗ))ିଵ 99,999 -0,138 0,352 1,113 99,998 100,000 0,124 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 -0,192 0,353 1,117 99,998 100,000 0,125 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 -0,169 0,352 1,112 99,998 100,000 0,124 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

Combining samples resulted in lower MSE values compared to using one sample. 

The weighting strategies resulted in MSE values that were close in magnitude. As 

expected, using the inverse of skewness as a weighting strategy resulted in notably 

higher MSE values compared to the other weighting strategies studied. 
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Table 4. 20: Scenario 3: Combining D samples of size n=10000, from a population of size N=1000 000, distributed as the 
normal distribution N(100,25), 𝜽=99.999 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,999 -0,251 1,086 3,434 99,997 100,001 1,179 

2 1/𝑛 100,000 1,047 0,778 2,459 99,999 100,002 0,606 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 
1,057 0,782 2,474 

99,999 100,002 0,613 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,074 0,782 2,473 99,999 100,002 0,613 

 (skewness(𝑠ௗ))ିଵ 100,001 1,560 0,881 2,786 99,999 100,002 0,779 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,082 0,782 2,472 99,999 100,002 0,612 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,069 0,782 2,473 99,999 100,002 0,613 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,068 0,782 2,474 99,999 100,002 0,613 

3 1/𝑛 99,999 0,044 0,646 2,042 99,998 100,000 0,417 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 
0,204 0,648 2,049 

99,998 100,001 0,420 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,217 0,648 2,048 99,998 100,001 0,419 

 (skewness(𝑠ௗ))ିଵ 100,000 0,689 0,778 2,459 99,998 100,001 0,605 

 (kurtosis(𝑘ௗ))ିଵ 99,999 0,211 0,647 2,047 99,998 100,001 0,419 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 0,209 0,647 2,047 99,998 100,001 0,419 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,208 0,648 2,049 99,998 100,001 0,420 

5 1/𝑛 100,000 0,637 0,489 1,546 99,999 100,001 0,239 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 
0,635 0,489 1,548 

99,999 100,001 0,240 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,646 0,489 1,547 99,999 100,001 0,240 

 (skewness(𝑠ௗ))ିଵ 100,000 1,341 0,673 2,129 99,999 100,002 0,455 

 (kurtosis(𝑘ௗ))ିଵ 100,000 0,642 0,489 1,545 99,999 100,001 0,239 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 0,622 0,489 1,548 99,999 100,001 0,240 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 0,627 0,490 1,549 99,999 100,001 0,240 

10 1/𝑛 100,000 0,499 0,348 1,100 99,999 100,000 0,121 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 
0,496 0,348 1,102 

99,999 100,000 0,122 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,508 0,348 1,101 99,999 100,000 0,122 

 (skewness(𝑠ௗ))ିଵ 100,000 0,959 0,595 1,882 99,999 100,001 0,355 

 (kurtosis(𝑘ௗ))ିଵ 100,000 0,507 0,348 1,101 99,999 100,000 0,121 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 0,474 0,350 1,106 99,999 100,000 0,122 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 0,497 0,349 1,102 99,999 100,000 0,122 

15 1/𝑛 99,999 0,405 0,282 0,893 99,999 100,000 0,080 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 
0,405 0,283 0,894 

99,999 100,000 0,080 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,416 0,283 0,894 99,999 100,000 0,080 

 (skewness(𝑠ௗ))ିଵ 100,000 0,579 0,550 1,740 99,999 100,001 0,303 

 (kurtosis(𝑘ௗ))ିଵ 99,999 0,411 0,283 0,894 99,999 100,000 0,080 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 0,389 0,283 0,894 99,999 100,000 0,080 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,417 0,283 0,894 99,999 100,000 0,080 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.20 continued: Scenario 3: Combining D samples of size n=10000, from a population of size N=1000 000, 
distributed as the normal distribution N(100,25), 𝜽=99.999 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 100,000 0,512 0,243 0,769 99,999 100,000 0,059 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 0,513 0,243 0,769 99,999 100,000 0,059 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,524 0,243 0,769 99,999 100,000 0,059 

 (skewness(𝑠ௗ))ିଵ 100,000 0,517 0,525 1,659 99,999 100,001 0,275 

 (kurtosis(𝑘ௗ))ିଵ 100,000 0,518 0,243 0,769 99,999 100,000 0,059 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 0,464 0,246 0,779 99,999 100,000 0,061 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 0,475 0,245 0,776 99,999 100,000 0,060 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

The weighting strategies performed similarly with the exception of the inverse of 

skewness which mostly resulted in higher MSE values as the number of samples 

combined was varied.  

 

Summary 

 

In general, combining samples improved the MSE values. The MSE values tended to 

decrease as more samples were combined and when the sample size was 

increased. The inverse of skewness did work not well with the normal distribution 

superpopulation resulting in higher MSE values. The superpopulation distribution 

was not skewed hence this was expected. All the other weighting strategies 

performed similarly and could be used for weighting.  
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4.3.2  Simulation results for a finite population generated using the skewed normal distribution, 

under stratified sampling 

 

In this simulation, the finite population was generated by the skewed normal 

distribution. A location parameter of -1.15, scale parameter of 1.541 and an 

asymmetry parameter 3 were used to generate strongly asymmetric data with mean 

100 and variance 25.  

The results of comparing the design conscious weighting strategies are presented in 

tables 4.21 to 4.22 below and in Appendix B1, where the naïve weights are also 

included for completeness. 
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Table 4. 21: Scenario 1: Comparing weighting strategies for a finite population generated using the skewed normal 
distribution, SN(100,25), N=1000 000 and n=1000 𝜽=100.056 

D Method 𝐸൫𝜃൯ Rel. 

Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,052 -4,893 3,479 1,099 100,045 100,058 1,213 

2 1/𝑛 100,052 -3,949 2,503 0,791 100,048 100,057 0,628 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,051 -5,485 2,521 0,797 100,046 100,056 0,638 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,052 -4,799 2,518 0,796 100,047 100,057 0,637 

 (skewness(𝑠ௗ))ିଵ 100,051 -5,335 2,575 0,814 100,046 100,056 0,666 

 (kurtosis(𝑘ௗ))ିଵ 100,052 -4,150 2,518 0,796 100,047 100,057 0,636 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,052 -4,735 2,517 0,795 100,047 100,057 0,636 

 (𝑚𝑒𝑓𝑓)ିଵ 100,051 -4,977 2,522 0,797 100,047 100,056 0,638 

3 1/𝑛 100,053 -3,311 2,037 0,644 100,049 100,057 0,416 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,051 -5,567 2,051 0,648 100,047 100,055 0,424 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,052 -4,682 2,051 0,648 100,048 100,056 0,423 

 (skewness(𝑠ௗ))ିଵ 100,052 -4,330 2,113 0,668 100,048 100,056 0,448 

 (kurtosis(𝑘ௗ))ିଵ 100,053 -3,880 2,051 0,648 100,049 100,057 0,422 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,052 -4,616 2,050 0,648 100,048 100,056 0,423 

 (𝑚𝑒𝑓𝑓)ିଵ 100,052 -4,918 2,052 0,649 100,047 100,056 0,424 

5 1/𝑛 100,054 -1,992 1,541 0,487 100,051 100,057 0,238 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,053 -3,902 1,537 0,486 100,050 100,056 0,238 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,054 -2,851 1,539 0,486 100,051 100,057 0,238 

 (skewness(𝑠ௗ))ିଵ 100,054 -2,399 1,630 0,515 100,051 100,057 0,266 

 (kurtosis(𝑘ௗ))ିଵ 100,054 -1,944 1,543 0,488 100,051 100,058 0,238 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,054 -2,785 1,540 0,487 100,051 100,057 0,238 

 (𝑚𝑒𝑓𝑓)ିଵ 100,053 -3,181 1,540 0,487 100,050 100,056 0,238 

10 1/𝑛 100,055 -1,312 1,079 0,341 100,053 100,057 0,117 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,053 -3,474 1,080 0,341 100,051 100,055 0,118 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,054 -2,285 1,079 0,341 100,052 100,056 0,117 

 (skewness(𝑠ௗ))ିଵ 100,055 -1,198 1,186 0,375 100,053 100,058 0,141 

 (kurtosis(𝑘ௗ))ିଵ 100,055 -1,307 1,080 0,341 100,053 100,057 0,117 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,054 -2,137 1,081 0,342 100,052 100,056 0,117 

 (𝑚𝑒𝑓𝑓)ିଵ 100,054 -2,660 1,079 0,341 100,052 100,056 0,117 

15 1/𝑛 100,055 -1,722 0,887 0,280 100,053 100,056 0,079 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,052 -3,972 0,886 0,280 100,051 100,054 0,080 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,054 -2,735 0,886 0,280 100,052 100,055 0,079 

 (skewness(𝑠ௗ))ିଵ 100,055 -1,384 0,998 0,315 100,053 100,057 0,100 

 (kurtosis(𝑘ௗ))ିଵ 100,055 -1,781 0,889 0,281 100,053 100,056 0,079 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,054 -2,698 0,884 0,280 100,052 100,055 0,079 

 (𝑚𝑒𝑓𝑓)ିଵ 100,053 -3,228 0,885 0,280 100,051 100,055 0,079 

 D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.21 continued: Scenario 1: Comparing weighting strategies for a finite population generated using the skewed 
normal distribution, SN(100,25), N=1000 000 and n=1000 𝜽=100.056 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 100,055 -1,731 0,766 0,242 100,053 100,056 0,059 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,052 -4,046 0,765 0,242 100,051 100,054 0,060 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,054 -2,774 0,766 0,242 100,052 100,055 0,059 

 (skewness(𝑠ௗ))ିଵ 100,056 -0,683 0,921 0,291 100,054 100,058 0,085 

 (kurtosis(𝑘ௗ))ିଵ 100,055 -1,751 0,768 0,243 100,053 100,056 0,059 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,054 -2,676 0,771 0,244 100,052 100,055 0,060 

 (𝑚𝑒𝑓𝑓)ିଵ 100,053 -3,276 0,782 0,247 100,052 100,055 0,062 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

The weighting strategies mostly performed similarly, with all the MSE values close in 

magnitude for the same number of samples combined. Combining samples resulted 

in lower MSE values compared to using estimates from one sample, regardless of 

the weighting strategy used.  
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Table 4. 22: Scenario 2: Comparing weighting strategies for a finite population generated using the skewed normal 
distribution, SN(100,25), N=1000 000 and n=5000 𝜽=100.056 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିସ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,057 9,543 1,571 4,966 100,054 100,060 2,470 

2 1/𝑛 100,056 -2,360 1,088 3,438 100,054 100,058 1,183 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,057 1,791 1,090 3,446 100,054 100,059 1,189 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,057 3,083 1,090 3,445 100,055 100,059 1,188 

 (skewness(𝑠ௗ))ିଵ 100,057 3,000 1,099 3,472 100,055 100,059 1,207 

 (kurtosis(𝑘ௗ))ିଵ 100,057 4,092 1,091 3,448 100,055 100,059 1,190 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,057 3,159 1,090 3,445 100,055 100,059 1,188 

 (𝑚𝑒𝑓𝑓)ିଵ 100,057 2,762 1,090 3,446 100,055 100,059 1,189 

3 1/𝑛 100,057 1,432 0,884 2,793 100,055 100,058 0,781 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,057 3,312 0,885 2,797 100,055 100,058 0,783 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,057 5,188 0,885 2,796 100,055 100,059 0,783 

 (skewness(𝑠ௗ))ିଵ 100,057 7,177 0,894 2,824 100,055 100,059 0,799 

 (kurtosis(𝑘ௗ))ିଵ 100,057 6,669 0,886 2,799 100,055 100,059 0,785 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,057 5,592 0,886 2,800 100,055 100,059 0,785 

 (𝑚𝑒𝑓𝑓)ିଵ 100,057 4,624 0,885 2,797 100,055 100,059 0,784 

5 1/𝑛 100,057 1,621 0,698 2,205 100,055 100,058 0,487 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -2,415 0,698 2,206 100,055 100,058 0,487 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,056 -0,194 0,698 2,205 100,055 100,058 0,487 

 (skewness(𝑠ௗ))ିଵ 100,057 2,751 0,704 2,226 100,055 100,058 0,496 

 (kurtosis(𝑘ௗ))ିଵ 100,057 1,735 0,698 2,206 100,055 100,058 0,487 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,056 -0,124 0,698 2,206 100,055 100,058 0,487 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 -0,937 0,698 2,206 100,055 100,058 0,487 

10 1/𝑛 100,056 0,242 0,506 1,598 100,055 100,057 0,256 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -4,181 0,506 1,600 100,055 100,057 0,256 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,056 -1,748 0,506 1,599 100,055 100,057 0,256 

 (skewness(𝑠ௗ))ିଵ 100,057 0,745 0,512 1,617 100,055 100,058 0,262 

 (kurtosis(𝑘ௗ))ିଵ 100,056 0,349 0,506 1,599 100,055 100,057 0,256 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,056 -1,084 0,508 1,605 100,055 100,057 0,258 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 -2,316 0,507 1,601 100,055 100,057 0,257 

15 1/𝑛 100,057 0,928 0,414 1,308 100,056 100,057 0,171 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -3,671 0,414 1,309 100,055 100,057 0,172 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,056 -1,145 0,414 1,308 100,056 100,057 0,171 

 (skewness(𝑠ௗ))ିଵ 100,057 1,907 0,416 1,316 100,056 100,057 0,173 

 (kurtosis(𝑘ௗ))ିଵ 100,057 1,046 0,413 1,306 100,056 100,057 0,171 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,056 -0,892 0,415 1,311 100,056 100,057 0,172 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 -2,416 0,417 1,318 100,055 100,057 0,174 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 
  



 
 

104 
 

Table 4.22 continued: Scenario 2: Comparing weighting strategies for a finite population generated using the skewed 
normal distribution, SN(100,25), N=1000 000 and n=5000 𝜽=100.056 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 100,057 3,099 0,354 1,118 100,056 100,057 0,125 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -1,580 0,354 1,119 100,056 100,057 0,125 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,057 0,989 0,354 1,119 100,056 100,057 0,125 

 (skewness(𝑠ௗ))ିଵ 100,057 3,510 0,355 1,122 100,056 100,057 0,126 

 (kurtosis(𝑘ௗ))ିଵ 100,057 3,165 0,354 1,118 100,056 100,057 0,125 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,057 1,319 0,354 1,118 100,056 100,057 0,125 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 0,435 0,355 1,121 100,056 100,057 0,126 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

Combining samples using any of the weighting strategies considered resulted in 

smaller MSE values compared to using only one sample. Increasing the number of 

samples combined tended to improve the MSE values. No weighting strategy stood 

out from the others, they all resulted in similar MSE values.  
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Table 4. 23:  Scenario 3: Comparing weighting strategies for a finite population generated using the skewed normal 
distribution, SN(100,25), N=1000 000 and n=10000 𝜽=100.056 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,058 1,602 1,086 3,432 100,056 100,060 1,182 

2 1/𝑛 100,056 -0,383 0,777 2,457 100,055 100,058 0,604 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -0,406 0,783 2,474 100,054 100,058 0,613 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,056 -0,338 0,783 2,473 100,055 100,058 0,612 

 (skewness(𝑠ௗ))ିଵ 100,056 -0,175 0,783 2,474 100,055 100,058 0,613 

 (kurtosis(𝑘ௗ))ିଵ 100,056 -0,272 0,782 2,472 100,055 100,058 0,612 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,056 -0,331 0,782 2,472 100,055 100,058 0,612 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 -0,358 0,783 2,474 100,055 100,058 0,613 

3 1/𝑛 100,056 -0,383 0,635 2,006 100,055 100,057 0,403 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -0,435 0,638 2,017 100,055 100,057 0,407 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,056 -0,349 0,638 2,017 100,055 100,057 0,407 

 (skewness(𝑠ௗ))ିଵ 100,056 -0,214 0,640 2,022 100,055 100,057 0,409 

 (kurtosis(𝑘ௗ))ିଵ 100,056 -0,272 0,638 2,017 100,055 100,057 0,407 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,056 -0,332 0,638 2,017 100,055 100,057 0,407 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 -0,373 0,638 2,018 100,055 100,057 0,408 

5 1/𝑛 100,056 -0,452 0,475 1,503 100,055 100,057 0,226 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -0,639 0,475 1,503 100,055 100,057 0,226 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,056 -0,536 0,475 1,503 100,055 100,057 0,226 

 (skewness(𝑠ௗ))ିଵ 100,056 -0,396 0,476 1,505 100,055 100,057 0,227 

 (kurtosis(𝑘ௗ))ିଵ 100,056 -0,447 0,475 1,503 100,055 100,057 0,226 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,056 -0,537 0,475 1,501 100,055 100,057 0,226 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 -0,553 0,476 1,505 100,055 100,057 0,227 

10 1/𝑛 100,057 0,301 0,342 1,081 100,056 100,057 0,117 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,057 0,086 0,342 1,081 100,056 100,057 0,117 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,057 0,204 0,342 1,081 100,056 100,057 0,117 

 (skewness(𝑠ௗ))ିଵ 100,057 0,310 0,342 1,081 100,056 100,057 0,117 

 (kurtosis(𝑘ௗ))ିଵ 100,057 0,300 0,342 1,081 100,056 100,057 0,117 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,057 0,209 0,342 1,081 100,056 100,057 0,117 

 (𝑚𝑒𝑓𝑓)ିଵ 100,057 0,162 0,342 1,081 100,056 100,057 0,117 

15 1/𝑛 100,057 0,201 0,280 0,885 100,056 100,057 0,078 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -0,024 0,280 0,884 100,056 100,057 0,078 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,057 0,100 0,280 0,885 100,056 100,057 0,078 

 (skewness(𝑠ௗ))ିଵ 100,057 0,211 0,281 0,887 100,056 100,057 0,079 

 (kurtosis(𝑘ௗ))ିଵ 100,057 0,204 0,280 0,885 100,056 100,057 0,078 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,057 0,094 0,281 0,888 100,056 100,057 0,079 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 0,043 0,281 0,888 100,056 100,057 0,079 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (𝛉𝐜) (%) = coefficient of variation, CI95%(𝛉𝐜)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy 
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Table 4.23 continued: Scenario 3: Comparing weighting strategies for a finite population generated using the skewed 
normal distribution, SN(100,25), N=1000 000 and n=10000 𝜽=100.056 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 100,057 0,329 0,244 0,771 100,056 100,057 0,060 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,057 0,098 0,244 0,771 100,056 100,057 0,059 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,057 0,225 0,244 0,771 100,056 100,057 0,060 

 (skewness(𝑠ௗ))ିଵ 100,057 0,329 0,245 0,774 100,056 100,057 0,060 

 (kurtosis(𝑘ௗ))ିଵ 100,057 0,330 0,244 0,772 100,056 100,057 0,060 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,057 0,257 0,245 0,775 100,056 100,057 0,060 

 (𝑚𝑒𝑓𝑓)ିଵ 100,057 0,176 0,244 0,770 100,056 100,057 0,059 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

Increasing the number of samples combined led to lower MSE values. Combining 

samples resulted in smaller MSE values compared to using estimates obtained from 

one sample. The weighting strategies resulted in very similar MSE values. 

 

Summary 

Mainly, the weighting strategies performed comparably well. The MSE values were 

close for the same number of samples combined, across sample sizes.  
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4.3.3  Simulation results for a finite population generated using the t- distribution with three 

degrees of freedom, under stratified sampling 

 

The finite population was generated by a t- distribution with three degrees of freedom 

for this simulation. The results of comparing the weighting strategies for combining 

the surveys under this distribution, using design consistent weighting strategies are 

presented below. Appendix C1 presents further results, inclusive of naïve weighting 

strategies.  
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Table 4. 24: Scenario 1: Comparing weighting strategies for a finite population generated using the t distribution with 
three degrees of freedom, t(3)(100,25), N=1000 000 and n=1000 𝜽=99.998 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,008 9,871 3,316 1,048 100,002 100,015 1,109 

2 1/𝑛 100,003 5,130 2,350 0,743 99,999 100,008 0,555 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,005 6,581 2,346 0,742 100,000 100,009 0,555 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,005 6,240 2,339 0,740 100,000 100,009 0,551 

 (skewness(𝑠ௗ))ିଵ 100,003 4,996 2,640 0,835 99,998 100,008 0,699 

 (kurtosis(𝑘ௗ))ିଵ 100,004 6,045 2,488 0,787 99,999 100,009 0,623 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,004 6,163 2,351 0,743 100,000 100,009 0,556 

 (𝑚𝑒𝑓𝑓)ିଵ 100,004 6,174 2,335 0,738 100,000 100,009 0,549 

3 1/𝑛 100,000 2,155 1,979 0,626 99,997 100,004 0,392 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,002 3,418 1,966 0,622 99,998 100,006 0,388 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 3,114 1,967 0,622 99,998 100,005 0,388 

 (skewness(𝑠ௗ))ିଵ 100,001 2,456 2,376 0,751 99,996 100,005 0,565 

 (kurtosis(𝑘ௗ))ିଵ 100,001 2,918 2,115 0,669 99,997 100,005 0,448 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,001 2,994 1,980 0,626 99,997 100,005 0,393 

 (𝑚𝑒𝑓𝑓)ିଵ 100,001 3,106 1,961 0,620 99,998 100,005 0,385 

5 1/𝑛 100,001 2,256 1,537 0,486 99,998 100,004 0,237 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 2,547 1,499 0,474 99,998 100,004 0,225 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 2,568 1,507 0,477 99,998 100,004 0,228 

 (skewness(𝑠ௗ))ିଵ 100,000 1,188 2,051 0,649 99,995 100,004 0,421 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,823 1,575 0,498 99,997 100,003 0,248 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,001 2,496 1,514 0,479 99,998 100,004 0,230 

 (𝑚𝑒𝑓𝑓)ିଵ 100,001 2,551 1,510 0,477 99,998 100,004 0,229 

10 1/𝑛 100,000 1,272 1,084 0,343 99,997 100,002 0,118 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,964 1,050 0,332 99,998 100,002 0,111 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,827 1,058 0,335 99,998 100,002 0,112 

 (skewness(𝑠ௗ))ିଵ 100,002 4,164 1,699 0,537 99,999 100,006 0,290 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,496 1,103 0,349 99,998 100,002 0,122 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,603 1,062 0,336 99,998 100,002 0,113 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,818 1,061 0,336 99,998 100,002 0,113 

15 1/𝑛 99,999 1,135 0,887 0,281 99,998 100,001 0,079 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,806 0,860 0,272 99,998 100,002 0,074 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,697 0,866 0,274 99,998 100,002 0,075 

 (skewness(𝑠ௗ))ିଵ 100,003 5,127 1,564 0,495 100,000 100,007 0,247 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,668 0,914 0,289 99,998 100,002 0,084 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,522 0,867 0,274 99,998 100,002 0,075 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,626 0,870 0,275 99,998 100,002 0,076 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.24 continued: Scenario 1: Comparing weighting strategies for a finite population generated using the t 
distribution with three degrees of freedom, t(3)(100,25), N=1000 000 and n=1000 𝜽=99.998 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 100,000 1,221 0,772 0,244 99,998 100,001 0,060 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,811 0,749 0,237 99,999 100,002 0,056 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,758 0,754 0,238 99,999 100,002 0,057 

 (skewness(𝑠ௗ))ିଵ 100,002 3,237 1,509 0,477 99,999 100,005 0,229 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,677 0,788 0,249 99,998 100,002 0,062 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,693 0,759 0,240 99,999 100,002 0,058 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,665 0,759 0,240 99,998 100,001 0,058 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

 

Using estimates from only one sample resulted in higher MSE values compared to 

combining samples with all the weighting strategies considered. The MSE values 

tended to decrease as more samples were combined. The weighting strategies 

resulted in similar MSE values with the exception of the inverse of skewness which 

resulted in remarkably higher MSE values. 
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Table 4. 25: Scenario 2: Comparing weighting strategies for a finite population generated using the t distribution with 
three degrees of freedom, t(3)(100,25), N=1000 000 and n=5000 𝜽=99.998 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,997 -1,094 1,604 5,074 99,994 100,000 2,575 

2 1/𝑛 99,997 -0,851 1,120 3,543 99,995 100,000 1,256 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,208 1,123 3,551 99,996 100,001 1,261 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 -0,005 1,123 3,553 99,996 100,001 1,262 

 (skewness(𝑠ௗ))ିଵ 100,000 1,372 1,273 4,025 99,997 100,002 1,622 

 (kurtosis(𝑘ௗ))ିଵ 99,999 0,979 1,213 3,837 99,997 100,002 1,473 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,998 -0,064 1,126 3,559 99,996 100,000 1,267 

 (𝑚𝑒𝑓𝑓)ିଵ 99,998 0,027 1,123 3,550 99,996 100,001 1,261 

3 1/𝑛 99,996 -2,045 0,919 2,907 99,994 99,998 0,849 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 -0,985 0,928 2,934 99,996 99,999 0,862 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 -1,216 0,926 2,930 99,995 99,999 0,860 

 (skewness(𝑠ௗ))ିଵ 99,998 -0,630 1,134 3,587 99,995 100,000 1,287 

 (kurtosis(𝑘ௗ))ିଵ 99,998 -0,231 1,016 3,214 99,996 100,000 1,033 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,997 -1,291 0,927 2,931 99,995 99,999 0,861 

 (𝑚𝑒𝑓𝑓)ିଵ 99,997 -1,193 0,927 2,932 99,995 99,999 0,861 

5 1/𝑛 99,997 -1,054 0,709 2,241 99,996 99,999 0,503 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 -0,532 0,706 2,233 99,996 99,999 0,499 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 -0,738 0,705 2,231 99,996 99,999 0,498 

 (skewness(𝑠ௗ))ିଵ 99,999 0,241 0,980 3,100 99,997 100,000 0,961 

 (kurtosis(𝑘ௗ))ିଵ 99,998 0,168 0,783 2,476 99,997 100,000 0,613 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,998 -0,782 0,708 2,238 99,996 99,999 0,501 

 (𝑚𝑒𝑓𝑓)ିଵ 99,998 -0,703 0,706 2,233 99,996 99,999 0,499 

10 1/𝑛 99,998 -0,045 0,499 1,577 99,997 99,999 0,249 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,386 0,493 1,560 99,998 100,000 0,243 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,229 0,494 1,563 99,998 100,000 0,244 

 (skewness(𝑠ௗ))ିଵ 99,999 0,677 0,792 2,506 99,997 100,001 0,628 

 (kurtosis(𝑘ௗ))ିଵ 99,999 0,667 0,542 1,713 99,998 100,000 0,294 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,998 0,172 0,495 1,564 99,998 99,999 0,245 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,269 0,494 1,563 99,998 100,000 0,244 

15 1/𝑛 99,998 0,033 0,407 1,287 99,998 99,999 0,166 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,438 0,402 1,270 99,998 100,000 0,161 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,300 0,403 1,274 99,998 99,999 0,162 

 (skewness(𝑠ௗ))ିଵ 99,999 0,721 0,744 2,352 99,998 100,000 0,554 

 (kurtosis(𝑘ௗ))ିଵ 99,999 0,591 0,433 1,369 99,998 100,000 0,188 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 0,242 0,404 1,277 99,998 99,999 0,163 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,295 0,403 1,275 99,998 99,999 0,163 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.25 continued: Scenario 2: Comparing weighting strategies for a finite population generated using the t 
distribution with three degrees of freedom, t(3)(100,25), N=1000 000 and n=5000 𝜽=99.998 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 99,998 -0,395 0,356 1,127 99,997 99,999 0,127 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 0,018 0,352 1,113 99,998 99,999 0,124 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 -0,122 0,353 1,116 99,998 99,999 0,125 

 (skewness(𝑠ௗ))ିଵ 99,999 0,954 0,697 2,205 99,998 100,001 0,487 

 (kurtosis(𝑘ௗ))ିଵ 99,998 0,160 0,380 1,202 99,998 99,999 0,145 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,998 -0,178 0,353 1,118 99,997 99,999 0,125 

 (𝑚𝑒𝑓𝑓)ିଵ 99,998 -0,131 0,353 1,117 99,997 99,999 0,125 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

Weighting the samples using the inverse of skewness resulted in conspicuously 

larger MSE values compared to the other weighting strategies. This is not surprising 

because the superpopulation distribution is not skewed.   
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Table 4. 26: Scenario 3: Comparing weighting strategies for a finite population generated using the t distribution with 
three degrees of freedom, t(3)(100,25), N=1000 000 and n=10000 𝜽=99.998 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,000 1,207 1,093 3,456 99,997 100,002 1,196 

2 1/𝑛 99,999 0,622 0,783 2,477 99,997 100,000 0,614 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,354 0,789 2,496 
99,998 100,001 

0,625 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,207 0,788 2,490 99,998 100,001 0,622 

 (skewness(𝑠ௗ))ିଵ 100,000 2,095 0,887 2,804 99,999 100,002 0,791 

 (kurtosis(𝑘ௗ))ିଵ 100,000 2,179 0,860 2,720 99,999 100,002 0,744 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 1,173 0,787 2,489 99,998 100,001 0,621 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,228 0,788 2,493 99,998 100,001 0,623 

3 1/𝑛 99,999 1,149 0,635 2,009 99,998 100,001 0,405 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,723 0,635 2,009 
99,999 100,001 

0,406 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,608 0,635 2,007 99,999 100,001 0,405 

 (skewness(𝑠ௗ))ିଵ 100,001 2,296 0,776 2,453 99,999 100,002 0,607 

 (kurtosis(𝑘ௗ))ିଵ 100,001 2,317 0,703 2,222 99,999 100,002 0,499 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,600 0,635 2,007 99,999 100,001 0,405 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,616 0,635 2,009 99,999 100,001 0,406 

5 1/𝑛 99,999 0,683 0,479 1,516 99,998 100,000 0,230 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,996 0,476 1,505 
99,998 100,000 

0,228 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,862 0,477 1,508 99,998 100,000 0,228 

 (skewness(𝑠ௗ))ିଵ 100,000 2,084 0,658 2,081 99,999 100,002 0,437 

 (kurtosis(𝑘ௗ))ିଵ 100,000 1,607 0,534 1,690 99,999 100,001 0,288 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 0,859 0,479 1,513 99,998 100,000 0,230 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,866 0,476 1,507 99,998 100,000 0,228 

10 1/𝑛 99,999 0,210 0,346 1,093 99,998 99,999 0,119 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,533 0,344 1,088 
99,998 100,000 

0,119 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,402 0,344 1,089 99,998 99,999 0,119 

 (skewness(𝑠ௗ))ିଵ 100,000 1,764 0,544 1,719 99,999 100,001 0,299 

 (kurtosis(𝑘ௗ))ିଵ 99,999 1,024 0,376 1,191 99,999 100,000 0,143 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 0,336 0,345 1,090 99,998 99,999 0,119 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,407 0,345 1,091 99,998 99,999 0,119 

15 1/𝑛 99,998 -0,010 0,282 0,892 99,998 99,999 0,079 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,273 0,281 0,887 
99,998 99,999 

0,079 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 0,161 0,281 0,888 99,998 99,999 0,079 

 (skewness(𝑠ௗ))ିଵ 100,000 1,297 0,520 1,643 99,999 100,001 0,272 

 (kurtosis(𝑘ௗ))ିଵ 99,999 0,654 0,311 0,984 99,998 100,000 0,097 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,998 0,130 0,281 0,888 99,998 99,999 0,079 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,190 0,281 0,888 99,998 99,999 0,079 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy  
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Table 4.26 continued: Scenario 3: Comparing weighting strategies for a finite population generated using the t 
distribution with three degrees of freedom, t(3)(100,25), N=1000 000 and n=10000 θ=99.998 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 99,998 0,006 0,240 0,759 99,998 99,999 0,058 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,275 0,238 0,753 
99,998 99,999 

0,057 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 0,171 0,239 0,755 99,998 99,999 0,057 

 (skewness(𝑠ௗ))ିଵ 99,999 0,703 0,506 1,599 99,998 100,000 0,256 

 (kurtosis(𝑘ௗ))ିଵ 99,999 0,538 0,266 0,841 99,998 99,999 0,071 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,998 0,131 0,239 0,757 99,998 99,999 0,057 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,183 0,238 0,754 99,998 99,999 0,057 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

All the weighting strategies resulted in similar MSE values except the inverse of 

skewness, just like in scenarios one and two. 

 

Summary 

The weighting strategies resulted in similar MSE values. It appears most of the 

weighting strategies studied could be used with a t distribution with 3 degrees of 

freedom superpopulation model. The inverse of skewness did not perform well, 

resulting in distinctly higher MSE values. The inverse of kurtosis did not perform as 

well as expected, resulting in MSE values comparable to the other weighting 

strategies even though the superpopulation distribution had a higher amount of 

kurtosis. 
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4.3.4  Simulation results for a finite population generated using skewed t- distribution with three 

degrees of freedom, under stratified sampling 

 

Weighting strategies were compared where a finite population was generated using 

a skewed t-distribution with three degrees of freedom. A location parameter of -

0.7891, a scale parameter of 0.746 and an asymmetry parameter of 3 were used to 

generate the skewed distribution. Appendix D1 presents further results of this 

comparison, with results from design consistent weighting strategies presented in 

tables 4.27 to 4.29. 
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Table 4. 27: Scenario 1: Comparing weighting strategies for a finite population generated using a skewed t distribution 
with three degrees of freedom, at(3)(100,25), N=1000 000 and n=1000 𝜽=99.970 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ଶ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,974 0,396 3,509 1,110 99,967 99,981 1,233 

2 1/𝑛 99,975 0,490 2,469 0,781 99,970 99,980 0,612 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,965 -0,563 2,474 0,783 99,960 99,969 0,615 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,969 -0,098 2,459 0,778 99,964 99,974 0,605 

 (skewness(𝑠ௗ))ିଵ 99,960 -1,016 2,626 0,831 99,955 99,965 0,700 

 (kurtosis(𝑘ௗ))ିଵ 99,960 -1,004 2,681 0,848 99,955 99,965 0,729 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,970 -0,041 2,455 0,776 99,965 99,975 0,603 

 (𝑚𝑒𝑓𝑓)ିଵ 99,969 -0,157 2,473 0,782 99,964 99,974 0,612 

3 1/𝑛 99,974 0,373 1,980 0,626 99,970 99,978 0,394 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,961 -0,912 1,980 0,626 99,957 99,965 0,400 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,967 -0,331 1,964 0,621 99,963 99,971 0,387 

 (skewness(𝑠ௗ))ିଵ 99,955 -1,514 2,134 0,675 99,951 99,959 0,478 

 (kurtosis(𝑘ௗ))ିଵ 99,956 -1,428 2,182 0,690 99,952 99,960 0,497 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,968 -0,253 1,959 0,620 99,964 99,972 0,384 

 (𝑚𝑒𝑓𝑓)ିଵ 99,966 -0,411 1,981 0,627 99,962 99,970 0,394 

5 1/𝑛 99,971 0,033 1,543 0,488 99,968 99,974 0,238 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,956 -1,448 1,528 0,484 99,953 99,959 0,255 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,963 -0,745 1,517 0,480 99,960 99,966 0,236 

 (skewness(𝑠ௗ))ିଵ 99,948 -2,242 1,657 0,524 99,945 99,951 0,325 

 (kurtosis(𝑘ௗ))ିଵ 99,949 -2,082 1,665 0,527 99,946 99,953 0,320 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,964 -0,639 1,508 0,477 99,961 99,967 0,231 

 (𝑚𝑒𝑓𝑓)ିଵ 99,962 -0,848 1,536 0,486 99,959 99,965 0,243 

10 1/𝑛 99,971 0,075 1,077 0,341 99,969 99,973 0,116 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,955 -1,514 1,072 0,339 99,953 99,957 0,138 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,963 -0,753 1,062 0,336 99,961 99,965 0,118 

 (skewness(𝑠ௗ))ିଵ 99,946 -2,438 1,190 0,377 99,944 99,948 0,201 

 (kurtosis(𝑘ௗ))ିଵ 99,948 -2,221 1,189 0,376 99,946 99,950 0,191 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,964 -0,643 1,062 0,336 99,962 99,966 0,117 

 (𝑚𝑒𝑓𝑓)ିଵ 99,962 -0,860 1,071 0,339 99,960 99,964 0,122 

15 1/𝑛 99,971 0,109 0,879 0,278 99,970 99,973 0,077 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,955 -1,522 0,876 0,277 99,953 99,957 0,100 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,963 -0,740 0,868 0,274 99,961 99,965 0,081 

 (skewness(𝑠ௗ))ିଵ 99,946 -2,455 0,980 0,310 99,944 99,948 0,156 

 (kurtosis(𝑘ௗ))ିଵ 99,948 -2,210 0,971 0,307 99,946 99,950 0,143 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,964 -0,610 0,868 0,275 99,962 99,966 0,079 

 (𝑚𝑒𝑓𝑓)ିଵ 99,962 -0,858 0,876 0,277 99,960 99,963 0,084 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.27 continued: Scenario 1: Comparing weighting strategies for a finite population generated using a skewed t 
distribution with three degrees of freedom, at(3)(100,25), N=1000 000 and n=1000 𝜽=99.970 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 99,970 0,025 0,773 0,245 99,969 99,972 0,060 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,954 -1,637 0,767 0,243 99,952 99,955 0,086 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,962 -0,840 0,761 0,241 99,960 99,963 0,065 

 (skewness(𝑠ௗ))ିଵ 99,944 -2,607 0,864 0,273 99,942 99,946 0,142 

 (kurtosis(𝑘ௗ))ିଵ 99,947 -2,346 0,854 0,270 99,945 99,948 0,128 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,963 -0,702 0,763 0,241 99,962 99,965 0,063 

 (𝑚𝑒𝑓𝑓)ିଵ 99,961 -0,964 0,764 0,242 99,959 99,962 0,068 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

Unexpectedly, the inverses of skewness and kurtosis appeared to have slightly 

higher MSE values. In general, combining samples resulted in improved estimates 

which kept improving as the number of samples combined was increased. 
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Table 4. 28: Scenario 2: Comparing weighting strategies for a finite population generated using a skewed t distribution 
with three degrees of freedom, at(3)(100,25), N=1000 000 and n=5000 𝜽=99.970 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,971 0,607 1,533 4,848 99,968 99,974 2,350 

2 1/𝑛 99,972 1,321 1,079 3,413 99,969 99,974 1,166 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -0,763 1,082 3,423 99,967 99,972 1,171 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,971 0,295 1,082 3,422 99,968 99,973 1,170 

 (skewness(𝑠ௗ))ିଵ 99,967 -2,793 1,130 3,574 99,965 99,970 1,285 

 (kurtosis(𝑘ௗ))ିଵ 99,967 -3,599 1,186 3,751 99,964 99,969 1,419 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,971 0,429 1,081 3,418 99,969 99,973 1,168 

 (𝑚𝑒𝑓𝑓)ିଵ 99,970 0,143 1,084 3,430 99,968 99,973 1,176 

3 1/𝑛 99,971 0,276 0,859 2,716 99,969 99,972 0,738 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,968 -2,510 0,864 2,733 99,966 99,969 0,753 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,969 -1,090 0,862 2,727 99,967 99,971 0,744 

 (skewness(𝑠ௗ))ିଵ 99,965 -5,156 0,917 2,902 99,963 99,967 0,868 

 (kurtosis(𝑘ௗ))ିଵ 99,964 -6,340 0,976 3,088 99,962 99,966 0,993 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,969 -0,846 0,860 2,722 99,968 99,971 0,741 

 (𝑚𝑒𝑓𝑓)ିଵ 99,969 -1,348 0,865 2,736 99,967 99,971 0,750 

5 1/𝑛 99,971 0,298 0,676 2,137 99,969 99,972 0,456 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,967 -3,077 0,674 2,133 99,966 99,968 0,464 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,969 -1,404 0,673 2,128 99,968 99,970 0,454 

 (skewness(𝑠ௗ))ିଵ 99,964 -6,190 0,716 2,266 99,963 99,965 0,552 

 (kurtosis(𝑘ௗ))ିଵ 99,963 -7,573 0,763 2,413 99,961 99,964 0,639 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,969 -1,040 0,674 2,133 99,968 99,971 0,456 

 (𝑚𝑒𝑓𝑓)ିଵ 99,969 -1,685 0,677 2,140 99,967 99,970 0,461 

10 1/𝑛 99,971 0,582 0,488 1,542 99,970 99,972 0,238 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,967 -3,225 0,480 1,520 99,966 99,968 0,241 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,969 -1,342 0,482 1,525 99,968 99,970 0,234 

 (skewness(𝑠ௗ))ିଵ 99,963 -6,963 0,511 1,615 99,962 99,964 0,309 

 (kurtosis(𝑘ௗ))ିଵ 99,962 -8,589 0,544 1,722 99,961 99,963 0,370 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,969 -1,004 0,483 1,528 99,968 99,970 0,234 

 (𝑚𝑒𝑓𝑓)ିଵ 99,969 -1,696 0,483 1,527 99,968 99,969 0,236 

15 1/𝑛 99,971 0,396 0,406 1,284 99,970 99,971 0,165 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,967 -3,550 0,402 1,271 99,966 99,967 0,174 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,969 -1,602 0,402 1,273 99,968 99,969 0,164 

 (skewness(𝑠ௗ))ିଵ 99,963 -7,491 0,427 1,352 99,962 99,964 0,239 

 (kurtosis(𝑘ௗ))ିଵ 99,961 -9,198 0,456 1,443 99,960 99,962 0,293 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,969 -1,316 0,403 1,276 99,968 99,970 0,164 

 (𝑚𝑒𝑓𝑓)ିଵ 99,968 -1,970 0,403 1,275 99,967 99,969 0,166 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.28 continued: Scenario 2: Comparing weighting strategies for a finite population generated using a skewed t 
distribution with three degrees of freedom, at(3)(100,25), N=1000 000 and n=5000 𝜽=99.970 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 99,970 0,236 0,342 1,083 99,970 99,971 0,117 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,966 -3,774 0,338 1,070 99,966 99,967 0,129 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,968 -1,794 0,339 1,072 99,968 99,969 0,118 

 (skewness(𝑠ௗ))ିଵ 99,963 -7,716 0,361 1,141 99,962 99,963 0,190 

 (kurtosis(𝑘ௗ))ିଵ 99,961 -9,421 0,387 1,223 99,960 99,962 0,238 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,969 -1,411 0,340 1,076 99,968 99,970 0,118 

 (𝑚𝑒𝑓𝑓)ିଵ 99,968 -2,152 0,340 1,074 99,967 99,969 0,120 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 
The inverses of skewness and kurtosis resulted in higher MSE values compared to 

all the other weighting strategies for all the numbers of samples combined. The other 

weighting strategies resulted in similar MSE values. 
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Table 4. 29: Scenario 3: Comparing weighting strategies for a finite population generated using a skewed t distribution 
with three degrees of freedom, at(3)(100,25), N=1000 000 and n=10000 𝜽=99.970 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,971 1,173 1,083 3,425 99,969 99,974 1,174 

2 1/𝑛 99,971 0,885 0,757 2,395 99,970 99,973 0,574 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,970 -0,312 0,763 2,413 99,968 99,971 0,582 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,970 0,229 0,761 2,409 99,969 99,972 0,580 

 (skewness(𝑠ௗ))ିଵ 99,969 -1,508 0,796 2,516 99,967 99,970 0,635 

 (kurtosis(𝑘ௗ))ିଵ 99,968 -2,202 0,835 2,643 99,966 99,970 0,703 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,971 0,320 0,762 2,411 99,969 99,972 0,581 

 (𝑚𝑒𝑓𝑓)ିଵ 99,970 0,129 0,761 2,408 99,969 99,972 0,579 

3 1/𝑛 99,971 0,761 0,623 1,969 99,970 99,972 0,388 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -0,833 0,625 1,978 99,968 99,971 0,392 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,970 -0,092 0,625 1,977 99,969 99,971 0,391 

 (skewness(𝑠ௗ))ିଵ 99,968 -2,501 0,667 2,109 99,966 99,969 0,451 

 (kurtosis(𝑘ௗ))ିଵ 99,967 -3,406 0,722 2,284 99,965 99,968 0,533 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,970 0,011 0,627 1,982 99,969 99,971 0,393 

 (𝑚𝑒𝑓𝑓)ିଵ 99,970 -0,215 0,624 1,974 99,969 99,971 0,390 

5 1/𝑛 99,970 -0,027 0,494 1,564 99,969 99,971 0,245 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -1,744 0,493 1,561 99,968 99,969 0,247 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,969 -0,885 0,493 1,560 99,968 99,970 0,244 

 (skewness(𝑠ௗ))ିଵ 99,967 -3,717 0,521 1,648 99,966 99,968 0,285 

 (kurtosis(𝑘ௗ))ିଵ 99,965 -4,806 0,565 1,788 99,964 99,967 0,343 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,969 -0,775 0,492 1,555 99,969 99,970 0,242 

 (𝑚𝑒𝑓𝑓)ିଵ 99,969 -1,034 0,494 1,562 99,968 99,970 0,245 

10 1/𝑛 99,971 0,439 0,353 1,116 99,970 99,971 0,125 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -1,495 0,351 1,111 99,968 99,969 0,126 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,970 -0,530 0,351 1,111 99,969 99,970 0,124 

 (skewness(𝑠ௗ))ିଵ 99,967 -3,705 0,371 1,175 99,966 99,967 0,152 

 (kurtosis(𝑘ௗ))ିଵ 99,965 -5,003 0,404 1,278 99,964 99,966 0,188 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,970 -0,354 0,352 1,113 99,969 99,971 0,124 

 (𝑚𝑒𝑓𝑓)ିଵ 99,970 -0,724 0,351 1,111 99,969 99,970 0,124 

15 1/𝑛 99,971 0,412 0,277 0,876 99,970 99,971 0,077 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -1,603 0,275 0,868 99,968 99,969 0,078 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,970 -0,599 0,275 0,870 99,969 99,970 0,076 

 (skewness(𝑠ௗ))ିଵ 99,966 -3,858 0,293 0,927 99,966 99,967 0,101 

 (kurtosis(𝑘ௗ))ିଵ 99,965 -5,191 0,323 1,021 99,964 99,966 0,131 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,970 -0,385 0,278 0,878 99,969 99,970 0,077 

 (𝑚𝑒𝑓𝑓)ିଵ 99,969 -0,810 0,275 0,869 99,969 99,970 0,076 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.29 continued: Scenario 3: Comparing weighting strategies for a finite population generated using a skewed t 
distribution with three degrees of freedom, at(3)(100,25), N=1000 000 and n=10000 θ=99.970 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 99,971 0,467 0,242 0,767 99,970 99,971 0,059 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -1,598 0,241 0,761 99,968 99,969 0,060 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,970 -0,569 0,241 0,762 99,969 99,970 0,058 

 (skewness(𝑠ௗ))ିଵ 99,966 -3,948 0,257 0,814 99,966 99,967 0,082 

 (kurtosis(𝑘ௗ))ିଵ 99,965 -5,336 0,283 0,894 99,964 99,965 0,108 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,970 -0,390 0,242 0,766 99,969 99,970 0,059 

 (𝑚𝑒𝑓𝑓)ିଵ 99,969 -0,772 0,241 0,762 99,969 99,970 0,059 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 
Weighting samples by the inverses of skewness and kurtosis resulted in higher MSE 

values compared to the other weighting strategies. The other weighting strategies 

performed comparably well. 

 

Summary 

 

All the weighting strategies appeared to work well for the finite population generated 

using a skewed t distribution with three degrees of freedom except the inverses of 

skewness and kurtosis.  
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4.3.7 Summary of simulation results under stratified random sampling 
 

Under stratified random sampling, the superpopulation appeared to influence the 

choice of the weighting strategy. The MSE values tended to decrease with 

increasing sample size and number of samples combined. Combining samples 

resulted in better estimates compared to using only one sample. All the weighting 

strategies except the inverse of skewness worked well with the normal distribution 

superpopulation. The weighting strategies performed similarly with the skewed 

normal distribution. All the weighting strategies, except the inverse of skewness 

worked well with the symmetric t-distribution with three degrees of freedom. This was 

expected of symmetric superpopulations. The inverses of skewness and kurtosis 

appeared not to work well with the skewed t-distributed superpopulation with three 

degrees of freedom. This was not expected and warrants further investigation with 

larger numbers of samples combined.  The use of naïve estimates which do not 

consider sampling design also influenced the performance of weighting strategies 

resulting in higher or lower MSE values depending on the weighting strategy and 

superpopulation distribution. 
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4.4 Simulation results under two-stage simple cluster sampling 

 

Enumeration areas are defined as the smallest geographical unit (piece of land) into 

which the country is divided for census or survey enumeration, of a size able to be 

enumerated by one fieldworker in the allocated period. In South Africa, enumeration 

areas (EAs) typically contain between 100 and 250 households.  A clustered 

population of size 1 000 000 and clusters of size 250 (to resemble a typical size of 

EAs) was simulated according to the super-population model 

𝑌 = 𝜇 + 𝑢 + 𝑣 , 

 where 𝜇 is the overall mean of the observed characteristic 𝑌, 𝑢 are the cluster 

random effects (characteristic common to all members of the same cluster) and 𝑣 

are the individual random effects (individual specific characteristic). The cluster 

random effects were simulated to have a mean of zero and a variance of five 

whereas the individual random effects had a mean of zero and a variance of twenty 

for all the distributions considered.  

 

For the sample size of 1000, fifty clusters of size two hundred and fifty were selected 

by simple random sampling without replacement, and twenty units were then 

selected also by simple random sampling without replacement from each of the 

selected clusters. Similarly, twenty units were selected from 250 clusters for the 

sample size 5000, and twenty units were selected from 500 clusters for the sample 

size 10 000.  

 

Misspecification effects were calculated for each sample replicate. The 

misspecification effects for each distribution and sample size are presented in table 

4.4.1. 
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Table 4. 30: Misspecification effects for all the distributions and sample sizes considered 

under cluster sampling 

 
Distribution Sample size Misspecification effect 

Normal 1000 2,540 

5000 4,976 

10000 4,893 

Skewed normal 1000 4.898 

5000 5.011 

10000 4,846 

t, 3 d.f 1000 4.564 

5000 4.683 

10000 4.589 

skewed t, 3 d.f 1000 3,679 

5000 4.054 

10000 5.227 

 

The misspecification effects were larger than one; hence ignoring clustering in the 

analysis would result in underestimation of variance, 𝑉𝑎𝑟൫𝜃൯. They were mostly close 

to five. 

 

Similarly, to simple random sampling and stratified sampling, weighting by a weight 

of one and the inverse of sample size resulted in identical MSE values. We present 

only the results from weighting by the inverse of sample size. 
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4.4.1  Simulation results for the normal distribution, under cluster sampling 

 

Multiple samples were selected from a finite population generated under the normal 

distribution. The results of comparing the design consistent weighting strategies for 

combining the multiple surveys are presented in the tables below. Appendix A3 

presents the more comprehensive results, which include the naïve weighting 

strategies. 
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Table 4. 31: Scenario 1: Combining D samples of size n=1000, from a population of size N=1000 000, distributed as the 
normal distribution N(100,25), 𝜽=100.031 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,975 -5,665 2,565 2,566 99,924 100,025 6,902 

2 1/𝑛 99,996 -3,477 1,371 1,371 99,970 100,023 2,002 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,985 -4,601 1,672 1,672 99,952 100,018 3,006 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,986 -4,528 1,662 1,662 99,953 100,019 2,966 

 (skewness(𝑠ௗ))ିଵ 100,006 -2,533 1,794 1,794 99,971 100,041 3,282 

 (kurtosis(𝑘ௗ))ିଵ 99,986 -4,519 1,662 1,662 99,953 100,019 2,967 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,986 -4,516 1,655 1,655 99,954 100,019 2,943 

 (𝑚𝑒𝑓𝑓)ିଵ 99,985 -4,590 1,673 1,673 99,953 100,018 3,010 

3 1/𝑛 99,990 -4,168 1,175 1,175 99,967 100,013 1,553 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,987 -4,397 1,340 1,341 99,961 100,014 1,990 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,987 -4,377 1,321 1,321 99,962 100,013 1,937 

 (skewness(𝑠ௗ))ିଵ 100,008 -2,360 1,681 1,681 99,975 100,041 2,882 

 (kurtosis(𝑘ௗ))ିଵ 99,986 -4,486 1,318 1,318 99,961 100,012 1,938 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,989 -4,238 1,338 1,339 99,963 100,015 1,971 

 (𝑚𝑒𝑓𝑓)ିଵ 99,987 -4,449 1,333 1,333 99,961 100,013 1,974 

5 1/𝑛 99,995 -3,579 1,103 1,103 99,974 100,017 1,345 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 -3,510 1,108 1,108 99,974 100,018 1,352 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 -3,501 1,102 1,103 99,975 100,018 1,338 

 (skewness(𝑠ௗ))ିଵ 99,999 -3,191 1,527 1,527 99,969 100,029 2,434 

 (kurtosis(𝑘ௗ))ିଵ 99,995 -3,610 1,108 1,109 99,973 100,017 1,359 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 -3,207 1,213 1,213 99,975 100,023 1,575 

 (𝑚𝑒𝑓𝑓)ିଵ 99,997 -3,428 1,161 1,161 99,974 100,020 1,466 

10 1/𝑛 99,996 -3,501 0,728 0,728 99,982 100,010 0,653 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 -3,438 0,727 0,727 99,983 100,011 0,647 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 -3,419 0,724 0,724 99,983 100,011 0,641 

 (skewness(𝑠ௗ))ିଵ 100,002 -2,926 1,370 1,370 99,975 100,029 1,961 

 (kurtosis(𝑘ௗ))ିଵ 99,996 -3,530 0,727 0,727 99,982 100,010 0,653 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,995 -3,644 0,759 0,759 99,980 100,010 0,708 

 (𝑚𝑒𝑓𝑓)ିଵ 99,996 -3,564 0,740 0,740 99,981 100,010 0,674 

15 1/𝑛 99,999 -3,242 0,611 0,611 99,987 100,011 0,478 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 -3,286 0,594 0,594 99,987 100,010 0,460 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 -3,217 0,600 0,600 99,987 100,011 0,463 

 (skewness(𝑠ௗ))ିଵ 100,001 -3,036 1,355 1,355 99,974 100,027 1,929 

 (kurtosis(𝑘ௗ))ିଵ 99,999 -3,272 0,613 0,613 99,986 100,011 0,483 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,997 -3,429 0,646 0,646 99,984 100,010 0,535 

 (𝑚𝑒𝑓𝑓)ିଵ 99,997 -3,419 0,610 0,610 99,985 100,009 0,489 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.31 continued: Scenario 1: Combining D samples of size n=1000, from a population of size N=1000 000, 
distributed as the normal distribution N(100,25), θ=100.031 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 100,000 -3,098 0,537 0,537 99,990 100,011 0,384 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 -3,129 0,528 0,528 99,990 100,010 0,377 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -3,061 0,530 0,530 99,990 100,011 0,375 

 (skewness(𝑠ௗ))ିଵ 100,006 -2,536 1,304 1,303 99,980 100,031 1,764 

 (kurtosis(𝑘ௗ))ିଵ 100,000 -3,131 0,540 0,540 99,989 100,010 0,389 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,001 -3,055 0,539 0,539 99,990 100,011 0,384 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 -3,125 0,529 0,529 99,990 100,010 0,377 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 
In this scenario, the weighting strategies performed similarly, resulting in MSE values 

that were close in magnitude except the inverse of skewness. The relative difference 

in magnitude between the MSE values resulting from the use of the inverse of 

skewness and the other weighting strategies became more pronounced as the 

number of samples combined increased. Combining the samples using any one of 

the weighting strategies resulted in better estimates compared to a single sample. 
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Table 4. 32: Scenario 2: Combining D samples of size n=5000, from a population of size N=1000 000, distributed as the 
normal distribution N(100,25), 𝜽=100.031 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,035 4,140 1,404 1,403 100,008 100,063 1,972 

2 1/𝑛 100,024 -7,345 0,908 0,908 100,006 100,042 0,830 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,024 -6,854 1,041 1,041 100,004 100,045 1,089 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,024 -6,775 1,043 1,042 100,004 100,045 1,092 

 (skewness(𝑠ௗ))ିଵ 100,032 0,862 1,314 1,314 100,006 100,058 1,727 

 (kurtosis(𝑘ௗ))ିଵ 100,024 -7,210 1,048 1,048 100,003 100,045 1,104 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,024 -6,793 1,043 1,043 100,004 100,045 1,093 

 (𝑚𝑒𝑓𝑓)ିଵ 100,024 -7,018 1,043 1,043 100,004 100,045 1,093 

3 1/𝑛 100,028 -3,697 0,711 0,710 100,014 100,041 0,506 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,029 -2,419 0,816 0,816 100,013 100,045 0,667 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,029 -2,445 0,820 0,820 100,013 100,045 0,673 

 (skewness(𝑠ௗ))ିଵ 100,032 0,807 1,158 1,158 100,009 100,055 1,342 

 (kurtosis(𝑘ௗ))ିଵ 100,028 -3,239 0,826 0,826 100,012 100,044 0,684 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,029 -2,539 0,822 0,822 100,013 100,045 0,676 

 (𝑚𝑒𝑓𝑓)ିଵ 100,029 -2,520 0,819 0,819 100,013 100,045 0,671 

5 1/𝑛 100,031 -0,506 0,614 0,613 100,019 100,043 0,377 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,031 0,247 0,610 0,610 100,020 100,043 0,372 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,031 0,047 0,611 0,611 100,019 100,043 0,373 

 (skewness(𝑠ௗ))ିଵ 100,038 6,994 1,076 1,075 100,017 100,059 1,162 

 (kurtosis(𝑘ௗ))ିଵ 100,030 -0,854 0,613 0,613 100,018 100,042 0,376 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,030 -0,980 0,621 0,620 100,018 100,042 0,385 

 (𝑚𝑒𝑓𝑓)ିଵ 100,031 0,199 0,611 0,610 100,019 100,043 0,373 

10 1/𝑛 100,027 -4,396 0,460 0,460 100,018 100,036 0,214 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,027 -4,376 0,460 0,460 100,018 100,036 0,213 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,027 -4,188 0,459 0,459 100,018 100,036 0,213 

 (skewness(𝑠ௗ))ିଵ 100,037 5,317 0,982 0,982 100,017 100,056 0,968 

 (kurtosis(𝑘ௗ))ିଵ 100,027 -4,529 0,461 0,461 100,018 100,036 0,215 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,027 -4,077 0,462 0,462 100,018 100,036 0,215 

 (𝑚𝑒𝑓𝑓)ିଵ 100,027 -4,361 0,460 0,460 100,018 100,036 0,214 

15 1/𝑛 100,028 -2,724 0,389 0,389 100,021 100,036 0,152 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,028 -2,792 0,387 0,387 100,021 100,036 0,151 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,029 -2,553 0,388 0,388 100,021 100,036 0,151 

 (skewness(𝑠ௗ))ିଵ 100,036 4,938 0,848 0,848 100,020 100,053 0,722 

 (kurtosis(𝑘ௗ))ିଵ 100,028 -2,840 0,391 0,391 100,021 100,036 0,153 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,026 -5,200 0,468 0,468 100,017 100,035 0,222 

 (𝑚𝑒𝑓𝑓)ିଵ 100,027 -4,270 0,422 0,422 100,019 100,035 0,180 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.32 continued: Scenario 2: Combining D samples of size n=5000, from a population of size N=1000 000, 
distributed as the normal distribution N(100,25), θ=100.031 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 100,026 -4,955 0,327 0,327 100,020 100,033 0,110 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,026 -4,810 0,326 0,325 100,020 100,033 0,108 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,027 -4,663 0,326 0,326 100,020 100,033 0,109 

 (skewness(𝑠ௗ))ିଵ 100,036 4,864 0,753 0,753 100,021 100,051 0,570 

 (kurtosis(𝑘ௗ))ିଵ 100,026 -4,954 0,328 0,328 100,020 100,033 0,110 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,026 -5,582 0,339 0,339 100,019 100,032 0,118 

 (𝑚𝑒𝑓𝑓)ିଵ 100,027 -4,374 0,324 0,324 100,020 100,033 0,107 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

Like the first scenario, the weighting strategies resulted in similar MSE values except 

the inverse of skewness which resulted in remarkably higher MSE values. The MSE 

values decreased as the number of samples combined was increased. Combining 

samples resulted in smaller MSE values compare to using estimates from one 

sample.  
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Table 4. 33: Scenario 3: Combining D samples of size n=10000, from a population of size N=1000 000, distributed as the 
normal distribution N(100,25), 𝜽=100.031 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,020 -1,093 9,764 9,762 100,001 100,039 9,653 

2 1/𝑛 100,016 -1,476 6,104 6,103 100,004 100,028 3,944 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,028 -0,364 6,167 6,165 100,015 100,040 3,816 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,027 -0,403 6,170 6,168 100,015 100,039 3,823 

 (skewness(𝑠ௗ))ିଵ 100,027 -0,414 6,607 6,605 100,014 100,040 4,383 

 (kurtosis(𝑘ௗ))ିଵ 100,027 -0,453 6,175 6,173 100,015 100,039 3,834 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,027 -0,435 6,180 6,178 100,015 100,039 3,838 

 (𝑚𝑒𝑓𝑓)ିଵ 100,027 -0,381 6,162 6,161 100,015 100,039 3,812 

3 1/𝑛 100,017 -1,465 5,223 5,223 100,006 100,027 2,943 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,028 -0,311 5,021 5,019 100,018 100,038 2,530 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,028 -0,350 5,020 5,019 100,018 100,038 2,532 

 (skewness(𝑠ௗ))ିଵ 100,019 -1,202 6,199 6,197 100,007 100,031 3,987 

 (kurtosis(𝑘ௗ))ିଵ 100,027 -0,410 5,015 5,014 100,017 100,037 2,532 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,028 -0,344 5,016 5,015 100,018 100,038 2,528 

 (𝑚𝑒𝑓𝑓)ିଵ 100,028 -0,337 5,018 5,016 100,018 100,038 2,529 

5 1/𝑛 100,030 -0,078 4,067 4,066 100,022 100,038 1,655 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,031 -0,049 4,087 4,086 100,023 100,039 1,671 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,031 -0,055 4,076 4,075 100,023 100,039 1,662 

 (skewness(𝑠ௗ))ିଵ 100,029 -0,211 5,433 5,431 100,018 100,040 2,956 

 (kurtosis(𝑘ௗ))ିଵ 100,030 -0,086 4,063 4,062 100,022 100,038 1,652 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,030 -0,103 4,011 4,010 100,022 100,038 1,610 

 (𝑚𝑒𝑓𝑓)ିଵ 100,031 -0,071 4,052 4,050 100,023 100,038 1,642 

10 1/𝑛 100,028 -0,340 2,808 2,807 100,022 100,033 0,800 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,028 -0,320 2,822 2,821 100,022 100,034 0,807 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,028 -0,320 2,814 2,813 100,023 100,034 0,802 

 (skewness(𝑠ௗ))ିଵ 100,032 0,107 4,409 4,408 100,024 100,041 1,945 

 (kurtosis(𝑘ௗ))ିଵ 100,028 -0,349 2,810 2,809 100,022 100,033 0,802 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,028 -0,358 2,816 2,815 100,022 100,033 0,806 

 (𝑚𝑒𝑓𝑓)ିଵ 100,028 -0,290 2,829 2,829 100,023 100,034 0,809 

15 1/𝑛 100,031 0,026 2,468 2,467 100,027 100,036 0,609 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,032 0,059 2,469 2,468 100,027 100,037 0,610 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,032 0,052 2,467 2,466 100,027 100,037 0,609 

 (skewness(𝑠ௗ))ିଵ 100,036 0,527 4,337 4,336 100,028 100,045 1,909 

 (kurtosis(𝑘ௗ))ିଵ 100,031 0,020 2,471 2,470 100,027 100,036 0,610 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,030 -0,136 2,745 2,745 100,024 100,035 0,756 

 (𝑚𝑒𝑓𝑓)ିଵ 100,031 0,017 2,437 2,436 100,027 100,036 0,594 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.33 continued: Scenario 3: Combining D samples of size n=10000, from a population of size N=1000 000, 
distributed as the normal distribution N(100,25), θ=100.031 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 100,033 0,137 1,982 1,981 100,029 100,036 0,395 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,033 0,167 1,978 1,977 100,029 100,037 0,394 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,033 0,162 1,978 1,977 100,029 100,037 0,394 

 (skewness(𝑠ௗ))ିଵ 100,034 0,285 4,785 4,783 100,025 100,043 2,298 

 (kurtosis(𝑘ௗ))ିଵ 100,033 0,133 1,984 1,984 100,029 100,036 0,395 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,032 0,093 2,049 2,048 100,028 100,036 0,421 

 (𝑚𝑒𝑓𝑓)ିଵ 100,033 0,139 2,000 2,000 100,029 100,037 0,402 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

Again, all the weighting strategies resulted in similar MSE values apart from the 

inverse of skewness which resulted in higher MSE values. The difference in 

magnitude of the MSE values became more marked as more samples were 

combined.  

 

Summary 
 
All the weighting strategies performed comparably well with a normal distribution 

superpopulation model at all the sample sizes studied. The inverse of skewness did 

not work well as a weighting strategy, resulting in markedly higher MSE values. 

Combining samples resulted in better estimates compared estimates calculated from 

one sample.
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4.4.2  Simulation results for a finite population generated using the skewed normal distribution, under 

cluster sampling 

 

The finite population was generated by the skewed normal distribution. A location 

parameter of -1.15, scale parameter of 1.541 and an asymmetry parameter 3 were 

used to generate strongly asymmetric data with an overall mean of 100 and variance 

25. The results of comparing the weighting strategies are presented below, for the 

design consistent weighting strategies and in Appendix B7 for all the weighting 

strategies. 
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Table 4. 34: Scenario 1: Combining D samples of size n=1000, from a population of size N=1000 000, distributed as the 
skewed normal distribution SN(100,25), 𝜽=99.914 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଵ 

LB UB 

1  99,897 -1,688 3,184 3,187 99,834 99,959 1,017 

2 1/𝑛 99,905 -0,834 2,179 2,181 99,863 99,948 0,475 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,922 0,846 2,443 2,445 99,874 99,970 0,597 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,928 1,410 2,421 2,422 99,880 99,975 0,588 

 (skewness(𝑠ௗ))ିଵ 99,935 2,113 2,436 2,437 99,887 99,982 0,598 

 (kurtosis(𝑘ௗ))ିଵ 99,934 2,025 2,417 2,419 99,886 99,981 0,588 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,928 1,471 2,406 2,407 99,881 99,975 0,581 

 (𝑚𝑒𝑓𝑓)ିଵ 99,926 1,237 2,438 2,440 99,878 99,974 0,596 

3 1/𝑛 99,898 -1,526 1,959 1,961 99,860 99,937 0,386 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,919 0,541 1,964 1,965 99,881 99,958 0,386 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,928 1,435 1,964 1,965 99,889 99,966 0,388 

 (skewness(𝑠ௗ))ିଵ 99,937 2,361 1,997 1,998 99,898 99,976 0,404 

 (kurtosis(𝑘ௗ))ିଵ 99,937 2,305 1,989 1,990 99,898 99,976 0,401 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,929 1,537 1,955 1,957 99,891 99,967 0,385 

 (𝑚𝑒𝑓𝑓)ିଵ 99,925 1,156 1,974 1,975 99,886 99,964 0,391 

5 1/𝑛 99,925 1,138 1,418 1,419 99,897 99,953 0,202 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,906 -0,766 1,404 1,405 99,878 99,933 0,198 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,916 0,258 1,404 1,405 99,889 99,944 0,197 

 (skewness(𝑠ௗ))ିଵ 99,927 1,342 1,393 1,394 99,900 99,954 0,196 

 (kurtosis(𝑘ௗ))ିଵ 99,926 1,219 1,413 1,414 99,898 99,953 0,201 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,918 0,431 1,407 1,408 99,890 99,945 0,198 

 (𝑚𝑒𝑓𝑓)ିଵ 99,914 0,054 1,441 1,442 99,886 99,942 0,208 

10 1/𝑛 99,941 2,698 1,031 1,032 99,920 99,961 0,114 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,916 0,193 1,073 1,074 99,895 99,937 0,115 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,929 1,525 1,046 1,047 99,908 99,949 0,112 

 (skewness(𝑠ௗ))ିଵ 99,943 2,943 1,034 1,035 99,923 99,963 0,116 

 (kurtosis(𝑘ௗ))ିଵ 99,942 2,822 1,033 1,033 99,922 99,962 0,115 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,935 2,180 1,109 1,109 99,914 99,957 0,128 

 (𝑚𝑒𝑓𝑓)ିଵ 99,925 1,189 1,068 1,069 99,905 99,946 0,115 

15 1/𝑛 99,932 1,806 0,861 0,861 99,915 99,949 0,077 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,906 -0,715 0,883 0,883 99,889 99,924 0,078 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,920 0,635 0,866 0,867 99,903 99,937 0,075 

 (skewness(𝑠ௗ))ିଵ 99,937 2,333 0,857 0,857 99,920 99,954 0,079 

 (kurtosis(𝑘ௗ))ିଵ 99,934 2,018 0,854 0,854 99,917 99,951 0,077 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,923 0,964 0,871 0,872 99,906 99,940 0,077 

 (𝑚𝑒𝑓𝑓)ିଵ 99,915 0,132 0,873 0,874 99,898 99,932 0,076 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.34 continued: Scenario 1: Combining D samples of size n=1000, from a population of size N=1000 000, 
distributed as the skewed normal distribution SN(100,25), θ=99.914 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 99,931 1,702 0,720 0,720 99,917 99,945 0,055 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,906 -0,796 0,739 0,740 99,891 99,920 0,055 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,919 0,541 0,724 0,724 99,905 99,933 0,053 

 (skewness(𝑠ௗ))ିଵ 99,937 2,349 0,723 0,724 99,923 99,951 0,058 

 (kurtosis(𝑘ௗ))ିଵ 99,933 1,963 0,712 0,713 99,919 99,947 0,055 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,924 1,014 0,729 0,729 99,909 99,938 0,054 

 (𝑚𝑒𝑓𝑓)ିଵ 99,917 0,297 0,766 0,766 99,902 99,932 0,059 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 
 

Combining samples yielded MSE values which were smaller than those resulting 

from using one sample. The MSE values decreased as the number of samples 

combined was increased. The weighting strategies resulted in similar MSE values.  
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Table 4. 35: Scenario 2: Combining D samples of size n=5000, from a population of size N=1000 000, distributed as the 
skewed normal distribution SN(100,25), 𝜽=99.914 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,909 -0,491 1,493 1,495 99,879 99,938 2,232 

2 1/𝑛 99,889 -2,481 0,946 0,947 99,870 99,907 0,957 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,894 -1,946 1,024 1,025 99,874 99,914 1,086 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,895 -1,825 1,021 1,022 99,875 99,915 1,075 

 (skewness(𝑠ௗ))ିଵ 99,898 -1,610 1,018 1,019 99,878 99,917 1,063 

 (kurtosis(𝑘ௗ))ିଵ 99,897 -1,693 1,018 1,019 99,877 99,917 1,065 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,895 -1,818 1,020 1,021 99,875 99,915 1,074 

 (𝑚𝑒𝑓𝑓)ିଵ 99,895 -1,858 1,022 1,023 99,875 99,915 1,078 

3 1/𝑛 99,891 -2,287 0,770 0,771 99,876 99,906 0,646 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,898 -1,599 0,860 0,861 99,881 99,914 0,765 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,899 -1,498 0,859 0,860 99,882 99,915 0,760 

 (skewness(𝑠ௗ))ିଵ 99,900 -1,334 0,857 0,858 99,883 99,917 0,752 

 (kurtosis(𝑘ௗ))ିଵ 99,900 -1,403 0,857 0,858 99,883 99,916 0,754 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,899 -1,482 0,857 0,858 99,882 99,916 0,756 

 (𝑚𝑒𝑓𝑓)ିଵ 99,898 -1,513 0,860 0,861 99,882 99,915 0,762 

5 1/𝑛 99,907 -0,649 0,612 0,613 99,895 99,919 0,379 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,904 -0,985 0,619 0,620 99,892 99,916 0,393 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,906 -0,800 0,615 0,616 99,894 99,918 0,385 

 (skewness(𝑠ௗ))ିଵ 99,907 -0,612 0,612 0,612 99,896 99,919 0,378 

 (kurtosis(𝑘ௗ))ିଵ 99,907 -0,639 0,611 0,611 99,895 99,919 0,377 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,905 -0,856 0,623 0,623 99,893 99,917 0,395 

 (𝑚𝑒𝑓𝑓)ିଵ 99,905 -0,894 0,621 0,621 99,893 99,917 0,393 

10 1/𝑛 99,907 -0,663 0,420 0,420 99,899 99,915 0,180 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,903 -1,069 0,420 0,420 99,895 99,911 0,187 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,905 -0,846 0,419 0,420 99,897 99,913 0,183 

 (skewness(𝑠ௗ))ିଵ 99,908 -0,587 0,419 0,419 99,900 99,916 0,179 

 (kurtosis(𝑘ௗ))ିଵ 99,907 -0,648 0,418 0,419 99,899 99,915 0,179 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,905 -0,878 0,426 0,427 99,896 99,913 0,189 

 (𝑚𝑒𝑓𝑓)ିଵ 99,903 -1,039 0,432 0,432 99,895 99,912 0,197 

15 1/𝑛 99,908 -0,543 0,355 0,355 99,901 99,915 0,129 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,904 -1,000 0,354 0,355 99,897 99,911 0,135 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,906 -0,751 0,354 0,355 99,899 99,913 0,131 

 (skewness(𝑠ௗ))ିଵ 99,909 -0,455 0,353 0,354 99,902 99,916 0,127 

 (kurtosis(𝑘ௗ))ିଵ 99,908 -0,517 0,353 0,354 99,902 99,915 0,127 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,908 -0,598 0,372 0,372 99,900 99,915 0,142 

 (𝑚𝑒𝑓𝑓)ିଵ 99,906 -0,803 0,361 0,361 99,899 99,913 0,137 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.35 continued: Scenario 2: Combining D samples of size n=5000, from a population of size N=1000 000, 
distributed as the skewed normal distribution SN(100,25), θ=99.914 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 99,909 -0,479 0,300 0,300 99,903 99,915 0,092 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,904 -0,945 0,300 0,300 99,898 99,910 0,099 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,907 -0,691 0,300 0,300 99,901 99,913 0,094 

 (skewness(𝑠ௗ))ିଵ 99,910 -0,360 0,297 0,298 99,904 99,916 0,090 

 (kurtosis(𝑘ௗ))ିଵ 99,909 -0,437 0,299 0,299 99,903 99,915 0,091 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,908 -0,592 0,302 0,302 99,902 99,914 0,095 

 (𝑚𝑒𝑓𝑓)ିଵ 99,906 -0,762 0,302 0,302 99,900 99,912 0,097 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

The weighting strategies performed comparably, resulting in similar MSE values for 

the same numbers of samples combined. Combined estimates resulted in smaller 

MSE values compared to the estimate calculated from one sample. Increasing the 

number of samples combined tended to decrease the MSE values.   
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Table 4. 36: Scenario 3: Combining D samples of size n=10000, from a population of size N=1000 000, distributed as the 
skewed normal distribution SN(100,25), 𝜽=99.914 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,912 -1,717 1,011 1,012 99,892 99,932 1,022 

2 1/𝑛 99,910 -3,600 0,668 0,668 99,897 99,923 0,447 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,906 -8,014 0,722 0,723 99,891 99,920 0,528 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,906 -7,243 0,722 0,722 99,892 99,921 0,526 

 (skewness(𝑠ௗ))ିଵ 99,908 -5,840 0,727 0,728 99,894 99,922 0,532 

 (kurtosis(𝑘ௗ))ିଵ 99,907 -6,441 0,723 0,723 99,893 99,921 0,526 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,907 -6,931 0,722 0,722 99,893 99,921 0,526 

 (𝑚𝑒𝑓𝑓)ିଵ 99,906 -7,661 0,722 0,722 99,892 99,920 0,526 

3 1/𝑛 99,914 0,257 0,552 0,552 99,903 99,925 0,305 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,909 -4,652 0,584 0,584 99,898 99,920 0,343 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,910 -3,422 0,583 0,583 99,899 99,922 0,341 

 (skewness(𝑠ௗ))ିଵ 99,912 -1,579 0,584 0,584 99,901 99,923 0,341 

 (kurtosis(𝑘ௗ))ିଵ 99,912 -2,115 0,583 0,583 99,900 99,923 0,340 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,910 -3,194 0,582 0,583 99,899 99,922 0,340 

 (𝑚𝑒𝑓𝑓)ିଵ 99,910 -3,931 0,584 0,584 99,898 99,921 0,342 

5 1/𝑛 99,914 0,630 0,446 0,446 99,906 99,923 0,199 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,912 -1,857 0,444 0,444 99,903 99,920 0,197 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,913 -0,521 0,445 0,445 99,904 99,922 0,198 

 (skewness(𝑠ௗ))ିଵ 99,915 1,352 0,451 0,451 99,906 99,924 0,203 

 (kurtosis(𝑘ௗ))ିଵ 99,914 0,879 0,450 0,450 99,906 99,923 0,202 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,914 0,326 0,446 0,446 99,905 99,923 0,199 

 (𝑚𝑒𝑓𝑓)ିଵ 99,912 -1,367 0,446 0,447 99,904 99,921 0,199 

10 1/𝑛 99,911 -2,448 0,306 0,307 99,905 99,917 0,095 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,909 -4,869 0,311 0,311 99,903 99,915 0,099 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,910 -3,555 0,308 0,309 99,904 99,916 0,096 

 (skewness(𝑠ௗ))ିଵ 99,912 -1,623 0,307 0,307 99,906 99,918 0,094 

 (kurtosis(𝑘ௗ))ିଵ 99,911 -2,180 0,307 0,307 99,905 99,917 0,095 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,910 -3,640 0,304 0,304 99,904 99,916 0,094 

 (𝑚𝑒𝑓𝑓)ିଵ 99,909 -4,582 0,307 0,307 99,903 99,915 0,096 

15 1/𝑛 99,911 -2,283 0,236 0,237 99,907 99,916 0,056 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,909 -4,670 0,239 0,239 99,904 99,914 0,059 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,910 -3,374 0,237 0,238 99,906 99,915 0,058 

 (skewness(𝑠ௗ))ିଵ 99,912 -1,615 0,238 0,238 99,907 99,917 0,057 

 (kurtosis(𝑘ௗ))ିଵ 99,912 -2,065 0,237 0,237 99,907 99,916 0,057 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,910 -3,742 0,246 0,246 99,905 99,915 0,062 

 (𝑚𝑒𝑓𝑓)ିଵ 99,910 -3,880 0,238 0,238 99,905 99,914 0,058 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.36 continued: Scenario 3: Combining D samples of size n=10000, from a population of size N=1000 000, 
distributed as the skewed normal distribution SN(100,25), θ=99.914 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 99,911 -2,840 0,217 0,217 99,907 99,915 0,048 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,908 -5,184 0,219 0,219 99,904 99,913 0,051 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,910 -3,910 0,218 0,218 99,905 99,914 0,049 

 (skewness(𝑠ௗ))ିଵ 99,911 -2,205 0,218 0,218 99,907 99,916 0,048 

 (kurtosis(𝑘ௗ))ିଵ 99,911 -2,643 0,217 0,218 99,907 99,915 0,048 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,910 -3,478 0,216 0,216 99,906 99,914 0,048 

 (𝑚𝑒𝑓𝑓)ିଵ 99,909 -4,760 0,226 0,226 99,904 99,913 0,053 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

The weighting strategies resulted in comparable MSE values which decreased as 

the number of samples combined was increased. The MSE value resulting from the 

one sample estimate was markedly higher than the MSE values resulting from the 

combined estimates. 

 

 

Summary 

 

Combining samples resulted in better estimates compared to using estimates 

derived from one sample. The weighting strategies performed similarly, with 

comparable MSE values. At sample sizes 5000 and 10000, the weighting strategies 

mostly underestimated the population parameter value as shown by the negative 

relative bias and 95% confidence intervals. 
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4.4.3  Simulation results for the t- distribution with three degrees of freedom, under cluster 

sampling 

The finite population, from which multiple surveys were sampled, was generated by 

a t- distribution with three degrees of freedom in each cluster for this simulation. The 

finite population was simulated in such a way that the overall mean would be 100 

and the variance 25. The results of comparing the design consistent weighting 

strategies for combining the surveys under this distribution are presented below and 

in Appendix C2 for all the weighting strategies studied.  
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Table 4. 37: Scenario 1: Combining D samples of size n=1000, from a population of size N=1000 000, distributed as the t-
distribution with three degrees of freedom t(3)(100,25), 𝜽=100.010 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,981 -2,931 3,051 3,051 99,921 100,041 9,393 

2 1/𝑛 100,015 0,461 1,881 1,880 99,978 100,052 3,539 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,006 -0,389 2,199 2,199 99,963 100,049 4,839 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,005 -0,480 2,176 2,176 99,963 100,048 4,739 

 (skewness(𝑠ௗ))ିଵ 100,002 -0,791 2,538 2,538 99,952 100,052 6,448 

 (kurtosis(𝑘ௗ))ିଵ 99,999 -1,145 2,367 2,367 99,952 100,045 5,614 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,003 -0,727 2,175 2,175 99,960 100,046 4,735 

 (𝑚𝑒𝑓𝑓)ିଵ 100,007 -0,358 2,200 2,199 99,963 100,050 4,839 

3 1/𝑛 100,019 0,908 1,731 1,731 99,985 100,053 3,005 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,009 -0,069 1,968 1,968 99,971 100,048 3,875 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,009 -0,081 1,958 1,958 99,971 100,048 3,834 

 (skewness(𝑠ௗ))ିଵ 100,010 -0,058 2,394 2,394 99,963 100,056 5,731 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -0,923 2,201 2,201 99,958 100,044 4,852 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,005 -0,531 2,005 2,005 99,966 100,044 4,023 

 (𝑚𝑒𝑓𝑓)ିଵ 100,009 -0,153 1,995 1,995 99,970 100,048 3,981 

5 1/𝑛 100,007 -0,338 1,469 1,469 99,978 100,036 2,159 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,005 -0,480 1,477 1,477 99,976 100,034 2,185 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,006 -0,376 1,459 1,458 99,978 100,035 2,129 

 (skewness(𝑠ௗ))ିଵ 99,987 -2,302 2,000 2,000 99,948 100,026 4,052 

 (kurtosis(𝑘ௗ))ିଵ 100,000 -0,968 1,576 1,576 99,970 100,031 2,492 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,005 -0,528 1,443 1,443 99,977 100,033 2,085 

 (𝑚𝑒𝑓𝑓)ିଵ 100,005 -0,541 1,516 1,516 99,975 100,034 2,301 

10 1/𝑛 100,003 -0,750 0,903 0,903 99,985 100,020 0,821 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,994 -1,590 0,930 0,930 99,976 100,012 0,891 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 -1,143 0,901 0,901 99,981 100,016 0,825 

 (skewness(𝑠ௗ))ିଵ 100,004 -0,619 1,764 1,764 99,969 100,039 3,116 

 (kurtosis(𝑘ௗ))ିଵ 100,003 -0,683 1,033 1,033 99,983 100,024 1,073 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,002 -0,813 0,917 0,917 99,984 100,020 0,848 

 (𝑚𝑒𝑓𝑓)ିଵ 99,995 -1,548 0,976 0,976 99,976 100,014 0,977 

15 1/𝑛 100,010 0,002 0,749 0,749 99,995 100,025 0,561 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 -1,426 0,729 0,729 99,982 100,010 0,552 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,003 -0,707 0,728 0,728 99,989 100,017 0,535 

 (skewness(𝑠ௗ))ିଵ 100,005 -0,466 1,786 1,786 99,970 100,040 3,191 

 (kurtosis(𝑘ௗ))ିଵ 100,012 0,137 0,884 0,884 99,994 100,029 0,782 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,004 -0,593 0,758 0,758 99,989 100,019 0,578 

 (𝑚𝑒𝑓𝑓)ିଵ 99,996 -1,430 0,773 0,774 99,981 100,011 0,619 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.37 continued: Scenario 1: Combining D samples of size n=1000, from a population of size N=1000 000, 
distributed as the t-distribution with three degrees of freedom t(3)(100,25), θ=100.010 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 100,014 0,362 0,746 0,746 99,999 100,028 0,557 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 -1,027 0,733 0,733 99,986 100,014 0,548 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,007 -0,319 0,732 0,731 99,993 100,021 0,536 

 (skewness(𝑠ௗ))ିଵ 100,002 -0,787 1,695 1,695 99,969 100,036 2,878 

 (kurtosis(𝑘ௗ))ିଵ 100,013 0,321 0,843 0,843 99,997 100,030 0,711 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,007 -0,351 0,789 0,789 99,991 100,022 0,624 

 (𝑚𝑒𝑓𝑓)ିଵ 99,998 -1,213 0,864 0,864 99,981 100,015 0,762 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 
 

Combining samples resulted in lower MSE values compared to estimates obtained 

from one sample. Weighting by the inverse of the sample size resulted in the lowest 

MSE value for 2, 3 or 10 samples were combined. The inverse of skewness resulted 

in markedly higher MSE values compared to the other weighting strategies.  
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Table 4. 38: Scenario 2: Combining D samples of size n=5000, from a population of size N=1000 000, distributed as the t- 
distribution with three degrees of freedom t(3)(100,25), 𝜽=100.010 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,994 -1,627 1,527 1,527 99,964 100,024 2,357 

2 1/𝑛 100,025 1,532 0,945 0,944 100,007 100,044 0,916 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,010 0,010 1,062 1,062 99,989 100,031 1,128 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,012 0,161 1,060 1,059 99,991 100,033 1,123 

 (skewness(𝑠ௗ))ିଵ 100,007 -0,346 1,354 1,354 99,980 100,033 1,834 

 (kurtosis(𝑘ௗ))ିଵ 100,014 0,421 1,250 1,250 99,990 100,039 1,565 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,012 0,195 1,069 1,069 99,991 100,033 1,143 

 (𝑚𝑒𝑓𝑓)ିଵ 100,011 0,110 1,057 1,056 99,991 100,032 1,117 

3 1/𝑛 100,021 1,090 0,715 0,714 100,007 100,035 0,522 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,008 -0,265 0,801 0,801 99,992 100,023 0,642 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,009 -0,069 0,797 0,797 99,994 100,025 0,636 

 (skewness(𝑠ௗ))ିଵ 100,002 -0,854 1,129 1,129 99,979 100,024 1,281 

 (kurtosis(𝑘ௗ))ିଵ 100,009 -0,138 0,977 0,977 99,990 100,028 0,955 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,011 0,042 0,814 0,814 99,995 100,027 0,663 

 (𝑚𝑒𝑓𝑓)ିଵ 100,009 -0,086 0,791 0,791 99,994 100,025 0,625 

5 1/𝑛 100,007 -0,364 0,670 0,670 99,993 100,020 0,450 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,004 -0,644 0,669 0,669 99,991 100,017 0,452 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,005 -0,489 0,668 0,668 99,992 100,018 0,449 

 (skewness(𝑠ௗ))ିଵ 99,998 -1,254 0,990 0,990 99,978 100,017 0,997 

 (kurtosis(𝑘ௗ))ିଵ 100,005 -0,554 0,770 0,770 99,990 100,020 0,596 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,005 -0,525 0,680 0,680 99,992 100,018 0,465 

 (𝑚𝑒𝑓𝑓)ିଵ 100,005 -0,559 0,669 0,669 99,991 100,018 0,451 

10 1/𝑛 100,006 -0,398 0,457 0,457 99,997 100,015 0,211 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 -0,743 0,436 0,436 99,994 100,011 0,196 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,005 -0,552 0,445 0,445 99,996 100,013 0,201 

 (skewness(𝑠ௗ))ିଵ 99,997 -1,280 0,907 0,907 99,980 100,015 0,840 

 (kurtosis(𝑘ௗ))ିଵ 100,008 -0,241 0,536 0,536 99,997 100,018 0,287 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,005 -0,482 0,459 0,459 99,996 100,014 0,213 

 (𝑚𝑒𝑓𝑓)ିଵ 100,003 -0,742 0,452 0,452 99,994 100,012 0,210 

15 1/𝑛 100,006 -0,371 0,370 0,370 99,999 100,014 0,139 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,002 -0,790 0,353 0,353 99,995 100,009 0,131 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,004 -0,566 0,360 0,360 99,997 100,012 0,133 

 (skewness(𝑠ௗ))ିଵ 99,999 -1,080 0,760 0,760 99,984 100,014 0,590 

 (kurtosis(𝑘ௗ))ିଵ 100,007 -0,338 0,404 0,404 99,999 100,015 0,165 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,006 -0,461 0,365 0,365 99,998 100,013 0,135 

 (𝑚𝑒𝑓𝑓)ିଵ 100,003 -0,723 0,362 0,362 99,996 100,010 0,136 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.38 continued: Scenario 2: Combining D samples of size n=5000, from a population of size N=1000 000, 
distributed as the t- distribution with three degrees of freedom t(3)(100,25), θ=100.010 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 100,008 -0,199 0,327 0,327 100,002 100,015 0,107 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,004 -0,635 0,319 0,319 99,998 100,010 0,106 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,006 -0,404 0,322 0,322 100,000 100,012 0,105 

 (skewness(𝑠ௗ))ିଵ 100,004 -0,574 0,752 0,752 99,990 100,019 0,568 

 (kurtosis(𝑘ௗ))ିଵ 100,007 -0,276 0,368 0,367 100,000 100,015 0,136 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,007 -0,343 0,332 0,332 100,000 100,013 0,111 

 (𝑚𝑒𝑓𝑓)ିଵ 100,003 -0,672 0,340 0,340 99,997 100,010 0,120 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

Similarly, to the scenario where a sample size of 1000 was used, combining samples 

resulted in lower MSE values compared to using estimates obtained from one 

sample. Weighting the samples by the inverses of skewness and kurtosis resulted in 

remarkably higher MSE values compared to the other weighting strategies. MSE 

values resulting from using the inverse of kurtosis as a weighting strategy became 

closer to the other weighting strategies as the number of samples combined was 

increased. 
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Table 4. 39: Scenario 3: Combining D samples of size n=10000, from a population of size N=1000 000, distributed as the t- 
distribution with three degrees of freedom t(3)(100,25), 𝜽=100.010 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,994 -1,574 9,449 9,449 99,976 100,013 9,176 

2 1/𝑛 99,999 -1,082 6,461 6,461 99,987 100,012 4,291 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 -0,690 6,410 6,410 99,991 100,016 4,156 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,004 -0,617 6,410 6,410 99,991 100,017 4,147 

 (skewness(𝑠ௗ))ିଵ 100,008 -0,208 8,589 8,588 99,991 100,025 7,382 

 (kurtosis(𝑘ௗ))ିଵ 100,006 -0,438 7,682 7,682 99,991 100,021 5,921 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,005 -0,543 6,491 6,491 99,992 100,017 4,243 

 (𝑚𝑒𝑓𝑓)ିଵ 100,003 -0,704 6,379 6,379 99,991 100,016 4,119 

3 1/𝑛 99,999 -1,090 5,228 5,228 99,989 100,010 2,852 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 -0,694 5,267 5,266 99,993 100,014 2,822 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,004 -0,628 5,255 5,255 99,994 100,014 2,801 

 (skewness(𝑠ௗ))ିଵ 100,008 -0,252 7,140 7,139 99,994 100,022 5,104 

 (kurtosis(𝑘ௗ))ିଵ 100,007 -0,323 6,070 6,070 99,995 100,019 3,695 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,005 -0,561 5,263 5,263 99,994 100,015 2,802 

 (𝑚𝑒𝑓𝑓)ିଵ 100,003 -0,734 5,274 5,274 99,992 100,013 2,836 

5 1/𝑛 100,002 -0,850 4,491 4,491 99,993 100,010 2,089 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -0,964 4,489 4,489 99,992 100,009 2,108 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -0,899 4,487 4,487 99,992 100,010 2,094 

 (skewness(𝑠ௗ))ିଵ 100,010 0,021 6,777 6,777 99,997 100,024 4,593 

 (kurtosis(𝑘ௗ))ିଵ 100,004 -0,626 5,214 5,214 99,994 100,014 2,758 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,002 -0,840 4,545 4,545 99,993 100,011 2,137 

 (𝑚𝑒𝑓𝑓)ିଵ 100,001 -0,922 4,512 4,512 99,992 100,010 2,121 

10 1/𝑛 100,004 -0,642 3,162 3,162 99,998 100,010 1,041 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 -0,756 3,205 3,205 99,996 100,009 1,084 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,003 -0,691 3,179 3,179 99,997 100,009 1,058 

 (skewness(𝑠ௗ))ିଵ 100,006 -0,394 5,886 5,886 99,995 100,018 3,480 

 (kurtosis(𝑘ௗ))ିଵ 100,006 -0,406 3,931 3,931 99,998 100,014 1,562 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,004 -0,604 3,219 3,219 99,998 100,010 1,073 

 (𝑚𝑒𝑓𝑓)ିଵ 100,003 -0,735 3,140 3,140 99,997 100,009 1,040 

15 1/𝑛 100,007 -0,279 2,501 2,501 100,002 100,012 0,633 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,006 -0,420 2,471 2,471 100,001 100,011 0,628 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,007 -0,279 2,501 2,501 100,002 100,012 0,633 

 (skewness(𝑠ௗ))ିଵ 100,007 -0,341 2,481 2,481 100,002 100,012 0,627 

 (kurtosis(𝑘ௗ))ିଵ 100,005 -0,534 5,437 5,436 99,994 100,015 2,984 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,009 -0,108 3,058 3,058 100,003 100,015 0,936 

 (𝑚𝑒𝑓𝑓)ିଵ 100,007 -0,324 2,552 2,552 100,002 100,012 0,662 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.39 continued: Scenario 3: Combining D samples of size n=10000, from a population of size N=1000 000, 
distributed as the t- distribution with three degrees of freedom t(3)(100,25), θ=100.010 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 100,005 -0,480 2,566 2,566 100,000 100,010 0,681 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,007 -0,313 2,291 2,291 100,003 100,012 0,535 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,005 -0,470 2,259 2,259 100,001 100,010 0,532 

 (skewness(𝑠ௗ))ିଵ 100,006 -0,382 2,271 2,270 100,002 100,011 0,530 

 (kurtosis(𝑘ௗ))ିଵ 100,003 -0,711 4,919 4,919 99,993 100,013 2,470 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,009 -0,094 2,594 2,594 100,004 100,014 0,674 

 (𝑚𝑒𝑓𝑓)ିଵ 100,007 -0,327 2,284 2,284 100,002 100,011 0,532 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

The weighting methods more or less performed similarly except the inverses of 

skewness and kurtosis which resulted in higher MSE values. The MSE values 

resulting from combining samples were much lower compared to MSE values 

resulting from using estimates calculated from one sample, regardless of number of 

samples combined.  

 

Summary 

The weighting strategies generally performed similarly with the exception of the 

inverses of skewness and kurtosis. Combining estimates from different samples 

yielded better estimates compared to using estimates from one sample.  
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4.4.4  Simulation results for a finite population generated using the skewed t- distribution with 

three degrees of freedom, under cluster sampling 

 

Weighting strategies were compared where a finite population was generated using 

a skewed t-distribution with three degrees of freedom in each cluster. A location 

parameter of -0.7891, a scale parameter of 0.746 and an asymmetry parameter of 3 

were used to generate the skewed distribution. Appendix D2 presents 

comprehensive results of this comparison and the tables below present the results 

for design consistent weighting strategies. 
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Table 4. 40: Scenario 1: Combining D samples of size n=1000, from a population of size N=1000 000, distributed as the 
skewed t-distribution with three degrees of freedom at(3)(100,25), 𝜽=99.940 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,936 -0,595 2,697 2,698 99,883 99,989 7,276 

2 1/𝑛 99,918 -2,374 1,835 1,836 99,882 99,954 3,423 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,899 -4,257 1,978 1,980 99,861 99,938 4,095 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,921 -2,088 1,947 1,948 99,883 99,959 3,834 

 (skewness(𝑠ௗ))ିଵ 99,924 -1,815 2,010 2,012 99,884 99,963 4,073 

 (kurtosis(𝑘ௗ))ିଵ 99,919 -2,329 2,080 2,082 99,878 99,959 4,382 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,916 -2,627 1,973 1,974 99,877 99,954 3,961 

 (𝑚𝑒𝑓𝑓)ିଵ 99,927 -1,510 1,990 1,992 99,888 99,966 3,983 

3 1/𝑛 99,927 -1,529 1,523 1,524 99,897 99,956 2,343 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,888 -5,384 1,567 1,568 99,857 99,919 2,743 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,918 -2,419 1,571 1,572 99,887 99,948 2,525 

 (skewness(𝑠ௗ))ିଵ 99,921 -2,106 1,692 1,694 99,888 99,954 2,909 

 (kurtosis(𝑘ௗ))ିଵ 99,913 -2,904 1,809 1,811 99,877 99,948 3,357 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,914 -2,743 1,595 1,596 99,883 99,946 2,618 

 (𝑚𝑒𝑓𝑓)ିଵ 99,924 -1,804 1,631 1,632 99,892 99,956 2,693 

5 1/𝑛 99,935 -0,688 1,316 1,317 99,909 99,961 1,736 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,869 -7,298 1,295 1,297 99,844 99,894 2,208 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,901 -4,059 1,264 1,265 99,877 99,926 1,762 

 (skewness(𝑠ௗ))ିଵ 99,908 -3,339 1,339 1,340 99,882 99,935 1,903 

 (kurtosis(𝑘ௗ))ିଵ 99,904 -3,781 1,400 1,402 99,877 99,932 2,104 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,901 -4,038 1,313 1,314 99,876 99,927 1,886 

 (𝑚𝑒𝑓𝑓)ିଵ 99,908 -3,404 1,329 1,330 99,882 99,934 1,881 

10 1/𝑛 99,927 -1,439 0,922 0,922 99,909 99,946 0,870 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,862 -7,945 0,989 0,991 99,843 99,882 1,608 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,895 -4,727 0,920 0,921 99,877 99,913 1,070 

 (skewness(𝑠ௗ))ିଵ 99,908 -3,339 0,982 0,983 99,889 99,928 1,076 

 (kurtosis(𝑘ௗ))ିଵ 99,908 -3,395 1,062 1,063 99,887 99,929 1,244 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,894 -4,816 0,925 0,926 99,876 99,912 1,086 

 (𝑚𝑒𝑓𝑓)ିଵ 99,896 -4,559 0,965 0,966 99,877 99,915 1,138 

15 1/𝑛 99,932 -1,023 0,781 0,782 99,916 99,947 0,621 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,865 -7,727 0,828 0,829 99,848 99,881 1,281 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,898 -4,416 0,777 0,778 99,882 99,913 0,799 

 (skewness(𝑠ௗ))ିଵ 99,910 -3,208 0,787 0,788 99,894 99,925 0,722 

 (kurtosis(𝑘ௗ))ିଵ 99,910 -3,229 0,842 0,843 99,893 99,926 0,813 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,899 -4,305 0,801 0,802 99,883 99,915 0,827 

 (𝑚𝑒𝑓𝑓)ିଵ 99,901 -4,098 0,817 0,818 99,885 99,917 0,835 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.40 continued: Scenario 1: Combining D samples of size n=1000, from a population of size N=1000 000, 
distributed as the skewed t-distribution with three degrees of freedom at(3)(100,25), θ=99.940 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 99,933 -0,910 0,681 0,682 99,919 99,946 0,473 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,867 -7,459 0,684 0,685 99,854 99,881 1,023 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,899 -4,249 0,664 0,665 99,886 99,912 0,621 

 (skewness(𝑠ௗ))ିଵ 99,912 -3,019 0,694 0,695 99,898 99,925 0,573 

 (kurtosis(𝑘ௗ))ିଵ 99,912 -2,974 0,748 0,748 99,897 99,927 0,648 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,899 -4,329 0,666 0,666 99,886 99,912 0,630 

 (𝑚𝑒𝑓𝑓)ିଵ 99,905 -3,710 0,762 0,762 99,890 99,920 0,717 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 
Estimates from one sample resulted in higher MSE values compared to estimates 
obtained by combining estimates from different samples. Weighting strategies 
generally performed similarly. However, the inverse of sample size outperformed the 
other weighting strategies as the number of samples combined was increased. 
.    
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Table 4. 41: Scenario 2: Combining D samples of size n=5000, from a population of size N=1000 000, distributed as the 
skewed t-distribution with three degrees of freedom at(3) (100,25), 𝜽=99.940 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,922 -1,777 1,494 1,495 99,893 99,951 2,262 

2 1/𝑛 99,931 -0,853 0,992 0,992 99,912 99,951 0,991 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,918 -2,164 1,041 1,042 99,898 99,938 1,131 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,927 -1,261 1,027 1,028 99,907 99,947 1,071 

 (skewness(𝑠ௗ))ିଵ 99,926 -1,349 1,069 1,070 99,905 99,947 1,162 

 (kurtosis(𝑘ௗ))ିଵ 99,923 -1,673 1,138 1,139 99,901 99,945 1,323 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,927 -1,235 1,032 1,033 99,907 99,948 1,081 

 (𝑚𝑒𝑓𝑓)ିଵ 99,927 -1,248 1,028 1,028 99,907 99,947 1,072 

3 1/𝑛 99,930 -0,926 0,824 0,825 99,914 99,947 0,688 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,924 -1,540 0,824 0,824 99,908 99,940 0,702 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,932 -0,755 0,827 0,827 99,916 99,948 0,689 

 (skewness(𝑠ௗ))ିଵ 99,933 -0,686 0,886 0,886 99,915 99,950 0,789 

 (kurtosis(𝑘ௗ))ିଵ 99,931 -0,877 0,984 0,985 99,912 99,950 0,977 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,932 -0,756 0,837 0,838 99,916 99,949 0,707 

 (𝑚𝑒𝑓𝑓)ିଵ 99,933 -0,701 0,831 0,831 99,916 99,949 0,695 

5 1/𝑛 99,931 -0,892 0,716 0,717 99,917 99,945 0,521 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,910 -2,972 0,648 0,649 99,897 99,923 0,508 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,920 -2,011 0,671 0,672 99,906 99,933 0,491 

 (skewness(𝑠ௗ))ିଵ 99,921 -1,830 0,754 0,755 99,907 99,936 0,603 

 (kurtosis(𝑘ௗ))ିଵ 99,918 -2,130 0,859 0,860 99,902 99,935 0,783 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,920 -1,957 0,700 0,700 99,906 99,934 0,528 

 (𝑚𝑒𝑓𝑓)ିଵ 99,918 -2,121 0,658 0,658 99,906 99,931 0,477 

10 1/𝑛 99,936 -0,382 0,474 0,474 99,927 99,945 0,225 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,910 -2,971 0,448 0,448 99,901 99,919 0,289 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,921 -1,819 0,451 0,451 99,913 99,930 0,237 

 (skewness(𝑠ௗ))ିଵ 99,927 -1,272 0,484 0,485 99,917 99,936 0,251 

 (kurtosis(𝑘ௗ))ିଵ 99,925 -1,453 0,542 0,542 99,915 99,936 0,314 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,923 -1,694 0,444 0,444 99,914 99,931 0,225 

 (𝑚𝑒𝑓𝑓)ିଵ 99,918 -2,156 0,439 0,440 99,910 99,927 0,239 

15 1/𝑛 99,937 -0,274 0,373 0,374 99,930 99,944 0,140 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,911 -2,843 0,348 0,348 99,904 99,918 0,201 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,923 -1,699 0,350 0,351 99,916 99,930 0,151 

 (skewness(𝑠ௗ))ିଵ 99,928 -1,175 0,394 0,394 99,920 99,936 0,169 

 (kurtosis(𝑘ௗ))ିଵ 99,926 -1,321 0,452 0,453 99,918 99,935 0,222 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,926 -1,348 0,392 0,393 99,919 99,934 0,172 

 (𝑚𝑒𝑓𝑓)ିଵ 99,922 -1,793 0,355 0,355 99,915 99,929 0,158 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.41 continued: Scenario 2: Combining D samples of size n=5000, from a population of size N=1000 000, 
distributed as the skewed t-distribution with three degrees of freedom at(3) (100,25), θ=99.940 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 99,936 -0,355 0,303 0,304 99,930 99,942 0,093 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,909 -3,031 0,305 0,306 99,903 99,915 0,185 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,921 -1,855 0,299 0,299 99,915 99,927 0,124 

 (skewness(𝑠ௗ))ିଵ 99,926 -1,395 0,345 0,345 99,919 99,932 0,138 

 (kurtosis(𝑘ௗ))ିଵ 99,923 -1,627 0,399 0,400 99,916 99,931 0,186 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,923 -1,643 0,307 0,308 99,917 99,929 0,121 

 (𝑚𝑒𝑓𝑓)ିଵ 99,920 -1,980 0,297 0,298 99,914 99,926 0,128 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

In general, the weighting strategies resulted in similar MSE values. However, the 

inverse of sample size resulted in the least MSE values except when five samples 

were combined. The MSE values decreased as the number of samples combined 

increased.  
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Table 4. 42: Scenario 3: Combining D samples of size n=10000, from a population of size N=1000 000, distributed as the 
skewed t-distribution with three degrees of freedom at(3) (100,25), 𝜽=99.940 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,920 -1,985 1,228 1,229 99,896 99,944 1,547 

2 1/𝑛 99,934 -0,542 0,728 0,729 99,920 99,949 0,533 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,921 -1,823 0,755 0,756 99,907 99,936 0,604 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,926 -1,343 0,756 0,756 99,911 99,941 0,589 

 (skewness(𝑠ௗ))ିଵ 99,930 -1,009 0,770 0,771 99,914 99,945 0,603 

 (kurtosis(𝑘ௗ))ିଵ 99,931 -0,908 0,814 0,815 99,915 99,947 0,671 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,928 -1,200 0,755 0,755 99,913 99,942 0,584 

 (𝑚𝑒𝑓𝑓)ିଵ 99,925 -1,488 0,761 0,761 99,910 99,940 0,601 

3 1/𝑛 99,937 -0,282 0,601 0,602 99,925 99,949 0,362 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,925 -1,490 0,602 0,603 99,913 99,937 0,385 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,931 -0,837 0,607 0,607 99,919 99,943 0,375 

 (skewness(𝑠ௗ))ିଵ 99,934 -0,573 0,650 0,650 99,921 99,947 0,426 

 (kurtosis(𝑘ௗ))ିଵ 99,934 -0,610 0,725 0,726 99,919 99,948 0,530 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,933 -0,693 0,610 0,611 99,921 99,945 0,377 

 (𝑚𝑒𝑓𝑓)ିଵ 99,930 -0,984 0,611 0,611 99,918 99,942 0,383 

5 1/𝑛 99,940 0,035 0,496 0,497 99,930 99,950 0,246 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,925 -1,440 0,477 0,477 99,916 99,935 0,248 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,932 -0,734 0,481 0,481 99,923 99,942 0,236 

 (skewness(𝑠ௗ))ିଵ 99,935 -0,477 0,510 0,510 99,925 99,945 0,263 

 (kurtosis(𝑘ௗ))ିଵ 99,933 -0,661 0,566 0,566 99,922 99,944 0,325 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,934 -0,598 0,487 0,487 99,924 99,943 0,241 

 (𝑚𝑒𝑓𝑓)ିଵ 99,930 -0,949 0,485 0,485 99,921 99,940 0,244 

10 1/𝑛 99,942 0,195 0,335 0,335 99,935 99,948 0,113 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,926 -1,325 0,323 0,323 99,920 99,933 0,122 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,934 -0,606 0,325 0,325 99,927 99,940 0,109 

 (skewness(𝑠ௗ))ିଵ 99,937 -0,259 0,351 0,351 99,930 99,944 0,124 

 (kurtosis(𝑘ௗ))ିଵ 99,936 -0,351 0,396 0,396 99,928 99,944 0,158 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,935 -0,426 0,329 0,330 99,929 99,942 0,110 

 (𝑚𝑒𝑓𝑓)ିଵ 99,932 -0,807 0,325 0,325 99,925 99,938 0,112 

15 1/𝑛 99,940 0,032 0,260 0,260 99,935 99,945 0,068 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,924 -1,567 0,253 0,253 99,919 99,929 0,089 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,931 -0,819 0,253 0,253 99,927 99,936 0,071 

 (skewness(𝑠ௗ))ିଵ 99,934 -0,523 0,268 0,268 99,929 99,940 0,074 

 (kurtosis(𝑘ௗ))ିଵ 99,933 -0,689 0,308 0,308 99,927 99,939 0,100 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,935 -0,468 0,288 0,288 99,929 99,941 0,085 

 (𝑚𝑒𝑓𝑓)ିଵ 99,931 -0,913 0,264 0,264 99,925 99,936 0,078 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Table 4.42 continued: Scenario 3: Combining D samples of size n=10000, from a population of size N=1000 000, 
distributed as the skewed t-distribution with three degrees of freedom at(3) (100,25), θ=99.940 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

20 1/𝑛 99,940 0,007 0,238 0,238 99,935 99,944 0,057 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,923 -1,634 0,229 0,229 99,919 99,928 0,079 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,931 -0,866 0,230 0,230 99,927 99,936 0,060 

 (skewness(𝑠ௗ))ିଵ 99,934 -0,576 0,249 0,249 99,929 99,939 0,065 

 (kurtosis(𝑘ௗ))ିଵ 99,932 -0,794 0,281 0,282 99,926 99,937 0,086 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,932 -0,746 0,252 0,252 99,927 99,937 0,069 

 (𝑚𝑒𝑓𝑓)ିଵ 99,929 -1,085 0,231 0,231 99,924 99,933 0,065 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 

 

Weighting samples by the inverse of sample size resulted in the least MSE values 

except when ten samples were combined. Combining samples appeared to improve 

estimates.  

 

Summary 

For the superpopulation skewed t-distribution with three degrees of freedom, the 

inverse of sample size mostly resulted in the least MSE values. Combining estimates 

resulted in lower MSE values compared to using estimates from one sample for all 

the weighting strategies considered. 

4.4.7 Summary of simulation results under two stage simple cluster sampling 
 
Under cluster random sampling, the weighting methods generally performed 

similarly. As expected, the inverse of skewness did not work well with the symmetric 

superpopulation distributions. The inverse of sample size performed best for the t 

distribution superpopulations. Combining samples appeared to improve estimates, 

with decreasing MSE values as the number of samples combined increased. Design 

consistent weighting strategies largely resulted in different MSE values compared to 

the naïve weighting strategies. 
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Chapter 5 

Methods for combining surveys: Variance estimators under the separate approach 

The estimation of variance is an important aspect of statistical inference because it 

gives a measure of accuracy for the estimate and allows, for example, the 

construction of confidence intervals. Variance estimators derived under simple 

random sampling generally underestimate the variance when a complex survey 

design is used, especially as a result of clustering and unequal probabilities of 

selection. Design effects are often reported as a measure of the effect of the survey 

design on the variance. Variance estimation becomes more complex in the context 

of combined surveys. The estimation of variances needs to account for the sampling 

designs of the individual surveys together with the method used to combine the 

surveys.[32] 

5.1 Traditional methods 

 

In this section we discuss some variance estimators which have been used in 

classical statistics and meta-analysis. We consider the advantages and 

disadvantages of using these estimators in the context of combining simple and 

complex sampling surveys, accounting for the survey sample designs.  

In classical statistics, the variance of a sum of random variables, say 𝑌ଵ + 𝑌ଶ is 

calculated as 

𝑉𝑎𝑟(𝑌ଵ + 𝑌ଶ) = 𝑉𝑎𝑟(𝑌ଵ) + 𝑉𝑎𝑟(𝑌ଶ) + 2𝐶𝑜𝑣(𝑌ଵ, 𝑌ଶ). 

If we consider the simplest composite estimator, 𝜃 = 𝛼𝜃ଵ + (1 − 𝛼)𝜃ଶ,the variance 

may be expressed as,  

𝑉𝑎𝑟൫𝜃൯ = 𝛼ଶ𝑣𝑎𝑟൫𝜃ଵ൯ + (1 − 𝛼)ଶ𝑣𝑎𝑟൫𝜃ଶ൯, 

with 𝛼 = 𝑤ଵ, the weight allocated to survey 1. The covariance term is equal to zero 

since the surveys are assumed to be independent. [59] In general, the classic 

variance of a sum of random variables may be expressed as 

 𝑣𝑎𝑟൫𝜃൯ =  𝑤ௗ
ଶ ∗ 𝑣𝑎𝑟



ௗୀଵ

൫𝜃ௗ൯, 
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 if the weights sum up to one and the surveys are independent.[62] The composite 

estimator allows for different weights to be allocated to the surveys. However, this 

variance estimator is not be studied further in this thesis because the weighting 

strategies under consideration do not necessarily have to sum up to one.  

 

When surveys are combined and parameter estimates are calculated as a straight 

forward average of the individual survey estimates, the variance may be expressed 

as[74] 

 
𝑣𝑎𝑟൫𝜃൯ =

1

𝐷ଶ
 𝑣𝑎𝑟൫𝜃ௗ൯



ௗୀଵ

, 
(5.1) 

 

where 𝑣𝑎𝑟(𝜃ௗ) is the estimator of the design consistent variance of the individual 

survey estimators 𝜃ௗ. This variance estimator, henceforth referred to as the average 

variance estimators, was studied and simulation results are presented in chapter 6. 

The average variance estimator only accounts for the complex sampling design 

within individual surveys. It does not acknowledge the differences in sample size, 

precision or sampling design between the different surveys being combined. Equal 

weights are given to the surveys. Variance estimates calculated using the average 

variance estimator were compared to the empirical variance for the combined 

estimates obtained using the different weighting strategies considered in this thesis.  

𝑣𝑎𝑟൫𝜃൯ =
1

∑ 𝑤ௗ

ௗୀଵ


𝑤ௗ൫𝜃ௗ − 𝜃൯

ଶ

𝐷
,



ௗୀଵ

 

where 𝜃 is the combined estimate, 𝑤ௗ is the weight allocated to survey 𝑑 = 1, … , 𝐷 

and 𝜃ௗ is the point estimate calculated from survey 𝑑.  

 

In section 3.1 of this thesis, we discussed the use of the inverse of variance as a 

weighting strategy and assessed its performance through simulation in chapter 4. It 

is usually used in meta-analysis and has been used in combining surveys.[75][32] 

Meta-analysis is usually used in clinical studies which aim to measure the effect size 

of an intervention. Combining clinical studies may result in a more accurate 

estimation of the effect size of the intervention. Under the fixed effects and random 

effects models, the combined effect is estimated as 
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𝜃 =
∑ 𝑤ௗ𝜃ௗ


ௗ

∑ 𝑤ௗ

ௗ

 

with 𝑤ௗ =
ଵ

ఙ
మ under the fixed effects model and 𝑤ௗ =

ଵ

ఙ
మାఛమ

  under the random effects 

model. The variance of the estimate for the effect size for study 𝑑, is denoted  𝜎ௗ
ଶ and 

𝜏ଶ is the between study variance. Because the actual variances are usually 

unknown, their estimates may be used, leading to estimated weights 𝑤ෝௗ =
ଵ

ఙෝ
మ ; or 

 𝑤ෝௗ =
ଵ

ఙෝ
మାఛොమ

. For simplicity, we used the fixed effects model in our simulations. The 

variance of the combined effect is usually estimated by[76][31] 

 

 
𝑣𝑎𝑟൫𝜃൯ =

1

∑ 𝑤ෝௗௗ
, 

(5.2) 

 where 𝑤ෝௗ =
ଵ

ఙෝ
మ under the fixed effects model. 

If the estimates of the weights differ from the actual weights, then the variance is 

over-estimated.[29,77] A weighted sample variance estimator and a robust variance 

estimator, which is robust to errors in the estimated variances from the individual 

studies, has been proposed for meta-analysis[77]. The weighted sample variance 

estimator is 

 
𝑣𝑎𝑟௪൫𝜃൯ =

1

𝐷 − 1

∑ 𝑤ෝௗ൫𝜃ௗ − 𝜃൯
ଶ

ௗୀଵ

∑ 𝑤ෝௗ

ௗୀଵ

, 
(5.3) 

 

The robust variance estimator is calculated as 

 

 
𝑣𝑎𝑟ோ൫𝜃൯ =

1

(∑ 𝑤ෝ
ௗୀଵ )ଶ

 𝑤ෝௗ
ଶ൫𝜃ௗ − 𝜃൯

ଶ


ௗୀଵ

. 
(5.4) 

The weighted meta-analysis variance estimator (equation 5.2), the weighted meta-
analysis variance estimator (equation 5.2) and the robust meta-analysis variance 
estimator (equation 5.4) all account for the weights allocated to the different surveys 
being combined. These variance estimators were therefore evaluated through 
simulation in chapter 6, for use with the combined estimates investigated in chapter 
4. 
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5.2 Replication methods 

 

Replication methods can be used when the micro data of the individual surveys to be 

combined is available. These include, among others, the bootstrap and Jackknife 

methods of estimation. 

The bootstrap method was proposed by Efron in 1979.[78] It is a simulation method 

where new data sets are generated from the original or observed data. No prior 

assumptions about the distribution of the estimators and the observations are 

required. Techniques for estimating variance under complex survey designs are 

often cumbersome making resampling techniques more attractive. 

The jackknife method was first introduced by Quenouille as a means of reducing bias 

in parameter estimates.[79][21] Tukey suggested that the jackknife method could also 

be used to produce variance estimates for many estimators, including parameter 

estimates, given finite population samples.[21][80] For variance estimation, the sample 

is split into equal sized, disjoint and exhaustive subsamples . Each of these 

subsamples is dropped out in turn; and the parameter of interest is estimated from 

the remaining sample (replicate sample). The variability among these estimates is 

then used to estimate the variance of the original sample estimator.[80] 

In the delete-1 jackknife method, the sample is split into samples of size 1. The 

replicate samples used for estimation are obtained by deleting one observation from 

the sample. For a sample of size 𝑛, there are 𝑛 replicate samples. Let the estimate of 

the parameter of interest, estimated from the sample where observation 𝑖 has been 

deleted be 𝜃(), then the estimate of the variance is given by 

𝑉𝑎𝑟൫𝜃൯ =
𝑛 − 1

𝑛
൫𝜃() − 𝜃(.)൯

ଶ


ୀଵ

 

where 𝜃(.)is the average of the jackknife estimates. The method can be generalized 

to delete-k jackknife method.[81] 

Miller suggested research in the use of the jackknife method in the multi-sample 

situation. Considering the two-sample problem, one could delete observations from 

the first sample in turn leaving the second sample intact; then delete observations 

from the second sample leaving the first sample intact. Alternatively, one could 

jackknife the samples separately then combine the results.[82][80] 
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Although the jackknife makes no assumptions about the shape of the underlying 

probability distribution, it requires that the observations are independent of each 

other. When the independence assumption is violated, the jackknife method 

underestimates the variance in the dataset which makes the data look more reliable 

than they are.  

The properties of the traditional variance estimators will be studied in the context of 

combining surveys. Replication methods will not be studied further in this thesis. We 

leave them for future studies. We decided to focus on meta-analysis linked variance 

estimators as it is closely related to combining surveys.  
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Chapter 6 

Simulation study 2 (Variance estimators in chapter 5) 

 

The variance gives an indication of the precision of point estimates. It is therefore 

important to report point estimates together with the estimates of their variances. In 

this chapter, results are presented for repeated simulations that were conducted 

where sample point estimates were combined using the following different weighting 

strategies: the inverse of the sample size, the inverse of the variance, the inverse of 

the coefficient of variation, the inverse of skewness, the inverse of kurtosis and the 

inverse of the D’Agostino-Pearson statistic for samples collected using simple 

random sampling. Additionally, for survey data collected using stratified random 

sampling, a weight of 1, the inverse of 𝑚𝑒𝑓𝑓 and  

𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) were also evaluated as weighting strategies.  

The simulation process was repeated to allow for the estimation of variance of the 

combined estimate, for each weighting strategy, using selected variance estimators 

discussed in chapter 5. The resulting variance estimates were then compared to the 

empirical variance estimate discussed in section 5.1. 

The simulation study presented in the current chapter aimed to identify the variance 

estimator which works best for each weighting strategy, for different scenarios. The 

variance estimators evaluated in this study are the average variance estimator 

(equation 5.1) the meta-analysis variance estimator (equation 5.2), weighted meta-

analysis variance estimator (equation 5.3) and the robust meta-analysis variance 

estimator (equation 5.4), discussed in chapter 5.  

Moreover, the current simulation study aimed to evaluate the performance of the 

different variance estimators under different sampling strategies, that is: simple 

random sampling, stratified random sampling and cluster random sampling. 

However, simulation results for cluster sampling are not presented in this thesis 

because they were not according to expectation and have been left for further study. 

Most of the relative differences observed between the variance obtained by 

simulation and the variances calculated using the studied variance estimators were 

unacceptably high and will not be presented in this thesis. 
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6.1 Simulation set up 

 

In a similar way to the simulation described in chapter 4, finite populations of size 

100 000 were simulated from finite populations with different distributions: normal 

distribution, skewed normal distribution, t distribution with three degrees of freedom, t 

distribution with four degrees of freedom, skewed t distribution with three degrees of 

freedom and skewed t distribution with four degrees of freedom. For each finite 

population, D=  2, 3, 5, 10, 15 or 20 simple random samples of size n =  1200 were 

drawn and used to estimate the population parameter 𝜃. The estimates were then 

combined, using the different weighting strategies described in chapter 4 to yield 

combined estimate 𝜃. The combined point estimates were repeatedly estimated 

using the different weighting strategies as described in chapter 4. This process was 

repeated K = 1 000 times. Variance estimates were calculated using the average 

variance estimator (equation 5.1), the meta-analysis variance estimator (equation 

5.2), the weighted meta-analysis variance estimator (equation 5.3) and the robust 

meta-analysis variance estimator (equation 5.4). The corresponding standard errors 

were then compared to the standard error obtained empirically in chapter 4, using 

the relative difference. In short, a finite population was generated from which D=2, 3, 

5, 10, 15 or 20 samples were selected and an estimate of the mean 𝜃ௗ was 

calculated from each of the samples before being combined. The standard error 

based on the empirical variance discussed in section 5.1 was calculated as 

𝑠. 𝑒 = ඩ
1

𝐷 ∑ 𝑤ௗ

ௗୀଵ

 𝑤ௗ൫𝜃ௗ − 𝜃൯
ଶ

,



ௗୀଵ

 

where 𝜃 is the combined estimate for each of weighting strategies considered. The 

relative differences were calculated for each weighting strategy and variance 

estimator. The relative difference was calculated as 

𝑅𝑒𝑙. 𝑑𝑖𝑓𝑓 =
𝑠. 𝑒௦௧௧ − 𝑠. 𝑒

𝑠. 𝑒
, 

where 

𝑠. 𝑒൫𝜃൯ = ට𝑣𝑎𝑟൫𝜃൯ 

The simulation set up is summarized in figure 9. 
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Figure 9: Evaluating variance estimators 
 

In this simulation, the finite population is simulated K times. From each finite 

population, samples, denoted by 𝑆ௗ, 𝑑 = 1, … 𝐷,   were collected. The estimate of the 

mean 𝜃ௗ, and the estimate of the variance 𝑠ௗ
ଶ were then calculated using the sample 

data 𝑆ௗ . In the diagram, 𝜃,௪ೢ
  is the combined estimate, calculated using weighting 

strategy 𝑤 = 1,2, … , 𝑊 and 𝑉𝑎𝑟௩൫𝜃,௪ೢ
൯ is the variance of the combined estimate 

calculate using weighting strategy 𝑤 and variance estimator 𝑣 = 1, . . , 𝑉. For example, 

𝑉𝑎𝑟ଵ൫𝜃,௪భ
൯ would be the variance obtained using the average variance estimator for 

the combined estimate of 𝜃, calculated using the inverse of the sample size as a 

weighting strategy. 

Parallel computing in a computer server was used to reduce the amount of time 

required for a simulation to run because of the large number of sampling replicates 

required. The R library doParallel was used.[83] When we ask a computer to do a 

computation, for example calculating a variance, the computation is broken down 

into a series of instructions which are then executed one after the other on a single 

computer processor. The computer processor executes the program instructions in a 

step by step fashion, sequentially as illustrated below.[84] 



 
 

160 
 

 
Figure 10: Serial computing 

 

In figure 10, 𝑡௧, 𝑡 = 1, … . 𝑇 represents time. However, the job can be done faster if 

some instructions can be executed simultaneously. In parallel computing, the job is 

partitioned into different parts which can be executed concurrently. Each part is then 

broken down into a series of instructions which will then be processed 

simultaneously by different processors as illustrated in figure 11.[84] 

 

 
Figure 11: Parallel computing 
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6.2 Simulation results for variance estimators under simple random sampling 

 

Variance estimators were compared for each weighting strategy considered in this 

thesis. The normal distribution superpopulation was used to generate a finite 

population for the simulation study. Other superpopulation distributions have been 

left for future studies.  Relative differences were used to compare the variance 

estimators. 

  

Unlike the situation with the point estimators, using the inverse of the sample size did 

not yield the same variance estimation results as using a weight of one when 

combining the surveys. Hence the relative differences for both weighting strategies 

have been presented. Relative differences where the variance estimator performed 

relatively well with the weighting strategy have been highlighted in bold.  

 

The meta-analysis-based variance estimators considered in thesis appeared not to 

work well with non-normal superpopulation distributions. The empirical variance 

estimates were then used to assess precision for point estimates obtained from 

these superpopulation distributions in the supplementary analysis, section 6.3. 

 

Section 6.2.1 below presents simulation results comparing the variance estimators 

under the simple random sampling with a normal distribution superpopulation. 

 

6.2.1  Simulation results for the normal distribution under simple random sampling 

 

The relative differences between the variance estimate obtained through simulation 

and the variance estimates calculated using the four variance estimators considered 

in this study are presented in table 6.1, for each weighting strategy assessed through 

simulation in chapter 4. Variance estimators 1 to 4 were presented in chapter 5 as 

equations 5.1 to 5.4 respectively. 

  



 
 

162 
 

Table 6. 1: Comparing Relative differences across weighting strategies and number of samples combined, for each 
variance estimator for the normal distribution under simple random sampling, n=1000 

D Variance 

estimator 

Relative difference x 100%  for Weighting strategy 

n ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 1 ൫CV(𝜃ௗ)൯
ିଵ

 (skewness(𝑠ௗ))ିଵ (kurtosis(𝐾ௗ))ିଵ (𝐾ଶ)ିଵ 

1  -0,0072       

2 1 2,0523 2,0485 2,0523 2,0512 1,7360 2,0420 1,6683 

 2 -0,8018 -0,0117 5,2676 -0,7511 0,2066 9,7967 5,2530 

 3 -0,3444 -0,3451 -0,3444 -0,3445 -0,4966 -0,3462 -0,5203 

 4 -0,5364 -0,5375 -0,5364 -0,5367 -0,6736 -0,5385 -0,6870 

3 1 1,4111 1,4079 1,4111 1,4103 0,9589 1,4079 0,9580 

 2 -0,8030 -0,0176 5,2299 -0,7525 0,0174 9,7536 4,2881 

 3 -0,2375 -0,2391 -0,2375 -0,2380 -0,4678 -0,2388 -0,4828 

 4 -0,3774 -0,3784 -0,3774 -0,3776 -0,5931 -0,3792 -0,5922 

5 1 -0,7532 -0,7510 -0,7532 -0,7527 -0,2784 -0,7499 -0,2950 

 2 0,8038 0,0218 -5,2032 0,7536 0,1743 -9,7024 -3,3858 

 3 0,1799 0,1814 0,1799 0,1803 0,5029 0,1818 0,4901 

 4 0,2665 0,2677 0,2665 0,2668 0,5501 0,2680 0,5247 

10 1 0,0347 0,0348 0,0347 0,0350 -0,3960 0,0348 -0,3579 

 2 -0,8025 -0,0143 5,2439 -0,7518 -0,4084 9,7880 2,3052 

 3 -0,1219 -0,1221 -0,1219 -0,1218 -0,5702 -0,1222 -0,5333 

 4 -0,1670 -0,1667 -0,1670 -0,1667 -0,5243 -0,1669 -0,4675 

15 1 -0,3573 -0,3577 -0,3573 -0,3574 -0,6870 -0,3587 -0,6541 

 2 -0,7966 0,0144 5,4307 -0,7445 -0,5200 10,0855 1,7707 

 3 -0,0656 -0,0664 -0,0656 -0,0659 -0,6181 -0,0677 -0,5646 

 4 -0,0973 -0,0977 -0,0973 -0,0975 -0,5286 -0,0984 -0,4381 

20 1 -0,7716 -0,7719 -0,7716 -0,7718 -0,8963 -0,7718 -0,8849 

 2 -0,7959 0,0175 5,4551 -0,7436 -0,5677 10,1446 1,5580 

 3 -0,0483 -0,0502 -0,0483 -0,0491 -0,6383 -0,0490 -0,5790 

 4 -0,0724 -0,0740 -0,0724 -0,0732 -0,5125 -0,0722 -0,4182 

D=number of samples combined, 𝜽𝒅 = estimate calculated from each individual survey, 𝐾ଶ= D’Agostino Pearson statistic, CV=coefficient of 
variation, 1=average variance estimator, 2=meta-analysis variance estimator, 3= weighted meta-analysis variance estimator, 4=robust 
meta-analysis variance estimator. 

 

When fifteen or more samples were combined, weighted meta-analysis and the 

robust meta-analysis variance estimators yielded relative differences less than 10% 

when the sample estimates were combined without weighting or the inverses of 

sample size, variance and kurtosis were used as weighting strategies. The meta-

analysis variance estimator resulted in the lowest relative difference when the 
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inverse of variance was used as the weighting strategy. This is consistent with meta-

analysis theory. None of the variance estimators worked well when the inverse of 

skewness or the inverse of the D’Agostino-Pearson statistic were used as the 

weighting strategies for combining the samples. This was expected as the finite 

population was generated from a symmetric superpopulation distribution. 
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Table 6. 2: Comparing Relative differences across weighting strategies and number of samples combined, for each 
variance estimator for the normal distribution under simple random sampling, n=5000 
D Variance 

estimator 

Relative difference x 100%  for Weighting strategy 

n ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 1 ൫CV(𝜃ௗ)൯
ିଵ

 (skewness(𝑠ௗ))ିଵ (kurtosis(𝐾ௗ))ିଵ 

1  -0,0312 
 

     

2 1 1,9778 1,9788 1,9778 1,9780 1,6335 1,97650 

 2 -0,8063 -0,0335 12,698 -0,6361 0,7107 22,7035 

 3 -0,3072 -0,3074 -0,3072 -0,3073 -0,4991 -0,3076 

 4 -0,5101 -0,5102 -0,5101 -0,5101 -0,6764 -0,5105 

3 1 1,3919 1,3922 1,3919 1,3922 0,9479 1,3889 

 2 -0,8042 -0,0232 12,8459 -0,6322 0,4850 22,9395 

 3 -0,2539 -0,2540 -0,2539 -0,2539 -0,4925 -0,2546 

 4 -0,3908 -0,3908 -0,3908 -0,3907 -0,6048 -0,3914 

5 1 0,8226 0,82307 0,8226 0,8229 0,2807 0,8206 

 2 -0,7957 0,01926 13,4463 -0,6163 0,2170 23,9806 

 3 -0,1321 -0,1320 -0,1321 -0,1320 -0,4893 -0,1329 

 4 -0,2238 -0,2235 -0,2238 -0,2236 -0,5274 -0,2243 

10 1 0,0775 0,07716 0,0775 0,0774 -0,3675 0,0763 

 2 -0,7940 0,02720 13,5691 -0,6131 -0,0689 24,1925 

 3 -0,0811 -0,0814 -0,0811 -0,0812 -0,5424 -0,0821 

 4 -0,1283 -0,1284 -0,1283 -0,1283 -0,4893 -0,1290 

15 1 -0,3593 -0,3591 -0,3593 -0,3591 -0,6626 -0,3601 

 2 -0,7968 0,0135 13,3676 -0,6184 -0,2193 23,8436 

 3 -0,0659 -0,0657 -0,0659 -0,0657 -0,5813 -0,0669 

 4 -0,0976 -0,0972 -0,0976 -0,0973 -0,4808 -0,0983 

20 1 -0,7697 -0,7695 -0,7697 -0,7696 -0,8935 -0,7700 

 2 -0,7935 0,0304 13,6021 -0,6121 -0,3308 24,2485 

 3 -0,0379 -0,0374 -0,0379 -0,0376 -0,6193 -0,0390 

 4 -0,0623 -0,0617 -0,0623 -0,0619 -0,4820 -0,0631 

D=number of samples combined, θ ̂_d = estimate calculated from each individual survey, K^2= D’Agostino Pearson statistic, 
CV=coefficient of variation, 1=average variance estimator, 2=meta-analysis variance estimator, 3= weighted meta-analysis 
variance estimator, 4= robust meta-analysis variance estimator 
 
The meta-analysis variance estimator worked well when the samples were combined 

using the inverse of variance as the weighting strategy, resulting in relative 
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differences less than 10% for all the numbers of samples combined. The weighted 

meta-analysis variance estimator performed well when ten or more samples were 

combined. It resulted in relative differences less than 10 % for all the weighting 

strategies except the inverse of skewness. The robust variance estimator worked 

well with all weighting strategies, again with the exception of the inverse of skewness 

when fifteen or twenty samples were combined. The finite population was generated 

from a symmetric superpopulation distribution therefore it was not expected that the 

inverse of skewness weighting strategy would work well with any variance estimator.  
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Table 6. 3: Comparing Relative differences across weighting strategies and number of samples combined, for each 
variance estimator for the normal distribution under simple random sampling, n=10000 
D Variance 

estimator 

Relative difference x 100%  for Weighting strategy 

n ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 1 ൫CV(𝜃ௗ)൯
ିଵ

 (skewness(𝑠ௗ))ିଵ (kurtosis(𝐾ௗ))ିଵ 

1  -0,0010 
 

     

2 1 2,0042 2,0034 2,0042 2,0038 1,7478 2,0030 

 2 -0,8041 -0,0258 18,5924 -0,5631 1,2295 32,9078 

 3 -0,3032 -0,3036 -0,3032 -0,3034 -0,4543 -0,3035 

 4 -0,5073 -0,5075 -0,5073 -0,5074 -0,6410 -0,5076 

3 1 1,4241 1,4242 1,4241 1,4242 1,0451 1,4240 

 2 -0,8011 -0,0104 18,8931 -0,5563 0,9071 33,4424 

 3 -0,2384 -0,2383 -0,2384 -0,2383 -0,4713 -0,2385 

 4 -0,3781 -0,3781 -0,3781 -0,3781 -0,5864 -0,3783 

5 1 0,7489 0,7498 0,7489 0,7494 0,2900 0,7495 

 2 -0,8035 -0,0219 18,6526 -0,5616 0,5060 33,0373 

 3 -0,1797 -0,1792 -0,1797 -0,1795 -0,5025 -0,1796 

 4 -0,2663 -0,2659 -0,2663 -0,2661 -0,5462 -0,2662 

10 1 0,0609 0,0611 0,0609 0,0610 -0,3734 0,0610 

 2 -0,7967 0,0115 19,3325 -0,5465 0,1044 34,2091 

 3 -0,0945 -0,0943 -0,0945 -0,0944 -0,5468 -0,0943 

 4 -0,1410 -0,1407 -0,1410 -0,1408 -0,4858 -0,1405 

15 1 -0,3630 -0,3628 -0,3630 -0,3629 -0,68106 -0,3631 

 2 -0,7976 0,0074 19,2449 -0,5484 -0,1295 34,0463 

 3 -0,0717 -0,0713 -0,0717 -0,0715 -0,6059 -0,0718 

 4 -0,1031 -0,1028 -0,1031 -0,1029 -0,5032 -0,1031 

20 1 -0,7774 -0,7773 -0,7774 -0,7774 -0,8985 -0,7775 

 2 -0,7999 -0,0043 19,0078 -0,5536 -0,2382 33,6243 

 3 -0,0718 -0,0714 -0,0718 -0,0715 -0,6390 -0,0724 

 4 -0,0953 -0,0948 -0,0953 -0,0950 -0,5109 -0,0958 

D=number of samples combined, θ ̂_d = estimate calculated from each individual survey, K^2= D’Agostino Pearson statistic, 
CV=coefficient of variation, 1=average variance estimator, 2=meta-analysis variance estimator, 3= weighted meta-analysis 
variance estimator, 4= robust meta-analysis variance estimator 
 
Similar to sample sizes 1000 and 5000, the meta-analysis variance estimator 

resulted in the least relative differences when the inverse of variance was used as 

the weighting strategy when combining the samples. When twenty samples were 

combined, the weighted meta-analysis and robust meta-analysis variance estimators 

performed well with all the weighting strategies apart from the inverse of skewness. 



 
 

167 
 

The weighted meta-analysis variance estimator appears to work well when ten or 

more samples are combined. 

 

6.1.4  Summary of variance estimator simulation results under simple random sampling 

 

Comparisons between the variance estimators under consideration were made, 

assuming a superpopulation with a normal distribution. The meta-analysis variance 

estimator consistently resulted in low relative differences, less than 10% when the 

inverse of variance was used as the weighting strategy when combining samples. 

This was observed for all sample sizes and all numbers of samples combined. The 

weighted meta-analysis and the robust meta-analysis variance estimators worked 

well with all the weighting strategies except the inverse of skewness when ten or 

more samples were combined. This was expected because the finite population 

used in the simulation was generated from a symmetric superpopulation distribution. 

The average variance estimator did not work well with any of the weighting 

strategies.  

 

The variance estimators did not work well with all the other superpopulation 

distributions considered in this thesis and results will not be presented here. The 

meta-analysis variance estimators assume normal distribution[77]. 
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6.3 Supplementary Analysis  

 

Simulation indicated that the variance estimators based on meta-analysis, studied in 

this thesis were not suitable for evaluating precision of estimates when the 

superpopulation was not distributed as the normal distribution. In addition, the 

proposed variance estimators did not work well with stratified or cluster random 

sampling. Precision of the point estimators was only evaluated by the empirical 

variance. Standard errors were compared across the sampling distributions for each 

weighting strategy and number of samples combined. Tables of comparison for the 

finite population size N=1 000 000 and sample size n=10 000 are presented below. 
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Table 6. 4: Comparing standard errors across sampling strategies, weighting strategies and number of samples 
combined,  for a finite population distributed the normal distribution N(100,25), n=10000. 

D  Weighting strategy Simple random 

sampling × 10ିଶ 

Stratified random 

sampling× 10ିଷ 

Cluster random 

sampling× 10ିଷ 

1  4,978 1,086 9,764 

2 1/𝑛 3,609 0,778 6,104 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 3,610 
0,782 

6,167 

 ൫CV(𝜃ௗ)൯
ିଵ

 3,610 
0,782 

6,170 

 (skewness(𝑠ௗ))ିଵ 3,946 
0,881 

6,607 

 (kurtosis(𝑘ௗ))ିଵ 3,611 
0,782 

6,175 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  
0,782 

6,180 

 (𝑚𝑒𝑓𝑓)ିଵ  
0,782 

6,162 

3 1/𝑛 2,902 0,646 5,223 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 2,902 
0,648 

5,021 

 ൫CV(𝜃ௗ)൯
ିଵ

 2,902 
0,648 

5,020 

 (skewness(𝑠ௗ))ିଵ 3,440 
0,778 

6,199 

 (kurtosis(𝑘ௗ))ିଵ 2,902 
0,647 

5,015 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  
0,647 

5,016 

 (𝑚𝑒𝑓𝑓)ିଵ  
0,648 

5,018 

5 1/𝑛 2,276 0,489 4,067 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 2,274 
0,489 

4,087 

 ൫CV(𝜃ௗ)൯
ିଵ

 2,275 
0,489 

4,076 

 (skewness(𝑠ௗ))ିଵ 3,085 
0,673 

5,433 

 (kurtosis(𝑘ௗ))ିଵ 2,275 
0,489 

4,063 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  
0,489 

4,011 

 (𝑚𝑒𝑓𝑓)ିଵ  
0,490 

4,052 

10 1/𝑛 1,555 0,348 2,808 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 1,555 
0,348 

2,822 

 ൫CV(𝜃ௗ)൯
ିଵ

 1,555 
0,348 

2,814 

 (skewness(𝑠ௗ))ିଵ 2,633 
0,595 

4,409 

 (kurtosis(𝑘ௗ))ିଵ 1,555 
0,348 

2,810 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  
0,350 

2,816 

 (𝑚𝑒𝑓𝑓)ିଵ  
0,349 

2,829 
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D  Weighting strategy Simple random 

sampling × 10ିଶ 

Stratified random 

sampling× 10ିଷ 

Cluster random 

sampling× 10ିଷ 

15 1/𝑛 1,275 0,282 2,468 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 1,275 
0,283 

2,469 

 ൫CV(𝜃ௗ)൯
ିଵ

 1,275 
0,283 

2,467 

 (skewness(𝑠ௗ))ିଵ 2,546 
0,550 

4,337 

 (kurtosis(𝑘ௗ))ିଵ 1,276 
0,283 

2,471 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  
0,283 

2,745 

 (𝑚𝑒𝑓𝑓)ିଵ  
0,283 

2,437 

20 1/𝑛 1,118 0,243 1,982 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 1,117 0,243 1,978 

 ൫CV(𝜃ௗ)൯
ିଵ

 1,117 0,243 1,978 

 (skewness(𝑠ௗ))ିଵ 2,451 0,525 4,785 

 (kurtosis(𝑘ௗ))ିଵ 1,118 0,243 1,984 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  
0,246 2,049 

 (𝑚𝑒𝑓𝑓)ିଵ  
0,245 2,000 

 

The lowest standard errors obtained errors were obtained when stratified random 

sampling was used for all the weighting methods. This was consistent for all 

numbers of samples combined. 

 

The standard errors resulting from using a superpopulation distributed as the skewed 

normal distribution are presented in table 6.5. 
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Table 6. 5: Comparing standard errors across sampling strategies, weighting strategies and number of samples 
combined,  for the finite population distributed as the skewed normal distribution, SN(100,25), n=10000 

D  Weighting strategy Simple random 

sampling × 10ିଷ 

Stratified random 

sampling× 10ିଷ 

Cluster random 

sampling× 10ିଶ 

1  1,595 1,086 1,011 

2 1/𝑛 1,143 0,777 0,668 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 1,143 0,783 0,722 

 ൫CV(𝜃ௗ)൯
ିଵ

 1,143 0,783 0,722 

 (skewness(𝑠ௗ))ିଵ 1,144 0,783 0,727 

 (kurtosis(𝑘ௗ))ିଵ 1,143 0,782 0,723 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,782 0,722 

 (𝑚𝑒𝑓𝑓)ିଵ  0,783 0,722 

3 1/𝑛 0,953 0,635 0,552 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,952 0,638 0,584 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,952 0,638 0,583 

 (skewness(𝑠ௗ))ିଵ 0,953 0,640 0,584 

 (kurtosis(𝑘ௗ))ିଵ 0,953 0,638 0,583 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,638 0,582 

 (𝑚𝑒𝑓𝑓)ିଵ  0,638 0,584 

5 1/𝑛 0,726 0,475 0,446 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,726 0,475 0,444 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,726 0,475 0,445 

 (skewness(𝑠ௗ))ିଵ 0,727 0,476 0,451 

 (kurtosis(𝑘ௗ))ିଵ 0,727 0,475 0,450 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,475 0,446 

 (𝑚𝑒𝑓𝑓)ିଵ  0,476 0,446 

10 1/𝑛 0,498 0,342 0,306 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,498 0,342 0,311 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,498 0,342 0,308 

 (skewness(𝑠ௗ))ିଵ 0,499 0,342 0,307 

 (kurtosis(𝑘ௗ))ିଵ 0,498 0,342 0,307 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,342 0,304 

 (𝑚𝑒𝑓𝑓)ିଵ  0,342 0,307 
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D  Weighting strategy Simple random 

sampling × 10ିଶ 

Stratified random 

sampling× 10ିଷ 

Cluster random 

sampling× 10ିଷ 

15 1/𝑛 0,405 0,280 0,236 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,405 0,280 0,239 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,405 0,280 0,237 

 (skewness(𝑠ௗ))ିଵ 0,406 0,281 0,238 

 (kurtosis(𝑘ௗ))ିଵ 0,405 0,280 0,237 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,281 0,246 

 (𝑚𝑒𝑓𝑓)ିଵ  0,281 0,238 

20 1/𝑛 0,355 0,244 0,217 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,355 0,244 0,219 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,355 0,244 0,218 

 (skewness(𝑠ௗ))ିଵ 0,355 0,245 0,218 

 (kurtosis(𝑘ௗ))ିଵ 0,355 0,244 0,217 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,245 0,216 

 (𝑚𝑒𝑓𝑓)ିଵ  0,244 0,226 

 

In this simulation, stratified random sampling appeared to increase the efficiency. 

The empirical standard errors obtained through simple random sampling were larger 

than those  obtained when stratified random sampling was used, for all the numbers 

of samples combined. Cluster sampling resulted in larger empirical standard errors. 

This is consistent with known statistical sampling theory. 

 

Standard errors obtained when the superpopulation was distributed as the t-

distribution with three degrees of freedom were compared in table 6.6. 
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Table 6. 6: Comparing standard errors across sampling strategies, weighting strategies and number of samples 
combined,  for the finite population distributed as the t distribution,3d.f, t(100,25), n=10000 

D  Weighting strategy Simple random 

sampling × 10ିଷ 

Stratified random 

sampling× 10ିଷ 

Cluster random 

sampling× 10ିଷ 

1  1,546 1,093 9,449 

2 1/𝑛 1,093 0,783 6,461 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 1,087 0,789 6,410 

 ൫CV(𝜃ௗ)൯
ିଵ

 1,089 0,788 6,410 

 (skewness(𝑠ௗ))ିଵ 1,213 0,887 8,589 

 (kurtosis(𝑘ௗ))ିଵ 1,169 0,860 7,682 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,787 6,491 

 (𝑚𝑒𝑓𝑓)ିଵ  0,788 6,379 

3 1/𝑛 0,887 0,635 5,228 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,881 0,635 5,267 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,882 0,635 5,255 

 (skewness(𝑠ௗ))ିଵ 1,086 0,776 7,140 

 (kurtosis(𝑘ௗ))ିଵ 0,979 0,703 6,070 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,635 5,263 

 (𝑚𝑒𝑓𝑓)ିଵ  0,635 5,274 

5 1/𝑛 0,665 0,479 4,491 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,660 0,476 4,489 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,661 0,477 4,487 

 (skewness(𝑠ௗ))ିଵ 0,917 0,658 6,777 

 (kurtosis(𝑘ௗ))ିଵ 0,743 0,534 5,214 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,479 4,545 

 (𝑚𝑒𝑓𝑓)ିଵ  0,476 4,512 

10 1/𝑛 0,482 0,346 3,162 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,480 0,344 3,205 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,480 0,344 3,179 

 (skewness(𝑠ௗ))ିଵ 0,785 0,544 5,886 

 (kurtosis(𝑘ௗ))ିଵ 0,543 0,376 3,931 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,345 3,219 

 (𝑚𝑒𝑓𝑓)ିଵ  0,345 3,140 
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D  Weighting strategy Simple random 

sampling × 10ିଶ 

Stratified random 

sampling× 10ିଷ 

Cluster random 

sampling× 10ିଷ 

15 1/𝑛 0,401 0,282 2,501 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,399 0,281 2,471 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,399 0,281 2,501 

 (skewness(𝑠ௗ))ିଵ 0,714 0,520 2,481 

 (kurtosis(𝑘ௗ))ିଵ 0,443 0,311 5,437 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,281 3,058 

 (𝑚𝑒𝑓𝑓)ିଵ  0,281 2,552 

20 1/𝑛 0,347 0,240 2,566 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,345 0,238 2,291 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,346 0,239 2,259 

 (skewness(𝑠ௗ))ିଵ 0,673 0,506 2,271 

 (kurtosis(𝑘ௗ))ିଵ 0,377 0,266 4,919 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,239 2,594 

 (𝑚𝑒𝑓𝑓)ିଵ  0,238 2,284 

 
 

Stratified random sampling resulted in the smallest empirical standard errors, 

followed by simple random sampling, with cluster random sampling resulting in the 

largest empirical standard errors. 

The same comparisons were done for a finite population resulting from a 

superpopulation distributed as the skewed t-distribution with three degrees of 

freedom. The results are presented in table 6.7 below. 
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Table 6. 7: Comparing standard errors across sampling strategies, weighting strategies and number of samples 
combined,  for the finite population distributed as the skewed t distribution,3d.f, at(3)(100,25), n=10000 

D  Weighting strategy Simple random 

sampling × 10ିଷ 

Stratified random 

sampling× 10ିଷ 

Cluster random 

sampling× 10ିଶ 

1  1,573 1,083 1,228 

2 1/𝑛 1,095 0,757 0,728 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 1,091 0,763 0,755 

 ൫CV(𝜃ௗ)൯
ିଵ

 1,092 0,761 0,756 

 (skewness(𝑠ௗ))ିଵ 1,114 0,796 0,770 

 (kurtosis(𝑘ௗ))ିଵ 1,184 0,835 0,814 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,762 0,755 

 (𝑚𝑒𝑓𝑓)ିଵ  0,761 0,761 

3 1/𝑛 0,905 0,623 0,601 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,903 0,625 0,602 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,903 0,625 0,607 

 (skewness(𝑠ௗ))ିଵ 0,937 0,667 0,650 

 (kurtosis(𝑘ௗ))ିଵ 1,026 0,722 0,725 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,627 0,610 

 (𝑚𝑒𝑓𝑓)ିଵ  0,624 0,611 

5 1/𝑛 0,716 0,494 0,496 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,717 0,493 0,477 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,715 0,493 0,481 

 (skewness(𝑠ௗ))ିଵ 0,745 0,521 0,510 

 (kurtosis(𝑘ௗ))ିଵ 0,821 0,565 0,566 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,492 0,487 

 (𝑚𝑒𝑓𝑓)ିଵ  0,494 0,485 

10 1/𝑛 0,510 0,353 0,335 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,512 0,351 0,323 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,510 0,351 0,325 

 (skewness(𝑠ௗ))ିଵ 0,535 0,371 0,351 

 (kurtosis(𝑘ௗ))ିଵ 0,593 0,404 0,396 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,352 0,329 

 (𝑚𝑒𝑓𝑓)ିଵ  0,351 0,325 
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D  Weighting strategy Simple random 

sampling × 10ିଶ 

Stratified random 

sampling× 10ିଷ 

Cluster random 

sampling× 10ିଷ 

15 1/𝑛 0,411 0,277 0,260 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,411 0,275 0,253 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,410 0,275 0,253 

 (skewness(𝑠ௗ))ିଵ 0,426 0,293 0,268 

 (kurtosis(𝑘ௗ))ିଵ 0,469 0,323 0,308 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,278 0,288 

 (𝑚𝑒𝑓𝑓)ିଵ  0,275 0,264 

20 1/𝑛 0,364 0,242 0,238 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0,362 0,241 0,229 

 ൫CV(𝜃ௗ)൯
ିଵ

 0,362 0,241 0,230 

 (skewness(𝑠ௗ))ିଵ 0,375 0,257 0,249 

 (kurtosis(𝑘ௗ))ିଵ 0,413 0,283 0,281 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦)  0,242 0,252 

 (𝑚𝑒𝑓𝑓)ିଵ  0,241 0,231 

 

Consistent with classic statistical theory, stratification appeared to reduce the 

standard errors whereas clustering increased the standard errors for all the 

superpopulation distributions considered. 
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Chapter 7 (Application) 

 

This application aims to find a more accurate estimate of the average age of the 

household heads by combining estimates calculated from two surveys, and therefore 

to apply methods discussed in this Thesis. In South Africa, there appears to be an 

increase in the number of child-headed households because of the HIV/AIDS 

epidemic. These children might require special social support systems since they are 

unlikely to have developed enough skills to support other minors left in their care. A 

study in Iran found a significant association between the use of health services and 

the age of the head of the household.[56] Another study in Kenya showed that there 

was a significant association between the use of improved drinking water sources 

and the age of the household head.[57] It is therefore important to know the average 

age of household heads in the population. 

Two surveys were analysed and combined using the selected methods studied in 

this thesis, that is, the Community Survey of 2016 and the General Household 

survey of 2016. The Community Survey was used to illustrate the use of the studied 

weighting methods under simple random sampling. The weighting methods under 

complex sampling were illustrated using the General Household survey. The two 

surveys are large-scale national surveys. A brief introduction of each survey is given 

below. 

7.1 Community Survey 2016 
 

The aim of the community survey is to provide reliable demographic and socio-

economic data at local municipality level in South Africa between censuses. It aims 

to estimate the population count by local municipality, the household count by local 

municipality and measure demographic factors such as fertility, mortality and 

migration.[85] The survey also measures socio-economic factors, e.g. unemployment 

and poverty, and access to facilities and services, e.g. piped water, sanitation and 

electricity for lighting is also assessed. Reliable information is required to promote 

optimal allocation and use of resources in all spheres of government to reduce 

poverty and vulnerability among all South Africans. The target population in this 

survey is the non-institutional population residing in private dwellings, in South 
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Africa. It excludes homeless people and people in hospitals, prisons, military 

barracks, non-residential hotels, frail care centres, orphanages, hoarding school 

hostels, initiation schools, religious houses, ships in harbour and refugee camps. 

The sampling frame used in this survey was a geo-referenced dwelling frame 

updated from the 2011 census and very small EAs were excluded. A stratified single-

stage sample design with systematic random sampling was used, selecting eight 

percent of dwelling units in an enumeration area with adjustments to very small and 

very large EAs.[85][86] However, for operational feasibility, a lower limit of five and an 

upper limit of sixty six dwelling units were placed on the sample size for each 

enumeration area. Computer assisted personal interviewing was used to enhance 

data quality. A total of 1 370 809 households were sampled, with a 90.52 % 

response rate. After editing and quality checks, a sample of size 984 627 remained. 

7.2 General Household Survey 2016 
 

The General Household Survey was established to determine speed of progress in 

South Africa.[87] It measures quality of service delivery and performance of 

programmes in the country. Its target population is people residing in private 

households in South Africa, including people in workers hostels. The survey 

excludes homeless people and people in hospitals, prisons, military barracks, non-

residential hotels, frail care centres, orphanage, boarding school hostels, initiation 

schools, religious houses, ships in harbour and refugee camps. After editing and 

quality checks, a sample of size 21 218 households remained. The sampling frame 

was based on information from the 2011 census. A stratified two-stage sampling 

design was used with stratification based on geographic type. The EAs were 

sampled with probability proportional to size (PPS) and dwelling units were then 

sampled using systematic sampling 
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7.3 Simple random sampling application 
 
To illustrate the weighting strategies studied through simulation, two simple random 

samples were selected from the Community Survey data, considered here as the 

target population. The mean of the age of the head of the household was estimated 

from each of the sample surveys selected. These were then combined using each of 

the studied weighting methods in this thesis, to obtain a combined estimate of the 

mean age of the household age in the Community Survey. That is, the inverse of the 

sample size, the inverse of variance, the inverse of the coefficient of variation 

(equation 3.1), the inverse of skewness (equation 3.2), the inverse of kurtosis 

(equation 3.3) and the inverse of the D’Agostino-Pearson statistic (equation 3.4) 

were used to combine the two surveys. Confidence intervals for the combined mean 

estimate were constructed using each of the variance estimators presented in 

Chapter 5. That is, variance estimator 1 (the average variance estimator, equation 

5.1), variance estimator 2 (the meta-analysis variance estimator, equation 5.2), 

variance estimator 4 (the weighted meta-analysis variance estimator, equation 5.3) 

and variance estimator 4(the robust meta-analysis variance estimator, equation 5.4).  

The results are presented in table 7.1 below.
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Table 7. 1: Combined estimates of mean age of the household head and their confidence intervals under simple random sampling 

 
𝜃ௗ=point estimate calculated from survey d, LC1= lower confidence limit calculated using variance estimator 1, UC1=upper confidence limit calculated using variance estimator 1, LC2= lower confidence limit calculated using variance estimator 2, UC2=upper 
confidence limit calculated using variance estimator 2, LC3= lower confidence limit calculated using variance estimator 3, UC3=upper confidence limit calculated using variance estimator 3, LC4= lower confidence limit calculated using variance estimator 4, 
UC4=upper confidence limit calculated using variance estimator 4 

 

Sample 
size 

Weighting Method Population 

Mean (𝜃) 

Combined 
Mean 

Sampling 
Error 

LCL1 UCL1 LCL2 UCL2 LCL3 UCL3 LCL4 UCL4 

500 1

𝑛
 

47.4847744 47.7460000 -0.261225563 47.023935139 48.46806486 47.684019358 47.80798064 46.33594858 49.15605142 46.74894308 48.74305692 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 
47.4847744 47.7054939 -0.220719507 46.983429083 48.42755881 46.709630819 48.70135707 46.29713081 49.11385708 46.70963082 48.70135707 

 1 47.4847744 47.7460000 -0.261225563 47.023935139 48.46806486 46.360070709 49.13192929 46.33594858 49.15605142 46.74894308 48.74305692 
 

ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 
47.4847744 47.7400913 -0.255316878 47.018026454 48.46215618 47.570009035 47.91017360 46.33028604 49.14989659 46.74335713 48.73682550 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 47.4847744 47.9811627 -0.496388234 47.259097810 48.70322753 47.130030014 48.83229533 46.56134941 49.40097593 46.93143108 49.03089427 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 47.4847744 47.7881353 -0.303360894 47.066070470 48.51020019 45.559241920 50.01702874 46.37632987 49.19994079 46.78731240 48.78895826 

 (𝐾ଶ)ିଵ 47.4847744 48.0157848 -0.531010410 47.293719986 48.73784971 42.603077159 53.42849254 46.59454005 49.43702965 46.95213377 49.07943593 
900 1

𝑛
 

47.4847744 47.4822222 0.002552215 46.956386204 48.00805824 47.436024579 47.52841987 46.43878711 48.52565734 46.74440218 48.220042267 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 
47.4847744 47.4743146 0.010459805 46.948478614 48.00015065 46.736587276 48.21204199 46.43101060 48.51761866 46.73658728 48.212041988 

 1 47.4847744 47.4822222 0.002552215 46.956386204 48.00805824 46.096292931 48.86815151 46.43878711 48.52565734 46.74440218 48.220042267 
 

ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 
47.4847744 47.4835100 0.001264397 46.957674022 48.00934606 47.336760122 47.63025996 46.44005358 48.52696650 46.74565735 48.221362731 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 47.4847744 47.4457991 0.038975367 46.919963052 47.97163509 46.504573646 48.38702449 46.40296787 48.48863027 46.70686730 48.184730843 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 47.4847744 47.4549631 0.029811348 46.929127071 47.98079911 45.187643293 49.72228289 46.41197991 48.49794627 46.71668081 48.193245371 

 (𝐾ଶ)ିଵ 47.4847744 47.4585710 0.026200463 46.932737956 47.98440999 39.463434784 55.45371316 46.41553092 48.50161703 46.72047942 48.196668532 
1200 1

𝑛
 

47.4847744 47.3654167 0.119357770 46.908524097 47.82230924 47.325408335 47.40542410 46.45460576 48.27622757 46.72137610 48.00945724 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 
47.4847744 47.3651741 0.119600355 46.908281512 47.82206665 46.721147294 48.00920087 46.45438266 48.27596550 46.72114729 48.00920087 

 1 47.4847744 47.3654167 0.119357770 46.908524097 47.82230924 45.979487376 48.75134596 46.45460576 48.27622757 46.72137610 48.00945724 
 

ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 
47.4847744 47.3653244 0.119450031 46.908431836 47.82221698 47.228048746 47.50260007 46.45452091 48.27612790 46.72129233 48.00935649 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 47.4847744 47.3689815 0.115792913 46.912088954 47.82587409 46.483377897 48.25458515 46.45788428 48.28007877 46.72156893 48.01639411 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 47.4847744 47.3658079 0.118966494 46.908915373 47.82270051 45.168035525 49.56358036 46.45496560 48.27665028 46.72168708 48.00992881 

 (𝐾ଶ)ିଵ 47.4847744 47.3699787 0.114795746 46.913086121 47.82687126 38.638963563 56.10099382 46.45880137 48.28115602 46.72056871 48.01938867 
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Table 7.1: Combined estimates of mean age of the household head and their confidence intervals under simple random sampling (cont’d) 

 
𝜃ௗ=point estimate calculated from survey d, LC1= lower confidence limit calculated using variance estimator 1, UC1=upper confidence limit calculated using variance estimator 1, LC2= lower confidence limit calculated using variance estimator 2, UC2=upper 
confidence limit calculated using variance estimator 2, LC3= lower confidence limit calculated using variance estimator 3, UC3=upper confidence limit calculated using variance estimator 3, LC4= lower confidence limit calculated using variance estimator 4, 
UC4=upper confidence limit calculated using variance estimator 4, 

 

The combined mean estimates for age of the head of the household, resulting from all the weighting methods under consideration 

were very close to the population mean. The D’Agostino-Pearson Statistic could not be calculated for sample sizes 2000 and 5000. 

This may be an artefact of the r-code used in the simulations. The combined estimate was not very close to the population mean for 

the smaller sample sizes considered. Sampling errors became smaller as the sample size was increased from 500 to 5000, which 

is expected. 95% confidence intervals for the combined estimate were calculated using variance estimates obtained using the 

variance estimators assessed in chapter 6. Most of the 95% confidence intervals included the population mean value. An exception 

Sample 
size 

Weighting Method Population 

Mean (𝜃) 

Combined 
Mean 

Sampling 
Error 

LCL1 UCL1 LCL2 UCL2 LCL3 UCL3 LCL4 UCL4 

2000 1

𝑛
 

47.4847744 47.4557500 0.029024437 47.098052659 47.81344734 47.424759679 47.48674032 46.74249231 48.16900769 46.95140065 47.96009935 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 
47.4847744 47.4537231 0.031051336 47.096025760 47.81142044 46.949382834 47.95806337 46.74047826 48.16696795 46.94938284 47.95806337 

 1 47.4847744 47.4557500 0.029024437 47.098052659 47.81344734 46.069820709 48.84167929 46.74249231 48.16900769 46.95140065 47.96009935 

 
ቀ𝐶𝑉൫𝜃ௗ൯ቁ

ିଵ

 
47.4847744 47.4571404 0.027634046 47.099443050 47.81483773 47.335775365 47.57850542 46.74387389 48.17040689 46.95277431 47.96150647 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 47.4847744 47.4801098 0.004664599 47.122412497 47.83780718 46.622862168 48.33735751 46.76669781 48.19352187 46.97423273 47.98598695 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 47.4847744 47.4547329 0.030041526 47.097035570 47.81243025 45.265601375 49.64386445 46.74148167 48.167984155 46.95039039 47.95907543 

 (𝐾ଶ)ିଵ 47.4847744 NA NA NA NA NA NA NA NA NA NA 

5000 1

𝑛
 

47.4847744 47.4440000 0.040774437 47.218621653 47.66937835 47.424400000 47.46360000 46.99353560 47.89446440 47.12547357 47.76252644 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 
47.4847744 47.4441978 0.040576599 47.218819491 47.66957619 47.125671672 47.76272400 46.99373381 47.89466186 47.12567167 47.76272400 

 1 47.4847744 47.4440000 0.040774437 47.218621653 47.66937835 46.058070709 48.82992929 46.99353560 47.89446440 47.12547357 47.76252644 

 
ቀ𝐶𝑉൫𝜃ௗ൯ቁ

ିଵ

 
47.4847744 47.4445885 0.040185978 47.219210112 47.66996681 47.348127397 47.54104953 46.99412518 47.89505173 47.12606125 47.76311567 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 47.4847744 47.4379072 0.046867216 47.212528874 47.66328557 46.585141984 48.29067245 46.98743113 47.88838331 47.11910982 47.75670462 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 47.4847744 47.4440587 0.040715760 47.218680330 47.66943702 45.246781592 49.64133576 46.99359439 47.89452297 47.12553238 47.76258498 

 (𝐾ଶ)ିଵ 47.4847744 NA NA NA NA NA NA NA NA NA NA 
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was observed for the sample size weighting method when used with the meta-analysis variance estimator. The population mean 

value was either under-estimated, or just included in the 95% confidence interval. Variance estimates resulting from combining the 

two simple random samples and using the variance estimators under consideration in this study were compared to the variance 

estimate obtained from one random sample. The results are presented in table 7.2 below. 



 
 

183 
 

Table 7. 2: Comparison of standard errors from one sample to standard errors resulting from combined samples 
Sample 
size 

Weighting method                                      Variance estimator  

  1 2 3 4 One sample 

500 1

𝑛
 

0.3684 0.031623 0.719414 0.508703 0.736801 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0.3684 0.508093 0.718553 0.508093 0.736801 

 1 0.3684 0.707107 0.719414 0.508703 0.736801 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 0.3684 0.086777 0.719288 0.508538 0.736801 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 0.3684 0.434251 0.724395 0.535577 0.736801 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 0.3684 1.137191 0.720309 0.510624 0.736801 

 (𝐾ଶ)ିଵ 0.3684 2.761586 0.725125 0.542679 0.736801 

900 1

𝑛
 

0.268284 0.02357 0.532365 0.376439 0.536567 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0.268284 0.376392 0.532298 0.376392 0.536567 

 1 0.268284 0.707107 0.532365 0.376439 0.536567 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 0.268284 0.074872 0.532376 0.376455 0.536567 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 0.268284 0.480217 0.532057 0.377006 0.536567 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 0.268284 1.156796 0.532134 0.376675 0.536567 

 (𝐾ଶ)ିଵ 0.268284 4.079153 0.532165 0.376579 0.536567 

1200 1

𝑛
 

0.233108 0.020412 0.464699 0.328592 0.466217 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0.233108 0.328585 0.464689 0.328585 0.466217 

 1 0.233108 0.707107 0.464699 0.328592 0.466217 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 0.233108 0.070039 0.464696 0.328588 0.466217 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 0.233108 0.451839 0.464846 0.330313 0.466217 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 0.233108 1.121312 0.464715 0.328633 0.466217 

 (𝐾ଶ)ିଵ 0.233108 4.4546 0.464886 0.331332 0.466217 

2000 1

𝑛
 

0.182499 0.015811 0.363907 0.257321 0.364997 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0.182499 0.257316 0.3639 0.257316 0.364997 

 1 0.182499 0.707107 0.363907 0.257321 0.364997 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 0.182499 0.061921 0.363911 0.25733 0.364997 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 0.182499 0.437371 0.363986 0.258101 0.364997 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 0.182499 1.116904 0.363904 0.257318 0.364997 

 (𝐾ଶ)ିଵ 0.182499 NA NA NA 0.364997 

5000 1

𝑛
 

0.114989 0.01 0.229829 0.162513 0.229978 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0.114989 0.162513 0.229829 0.162513 0.229978 

 1 0.114989 0.707107 0.229829 0.162513 0.229978 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 0.114989 0.049215 0.229828 0.162514 0.229978 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 0.114989 0.435084 0.229835 0.162652 0.229978 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 0.114989 1.12106 0.229829 0.162513 0.229978 

 (𝐾ଶ)ିଵ 0.114989 NA NA NA 0.229978 

𝜽𝒅 = estimate calculated from each individual survey, 𝐾ଶ= D’Agostino Pearson statistic, 1=average variance estimator, 2=meta-analysis 
variance estimator, 3= weighted meta-analysis variance estimator, 4=robust meta-analysis variance estimator. 
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The results of the comparison show that combining surveys leads to smaller 

standard errors for most of the weighting methods and variance estimators 

compared to using only one survey, across all the sample sizes considered. In this 

example, only two samples were combined, but the improvement in the standard 

errors is quite substantial. Standard errors calculated using the meta-analysis 

variance estimator, when kurtosis and the D’Agostino-Pearson statistic were used to 

weight samples were generally larger than the standard errors obtained from one 

sample. When the sample size was greater than 1200, the standard errors 

calculated using the meta-analysis variance estimator were large when no weight 

was employed.  

 

7.4 Stratified random sampling application 
 
The General household survey was used to illustrate combining surveys where 

stratified random sampling has been used to collect the data. As with the simple 

random sampling case, two stratified samples were selected from the General 

Household survey data and the mean age of the household head was estimated 

from each sample. The two estimates were then combined using each of the 

weighting methods evaluated using simulation in chapter 4. That is, the inverse of 

the sample size, the inverse of variance, the inverse of the coefficient of variation 

(equation 3.1), the inverse of skewness (equation 3.2), the inverse of kurtosis 

(equation 3.3), the inverse of the D’Agostino-Pearson statistic (equation 3.4), the 

inverse of misspecification effect (equation 3.9) and the ratio of misspecification 

effect to the variance (equation 3.10), were used to combine the two surveys. Again, 

95% confidence intervals were calculated using the variance estimates obtained 

from the variance estimators studied in this thesis, equations 5.1 to 5.4. The results 

are presented in table 7.3 below. 
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Table 7. 3: Combined estimates of mean age of household head and confidence intervals under stratified random sampling 

 
𝜃ௗ=point estimate from survey d, LC1= lower confidence limit calculated using variance estimator 1, UC1=upper confidence limit calculated using variance estimator 1, LC2= lower confidence limit calculated using variance estimator 2, UC2=upper confidence limit 
calculated using variance estimator 2, LC3= lower confidence limit calculated using variance estimator 3, UC3=upper confidence limit calculated using variance estimator 3, LC4= lower confidence limit calculated using variance estimator 4, UC4=upper confidence 
limit calculated using variance estimator 4 

Sample size 
 

Weighting method Population mean Combined mean Sampling error LCL1 UCL1 LCL2 UCL2 LCL3 UCL3 LCL4 UCL4 
500 

1

𝑛
 47.822038 47.801339 0.020698 47.61712130479 47.985557687 47.4746728 48.128006163 47.536245944 48.066433048 47.613890048 47.98878894 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 47.822038 48.622170 -0.800132 48.43795201379 48.806388396 48.5540554 48.690285002 48.525841336 48.718499074 48.554055408 48.69028500 

 1 47.822038 47.787486 0.0345522 47.60326753179 47.971703914 25.6295938 69.945377567 47.520457531 48.054513915 47.597287282 47.97768416 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 47.822038 47.801340 0.0206984 47.61712130479 47.985557687 46.4154102 49.187268787 47.536245944 48.066433048 47.613890048 47.98878894 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 47.822038 47.816288 0.0057503 47.63206941379 48.000505796 47.6370997 47.995475435 47.553297476 48.079277734 47.631797424 48.00077779 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 47.822038 47.813902 0.0081352 47.62968445279 47.998120835 47.0097360 48.618069254 47.550575789 48.077229499 47.628940806 47.99886448 

 𝑚𝑒𝑓𝑓 𝑉𝑎𝑟⁄ (𝑦) 47.822038 47.827041 -0.0050032 47.64282295079 48.011259333 46.9585311 48.695551097 47.565574662 48.088507622 47.644675231 48.00940705 

 (𝑚𝑒𝑓𝑓)ିଵ 47.822038 47.844182 -0.0221443 47.65996396279 48.028400345 46.9111242 48.777240043 47.585162880 48.103201428 47.665193966 48.02317034 

900 
1

𝑛
 47.822038 47.827582 -0.0055444 47.64336413279 48.011800515 45.5637309 50.091433694 47.566192757 48.088971891 47.645323214 48.00984143 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 47.822038 47.829038 -0.0070000 47.64481978479 48.013256167 45.5169991 50.141076830 47.567855402 48.090220550 47.647066086 48.01100987 

 1 47.822038 48.620664 -0.7986261 48.43644580879 48.804882191 47.2495367 49.991791261 48.523755920 48.717572080 48.552548450 48.68877955 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 47.822038 46.981667 0.84037128 46.79744842379 47.165884806 46.5706071 47.392726091 46.619473443 47.343859787 46.626056868 47.33727636 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 47.822038 48.146955 -0.32491682 48.01510650344 48.278802912 47.8202880 48.473621375 47.958642665 48.335266751 48.013797985 48.28011143 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 47.822038 48.248922 -0.42688421 48.11707390244 48.380770311 48.2120449 48.285799310 48.196769867 48.301074347 48.212044904 48.28579931 

 𝑚𝑒𝑓𝑓 𝑉𝑎𝑟⁄ (𝑦) 47.822038 48.143979 -0.32194147 48.01213116644 48.275827575 25.8928076 70.395151075 47.953147504 48.334811238 48.007231327 48.28072741 
 (𝑚𝑒𝑓𝑓)ିଵ 47.822038 48.146955 -0.32491681 48.01510650344 48.278802912 46.7610254 49.532883999 47.958642665 48.335266751 48.013797985 48.28011143 

1200 
1

𝑛
 47.822038 48.146131 -0.32409330 48.01428299144 48.277979400 47.9944441 48.297818337 47.957118355 48.335144037 48.011981247 48.28028115 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 47.822038 48.145958 -0.32392023 48.01410991944 48.277806328 47.3432209 48.948695331 47.956798331 48.335117917 48.011599358 48.28031689 

 1 47.822038 48.144441 -0.32240348 48.01259317244 48.276289581 47.2825140 49.006368762 47.953998598 48.334884156 48.008251490 48.28063126 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 47.822038 48.136978 -0.31494055 48.00513023344 48.268826642 47.2598759 49.014080959 47.940344794 48.333612082 47.991751780 48.28220510 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 47.822038 48.140121 -0.31808350 48.00827322844 48.271969637 45.9338494 50.34639342 47.946070977 48.334171889 47.998705781 48.28153708 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 47.822038 48.137952 -0.31591420 48.00610389244 48.269800301 45.9254086 50.350495629 47.942115048 48.333789146 47.993906803 48.28199739 

 𝑚𝑒𝑓𝑓 𝑉𝑎𝑟⁄ (𝑦) 47.822038 48.248855 -0.42681764 48.11700732544 48.380703734 47.2181090 49.279602027 48.196498735 48.301212325 48.211978233 48.28573283 

 (𝑚𝑒𝑓𝑓)ିଵ 47.822038 48.044892 -0.22285435 47.91304404244 48.176740451 47.7477610 48.342023526 47.783676781 48.306107713 47.786233919 48.30355057 
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Table 7.3: Combined estimates of mean age of household head and confidence intervals: stratified random sampling (cont’d) () 

 
LC1= lower confidence limit calculated using variance estimator 1, UC1=upper confidence limit calculated using variance estimator 1, LC2= lower confidence limit calculated using variance estimator 2, UC2=upper confidence limit calculated using variance 
estimator 2, LC3= lower confidence limit calculated using variance estimator 3, UC3=upper confidence limit calculated using variance estimator 3, LC4= lower confidence limit calculated using variance estimator 4, UC4=upper confidence limit calculated using 
variance estimator 4 
 

At sample size n=500, all the weighting strategies apart from the inverse of variance resulted in point estimates close to the 

population parameter value, with sampling errors less than 4%. All the variance estimators appeared to work well with all the 

weighting strategies, except the inverse of variance which resulted in 95% confidence intervals which did not include the population 

Sample size Weighting Method  Population mean Combined mean Sampling error LCL1 UCL1 LCL2 UCL2 LCL3 UCL3 LCL4 UCL4 

2000 
1

𝑛
 47.822038 47.844849 -0.02281117 47.73636344994 47.95333468 47.5181824 48.171515732 47.690229041 47.999469089 47.735516197 47.95418193 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 47.822038 47.806913 0.01512462 47.69842765594 47.915398886 47.7799542 47.833872360 47.768787362 47.845039180 47.779954182 47.83387236 

 1 47.822038 47.845151 -0.02311289 47.73666516994 47.953636400 25.8493209 69.840980696 47.689954341 48.000347229 47.735001021 47.95530055 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 47.822038 47.844849 -0.02281117 47.73636344994 47.953334680 46.4589198 49.230778356 47.690229041 47.999469089 47.735516197 47.95418193 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 47.822038 47.845877 -0.02383865 47.73739092594 47.954362156 47.7067995 47.984953580 47.689302267 48.002450815 47.733760248 47.95799283 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 47.822038 47.845140 -0.02310176 47.73665404094 47.953625271 47.0460040 48.644275362 47.689964436 48.000314876 47.735020031 47.95525928 

 𝑚𝑒𝑓𝑓 𝑉𝑎𝑟⁄ (𝑦) 47.822038 47.845171 -0.02313345 47.73668572794 47.953656958 46.9871964 48.703146288 47.689935701 48.000406985 47.734965903 47.95537678 

 (𝑚𝑒𝑓𝑓)ିଵ 47.822038 47.848351 -0.02631357 47.73986584394 47.956837074 46.9693014 48.727401556 47.687167156 48.009535762 47.729513759 47.96718916 

5000 
1

𝑛
 47.822038 47.844774 -0.02273629 47.73628856294 47.953259793 45.5915146 50.098033735 47.690297554 47.999250802 47.735644003 47.95390435 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 47.822038 47.845675 -0.02363732 47.73718959794 47.954160828 45.5963331 50.095017294 47.689481937 48.001868490 47.734104661 47.95724576 

 1 47.822038 47.806815 0.01522317 47.69832910794 47.915300338 46.9374502 48.676179287 47.769461606 47.844167840 47.779854229 47.83377522 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 47.822038 47.882989 -0.06095153 47.77450380794 47.991475038 47.6373443 48.128634589 47.667392119 48.098586727 47.668800697 48.09717815 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 47.822038 48.138949 -0.31691152 48.05002496049 48.227873872 47.8122827 48.465616083 48.012694338 48.265204494 48.049673594 48.22822524 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 47.822038 47.917384 -0.09534606 47.82845949949 48.006308411 47.9016205 47.933147410 47.895091063 47.939676847 47.901620500 47.93314741 

 𝑚𝑒𝑓𝑓 𝑉𝑎𝑟⁄ (𝑦) 47.822038 48.137866 -0.31582814 48.04894158449 48.226790496 25.8842464 70.391485647 48.011910365 48.263821715 48.049013103 48.22671898 

 (𝑚𝑒𝑓𝑓)ିଵ 47.822038 48.138949 -0.31691152 48.05002496049 48.227873872 46.7530201 49.524878707 48.012694338 48.265204493 48.049673594 48.22822523 
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parameter value.   Only the inverse of the sample size and the inverse of variance resulted in point estimates close to the 

population parameter value at sample size 900. All the variance estimators resulted in confidence intervals including the population 

mean for these weighting strategies. The meta-analysis variance estimator (variance estimator 2) resulted in a wider confidence 

interval compared to the other variance estimators. Additionally, the meta-analysis variance estimator appeared to work well with a 

weight of 1, the inverse of skewness, the inverse of misspecification error and 𝑚𝑒𝑓𝑓 𝑉𝑎𝑟⁄ (𝑦). At sample size n=1200, all the 

variance estimators worked well with the inverse of misspecification error. The meta-analysis variance estimator worked with all 

weighting strategies except the inverse of sample size. All the other confidence intervals excluded the population mean. When the 

sample size was increased to 2000, all the point estimates were close to the population parameter value and all the confidence 

intervals included the population mean.  All the variance estimators resulted in confidence intervals which included the population 

mean with the inverse of sample size, weight of 1, inverse of variance and inverse of coefficient of variation when the sample size 

was increased to 5000. The meta-analysis variance estimator worked well with all the weighting strategies except the inverse of 

kurtosis. The confidence intervals were very wide for the inverse of sample size, inverse of variance and 𝑚𝑒𝑓𝑓 𝑉𝑎𝑟⁄ (𝑦)  weighting 

strategies. 

Variance estimates, resulting from combining the two stratified random samples and using the variance estimators under 

consideration in this study, were compared to the variance estimate obtained from one stratified random sample. The results are 

presented in table 7.4 below. 
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Table 7. 4: Comparison of standard errors from one sample to standard errors resulting from combined samples under stratified random sampling 

Sample size Weighting method                                      Variance Estimator  

  1 2 3 4 One sample 

500 
1

𝑛
 0.0939888730671814 0.166666666666667 0.135251812152932 0.0956374735411073 0.187977746134363 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0.0939888730671814 0.0347524472161688 0.0491473821787611 0.0347524472161688 0.187977746134363 

 1 0.0939888730671814 0.707106781186548 0.135251812152932 0.0956374735411073 0.187977746134363 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 0.0939888730671814 0.0914223620067288 0.134178637310581 0.0941276430011106 0.187977746134363 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 0.0939888730671814 0.44311732400753 0.133401265537659 0.0930438321374779 0.187977746134363 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 0.0939888730671814 1.15502620901315 0.133362023749108 0.0929893416524842 0.187977746134363 

 𝑚𝑒𝑓𝑓 𝑉𝑎𝑟⁄ (𝑦) 0.0939888730671814 0.699554725083475 0.0494428980218796 0.0347528318056822 0.187977746134363 

 (𝑚𝑒𝑓𝑓)ିଵ 0.0939888730671814 0.209724222195848 0.184792434860796 0.181433544212019 0.187977746134363 

900 
1

𝑛
 0.0672694921203861 0.166666666666667 0.0968592905254623 0.0684898611514723 0.134538984240772 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0.0672694921203861 0.0252843811210805 0.0357575146976423 0.0252843811210805 0.134538984240772 

 1 0.0672694921203861 0.707106781186548 0.0968592905254623 0.0684898611514723 0.134538984240772 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 0.0672694921203861 0.0773913986149171 0.097207945157778 0.0689840997452107 0.134538984240772 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 0.0672694921203861 0.439758869860557 0.0979194857898231 0.0699999709307912 0.134538984240772 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 0.0672694921203861 1.12564897288303 0.0997154276212395 0.0726068587458853 0.134538984240772 

 𝑚𝑒𝑓𝑓 𝑉𝑎𝑟⁄ (𝑦) 0.0672694921203861 0.70662701982821 0.0358931376233206 0.0252844963445139 0.134538984240772 

 (𝑚𝑒𝑓𝑓)ିଵ 0.0672694921203861 0.150401790749508 0.132282759157758 0.129897360410511 0.134538984240772 

1200 
1

𝑛
 0.055349803599578 0.166666666666667 0.0797862947516343 0.0564174300646293 0.110699607199156 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0.055349803599578 0.0214338258132156 0.0303120071585921 0.0214338258132156 0.110699607199156 

 1 0.055349803599578 0.707106781186548 0.0797862947516343 0.0564174300646293 0.110699607199156 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 0.055349803599578 0.0709576725428504 0.0807491013572492 0.0577899983485213 0.110699607199156 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 0.055349803599578 0.4377423189399 0.0800895345777931 0.0568473647794136 0.110699607199156 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 0.055349803599578 1.14962222278949 0.0797156667344986 0.0563176061016747 0.110699607199156 

 𝑚𝑒𝑓𝑓 𝑉𝑎𝑟⁄ (𝑦) 0.055349803599578 0.691820325439433 0.0297247517622134 0.0214364874064751 0.110699607199156 

 (𝑚𝑒𝑓𝑓)ିଵ 0.055349803599578 0.124153278269877 0.109023930952586 0.10724099897998 0.110699607199156 

 
  



 
 

189 
 

Table 7.4: Comparison of standard errors from one sample to standard errors resulting from combined samples under stratified random sampling (cont’d)  
Sample size Weighting method                                      Variance Estimator  

  1 2 3 4 One sample 

2000 
1

𝑛
 0.0453696201580241 0.166666666666667 0.0652485447321587 0.0461376884426632 0.0907392403160482 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0.0453696201580241 0.0164879671774472 0.0233175067983083 0.0164879671774472 0.0907392403160482 

 1 0.0453696201580241 0.707106781186548 0.0652485447321587 0.0461376884426632 0.0907392403160482 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 0.0453696201580241 0.0630118774413785 0.0651631421160472 0.0460170131212809 0.0907392403160482 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 0.0453696201580241 0.441668876386013 0.0644823293613776 0.0450623437382922 0.0907392403160482 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 0.0453696201580241 1.12118910125204 0.0649454642551034 0.0457103562453551 0.0907392403160482 

 𝑚𝑒𝑓𝑓 𝑉𝑎𝑟⁄ (𝑦) 0.0453696201580241 0.695850828168822 0.0234287225650247 0.0164880775330626 0.0907392403160482 

 (𝑚𝑒𝑓𝑓)ିଵ 0.0453696201580241 0.0997860000131511 0.0892075799109878 0.08759632085413 0.0907392403160482 

5000 
1

𝑛
 0.0272931703527966 0.166666666666667 0.0392311110391019 0.0277405846492314 0.0545863407055933 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 0.0272931703527966 0.00976422713438375 0.0138087024395369 0.00976422713438375 0.0545863407055933 

 1 0.0272931703527966 0.707106781186548 0.0392311110391019 0.0277405846492314 0.0545863407055933 

 ቀ𝐶𝑉൫𝜃ௗ൯ቁ
ିଵ

 0.0272931703527966 0.048779987361175 0.0390065397545479 0.027424160458614 0.0545863407055933 

 ൫𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠(𝑠𝑘ௗ)൯
ିଵ

 0.0272931703527966 0.44773933854235 0.0391173179981151 0.0275799565803125 0.0545863407055933 

 ൫𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠(𝐾ௗ)൯
ିଵ

 0.0272931703527966 1.13177993464756 0.0394872489766225 0.0281043331701814 0.0545863407055933 

 𝑚𝑒𝑓𝑓 𝑉𝑎𝑟⁄ (𝑦) 0.0272931703527966 0.693835834665335 0.0139157014492362 0.00976439422947314 0.0545863407055933 

 (𝑚𝑒𝑓𝑓)ିଵ 0.0272931703527966 0.0596108579831122 0.0536526344185803 0.052672759088903 0.0545863407055933 

𝜽𝒅 = estimate calculated from each individual survey, CV=coefficient of variation, 1=average variance estimator, 2=meta-analysis variance estimator, 3= weighted meta-analysis variance 
 estimator, 4=robust meta-analysis variance estimator. 

 

When a sample size of 500 was used, combining sample surveys resulted in standard error estimates which were mostly smaller 

than the standard error estimate obtained using one sample. The weighted meta-analysis variance estimator resulted in larger 

standard error estimates when all the weighting strategies were used to weight the surveys except the inverse of sample size and 

the inverse of the variance. As the sample size increased, the weighted meta-analysis and robust meta-analysis variance 

estimators seemed to work better with standard error estimates mostly smaller than the standard errors obtained using one sample. 
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7.5 Conclusion 
 
For this application, the inverses of sample size, kurtosis and the D’Agostino-Pearson statistic, would not be recommended as 

weighting strategies under simple random sampling. Large meta-analysis variance estimator standard errors which improved with 

increasing sample size were observed when the inverse of sample size was used as the weighting strategy. The inverses of 

kurtosis and the D’Agostino-Pearson statistic resulted in large standard errors for all the variance estimators studied. Under 

stratified random sampling, the combination of the inverse sample size weighting strategy and the meta-analysis variance estimator 

resulted in confidence intervals which either excluded the population mean or were very wide. For the most part, combining the 

surveys resulted in improved standard errors, with the weighted and robust meta-analysis variance estimators. Even though the 

average variance estimator did not work well with most of the weighting strategies, it yielded standard errors which were smaller 

than the standard errors obtained from one sample. 
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Chapter 8  

Conclusion 

In this thesis, we initially replicated Fox’s study comparing the convergence properties of combined estimates using three different 

weighting strategies, that is a weight of 1, the inverse of sample size and the inverse of variance. Our results agreed with the 

results Fox obtained. The combined mean estimate converged towards the finite population mean, and not the superpopulation 

mean. We investigated the use of different weighting strategies to combine surveys under different sampling strategies, that is, 

simple random sampling, stratified random sampling and cluster random sampling. The variance, skewness and kurtosis of the 

superpopulation were also investigated for influence on the choice of the weighting strategy when calculating a combined point 

estimate. Different finite population sizes were used in the simulations.  

 

Comparing the MSE across population sizes for the same sample size, under simple random sampling, showed that the variance of 

the superpopulation distribution, did not influence the choice of the weighting strategy. However, increasing the variance of the 

superpopulation distribution increased MSE values for all the weighting strategies. This agrees with classical statistical theory. 

Increasing the number of samples combined also decreased the magnitude of the MSE values. The skewness of the 

superpopulation appeared to affect the choice of the weighting strategy. In general, the symmetric superpopulations appeared to 

work well with all the weighting strategies except the inverse of skewness and the inverse of the D’Agostino Pearson statistic. This 

is expected as skewness is not expected to play an important role when the data are symmetrical. The skewed superpopulations 

appeared to work best with the inverse of sample size for all the sample sizes considered.  
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The variance of the superpopulation distribution was not investigated for influence on the choice of the weighting strategy under 

stratified random sampling because we had already seen its lack of influence under simple random sampling. The superpopulation 

appeared to influence the choice of the weighting strategy. Combining estimates yielded better estimates with lower MSE values 

compared to estimates from one sample regardless of weighting strategy. MSE values improved with increasing sample size and 

number of samples combined. All the weighting strategies worked well with the symmetric superpopulation distributions, except the 

inverse of skewness. This is expected of a symmetric superpopulation as skewness is not expected to play a role. The inverse of 

Kurtosis did not work well with the superpopulation distributed as the t-distribution with three degrees of freedom. This was not 

expected and requires further investigation with larger sample sizes. 

 

Similar to simple random sampling and stratified sampling, the inverse of skewness did not work well with the symmetric 

superpopulation distributions under cluster random sampling. The inverse of sample size performed best for the t distribution 

superpopulations. All the other weighting strategies performed similarly across the superpopulation distributions. Combining 

samples appeared to improve estimates, with decreasing MSE values as the number of samples combined was increased. 

 

The meta-analysis variance estimator performed best when the inverse of variance was used to weight the surveys under simple 

random sampling. The same observation was made for all numbers of samples combined and all the sample sizes investigated. 

This is an ideal result because in meta-analysis, using the inverse of the variance to weight studies results in the minimum variance 

for the combined effect size estimate. The weighted meta-analysis variance estimator and the robust meta-analysis variance 

estimators worked well with all the weighting strategies when ten or more samples were combined, with the exception of the 

inverse of skewness and the inverse of the D’Agostino-Pearson statistic. In fact, none of the variance estimators worked well with 
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these two weighting strategies. In general, the average variance estimator did not work well with all the superpopulation 

distributions and would not be recommended for use under simple random sampling and stratified random sampling. 

 

Simulation results for variance estimators under stratified random sampling and cluster random sampling were not in line with our 

expectations. This was also the case with simulation results for variance estimators assuming non-normal superpopulation 

distributions. Most of the relative differences observed between the variance obtained by simulation and the variances calculated 

using the studied variance estimators were unacceptably high. We have decided not to present these results in this thesis and 

defer them for further studies. Instead, empirical variances were used to provide a measure of precision for the point estimators. 

 

Under stratified random sampling and cluster random sampling, design consistent weighting strategies resulted in MSE values 

different from the naïve weighting strategies. We recommend that design consistent weighting strategies be used to yield more 

accurate combined estimates.  

 

We applied the studied weighting strategies and variance estimators to two South African national surveys and concluded that 

combining the surveys resulted in improved estimates and smaller standard errors than would be observed when one survey is 

used, under both simple and stratified random sampling. 

 

Under complex sampling, our simulations generated only one finite populations from where the sample samples to be combined 

were selected. We would like to continue this study with different finite populations being generated. Future studies may also 

include replication methods of variance estimation like the bootstrap and jackknife variance estimators.  
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Appendix A1 

Comparing weighting strategies: Simple Random Sampling: Normal distribution 
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Scenario 1: N=1 00 000  N(100,25) n=1000 𝜽 = 𝟗𝟗. 𝟗𝟖𝟖 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,983 -4,856 3,541 1,584 99,913 100,052 2,509 

2 1/𝑛 99,985 -2,204 2,546 1,139 99,935 100,035 1,297 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,986 -1,958 2,549 1,140 99,936 100,036 1,300 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,986 -1,955 2,547 1,139 99,936 100,036 1,298 

 (skewness(𝑠ௗ))ିଵ 99,983 -4,128 2,829 1,265 99,928 100,039 1,602 

 (kurtosis(𝑘ௗ))ିଵ 99,985 -2,371 2,547 1,139 99,935 100,035 1,298 

 (𝐾ଶ)ିଵ 99,985 -2,670 2,898 1,296 99,928 100,042 1,680 

3 1/𝑛 99,987 -0,621 2,058 0,921 99,947 100,027 0,847 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,987 -0,555 2,061 0,922 99,947 100,027 0,849 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,987 -0,415 2,059 0,921 99,947 100,028 0,848 

 (skewness(𝑠ௗ))ିଵ 99,984 -3,353 2,467 1,103 99,936 100,033 1,218 

 (kurtosis(𝑘ௗ))ିଵ 99,987 -0,597 2,060 0,921 99,947 100,027 0,849 

 (𝐾ଶ)ିଵ 99,986 -1,790 2,584 1,156 99,935 100,036 1,336 

5 1/𝑛 99,988 0,336 1,553 0,694 99,957 100,018 0,482 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,988 0,338 1,555 0,696 99,957 100,018 0,484 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,988 0,545 1,553 0,695 99,958 100,019 0,483 

 (skewness(𝑠ௗ))ିଵ 99,987 -0,945 2,060 0,922 99,946 100,027 0,849 

 (kurtosis(𝑘ௗ))ିଵ 99,988 0,208 1,551 0,694 99,957 100,018 0,481 

 (𝐾ଶ)ିଵ 99,986 -1,517 2,217 0,992 99,943 100,030 0,983 

10 1/𝑛 99,990 1,995 1,109 0,496 99,968 100,011 0,246 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,990 1,948 1,109 0,496 99,968 100,011 0,246 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,990 2,203 1,109 0,496 99,968 100,012 0,246 

 (skewness(𝑠ௗ))ିଵ 99,988 0,719 1,850 0,828 99,952 100,025 0,685 

 (kurtosis(𝑘ௗ))ିଵ 99,989 1,901 1,111 0,497 99,968 100,011 0,247 

 (𝐾ଶ)ିଵ 99,986 -1,962 1,913 0,856 99,948 100,023 0,732 

15 1/𝑛 99,989 1,312 0,904 0,404 99,971 100,007 0,164 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,989 1,286 0,905 0,405 99,971 100,007 0,164 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,989 1,536 0,904 0,404 99,971 100,007 0,164 

 (skewness(𝑠ௗ))ିଵ 99,988 0,892 1,725 0,771 99,955 100,022 0,595 

 (kurtosis(𝑘ௗ))ିଵ 99,989 1,274 0,905 0,405 99,971 100,007 0,164 

 (𝐾ଶ)ିଵ 99,986 -1,529 1,771 0,792 99,951 100,021 0,627 

20 1/𝑛 99,989 0,955 0,800 0,358 99,973 100,004 0,128 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,989 0,932 0,802 0,359 99,973 100,004 0,129 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,989 1,185 0,801 0,358 99,973 100,004 0,128 

 (skewness(𝑠ௗ))ିଵ 99,988 0,831 1,627 0,728 99,957 100,020 0,530 

 (kurtosis(𝑘ௗ))ିଵ 99,989 0,944 0,803 0,359 99,973 100,004 0,129 

 (𝐾ଶ)ିଵ 99,986 -2,014 1,627 0,728 99,954 100,017 0,530 

𝜽𝒄  = combined estimate, 𝜽𝒅 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝜽𝒄)=standard error of the  combined estimate, CV (𝜽𝒄) (%) = 
coefficient of variation, CI95%(𝜽𝒄)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, method=weighting strategy. 
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Scenario 2: N=1 00 000  N(100,25) n=5000 𝜽 = 𝟗𝟗. 𝟗𝟔𝟕 
 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,970 3,027 1,556 6,962 99,940 100,001 4,853 

2 1/𝑛 99,969 1,698 1,114 4,982 99,947 99,991 2,484 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 1,713 1,114 4,984 99,947 99,991 2,485 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,969 1,730 1,114 4,983 99,947 99,991 2,484 

 (skewness(𝑠ௗ))ିଵ 99,968 0,333 1,241 5,553 99,943 99,992 3,081 

 (kurtosis(𝑘ௗ))ିଵ 99,969 1,685 1,113 4,980 99,947 99,991 2,482 

3 1/𝑛 99,968 0,478 0,910 4,070 99,950 99,986 1,655 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,968 0,488 0,910 4,071 99,950 99,986 1,656 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,968 0,517 0,910 4,070 99,950 99,986 1,656 

 (skewness(𝑠ௗ))ିଵ 99,966 -1,602 1,106 4,946 99,944 99,987 2,447 

 (kurtosis(𝑘ௗ))ିଵ 99,968 0,458 0,908 4,063 99,950 99,986 1,650 

5 1/𝑛 99,968 0,127 0,690 3,088 99,954 99,981 0,953 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,968 0,128 0,691 3,089 99,954 99,981 0,954 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,968 0,167 0,690 3,089 99,954 99,981 0,953 

 (skewness(𝑠ௗ))ିଵ 99,965 -2,501 0,980 4,382 99,946 99,984 1,925 

 (kurtosis(𝑘ௗ))ିଵ 99,968 0,116 0,690 3,085 99,954 99,981 0,951 

10 1/𝑛 99,968 0,475 0,503 2,250 99,958 99,978 0,506 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,968 0,468 0,503 2,252 99,958 99,978 0,507 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,968 0,516 0,503 2,251 99,958 99,978 0,507 

 (skewness(𝑠ௗ))ିଵ 99,966 -1,132 0,858 3,840 99,949 99,983 1,475 

 (kurtosis(𝑘ௗ))ିଵ 99,968 0,479 0,503 2,252 99,958 99,978 0,507 

15 1/𝑛 99,968 0,208 0,416 1,862 99,959 99,976 0,347 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,968 0,205 0,417 1,864 99,959 99,976 0,347 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,968 0,253 0,416 1,863 99,960 99,976 0,347 

 (skewness(𝑠ௗ))ିଵ 99,965 -2,203 0,820 3,667 99,949 99,981 1,349 

 (kurtosis(𝑘ௗ))ିଵ 99,968 0,214 0,417 1,864 99,959 99,976 0,347 

20 1/𝑛 99,968 0,277 0,358 1,603 99,961 99,975 0,257 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,968 0,275 0,358 1,604 99,961 99,975 0,257 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,968 0,323 0,358 1,603 99,961 99,975 0,257 

 (skewness(𝑠ௗ))ିଵ 99,967 -0,235 0,789 3,527 99,952 99,983 1,244 

 (kurtosis(𝑘ௗ))ିଵ 99,968 0,289 0,359 1,605 99,961 99,975 0,257 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 3: N=1 00 000  N(100,25) n=10 000 𝜽 = 𝟗𝟗. 𝟗𝟖𝟕 
 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) 

(%) 

× 10ିଷ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,986 -1,384 4,806 1,520 99,983 99,989 2,311 

2 1/𝑛 99,986 -1,369 3,509 1,110 99,984 99,988 1,233 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,986 -1,359 3,511 1,110 99,984 99,988 1,234 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,986 -1,353 3,510 1,110 99,984 99,988 1,233 

 (skewness(𝑠ௗ))ିଵ 99,987 -0,039 3,973 1,256 99,985 99,990 1,578 

 (kurtosis(𝑘ௗ))ିଵ 99,986 -1,357 3,510 1,110 99,984 99,988 1,233 

3 1/𝑛 99,986 -0,867 2,787 0,881 99,985 99,988 0,777 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,986 -0,871 2,788 0,882 99,985 99,988 0,778 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,986 -0,854 2,788 0,881 99,985 99,988 0,778 

 (skewness(𝑠ௗ))ିଵ 99,988 0,556 3,541 1,120 99,985 99,990 1,254 

 (kurtosis(𝑘ௗ))ିଵ 99,986 -0,864 2,788 0,881 99,985 99,988 0,778 

5 1/𝑛 99,987 -0,564 2,136 0,675 99,985 99,988 0,456 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,987 -0,562 2,136 0,675 99,985 99,988 0,456 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,987 -0,545 2,136 0,675 99,985 99,988 0,456 

 (skewness(𝑠ௗ))ିଵ 99,988 0,626 3,083 0,975 99,986 99,990 0,950 

 (kurtosis(𝑘ௗ))ିଵ 99,987 -0,563 2,135 0,675 99,985 99,988 0,456 

10 1/𝑛 99,987 -0,252 1,510 0,477 99,986 99,988 0,228 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,987 -0,245 1,510 0,478 99,986 99,988 0,228 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,987 -0,228 1,510 0,478 99,986 99,988 0,228 

 (skewness(𝑠ௗ))ିଵ 99,988 0,662 2,742 0,867 99,986 99,989 0,752 

 (kurtosis(𝑘ௗ))ିଵ 99,987 -0,238 1,510 0,477 99,986 99,988 0,228 

15 1/𝑛 99,987 -0,210 1,255 0,397 99,986 99,988 0,157 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,987 -0,209 1,255 0,397 99,986 99,988 0,158 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,987 -0,188 1,255 0,397 99,986 99,988 0,157 

 (skewness(𝑠ௗ))ିଵ 99,988 0,429 2,502 0,791 99,986 99,989 0,626 

 (kurtosis(𝑘ௗ))ିଵ 99,987 -0,201 1,255 0,397 99,986 99,988 0,157 

20 1/𝑛 99,987 -0,246 1,101 0,348 99,986 99,988 0,121 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,987 -0,247 1,102 0,348 99,986 99,988 0,121 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,987 -0,225 1,102 0,348 99,986 99,988 0,121 

 (skewness(𝑠ௗ))ିଵ 99,988 0,401 2,338 0,739 99,986 99,989 0,547 

 (kurtosis(𝑘ௗ))ିଵ 99,987 -0,234 1,101 0,348 99,986 99,988 0,121 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy.  
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Scenario 7: N=5 000 000  N(100,25) n=1000 𝜃 = 100.002 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,012 9,638 5,145 1,627 100,002 100,022 2,656 

2 1/𝑛 100,004 2,351 3,628 1,147 99,997 100,011 1,317 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,004 2,434 3,638 1,150 99,997 100,012 1,324 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,004 2,523 3,633 1,149 99,997 100,012 1,320 

 (skewness(𝑠ௗ))ିଵ 100,007 5,036 4,162 1,316 99,999 100,015 1,735 

 (kurtosis(𝑘ௗ))ିଵ 100,004 2,380 3,625 1,146 99,997 100,011 1,314 

 (𝐾ଶ)ିଵ 100,006 4,496 4,185 1,323 99,998 100,015 1,753 

3 1/𝑛 100,005 3,235 2,964 0,937 99,999 100,011 0,880 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,005 3,226 2,970 0,939 99,999 100,011 0,883 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,005 3,407 2,967 0,938 100,000 100,011 0,881 

 (skewness(𝑠ௗ))ିଵ 100,004 1,919 3,692 1,167 99,997 100,011 1,363 

 (kurtosis(𝑘ௗ))ିଵ 100,005 3,289 2,962 0,937 99,999 100,011 0,879 

 (𝐾ଶ)ିଵ 100,006 3,795 3,705 1,171 99,999 100,013 1,374 

5 1/𝑛 100,006 3,815 2,259 0,714 100,001 100,010 0,512 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,006 3,910 2,262 0,715 100,001 100,010 0,513 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,006 4,069 2,260 0,715 100,002 100,010 0,512 

 (skewness(𝑠ௗ))ିଵ 100,003 1,204 3,316 1,048 99,997 100,010 1,100 

 (kurtosis(𝑘ௗ))ିଵ 100,006 3,859 2,261 0,715 100,001 100,010 0,513 

 (𝐾ଶ)ିଵ 100,004 1,975 3,241 1,025 99,998 100,010 1,051 

10 1/𝑛 100,003 0,936 1,556 0,492 100,000 100,006 0,242 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 0,946 1,558 0,493 100,000 100,006 0,243 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,003 1,174 1,556 0,492 100,000 100,006 0,242 

 (skewness(𝑠ௗ))ିଵ 100,004 2,489 2,770 0,876 99,999 100,010 0,768 

 (kurtosis(𝑘ௗ))ିଵ 100,003 1,048 1,557 0,492 100,000 100,006 0,242 

 (𝐾ଶ)ିଵ 100,004 1,956 2,707 0,856 99,999 100,009 0,733 

15 1/𝑛 100,002 -0,154 1,281 0,405 99,999 100,004 0,164 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,002 -0,102 1,283 0,406 99,999 100,004 0,165 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,002 0,114 1,281 0,405 100,000 100,005 0,164 

 (skewness(𝑠ௗ))ିଵ 100,003 0,957 2,651 0,838 99,998 100,008 0,703 

 (kurtosis(𝑘ௗ))ିଵ 100,002 -0,116 1,282 0,405 99,999 100,004 0,164 

 (𝐾ଶ)ିଵ 100,002 -0,159 2,464 0,779 99,997 100,007 0,607 

20 1/𝑛 100,002 -0,161 1,144 0,362 100,000 100,004 0,131 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,002 -0,140 1,146 0,362 100,000 100,004 0,131 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,002 0,094 1,145 0,362 100,000 100,004 0,131 

 (skewness(𝑠ௗ))ିଵ 100,003 1,085 2,588 0,818 99,998 100,008 0,670 

 (kurtosis(𝑘ௗ))ିଵ 100,002 -0,122 1,144 0,362 100,000 100,004 0,131 

 (𝐾ଶ)ିଵ 100,001 -1,259 2,259 0,714 99,996 100,005 0,510 

𝜽𝒄 = combined estimate, 𝜽𝒅 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝜽𝒄)=standard error of the  combined estimate,  
CV (𝜽𝒄) (%) = coefficient of variation, CI95%(𝜽𝒄)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 8: N=5 000 000  N(100,25) n=5000 𝜃 = 100.002 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଷ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,001 -0,853 7,068 2,235 99,997 100,005 4,996 

2 1/𝑛 100,001 -1,251 4,994 1,579 99,998 100,004 2,496 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -1,236 4,994 1,579 99,998 100,004 2,496 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -1,217 4,994 1,579 99,998 100,004 2,496 

 (skewness(𝑠ௗ))ିଵ 100,000 -1,741 5,612 1,775 99,997 100,004 3,153 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -1,249 4,995 1,580 99,998 100,004 2,497 

3 1/𝑛 100,000 -2,140 4,108 1,299 99,997 100,002 1,692 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 -2,124 4,107 1,299 99,997 100,002 1,692 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 -2,098 4,108 1,299 99,997 100,002 1,692 

 (skewness(𝑠ௗ))ିଵ 99,999 -2,624 4,975 1,573 99,996 100,002 2,482 

 (kurtosis(𝑘ௗ))ିଵ 100,000 -2,130 4,107 1,299 99,997 100,002 1,691 

5 1/𝑛 100,001 -0,628 3,206 1,014 99,999 100,003 1,028 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -0,601 3,205 1,014 99,999 100,003 1,028 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -0,574 3,205 1,014 99,999 100,003 1,028 

 (skewness(𝑠ௗ))ିଵ 100,001 -1,443 4,433 1,402 99,998 100,003 1,967 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -0,641 3,205 1,014 99,999 100,003 1,028 

10 1/𝑛 100,000 -1,760 2,320 0,734 99,999 100,002 0,541 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 -1,738 2,319 0,733 99,999 100,002 0,541 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 -1,704 2,319 0,733 99,999 100,002 0,541 

 (skewness(𝑠ௗ))ିଵ 100,000 -2,239 3,821 1,208 99,997 100,002 1,465 

 (kurtosis(𝑘ௗ))ିଵ 100,000 -1,763 2,318 0,733 99,999 100,002 0,540 

15 1/𝑛 100,001 -1,190 1,871 0,592 100,000 100,002 0,352 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -1,163 1,870 0,591 100,000 100,002 0,351 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -1,130 1,871 0,592 100,000 100,002 0,351 

 (skewness(𝑠ௗ))ିଵ 100,000 -2,245 3,520 1,113 99,998 100,002 1,244 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -1,197 1,871 0,592 100,000 100,002 0,351 

20 1/𝑛 100,001 -1,206 1,607 0,508 100,000 100,002 0,260 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -1,189 1,605 0,508 100,000 100,002 0,259 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -1,150 1,606 0,508 100,000 100,002 0,259 

 (skewness(𝑠ௗ))ିଵ 100,000 -2,075 3,324 1,051 99,998 100,002 1,109 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -1,220 1,606 0,508 100,000 100,002 0,260 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Scenario 9: N=5 000 000  N(100,25) n=10 000 𝜃 = 100.002 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଷ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,003 0,559 5,106 1,615 99,999 100,006 2,608 

2 1/𝑛 100,001 -1,186 3,600 1,138 99,999 100,003 1,297 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -1,174 3,598 1,138 99,999 100,003 1,296 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -1,168 3,599 1,138 99,999 100,003 1,297 

 (skewness(𝑠ௗ))ିଵ 100,001 -0,552 3,956 1,251 99,999 100,004 1,565 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -1,174 3,597 1,138 99,999 100,003 1,295 

3 1/𝑛 100,001 -1,249 2,920 0,923 99,999 100,003 0,854 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -1,249 2,919 0,923 99,999 100,003 0,853 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -1,232 2,919 0,923 99,999 100,003 0,854 

 (skewness(𝑠ௗ))ିଵ 100,001 -0,723 3,536 1,118 99,999 100,003 1,251 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -1,246 2,917 0,923 99,999 100,003 0,853 

5 1/𝑛 100,001 -1,208 2,233 0,706 99,999 100,002 0,500 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -1,212 2,233 0,706 99,999 100,002 0,500 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -1,190 2,233 0,706 99,999 100,002 0,500 

 (skewness(𝑠ௗ))ିଵ 100,002 -0,173 3,157 0,998 100,000 100,004 0,997 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -1,220 2,232 0,706 99,999 100,002 0,500 

10 1/𝑛 100,002 -0,392 1,601 0,506 100,001 100,003 0,256 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,002 -0,394 1,601 0,506 100,001 100,003 0,256 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,002 -0,370 1,601 0,506 100,001 100,003 0,256 

 (skewness(𝑠ௗ))ିଵ 100,002 -0,204 2,658 0,840 100,000 100,003 0,706 

 (kurtosis(𝑘ௗ))ିଵ 100,002 -0,406 1,601 0,506 100,001 100,003 0,256 

15 1/𝑛 100,002 -0,117 1,313 0,415 100,001 100,003 0,172 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,002 -0,115 1,313 0,415 100,001 100,003 0,172 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,002 -0,093 1,313 0,415 100,001 100,003 0,172 

 (skewness(𝑠ௗ))ିଵ 100,002 0,306 2,468 0,780 100,001 100,004 0,609 

 (kurtosis(𝑘ௗ))ିଵ 100,002 -0,129 1,313 0,415 100,001 100,003 0,172 

20 1/𝑛 100,002 0,085 1,109 0,351 100,001 100,003 0,123 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,002 0,086 1,109 0,351 100,001 100,003 0,123 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,002 0,109 1,109 0,351 100,001 100,003 0,123 

 (skewness(𝑠ௗ))ିଵ 100,003 0,812 2,373 0,751 100,001 100,004 0,564 

 (kurtosis(𝑘ௗ))ିଵ 100,002 0,075 1,109 0,351 100,001 100,003 0,123 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Scenario 10: N=100 000  N(100,49) n=1000 𝜃 = 100.023 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,027 4,430 7,027 2,222 100,014 100,041 4,940 

2 1/𝑛 100,024 1,353 4,840 1,530 100,015 100,034 2,343 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,024 1,347 4,833 1,528 100,015 100,034 2,336 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,025 1,603 4,836 1,529 100,015 100,034 2,339 

 (skewness(𝑠ௗ))ିଵ 100,025 2,439 5,562 1,758 100,014 100,036 3,094 

 (kurtosis(𝑘ௗ))ିଵ 100,024 1,022 4,854 1,535 100,014 100,033 2,356 

 (𝐾ଶ)ିଵ 100,025 1,882 5,530 1,748 100,014 100,036 3,058 

3 1/𝑛 100,025 2,427 4,025 1,272 100,017 100,033 1,620 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,025 2,432 4,032 1,275 100,017 100,033 1,626 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,026 2,760 4,027 1,273 100,018 100,034 1,623 

 (skewness(𝑠ௗ))ିଵ 100,027 4,090 4,914 1,553 100,017 100,037 2,416 

 (kurtosis(𝑘ௗ))ିଵ 100,025 2,199 4,035 1,276 100,017 100,033 1,628 

 (𝐾ଶ)ିଵ 100,028 5,184 4,968 1,571 100,018 100,038 2,471 

5 1/𝑛 100,022 -0,595 3,166 1,001 100,016 100,029 1,003 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,022 -0,474 3,169 1,002 100,016 100,029 1,004 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,023 -0,142 3,167 1,001 100,017 100,029 1,003 

 (skewness(𝑠ௗ))ିଵ 100,023 -0,251 4,346 1,374 100,014 100,031 1,889 

 (kurtosis(𝑘ௗ))ିଵ 100,022 -0,779 3,168 1,002 100,016 100,028 1,004 

 (𝐾ଶ)ିଵ 100,024 0,797 4,296 1,358 100,015 100,032 1,846 

10 1/𝑛 100,022 -1,204 2,197 0,695 100,017 100,026 0,483 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,022 -1,164 2,199 0,695 100,017 100,026 0,484 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,022 -0,748 2,198 0,695 100,018 100,026 0,483 

 (skewness(𝑠ௗ))ିଵ 100,023 -0,320 3,644 1,152 100,015 100,030 1,328 

 (kurtosis(𝑘ௗ))ିଵ 100,022 -1,376 2,197 0,695 100,017 100,026 0,483 

 (𝐾ଶ)ିଵ 100,025 1,954 3,535 1,118 100,018 100,032 1,250 

15 1/𝑛 100,022 -0,621 1,795 0,568 100,019 100,026 0,322 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,022 -0,612 1,796 0,568 100,019 100,026 0,323 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,023 -0,167 1,795 0,568 100,019 100,026 0,322 

 (skewness(𝑠ௗ))ିଵ 100,023 -0,182 3,426 1,083 100,016 100,029 1,174 

 (kurtosis(𝑘ௗ))ିଵ 100,022 -0,816 1,795 0,568 100,019 100,026 0,322 

 (𝐾ଶ)ିଵ 100,023 -0,181 3,179 1,005 100,017 100,029 1,010 

20 1/𝑛 100,023 -0,118 1,542 0,488 100,020 100,026 0,238 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,023 -0,109 1,544 0,488 100,020 100,026 0,238 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,023 0,351 1,543 0,488 100,020 100,026 0,238 

 (skewness(𝑠ௗ))ିଵ 100,024 1,020 3,296 1,042 100,017 100,030 1,087 

 (kurtosis(𝑘ௗ))ିଵ 100,023 -0,327 1,542 0,488 100,020 100,026 0,238 

 (𝐾ଶ)ିଵ 100,022 -0,553 3,010 0,952 100,016 100,028 0,906 

𝜽𝒄 = combined estimate, 𝜽𝒅 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝜽𝒄)=standard error of the  combined estimate,  
CV (𝜽𝒄) (%) = coefficient of variation, CI95%(𝜽𝒄)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 11: N=100 000  N(100,49) n=5000 𝜃 = 100.023 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଷ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,024 1,086 9,465 2,994 100,018 100,030 8,964 

2 1/𝑛 100,023 0,210 6,646 2,102 100,019 100,027 4,419 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,023 0,231 6,644 2,101 100,019 100,027 4,416 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,023 0,265 6,644 2,102 100,019 100,027 4,417 

 (skewness(𝑠ௗ))ିଵ 100,023 -0,277 7,583 2,399 100,018 100,027 5,753 

 (kurtosis(𝑘ௗ))ିଵ 100,023 0,191 6,649 2,103 100,019 100,027 4,423 

3 1/𝑛 100,024 0,904 5,434 1,719 100,020 100,027 2,955 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,024 0,923 5,433 1,719 100,020 100,027 2,954 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,024 0,975 5,433 1,719 100,021 100,027 2,954 

 (skewness(𝑠ௗ))ିଵ 100,024 0,949 6,893 2,180 100,020 100,028 4,754 

 (kurtosis(𝑘ௗ))ିଵ 100,024 0,803 5,434 1,719 100,020 100,027 2,955 

5 1/𝑛 100,024 0,815 4,232 1,339 100,021 100,026 1,793 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,024 0,856 4,232 1,339 100,021 100,026 1,793 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,024 0,910 4,232 1,339 100,021 100,026 1,793 

 (skewness(𝑠ௗ))ିଵ 100,025 1,572 6,090 1,926 100,021 100,028 3,714 

 (kurtosis(𝑘ௗ))ିଵ 100,024 0,764 4,237 1,340 100,021 100,026 1,797 

10 1/𝑛 100,023 0,185 2,994 0,947 100,021 100,025 0,897 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,023 0,176 2,996 0,948 100,021 100,025 0,898 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,023 0,265 2,995 0,947 100,021 100,025 0,897 

 (skewness(𝑠ௗ))ିଵ 100,021 -2,013 5,225 1,653 100,018 100,024 2,735 

 (kurtosis(𝑘ௗ))ିଵ 100,023 0,157 2,997 0,948 100,021 100,025 0,899 

15 1/𝑛 100,024 0,582 2,490 0,788 100,022 100,025 0,621 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,024 0,594 2,494 0,789 100,022 100,025 0,623 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,024 0,675 2,492 0,788 100,022 100,025 0,622 

 (skewness(𝑠ௗ))ିଵ 100,021 -1,623 4,748 1,502 100,018 100,024 2,258 

 (kurtosis(𝑘ௗ))ିଵ 100,023 0,543 2,492 0,788 100,022 100,025 0,621 

20 1/𝑛 100,023 -0,168 2,226 0,704 100,021 100,024 0,496 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,023 -0,153 2,229 0,705 100,021 100,024 0,497 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,023 -0,071 2,227 0,705 100,021 100,024 0,496 

 (skewness(𝑠ௗ))ିଵ 100,021 -1,547 4,680 1,480 100,018 100,024 2,193 

 (kurtosis(𝑘ௗ))ିଵ 100,023 -0,204 2,227 0,704 100,021 100,024 0,496 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Scenario 12: N=100 000  N(100,49) n=10000 𝜃 = 100.023 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଷ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,025 1,770 6,557 2,074 100,021 100,029 4,305 

2 1/𝑛 100,022 -0,704 4,690 1,483 100,019 100,025 2,201 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,022 -0,717 4,691 1,484 100,019 100,025 2,202 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,022 -0,689 4,691 1,484 100,019 100,025 2,202 

 (skewness(𝑠ௗ))ିଵ 100,023 -0,240 5,292 1,674 100,019 100,026 2,802 

 (kurtosis(𝑘ௗ))ିଵ 100,022 -0,702 4,689 1,483 100,019 100,025 2,200 

3 1/𝑛 100,022 -1,012 3,812 1,206 100,020 100,024 1,455 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,022 -1,004 3,811 1,205 100,020 100,024 1,454 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,022 -0,980 3,812 1,206 100,020 100,024 1,454 

 (skewness(𝑠ௗ))ିଵ 100,022 -0,539 4,651 1,471 100,020 100,025 2,164 

 (kurtosis(𝑘ௗ))ିଵ 100,022 -1,009 3,813 1,206 100,020 100,024 1,456 

5 1/𝑛 100,022 -0,580 2,927 0,926 100,021 100,024 0,857 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,022 -0,569 2,926 0,925 100,021 100,024 0,857 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,022 -0,540 2,926 0,926 100,021 100,024 0,857 

 (skewness(𝑠ௗ))ିଵ 100,023 0,216 4,141 1,310 100,021 100,026 1,716 

 (kurtosis(𝑘ௗ))ିଵ 100,022 -0,584 2,927 0,926 100,021 100,024 0,858 

1

0 
1/𝑛 

100,023 -0,201 2,098 0,664 100,021 100,024 0,440 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,023 -0,192 2,097 0,663 100,021 100,024 0,440 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,023 -0,157 2,097 0,663 100,021 100,024 0,440 

 (skewness(𝑠ௗ))ିଵ 100,024 0,983 3,548 1,122 100,022 100,026 1,261 

 (kurtosis(𝑘ௗ))ିଵ 100,023 -0,210 2,098 0,663 100,021 100,024 0,440 

1

5 
1/𝑛 

100,023 -0,280 1,719 0,544 100,022 100,024 0,296 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,023 -0,275 1,719 0,544 100,022 100,024 0,296 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,023 -0,236 1,719 0,544 100,022 100,024 0,296 

 (skewness(𝑠ௗ))ିଵ 100,024 1,338 3,371 1,066 100,022 100,026 1,139 

 (kurtosis(𝑘ௗ))ିଵ 100,023 -0,285 1,719 0,544 100,022 100,024 0,296 

2

0 
1/𝑛 

100,023 -0,216 1,487 0,470 100,022 100,024 0,221 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,023 -0,207 1,487 0,470 100,022 100,024 0,221 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,023 -0,170 1,487 0,470 100,022 100,024 0,221 

 (skewness(𝑠ௗ))ିଵ 100,025 1,954 3,158 0,999 100,023 100,027 1,002 

 (kurtosis(𝑘ௗ))ିଵ 100,023 -0,224 1,486 0,470 100,022 100,024 0,221 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Scenario 13: N=1 000 000  N(100,49) n=1000 𝜃 = 99.996 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,003 6,812 6,746 2,133 99,990 100,016 4,556 

2 1/𝑛 100,004 7,979 5,146 1,627 99,994 100,014 2,655 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,004 8,085 5,137 1,624 99,994 100,014 2,645 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,004 8,246 5,141 1,626 99,994 100,014 2,650 

 (skewness(𝑠ௗ))ିଵ 99,999 3,439 5,721 1,809 99,988 100,011 3,274 

 (kurtosis(𝑘ௗ))ିଵ 100,004 8,003 5,137 1,624 99,994 100,014 2,645 

 (𝐾ଶ)ିଵ 100,001 5,196 5,754 1,820 99,990 100,012 3,314 

3 1/𝑛 100,005 9,120 4,166 1,317 99,997 100,013 1,744 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,005 9,389 4,170 1,319 99,997 100,014 1,748 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,006 9,584 4,167 1,318 99,997 100,014 1,746 

 (skewness(𝑠ௗ))ିଵ 100,000 3,721 5,023 1,588 99,990 100,010 2,524 

 (kurtosis(𝑘ௗ))ିଵ 100,005 8,992 4,158 1,315 99,997 100,013 1,737 

 (𝐾ଶ)ିଵ 100,002 5,523 5,081 1,607 99,992 100,011 2,584 

5 1/𝑛 99,998 1,941 3,257 1,030 99,992 100,004 1,061 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 2,152 3,264 1,032 99,992 100,005 1,066 

 ൫𝐂𝐕(𝜽𝒅)൯
ି𝟏

 99,998 2,447 3,260 1,031 99,992 100,005 1,064 

 (skewness(𝑠ௗ))ିଵ 99,994 -1,770 4,567 1,444 99,985 100,003 2,086 

 (kurtosis(𝑘ௗ))ିଵ 99,998 1,734 3,258 1,030 99,991 100,004 1,062 

 (𝐾ଶ)ିଵ 99,992 -3,906 4,448 1,407 99,983 100,001 1,980 

10 1/𝑛 99,999 2,961 2,254 0,713 99,995 100,003 0,509 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 3,054 2,257 0,714 99,995 100,003 0,510 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 3,451 2,255 0,713 99,995 100,004 0,510 

 (skewness(𝑠ௗ))ିଵ 99,994 -2,426 3,832 1,212 99,986 100,001 1,469 

 (kurtosis(𝑘ௗ))ିଵ 99,999 2,896 2,252 0,712 99,994 100,003 0,508 

 (𝐾ଶ)ିଵ 99,992 -3,572 3,767 1,191 99,985 100,000 1,421 

15 1/𝑛 99,999 2,893 1,784 0,564 99,995 100,002 0,319 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 2,996 1,784 0,564 99,996 100,003 0,319 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 3,407 1,784 0,564 99,996 100,003 0,319 

 (skewness(𝑠ௗ))ିଵ 99,993 -3,351 3,384 1,070 99,986 99,999 1,146 

 (kurtosis(𝑘ௗ))ିଵ 99,999 2,718 1,785 0,565 99,995 100,002 0,319 

 (𝐾ଶ)ିଵ 99,996 -0,459 3,294 1,042 99,989 100,002 1,085 

20 1/𝑛 99,998 2,371 1,577 0,499 99,995 100,001 0,249 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 2,417 1,578 0,499 99,995 100,002 0,249 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 2,862 1,577 0,499 99,996 100,002 0,249 

 (skewness(𝑠ௗ))ିଵ 99,991 -4,691 3,362 1,063 99,985 99,998 1,132 

 (kurtosis(𝑘ௗ))ିଵ 99,998 2,252 1,576 0,498 99,995 100,001 0,249 

 (𝐾ଶ)ିଵ 99,996 0,340 3,024 0,956 99,990 100,002 0,914 

𝜽𝒄 = combined estimate, 𝜽𝒅 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝜽𝒄)=standard error of the  combined estimate,  
CV (𝜽𝒄) (%) = coefficient of variation, CI95%(𝜽𝒄)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 14 N=1 000 000  N(100,49) n=5000 𝜃 = 99.996 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଵ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,999 2,538 1,019 0,322 99,992 100,005 1,040 

2 1/𝑛 99,996 -0,290 0,723 0,229 99,991 100,000 0,522 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 -0,297 0,723 0,229 99,991 100,000 0,522 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 -0,244 0,723 0,229 99,991 100,000 0,522 

 (skewness(𝑠ௗ))ିଵ 99,996 -0,400 0,817 0,258 99,991 100,001 0,668 

 (kurtosis(𝑘ௗ))ିଵ 99,996 -0,301 0,723 0,229 99,991 100,000 0,523 

3 1/𝑛 99,996 0,150 0,584 0,185 99,993 100,000 0,341 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 0,120 0,584 0,185 99,993 100,000 0,341 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 0,203 0,584 0,185 99,993 100,000 0,341 

 (skewness(𝑠ௗ))ିଵ 99,997 0,511 0,717 0,227 99,992 100,001 0,514 

 (kurtosis(𝑘ௗ))ିଵ 99,996 0,178 0,585 0,185 99,993 100,000 0,342 

5 1/𝑛 99,997 0,707 0,433 0,137 99,994 99,999 0,188 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 0,704 0,433 0,137 99,994 99,999 0,188 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 0,784 0,433 0,137 99,994 99,999 0,188 

 (skewness(𝑠ௗ))ିଵ 99,997 1,196 0,617 0,195 99,993 100,001 0,381 

 (kurtosis(𝑘ௗ))ିଵ 99,997 0,725 0,434 0,137 99,994 99,999 0,188 

10 1/𝑛 99,996 -0,022 0,304 0,096 99,994 99,998 0,092 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 0,008 0,304 0,096 99,994 99,998 0,092 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 0,081 0,304 0,096 99,994 99,998 0,092 

 (skewness(𝑠ௗ))ିଵ 99,995 -0,889 0,518 0,164 99,992 99,998 0,268 

 (kurtosis(𝑘ௗ))ିଵ 99,996 -0,016 0,304 0,096 99,994 99,998 0,093 

15 1/𝑛 99,997 0,707 0,252 0,080 99,995 99,998 0,063 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 0,730 0,252 0,080 99,995 99,998 0,063 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 0,809 0,252 0,080 99,995 99,998 0,063 

 (skewness(𝑠ௗ))ିଵ 99,995 -0,537 0,478 0,151 99,993 99,998 0,228 

 (kurtosis(𝑘ௗ))ିଵ 99,997 0,709 0,252 0,080 99,995 99,998 0,064 

20 1/𝑛 99,997 0,584 0,214 0,068 99,995 99,998 0,046 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 0,607 0,214 0,068 99,995 99,998 0,046 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 0,687 0,214 0,068 99,995 99,998 0,046 

 (skewness(𝑠ௗ))ିଵ 99,996 0,019 0,463 0,147 99,993 99,999 0,215 

 (kurtosis(𝑘ௗ))ିଵ 99,997 0,586 0,215 0,068 99,995 99,998 0,046 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Scenario 15: N=1 000 000  N(100,49) n=10000 𝜃 = 99.996 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,993 -3,388 2,204 6,970 99,988 99,997 4,868 

2 1/𝑛 99,995 -1,288 1,598 5,053 99,992 99,998 2,554 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,995 -1,273 1,598 5,054 99,992 99,998 2,556 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,995 -1,255 1,598 5,053 99,992 99,998 2,555 

 (skewness(𝑠ௗ))ିଵ 99,995 -1,028 1,747 5,524 99,992 99,998 3,053 

 (kurtosis(𝑘ௗ))ିଵ 99,995 -1,276 1,598 5,055 99,992 99,998 2,556 

3 1/𝑛 99,996 -0,482 1,285 4,063 99,993 99,998 1,651 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 -0,458 1,285 4,063 99,993 99,998 1,651 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 -0,437 1,285 4,063 99,993 99,998 1,651 

 (skewness(𝑠ௗ))ିଵ 99,995 -1,375 1,523 4,816 99,992 99,998 2,321 

 (kurtosis(𝑘ௗ))ିଵ 99,996 -0,454 1,285 4,063 99,993 99,998 1,651 

5 1/𝑛 99,996 0,231 1,007 3,186 99,994 99,998 1,015 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 0,252 1,007 3,184 99,994 99,998 1,014 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 0,280 1,007 3,185 99,994 99,998 1,014 

 (skewness(𝑠ௗ))ିଵ 99,995 -0,535 1,366 4,319 99,993 99,998 1,866 

 (kurtosis(𝑘ௗ))ିଵ 99,996 0,240 1,007 3,185 99,994 99,998 1,014 

10 1/𝑛 99,996 0,051 0,689 2,177 99,995 99,997 0,474 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 0,056 0,688 2,177 99,995 99,997 0,474 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 0,097 0,688 2,177 99,995 99,997 0,474 

 (skewness(𝑠ௗ))ିଵ 99,995 -0,573 1,166 3,686 99,993 99,998 1,359 

 (kurtosis(𝑘ௗ))ିଵ 99,996 0,065 0,688 2,177 99,995 99,997 0,474 

15 1/𝑛 99,996 0,272 0,565 1,786 99,995 99,997 0,319 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 0,277 0,564 1,785 99,995 99,997 0,319 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 0,319 0,565 1,785 99,995 99,997 0,319 

 (skewness(𝑠ௗ))ିଵ 99,996 0,089 1,127 3,565 99,994 99,998 1,271 

 (kurtosis(𝑘ௗ))ିଵ 99,996 0,281 0,565 1,786 99,995 99,997 0,319 

20 1/𝑛 99,996 0,146 0,495 1,565 99,995 99,997 0,245 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 0,150 0,495 1,564 99,995 99,997 0,245 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 0,194 0,495 1,564 99,995 99,997 0,245 

 (skewness(𝑠ௗ))ିଵ 99,996 -0,335 1,085 3,431 99,994 99,998 1,177 

 (kurtosis(𝑘ௗ))ିଵ 99,996 0,155 0,495 1,565 99,995 99,997 0,245 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Scenario 16: N=5 000 000  N(100,49) n=1000 𝜃 = 100.003 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,016 1,349 7,203 2,277 100,002 100,030 5,207 

2 1/𝑛 100,006 0,329 5,080 1,606 99,996 100,016 2,581 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,006 0,341 5,093 1,610 99,996 100,016 2,595 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,006 0,329 5,080 1,606 99,996 100,016 2,581 

 (skewness(𝑠ௗ))ିଵ 100,006 0,361 5,086 1,608 99,996 100,016 2,588 

 (kurtosis(𝑘ௗ))ିଵ 100,010 0,705 5,827 1,842 99,998 100,021 3,400 

 (𝐾ଶ)ିଵ 100,006 0,333 5,075 1,605 99,996 100,016 2,576 

3 1/𝑛 100,009 0,629 5,858 1,852 99,998 100,021 3,436 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,007 0,453 4,150 1,312 99,999 100,015 1,724 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,007 0,452 4,157 1,315 99,999 100,015 1,730 

 (skewness(𝑠ௗ))ିଵ 100,007 0,453 4,150 1,312 99,999 100,015 1,724 

 (kurtosis(𝑘ௗ))ିଵ 100,008 0,487 4,153 1,313 99,999 100,016 1,727 

 (𝐾ଶ)ିଵ 100,005 0,269 5,168 1,634 99,995 100,016 2,672 

5 1/𝑛 100,007 0,460 4,147 1,311 99,999 100,015 1,722 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,008 0,531 5,186 1,640 99,998 100,018 2,693 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,008 0,534 3,163 1,000 100,002 100,014 1,003 

 (skewness(𝑠ௗ))ିଵ 100,008 0,547 3,166 1,001 100,002 100,014 1,005 

 (kurtosis(𝑘ௗ))ିଵ 100,008 0,534 3,163 1,000 100,002 100,014 1,003 

 (𝐾ଶ)ିଵ 100,009 0,581 3,164 1,000 100,002 100,015 1,004 

10 1/𝑛 100,004 0,169 4,642 1,468 99,995 100,014 2,155 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,008 0,540 3,165 1,001 100,002 100,014 1,005 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,006 0,277 4,537 1,435 99,997 100,014 2,059 

 (skewness(𝑠ௗ))ିଵ 100,004 0,131 2,178 0,689 100,000 100,008 0,474 

 (kurtosis(𝑘ௗ))ିଵ 100,004 0,132 2,181 0,690 100,000 100,008 0,476 

 (𝐾ଶ)ିଵ 100,004 0,131 2,178 0,689 100,000 100,008 0,474 

15 1/𝑛 100,005 0,178 2,179 0,689 100,000 100,009 0,475 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,006 0,348 3,878 1,226 99,999 100,014 1,505 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,004 0,147 2,179 0,689 100,000 100,008 0,475 

 (skewness(𝑠ௗ))ିଵ 100,005 0,274 3,790 1,198 99,998 100,013 1,437 

 (kurtosis(𝑘ௗ))ିଵ 100,003 -0,022 1,793 0,567 99,999 100,006 0,322 

 (𝐾ଶ)ିଵ 100,003 -0,014 1,796 0,568 99,999 100,006 0,322 

20 1/𝑛 100,003 -0,022 1,793 0,567 99,999 100,006 0,322 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 0,030 1,794 0,567 100,000 100,007 0,322 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,004 0,134 3,711 1,173 99,997 100,011 1,377 

 (skewness(𝑠ௗ))ିଵ 100,003 -0,016 1,795 0,568 99,999 100,006 0,322 

 (kurtosis(𝑘ௗ))ିଵ 100,003 -0,022 3,449 1,091 99,996 100,009 1,190 

 (𝐾ଶ)ିଵ 100,003 -0,022 1,602 0,506 99,999 100,006 0,256 

𝜽𝒄 = combined estimate, 𝜽𝒅 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝜽𝒄)=standard error of the  combined estimate,  
CV (𝜽𝒄) (%) = coefficient of variation, CI95%(𝜽𝒄)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 17 N=5 000 000  N(100,49) n=5000 𝜃 = 100.003 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଷ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,002 -1,194 9,895 3,129 99,995 100,008 9,793 

2 1/𝑛 100,001 -1,752 6,992 2,211 99,997 100,005 4,892 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -1,730 6,992 2,211 99,997 100,005 4,891 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -1,689 6,992 2,211 99,997 100,005 4,891 

 (skewness(𝑠ௗ))ିଵ 100,000 -2,437 7,857 2,485 99,995 100,005 6,180 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -1,748 6,993 2,211 99,997 100,005 4,893 

3 1/𝑛 100,000 -2,996 5,751 1,819 99,996 100,003 3,316 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 -2,974 5,750 1,818 99,996 100,003 3,316 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 -2,919 5,751 1,819 99,996 100,003 3,315 

 (skewness(𝑠ௗ))ିଵ 99,999 -3,674 6,965 2,202 99,995 100,003 4,864 

 (kurtosis(𝑘ௗ))ିଵ 100,000 -2,982 5,749 1,818 99,996 100,003 3,314 

5 1/𝑛 100,002 -0,879 4,488 1,419 99,999 100,005 2,015 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,002 -0,841 4,487 1,419 99,999 100,005 2,014 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,002 -0,782 4,487 1,419 99,999 100,005 2,014 

 (skewness(𝑠ௗ))ିଵ 100,001 -2,020 6,206 1,963 99,997 100,005 3,855 

 (kurtosis(𝑘ௗ))ିଵ 100,002 -0,898 4,487 1,419 99,999 100,005 2,014 

10 1/𝑛 100,000 -2,463 3,247 1,027 99,998 100,002 1,061 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 -2,433 3,247 1,027 99,998 100,002 1,060 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 -2,361 3,247 1,027 99,998 100,002 1,060 

 (skewness(𝑠ௗ))ିଵ 100,000 -3,135 5,349 1,692 99,996 100,003 2,871 

 (kurtosis(𝑘ௗ))ିଵ 100,000 -2,468 3,245 1,026 99,998 100,002 1,059 

15 1/𝑛 100,001 -1,665 2,620 0,829 99,999 100,003 0,689 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -1,629 2,618 0,828 100,000 100,003 0,688 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -1,556 2,619 0,828 100,000 100,003 0,688 

 (skewness(𝑠ௗ))ିଵ 100,000 -3,143 4,928 1,558 99,997 100,003 2,438 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -1,676 2,619 0,828 99,999 100,003 0,689 

20 1/𝑛 100,001 -1,689 2,250 0,711 100,000 100,002 0,509 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -1,664 2,248 0,711 100,000 100,002 0,508 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -1,584 2,248 0,711 100,000 100,003 0,508 

 (skewness(𝑠ௗ))ିଵ 100,000 -2,906 4,654 1,472 99,997 100,003 2,174 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -1,708 2,249 0,711 100,000 100,002 0,509 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Scenario 18: N=5 000 000  N(100,49) n=10000 𝜃 = 100.003 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଷ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,004 0,782 7,148 2,261 99,999 100,008 5,111 

2 1/𝑛 100,001 -1,660 5,040 1,594 99,998 100,004 2,543 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -1,644 5,037 1,593 99,998 100,004 2,540 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -1,628 5,038 1,593 99,998 100,004 2,541 

 (skewness(𝑠ௗ))ିଵ 100,002 -0,772 5,538 1,751 99,999 100,005 3,068 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -1,644 5,036 1,593 99,998 100,004 2,539 

3 1/𝑛 100,001 -1,749 4,088 1,293 99,998 100,004 1,674 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -1,749 4,086 1,292 99,998 100,004 1,673 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -1,715 4,087 1,292 99,999 100,004 1,673 

 (skewness(𝑠ௗ))ିଵ 100,002 -1,012 4,950 1,565 99,999 100,005 2,451 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -1,745 4,084 1,292 99,998 100,004 1,671 

5 1/𝑛 100,001 -1,692 3,126 0,989 99,999 100,003 0,980 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -1,696 3,127 0,989 99,999 100,003 0,981 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -1,654 3,126 0,989 99,999 100,003 0,980 

 (skewness(𝑠ௗ))ିଵ 100,003 -0,242 4,420 1,398 100,000 100,005 1,954 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -1,707 3,125 0,988 99,999 100,003 0,980 

10 1/𝑛 100,002 -0,549 2,241 0,709 100,001 100,004 0,503 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,002 -0,551 2,241 0,709 100,001 100,004 0,503 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,002 -0,506 2,241 0,709 100,001 100,004 0,502 

 (skewness(𝑠ௗ))ିଵ 100,002 -0,285 3,721 1,177 100,000 100,005 1,384 

 (kurtosis(𝑘ௗ))ିଵ 100,002 -0,569 2,241 0,709 100,001 100,004 0,503 

15 1/𝑛 100,003 -0,164 1,838 0,581 100,001 100,004 0,338 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 -0,162 1,838 0,581 100,001 100,004 0,338 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,003 -0,117 1,838 0,581 100,002 100,004 0,338 

 (skewness(𝑠ௗ))ିଵ 100,003 0,428 3,455 1,093 100,001 100,005 1,194 

 (kurtosis(𝑘ௗ))ିଵ 100,003 -0,180 1,838 0,581 100,001 100,004 0,338 

20 1/𝑛 100,003 0,119 1,552 0,491 100,002 100,004 0,241 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 0,120 1,553 0,491 100,002 100,004 0,241 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,003 0,166 1,552 0,491 100,002 100,004 0,241 

 (skewness(𝑠ௗ))ିଵ 100,004 1,136 3,323 1,051 100,002 100,006 1,105 

 (kurtosis(𝑘ௗ))ିଵ 100,003 0,105 1,552 0,491 100,002 100,004 0,241 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Scenario 19: N=100 000  N(100,81) n=1000 𝜃 = 100.03 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,035 5,696 9,035 2,856 100,017 100,053 8,166 

2 1/𝑛 100,031 1,740 6,223 1,967 100,019 100,043 3,873 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,031 1,732 6,214 1,965 100,019 100,043 3,862 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,032 2,153 6,217 1,965 100,019 100,044 3,866 

 (skewness(𝑠ௗ))ିଵ 100,033 3,136 7,151 2,260 100,019 100,047 5,114 

 (kurtosis(𝑘ௗ))ିଵ 100,031 1,314 6,241 1,973 100,019 100,043 3,895 

 (𝐾ଶ)ିଵ 100,032 2,420 7,109 2,247 100,018 100,046 5,055 

3 1/𝑛 100,033 3,120 5,174 1,636 100,022 100,043 2,678 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,033 3,127 5,184 1,639 100,022 100,043 2,688 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,033 3,669 5,178 1,637 100,023 100,043 2,682 

 (skewness(𝑠ௗ))ିଵ 100,035 5,258 6,317 1,997 100,022 100,047 3,994 

 (kurtosis(𝑘ௗ))ିଵ 100,032 2,828 5,187 1,640 100,022 100,042 2,692 

 (𝐾ଶ)ିଵ 100,036 6,665 6,388 2,019 100,024 100,049 4,085 

5 1/𝑛 100,029 -0,765 4,071 1,287 100,021 100,037 1,657 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,029 -0,609 4,074 1,288 100,021 100,037 1,660 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,029 -0,039 4,072 1,287 100,021 100,037 1,658 

 (skewness(𝑠ௗ))ିଵ 100,029 -0,323 5,588 1,767 100,018 100,040 3,123 

 (kurtosis(𝑘ௗ))ିଵ 100,028 -1,002 4,074 1,288 100,021 100,036 1,659 

 (𝐾ଶ)ିଵ 100,031 1,024 5,523 1,746 100,020 100,041 3,051 

10 1/𝑛 100,028 -1,548 2,825 0,893 100,022 100,033 0,798 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,028 -1,496 2,827 0,894 100,022 100,034 0,800 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,029 -0,801 2,826 0,893 100,023 100,034 0,799 

 (skewness(𝑠ௗ))ିଵ 100,029 -0,412 4,686 1,481 100,020 100,038 2,196 

 (kurtosis(𝑘ௗ))ିଵ 100,028 -1,769 2,825 0,893 100,022 100,033 0,798 

 (𝐾ଶ)ିଵ 100,032 2,511 4,545 1,437 100,023 100,041 2,067 

15 1/𝑛 100,029 -0,798 2,308 0,730 100,024 100,033 0,533 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,029 -0,786 2,309 0,730 100,024 100,033 0,533 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,029 -0,049 2,308 0,730 100,025 100,034 0,533 

 (skewness(𝑠ௗ))ିଵ 100,029 -0,234 4,405 1,393 100,021 100,038 1,941 

 (kurtosis(𝑘ௗ))ିଵ 100,028 -1,049 2,308 0,730 100,024 100,033 0,533 

 (𝐾ଶ)ିଵ 100,029 -0,232 4,087 1,292 100,021 100,037 1,670 

20 1/𝑛 100,029 -0,152 1,983 0,627 100,025 100,033 0,393 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,029 -0,140 1,985 0,628 100,025 100,033 0,394 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,030 0,622 1,984 0,627 100,026 100,034 0,394 

 (skewness(𝑠ௗ))ିଵ 100,031 1,312 4,238 1,340 100,022 100,039 1,796 

 (kurtosis(𝑘ௗ))ିଵ 100,029 -0,421 1,983 0,627 100,025 100,033 0,393 

 (𝐾ଶ)ିଵ 100,029 -0,712 3,870 1,224 100,021 100,036 1,498 

𝜽𝒄 = combined estimate, 𝜽𝒅 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝜽𝒄)=standard error of the  combined estimate,  
CV (𝜽𝒄) (%) = coefficient of variation, CI95%(𝜽𝒄)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 20: N=100 000  N(100,81) n=5000 𝜃 = 100.03 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଵ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,031 1,396 1,217 3,849 100,023 100,038 1,482 

2 1/𝑛 100,030 0,270 0,854 2,703 100,024 100,035 0,730 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,030 0,297 0,854 2,702 100,024 100,035 0,730 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,030 0,357 0,854 2,702 100,025 100,035 0,730 

 (skewness(𝑠ௗ))ିଵ 100,029 -0,356 0,975 3,084 100,023 100,035 0,951 

 (kurtosis(𝑘ௗ))ିଵ 100,030 0,245 0,855 2,704 100,024 100,035 0,731 

3 1/𝑛 100,031 1,162 0,699 2,210 100,026 100,035 0,489 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,031 1,187 0,699 2,210 100,026 100,035 0,488 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,031 1,276 0,698 2,210 100,026 100,035 0,488 

 (skewness(𝑠ௗ))ିଵ 100,031 1,220 0,886 2,803 100,025 100,036 0,786 

 (kurtosis(𝑘ௗ))ିଵ 100,031 1,033 0,699 2,210 100,026 100,035 0,489 

5 1/𝑛 100,031 1,047 0,544 1,721 100,027 100,034 0,296 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,031 1,100 0,544 1,721 100,027 100,034 0,296 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,031 1,198 0,544 1,721 100,027 100,034 0,296 

 (skewness(𝑠ௗ))ିଵ 100,032 2,021 0,783 2,477 100,027 100,036 0,614 

 (kurtosis(𝑘ௗ))ିଵ 100,030 0,982 0,545 1,723 100,027 100,034 0,297 

10 1/𝑛 100,030 0,238 0,385 1,218 100,027 100,032 0,148 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,030 0,227 0,385 1,218 100,027 100,032 0,148 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,030 0,372 0,385 1,218 100,027 100,032 0,148 

 (skewness(𝑠ௗ))ିଵ 100,027 -2,587 0,672 2,125 100,023 100,031 0,452 

 (kurtosis(𝑘ௗ))ିଵ 100,030 0,202 0,385 1,219 100,027 100,032 0,149 

15 1/𝑛 100,030 0,749 0,320 1,013 100,028 100,032 0,103 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,030 0,764 0,321 1,014 100,028 100,032 0,103 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,030 0,900 0,320 1,013 100,028 100,032 0,103 

 (skewness(𝑠ௗ))ିଵ 100,027 -2,087 0,610 1,931 100,024 100,031 0,373 

 (kurtosis(𝑘ௗ))ିଵ 100,030 0,698 0,320 1,013 100,028 100,032 0,103 

20 1/𝑛 100,029 -0,216 0,286 0,905 100,027 100,031 0,082 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,029 -0,196 0,287 0,906 100,028 100,031 0,082 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,029 -0,059 0,286 0,906 100,028 100,031 0,082 

 (skewness(𝑠ௗ))ିଵ 100,028 -1,988 0,602 1,903 100,024 100,031 0,363 

 (kurtosis(𝑘ௗ))ିଵ 100,029 -0,262 0,286 0,906 100,027 100,031 0,082 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
 
  



 
 

219 
 

Scenario 21: N=100 000  N(10,81) n=5000 𝜃 = 100.03 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,032 2,276 8,430 2,667 100,027 100,037 0,712 

2 1/𝑛 100,029 -0,905 6,030 1,907 100,025 100,032 0,364 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,029 -0,921 6,031 1,908 100,025 100,032 0,364 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,029 -0,877 6,030 1,908 100,025 100,032 0,364 

 (skewness(𝑠ௗ))ିଵ 100,029 -0,308 6,804 2,152 100,025 100,033 0,463 

 (kurtosis(𝑘ௗ))ିଵ 100,029 -0,902 6,028 1,907 100,025 100,032 0,364 

3 1/𝑛 100,028 -1,301 4,901 1,550 100,025 100,031 0,241 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,028 -1,291 4,900 1,550 100,025 100,031 0,240 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,028 -1,249 4,900 1,550 100,025 100,031 0,240 

 (skewness(𝑠ௗ))ିଵ 100,029 -0,693 5,979 1,891 100,025 100,033 0,358 

 (kurtosis(𝑘ௗ))ିଵ 100,028 -1,297 4,903 1,551 100,025 100,031 0,241 

5 1/𝑛 100,029 -0,746 3,763 1,190 100,026 100,031 0,142 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,029 -0,732 3,762 1,190 100,026 100,031 0,142 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,029 -0,681 3,762 1,190 100,026 100,031 0,142 

 (skewness(𝑠ௗ))ିଵ 100,030 0,278 5,324 1,684 100,026 100,033 0,284 

 (kurtosis(𝑘ௗ))ିଵ 100,029 -0,751 3,764 1,191 100,026 100,031 0,142 

10 1/𝑛 100,029 -0,259 2,697 0,853 100,028 100,031 0,073 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,029 -0,247 2,696 0,853 100,028 100,031 0,073 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,029 -0,187 2,696 0,853 100,028 100,031 0,073 

 (skewness(𝑠ௗ))ିଵ 100,031 1,264 4,562 1,443 100,028 100,034 0,208 

 (kurtosis(𝑘ௗ))ିଵ 100,029 -0,270 2,697 0,853 100,028 100,031 0,073 

15 1/𝑛 100,029 -0,360 2,210 0,699 100,028 100,031 0,049 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,029 -0,354 2,210 0,699 100,028 100,031 0,049 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,029 -0,288 2,210 0,699 100,028 100,031 0,049 

 (skewness(𝑠ௗ))ିଵ 100,031 1,720 4,334 1,371 100,029 100,034 0,188 

 (kurtosis(𝑘ௗ))ିଵ 100,029 -0,366 2,210 0,699 100,028 100,030 0,049 

20 1/𝑛 100,029 -0,278 1,911 0,605 100,028 100,030 0,037 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,029 -0,266 1,911 0,605 100,028 100,030 0,037 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,029 -0,203 1,911 0,605 100,028 100,030 0,037 

 (skewness(𝑠ௗ))ିଵ 100,032 2,512 4,060 1,284 100,029 100,035 0,166 

 (kurtosis(𝑘ௗ))ିଵ 100,029 -0,288 1,911 0,604 100,028 100,030 0,037 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Scenario 22: N=1 000 000  N(100,81) n=1000 𝜃 = 99.995 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,004 0,876 8,674 2,743 99,987 100,021 7,531 

2 1/𝑛 100,005 1,026 6,617 2,092 99,992 100,018 4,389 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,005 1,040 6,604 2,088 99,992 100,018 4,372 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,006 1,068 6,610 2,090 99,993 100,019 4,380 

 (skewness(𝑠ௗ))ିଵ 99,999 0,442 7,356 2,326 99,985 100,014 5,412 

 (kurtosis(𝑘ௗ))ିଵ 100,005 1,029 6,604 2,088 99,992 100,018 4,372 

 (𝐾ଶ)ିଵ 100,002 0,668 7,398 2,339 99,987 100,016 5,478 

3 1/𝑛 100,007 1,173 5,356 1,694 99,996 100,017 2,883 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,007 1,207 5,361 1,695 99,996 100,017 2,889 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,007 1,244 5,358 1,694 99,997 100,018 2,886 

 (skewness(𝑠ௗ))ିଵ 100,000 0,478 6,458 2,042 99,987 100,012 4,173 

 (kurtosis(𝑘ௗ))ିଵ 100,006 1,156 5,347 1,691 99,996 100,017 2,872 

 (𝐾ଶ)ିଵ 100,002 0,710 6,532 2,066 99,989 100,015 4,272 

5 1/𝑛 99,997 0,250 4,188 1,324 99,989 100,006 1,754 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 0,277 4,197 1,327 99,989 100,006 1,762 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 0,329 4,192 1,326 99,990 100,006 1,758 

 (skewness(𝑠ௗ))ିଵ 99,993 -0,228 5,872 1,857 99,981 100,004 3,449 

 (kurtosis(𝑘ௗ))ିଵ 99,997 0,223 4,189 1,325 99,989 100,005 1,755 

 (𝐾ଶ)ିଵ 99,990 -0,502 5,719 1,809 99,979 100,001 3,274 

10 1/𝑛 99,999 0,381 2,898 0,917 99,993 100,004 0,841 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,393 2,901 0,918 99,993 100,004 0,843 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,460 2,900 0,917 99,994 100,005 0,843 

 (skewness(𝑠ௗ))ିଵ 99,992 -0,312 4,926 1,558 99,982 100,001 2,428 

 (kurtosis(𝑘ௗ))ିଵ 99,999 0,372 2,895 0,916 99,993 100,004 0,840 

 (𝐾ଶ)ିଵ 99,990 -0,459 4,844 1,532 99,981 100,000 2,348 

15 1/𝑛 99,999 0,372 2,294 0,725 99,994 100,003 0,528 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,385 2,293 0,725 99,994 100,003 0,527 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,455 2,293 0,725 99,995 100,004 0,528 

 (skewness(𝑠ௗ))ିଵ 99,991 -0,431 4,351 1,376 99,982 99,999 1,895 

 (kurtosis(𝑘ௗ))ିଵ 99,998 0,349 2,295 0,726 99,994 100,003 0,528 

 (𝐾ଶ)ିଵ 99,994 -0,059 4,235 1,339 99,986 100,003 1,793 

20 1/𝑛 99,998 0,305 2,027 0,641 99,994 100,002 0,412 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 0,311 2,028 0,641 99,994 100,002 0,412 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,385 2,027 0,641 99,995 100,003 0,412 

 (skewness(𝑠ௗ))ିଵ 99,989 -0,603 4,322 1,367 99,980 99,997 1,872 

 (kurtosis(𝑘ௗ))ିଵ 99,998 0,290 2,026 0,641 99,994 100,002 0,411 

 (𝐾ଶ)ିଵ 99,995 0,044 3,888 1,229 99,988 100,003 1,511 

𝜽𝒄 = combined estimate, 𝜽𝒅 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝜽𝒄)=standard error of the  combined estimate,  
CV (𝜽𝒄) (%) = coefficient of variation, CI95%(𝜽𝒄)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 23 N=1 000 000  N(100,81) n=5000 𝜃 = 99.995 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଵ 

CV(𝜃) (%) 

× 10ିଷ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,998 3,264 1,310 4,144 99,990 100,006 1,718 

2 1/𝑛 99,995 -0,372 0,929 2,938 99,989 100,000 0,863 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,994 -0,382 0,929 2,938 99,989 100,000 0,863 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,995 -0,296 0,929 2,938 99,989 100,000 0,863 

 (skewness(𝑠ௗ))ିଵ 99,994 -0,514 1,051 3,322 99,988 100,001 1,104 

 (kurtosis(𝑘ௗ))ିଵ 99,994 -0,388 0,930 2,939 99,989 100,000 0,864 

3 1/𝑛 99,995 0,192 0,751 2,373 99,990 100,000 0,563 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,995 0,155 0,751 2,373 99,990 100,000 0,563 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,995 0,287 0,750 2,373 99,991 100,000 0,563 

 (skewness(𝑠ௗ))ିଵ 99,996 0,657 0,922 2,915 99,990 100,001 0,849 

 (kurtosis(𝑘ௗ))ିଵ 99,995 0,229 0,752 2,377 99,990 100,000 0,565 

5 1/𝑛 99,996 0,909 0,557 1,762 99,992 99,999 0,311 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 0,905 0,557 1,762 99,992 99,999 0,310 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 1,037 0,557 1,762 99,992 99,999 0,310 

 (skewness(𝑠ௗ))ିଵ 99,996 1,537 0,793 2,508 99,991 100,001 0,629 

 (kurtosis(𝑘ௗ))ିଵ 99,996 0,932 0,558 1,764 99,992 99,999 0,311 

10 1/𝑛 99,995 -0,028 0,391 1,235 99,992 99,997 0,153 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,995 0,011 0,391 1,236 99,992 99,997 0,153 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,995 0,136 0,391 1,236 99,993 99,997 0,153 

 (skewness(𝑠ௗ))ିଵ 99,994 -1,143 0,666 2,105 99,990 99,998 0,443 

 (kurtosis(𝑘ௗ))ିଵ 99,995 -0,021 0,391 1,237 99,992 99,997 0,153 

15 1/𝑛 99,996 0,909 0,323 1,023 99,994 99,998 0,105 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 0,939 0,323 1,023 99,994 99,998 0,105 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 1,073 0,323 1,023 99,994 99,998 0,105 

 (skewness(𝑠ௗ))ିଵ 99,994 -0,690 0,614 1,942 99,990 99,998 0,377 

 (kurtosis(𝑘ௗ))ିଵ 99,996 0,912 0,324 1,024 99,994 99,998 0,105 

20 1/𝑛 99,996 0,750 0,276 0,872 99,994 99,997 0,076 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 0,780 0,275 0,871 99,994 99,997 0,076 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 0,917 0,276 0,871 99,994 99,997 0,076 

 (skewness(𝑠ௗ))ିଵ 99,995 0,024 0,596 1,884 99,991 99,999 0,355 

 (kurtosis(𝑘ௗ))ିଵ 99,996 0,753 0,276 0,873 99,994 99,997 0,076 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Scenario 24: N=1 000 000  N(100,81) n=10000 𝜃 = 99.995 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,991 -4,356 2,833 8,961 99,985 99,996 8,048 

2 1/𝑛 99,993 -1,656 2,054 6,497 99,989 99,997 4,223 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,993 -1,636 2,055 6,498 99,989 99,997 4,225 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,993 -1,605 2,054 6,497 99,989 99,997 4,224 

 (skewness(𝑠ௗ))ିଵ 99,994 -1,321 2,246 7,103 99,989 99,998 5,046 

 (kurtosis(𝑘ௗ))ିଵ 99,993 -1,641 2,055 6,499 99,989 99,997 4,226 

3 1/𝑛 99,994 -0,620 1,652 5,224 99,991 99,997 2,729 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,994 -0,589 1,652 5,224 99,991 99,998 2,729 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,994 -0,550 1,652 5,224 99,991 99,998 2,729 

 (skewness(𝑠ௗ))ିଵ 99,993 -1,768 1,958 6,193 99,989 99,997 3,837 

 (kurtosis(𝑘ௗ))ିଵ 99,994 -0,583 1,652 5,225 99,991 99,998 2,730 

5 1/𝑛 99,995 0,297 1,295 4,096 99,993 99,998 1,678 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,995 0,324 1,295 4,094 99,993 99,998 1,676 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,995 0,374 1,295 4,095 99,993 99,998 1,677 

 (skewness(𝑠ௗ))ିଵ 99,994 -0,687 1,756 5,553 99,991 99,998 3,084 

 (kurtosis(𝑘ௗ))ିଵ 99,995 0,309 1,295 4,095 99,993 99,998 1,677 

10 1/𝑛 99,995 0,066 0,885 2,800 99,993 99,997 0,784 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,995 0,072 0,885 2,799 99,993 99,997 0,783 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,995 0,140 0,885 2,799 99,993 99,997 0,783 

 (skewness(𝑠ௗ))ିଵ 99,994 -0,737 1,499 4,740 99,991 99,997 2,247 

 (kurtosis(𝑘ௗ))ିଵ 99,995 0,083 0,885 2,799 99,993 99,997 0,784 

15 1/𝑛 99,995 0,349 0,726 2,296 99,994 99,997 0,527 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,995 0,356 0,726 2,295 99,994 99,997 0,527 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,995 0,427 0,726 2,295 99,994 99,997 0,527 

 (skewness(𝑠ௗ))ିଵ 99,995 0,115 1,449 4,584 99,992 99,998 2,101 

 (kurtosis(𝑘ௗ))ିଵ 99,995 0,362 0,726 2,296 99,994 99,997 0,527 

20 1/𝑛 99,995 0,188 0,636 2,012 99,994 99,996 0,405 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,995 0,192 0,636 2,011 99,994 99,996 0,404 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,995 0,267 0,636 2,011 99,994 99,996 0,404 

 (skewness(𝑠ௗ))ିଵ 99,994 -0,431 1,395 4,412 99,992 99,997 1,946 

 (kurtosis(𝑘ௗ))ିଵ 99,995 0,199 0,636 2,013 99,994 99,996 0,405 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Scenario 25: N=5 000 000  N(100,81) n=1000 𝜃 = 100.004 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) (%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,021 1,735 9,261 2,928 100,003 100,039 8,607 

2 1/𝑛 100,008 0,423 6,531 2,065 99,995 100,021 4,267 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,008 0,438 6,548 2,071 99,995 100,021 4,290 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,008 0,473 6,539 2,068 99,995 100,021 4,279 

 (skewness(𝑠ௗ))ିଵ 100,013 0,906 7,492 2,369 99,998 100,027 5,621 

 (kurtosis(𝑘ௗ))ିଵ 100,008 0,428 6,525 2,063 99,995 100,021 4,259 

 (𝐾ଶ)ିଵ 100,012 0,809 7,532 2,382 99,997 100,026 5,680 

3 1/𝑛 100,009 0,582 5,335 1,687 99,999 100,020 2,850 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,009 0,581 5,345 1,690 99,999 100,020 2,860 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,010 0,639 5,340 1,689 99,999 100,020 2,856 

 (skewness(𝑠ௗ))ିଵ 100,007 0,345 6,645 2,101 99,994 100,020 4,417 

 (kurtosis(𝑘ௗ))ିଵ 100,009 0,592 5,332 1,686 99,999 100,020 2,847 

 (𝐾ଶ)ିଵ 100,010 0,683 6,668 2,108 99,997 100,023 4,451 

5 1/𝑛 100,010 0,687 4,066 1,286 100,002 100,018 1,658 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,011 0,704 4,071 1,287 100,003 100,019 1,662 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,011 0,762 4,068 1,286 100,003 100,019 1,660 

 (skewness(𝑠ௗ))ିଵ 100,006 0,217 5,968 1,887 99,994 100,017 3,563 

 (kurtosis(𝑘ௗ))ିଵ 100,010 0,695 4,069 1,287 100,003 100,018 1,661 

 (𝐾ଶ)ିଵ 100,007 0,356 5,833 1,845 99,996 100,019 3,404 

10 1/𝑛 100,005 0,168 2,800 0,885 100,000 100,011 0,784 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,005 0,170 2,804 0,887 100,000 100,011 0,787 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,006 0,245 2,802 0,886 100,001 100,011 0,786 

 (skewness(𝑠ௗ))ିଵ 100,008 0,448 4,986 1,577 99,998 100,018 2,488 

 (kurtosis(𝑘ௗ))ିଵ 100,005 0,189 2,802 0,886 100,000 100,011 0,785 

 (𝐾ଶ)ିଵ 100,007 0,352 4,873 1,541 99,998 100,017 2,376 

15 1/𝑛 100,003 -0,028 2,305 0,729 99,999 100,008 0,531 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 -0,018 2,309 0,730 99,999 100,008 0,533 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,004 0,055 2,307 0,729 100,000 100,009 0,532 

 (skewness(𝑠ௗ))ିଵ 100,005 0,172 4,771 1,509 99,996 100,015 2,277 

 (kurtosis(𝑘ௗ))ିଵ 100,003 -0,021 2,307 0,730 99,999 100,008 0,532 

 (𝐾ଶ)ିଵ 100,003 -0,029 4,435 1,402 99,995 100,012 1,967 

20 1/𝑛 100,003 -0,029 2,059 0,651 99,999 100,007 0,424 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 -0,025 2,062 0,652 99,999 100,007 0,425 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,004 0,052 2,060 0,652 100,000 100,008 0,425 

 (skewness(𝑠ௗ))ିଵ 100,005 0,195 4,659 1,473 99,996 100,015 2,171 

 (kurtosis(𝑘ௗ))ିଵ 100,003 -0,022 2,059 0,651 99,999 100,007 0,424 

 (𝐾ଶ)ିଵ 100,001 -0,227 4,066 1,286 99,993 100,009 1,654 

𝜽𝒄 = combined estimate, 𝜽𝒅 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝜽𝒄)=standard error of the  combined estimate,  
CV (𝜽𝒄) (%) = coefficient of variation, CI95%(𝜽𝒄)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 26 N=5 000 000  N(100,81) n=5000 𝜃 = 100.004 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଵ 

CV(𝜃) (%) 

× 10ିଷ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,002 -1,535 1,272 4,023 99,994 100,010 1,619 

2 1/𝑛 100,001 -2,252 0,899 2,843 99,996 100,007 0,809 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -2,225 0,899 2,843 99,996 100,007 0,809 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -2,153 0,899 2,843 99,996 100,007 0,809 

 (skewness(𝑠ௗ))ିଵ 100,000 -3,133 1,010 3,195 99,994 100,007 1,022 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -2,247 0,899 2,843 99,996 100,007 0,809 

3 1/𝑛 100,000 -3,852 0,739 2,338 99,995 100,004 0,548 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 -3,823 0,739 2,338 99,995 100,004 0,548 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 -3,729 0,739 2,338 99,995 100,004 0,548 

 (skewness(𝑠ௗ))ିଵ 99,999 -4,723 0,895 2,832 99,993 100,004 0,804 

 (kurtosis(𝑘ௗ))ିଵ 100,000 -3,834 0,739 2,337 99,995 100,004 0,548 

5 1/𝑛 100,002 -1,130 0,577 1,825 99,999 100,006 0,333 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,002 -1,082 0,577 1,825 99,999 100,006 0,333 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,003 -0,976 0,577 1,825 99,999 100,006 0,333 

 (skewness(𝑠ௗ))ିଵ 100,001 -2,597 0,798 2,523 99,996 100,006 0,637 

 (kurtosis(𝑘ௗ))ିଵ 100,002 -1,155 0,577 1,824 99,999 100,006 0,333 

10 1/𝑛 100,000 -3,167 0,418 1,320 99,998 100,003 0,175 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 -3,128 0,417 1,320 99,998 100,003 0,175 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -3,003 0,417 1,320 99,998 100,003 0,175 

 (skewness(𝑠ௗ))ିଵ 100,000 -4,031 0,688 2,175 99,995 100,004 0,475 

 (kurtosis(𝑘ௗ))ିଵ 100,000 -3,173 0,417 1,319 99,998 100,003 0,175 

15 1/𝑛 100,001 -2,141 0,337 1,065 99,999 100,003 0,114 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -2,094 0,337 1,065 99,999 100,004 0,114 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,002 -1,968 0,337 1,065 99,999 100,004 0,114 

 (skewness(𝑠ௗ))ିଵ 100,000 -4,041 0,634 2,003 99,996 100,003 0,403 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -2,154 0,337 1,065 99,999 100,003 0,114 

20 1/𝑛 100,001 -2,171 0,289 0,915 100,000 100,003 0,084 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -2,140 0,289 0,914 100,000 100,003 0,084 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,002 -2,003 0,289 0,914 100,000 100,003 0,084 

 (skewness(𝑠ௗ))ିଵ 100,000 -3,736 0,598 1,892 99,996 100,004 0,359 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -2,196 0,289 0,914 100,000 100,003 0,084 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Scenario 27: N=5 000 000  N(100,81) n=10000 𝜃 = 100.004 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) (%) 

× 10ିଷ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,005 1,006 9,191 2,906 99,999 100,010 8,449 

2 1/𝑛 100,001 -2,135 6,480 2,049 99,997 100,005 4,203 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -2,113 6,476 2,048 99,997 100,005 4,199 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -2,084 6,478 2,049 99,997 100,005 4,201 

 (skewness(𝑠ௗ))ିଵ 100,003 -0,993 7,120 2,252 99,998 100,007 5,071 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -2,114 6,475 2,048 99,997 100,005 4,197 

3 1/𝑛 100,001 -2,248 5,255 1,662 99,998 100,005 2,767 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -2,249 5,254 1,661 99,998 100,005 2,765 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -2,193 5,254 1,662 99,998 100,005 2,766 

 (skewness(𝑠ௗ))ିଵ 100,002 -1,301 6,364 2,013 99,998 100,006 4,052 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -2,243 5,251 1,661 99,998 100,005 2,763 

5 1/𝑛 100,001 -2,175 4,020 1,271 99,999 100,004 1,621 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -2,181 4,020 1,271 99,999 100,004 1,621 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -2,112 4,020 1,271 99,999 100,004 1,620 

 (skewness(𝑠ௗ))ିଵ 100,003 -0,311 5,682 1,797 100,000 100,007 3,229 

 (kurtosis(𝑘ௗ))ିଵ 100,001 -2,195 4,018 1,271 99,999 100,004 1,619 

10 1/𝑛 100,003 -0,706 2,881 0,911 100,001 100,005 0,831 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 -0,708 2,881 0,911 100,001 100,005 0,831 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,003 -0,634 2,881 0,911 100,001 100,005 0,831 

 (skewness(𝑠ௗ))ିଵ 100,003 -0,367 4,783 1,513 100,000 100,006 2,288 

 (kurtosis(𝑘ௗ))ିଵ 100,003 -0,731 2,882 0,911 100,001 100,005 0,831 

15 1/𝑛 100,003 -0,211 2,363 0,747 100,002 100,005 0,558 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 -0,208 2,363 0,747 100,002 100,005 0,558 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,003 -0,134 2,363 0,747 100,002 100,005 0,558 

 (skewness(𝑠ௗ))ିଵ 100,004 0,551 4,442 1,405 100,001 100,007 1,973 

 (kurtosis(𝑘ௗ))ିଵ 100,003 -0,231 2,364 0,747 100,002 100,005 0,559 

20 1/𝑛 100,004 0,153 1,995 0,631 100,002 100,005 0,398 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,004 0,155 1,996 0,631 100,002 100,005 0,399 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,004 0,230 1,996 0,631 100,003 100,005 0,398 

 (skewness(𝑠ௗ))ିଵ 100,005 1,461 4,272 1,351 100,002 100,008 1,827 

 (kurtosis(𝑘ௗ))ିଵ 100,004 0,135 1,996 0,631 100,002 100,005 0,398 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 

estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 

method=weighting strategy. 
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Appendix A2 

Comparing weighting strategies: Stratified Random Sampling: Normal distribution 
 
 
An asterisk before a weighting strategy indicates that the estimator is not design 
consistent. That is, a naïve estimator that does not account for the sample design 
was used to weight surveys.  
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Scenario 1: N=1 000 000  N(100,25) n=1000 D=20, 𝜃 = 99.999 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,996 -3,524 3,471 1,098 99,989 100,002 1,206 

2 1/𝑛 99,997 -2,406 2,432 0,769 99,992 100,001 0,592 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 99,997 -1,839 2,457 0,777 99,992 100,002 0,604 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 -1,982 2,454 0,776 99,992 100,002 0,603 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 -1,824 2,454 0,776 99,992 100,002 0,603 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,997 -1,898 2,453 0,776 99,992 100,002 0,602 

 (skewness(𝑠ௗ))ିଵ 99,998 -1,424 2,761 0,873 99,992 100,003 0,762 

 *(skewness(𝑠ௗ))ିଵ 99,997 -1,630 2,748 0,869 99,992 100,003 0,755 

 (kurtosis(𝐾ௗ))ିଵ 99,997 -1,899 2,456 0,777 99,992 100,002 0,604 

 *(kurtosis(𝐾ௗ))ିଵ 99,997 -1,882 2,456 0,777 99,992 100,002 0,603 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,997 -1,984 2,454 0,776 99,992 100,002 0,603 

 (𝑚𝑒𝑓𝑓)ିଵ 99,997 -1,792 2,456 0,777 99,992 100,002 0,604 

3 1/𝑛 100,000 0,982 1,912 0,605 99,996 100,004 0,366 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 1,559 1,924 0,608 99,997 100,004 0,370 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 1,431 1,920 0,607 99,997 100,004 0,369 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 1,606 1,921 0,608 99,997 100,004 0,369 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,001 1,540 1,919 0,607 99,997 100,004 0,369 

 (skewness(𝑠ௗ))ିଵ 100,001 1,611 2,422 0,766 99,996 100,005 0,587 

 *(skewness(𝑠ௗ))ିଵ 100,000 0,525 2,375 0,751 99,995 100,004 0,564 

 (kurtosis(𝐾ௗ))ିଵ 100,001 1,489 1,919 0,607 99,997 100,004 0,368 

 *(kurtosis(𝐾ௗ))ିଵ 100,001 1,503 1,919 0,607 99,997 100,004 0,368 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,374 1,926 0,609 99,997 100,004 0,371 

 (𝑚𝑒𝑓𝑓)ିଵ 100,001 1,608 1,925 0,609 99,997 100,004 0,371 

5 1/𝑛 100,000 1,088 1,553 0,491 99,997 100,003 0,241 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,213 1,555 0,492 99,997 100,003 0,242 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,108 1,553 0,491 99,997 100,003 0,241 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,245 1,554 0,491 99,997 100,003 0,241 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,190 1,553 0,491 99,997 100,003 0,241 

 (skewness(𝑠ௗ))ିଵ 100,000 0,516 2,177 0,688 99,995 100,004 0,474 

 *(skewness(𝑠ௗ))ିଵ 99,999 -0,126 2,094 0,662 99,995 100,003 0,439 

 (kurtosis(𝐾ௗ))ିଵ 100,000 1,102 1,556 0,492 99,997 100,003 0,242 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 1,100 1,555 0,492 99,997 100,003 0,242 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,027 1,555 0,492 99,997 100,003 0,242 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,075 1,561 0,494 99,997 100,003 0,244 

10 1/𝑛 100,001 2,338 1,110 0,351 99,999 100,004 0,124 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 2,382 1,112 0,351 99,999 100,004 0,124 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 2,310 1,109 0,351 99,999 100,004 0,124 
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 ൫CV(𝜃ௗ)൯
ିଵ

 100,002 2,467 1,111 0,351 99,999 100,004 0,124 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,002 2,429 1,110 0,351 99,999 100,004 0,124 

 (skewness(𝑠ௗ))ିଵ 100,001 2,101 1,853 0,586 99,998 100,005 0,344 

 *(skewness(𝑠ௗ))ିଵ 100,000 0,552 1,843 0,583 99,996 100,003 0,340 

 (kurtosis(𝐾ௗ))ିଵ 100,001 2,380 1,111 0,351 99,999 100,004 0,124 

 *(kurtosis(𝐾ௗ))ିଵ 100,001 2,374 1,111 0,351 99,999 100,004 0,124 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,001 2,225 1,111 0,351 99,999 100,003 0,124 

 (𝑚𝑒𝑓𝑓)ିଵ 100,001 2,372 1,114 0,352 99,999 100,004 0,125 

15 1/𝑛 100,000 0,870 0,919 0,291 99,998 100,002 0,085 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 0,891 0,918 0,290 99,998 100,002 0,084 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 0,873 0,918 0,290 99,998 100,002 0,084 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,993 0,918 0,290 99,998 100,002 0,084 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,982 0,918 0,290 99,998 100,002 0,084 

 (skewness(𝑠ௗ))ିଵ 99,999 0,134 1,764 0,558 99,996 100,003 0,311 

 *(skewness(𝑠ௗ))ିଵ 99,997 -1,733 1,750 0,553 99,994 100,001 0,307 

 (kurtosis(𝐾ௗ))ିଵ 100,000 0,898 0,919 0,291 99,998 100,002 0,085 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 0,889 0,919 0,291 99,998 100,002 0,085 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 0,896 0,917 0,290 99,998 100,002 0,084 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 0,950 0,920 0,291 99,998 100,002 0,085 

20 1/𝑛 99,999 0,347 0,791 0,250 99,998 100,001 0,063 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,347 0,793 0,251 99,998 100,001 0,063 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,352 0,790 0,250 99,998 100,001 0,062 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,461 0,792 0,250 99,998 100,001 0,063 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,462 0,791 0,250 99,998 100,001 0,063 

 (skewness(𝑠ௗ))ିଵ 99,998 -0,625 1,673 0,529 99,995 100,002 0,280 

 *(skewness(𝑠ௗ))ିଵ 99,997 -1,797 1,718 0,543 99,994 100,001 0,296 

 (kurtosis(𝐾ௗ))ିଵ 99,999 0,366 0,791 0,250 99,998 100,001 0,063 

 *(kurtosis(𝐾ௗ))ିଵ 99,999 0,357 0,790 0,250 99,998 100,001 0,063 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 0,360 0,790 0,250 99,998 100,001 0,062 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,325 0,794 0,251 99,998 100,001 0,063 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 2: N=1000 000  N(100,25) n=5000 D=20 𝜃 = 99.999 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,001 2,212 1,591 5,032 99,998 100,004 2,537 

2 1/𝑛 100,001 1,666 1,094 3,461 99,999 100,003 1,200 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 100,001 1,848 1,100 3,478 99,999 100,003 1,213 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 1,835 1,100 3,477 99,999 100,003 1,213 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 1,860 1,100 3,477 99,999 100,003 1,212 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,001 1,854 1,100 3,477 99,999 100,003 1,212 

 (skewness(𝑠ௗ))ିଵ 100,001 1,798 1,199 3,792 99,999 100,003 1,441 

 *(skewness(𝑠ௗ))ିଵ 100,001 1,687 1,209 3,824 99,998 100,003 1,465 

 (kurtosis(𝐾ௗ))ିଵ 100,001 1,830 1,099 3,475 99,999 100,003 1,211 

 *(kurtosis(𝐾ௗ))ିଵ 100,001 1,832 1,099 3,475 99,999 100,003 1,211 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,001 1,835 1,100 3,477 99,999 100,003 1,213 

 (𝑚𝑒𝑓𝑓)ିଵ 100,001 1,861 1,100 3,477 99,999 100,003 1,213 

3 1/𝑛 100,000 1,208 0,911 2,882 99,999 100,002 0,832 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,341 0,916 2,896 99,999 100,002 0,841 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,332 0,915 2,893 99,999 100,002 0,839 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,354 0,916 2,895 99,999 100,002 0,840 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,350 0,915 2,894 99,999 100,002 0,839 

 (skewness(𝑠ௗ))ିଵ 100,001 1,736 1,098 3,471 99,999 100,003 1,208 

 *(skewness(𝑠ௗ))ିଵ 100,000 1,223 1,102 3,486 99,998 100,002 1,216 

 (kurtosis(𝐾ௗ))ିଵ 100,000 1,324 0,915 2,893 99,999 100,002 0,839 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 1,329 0,915 2,893 99,999 100,002 0,839 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,341 0,915 2,894 99,999 100,002 0,839 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,345 0,916 2,898 99,999 100,002 0,841 

5 1/𝑛 100,000 0,815 0,703 2,223 99,999 100,001 0,495 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 0,811 0,703 2,223 99,999 100,001 0,495 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 0,813 0,702 2,221 99,999 100,001 0,494 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,832 0,703 2,223 99,999 100,001 0,495 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,832 0,703 2,222 99,999 100,001 0,494 

 (skewness(𝑠ௗ))ିଵ 100,001 1,637 0,978 3,092 99,999 100,003 0,959 

 *(skewness(𝑠ௗ))ିଵ 100,000 0,592 0,953 3,013 99,998 100,002 0,908 

 (kurtosis(𝐾ௗ))ିଵ 100,000 0,797 0,703 2,222 99,998 100,001 0,495 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 0,799 0,703 2,223 99,998 100,001 0,495 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 0,831 0,703 2,222 99,999 100,001 0,494 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 0,831 0,704 2,225 99,999 100,001 0,496 

10 1/𝑛 99,999 -0,195 0,496 1,567 99,998 100,000 0,246 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 -0,204 0,496 1,567 99,998 100,000 0,246 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 -0,201 0,496 1,568 99,998 100,000 0,246 
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 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 -0,178 0,496 1,567 99,998 100,000 0,246 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,999 -0,177 0,496 1,567 99,998 100,000 0,246 

 (skewness(𝑠ௗ))ିଵ 100,000 0,850 0,867 2,741 99,998 100,002 0,752 

 *(skewness(𝑠ௗ))ିଵ 99,998 -1,237 0,812 2,567 99,996 99,999 0,661 

 (kurtosis(𝐾ௗ))ିଵ 99,999 -0,193 0,496 1,568 99,998 100,000 0,246 

 *(kurtosis(𝐾ௗ))ିଵ 99,999 -0,192 0,496 1,568 99,998 100,000 0,246 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 -0,220 0,496 1,569 99,998 100,000 0,246 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 -0,190 0,496 1,567 99,998 100,000 0,246 

15 1/𝑛 99,999 -0,297 0,400 1,266 99,998 100,000 0,160 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 -0,308 0,401 1,267 99,998 100,000 0,161 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 -0,299 0,400 1,266 99,998 100,000 0,160 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 -0,280 0,400 1,266 99,998 100,000 0,160 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,999 -0,276 0,400 1,266 99,998 100,000 0,160 

 (skewness(𝑠ௗ))ିଵ 100,000 0,918 0,816 2,580 99,998 100,002 0,667 

 *(skewness(𝑠ௗ))ିଵ 99,998 -0,664 0,752 2,379 99,997 100,000 0,566 

 (kurtosis(𝐾ௗ))ିଵ 99,999 -0,297 0,400 1,266 99,998 100,000 0,160 

 *(kurtosis(𝐾ௗ))ିଵ 99,999 -0,298 0,400 1,266 99,998 100,000 0,160 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 -0,293 0,400 1,266 99,998 100,000 0,160 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 -0,310 0,401 1,267 99,998 100,000 0,161 

20 1/𝑛 99,999 -0,136 0,352 1,113 99,998 100,000 0,124 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 -0,149 0,352 1,114 99,998 100,000 0,124 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 -0,137 0,352 1,113 99,998 100,000 0,124 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 -0,120 0,352 1,113 99,998 100,000 0,124 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,999 -0,115 0,352 1,113 99,998 100,000 0,124 

 (skewness(𝑠ௗ))ିଵ 100,000 0,837 0,789 2,494 99,998 100,001 0,623 

 *(skewness(𝑠ௗ))ିଵ 99,999 -0,133 0,743 2,350 99,997 100,000 0,552 

 (kurtosis(𝐾ௗ))ିଵ 99,999 -0,138 0,352 1,113 99,998 100,000 0,124 

 *(kurtosis(𝐾ௗ))ିଵ 99,999 -0,138 0,352 1,113 99,998 100,000 0,124 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 -0,192 0,353 1,117 99,998 100,000 0,125 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 -0,169 0,352 1,112 99,998 100,000 0,124 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 3: N=1000 000  N(100,25) n=10000 D=20 𝜃 = 99.999 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,999 -0,251 1,086 3,434 99,997 100,001 1,179 

2 1/𝑛 100,000 1,047 0,778 2,459 99,999 100,002 0,606 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 100,000 1,057 0,782 2,474 99,999 100,002 0,613 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,069 0,782 2,473 99,999 100,002 0,613 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,074 0,782 2,473 99,999 100,002 0,613 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,080 0,782 2,472 99,999 100,002 0,612 

 (skewness(𝑠ௗ))ିଵ 100,001 1,560 0,881 2,786 99,999 100,002 0,779 

 *(skewness(𝑠ௗ))ିଵ 100,001 1,459 0,870 2,751 99,999 100,002 0,759 

 (kurtosis(𝐾ௗ))ିଵ 100,000 1,082 0,782 2,472 99,999 100,002 0,612 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 1,079 0,782 2,472 99,999 100,002 0,612 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,069 0,782 2,473 99,999 100,002 0,613 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,068 0,782 2,474 99,999 100,002 0,613 

3 1/𝑛 99,999 0,044 0,646 2,042 99,998 100,000 0,417 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,204 0,648 2,049 99,998 100,001 0,420 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,209 0,647 2,047 99,998 100,001 0,419 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,217 0,648 2,048 99,998 100,001 0,419 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,219 0,647 2,047 99,998 100,001 0,419 

 (skewness(𝑠ௗ))ିଵ 100,000 0,689 0,778 2,459 99,998 100,001 0,605 

 *(skewness(𝑠ௗ))ିଵ 100,000 0,459 0,764 2,417 99,998 100,001 0,585 

 (kurtosis(𝐾ௗ))ିଵ 99,999 0,211 0,647 2,047 99,998 100,001 0,419 

 *(kurtosis(𝐾ௗ))ିଵ 99,999 0,210 0,647 2,047 99,998 100,001 0,419 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 0,209 0,647 2,047 99,998 100,001 0,419 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,208 0,648 2,049 99,998 100,001 0,420 

5 1/𝑛 100,000 0,637 0,489 1,546 99,999 100,001 0,239 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 0,635 0,489 1,548 99,999 100,001 0,240 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 0,638 0,489 1,546 99,999 100,001 0,239 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,646 0,489 1,547 99,999 100,001 0,240 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,647 0,489 1,546 99,999 100,001 0,239 

 (skewness(𝑠ௗ))ିଵ 100,000 1,341 0,673 2,129 99,999 100,002 0,455 

 *(skewness(𝑠ௗ))ିଵ 100,000 0,661 0,669 2,114 99,998 100,001 0,447 

 (kurtosis(𝐾ௗ))ିଵ 100,000 0,642 0,489 1,545 99,999 100,001 0,239 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 0,640 0,489 1,545 99,999 100,001 0,239 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 0,622 0,489 1,548 99,999 100,001 0,240 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 0,627 0,490 1,549 99,999 100,001 0,240 

10 1/𝑛 100,000 0,499 0,348 1,100 99,999 100,000 0,121 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 0,496 0,348 1,102 99,999 100,000 0,122 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 0,498 0,348 1,100 99,999 100,000 0,121 
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 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,508 0,348 1,101 99,999 100,000 0,122 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,509 0,348 1,100 99,999 100,000 0,121 

 (skewness(𝑠ௗ))ିଵ 100,000 0,959 0,595 1,882 99,999 100,001 0,355 

 *(skewness(𝑠ௗ))ିଵ 100,000 0,604 0,596 1,884 99,999 100,001 0,355 

 (kurtosis(𝐾ௗ))ିଵ 100,000 0,507 0,348 1,101 99,999 100,000 0,121 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 0,506 0,348 1,101 99,999 100,000 0,121 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 0,474 0,350 1,106 99,999 100,000 0,122 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 0,497 0,349 1,102 99,999 100,000 0,122 

15 1/𝑛 99,999 0,405 0,282 0,893 99,999 100,000 0,080 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,405 0,283 0,894 99,999 100,000 0,080 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,400 0,282 0,893 99,999 100,000 0,080 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,416 0,283 0,894 99,999 100,000 0,080 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,413 0,282 0,893 99,999 100,000 0,080 

 (skewness(𝑠ௗ))ିଵ 100,000 0,579 0,550 1,740 99,999 100,001 0,303 

 *(skewness(𝑠ௗ))ିଵ 100,000 0,839 0,536 1,695 99,999 100,001 0,288 

 (kurtosis(𝐾ௗ))ିଵ 99,999 0,411 0,283 0,894 99,999 100,000 0,080 

 *(kurtosis(𝐾ௗ))ିଵ 99,999 0,412 0,283 0,894 99,999 100,000 0,080 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 0,389 0,283 0,894 99,999 100,000 0,080 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,417 0,283 0,894 99,999 100,000 0,080 

20 1/𝑛 100,000 0,512 0,243 0,769 99,999 100,000 0,059 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 0,513 0,243 0,769 99,999 100,000 0,059 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 0,510 0,243 0,769 99,999 100,000 0,059 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,524 0,243 0,769 99,999 100,000 0,059 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,000 0,522 0,243 0,769 99,999 100,000 0,059 

 (skewness(𝑠ௗ))ିଵ 100,000 0,517 0,525 1,659 99,999 100,001 0,275 

 *(skewness(𝑠ௗ))ିଵ 100,000 1,186 0,511 1,616 99,999 100,001 0,263 

 (kurtosis(𝐾ௗ))ିଵ 100,000 0,518 0,243 0,769 99,999 100,000 0,059 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 0,518 0,243 0,769 99,999 100,000 0,059 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 0,464 0,246 0,779 99,999 100,000 0,061 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 0,475 0,245 0,776 99,999 100,000 0,060 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Appendix A3 

Comparing weighting strategies: Cluster Random Sampling: Normal distribution 
 
 
An asterisk before a weighting strategy indicates that the estimator is not design 
consistent. That is, a naïve estimator that does not account for the sample design 
was used to weight surveys.  
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Scenario 1: N=1 000 000  N(100,25) n=1000 D=20, 𝜃 = 100.031 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,975 -5,665 2,565 2,566 99,924 100,025 6,902 

2 1/𝑛 99,996 -3,477 1,371 1,371 99,970 100,023 2,002 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 99,985 -4,601 1,672 1,672 99,952 100,018 3,006 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,986 -4,513 1,655 1,655 99,954 100,019 2,942 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,986 -4,528 1,662 1,662 99,953 100,019 2,966 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,986 -4,484 1,656 1,657 99,954 100,019 2,945 

 (skewness(𝑠ௗ))ିଵ 100,006 -2,533 1,794 1,794 99,971 100,041 3,282 

 *(skewness(𝑠ௗ))ିଵ 100,006 -2,533 1,794 1,794 99,971 100,041 3,282 

 (kurtosis(𝐾ௗ))ିଵ 99,986 -4,519 1,662 1,662 99,953 100,019 2,967 

 *(kurtosis(𝐾ௗ))ିଵ 99,986 -4,519 1,662 1,662 99,953 100,019 2,967 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,986 -4,516 1,655 1,655 99,954 100,019 2,943 

 (𝑚𝑒𝑓𝑓)ିଵ 99,985 -4,590 1,673 1,673 99,953 100,018 3,010 

3 1/𝑛 99,990 -4,168 1,175 1,175 99,967 100,013 1,553 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,987 -4,397 1,340 1,341 99,961 100,014 1,990 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,987 -4,417 1,312 1,312 99,961 100,013 1,916 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,987 -4,377 1,321 1,321 99,962 100,013 1,937 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,987 -4,389 1,311 1,311 99,962 100,013 1,910 

 (skewness(𝑠ௗ))ିଵ 100,008 -2,360 1,681 1,681 99,975 100,041 2,882 

 *(skewness(𝑠ௗ))ିଵ 100,008 -2,360 1,681 1,681 99,975 100,041 2,882 

 (kurtosis(𝐾ௗ))ିଵ 99,986 -4,486 1,318 1,318 99,961 100,012 1,938 

 *(kurtosis(𝐾ௗ))ିଵ 99,986 -4,486 1,318 1,318 99,961 100,012 1,938 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,989 -4,238 1,338 1,339 99,963 100,015 1,971 

 (𝑚𝑒𝑓𝑓)ିଵ 99,987 -4,449 1,333 1,333 99,961 100,013 1,974 

5 1/𝑛 99,995 -3,579 1,103 1,103 99,974 100,017 1,345 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 -3,510 1,108 1,108 99,974 100,018 1,352 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 -3,496 1,101 1,101 99,975 100,018 1,334 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,996 -3,501 1,102 1,103 99,975 100,018 1,338 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,996 -3,498 1,102 1,102 99,975 100,018 1,336 

 (skewness(𝑠ௗ))ିଵ 99,999 -3,191 1,527 1,527 99,969 100,029 2,434 

 *(skewness(𝑠ௗ))ିଵ 99,999 -3,191 1,527 1,527 99,969 100,029 2,434 

 (kurtosis(𝐾ௗ))ିଵ 99,995 -3,610 1,108 1,109 99,973 100,017 1,359 

 *(kurtosis(𝐾ௗ))ିଵ 99,995 -3,610 1,108 1,109 99,973 100,017 1,359 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 -3,207 1,213 1,213 99,975 100,023 1,575 

 (𝑚𝑒𝑓𝑓)ିଵ 99,997 -3,428 1,161 1,161 99,974 100,020 1,466 

10 1/𝑛 99,996 -3,501 0,728 0,728 99,982 100,010 0,653 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 -3,438 0,727 0,727 99,983 100,011 0,647 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 -3,456 0,724 0,724 99,982 100,011 0,644 
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 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 -3,419 0,724 0,724 99,983 100,011 0,641 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,997 -3,431 0,726 0,726 99,983 100,011 0,645 

 (skewness(𝑠ௗ))ିଵ 100,002 -2,926 1,370 1,370 99,975 100,029 1,961 

 *(skewness(𝑠ௗ))ିଵ 100,002 -2,926 1,370 1,370 99,975 100,029 1,961 

 (kurtosis(𝐾ௗ))ିଵ 99,996 -3,530 0,727 0,727 99,982 100,010 0,653 

 *(kurtosis(𝐾ௗ))ିଵ 99,996 -3,530 0,727 0,727 99,982 100,010 0,653 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,995 -3,644 0,759 0,759 99,980 100,010 0,708 

 (𝑚𝑒𝑓𝑓)ିଵ 99,996 -3,564 0,740 0,740 99,981 100,010 0,674 

15 1/𝑛 99,999 -3,242 0,611 0,611 99,987 100,011 0,478 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 -3,286 0,594 0,594 99,987 100,010 0,460 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 -3,229 0,606 0,606 99,987 100,011 0,471 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 -3,217 0,600 0,600 99,987 100,011 0,463 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,999 -3,186 0,608 0,608 99,987 100,011 0,472 

 (skewness(𝑠ௗ))ିଵ 100,001 -3,036 1,355 1,355 99,974 100,027 1,929 

 *(skewness(𝑠ௗ))ିଵ 100,001 -3,036 1,355 1,355 99,974 100,027 1,929 

 (kurtosis(𝐾ௗ))ିଵ 99,999 -3,272 0,613 0,613 99,986 100,011 0,483 

 *(kurtosis(𝐾ௗ))ିଵ 99,999 -3,272 0,613 0,613 99,986 100,011 0,483 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,997 -3,429 0,646 0,646 99,984 100,010 0,535 

 (𝑚𝑒𝑓𝑓)ିଵ 99,997 -3,419 0,610 0,610 99,985 100,009 0,489 

20 1/𝑛 100,000 -3,098 0,537 0,537 99,990 100,011 0,384 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 -3,129 0,528 0,528 99,990 100,010 0,377 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 -3,091 0,535 0,535 99,990 100,011 0,382 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -3,061 0,530 0,530 99,990 100,011 0,375 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,001 -3,042 0,536 0,536 99,990 100,011 0,380 

 (skewness(𝑠ௗ))ିଵ 100,006 -2,536 1,304 1,303 99,980 100,031 1,764 

 *(skewness(𝑠ௗ))ିଵ 100,006 -2,536 1,304 1,303 99,980 100,031 1,764 

 (kurtosis(𝐾ௗ))ିଵ 100,000 -3,131 0,540 0,540 99,989 100,010 0,389 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 -3,131 0,540 0,540 99,989 100,010 0,389 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,001 -3,055 0,539 0,539 99,990 100,011 0,384 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 -3,125 0,529 0,529 99,990 100,010 0,377 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 2: N=1000 000  N(100,25) n=5000 D=20 𝜃 = 100.031 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,035 4,140 1,404 1,403 100,008 100,063 1,972 

2 1/𝑛 100,024 -7,345 0,908 0,908 100,006 100,042 0,830 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 100,024 -6,854 1,041 1,041 100,004 100,045 1,089 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,024 -6,786 1,043 1,043 100,004 100,045 1,093 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,024 -6,775 1,043 1,042 100,004 100,045 1,092 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,024 -6,741 1,044 1,044 100,004 100,045 1,095 

 (skewness(𝑠ௗ))ିଵ 100,032 0,862 1,314 1,314 100,006 100,058 1,727 

 *(skewness(𝑠ௗ))ିଵ 100,032 0,862 1,314 1,314 100,006 100,058 1,727 

 (kurtosis(𝐾ௗ))ିଵ 100,024 -7,210 1,048 1,048 100,003 100,045 1,104 

 *(kurtosis(𝐾ௗ))ିଵ 100,024 -7,210 1,048 1,048 100,003 100,045 1,104 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,024 -6,793 1,043 1,043 100,004 100,045 1,093 

 (𝑚𝑒𝑓𝑓)ିଵ 100,024 -7,018 1,043 1,043 100,004 100,045 1,093 

3 1/𝑛 100,028 -3,697 0,711 0,710 100,014 100,041 0,506 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,029 -2,419 0,816 0,816 100,013 100,045 0,667 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,029 -2,665 0,823 0,822 100,012 100,045 0,678 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,029 -2,445 0,820 0,820 100,013 100,045 0,673 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,029 -2,575 0,824 0,824 100,012 100,045 0,679 

 (skewness(𝑠ௗ))ିଵ 100,032 0,807 1,158 1,158 100,009 100,055 1,342 

 *(skewness(𝑠ௗ))ିଵ 100,032 0,807 1,158 1,158 100,009 100,055 1,342 

 (kurtosis(𝐾ௗ))ିଵ 100,028 -3,239 0,826 0,826 100,012 100,044 0,684 

 *(kurtosis(𝐾ௗ))ିଵ 100,028 -3,239 0,826 0,826 100,012 100,044 0,684 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,029 -2,539 0,822 0,822 100,013 100,045 0,676 

 (𝑚𝑒𝑓𝑓)ିଵ 100,029 -2,520 0,819 0,819 100,013 100,045 0,671 

5 1/𝑛 100,031 -0,506 0,614 0,613 100,019 100,043 0,377 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,031 0,247 0,610 0,610 100,020 100,043 0,372 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,031 -0,281 0,611 0,611 100,019 100,043 0,373 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,031 0,047 0,611 0,611 100,019 100,043 0,373 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,031 -0,218 0,612 0,612 100,019 100,043 0,375 

 (skewness(𝑠ௗ))ିଵ 100,038 6,994 1,076 1,075 100,017 100,059 1,162 

 *(skewness(𝑠ௗ))ିଵ 100,038 6,994 1,076 1,075 100,017 100,059 1,162 

 (kurtosis(𝐾ௗ))ିଵ 100,030 -0,854 0,613 0,613 100,018 100,042 0,376 

 *(kurtosis(𝐾ௗ))ିଵ 100,030 -0,854 0,613 0,613 100,018 100,042 0,376 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,030 -0,980 0,621 0,620 100,018 100,042 0,385 

 (𝑚𝑒𝑓𝑓)ିଵ 100,031 0,199 0,611 0,610 100,019 100,043 0,373 

10 1/𝑛 100,027 -4,396 0,460 0,460 100,018 100,036 0,214 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,027 -4,376 0,460 0,460 100,018 100,036 0,213 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,027 -4,368 0,459 0,459 100,018 100,036 0,213 
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 ൫CV(𝜃ௗ)൯
ିଵ

 100,027 -4,188 0,459 0,459 100,018 100,036 0,213 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,027 -4,180 0,460 0,459 100,018 100,036 0,213 

 (skewness(𝑠ௗ))ିଵ 100,037 5,317 0,982 0,982 100,017 100,056 0,968 

 *(skewness(𝑠ௗ))ିଵ 100,037 5,317 0,982 0,982 100,017 100,056 0,968 

 (kurtosis(𝐾ௗ))ିଵ 100,027 -4,529 0,461 0,461 100,018 100,036 0,215 

 *(kurtosis(𝐾ௗ))ିଵ 100,027 -4,529 0,461 0,461 100,018 100,036 0,215 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,027 -4,077 0,462 0,462 100,018 100,036 0,215 

 (𝑚𝑒𝑓𝑓)ିଵ 100,027 -4,361 0,460 0,460 100,018 100,036 0,214 

15 1/𝑛 100,028 -2,724 0,389 0,389 100,021 100,036 0,152 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,028 -2,792 0,387 0,387 100,021 100,036 0,151 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,028 -2,765 0,389 0,389 100,021 100,036 0,152 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,029 -2,553 0,388 0,388 100,021 100,036 0,151 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,029 -2,538 0,389 0,389 100,021 100,036 0,152 

 (skewness(𝑠ௗ))ିଵ 100,036 4,938 0,848 0,848 100,020 100,053 0,722 

 *(skewness(𝑠ௗ))ିଵ 100,036 4,938 0,848 0,848 100,020 100,053 0,722 

 (kurtosis(𝐾ௗ))ିଵ 100,028 -2,840 0,391 0,391 100,021 100,036 0,153 

 *(kurtosis(𝐾ௗ))ିଵ 100,028 -2,840 0,391 0,391 100,021 100,036 0,153 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,026 -5,200 0,468 0,468 100,017 100,035 0,222 

 (𝑚𝑒𝑓𝑓)ିଵ 100,027 -4,270 0,422 0,422 100,019 100,035 0,180 

20 1/𝑛 100,026 -4,955 0,327 0,327 100,020 100,033 0,110 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,026 -4,810 0,326 0,325 100,020 100,033 0,108 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,026 -4,927 0,327 0,327 100,020 100,033 0,109 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,027 -4,663 0,326 0,326 100,020 100,033 0,109 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,027 -4,720 0,327 0,327 100,020 100,033 0,109 

 (skewness(𝑠ௗ))ିଵ 100,036 4,864 0,753 0,753 100,021 100,051 0,570 

 *(skewness(𝑠ௗ))ିଵ 100,036 4,864 0,753 0,753 100,021 100,051 0,570 

 (kurtosis(𝐾ௗ))ିଵ 100,026 -4,954 0,328 0,328 100,020 100,033 0,110 

 *(kurtosis(𝐾ௗ))ିଵ 100,026 -4,954 0,328 0,328 100,020 100,033 0,110 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,026 -5,582 0,339 0,339 100,019 100,032 0,118 

 (𝑚𝑒𝑓𝑓)ିଵ 100,027 -4,374 0,324 0,324 100,020 100,033 0,107 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 3: N=1000 000  N(100,25) n=10000 D=20 𝜃 = 100.031 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,020 -1,093 9,764 9,762 100,001 100,039 9,653 

2 1/𝑛 100,016 -1,476 6,104 6,103 100,004 100,028 3,944 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 100,028 -0,364 6,167 6,165 100,015 100,040 3,816 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,027 -0,436 6,180 6,178 100,015 100,039 3,838 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,027 -0,403 6,170 6,168 100,015 100,039 3,823 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,027 -0,439 6,178 6,177 100,015 100,039 3,837 

 (skewness(𝑠ௗ))ିଵ 100,027 -0,414 6,607 6,605 100,014 100,040 4,383 

 *(skewness(𝑠ௗ))ିଵ 100,027 -0,414 6,607 6,605 100,014 100,040 4,383 

 (kurtosis(𝐾ௗ))ିଵ 100,027 -0,453 6,175 6,173 100,015 100,039 3,834 

 *(kurtosis(𝐾ௗ))ିଵ 100,027 -0,453 6,175 6,173 100,015 100,039 3,834 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,027 -0,435 6,180 6,178 100,015 100,039 3,838 

 (𝑚𝑒𝑓𝑓)ିଵ 100,027 -0,381 6,162 6,161 100,015 100,039 3,812 

3 1/𝑛 100,017 -1,465 5,223 5,223 100,006 100,027 2,943 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,028 -0,311 5,021 5,019 100,018 100,038 2,530 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,027 -0,380 5,025 5,023 100,018 100,037 2,539 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,028 -0,350 5,020 5,019 100,018 100,038 2,532 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,027 -0,384 5,025 5,023 100,018 100,037 2,540 

 (skewness(𝑠ௗ))ିଵ 100,019 -1,202 6,199 6,197 100,007 100,031 3,987 

 *(skewness(𝑠ௗ))ିଵ 100,019 -1,202 6,199 6,197 100,007 100,031 3,987 

 (kurtosis(𝐾ௗ))ିଵ 100,027 -0,410 5,015 5,014 100,017 100,037 2,532 

 *(kurtosis(𝐾ௗ))ିଵ 100,027 -0,410 5,015 5,014 100,017 100,037 2,532 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,028 -0,344 5,016 5,015 100,018 100,038 2,528 

 (𝑚𝑒𝑓𝑓)ିଵ 100,028 -0,337 5,018 5,016 100,018 100,038 2,529 

5 1/𝑛 100,030 -0,078 4,067 4,066 100,022 100,038 1,655 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,031 -0,049 4,087 4,086 100,023 100,039 1,671 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,030 -0,072 4,067 4,066 100,023 100,038 1,654 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,031 -0,055 4,076 4,075 100,023 100,039 1,662 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,031 -0,067 4,068 4,066 100,023 100,039 1,655 

 (skewness(𝑠ௗ))ିଵ 100,029 -0,211 5,433 5,431 100,018 100,040 2,956 

 *(skewness(𝑠ௗ))ିଵ 100,029 -0,211 5,433 5,431 100,018 100,040 2,956 

 (kurtosis(𝐾ௗ))ିଵ 100,030 -0,086 4,063 4,062 100,022 100,038 1,652 

 *(kurtosis(𝐾ௗ))ିଵ 100,030 -0,086 4,063 4,062 100,022 100,038 1,652 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,030 -0,103 4,011 4,010 100,022 100,038 1,610 

 (𝑚𝑒𝑓𝑓)ିଵ 100,031 -0,071 4,052 4,050 100,023 100,038 1,642 

10 1/𝑛 100,028 -0,340 2,808 2,807 100,022 100,033 0,800 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,028 -0,320 2,822 2,821 100,022 100,034 0,807 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,028 -0,340 2,808 2,808 100,022 100,033 0,800 
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 ൫CV(𝜃ௗ)൯
ିଵ

 100,028 -0,320 2,814 2,813 100,023 100,034 0,802 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,028 -0,330 2,809 2,808 100,022 100,033 0,800 

 (skewness(𝑠ௗ))ିଵ 100,032 0,107 4,409 4,408 100,024 100,041 1,945 

 *(skewness(𝑠ௗ))ିଵ 100,032 0,107 4,409 4,408 100,024 100,041 1,945 

 (kurtosis(𝐾ௗ))ିଵ 100,028 -0,349 2,810 2,809 100,022 100,033 0,802 

 *(kurtosis(𝐾ௗ))ିଵ 100,028 -0,349 2,810 2,809 100,022 100,033 0,802 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,028 -0,358 2,816 2,815 100,022 100,033 0,806 

 (𝑚𝑒𝑓𝑓)ିଵ 100,028 -0,290 2,829 2,829 100,023 100,034 0,809 

15 1/𝑛 100,031 0,026 2,468 2,467 100,027 100,036 0,609 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,032 0,059 2,469 2,468 100,027 100,037 0,610 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,031 0,027 2,469 2,468 100,027 100,036 0,610 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,032 0,052 2,467 2,466 100,027 100,037 0,609 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,032 0,036 2,468 2,467 100,027 100,036 0,609 

 (skewness(𝑠ௗ))ିଵ 100,036 0,527 4,337 4,336 100,028 100,045 1,909 

 *(skewness(𝑠ௗ))ିଵ 100,036 0,527 4,337 4,336 100,028 100,045 1,909 

 (kurtosis(𝐾ௗ))ିଵ 100,031 0,020 2,471 2,470 100,027 100,036 0,610 

 *(kurtosis(𝐾ௗ))ିଵ 100,031 0,020 2,471 2,470 100,027 100,036 0,610 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,030 -0,136 2,745 2,745 100,024 100,035 0,756 

 (𝑚𝑒𝑓𝑓)ିଵ 100,031 0,017 2,437 2,436 100,027 100,036 0,594 

20 1/𝑛 100,033 0,137 1,982 1,981 100,029 100,036 0,395 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,033 0,167 1,978 1,977 100,029 100,037 0,394 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,033 0,139 1,982 1,981 100,029 100,036 0,395 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,033 0,162 1,978 1,977 100,029 100,037 0,394 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,033 0,148 1,981 1,980 100,029 100,037 0,395 

 (skewness(𝑠ௗ))ିଵ 100,034 0,285 4,785 4,783 100,025 100,043 2,298 

 *(skewness(𝑠ௗ))ିଵ 100,034 0,285 4,785 4,783 100,025 100,043 2,298 

 (kurtosis(𝐾ௗ))ିଵ 100,033 0,133 1,984 1,984 100,029 100,036 0,395 

 *(kurtosis(𝐾ௗ))ିଵ 100,033 0,133 1,984 1,984 100,029 100,036 0,395 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,032 0,093 2,049 2,048 100,028 100,036 0,421 

 (𝑚𝑒𝑓𝑓)ିଵ 100,033 0,139 2,000 2,000 100,029 100,037 0,402 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Appendix B1 

Comparing weighting strategies: Stratified Random Sampling: Skewed normal 
distribution 
 

Scenario 1: N=1 000 000  aN(100,25) n=1000 D=20, 𝜃 = 100.056 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,052 -4,893 3,479 1,099 100,045 100,058 1,213 

2 1/𝑛 100,052 -3,949 2,503 0,791 100,048 100,057 0,628 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 100,051 -5,485 2,521 0,797 100,046 100,056 0,638 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,052 -4,736 2,517 0,795 100,047 100,057 0,636 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,052 -4,799 2,518 0,796 100,047 100,057 0,637 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,052 -4,424 2,517 0,796 100,047 100,057 0,635 

 (skewness(𝑠ௗ))ିଵ 100,051 -5,335 2,575 0,814 100,046 100,056 0,666 

 *(skewness(𝑠ௗ))ିଵ 100,051 -5,339 2,583 0,816 100,046 100,056 0,670 

 (kurtosis(𝐾ௗ))ିଵ 100,052 -4,150 2,518 0,796 100,047 100,057 0,636 

 *(kurtosis(𝐾ௗ))ିଵ 100,052 -4,249 2,518 0,796 100,047 100,057 0,636 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,052 -4,735 2,517 0,795 100,047 100,057 0,636 

 (𝑚𝑒𝑓𝑓)ିଵ 100,051 -4,977 2,522 0,797 100,047 100,056 0,638 

3 1/𝑛 100,053 -3,311 2,037 0,644 100,049 100,057 0,416 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,051 -5,567 2,051 0,648 100,047 100,055 0,424 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,052 -4,609 2,050 0,648 100,048 100,056 0,423 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,052 -4,682 2,051 0,648 100,048 100,056 0,423 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,052 -4,203 2,051 0,648 100,048 100,056 0,422 

 (skewness(𝑠ௗ))ିଵ 100,052 -4,330 2,113 0,668 100,048 100,056 0,448 

 *(skewness(𝑠ௗ))ିଵ 100,052 -4,350 2,136 0,675 100,048 100,056 0,458 

 (kurtosis(𝐾ௗ))ିଵ 100,053 -3,880 2,051 0,648 100,049 100,057 0,422 

 *(kurtosis(𝐾ௗ))ିଵ 100,052 -3,955 2,051 0,648 100,048 100,056 0,422 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,052 -4,616 2,050 0,648 100,048 100,056 0,423 

 (𝑚𝑒𝑓𝑓)ିଵ 100,052 -4,918 2,052 0,649 100,047 100,056 0,424 

5 1/𝑛 100,054 -1,992 1,541 0,487 100,051 100,057 0,238 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,053 -3,902 1,537 0,486 100,050 100,056 0,238 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,054 -2,774 1,540 0,487 100,051 100,057 0,238 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,054 -2,851 1,539 0,486 100,051 100,057 0,238 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,054 -2,289 1,541 0,487 100,051 100,057 0,238 

 (skewness(𝑠ௗ))ିଵ 100,054 -2,399 1,630 0,515 100,051 100,057 0,266 

 *(skewness(𝑠ௗ))ିଵ 100,054 -2,500 1,656 0,523 100,051 100,057 0,275 

 (kurtosis(𝐾ௗ))ିଵ 100,054 -1,944 1,543 0,488 100,051 100,058 0,238 

 *(kurtosis(𝐾ௗ))ିଵ 100,054 -2,043 1,543 0,488 100,051 100,057 0,239 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,054 -2,785 1,540 0,487 100,051 100,057 0,238 
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 (𝑚𝑒𝑓𝑓)ିଵ 100,053 -3,181 1,540 0,487 100,050 100,056 0,238 

10 1/𝑛 100,055 -1,312 1,079 0,341 100,053 100,057 0,117 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,053 -3,474 1,080 0,341 100,051 100,055 0,118 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,054 -2,162 1,080 0,341 100,052 100,056 0,117 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,054 -2,285 1,079 0,341 100,052 100,056 0,117 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,055 -1,631 1,080 0,341 100,053 100,057 0,117 

 (skewness(𝑠ௗ))ିଵ 100,055 -1,198 1,186 0,375 100,053 100,058 0,141 

 *(skewness(𝑠ௗ))ିଵ 100,055 -1,540 1,214 0,384 100,053 100,057 0,148 

 (kurtosis(𝐾ௗ))ିଵ 100,055 -1,307 1,080 0,341 100,053 100,057 0,117 

 *(kurtosis(𝐾ௗ))ିଵ 100,055 -1,413 1,080 0,341 100,053 100,057 0,117 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,054 -2,137 1,081 0,342 100,052 100,056 0,117 

 (𝑚𝑒𝑓𝑓)ିଵ 100,054 -2,660 1,079 0,341 100,052 100,056 0,117 

15 1/𝑛 100,055 -1,722 0,887 0,280 100,053 100,056 0,079 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,052 -3,972 0,886 0,280 100,051 100,054 0,080 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,054 -2,588 0,887 0,280 100,052 100,056 0,079 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,054 -2,735 0,886 0,280 100,052 100,055 0,079 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,054 -2,045 0,887 0,280 100,053 100,056 0,079 

 (skewness(𝑠ௗ))ିଵ 100,055 -1,384 0,998 0,315 100,053 100,057 0,100 

 *(skewness(𝑠ௗ))ିଵ 100,055 -1,811 1,011 0,320 100,053 100,057 0,103 

 (kurtosis(𝐾ௗ))ିଵ 100,055 -1,781 0,889 0,281 100,053 100,056 0,079 

 *(kurtosis(𝐾ௗ))ିଵ 100,055 -1,903 0,888 0,281 100,053 100,056 0,079 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,054 -2,698 0,884 0,280 100,052 100,055 0,079 

 (𝑚𝑒𝑓𝑓)ିଵ 100,053 -3,228 0,885 0,280 100,051 100,055 0,079 

20 1/𝑛 100,055 -1,731 0,766 0,242 100,053 100,056 0,059 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,052 -4,046 0,765 0,242 100,051 100,054 0,060 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,054 -2,619 0,766 0,242 100,052 100,055 0,059 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,054 -2,774 0,766 0,242 100,052 100,055 0,059 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,054 -2,063 0,766 0,242 100,053 100,056 0,059 

 (skewness(𝑠ௗ))ିଵ 100,056 -0,683 0,921 0,291 100,054 100,058 0,085 

 *(skewness(𝑠ௗ))ିଵ 100,055 -1,019 0,922 0,291 100,054 100,057 0,085 

 (kurtosis(𝐾ௗ))ିଵ 100,055 -1,751 0,768 0,243 100,053 100,056 0,059 

 *(kurtosis(𝐾ௗ))ିଵ 100,055 -1,875 0,768 0,243 100,053 100,056 0,059 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,054 -2,676 0,771 0,244 100,052 100,055 0,060 

 (𝑚𝑒𝑓𝑓)ିଵ 100,053 -3,276 0,782 0,247 100,052 100,055 0,062 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 2: N=1000 000 aN(100,25) n=5000 D=20 𝜃 = 100.056 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିସ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,057 9,543 1,571 4,966 100,054 100,060 2,470 

2 1/𝑛 100,056 -2,360 1,088 3,438 100,054 100,058 1,183 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 100,057 1,791 1,090 3,446 100,054 100,059 1,189 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,057 3,159 1,090 3,445 100,055 100,059 1,188 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,057 3,083 1,090 3,445 100,055 100,059 1,188 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,057 3,765 1,090 3,445 100,055 100,059 1,188 

 (skewness(𝑠ௗ))ିଵ 100,057 3,000 1,099 3,472 100,055 100,059 1,207 

 *(skewness(𝑠ௗ))ିଵ 100,057 2,703 1,099 3,474 100,055 100,059 1,208 

 (kurtosis(𝐾ௗ))ିଵ 100,057 4,092 1,091 3,448 100,055 100,059 1,190 

 *(kurtosis(𝐾ௗ))ିଵ 100,057 3,998 1,091 3,447 100,055 100,059 1,190 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,057 3,159 1,090 3,445 100,055 100,059 1,188 

 (𝑚𝑒𝑓𝑓)ିଵ 100,057 2,762 1,090 3,446 100,055 100,059 1,189 

3 1/𝑛 100,057 1,432 0,884 2,793 100,055 100,058 0,781 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,057 3,312 0,885 2,797 100,055 100,058 0,783 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,057 5,422 0,884 2,795 100,055 100,059 0,782 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,057 5,188 0,885 2,796 100,055 100,059 0,783 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,057 6,239 0,884 2,795 100,055 100,059 0,782 

 (skewness(𝑠ௗ))ିଵ 100,057 7,177 0,894 2,824 100,055 100,059 0,799 

 *(skewness(𝑠ௗ))ିଵ 100,057 6,876 0,893 2,824 100,055 100,059 0,799 

 (kurtosis(𝐾ௗ))ିଵ 100,057 6,669 0,886 2,799 100,055 100,059 0,785 

 *(kurtosis(𝐾ௗ))ିଵ 100,057 6,478 0,886 2,799 100,055 100,059 0,785 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,057 5,592 0,886 2,800 100,055 100,059 0,785 

 (𝑚𝑒𝑓𝑓)ିଵ 100,057 4,624 0,885 2,797 100,055 100,059 0,784 

5 1/𝑛 100,057 1,621 0,698 2,205 100,055 100,058 0,487 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -2,415 0,698 2,206 100,055 100,058 0,487 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 0,059 0,698 2,205 100,055 100,058 0,487 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,056 -0,194 0,698 2,205 100,055 100,058 0,487 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,057 1,038 0,698 2,205 100,055 100,058 0,487 

 (skewness(𝑠ௗ))ିଵ 100,057 2,751 0,704 2,226 100,055 100,058 0,496 

 *(skewness(𝑠ௗ))ିଵ 100,057 2,839 0,704 2,226 100,055 100,058 0,496 

 (kurtosis(𝐾ௗ))ିଵ 100,057 1,735 0,698 2,206 100,055 100,058 0,487 

 *(kurtosis(𝐾ௗ))ିଵ 100,057 1,547 0,698 2,206 100,055 100,058 0,487 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,056 -0,124 0,698 2,206 100,055 100,058 0,487 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 -0,937 0,698 2,206 100,055 100,058 0,487 

10 1/𝑛 100,056 0,242 0,506 1,598 100,055 100,057 0,256 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -4,181 0,506 1,600 100,055 100,057 0,256 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -1,420 0,506 1,599 100,055 100,057 0,256 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,056 -1,748 0,506 1,599 100,055 100,057 0,256 
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 *൫CV(𝜃ௗ)൯
ିଵ

 100,056 -0,373 0,506 1,598 100,055 100,057 0,256 

 (skewness(𝑠ௗ))ିଵ 100,057 0,745 0,512 1,617 100,055 100,058 0,262 

 *(skewness(𝑠ௗ))ିଵ 100,056 0,530 0,512 1,619 100,055 100,057 0,262 

 (kurtosis(𝐾ௗ))ିଵ 100,056 0,349 0,506 1,599 100,055 100,057 0,256 

 *(kurtosis(𝐾ௗ))ିଵ 100,056 0,110 0,506 1,599 100,055 100,057 0,256 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,056 -1,084 0,508 1,605 100,055 100,057 0,258 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 -2,316 0,507 1,601 100,055 100,057 0,257 

15 1/𝑛 100,057 0,928 0,414 1,308 100,056 100,057 0,171 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -3,671 0,414 1,309 100,055 100,057 0,172 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -0,718 0,414 1,308 100,056 100,057 0,171 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,056 -1,145 0,414 1,308 100,056 100,057 0,171 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,056 0,325 0,414 1,308 100,056 100,057 0,171 

 (skewness(𝑠ௗ))ିଵ 100,057 1,907 0,416 1,316 100,056 100,057 0,173 

 *(skewness(𝑠ௗ))ିଵ 100,057 1,691 0,417 1,317 100,056 100,057 0,174 

 (kurtosis(𝐾ௗ))ିଵ 100,057 1,046 0,413 1,306 100,056 100,057 0,171 

 *(kurtosis(𝐾ௗ))ିଵ 100,057 0,806 0,413 1,306 100,056 100,057 0,171 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,056 -0,892 0,415 1,311 100,056 100,057 0,172 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 -2,416 0,417 1,318 100,055 100,057 0,174 

20 1/𝑛 100,057 3,099 0,354 1,118 100,056 100,057 0,125 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -1,580 0,354 1,119 100,056 100,057 0,125 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,057 1,358 0,354 1,118 100,056 100,057 0,125 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,057 0,989 0,354 1,119 100,056 100,057 0,125 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,057 2,453 0,354 1,118 100,056 100,057 0,125 

 (skewness(𝑠ௗ))ିଵ 100,057 3,510 0,355 1,122 100,056 100,057 0,126 

 *(skewness(𝑠ௗ))ିଵ 100,057 3,277 0,355 1,123 100,056 100,057 0,126 

 (kurtosis(𝐾ௗ))ିଵ 100,057 3,165 0,354 1,118 100,056 100,057 0,125 

 *(kurtosis(𝐾ௗ))ିଵ 100,057 2,922 0,354 1,118 100,056 100,057 0,125 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,057 1,319 0,354 1,118 100,056 100,057 0,125 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 0,435 0,355 1,121 100,056 100,057 0,126 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 3: N=1000 000  aN(100,25) n=10000 D=20 𝜃 = 100.056 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,058 1,602 1,086 3,432 100,056 100,060 1,182 

2 1/𝑛 100,056 -0,383 0,777 2,457 100,055 100,058 0,604 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 100,056 -0,406 0,783 2,474 100,054 100,058 0,613 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -0,331 0,782 2,472 100,055 100,058 0,612 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,056 -0,338 0,783 2,473 100,055 100,058 0,612 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,056 -0,301 0,782 2,472 100,055 100,058 0,612 

 (skewness(𝑠ௗ))ିଵ 100,056 -0,175 0,783 2,474 100,055 100,058 0,613 

 *(skewness(𝑠ௗ))ିଵ 100,056 -0,188 0,783 2,474 100,055 100,058 0,613 

 (kurtosis(𝐾ௗ))ିଵ 100,056 -0,272 0,782 2,472 100,055 100,058 0,612 

 *(kurtosis(𝐾ௗ))ିଵ 100,056 -0,282 0,782 2,472 100,055 100,058 0,612 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,056 -0,331 0,782 2,472 100,055 100,058 0,612 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 -0,358 0,783 2,474 100,055 100,058 0,613 

3 1/𝑛 100,056 -0,383 0,635 2,006 100,055 100,057 0,403 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -0,435 0,638 2,017 100,055 100,057 0,407 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -0,341 0,638 2,016 100,055 100,057 0,407 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,056 -0,349 0,638 2,017 100,055 100,057 0,407 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,056 -0,302 0,638 2,017 100,055 100,057 0,407 

 (skewness(𝑠ௗ))ିଵ 100,056 -0,214 0,640 2,022 100,055 100,057 0,409 

 *(skewness(𝑠ௗ))ିଵ 100,056 -0,235 0,640 2,023 100,055 100,057 0,410 

 (kurtosis(𝐾ௗ))ିଵ 100,056 -0,272 0,638 2,017 100,055 100,057 0,407 

 *(kurtosis(𝐾ௗ))ିଵ 100,056 -0,284 0,638 2,017 100,055 100,057 0,407 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,056 -0,332 0,638 2,017 100,055 100,057 0,407 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 -0,373 0,638 2,018 100,055 100,057 0,408 

5 1/𝑛 100,056 -0,452 0,475 1,503 100,055 100,057 0,226 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -0,639 0,475 1,503 100,055 100,057 0,226 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -0,528 0,475 1,502 100,055 100,057 0,226 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,056 -0,536 0,475 1,503 100,055 100,057 0,226 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,056 -0,481 0,475 1,502 100,055 100,057 0,226 

 (skewness(𝑠ௗ))ିଵ 100,056 -0,396 0,476 1,505 100,055 100,057 0,227 

 *(skewness(𝑠ௗ))ିଵ 100,056 -0,427 0,476 1,506 100,055 100,057 0,227 

 (kurtosis(𝐾ௗ))ିଵ 100,056 -0,447 0,475 1,503 100,055 100,057 0,226 

 *(kurtosis(𝐾ௗ))ିଵ 100,056 -0,461 0,475 1,503 100,055 100,057 0,226 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,056 -0,537 0,475 1,501 100,055 100,057 0,226 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 -0,553 0,476 1,505 100,055 100,057 0,227 

10 1/𝑛 100,057 0,301 0,342 1,081 100,056 100,057 0,117 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,057 0,086 0,342 1,081 100,056 100,057 0,117 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,057 0,220 0,342 1,081 100,056 100,057 0,117 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,057 0,204 0,342 1,081 100,056 100,057 0,117 
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 *൫CV(𝜃ௗ)൯
ିଵ

 100,057 0,271 0,342 1,081 100,056 100,057 0,117 

 (skewness(𝑠ௗ))ିଵ 100,057 0,310 0,342 1,081 100,056 100,057 0,117 

 *(skewness(𝑠ௗ))ିଵ 100,057 0,301 0,342 1,082 100,056 100,057 0,117 

 (kurtosis(𝐾ௗ))ିଵ 100,057 0,300 0,342 1,081 100,056 100,057 0,117 

 *(kurtosis(𝐾ௗ))ିଵ 100,057 0,287 0,342 1,081 100,056 100,057 0,117 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,057 0,209 0,342 1,081 100,056 100,057 0,117 

 (𝑚𝑒𝑓𝑓)ିଵ 100,057 0,162 0,342 1,081 100,056 100,057 0,117 

15 1/𝑛 100,057 0,201 0,280 0,885 100,056 100,057 0,078 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,056 -0,024 0,280 0,884 100,056 100,057 0,078 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,057 0,115 0,280 0,885 100,056 100,057 0,078 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,057 0,100 0,280 0,885 100,056 100,057 0,078 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,057 0,169 0,280 0,885 100,056 100,057 0,078 

 (skewness(𝑠ௗ))ିଵ 100,057 0,211 0,281 0,887 100,056 100,057 0,079 

 *(skewness(𝑠ௗ))ିଵ 100,057 0,199 0,281 0,887 100,056 100,057 0,079 

 (kurtosis(𝐾ௗ))ିଵ 100,057 0,204 0,280 0,885 100,056 100,057 0,078 

 *(kurtosis(𝐾ௗ))ିଵ 100,057 0,191 0,280 0,885 100,056 100,057 0,078 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,057 0,094 0,281 0,888 100,056 100,057 0,079 

 (𝑚𝑒𝑓𝑓)ିଵ 100,056 0,043 0,281 0,888 100,056 100,057 0,079 

20 1/𝑛 100,057 0,329 0,244 0,771 100,056 100,057 0,060 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,057 0,098 0,244 0,771 100,056 100,057 0,059 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,057 0,243 0,244 0,771 100,056 100,057 0,060 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,057 0,225 0,244 0,771 100,056 100,057 0,060 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,057 0,297 0,244 0,771 100,056 100,057 0,060 

 (skewness(𝑠ௗ))ିଵ 100,057 0,329 0,245 0,774 100,056 100,057 0,060 

 *(skewness(𝑠ௗ))ିଵ 100,057 0,317 0,245 0,774 100,056 100,057 0,060 

 (kurtosis(𝐾ௗ))ିଵ 100,057 0,330 0,244 0,772 100,056 100,057 0,060 

 *(kurtosis(𝐾ௗ))ିଵ 100,057 0,316 0,244 0,771 100,056 100,057 0,060 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,057 0,257 0,245 0,775 100,056 100,057 0,060 

 (𝑚𝑒𝑓𝑓)ିଵ 100,057 0,176 0,244 0,770 100,056 100,057 0,059 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Appendix B2 

Comparing weighting strategies: Cluster Random Sampling: Skewed normal 
distribution 
Scenario 1: N=1 000 000  aN(100,25) n=1000 D=20, 𝜃 = 99.914 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଵ 

LB UB 

1  99,897 -1,688 3,184 3,187 99,834 99,959 1,017 

2 1/𝑛 99,905 -0,834 2,179 2,181 99,863 99,948 0,475 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 99,922 0,846 2,443 2,445 99,874 99,970 0,597 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,928 1,476 2,407 2,409 99,881 99,976 0,582 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,928 1,410 2,421 2,422 99,880 99,975 0,588 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,931 1,730 2,409 2,411 99,884 99,978 0,583 

 (skewness(𝑠ௗ))ିଵ 99,935 2,113 2,436 2,437 99,887 99,982 0,598 

 *(skewness(𝑠ௗ))ିଵ 99,935 2,113 2,436 2,437 99,887 99,982 0,598 

 (kurtosis(𝐾ௗ))ିଵ 99,934 2,025 2,417 2,419 99,886 99,981 0,588 

 *(kurtosis(𝐾ௗ))ିଵ 99,934 2,025 2,417 2,419 99,886 99,981 0,588 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,928 1,471 2,406 2,407 99,881 99,975 0,581 

 (𝑚𝑒𝑓𝑓)ିଵ 99,926 1,237 2,438 2,440 99,878 99,974 0,596 

3 1/𝑛 99,898 -1,526 1,959 1,961 99,860 99,937 0,386 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,919 0,541 1,964 1,965 99,881 99,958 0,386 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,929 1,553 1,957 1,958 99,891 99,967 0,385 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,928 1,435 1,964 1,965 99,889 99,966 0,388 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,933 1,961 1,967 1,968 99,895 99,972 0,391 

 (skewness(𝑠ௗ))ିଵ 99,937 2,361 1,997 1,998 99,898 99,976 0,404 

 *(skewness(𝑠ௗ))ିଵ 99,937 2,361 1,997 1,998 99,898 99,976 0,404 

 (kurtosis(𝐾ௗ))ିଵ 99,937 2,305 1,989 1,990 99,898 99,976 0,401 

 *(kurtosis(𝐾ௗ))ିଵ 99,937 2,305 1,989 1,990 99,898 99,976 0,401 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,929 1,537 1,955 1,957 99,891 99,967 0,385 

 (𝑚𝑒𝑓𝑓)ିଵ 99,925 1,156 1,974 1,975 99,886 99,964 0,391 

5 1/𝑛 99,925 1,138 1,418 1,419 99,897 99,953 0,202 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,906 -0,766 1,404 1,405 99,878 99,933 0,198 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,918 0,424 1,405 1,407 99,890 99,945 0,198 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,916 0,258 1,404 1,405 99,889 99,944 0,197 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,922 0,874 1,412 1,413 99,895 99,950 0,200 

 (skewness(𝑠ௗ))ିଵ 99,927 1,342 1,393 1,394 99,900 99,954 0,196 

 *(skewness(𝑠ௗ))ିଵ 99,927 1,342 1,393 1,394 99,900 99,954 0,196 

 (kurtosis(𝐾ௗ))ିଵ 99,926 1,219 1,413 1,414 99,898 99,953 0,201 

 *(kurtosis(𝐾ௗ))ିଵ 99,926 1,219 1,413 1,414 99,898 99,953 0,201 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,918 0,431 1,407 1,408 99,890 99,945 0,198 

 (𝑚𝑒𝑓𝑓)ିଵ 99,914 0,054 1,441 1,442 99,886 99,942 0,208 

10 1/𝑛 99,941 2,698 1,031 1,032 99,920 99,961 0,114 



248 
 
 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,916 0,193 1,073 1,074 99,895 99,937 0,115 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,932 1,809 1,040 1,041 99,911 99,952 0,111 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,929 1,525 1,046 1,047 99,908 99,949 0,112 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,937 2,360 1,035 1,036 99,917 99,957 0,113 

 (skewness(𝑠ௗ))ିଵ 99,943 2,943 1,034 1,035 99,923 99,963 0,116 

 *(skewness(𝑠ௗ))ିଵ 99,943 2,943 1,034 1,035 99,923 99,963 0,116 

 (kurtosis(𝐾ௗ))ିଵ 99,942 2,822 1,033 1,033 99,922 99,962 0,115 

 *(kurtosis(𝐾ௗ))ିଵ 99,942 2,822 1,033 1,033 99,922 99,962 0,115 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,935 2,180 1,109 1,109 99,914 99,957 0,128 

 (𝑚𝑒𝑓𝑓)ିଵ 99,925 1,189 1,068 1,069 99,905 99,946 0,115 

15 1/𝑛 99,932 1,806 0,861 0,861 99,915 99,949 0,077 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,906 -0,715 0,883 0,883 99,889 99,924 0,078 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,923 0,947 0,869 0,869 99,906 99,940 0,076 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,920 0,635 0,866 0,867 99,903 99,937 0,075 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,929 1,490 0,864 0,865 99,912 99,945 0,077 

 (skewness(𝑠ௗ))ିଵ 99,937 2,333 0,857 0,857 99,920 99,954 0,079 

 *(skewness(𝑠ௗ))ିଵ 99,937 2,333 0,857 0,857 99,920 99,954 0,079 

 (kurtosis(𝐾ௗ))ିଵ 99,934 2,018 0,854 0,854 99,917 99,951 0,077 

 *(kurtosis(𝐾ௗ))ିଵ 99,934 2,018 0,854 0,854 99,917 99,951 0,077 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,923 0,964 0,871 0,872 99,906 99,940 0,077 

 (𝑚𝑒𝑓𝑓)ିଵ 99,915 0,132 0,873 0,874 99,898 99,932 0,076 

20 1/𝑛 99,931 1,702 0,720 0,720 99,917 99,945 0,055 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,906 -0,796 0,739 0,740 99,891 99,920 0,055 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,922 0,855 0,723 0,723 99,908 99,936 0,053 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,919 0,541 0,724 0,724 99,905 99,933 0,053 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,928 1,390 0,721 0,721 99,913 99,942 0,054 

 (skewness(𝑠ௗ))ିଵ 99,937 2,349 0,723 0,724 99,923 99,951 0,058 

 *(skewness(𝑠ௗ))ିଵ 99,937 2,349 0,723 0,724 99,923 99,951 0,058 

 (kurtosis(𝐾ௗ))ିଵ 99,933 1,963 0,712 0,713 99,919 99,947 0,055 

 *(kurtosis(𝐾ௗ))ିଵ 99,933 1,963 0,712 0,713 99,919 99,947 0,055 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,924 1,014 0,729 0,729 99,909 99,938 0,054 

 (𝑚𝑒𝑓𝑓)ିଵ 99,917 0,297 0,766 0,766 99,902 99,932 0,059 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 2: N=1000 000 aN(100,25) n=5000 D=20 𝜃 = 99.914 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,909 -0,491 1,493 1,495 99,879 99,938 2,232 

2 1/𝑛 99,889 -2,481 0,946 0,947 99,870 99,907 0,957 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 99,894 -1,946 1,024 1,025 99,874 99,914 1,086 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,895 -1,817 1,020 1,021 99,875 99,915 1,074 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,895 -1,825 1,021 1,022 99,875 99,915 1,075 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,896 -1,761 1,019 1,020 99,876 99,916 1,070 

 (skewness(𝑠ௗ))ିଵ 99,898 -1,610 1,018 1,019 99,878 99,917 1,063 

 *(skewness(𝑠ௗ))ିଵ 99,898 -1,610 1,018 1,019 99,878 99,917 1,063 

 (kurtosis(𝐾ௗ))ିଵ 99,897 -1,693 1,018 1,019 99,877 99,917 1,065 

 *(kurtosis(𝐾ௗ))ିଵ 99,897 -1,693 1,018 1,019 99,877 99,917 1,065 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,895 -1,818 1,020 1,021 99,875 99,915 1,074 

 (𝑚𝑒𝑓𝑓)ିଵ 99,895 -1,858 1,022 1,023 99,875 99,915 1,078 

3 1/𝑛 99,891 -2,287 0,770 0,771 99,876 99,906 0,646 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,898 -1,599 0,860 0,861 99,881 99,914 0,765 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,899 -1,511 0,858 0,859 99,882 99,915 0,759 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,899 -1,498 0,859 0,860 99,882 99,915 0,760 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,899 -1,454 0,858 0,859 99,882 99,916 0,758 

 (skewness(𝑠ௗ))ିଵ 99,900 -1,334 0,857 0,858 99,883 99,917 0,752 

 *(skewness(𝑠ௗ))ିଵ 99,900 -1,334 0,857 0,858 99,883 99,917 0,752 

 (kurtosis(𝐾ௗ))ିଵ 99,900 -1,403 0,857 0,858 99,883 99,916 0,754 

 *(kurtosis(𝐾ௗ))ିଵ 99,900 -1,403 0,857 0,858 99,883 99,916 0,754 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,899 -1,482 0,857 0,858 99,882 99,916 0,756 

 (𝑚𝑒𝑓𝑓)ିଵ 99,898 -1,513 0,860 0,861 99,882 99,915 0,762 

5 1/𝑛 99,907 -0,649 0,612 0,613 99,895 99,919 0,379 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,904 -0,985 0,619 0,620 99,892 99,916 0,393 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,906 -0,771 0,612 0,613 99,894 99,918 0,381 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,906 -0,800 0,615 0,616 99,894 99,918 0,385 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,907 -0,693 0,612 0,613 99,895 99,919 0,380 

 (skewness(𝑠ௗ))ିଵ 99,907 -0,612 0,612 0,612 99,896 99,919 0,378 

 *(skewness(𝑠ௗ))ିଵ 99,907 -0,612 0,612 0,612 99,896 99,919 0,378 

 (kurtosis(𝐾ௗ))ିଵ 99,907 -0,639 0,611 0,611 99,895 99,919 0,377 

 *(kurtosis(𝐾ௗ))ିଵ 99,907 -0,639 0,611 0,611 99,895 99,919 0,377 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,905 -0,856 0,623 0,623 99,893 99,917 0,395 

 (𝑚𝑒𝑓𝑓)ିଵ 99,905 -0,894 0,621 0,621 99,893 99,917 0,393 

10 1/𝑛 99,907 -0,663 0,420 0,420 99,899 99,915 0,180 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,903 -1,069 0,420 0,420 99,895 99,911 0,187 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,906 -0,797 0,419 0,419 99,897 99,914 0,182 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,905 -0,846 0,419 0,420 99,897 99,913 0,183 
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 *൫CV(𝜃ௗ)൯
ିଵ

 99,907 -0,711 0,419 0,420 99,898 99,915 0,181 

 (skewness(𝑠ௗ))ିଵ 99,908 -0,587 0,419 0,419 99,900 99,916 0,179 

 *(skewness(𝑠ௗ))ିଵ 99,908 -0,587 0,419 0,419 99,900 99,916 0,179 

 (kurtosis(𝐾ௗ))ିଵ 99,907 -0,648 0,418 0,419 99,899 99,915 0,179 

 *(kurtosis(𝐾ௗ))ିଵ 99,907 -0,648 0,418 0,419 99,899 99,915 0,179 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,905 -0,878 0,426 0,427 99,896 99,913 0,189 

 (𝑚𝑒𝑓𝑓)ିଵ 99,903 -1,039 0,432 0,432 99,895 99,912 0,197 

15 1/𝑛 99,908 -0,543 0,355 0,355 99,901 99,915 0,129 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,904 -1,000 0,354 0,355 99,897 99,911 0,135 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,907 -0,691 0,354 0,354 99,900 99,914 0,130 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,906 -0,751 0,354 0,355 99,899 99,913 0,131 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,908 -0,597 0,355 0,355 99,901 99,915 0,129 

 (skewness(𝑠ௗ))ିଵ 99,909 -0,455 0,353 0,354 99,902 99,916 0,127 

 *(skewness(𝑠ௗ))ିଵ 99,909 -0,455 0,353 0,354 99,902 99,916 0,127 

 (kurtosis(𝐾ௗ))ିଵ 99,908 -0,517 0,353 0,354 99,902 99,915 0,127 

 *(kurtosis(𝐾ௗ))ିଵ 99,908 -0,517 0,353 0,354 99,902 99,915 0,127 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,908 -0,598 0,372 0,372 99,900 99,915 0,142 

 (𝑚𝑒𝑓𝑓)ିଵ 99,906 -0,803 0,361 0,361 99,899 99,913 0,137 

20 1/𝑛 99,909 -0,479 0,300 0,300 99,903 99,915 0,092 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,904 -0,945 0,300 0,300 99,898 99,910 0,099 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,907 -0,629 0,299 0,300 99,901 99,913 0,094 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,907 -0,691 0,300 0,300 99,901 99,913 0,094 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,908 -0,533 0,300 0,300 99,902 99,914 0,093 

 (skewness(𝑠ௗ))ିଵ 99,910 -0,360 0,297 0,298 99,904 99,916 0,090 

 *(skewness(𝑠ௗ))ିଵ 99,910 -0,360 0,297 0,298 99,904 99,916 0,090 

 (kurtosis(𝐾ௗ))ିଵ 99,909 -0,437 0,299 0,299 99,903 99,915 0,091 

 *(kurtosis(𝐾ௗ))ିଵ 99,909 -0,437 0,299 0,299 99,903 99,915 0,091 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,908 -0,592 0,302 0,302 99,902 99,914 0,095 

 (𝑚𝑒𝑓𝑓)ିଵ 99,906 -0,762 0,302 0,302 99,900 99,912 0,097 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
  



251 
 
 

Scenario 3: N=1000 000  aN(100,25) n=10000 D=20 𝜃 = 99.914 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,912 -1,717 1,011 1,012 99,892 99,932 1,022 

2 1/𝑛 99,910 -3,600 0,668 0,668 99,897 99,923 0,447 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 99,906 -8,014 0,722 0,723 99,891 99,920 0,528 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,907 -6,928 0,722 0,722 99,893 99,921 0,526 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,906 -7,243 0,722 0,722 99,892 99,921 0,526 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,907 -6,699 0,721 0,722 99,893 99,921 0,525 

 (skewness(𝑠ௗ))ିଵ 99,908 -5,840 0,727 0,728 99,894 99,922 0,532 

 *(skewness(𝑠ௗ))ିଵ 99,908 -5,840 0,727 0,728 99,894 99,922 0,532 

 (kurtosis(𝐾ௗ))ିଵ 99,907 -6,441 0,723 0,723 99,893 99,921 0,526 

 *(kurtosis(𝐾ௗ))ିଵ 99,907 -6,441 0,723 0,723 99,893 99,921 0,526 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,907 -6,931 0,722 0,722 99,893 99,921 0,526 

 (𝑚𝑒𝑓𝑓)ିଵ 99,906 -7,661 0,722 0,722 99,892 99,920 0,526 

3 1/𝑛 99,914 0,257 0,552 0,552 99,903 99,925 0,305 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,909 -4,652 0,584 0,584 99,898 99,920 0,343 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,911 -3,067 0,582 0,583 99,899 99,922 0,340 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,910 -3,422 0,583 0,583 99,899 99,922 0,341 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,911 -2,625 0,582 0,583 99,900 99,922 0,340 

 (skewness(𝑠ௗ))ିଵ 99,912 -1,579 0,584 0,584 99,901 99,923 0,341 

 *(skewness(𝑠ௗ))ିଵ 99,912 -1,579 0,584 0,584 99,901 99,923 0,341 

 (kurtosis(𝐾ௗ))ିଵ 99,912 -2,115 0,583 0,583 99,900 99,923 0,340 

 *(kurtosis(𝐾ௗ))ିଵ 99,912 -2,115 0,583 0,583 99,900 99,923 0,340 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,910 -3,194 0,582 0,583 99,899 99,922 0,340 

 (𝑚𝑒𝑓𝑓)ିଵ 99,910 -3,931 0,584 0,584 99,898 99,921 0,342 

5 1/𝑛 99,914 0,630 0,446 0,446 99,906 99,923 0,199 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,912 -1,857 0,444 0,444 99,903 99,920 0,197 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,913 -0,166 0,445 0,445 99,905 99,922 0,198 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,913 -0,521 0,445 0,445 99,904 99,922 0,198 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,914 0,324 0,445 0,446 99,905 99,923 0,198 

 (skewness(𝑠ௗ))ିଵ 99,915 1,352 0,451 0,451 99,906 99,924 0,203 

 *(skewness(𝑠ௗ))ିଵ 99,915 1,352 0,451 0,451 99,906 99,924 0,203 

 (kurtosis(𝐾ௗ))ିଵ 99,914 0,879 0,450 0,450 99,906 99,923 0,202 

 *(kurtosis(𝐾ௗ))ିଵ 99,914 0,879 0,450 0,450 99,906 99,923 0,202 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,914 0,326 0,446 0,446 99,905 99,923 0,199 

 (𝑚𝑒𝑓𝑓)ିଵ 99,912 -1,367 0,446 0,447 99,904 99,921 0,199 

10 1/𝑛 99,911 -2,448 0,306 0,307 99,905 99,917 0,095 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,909 -4,869 0,311 0,311 99,903 99,915 0,099 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,910 -3,277 0,307 0,308 99,904 99,916 0,096 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,910 -3,555 0,308 0,309 99,904 99,916 0,096 
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 *൫CV(𝜃ௗ)൯
ିଵ

 99,911 -2,758 0,307 0,307 99,905 99,917 0,095 

 (skewness(𝑠ௗ))ିଵ 99,912 -1,623 0,307 0,307 99,906 99,918 0,094 

 *(skewness(𝑠ௗ))ିଵ 99,912 -1,623 0,307 0,307 99,906 99,918 0,094 

 (kurtosis(𝐾ௗ))ିଵ 99,911 -2,180 0,307 0,307 99,905 99,917 0,095 

 *(kurtosis(𝐾ௗ))ିଵ 99,911 -2,180 0,307 0,307 99,905 99,917 0,095 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,910 -3,640 0,304 0,304 99,904 99,916 0,094 

 (𝑚𝑒𝑓𝑓)ିଵ 99,909 -4,582 0,307 0,307 99,903 99,915 0,096 

15 1/𝑛 99,911 -2,283 0,236 0,237 99,907 99,916 0,056 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,909 -4,670 0,239 0,239 99,904 99,914 0,059 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,911 -3,085 0,237 0,237 99,906 99,915 0,057 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,910 -3,374 0,237 0,238 99,906 99,915 0,058 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,911 -2,581 0,237 0,237 99,906 99,916 0,057 

 (skewness(𝑠ௗ))ିଵ 99,912 -1,615 0,238 0,238 99,907 99,917 0,057 

 *(skewness(𝑠ௗ))ିଵ 99,912 -1,615 0,238 0,238 99,907 99,917 0,057 

 (kurtosis(𝐾ௗ))ିଵ 99,912 -2,065 0,237 0,237 99,907 99,916 0,057 

 *(kurtosis(𝐾ௗ))ିଵ 99,912 -2,065 0,237 0,237 99,907 99,916 0,057 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,910 -3,742 0,246 0,246 99,905 99,915 0,062 

 (𝑚𝑒𝑓𝑓)ିଵ 99,910 -3,880 0,238 0,238 99,905 99,914 0,058 

20 1/𝑛 99,911 -2,840 0,217 0,217 99,907 99,915 0,048 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,908 -5,184 0,219 0,219 99,904 99,913 0,051 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,910 -3,622 0,217 0,217 99,906 99,914 0,048 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,910 -3,910 0,218 0,218 99,905 99,914 0,049 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,910 -3,130 0,217 0,217 99,906 99,915 0,048 

 (skewness(𝑠ௗ))ିଵ 99,911 -2,205 0,218 0,218 99,907 99,916 0,048 

 *(skewness(𝑠ௗ))ିଵ 99,911 -2,205 0,218 0,218 99,907 99,916 0,048 

 (kurtosis(𝐾ௗ))ିଵ 99,911 -2,643 0,217 0,218 99,907 99,915 0,048 

 *(kurtosis(𝐾ௗ))ିଵ 99,911 -2,643 0,217 0,218 99,907 99,915 0,048 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,910 -3,478 0,216 0,216 99,906 99,914 0,048 

 (𝑚𝑒𝑓𝑓)ିଵ 99,909 -4,760 0,226 0,226 99,904 99,913 0,053 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Appendix C1 

Comparing weighting strategies: Stratified Random Sampling: t-distribution, 3 d.f 
 
Scenario 1: N=1 000 000  t(3)(100,25) n=1000 D=20, 𝜃 = 99.998 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  100,008 9,871 3,316 1,048 100,002 100,015 1,109 

2 1/𝑛 100,003 5,130 2,350 0,743 99,999 100,008 0,555 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 100,005 6,581 2,346 0,742 100,000 100,009 0,555 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,004 6,172 2,351 0,743 100,000 100,009 0,556 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,005 6,240 2,339 0,740 100,000 100,009 0,551 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,004 5,952 2,350 0,743 100,000 100,009 0,556 

 (skewness(𝑠ௗ))ିଵ 100,003 4,996 2,640 0,835 99,998 100,008 0,699 

 *(skewness(𝑠ௗ))ିଵ 100,003 4,494 2,641 0,835 99,998 100,008 0,700 

 (kurtosis(𝐾ௗ))ିଵ 100,004 6,045 2,488 0,787 99,999 100,009 0,623 

 *(kurtosis(𝐾ௗ))ିଵ 100,004 6,141 2,493 0,788 100,000 100,009 0,625 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,004 6,163 2,351 0,743 100,000 100,009 0,556 

 (𝑚𝑒𝑓𝑓)ିଵ 100,004 6,174 2,335 0,738 100,000 100,009 0,549 

3 1/𝑛 100,000 2,155 1,979 0,626 99,997 100,004 0,392 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,002 3,418 1,966 0,622 99,998 100,006 0,388 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 2,943 1,979 0,626 99,997 100,005 0,393 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 3,114 1,967 0,622 99,998 100,005 0,388 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,001 2,796 1,981 0,627 99,997 100,005 0,393 

 (skewness(𝑠ௗ))ିଵ 100,001 2,456 2,376 0,751 99,996 100,005 0,565 

 *(skewness(𝑠ௗ))ିଵ 100,000 1,887 2,383 0,754 99,996 100,005 0,568 

 (kurtosis(𝐾ௗ))ିଵ 100,001 2,918 2,115 0,669 99,997 100,005 0,448 

 *(kurtosis(𝐾ௗ))ିଵ 100,001 2,950 2,119 0,670 99,997 100,005 0,450 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,001 2,994 1,980 0,626 99,997 100,005 0,393 

 (𝑚𝑒𝑓𝑓)ିଵ 100,001 3,106 1,961 0,620 99,998 100,005 0,385 

5 1/𝑛 100,001 2,256 1,537 0,486 99,998 100,004 0,237 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 2,547 1,499 0,474 99,998 100,004 0,225 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 2,418 1,511 0,478 99,998 100,004 0,229 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 2,568 1,507 0,477 99,998 100,004 0,228 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,001 2,459 1,521 0,481 99,998 100,004 0,232 

 (skewness(𝑠ௗ))ିଵ 100,000 1,188 2,051 0,649 99,995 100,004 0,421 

 *(skewness(𝑠ௗ))ିଵ 99,999 0,255 2,069 0,654 99,995 100,003 0,428 

 (kurtosis(𝐾ௗ))ିଵ 100,000 1,823 1,575 0,498 99,997 100,003 0,248 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 1,891 1,575 0,498 99,997 100,003 0,248 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,001 2,496 1,514 0,479 99,998 100,004 0,230 

 (𝑚𝑒𝑓𝑓)ିଵ 100,001 2,551 1,510 0,477 99,998 100,004 0,229 

10 1/𝑛 100,000 1,272 1,084 0,343 99,997 100,002 0,118 
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 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,964 1,050 0,332 99,998 100,002 0,111 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,604 1,063 0,336 99,998 100,002 0,113 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,827 1,058 0,335 99,998 100,002 0,112 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,588 1,070 0,338 99,998 100,002 0,115 

 (skewness(𝑠ௗ))ିଵ 100,002 4,164 1,699 0,537 99,999 100,006 0,290 

 *(skewness(𝑠ௗ))ିଵ 100,001 2,542 1,748 0,553 99,997 100,004 0,306 

 (kurtosis(𝐾ௗ))ିଵ 100,000 1,496 1,103 0,349 99,998 100,002 0,122 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 1,374 1,101 0,348 99,998 100,002 0,121 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,603 1,062 0,336 99,998 100,002 0,113 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,818 1,061 0,336 99,998 100,002 0,113 

15 1/𝑛 99,999 1,135 0,887 0,281 99,998 100,001 0,079 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,806 0,860 0,272 99,998 100,002 0,074 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,524 0,867 0,274 99,998 100,002 0,075 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,697 0,866 0,274 99,998 100,002 0,075 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,488 0,874 0,276 99,998 100,002 0,077 

 (skewness(𝑠ௗ))ିଵ 100,003 5,127 1,564 0,495 100,000 100,007 0,247 

 *(skewness(𝑠ௗ))ିଵ 100,001 2,638 1,621 0,513 99,998 100,004 0,264 

 (kurtosis(𝐾ௗ))ିଵ 100,000 1,668 0,914 0,289 99,998 100,002 0,084 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 1,558 0,910 0,288 99,998 100,002 0,083 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,522 0,867 0,274 99,998 100,002 0,075 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,626 0,870 0,275 99,998 100,002 0,076 

20 1/𝑛 100,000 1,221 0,772 0,244 99,998 100,001 0,060 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,811 0,749 0,237 99,999 100,002 0,056 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,613 0,754 0,239 99,998 100,001 0,057 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,758 0,754 0,238 99,999 100,002 0,057 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,589 0,760 0,240 99,998 100,001 0,058 

 (skewness(𝑠ௗ))ିଵ 100,002 3,237 1,509 0,477 99,999 100,005 0,229 

 *(skewness(𝑠ௗ))ିଵ 100,001 2,965 1,532 0,484 99,998 100,004 0,235 

 (kurtosis(𝐾ௗ))ିଵ 100,000 1,677 0,788 0,249 99,998 100,002 0,062 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 1,633 0,787 0,249 99,998 100,001 0,062 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,693 0,759 0,240 99,999 100,002 0,058 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,665 0,759 0,240 99,998 100,001 0,058 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 2: N=1000 000 t(3)(100,25) n=5000 D=20 𝜃 = 99.998 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,997 -1,094 1,604 5,074 99,994 100,000 2,575 

2 1/𝑛 99,997 -0,851 1,120 3,543 99,995 100,000 1,256 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 99,999 0,208 1,123 3,551 99,996 100,001 1,261 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 -0,064 1,126 3,559 99,996 100,000 1,267 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 -0,005 1,123 3,553 99,996 100,001 1,262 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,998 -0,150 1,126 3,562 99,996 100,000 1,269 

 (skewness(𝑠ௗ))ିଵ 100,000 1,372 1,273 4,025 99,997 100,002 1,622 

 *(skewness(𝑠ௗ))ିଵ 99,999 0,760 1,290 4,079 99,997 100,002 1,664 

 (kurtosis(𝐾ௗ))ିଵ 99,999 0,979 1,213 3,837 99,997 100,002 1,473 

 *(kurtosis(𝐾ௗ))ିଵ 99,999 0,859 1,218 3,850 99,997 100,002 1,483 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,998 -0,064 1,126 3,559 99,996 100,000 1,267 

 (𝑚𝑒𝑓𝑓)ିଵ 99,998 0,027 1,123 3,550 99,996 100,001 1,261 

3 1/𝑛 99,996 -2,045 0,919 2,907 99,994 99,998 0,849 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 -0,985 0,928 2,934 99,996 99,999 0,862 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,997 -1,281 0,927 2,932 99,995 99,999 0,861 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 -1,216 0,926 2,930 99,995 99,999 0,860 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,997 -1,384 0,928 2,934 99,995 99,999 0,862 

 (skewness(𝑠ௗ))ିଵ 99,998 -0,630 1,134 3,587 99,995 100,000 1,287 

 *(skewness(𝑠ௗ))ିଵ 99,997 -1,087 1,143 3,616 99,995 99,999 1,308 

 (kurtosis(𝐾ௗ))ିଵ 99,998 -0,231 1,016 3,214 99,996 100,000 1,033 

 *(kurtosis(𝐾ௗ))ିଵ 99,998 -0,349 1,017 3,217 99,996 100,000 1,035 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,997 -1,291 0,927 2,931 99,995 99,999 0,861 

 (𝑚𝑒𝑓𝑓)ିଵ 99,997 -1,193 0,927 2,932 99,995 99,999 0,861 

5 1/𝑛 99,997 -1,054 0,709 2,241 99,996 99,999 0,503 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 -0,532 0,706 2,233 99,996 99,999 0,499 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 -0,817 0,706 2,233 99,996 99,999 0,499 

 1 99,998 -0,738 0,705 2,231 99,996 99,999 0,498 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,997 -0,909 0,707 2,235 99,996 99,999 0,501 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,241 0,980 3,100 99,997 100,000 0,961 

 (skewness(𝑠ௗ))ିଵ 99,999 0,222 0,987 3,123 99,997 100,000 0,975 

 *(skewness(𝑠ௗ))ିଵ 99,998 0,168 0,783 2,476 99,997 100,000 0,613 

 (kurtosis(𝐾ௗ))ିଵ 99,998 0,054 0,782 2,474 99,997 100,000 0,612 

 *(kurtosis(𝐾ௗ))ିଵ 99,998 -0,782 0,708 2,238 99,996 99,999 0,501 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,998 -0,703 0,706 2,233 99,996 99,999 0,499 

 (𝑚𝑒𝑓𝑓)ିଵ 99,998 -0,045 0,499 1,577 99,997 99,999 0,249 

10 1/𝑛 99,999 0,386 0,493 1,560 99,998 100,000 0,243 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 0,156 0,495 1,565 99,998 99,999 0,245 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,229 0,494 1,563 99,998 100,000 0,244 
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 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 0,086 0,496 1,570 99,997 99,999 0,246 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,677 0,792 2,506 99,997 100,001 0,628 

 (skewness(𝑠ௗ))ିଵ 99,999 0,321 0,821 2,595 99,997 100,000 0,674 

 *(skewness(𝑠ௗ))ିଵ 99,999 0,667 0,542 1,713 99,998 100,000 0,294 

 (kurtosis(𝐾ௗ))ିଵ 99,999 0,608 0,542 1,713 99,998 100,000 0,294 

 *(kurtosis(𝐾ௗ))ିଵ 99,998 0,172 0,495 1,564 99,998 99,999 0,245 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 0,269 0,494 1,563 99,998 100,000 0,244 

 (𝑚𝑒𝑓𝑓)ିଵ 99,998 0,033 0,407 1,287 99,998 99,999 0,166 

15 1/𝑛 99,999 0,438 0,402 1,270 99,998 100,000 0,161 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,240 0,404 1,276 99,998 99,999 0,163 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,300 0,403 1,274 99,998 99,999 0,162 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 0,169 0,405 1,281 99,998 99,999 0,164 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,721 0,744 2,352 99,998 100,000 0,554 

 (skewness(𝑠ௗ))ିଵ 99,999 0,368 0,759 2,399 99,997 100,000 0,576 

 *(skewness(𝑠ௗ))ିଵ 99,999 0,591 0,433 1,369 99,998 100,000 0,188 

 (kurtosis(𝐾ௗ))ିଵ 99,999 0,547 0,434 1,371 99,998 100,000 0,188 

 *(kurtosis(𝐾ௗ))ିଵ 99,999 0,242 0,404 1,277 99,998 99,999 0,163 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 0,295 0,403 1,275 99,998 99,999 0,163 

 (𝑚𝑒𝑓𝑓)ିଵ 99,998 -0,395 0,356 1,127 99,997 99,999 0,127 

20 1/𝑛 99,998 0,018 0,352 1,113 99,998 99,999 0,124 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 -0,180 0,353 1,118 99,997 99,999 0,125 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 -0,122 0,353 1,116 99,998 99,999 0,125 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 -0,254 0,355 1,121 99,997 99,999 0,126 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,954 0,697 2,205 99,998 100,001 0,487 

 (skewness(𝑠ௗ))ିଵ 99,999 0,262 0,711 2,248 99,997 100,000 0,505 

 *(skewness(𝑠ௗ))ିଵ 99,998 0,160 0,380 1,202 99,998 99,999 0,145 

 (kurtosis(𝐾ௗ))ିଵ 99,998 0,125 0,380 1,201 99,998 99,999 0,144 

 *(kurtosis(𝐾ௗ))ିଵ 99,998 -0,178 0,353 1,118 99,997 99,999 0,125 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,998 -0,131 0,353 1,117 99,997 99,999 0,125 

 (𝑚𝑒𝑓𝑓)ିଵ 99,997 -1,094 1,604 5,074 99,994 100,000 2,575 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 3: N=1000 000  t(3)(100,25) n=10000 D=20 𝜃 = 99.998 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  100,000 1,207 1,093 3,456 99,997 100,002 1,196 

2 1/𝑛 99,999 0,622 0,783 2,477 99,997 100,000 0,614 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 100,000 1,354 0,789 2,496 99,998 100,001 0,625 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 1,173 0,787 2,489 99,998 100,001 0,621 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,207 0,788 2,490 99,998 100,001 0,622 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,999 1,113 0,787 2,489 99,998 100,001 0,621 

 (skewness(𝑠ௗ))ିଵ 100,000 2,095 0,887 2,804 99,999 100,002 0,791 

 *(skewness(𝑠ௗ))ିଵ 100,001 2,191 0,890 2,814 99,999 100,002 0,797 

 (kurtosis(𝐾ௗ))ିଵ 100,000 2,179 0,860 2,720 99,999 100,002 0,744 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 2,114 0,863 2,729 99,999 100,002 0,749 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 1,173 0,787 2,489 99,998 100,001 0,621 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,228 0,788 2,493 99,998 100,001 0,623 

3 1/𝑛 99,999 1,149 0,635 2,009 99,998 100,001 0,405 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,723 0,635 2,009 99,999 100,001 0,406 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 1,578 0,634 2,006 99,999 100,001 0,405 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,608 0,635 2,007 99,999 100,001 0,405 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,000 1,529 0,635 2,007 99,999 100,001 0,405 

 (skewness(𝑠ௗ))ିଵ 100,001 2,296 0,776 2,453 99,999 100,002 0,607 

 *(skewness(𝑠ௗ))ିଵ 100,001 2,204 0,781 2,469 99,999 100,002 0,614 

 (kurtosis(𝐾ௗ))ିଵ 100,001 2,317 0,703 2,222 99,999 100,002 0,499 

 *(kurtosis(𝐾ௗ))ିଵ 100,001 2,270 0,706 2,233 99,999 100,002 0,504 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,000 1,600 0,635 2,007 99,999 100,001 0,405 

 (𝑚𝑒𝑓𝑓)ିଵ 100,000 1,616 0,635 2,009 99,999 100,001 0,406 

5 1/𝑛 99,999 0,683 0,479 1,516 99,998 100,000 0,230 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,996 0,476 1,505 99,998 100,000 0,228 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,834 0,478 1,511 99,998 100,000 0,229 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,862 0,477 1,508 99,998 100,000 0,228 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,770 0,478 1,513 99,998 100,000 0,229 

 (skewness(𝑠ௗ))ିଵ 100,000 2,084 0,658 2,081 99,999 100,002 0,437 

 *(skewness(𝑠ௗ))ିଵ 100,000 1,773 0,671 2,123 99,999 100,001 0,454 

 (kurtosis(𝐾ௗ))ିଵ 100,000 1,607 0,534 1,690 99,999 100,001 0,288 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 1,549 0,537 1,699 99,999 100,001 0,291 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 0,859 0,479 1,513 99,998 100,000 0,230 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,866 0,476 1,507 99,998 100,000 0,228 

10 1/𝑛 99,999 0,210 0,346 1,093 99,998 99,999 0,119 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,533 0,344 1,088 99,998 100,000 0,119 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,347 0,345 1,090 99,998 99,999 0,119 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,402 0,344 1,089 99,998 99,999 0,119 
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 *൫CV(𝜃ௗ)൯
ିଵ

 99,999 0,292 0,345 1,091 99,998 99,999 0,119 

 (skewness(𝑠ௗ))ିଵ 100,000 1,764 0,544 1,719 99,999 100,001 0,299 

 *(skewness(𝑠ௗ))ିଵ 100,000 1,878 0,557 1,762 99,999 100,001 0,314 

 (kurtosis(𝐾ௗ))ିଵ 99,999 1,024 0,376 1,191 99,999 100,000 0,143 

 *(kurtosis(𝐾ௗ))ିଵ 99,999 0,973 0,377 1,193 99,999 100,000 0,143 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,999 0,336 0,345 1,090 99,998 99,999 0,119 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,407 0,345 1,091 99,998 99,999 0,119 

15 1/𝑛 99,998 -0,010 0,282 0,892 99,998 99,999 0,079 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,273 0,281 0,887 99,998 99,999 0,079 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 0,114 0,281 0,888 99,998 99,999 0,079 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 0,161 0,281 0,888 99,998 99,999 0,079 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,998 0,066 0,281 0,890 99,998 99,999 0,079 

 (skewness(𝑠ௗ))ିଵ 100,000 1,297 0,520 1,643 99,999 100,001 0,272 

 *(skewness(𝑠ௗ))ିଵ 99,999 1,073 0,520 1,643 99,998 100,000 0,271 

 (kurtosis(𝐾ௗ))ିଵ 99,999 0,654 0,311 0,984 99,998 100,000 0,097 

 *(kurtosis(𝐾ௗ))ିଵ 99,999 0,614 0,312 0,986 99,998 100,000 0,098 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,998 0,130 0,281 0,888 99,998 99,999 0,079 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,190 0,281 0,888 99,998 99,999 0,079 

20 1/𝑛 99,998 0,006 0,240 0,759 99,998 99,999 0,058 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,999 0,275 0,238 0,753 99,998 99,999 0,057 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,998 0,123 0,239 0,756 99,998 99,999 0,057 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,998 0,171 0,239 0,755 99,998 99,999 0,057 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,998 0,079 0,240 0,757 99,998 99,999 0,057 

 (skewness(𝑠ௗ))ିଵ 99,999 0,703 0,506 1,599 99,998 100,000 0,256 

 *(skewness(𝑠ௗ))ିଵ 99,999 0,578 0,514 1,626 99,998 100,000 0,265 

 (kurtosis(𝐾ௗ))ିଵ 99,999 0,538 0,266 0,841 99,998 99,999 0,071 

 *(kurtosis(𝐾ௗ))ିଵ 99,999 0,510 0,267 0,845 99,998 99,999 0,072 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,998 0,131 0,239 0,757 99,998 99,999 0,057 

 (𝑚𝑒𝑓𝑓)ିଵ 99,999 0,183 0,238 0,754 99,998 99,999 0,057 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Appendix C2 

Comparing weighting strategies: Cluster Random Sampling: t-distribution, 3 d.f 
 
Scenario 1: N=1 000 000  t(3)(100,25) n=1000 D=20, 𝜃 = 100.010 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,981 -2,931 3,051 3,051 99,921 100,041 9,393 

2 1/𝑛 100,015 0,461 1,881 1,880 99,978 100,052 3,539 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 100,006 -0,389 2,199 2,199 99,963 100,049 4,839 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 -0,704 2,177 2,177 99,960 100,046 4,744 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,005 -0,480 2,176 2,176 99,963 100,048 4,739 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,004 -0,653 2,174 2,174 99,961 100,046 4,732 

 (skewness(𝑠ௗ))ିଵ 100,002 -0,791 2,538 2,538 99,952 100,052 6,448 

 *(skewness(𝑠ௗ))ିଵ 100,002 -0,791 2,538 2,538 99,952 100,052 6,448 

 (kurtosis(𝐾ௗ))ିଵ 99,999 -1,145 2,367 2,367 99,952 100,045 5,614 

 *(kurtosis(𝐾ௗ))ିଵ 99,999 -1,145 2,367 2,367 99,952 100,045 5,614 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,003 -0,727 2,175 2,175 99,960 100,046 4,735 

 (𝑚𝑒𝑓𝑓)ିଵ 100,007 -0,358 2,200 2,199 99,963 100,050 4,839 

3 1/𝑛 100,019 0,908 1,731 1,731 99,985 100,053 3,005 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,009 -0,069 1,968 1,968 99,971 100,048 3,875 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,007 -0,266 1,958 1,958 99,969 100,046 3,835 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,009 -0,081 1,958 1,958 99,971 100,048 3,834 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,008 -0,167 1,969 1,968 99,970 100,047 3,876 

 (skewness(𝑠ௗ))ିଵ 100,010 -0,058 2,394 2,394 99,963 100,056 5,731 

 *(skewness(𝑠ௗ))ିଵ 100,010 -0,058 2,394 2,394 99,963 100,056 5,731 

 (kurtosis(𝐾ௗ))ିଵ 100,001 -0,923 2,201 2,201 99,958 100,044 4,852 

 *(kurtosis(𝐾ௗ))ିଵ 100,001 -0,923 2,201 2,201 99,958 100,044 4,852 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,005 -0,531 2,005 2,005 99,966 100,044 4,023 

 (𝑚𝑒𝑓𝑓)ିଵ 100,009 -0,153 1,995 1,995 99,970 100,048 3,981 

5 1/𝑛 100,007 -0,338 1,469 1,469 99,978 100,036 2,159 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,005 -0,480 1,477 1,477 99,976 100,034 2,185 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,006 -0,465 1,441 1,441 99,977 100,034 2,078 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,006 -0,376 1,459 1,458 99,978 100,035 2,129 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,007 -0,315 1,450 1,450 99,979 100,035 2,104 

 (skewness(𝑠ௗ))ିଵ 99,987 -2,302 2,000 2,000 99,948 100,026 4,052 

 *(skewness(𝑠ௗ))ିଵ 99,987 -2,302 2,000 2,000 99,948 100,026 4,052 

 (kurtosis(𝐾ௗ))ିଵ 100,000 -0,968 1,576 1,576 99,970 100,031 2,492 

 *(kurtosis(𝐾ௗ))ିଵ 100,000 -0,968 1,576 1,576 99,970 100,031 2,492 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,005 -0,528 1,443 1,443 99,977 100,033 2,085 

 (𝑚𝑒𝑓𝑓)ିଵ 100,005 -0,541 1,516 1,516 99,975 100,034 2,301 

10 1/𝑛 100,003 -0,750 0,903 0,903 99,985 100,020 0,821 
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 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,994 -1,590 0,930 0,930 99,976 100,012 0,891 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -0,919 0,894 0,894 99,983 100,018 0,807 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,999 -1,143 0,901 0,901 99,981 100,016 0,825 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,003 -0,725 0,894 0,894 99,985 100,020 0,805 

 (skewness(𝑠ௗ))ିଵ 100,004 -0,619 1,764 1,764 99,969 100,039 3,116 

 *(skewness(𝑠ௗ))ିଵ 100,004 -0,619 1,764 1,764 99,969 100,039 3,116 

 (kurtosis(𝐾ௗ))ିଵ 100,003 -0,683 1,033 1,033 99,983 100,024 1,073 

 *(kurtosis(𝐾ௗ))ିଵ 100,003 -0,683 1,033 1,033 99,983 100,024 1,073 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,002 -0,813 0,917 0,917 99,984 100,020 0,848 

 (𝑚𝑒𝑓𝑓)ିଵ 99,995 -1,548 0,976 0,976 99,976 100,014 0,977 

15 1/𝑛 100,010 0,002 0,749 0,749 99,995 100,025 0,561 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,996 -1,426 0,729 0,729 99,982 100,010 0,552 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,006 -0,407 0,732 0,732 99,992 100,020 0,537 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,003 -0,707 0,728 0,728 99,989 100,017 0,535 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,009 -0,104 0,737 0,737 99,995 100,024 0,543 

 (skewness(𝑠ௗ))ିଵ 100,005 -0,466 1,786 1,786 99,970 100,040 3,191 

 *(skewness(𝑠ௗ))ିଵ 100,005 -0,466 1,786 1,786 99,970 100,040 3,191 

 (kurtosis(𝐾ௗ))ିଵ 100,012 0,137 0,884 0,884 99,994 100,029 0,782 

 *(kurtosis(𝐾ௗ))ିଵ 100,012 0,137 0,884 0,884 99,994 100,029 0,782 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,004 -0,593 0,758 0,758 99,989 100,019 0,578 

 (𝑚𝑒𝑓𝑓)ିଵ 99,996 -1,430 0,773 0,774 99,981 100,011 0,619 

20 1/𝑛 100,014 0,362 0,746 0,746 99,999 100,028 0,557 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,000 -1,027 0,733 0,733 99,986 100,014 0,548 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,009 -0,075 0,735 0,735 99,995 100,024 0,540 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,007 -0,319 0,732 0,731 99,993 100,021 0,536 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,013 0,243 0,737 0,737 99,998 100,027 0,544 

 (skewness(𝑠ௗ))ିଵ 100,002 -0,787 1,695 1,695 99,969 100,036 2,878 

 *(skewness(𝑠ௗ))ିଵ 100,002 -0,787 1,695 1,695 99,969 100,036 2,878 

 (kurtosis(𝐾ௗ))ିଵ 100,013 0,321 0,843 0,843 99,997 100,030 0,711 

 *(kurtosis(𝐾ௗ))ିଵ 100,013 0,321 0,843 0,843 99,997 100,030 0,711 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,007 -0,351 0,789 0,789 99,991 100,022 0,624 

 (𝑚𝑒𝑓𝑓)ିଵ 99,998 -1,213 0,864 0,864 99,981 100,015 0,762 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 2: N=1000 000 t(3)(100,25) n=5000 D=20 𝜃 = 100.010 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,994 -1,627 1,527 1,527 99,964 100,024 2,357 

2 1/𝑛 100,025 1,532 0,945 0,944 100,007 100,044 0,916 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 100,010 0,010 1,062 1,062 99,989 100,031 1,128 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,012 0,195 1,069 1,069 99,991 100,033 1,143 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,012 0,161 1,060 1,059 99,991 100,033 1,123 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,013 0,254 1,064 1,064 99,992 100,034 1,133 

 (skewness(𝑠ௗ))ିଵ 100,007 -0,346 1,354 1,354 99,980 100,033 1,834 

 *(skewness(𝑠ௗ))ିଵ 100,007 -0,346 1,354 1,354 99,980 100,033 1,834 

 (kurtosis(𝐾ௗ))ିଵ 100,014 0,421 1,250 1,250 99,990 100,039 1,565 

 *(kurtosis(𝐾ௗ))ିଵ 100,014 0,421 1,250 1,250 99,990 100,039 1,565 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,012 0,195 1,069 1,069 99,991 100,033 1,143 

 (𝑚𝑒𝑓𝑓)ିଵ 100,011 0,110 1,057 1,056 99,991 100,032 1,117 

3 1/𝑛 100,021 1,090 0,715 0,714 100,007 100,035 0,522 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,008 -0,265 0,801 0,801 99,992 100,023 0,642 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,010 -0,040 0,811 0,811 99,994 100,026 0,658 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,009 -0,069 0,797 0,797 99,994 100,025 0,636 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,011 0,037 0,804 0,804 99,995 100,026 0,646 

 (skewness(𝑠ௗ))ିଵ 100,002 -0,854 1,129 1,129 99,979 100,024 1,281 

 *(skewness(𝑠ௗ))ିଵ 100,002 -0,854 1,129 1,129 99,979 100,024 1,281 

 (kurtosis(𝐾ௗ))ିଵ 100,009 -0,138 0,977 0,977 99,990 100,028 0,955 

 *(kurtosis(𝐾ௗ))ିଵ 100,009 -0,138 0,977 0,977 99,990 100,028 0,955 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,011 0,042 0,814 0,814 99,995 100,027 0,663 

 (𝑚𝑒𝑓𝑓)ିଵ 100,009 -0,086 0,791 0,791 99,994 100,025 0,625 

5 1/𝑛 100,007 -0,364 0,670 0,670 99,993 100,020 0,450 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,004 -0,644 0,669 0,669 99,991 100,017 0,452 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,006 -0,441 0,673 0,673 99,993 100,019 0,454 

 1 100,005 -0,489 0,668 0,668 99,992 100,018 0,449 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,006 -0,389 0,671 0,671 99,993 100,019 0,452 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,998 -1,254 0,990 0,990 99,978 100,017 0,997 

 (skewness(𝑠ௗ))ିଵ 99,998 -1,254 0,990 0,990 99,978 100,017 0,997 

 *(skewness(𝑠ௗ))ିଵ 100,005 -0,554 0,770 0,770 99,990 100,020 0,596 

 (kurtosis(𝐾ௗ))ିଵ 100,005 -0,554 0,770 0,770 99,990 100,020 0,596 

 *(kurtosis(𝐾ௗ))ିଵ 100,005 -0,525 0,680 0,680 99,992 100,018 0,465 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,005 -0,559 0,669 0,669 99,991 100,018 0,451 

 (𝑚𝑒𝑓𝑓)ିଵ 100,006 -0,398 0,457 0,457 99,997 100,015 0,211 

10 1/𝑛 100,003 -0,743 0,436 0,436 99,994 100,011 0,196 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,006 -0,415 0,449 0,449 99,997 100,015 0,203 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,005 -0,552 0,445 0,445 99,996 100,013 0,201 
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 ൫CV(𝜃ௗ)൯
ିଵ

 100,006 -0,387 0,452 0,452 99,997 100,015 0,206 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,997 -1,280 0,907 0,907 99,980 100,015 0,840 

 (skewness(𝑠ௗ))ିଵ 99,997 -1,280 0,907 0,907 99,980 100,015 0,840 

 *(skewness(𝑠ௗ))ିଵ 100,008 -0,241 0,536 0,536 99,997 100,018 0,287 

 (kurtosis(𝐾ௗ))ିଵ 100,008 -0,241 0,536 0,536 99,997 100,018 0,287 

 *(kurtosis(𝐾ௗ))ିଵ 100,005 -0,482 0,459 0,459 99,996 100,014 0,213 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,003 -0,742 0,452 0,452 99,994 100,012 0,210 

 (𝑚𝑒𝑓𝑓)ିଵ 100,006 -0,371 0,370 0,370 99,999 100,014 0,139 

15 1/𝑛 100,002 -0,790 0,353 0,353 99,995 100,009 0,131 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,006 -0,431 0,363 0,363 99,999 100,013 0,134 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,004 -0,566 0,360 0,360 99,997 100,012 0,133 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,006 -0,381 0,366 0,366 99,999 100,014 0,136 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,999 -1,080 0,760 0,760 99,984 100,014 0,590 

 (skewness(𝑠ௗ))ିଵ 99,999 -1,080 0,760 0,760 99,984 100,014 0,590 

 *(skewness(𝑠ௗ))ିଵ 100,007 -0,338 0,404 0,404 99,999 100,015 0,165 

 (kurtosis(𝐾ௗ))ିଵ 100,007 -0,338 0,404 0,404 99,999 100,015 0,165 

 *(kurtosis(𝐾ௗ))ିଵ 100,006 -0,461 0,365 0,365 99,998 100,013 0,135 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,003 -0,723 0,362 0,362 99,996 100,010 0,136 

 (𝑚𝑒𝑓𝑓)ିଵ 100,008 -0,199 0,327 0,327 100,002 100,015 0,107 

20 1/𝑛 100,004 -0,635 0,319 0,319 99,998 100,010 0,106 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,007 -0,269 0,321 0,321 100,001 100,014 0,104 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,006 -0,404 0,322 0,322 100,000 100,012 0,105 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,008 -0,213 0,324 0,324 100,002 100,014 0,105 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,004 -0,574 0,752 0,752 99,990 100,019 0,568 

 (skewness(𝑠ௗ))ିଵ 100,004 -0,574 0,752 0,752 99,990 100,019 0,568 

 *(skewness(𝑠ௗ))ିଵ 100,007 -0,276 0,368 0,367 100,000 100,015 0,136 

 (kurtosis(𝐾ௗ))ିଵ 100,007 -0,276 0,368 0,367 100,000 100,015 0,136 

 *(kurtosis(𝐾ௗ))ିଵ 100,007 -0,343 0,332 0,332 100,000 100,013 0,111 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,003 -0,672 0,340 0,340 99,997 100,010 0,120 

 (𝑚𝑒𝑓𝑓)ିଵ 99,994 -1,627 1,527 1,527 99,964 100,024 2,357 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 3: N=1000 000  t(3)(100,25) n=10000 D=20 𝜃 = 99.998 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,994 -1,574 9,449 9,449 99,976 100,013 9,176 

2 1/𝑛 99,999 -1,082 6,461 6,461 99,987 100,012 4,291 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 100,003 -0,690 6,410 6,410 99,991 100,016 4,156 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,005 -0,539 6,488 6,488 99,992 100,017 4,238 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,004 -0,617 6,410 6,410 99,991 100,017 4,147 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,005 -0,540 6,454 6,453 99,992 100,017 4,194 

 (skewness(𝑠ௗ))ିଵ 100,008 -0,208 8,589 8,588 99,991 100,025 7,382 

 *(skewness(𝑠ௗ))ିଵ 100,008 -0,208 8,589 8,588 99,991 100,025 7,382 

 (kurtosis(𝐾ௗ))ିଵ 100,006 -0,438 7,682 7,682 99,991 100,021 5,921 

 *(kurtosis(𝐾ௗ))ିଵ 100,006 -0,438 7,682 7,682 99,991 100,021 5,921 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,005 -0,543 6,491 6,491 99,992 100,017 4,243 

 (𝑚𝑒𝑓𝑓)ିଵ 100,003 -0,704 6,379 6,379 99,991 100,016 4,119 

3 1/𝑛 99,999 -1,090 5,228 5,228 99,989 100,010 2,852 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 -0,694 5,267 5,266 99,993 100,014 2,822 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,005 -0,540 5,272 5,272 99,994 100,015 2,809 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,004 -0,628 5,255 5,255 99,994 100,014 2,801 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,005 -0,549 5,261 5,260 99,994 100,015 2,798 

 (skewness(𝑠ௗ))ିଵ 100,008 -0,252 7,140 7,139 99,994 100,022 5,104 

 *(skewness(𝑠ௗ))ିଵ 100,008 -0,252 7,140 7,139 99,994 100,022 5,104 

 (kurtosis(𝐾ௗ))ିଵ 100,007 -0,323 6,070 6,070 99,995 100,019 3,695 

 *(kurtosis(𝐾ௗ))ିଵ 100,007 -0,323 6,070 6,070 99,995 100,019 3,695 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,005 -0,561 5,263 5,263 99,994 100,015 2,802 

 (𝑚𝑒𝑓𝑓)ିଵ 100,003 -0,734 5,274 5,274 99,992 100,013 2,836 

5 1/𝑛 100,002 -0,850 4,491 4,491 99,993 100,010 2,089 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,001 -0,964 4,489 4,489 99,992 100,009 2,108 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,002 -0,852 4,533 4,533 99,993 100,011 2,128 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,001 -0,899 4,487 4,487 99,992 100,010 2,094 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,002 -0,844 4,511 4,510 99,993 100,011 2,106 

 (skewness(𝑠ௗ))ିଵ 100,010 0,021 6,777 6,777 99,997 100,024 4,593 

 *(skewness(𝑠ௗ))ିଵ 100,010 0,021 6,777 6,777 99,997 100,024 4,593 

 (kurtosis(𝐾ௗ))ିଵ 100,004 -0,626 5,214 5,214 99,994 100,014 2,758 

 *(kurtosis(𝐾ௗ))ିଵ 100,004 -0,626 5,214 5,214 99,994 100,014 2,758 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,002 -0,840 4,545 4,545 99,993 100,011 2,137 

 (𝑚𝑒𝑓𝑓)ିଵ 100,001 -0,922 4,512 4,512 99,992 100,010 2,121 

10 1/𝑛 100,004 -0,642 3,162 3,162 99,998 100,010 1,041 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,003 -0,756 3,205 3,205 99,996 100,009 1,084 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,004 -0,646 3,218 3,218 99,997 100,010 1,077 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,003 -0,691 3,179 3,179 99,997 100,009 1,058 
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 *൫CV(𝜃ௗ)൯
ିଵ

 100,004 -0,635 3,189 3,189 99,998 100,010 1,057 

 (skewness(𝑠ௗ))ିଵ 100,006 -0,394 5,886 5,886 99,995 100,018 3,480 

 *(skewness(𝑠ௗ))ିଵ 100,006 -0,394 5,886 5,886 99,995 100,018 3,480 

 (kurtosis(𝐾ௗ))ିଵ 100,006 -0,406 3,931 3,931 99,998 100,014 1,562 

 *(kurtosis(𝐾ௗ))ିଵ 100,006 -0,406 3,931 3,931 99,998 100,014 1,562 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,004 -0,604 3,219 3,219 99,998 100,010 1,073 

 (𝑚𝑒𝑓𝑓)ିଵ 100,003 -0,735 3,140 3,140 99,997 100,009 1,040 

15 1/𝑛 100,007 -0,279 2,501 2,501 100,002 100,012 0,633 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,006 -0,420 2,471 2,471 100,001 100,011 0,628 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,007 -0,284 2,505 2,505 100,002 100,012 0,636 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,007 -0,279 2,501 2,501 100,002 100,012 0,633 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,007 -0,341 2,481 2,481 100,002 100,012 0,627 

 (skewness(𝑠ௗ))ିଵ 100,007 -0,271 2,501 2,501 100,003 100,012 0,633 

 *(skewness(𝑠ௗ))ିଵ 100,005 -0,534 5,437 5,436 99,994 100,015 2,984 

 (kurtosis(𝐾ௗ))ିଵ 100,005 -0,534 5,437 5,436 99,994 100,015 2,984 

 *(kurtosis(𝐾ௗ))ିଵ 100,009 -0,108 3,058 3,058 100,003 100,015 0,936 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,009 -0,108 3,058 3,058 100,003 100,015 0,936 

 (𝑚𝑒𝑓𝑓)ିଵ 100,007 -0,324 2,552 2,552 100,002 100,012 0,662 

20 1/𝑛 100,005 -0,480 2,566 2,566 100,000 100,010 0,681 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,007 -0,313 2,291 2,291 100,003 100,012 0,535 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 100,005 -0,470 2,259 2,259 100,001 100,010 0,532 

 ൫CV(𝜃ௗ)൯
ିଵ

 100,007 -0,325 2,285 2,284 100,002 100,011 0,533 

 *൫CV(𝜃ௗ)൯
ିଵ

 100,006 -0,382 2,271 2,270 100,002 100,011 0,530 

 (skewness(𝑠ௗ))ିଵ 100,007 -0,309 2,286 2,286 100,003 100,012 0,532 

 *(skewness(𝑠ௗ))ିଵ 100,003 -0,711 4,919 4,919 99,993 100,013 2,470 

 (kurtosis(𝐾ௗ))ିଵ 100,003 -0,711 4,919 4,919 99,993 100,013 2,470 

 *(kurtosis(𝐾ௗ))ିଵ 100,009 -0,094 2,594 2,594 100,004 100,014 0,674 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 100,009 -0,094 2,594 2,594 100,004 100,014 0,674 

 (𝑚𝑒𝑓𝑓)ିଵ 100,007 -0,327 2,284 2,284 100,002 100,011 0,532 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Appendix D1 

Comparing weighting strategies: Stratified Random Sampling: Skewed t-distribution, 3 
d.f 
Scenario 1: N=1 000 000  at(3)(100,25) n=1000 D=20, 𝜃 = 99.970 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,974 0,396 3,509 1,110 99,967 99,981 1,233 

2 1/𝑛 99,975 0,490 2,469 0,781 99,970 99,980 0,612 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 99,965 -0,563 2,474 0,783 99,960 99,969 0,615 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,970 -0,044 2,455 0,776 99,965 99,975 0,602 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,969 -0,098 2,459 0,778 99,964 99,974 0,605 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,972 0,182 2,465 0,780 99,967 99,977 0,608 

 (skewness(𝑠ௗ))ିଵ 99,960 -1,016 2,626 0,831 99,955 99,965 0,700 

 *(skewness(𝑠ௗ))ିଵ 99,960 -0,989 2,630 0,832 99,955 99,966 0,701 

 (kurtosis(𝐾ௗ))ିଵ 99,960 -1,004 2,681 0,848 99,955 99,965 0,729 

 *(kurtosis(𝐾ௗ))ିଵ 99,961 -0,967 2,675 0,846 99,955 99,966 0,725 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,970 -0,041 2,455 0,776 99,965 99,975 0,603 

 (𝑚𝑒𝑓𝑓)ିଵ 99,969 -0,157 2,473 0,782 99,964 99,974 0,612 

3 1/𝑛 99,974 0,373 1,980 0,626 99,970 99,978 0,394 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,961 -0,912 1,980 0,626 99,957 99,965 0,400 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,968 -0,250 1,959 0,620 99,964 99,972 0,384 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,967 -0,331 1,964 0,621 99,963 99,971 0,387 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,970 0,024 1,966 0,622 99,967 99,974 0,387 

 (skewness(𝑠ௗ))ିଵ 99,955 -1,514 2,134 0,675 99,951 99,959 0,478 

 *(skewness(𝑠ௗ))ିଵ 99,955 -1,483 2,146 0,679 99,951 99,960 0,483 

 (kurtosis(𝐾ௗ))ିଵ 99,956 -1,428 2,182 0,690 99,952 99,960 0,497 

 *(kurtosis(𝐾ௗ))ିଵ 99,957 -1,373 2,180 0,690 99,952 99,961 0,494 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,968 -0,253 1,959 0,620 99,964 99,972 0,384 

 (𝑚𝑒𝑓𝑓)ିଵ 99,966 -0,411 1,981 0,627 99,962 99,970 0,394 

5 1/𝑛 99,971 0,033 1,543 0,488 99,968 99,974 0,238 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,956 -1,448 1,528 0,484 99,953 99,959 0,255 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,964 -0,639 1,508 0,477 99,961 99,967 0,231 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,963 -0,745 1,517 0,480 99,960 99,966 0,236 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,967 -0,307 1,518 0,480 99,964 99,970 0,231 

 (skewness(𝑠ௗ))ିଵ 99,948 -2,242 1,657 0,524 99,945 99,951 0,325 

 *(skewness(𝑠ௗ))ିଵ 99,948 -2,225 1,671 0,529 99,945 99,951 0,329 

 (kurtosis(𝐾ௗ))ିଵ 99,949 -2,082 1,665 0,527 99,946 99,953 0,320 

 *(kurtosis(𝐾ௗ))ିଵ 99,950 -2,029 1,662 0,526 99,947 99,953 0,317 
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 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,964 -0,639 1,508 0,477 99,961 99,967 0,231 

 (𝑚𝑒𝑓𝑓)ିଵ 99,962 -0,848 1,536 0,486 99,959 99,965 0,243 

10 1/𝑛 99,971 0,075 1,077 0,341 99,969 99,973 0,116 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,955 -1,514 1,072 0,339 99,953 99,957 0,138 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,964 -0,643 1,062 0,336 99,962 99,966 0,117 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,963 -0,753 1,062 0,336 99,961 99,965 0,118 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,967 -0,288 1,065 0,337 99,965 99,969 0,114 

 (skewness(𝑠ௗ))ିଵ 99,946 -2,438 1,190 0,377 99,944 99,948 0,201 

 *(skewness(𝑠ௗ))ିଵ 99,946 -2,415 1,207 0,382 99,944 99,948 0,204 

 (kurtosis(𝐾ௗ))ିଵ 99,948 -2,221 1,189 0,376 99,946 99,950 0,191 

 *(kurtosis(𝐾ௗ))ିଵ 99,949 -2,157 1,190 0,377 99,946 99,951 0,188 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,964 -0,643 1,062 0,336 99,962 99,966 0,117 

 (𝑚𝑒𝑓𝑓)ିଵ 99,962 -0,860 1,071 0,339 99,960 99,964 0,122 

15 1/𝑛 99,971 0,109 0,879 0,278 99,970 99,973 0,077 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,955 -1,522 0,876 0,277 99,953 99,957 0,100 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,964 -0,617 0,866 0,274 99,962 99,966 0,079 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,963 -0,740 0,868 0,274 99,961 99,965 0,081 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,968 -0,258 0,869 0,275 99,966 99,969 0,076 

 (skewness(𝑠ௗ))ିଵ 99,946 -2,455 0,980 0,310 99,944 99,948 0,156 

 *(skewness(𝑠ௗ))ିଵ 99,946 -2,432 0,998 0,316 99,944 99,948 0,159 

 (kurtosis(𝐾ௗ))ିଵ 99,948 -2,210 0,971 0,307 99,946 99,950 0,143 

 *(kurtosis(𝐾ௗ))ିଵ 99,949 -2,142 0,972 0,308 99,947 99,951 0,140 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,964 -0,610 0,868 0,275 99,962 99,966 0,079 

 (𝑚𝑒𝑓𝑓)ିଵ 99,962 -0,858 0,876 0,277 99,960 99,963 0,084 

20 1/𝑛 99,970 0,025 0,773 0,245 99,969 99,972 0,060 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,954 -1,637 0,767 0,243 99,952 99,955 0,086 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,963 -0,710 0,764 0,242 99,962 99,965 0,063 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,962 -0,840 0,761 0,241 99,960 99,963 0,065 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,967 -0,347 0,765 0,242 99,965 99,968 0,060 

 (skewness(𝑠ௗ))ିଵ 99,944 -2,607 0,864 0,273 99,942 99,946 0,142 

 *(skewness(𝑠ௗ))ିଵ 99,944 -2,580 0,882 0,279 99,943 99,946 0,144 

 (kurtosis(𝐾ௗ))ିଵ 99,947 -2,346 0,854 0,270 99,945 99,948 0,128 

 *(kurtosis(𝐾ௗ))ିଵ 99,948 -2,274 0,856 0,271 99,946 99,949 0,125 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,963 -0,702 0,763 0,241 99,962 99,965 0,063 

 (𝑚𝑒𝑓𝑓)ିଵ 99,961 -0,964 0,764 0,242 99,959 99,962 0,068 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 2: N=1000 000 at(3)(100,25) n=5000 D=20 𝜃 = 99.970 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,971 0,607 1,533 4,848 99,968 99,974 2,350 

2 1/𝑛 99,972 1,321 1,079 3,413 99,969 99,974 1,166 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 99,969 -0,763 1,082 3,423 99,967 99,972 1,171 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,971 0,427 1,081 3,418 99,969 99,973 1,168 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,971 0,295 1,082 3,422 99,968 99,973 1,170 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,971 0,899 1,083 3,425 99,969 99,973 1,173 

 (skewness(𝑠ௗ))ିଵ 99,967 -2,793 1,130 3,574 99,965 99,970 1,285 

 *(skewness(𝑠ௗ))ିଵ 99,968 -2,669 1,134 3,588 99,965 99,970 1,294 

 (kurtosis(𝐾ௗ))ିଵ 99,967 -3,599 1,186 3,751 99,964 99,969 1,419 

 *(kurtosis(𝐾ௗ))ିଵ 99,967 -3,387 1,188 3,757 99,965 99,969 1,422 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,971 0,429 1,081 3,418 99,969 99,973 1,168 

 (𝑚𝑒𝑓𝑓)ିଵ 99,970 0,143 1,084 3,430 99,968 99,973 1,176 

3 1/𝑛 99,971 0,276 0,859 2,716 99,969 99,972 0,738 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,968 -2,510 0,864 2,733 99,966 99,969 0,753 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -0,850 0,860 2,722 99,968 99,971 0,741 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,969 -1,090 0,862 2,727 99,967 99,971 0,744 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,970 -0,242 0,862 2,726 99,968 99,972 0,743 

 (skewness(𝑠ௗ))ିଵ 99,965 -5,156 0,917 2,902 99,963 99,967 0,868 

 *(skewness(𝑠ௗ))ିଵ 99,965 -4,988 0,921 2,915 99,963 99,967 0,874 

 (kurtosis(𝐾ௗ))ିଵ 99,964 -6,340 0,976 3,088 99,962 99,966 0,993 

 *(kurtosis(𝐾ௗ))ିଵ 99,964 -6,064 0,978 3,095 99,962 99,966 0,994 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,969 -0,846 0,860 2,722 99,968 99,971 0,741 

 (𝑚𝑒𝑓𝑓)ିଵ 99,969 -1,348 0,865 2,736 99,967 99,971 0,750 

5 1/𝑛 99,971 0,298 0,676 2,137 99,969 99,972 0,456 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,967 -3,077 0,674 2,133 99,966 99,968 0,464 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -1,091 0,672 2,125 99,968 99,970 0,453 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,969 -1,404 0,673 2,128 99,968 99,970 0,454 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,970 -0,385 0,673 2,129 99,969 99,971 0,453 

 (skewness(𝑠ௗ))ିଵ 99,964 -6,190 0,716 2,266 99,963 99,965 0,552 

 *(skewness(𝑠ௗ))ିଵ 99,964 -6,038 0,718 2,273 99,963 99,966 0,553 

 (kurtosis(𝐾ௗ))ିଵ 99,963 -7,573 0,763 2,413 99,961 99,964 0,639 

 *(kurtosis(𝐾ௗ))ିଵ 99,963 -7,329 0,762 2,412 99,961 99,964 0,635 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,969 -1,040 0,674 2,133 99,968 99,971 0,456 

 (𝑚𝑒𝑓𝑓)ିଵ 99,969 -1,685 0,677 2,140 99,967 99,970 0,461 

10 1/𝑛 99,971 0,582 0,488 1,542 99,970 99,972 0,238 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,967 -3,225 0,480 1,520 99,966 99,968 0,241 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -1,008 0,483 1,528 99,968 99,970 0,234 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,969 -1,342 0,482 1,525 99,968 99,970 0,234 
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 *൫CV(𝜃ௗ)൯
ିଵ

 99,970 -0,201 0,485 1,534 99,969 99,971 0,235 

 (skewness(𝑠ௗ))ିଵ 99,963 -6,963 0,511 1,615 99,962 99,964 0,309 

 *(skewness(𝑠ௗ))ିଵ 99,963 -6,841 0,513 1,623 99,962 99,964 0,310 

 (kurtosis(𝐾ௗ))ିଵ 99,962 -8,589 0,544 1,722 99,961 99,963 0,370 

 *(kurtosis(𝐾ௗ))ିଵ 99,962 -8,342 0,544 1,721 99,961 99,963 0,366 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,969 -1,004 0,483 1,528 99,968 99,970 0,234 

 (𝑚𝑒𝑓𝑓)ିଵ 99,969 -1,696 0,483 1,527 99,968 99,969 0,236 

15 1/𝑛 99,971 0,396 0,406 1,284 99,970 99,971 0,165 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,967 -3,550 0,402 1,271 99,966 99,967 0,174 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -1,272 0,403 1,273 99,968 99,970 0,164 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,969 -1,602 0,402 1,273 99,968 99,969 0,164 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,970 -0,427 0,404 1,278 99,969 99,971 0,163 

 (skewness(𝑠ௗ))ିଵ 99,963 -7,491 0,427 1,352 99,962 99,964 0,239 

 *(skewness(𝑠ௗ))ିଵ 99,963 -7,384 0,430 1,360 99,962 99,964 0,239 

 (kurtosis(𝐾ௗ))ିଵ 99,961 -9,198 0,456 1,443 99,960 99,962 0,293 

 *(kurtosis(𝐾ௗ))ିଵ 99,961 -8,950 0,457 1,444 99,960 99,962 0,288 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,969 -1,316 0,403 1,276 99,968 99,970 0,164 

 (𝑚𝑒𝑓𝑓)ିଵ 99,968 -1,970 0,403 1,275 99,967 99,969 0,166 

20 1/𝑛 99,970 0,236 0,342 1,083 99,970 99,971 0,117 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,966 -3,774 0,338 1,070 99,966 99,967 0,129 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -1,443 0,339 1,073 99,968 99,969 0,117 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,968 -1,794 0,339 1,072 99,968 99,969 0,118 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,970 -0,592 0,341 1,077 99,969 99,970 0,116 

 (skewness(𝑠ௗ))ିଵ 99,963 -7,716 0,361 1,141 99,962 99,963 0,190 

 *(skewness(𝑠ௗ))ିଵ 99,963 -7,587 0,362 1,146 99,962 99,963 0,189 

 (kurtosis(𝐾ௗ))ିଵ 99,961 -9,421 0,387 1,223 99,960 99,962 0,238 

 *(kurtosis(𝐾ௗ))ିଵ 99,961 -9,153 0,386 1,220 99,960 99,962 0,232 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,969 -1,411 0,340 1,076 99,968 99,970 0,118 

 (𝑚𝑒𝑓𝑓)ିଵ 99,968 -2,152 0,340 1,074 99,967 99,969 0,120 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 3: N=1000 000  at(3)(100,25) n=10000 D=20 𝜃 = 99.970 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଷ 

SE(𝜃) 

× 10ିଷ 

CV(𝜃) 

(%) 

× 10ିଶ 

CI95%(𝜃) 

 

MSE 

× 10ିଷ 

LB UB 

1  99,971 1,173 1,083 3,425 99,969 99,974 1,174 

2 1/𝑛 99,971 0,885 0,757 2,395 99,970 99,973 0,574 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,970 -0,312 0,763 2,413 99,968 99,971 0,582 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,971 0,319 0,762 2,411 99,969 99,972 0,581 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,970 0,229 0,761 2,409 99,969 99,972 0,580 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,971 0,548 0,762 2,410 99,969 99,972 0,581 

 (skewness(𝑠ௗ))ିଵ 99,969 -1,508 0,796 2,516 99,967 99,970 0,635 

 *(skewness(𝑠ௗ))ିଵ 99,969 -1,445 0,799 2,526 99,967 99,970 0,640 

 (kurtosis(𝐾ௗ))ିଵ 99,968 -2,202 0,835 2,643 99,966 99,970 0,703 

 *(kurtosis(𝐾ௗ))ିଵ 99,968 -2,087 0,837 2,648 99,967 99,970 0,705 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,971 0,320 0,762 2,411 99,969 99,972 0,581 

 (𝑚𝑒𝑓𝑓)ିଵ 99,970 0,129 0,761 2,408 99,969 99,972 0,579 

3 1/𝑛 99,971 0,761 0,623 1,969 99,970 99,972 0,388 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -0,833 0,625 1,978 99,968 99,971 0,392 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,970 0,018 0,627 1,982 99,969 99,971 0,393 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,970 -0,092 0,625 1,977 99,969 99,971 0,391 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,971 0,339 0,626 1,982 99,969 99,972 0,393 

 (skewness(𝑠ௗ))ିଵ 99,968 -2,501 0,667 2,109 99,966 99,969 0,451 

 *(skewness(𝑠ௗ))ିଵ 99,968 -2,455 0,673 2,127 99,966 99,969 0,458 

 (kurtosis(𝐾ௗ))ିଵ 99,967 -3,406 0,722 2,284 99,965 99,968 0,533 

 *(kurtosis(𝐾ௗ))ିଵ 99,967 -3,306 0,726 2,297 99,966 99,968 0,538 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,970 0,011 0,627 1,982 99,969 99,971 0,393 

 (𝑚𝑒𝑓𝑓)ିଵ 99,970 -0,215 0,624 1,974 99,969 99,971 0,390 

5 1/𝑛 99,970 -0,027 0,494 1,564 99,969 99,971 0,245 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -1,744 0,493 1,561 99,968 99,969 0,247 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -0,746 0,493 1,560 99,969 99,970 0,244 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,969 -0,885 0,493 1,560 99,968 99,970 0,244 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,970 -0,379 0,494 1,561 99,969 99,971 0,244 

 (skewness(𝑠ௗ))ିଵ 99,967 -3,717 0,521 1,648 99,966 99,968 0,285 

 *(skewness(𝑠ௗ))ିଵ 99,967 -3,659 0,524 1,657 99,966 99,968 0,288 

 (kurtosis(𝐾ௗ))ିଵ 99,965 -4,806 0,565 1,788 99,964 99,967 0,343 

 *(kurtosis(𝐾ௗ))ିଵ 99,966 -4,699 0,568 1,796 99,964 99,967 0,344 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,969 -0,775 0,492 1,555 99,969 99,970 0,242 

 (𝑚𝑒𝑓𝑓)ିଵ 99,969 -1,034 0,494 1,562 99,968 99,970 0,245 

10 1/𝑛 99,971 0,439 0,353 1,116 99,970 99,971 0,125 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -1,495 0,351 1,111 99,968 99,969 0,126 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,970 -0,361 0,352 1,112 99,969 99,971 0,124 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,970 -0,530 0,351 1,111 99,969 99,970 0,124 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,970 0,047 0,352 1,114 99,970 99,971 0,124 

 (skewness(𝑠ௗ))ିଵ 99,967 -3,705 0,371 1,175 99,966 99,967 0,152 
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 *(skewness(𝑠ௗ))ିଵ 99,967 -3,621 0,373 1,181 99,966 99,967 0,152 

 (kurtosis(𝐾ௗ))ିଵ 99,965 -5,003 0,404 1,278 99,964 99,966 0,188 

 *(kurtosis(𝐾ௗ))ିଵ 99,965 -4,850 0,405 1,281 99,965 99,966 0,188 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,970 -0,354 0,352 1,113 99,969 99,971 0,124 

 (𝑚𝑒𝑓𝑓)ିଵ 99,970 -0,724 0,351 1,111 99,969 99,970 0,124 

15 1/𝑛 99,971 0,412 0,277 0,876 99,970 99,971 0,077 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -1,603 0,275 0,868 99,968 99,969 0,078 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,970 -0,407 0,275 0,871 99,969 99,970 0,076 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,970 -0,599 0,275 0,870 99,969 99,970 0,076 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,970 0,010 0,276 0,873 99,970 99,971 0,076 

 (skewness(𝑠ௗ))ିଵ 99,966 -3,858 0,293 0,927 99,966 99,967 0,101 

 *(skewness(𝑠ௗ))ିଵ 99,967 -3,746 0,295 0,932 99,966 99,967 0,101 

 (kurtosis(𝐾ௗ))ିଵ 99,965 -5,191 0,323 1,021 99,964 99,966 0,131 

 *(kurtosis(𝐾ௗ))ିଵ 99,965 -5,016 0,323 1,022 99,965 99,966 0,129 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,970 -0,385 0,278 0,878 99,969 99,970 0,077 

 (𝑚𝑒𝑓𝑓)ିଵ 99,969 -0,810 0,275 0,869 99,969 99,970 0,076 

20 1/𝑛 99,971 0,467 0,242 0,767 99,970 99,971 0,059 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,969 -1,598 0,241 0,761 99,968 99,969 0,060 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,970 -0,377 0,241 0,763 99,969 99,970 0,058 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,970 -0,569 0,241 0,762 99,969 99,970 0,058 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,970 0,053 0,242 0,765 99,970 99,971 0,058 

 (skewness(𝑠ௗ))ିଵ 99,966 -3,948 0,257 0,814 99,966 99,967 0,082 

 *(skewness(𝑠ௗ))ିଵ 99,966 -3,829 0,259 0,818 99,966 99,967 0,082 

 (kurtosis(𝐾ௗ))ିଵ 99,965 -5,336 0,283 0,894 99,964 99,965 0,108 

 *(kurtosis(𝐾ௗ))ିଵ 99,965 -5,141 0,283 0,894 99,965 99,966 0,106 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,970 -0,390 0,242 0,766 99,969 99,970 0,059 

 (𝑚𝑒𝑓𝑓)ିଵ 99,969 -0,772 0,241 0,762 99,969 99,970 0,059 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Appendix D2 

Comparing weighting strategies: Cluster Random Sampling: Skewed t-distribution, 3 
d.f 
Scenario 1: N=1 000 000  at(3)(100,25) n=1000 D=20, 𝜃 = 99.940 

D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,936 -0,595 2,697 2,698 99,883 99,989 7,276 

2 1/𝑛 99,918 -2,374 1,835 1,836 99,882 99,954 3,423 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 99,899 -4,257 1,978 1,980 99,861 99,938 4,095 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,916 -2,623 1,973 1,974 99,877 99,954 3,960 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,921 -2,088 1,947 1,948 99,883 99,959 3,834 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,930 -1,225 1,958 1,959 99,891 99,968 3,848 

 (skewness(𝑠ௗ))ିଵ 99,924 -1,815 2,010 2,012 99,884 99,963 4,073 

 *(skewness(𝑠ௗ))ିଵ 99,924 -1,815 2,010 2,012 99,884 99,963 4,073 

 (kurtosis(𝐾ௗ))ିଵ 99,919 -2,329 2,080 2,082 99,878 99,959 4,382 

 *(kurtosis(𝐾ௗ))ିଵ 99,919 -2,329 2,080 2,082 99,878 99,959 4,382 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,916 -2,627 1,973 1,974 99,877 99,954 3,961 

 (𝑚𝑒𝑓𝑓)ିଵ 99,927 -1,510 1,990 1,992 99,888 99,966 3,983 

3 1/𝑛 99,927 -1,529 1,523 1,524 99,897 99,956 2,343 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,888 -5,384 1,567 1,568 99,857 99,919 2,743 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,913 -2,865 1,593 1,594 99,882 99,944 2,620 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,918 -2,419 1,571 1,572 99,887 99,948 2,525 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,931 -1,084 1,604 1,605 99,900 99,962 2,586 

 (skewness(𝑠ௗ))ିଵ 99,921 -2,106 1,692 1,694 99,888 99,954 2,909 

 *(skewness(𝑠ௗ))ିଵ 99,921 -2,106 1,692 1,694 99,888 99,954 2,909 

 (kurtosis(𝐾ௗ))ିଵ 99,913 -2,904 1,809 1,811 99,877 99,948 3,357 

 *(kurtosis(𝐾ௗ))ିଵ 99,913 -2,904 1,809 1,811 99,877 99,948 3,357 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,914 -2,743 1,595 1,596 99,883 99,946 2,618 

 (𝑚𝑒𝑓𝑓)ିଵ 99,924 -1,804 1,631 1,632 99,892 99,956 2,693 

5 1/𝑛 99,935 -0,688 1,316 1,317 99,909 99,961 1,736 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,869 -7,298 1,295 1,297 99,844 99,894 2,208 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,898 -4,378 1,273 1,274 99,873 99,923 1,811 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,901 -4,059 1,264 1,265 99,877 99,926 1,762 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,917 -2,520 1,280 1,282 99,892 99,942 1,703 

 (skewness(𝑠ௗ))ିଵ 99,908 -3,339 1,339 1,340 99,882 99,935 1,903 

 *(skewness(𝑠ௗ))ିଵ 99,908 -3,339 1,339 1,340 99,882 99,935 1,903 

 (kurtosis(𝐾ௗ))ିଵ 99,904 -3,781 1,400 1,402 99,877 99,932 2,104 

 *(kurtosis(𝐾ௗ))ିଵ 99,904 -3,781 1,400 1,402 99,877 99,932 2,104 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,901 -4,038 1,313 1,314 99,876 99,927 1,886 

 (𝑚𝑒𝑓𝑓)ିଵ 99,908 -3,404 1,329 1,330 99,882 99,934 1,881 

10 1/𝑛 99,927 -1,439 0,922 0,922 99,909 99,946 0,870 
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 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,862 -7,945 0,989 0,991 99,843 99,882 1,608 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,894 -4,830 0,924 0,925 99,875 99,912 1,086 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,895 -4,727 0,920 0,921 99,877 99,913 1,070 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,911 -3,108 0,915 0,915 99,893 99,929 0,933 

 (skewness(𝑠ௗ))ିଵ 99,908 -3,339 0,982 0,983 99,889 99,928 1,076 

 *(skewness(𝑠ௗ))ିଵ 99,908 -3,339 0,982 0,983 99,889 99,928 1,076 

 (kurtosis(𝐾ௗ))ିଵ 99,908 -3,395 1,062 1,063 99,887 99,929 1,244 

 *(kurtosis(𝐾ௗ))ିଵ 99,908 -3,395 1,062 1,063 99,887 99,929 1,244 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,894 -4,816 0,925 0,926 99,876 99,912 1,086 

 (𝑚𝑒𝑓𝑓)ିଵ 99,896 -4,559 0,965 0,966 99,877 99,915 1,138 

15 1/𝑛 99,932 -1,023 0,781 0,782 99,916 99,947 0,621 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,865 -7,727 0,828 0,829 99,848 99,881 1,281 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,897 -4,522 0,774 0,775 99,881 99,912 0,803 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,898 -4,416 0,777 0,778 99,882 99,913 0,799 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,915 -2,734 0,770 0,771 99,899 99,930 0,668 

 (skewness(𝑠ௗ))ିଵ 99,910 -3,208 0,787 0,788 99,894 99,925 0,722 

 *(skewness(𝑠ௗ))ିଵ 99,910 -3,208 0,787 0,788 99,894 99,925 0,722 

 (kurtosis(𝐾ௗ))ିଵ 99,910 -3,229 0,842 0,843 99,893 99,926 0,813 

 *(kurtosis(𝐾ௗ))ିଵ 99,910 -3,229 0,842 0,843 99,893 99,926 0,813 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,899 -4,305 0,801 0,802 99,883 99,915 0,827 

 (𝑚𝑒𝑓𝑓)ିଵ 99,901 -4,098 0,817 0,818 99,885 99,917 0,835 

20 1/𝑛 99,933 -0,910 0,681 0,682 99,919 99,946 0,473 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,867 -7,459 0,684 0,685 99,854 99,881 1,023 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,898 -4,338 0,664 0,665 99,885 99,912 0,629 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,899 -4,249 0,664 0,665 99,886 99,912 0,621 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,916 -2,596 0,666 0,666 99,903 99,929 0,511 

 (skewness(𝑠ௗ))ିଵ 99,912 -3,019 0,694 0,695 99,898 99,925 0,573 

 *(skewness(𝑠ௗ))ିଵ 99,912 -3,019 0,694 0,695 99,898 99,925 0,573 

 (kurtosis(𝐾ௗ))ିଵ 99,912 -2,974 0,748 0,748 99,897 99,927 0,648 

 *(kurtosis(𝐾ௗ))ିଵ 99,912 -2,974 0,748 0,748 99,897 99,927 0,648 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,899 -4,329 0,666 0,666 99,886 99,912 0,630 

 (𝑚𝑒𝑓𝑓)ିଵ 99,905 -3,710 0,762 0,762 99,890 99,920 0,717 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Scenario 2: N=1000 000 at(3)(100,25) n=5000 D=20 𝜃 = 99.940 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,9219 -1,777 1,494 1,495 99,89263 99,95118 2,262 

2 1/𝑛 99,93113 -0,853 0,992 0,992 99,9117 99,95057 0,991 

 
ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ

ିଵ

 99,91804 -2,164 1,041 1,042 99,89763 99,93845 1,131 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,92681 -1,286 1,037 1,038 99,90647 99,94714 1,093 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,92706 -1,261 1,027 1,028 99,90692 99,94719 1,071 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,93211 -0,755 1,038 1,038 99,91178 99,95245 1,083 

 (skewness(𝑠ௗ))ିଵ 99,92618 -1,349 1,069 1,070 99,90522 99,94714 1,162 

 *(skewness(𝑠ௗ))ିଵ 99,92618 -1,349 1,069 1,070 99,90522 99,94714 1,162 

 (kurtosis(𝐾ௗ))ିଵ 99,92294 -1,673 1,138 1,139 99,90064 99,94525 1,323 

 *(kurtosis(𝐾ௗ))ିଵ 99,92294 -1,673 1,138 1,139 99,90064 99,94525 1,323 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,92732 -1,235 1,032 1,033 99,90708 99,94755 1,081 

 (𝑚𝑒𝑓𝑓)ିଵ 99,92719 -1,248 1,028 1,028 99,90705 99,94733 1,072 

3 1/𝑛 99,9304 -0,926 0,824 0,825 99,91425 99,94656 0,688 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,92427 -1,540 0,824 0,824 99,90813 99,94042 0,702 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,93219 -0,747 0,838 0,838 99,91577 99,94861 0,707 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,93212 -0,755 0,827 0,827 99,91591 99,94832 0,689 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,93675 -0,291 0,842 0,842 99,92025 99,95325 0,710 

 (skewness(𝑠ௗ))ିଵ 99,93281 -0,686 0,886 0,886 99,91545 99,95017 0,789 

 *(skewness(𝑠ௗ))ିଵ 99,93281 -0,686 0,886 0,886 99,91545 99,95017 0,789 

 (kurtosis(𝐾ௗ))ିଵ 99,9309 -0,877 0,984 0,985 99,91161 99,95019 0,977 

 *(kurtosis(𝐾ௗ))ିଵ 99,9309 -0,877 0,984 0,985 99,91161 99,95019 0,977 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,9321 -0,756 0,837 0,838 99,91569 99,94851 0,707 

 (𝑚𝑒𝑓𝑓)ିଵ 99,93265 -0,701 0,831 0,831 99,91637 99,94894 0,695 

5 1/𝑛 99,93075 -0,892 0,716 0,717 99,91671 99,94479 0,521 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,90996 -2,972 0,648 0,649 99,89726 99,92267 0,508 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,92045 -1,923 0,695 0,696 99,90682 99,93407 0,520 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,91957 -2,011 0,671 0,672 99,90642 99,93272 0,491 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,9256 -1,407 0,703 0,704 99,91182 99,93938 0,514 

 (skewness(𝑠ௗ))ିଵ 99,92138 -1,830 0,754 0,755 99,90659 99,93617 0,603 

 *(skewness(𝑠ௗ))ିଵ 99,92138 -1,830 0,754 0,755 99,90659 99,93617 0,603 

 (kurtosis(𝐾ௗ))ିଵ 99,91838 -2,130 0,859 0,860 99,90154 99,93521 0,783 

 *(kurtosis(𝐾ௗ))ିଵ 99,91838 -2,130 0,859 0,860 99,90154 99,93521 0,783 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,92011 -1,957 0,700 0,700 99,90639 99,93382 0,528 

 (𝑚𝑒𝑓𝑓)ିଵ 99,91847 -2,121 0,658 0,658 99,90558 99,93136 0,477 

10 1/𝑛 99,93584 -0,382 0,474 0,474 99,92655 99,94514 0,226 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,90998 -2,971 0,448 0,448 99,9012 99,91876 0,289 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,92362 -1,605 0,460 0,460 99,9146 99,93264 0,237 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,92149 -1,819 0,451 0,451 99,91264 99,93033 0,237 
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 *൫CV(𝜃ௗ)൯
ିଵ

 99,92965 -1,002 0,464 0,465 99,92055 99,93875 0,226 

 (skewness(𝑠ௗ))ିଵ 99,92695 -1,272 0,484 0,485 99,91745 99,93644 0,251 

 *(skewness(𝑠ௗ))ିଵ 99,92695 -1,272 0,484 0,485 99,91745 99,93644 0,251 

 (kurtosis(𝐾ௗ))ିଵ 99,92514 -1,453 0,542 0,542 99,91453 99,93576 0,314 

 *(kurtosis(𝐾ௗ))ିଵ 99,92514 -1,453 0,542 0,542 99,91453 99,93576 0,314 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,92274 -1,694 0,444 0,444 99,91404 99,93143 0,225 

 (𝑚𝑒𝑓𝑓)ିଵ 99,91812 -2,156 0,439 0,440 99,90951 99,92673 0,239 

15 1/𝑛 99,93693 -0,274 0,373 0,374 99,92961 99,94424 0,140 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,91126 -2,843 0,348 0,348 99,90444 99,91807 0,201 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,92459 -1,508 0,361 0,361 99,91751 99,93167 0,153 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,92269 -1,699 0,350 0,351 99,91582 99,92955 0,151 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,93065 -0,902 0,364 0,365 99,92351 99,93779 0,141 

 (skewness(𝑠ௗ))ିଵ 99,92792 -1,175 0,394 0,394 99,92021 99,93563 0,169 

 *(skewness(𝑠ௗ))ିଵ 99,92792 -1,175 0,394 0,394 99,92021 99,93563 0,169 

 (kurtosis(𝐾ௗ))ିଵ 99,92646 -1,321 0,452 0,453 99,91759 99,93532 0,222 

 *(kurtosis(𝐾ௗ))ିଵ 99,92646 -1,321 0,452 0,453 99,91759 99,93532 0,222 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,9262 -1,348 0,392 0,393 99,91851 99,93388 0,172 

 (𝑚𝑒𝑓𝑓)ିଵ 99,92175 -1,793 0,355 0,355 99,91479 99,9287 0,158 

20 1/𝑛 99,93611 -0,355 0,303 0,304 99,93017 99,94206 0,093 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,90937 -3,031 0,305 0,306 99,90339 99,91536 0,185 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,92302 -1,665 0,308 0,308 99,91699 99,92906 0,122 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,92113 -1,855 0,299 0,299 99,91526 99,92699 0,124 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,92943 -1,024 0,304 0,304 99,92347 99,93538 0,103 

 (skewness(𝑠ௗ))ିଵ 99,92572 -1,395 0,345 0,345 99,91896 99,93247 0,138 

 *(skewness(𝑠ௗ))ିଵ 99,92572 -1,395 0,345 0,345 99,91896 99,93247 0,138 

 (kurtosis(𝐾ௗ))ିଵ 99,9234 -1,627 0,399 0,400 99,91557 99,93123 0,186 

 *(kurtosis(𝐾ௗ))ିଵ 99,9234 -1,627 0,399 0,400 99,91557 99,93123 0,186 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,92325 -1,643 0,307 0,308 99,91722 99,92927 0,121 

 (𝑚𝑒𝑓𝑓)ିଵ 99,91988 -1,980 0,297 0,298 99,91405 99,9257 0,128 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
  



275 
 
 

Scenario 3: N=1000 000  at(3)(100,25) n=10000 D=20 𝜃 = 99.940 
D Method 𝐸൫𝜃൯ Rel. Bias 

(%) 

× 10ିଶ 

SE(𝜃) 

× 10ିଶ 

CV(𝜃) 

(%) 

× 10ିଵ 

CI95%(𝜃) 

 

MSE 

× 10ିଶ 

LB UB 

1  99,920 -1,985 1,228 1,229 99,896 99,944 1,547 

2 1/𝑛 99,934 -0,542 0,728 0,729 99,920 99,949 0,533 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,921 -1,823 0,755 0,756 99,907 99,936 0,604 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,928 -1,202 0,755 0,755 99,913 99,942 0,584 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,926 -1,343 0,756 0,756 99,911 99,941 0,589 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,930 -1,015 0,761 0,761 99,915 99,944 0,589 

 (skewness(𝑠ௗ))ିଵ 99,930 -1,009 0,770 0,771 99,914 99,945 0,603 

 *(skewness(𝑠ௗ))ିଵ 99,930 -1,009 0,770 0,771 99,914 99,945 0,603 

 (kurtosis(𝐾ௗ))ିଵ 99,931 -0,908 0,814 0,815 99,915 99,947 0,671 

 *(kurtosis(𝐾ௗ))ିଵ 99,931 -0,908 0,814 0,815 99,915 99,947 0,671 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,928 -1,200 0,755 0,755 99,913 99,942 0,584 

 (𝑚𝑒𝑓𝑓)ିଵ 99,925 -1,488 0,761 0,761 99,910 99,940 0,601 

3 1/𝑛 99,937 -0,282 0,601 0,602 99,925 99,949 0,362 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,925 -1,490 0,602 0,603 99,913 99,937 0,385 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,933 -0,694 0,610 0,611 99,921 99,945 0,377 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,931 -0,837 0,607 0,607 99,919 99,943 0,375 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,936 -0,415 0,617 0,617 99,923 99,948 0,382 

 (skewness(𝑠ௗ))ିଵ 99,934 -0,573 0,650 0,650 99,921 99,947 0,426 

 *(skewness(𝑠ௗ))ିଵ 99,934 -0,573 0,650 0,650 99,921 99,947 0,426 

 (kurtosis(𝐾ௗ))ିଵ 99,934 -0,610 0,725 0,726 99,919 99,948 0,530 

 *(kurtosis(𝐾ௗ))ିଵ 99,934 -0,610 0,725 0,726 99,919 99,948 0,530 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,933 -0,693 0,610 0,611 99,921 99,945 0,377 

 (𝑚𝑒𝑓𝑓)ିଵ 99,930 -0,984 0,611 0,611 99,918 99,942 0,383 

5 1/𝑛 99,940 0,035 0,496 0,497 99,930 99,950 0,246 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,925 -1,440 0,477 0,477 99,916 99,935 0,248 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,934 -0,571 0,485 0,485 99,924 99,943 0,239 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,932 -0,734 0,481 0,481 99,923 99,942 0,236 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,937 -0,262 0,490 0,490 99,927 99,947 0,241 

 (skewness(𝑠ௗ))ିଵ 99,935 -0,477 0,510 0,510 99,925 99,945 0,263 

 *(skewness(𝑠ௗ))ିଵ 99,935 -0,477 0,510 0,510 99,925 99,945 0,263 

 (kurtosis(𝐾ௗ))ିଵ 99,933 -0,661 0,566 0,566 99,922 99,944 0,325 

 *(kurtosis(𝐾ௗ))ିଵ 99,933 -0,661 0,566 0,566 99,922 99,944 0,325 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,934 -0,598 0,487 0,487 99,924 99,943 0,241 

 (𝑚𝑒𝑓𝑓)ିଵ 99,930 -0,949 0,485 0,485 99,921 99,940 0,244 

10 1/𝑛 99,942 0,195 0,335 0,335 99,935 99,948 0,113 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,926 -1,325 0,323 0,323 99,920 99,933 0,122 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,936 -0,400 0,330 0,330 99,929 99,942 0,111 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,934 -0,606 0,325 0,325 99,927 99,940 0,109 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,939 -0,098 0,332 0,332 99,932 99,945 0,110 

 (skewness(𝑠ௗ))ିଵ 99,937 -0,259 0,351 0,351 99,930 99,944 0,124 



276 
 
 

 *(skewness(𝑠ௗ))ିଵ 99,937 -0,259 0,351 0,351 99,930 99,944 0,124 

 (kurtosis(𝐾ௗ))ିଵ 99,936 -0,351 0,396 0,396 99,928 99,944 0,158 

 *(kurtosis(𝐾ௗ))ିଵ 99,936 -0,351 0,396 0,396 99,928 99,944 0,158 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,935 -0,426 0,329 0,330 99,929 99,942 0,110 

 (𝑚𝑒𝑓𝑓)ିଵ 99,932 -0,807 0,325 0,325 99,925 99,938 0,112 

15 1/𝑛 99,940 0,032 0,260 0,260 99,935 99,945 0,068 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,924 -1,567 0,253 0,253 99,919 99,929 0,089 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,933 -0,623 0,255 0,255 99,928 99,938 0,069 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,931 -0,819 0,253 0,253 99,927 99,936 0,071 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,937 -0,291 0,257 0,257 99,932 99,942 0,067 

 (skewness(𝑠ௗ))ିଵ 99,934 -0,523 0,268 0,268 99,929 99,940 0,074 

 *(skewness(𝑠ௗ))ିଵ 99,934 -0,523 0,268 0,268 99,929 99,940 0,074 

 (kurtosis(𝐾ௗ))ିଵ 99,933 -0,689 0,308 0,308 99,927 99,939 0,100 

 *(kurtosis(𝐾ௗ))ିଵ 99,933 -0,689 0,308 0,308 99,927 99,939 0,100 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,935 -0,468 0,288 0,288 99,929 99,941 0,085 

 (𝑚𝑒𝑓𝑓)ିଵ 99,931 -0,913 0,264 0,264 99,925 99,936 0,078 

20 1/𝑛 99,940 0,007 0,238 0,238 99,935 99,944 0,057 

 ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,923 -1,634 0,229 0,229 99,919 99,928 0,079 

 *ቀ𝑉𝑎𝑟൫𝜃ௗ൯ቁ
ିଵ

 99,933 -0,666 0,234 0,234 99,928 99,938 0,059 

 ൫CV(𝜃ௗ)൯
ିଵ

 99,931 -0,866 0,230 0,230 99,927 99,936 0,060 

 *൫CV(𝜃ௗ)൯
ିଵ

 99,936 -0,326 0,235 0,235 99,932 99,941 0,056 

 (skewness(𝑠ௗ))ିଵ 99,934 -0,576 0,249 0,249 99,929 99,939 0,065 

 *(skewness(𝑠ௗ))ିଵ 99,934 -0,576 0,249 0,249 99,929 99,939 0,065 

 (kurtosis(𝐾ௗ))ିଵ 99,932 -0,794 0,281 0,282 99,926 99,937 0,086 

 *(kurtosis(𝐾ௗ))ିଵ 99,932 -0,794 0,281 0,282 99,926 99,937 0,086 

 𝑚𝑒𝑓𝑓/𝑉𝑎𝑟(𝑦) 99,932 -0,746 0,252 0,252 99,927 99,937 0,069 

 (𝑚𝑒𝑓𝑓)ିଵ 99,929 -1,085 0,231 0,231 99,924 99,933 0,065 

D=number of samples combined, 𝛉𝐜 = combined estimate, 𝛉𝐝 = estimate calculated from each individual survey, Rel. Bias (%) = relative bias, SE (𝛉𝐜)=standard error of the  combined 
estimate, CV (θୡ) (%) = coefficient of variation, CI95%(θ ୡ)= 95% confidence interval, LB=lower 95% confidence limit, UB=upper 95% confidence limit, MSE=mean square error, 
method=weighting strategy. 
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Appendix E 

R code used in simulations for simple random sampling, point estimators 

E1 Normal Distribution 
 
#################################################################################################################
################# 
# Variance Estimation: Normal distribution 
# author: "Loveness Dzikiti" 
# date: "20 April 2017" 
#  
################################################################################################################# 
#Scenario 1: N=100000 N(100,25) n=1000 K=1000 
################################################################################################################# 
 
dagostino.pearson.test <- function(x) { 
  # from Zar (1999), implemented by Doug Scofield,  scofield at bio.indiana.edu 
  DNAME <- deparse(substitute(x)) 
  n <- length(x) 
  x2 <- x * x 
  x3 <- x * x2 
  x4 <- x * x3 
  # compute Z_g1 
  k3 <- ((n*sum(x3)) - (3*sum(x)*sum(x2)) + (2*(sum(x)^3)/n))/((n-1)*(n-2)) 
  g1 <- k3 / sqrt(var(x)^3) 
  sqrtb1 <- ((n - 2)*g1) / sqrt(n*(n - 1)) 
  A <- sqrtb1 * sqrt(((n + 1)*(n + 3)) / (6*(n - 2))) 
  B <- (3*(n*n + 27*n - 70)*(n+1)*(n+3)) / ((n-2)*(n+5)*(n+7)*(n+9)) 
  C <- sqrt(2*(B - 1)) - 1 
  D <- sqrt(C) 
  E <- 1 / sqrt(log(D)) 
  F <- A / sqrt(2/(C - 1)) 
  Zg1 <- E * log(F + sqrt(F*F + 1)) 
  # compute Z_g2 
  G <- (24*n*(n-2)*(n-3)) / (((n+1)^2)*(n+3)*(n+5)) 
  k4 <- (((n*n*n + n*n)*sum(x4)) - (4*(n*n + n)*sum(x3)*sum(x)) - 
           (3*(n*n - n)*sum(x2)^2) + (12*n*sum(x2)*sum(x)^2) - (6*sum(x)^4)) / 
    (n*(n-1)*(n-2)*(n-3)) 
  g2 <- k4 / var(x)^2 
  H <- ((n-2)*(n-3)*abs(g2)) / ((n+1)*(n-1)*sqrt(G)) 
  J <- ((6*(n*n - 5*n + 2)) / ((n+7)*(n+9))) * sqrt((6*(n+3)*(n+5)) / 
                                                      (n*(n-2)*(n-3))) 
  K <- 6 + (8/J)*(2/J + sqrt(1 + 4/(J*J))) 
  L <- (1 - 2/K) / (1 + H*sqrt(2/(K-4))) 
  Zg2 <- (1 - 2/(9*K) - (L^(1/3))) / (sqrt(2/(9*K))) 
  K2 <- Zg1*Zg1 + Zg2*Zg2 
  pk2 <- pchisq(K2, 2, lower.tail=FALSE) 
  RVAL <- list(statistic = c(K2 = K2), p.value = pk2, method = 
                 "D'Agostino-Pearson normality test\n\nK2 is distributed as Chi-squared 
               with df=2", alternative = "distribution is not normal", data.name = 
                 DNAME) 
  class(RVAL) <- "htest" 
  #return(RVAL)  
  return(K2)      # adapting the test to return K2 instead of the usual results stored in RVAL 
} 
##################################################################################################### 
 
setwd("C:\\Users\\User\\Dropbox\\Review\\simulations_2019\\srs\\normal\\scenario1\\nodo") 
 
 
library(moments) 
 
N=100000              #finite population size 
n=1000                #sample size 
nsamp=20            #number of samples 
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k=nvar=1000 
 
set.seed(123456) 
 
 
 
x<-rnorm(N,100,5)                  #simulate data from normal distribution mean=100 sd=5 
popmean=mean(x) 
 
 
s <- matrix(c(rep.int(NA,n)), nrow = n, ncol = nsamp)    #store samples 
means <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means 
variance <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance 
designvar <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store design consistent variance 
cv <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation 
skewness <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
kurtosis <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
DP <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample dagostino k_squared 
 
 
combmeans1 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 1 
combmeans2 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 2 
combmeans3 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 3 
combmeans4 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 4 
combmeans5 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 5 
combmeans6 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 6 
combmeans7 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 7 
 
sampmean <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
 
 
combmeans11 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans21 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans31 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans41 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans51 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans61 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans71 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans12 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans22 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans32 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans42 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans52 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans62 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans72 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans13 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans23 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans33 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans43 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans53 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans63 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans73 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans14 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans24 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans34 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans44 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans54 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans64 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans74 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans15 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans25 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans35 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans45 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans55 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans65 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans75 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
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combmeans16 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans26 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans36 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans46 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans56 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans66 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans76 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
################################################################################################################ 
 
for (k in 1:nvar){ 
   
   
  for (j in 1:nsamp){ 
     
    w1<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
    w2<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
    w3<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
    w4<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
    w5<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
    w6<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
    w7<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
     
  } 
   
  # Sampling from finite population 
  for (i in 1:nsamp) {   
     
    s[,i]<-sample(x,n) 
     
    means[i]<-mean(s[,i])                                   #sample mean for ith sample 
    variance[i]<-sum((s[,i]-means[i])^2)/(n-1)              #sample variance 
    designvar[i]<- (1-(n/N))*(variance[i])/n                #design consistent variance 
    cv[i]<-abs(sqrt(designvar[i])/means[i])                 #coefficient of variation 
    skewness[i]<-skewness(s[,i]) 
    kurtosis[i]<-kurtosis(s[,i]) 
    DP[i]<-dagostino.pearson.test(s[,i])                    #dagostino pearson statistic 
     
    w1[i]<-n                #inverse of the sample size 
    w2[i]<-1/(designvar[i])   #inverse of the variance of the estimator of the mean 
    w3[i]=1                   #simple average weights  
    w4[i]=1/cv[i]             #inverse of cv 
    w5[i]=abs(1/skewness[i])       #inverse skewness 
    w6[i]=1/kurtosis[i]       #inverse kurtosis 
    w7[i]=1/DP[i]             #inverse dagostino pearson k_squared 
     
     
    combmeans1[i]<-round(sum(means[1:i]*w1[1:i])/sum(w1[1:i]),digits=9) #combine means using inverse sample size 
    combmeans2[i]<-round(sum(means[1:i]*w2[1:i])/sum(w2[1:i]),digits=9) # combine using inverse variance  
    combmeans3[i]<-round(sum(means[1:i]*w3[1:i])/sum(w3[1:i]),digits=9) # combine using a weight of 1 
    combmeans4[i]<-round(sum(means[1:i]*w4[1:i])/sum(w4[1:i]),digits=9) # combine using a weight of n 
    combmeans5[i]<-round(sum(means[1:i]*w5[1:i])/sum(w5[1:i]),digits=9) # combine using a weight of inverse CV 
    combmeans6[i]<-round(sum(means[1:i]*w6[1:i])/sum(w6[1:i]),digits=9) # combine using a weight of inverse skewness 
    combmeans7[i]<-round(sum(means[1:i]*w7[1:i])/sum(w7[1:i]),digits=9) # combine using a weight of inverse kurtosis 
     
                 
     } 
 
    sampmean[k]=means[1]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
     
    combmeans11[k]=combmeans1[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans21[k]=combmeans2[2] 
    combmeans31[k]=combmeans3[2] 
    combmeans41[k]=combmeans4[2] 
    combmeans51[k]=combmeans5[2] 
    combmeans61[k]=combmeans6[2] 
    combmeans71[k]=combmeans7[2] 
 
    combmeans12[k]=combmeans1[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans22[k]=combmeans2[3] 
    combmeans32[k]=combmeans3[3] 
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    combmeans42[k]=combmeans4[3] 
    combmeans52[k]=combmeans5[3] 
    combmeans62[k]=combmeans6[3] 
    combmeans72[k]=combmeans7[3] 
 
    combmeans13[k]=combmeans1[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans23[k]=combmeans2[5] 
    combmeans33[k]=combmeans3[5] 
    combmeans43[k]=combmeans4[5] 
    combmeans53[k]=combmeans5[5] 
    combmeans63[k]=combmeans6[5] 
    combmeans73[k]=combmeans7[5] 
 
    combmeans14[k]=combmeans1[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans24[k]=combmeans2[10] 
    combmeans34[k]=combmeans3[10] 
    combmeans44[k]=combmeans4[10] 
    combmeans54[k]=combmeans5[10] 
    combmeans64[k]=combmeans6[10] 
    combmeans74[k]=combmeans7[10] 
   
    combmeans15[k]=combmeans1[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans25[k]=combmeans2[15] 
    combmeans35[k]=combmeans3[15] 
    combmeans45[k]=combmeans4[15] 
    combmeans55[k]=combmeans5[15] 
    combmeans65[k]=combmeans6[15] 
    combmeans75[k]=combmeans7[15] 
 
    combmeans16[k]=combmeans1[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans26[k]=combmeans2[20] 
    combmeans36[k]=combmeans3[20] 
    combmeans46[k]=combmeans4[20] 
    combmeans56[k]=combmeans5[20] 
    combmeans66[k]=combmeans6[20] 
    combmeans76[k]=combmeans7[20] 
     
} 
 
expected1=mean(sampmean)            #expected mean for one sample, not combining 
expected=matrix(0,7,6) 
 
expected[1,1]=mean(combmeans11)     #strategy 1 nsamp=2 
expected[2,1]=mean(combmeans21) 
expected[3,1]=mean(combmeans31) 
expected[4,1]=mean(combmeans41) 
expected[5,1]=mean(combmeans51) 
expected[6,1]=mean(combmeans61) 
expected[7,1]=mean(combmeans71) 
 
expected[1,2]=mean(combmeans12)     #strategy 1 nsamp=3 
expected[2,2]=mean(combmeans22) 
expected[3,2]=mean(combmeans32) 
expected[4,2]=mean(combmeans42) 
expected[5,2]=mean(combmeans52) 
expected[6,2]=mean(combmeans62) 
expected[7,2]=mean(combmeans72) 
 
expected[1,3]=mean(combmeans13)     #strategy 1 nsamp=5 
expected[2,3]=mean(combmeans23) 
expected[3,3]=mean(combmeans33) 
expected[4,3]=mean(combmeans43) 
expected[5,3]=mean(combmeans53) 
expected[6,3]=mean(combmeans63) 
expected[7,3]=mean(combmeans73) 
 
expected[1,4]=mean(combmeans14)     #strategy 1 nsamp=10 
expected[2,4]=mean(combmeans24) 
expected[3,4]=mean(combmeans34) 
expected[4,4]=mean(combmeans44) 
expected[5,4]=mean(combmeans54) 
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expected[6,4]=mean(combmeans64) 
expected[7,4]=mean(combmeans74) 
 
expected[1,5]=mean(combmeans15)     #strategy 1 nsamp=2 
expected[2,5]=mean(combmeans25) 
expected[3,5]=mean(combmeans35) 
expected[4,5]=mean(combmeans45) 
expected[5,5]=mean(combmeans55) 
expected[6,5]=mean(combmeans65) 
expected[7,5]=mean(combmeans75) 
 
expected[1,6]=mean(combmeans16)     #strategy 1 nsamp=20 
expected[2,6]=mean(combmeans26) 
expected[3,6]=mean(combmeans36) 
expected[4,6]=mean(combmeans46) 
expected[5,6]=mean(combmeans56) 
expected[6,6]=mean(combmeans66) 
expected[7,6]=mean(combmeans76) 
 
expectedcol=c(expected1,expected[,1],expected[,2],expected[,3],expected[,4],expected[,5],expected[,6]) 
 
means=cbind(combmeans11,combmeans21, combmeans31,combmeans41,combmeans51,combmeans61,combmeans71, 
combmeans12,combmeans22, combmeans32,combmeans42,combmeans52,combmeans62,combmeans72, 
combmeans13,combmeans23, combmeans33,combmeans43,combmeans53,combmeans63,combmeans73, 
combmeans14,combmeans24, combmeans34,combmeans44,combmeans54,combmeans64,combmeans74, 
combmeans15,combmeans25, combmeans35,combmeans45,combmeans55,combmeans65,combmeans75, 
combmeans16,combmeans26, combmeans36,combmeans46,combmeans56,combmeans66,combmeans76) 
 
variance1=(1/(nvar))*(1/1)*sum(sampmean[,1]-expected1)**2 
 
variance11=(1/(nvar))*(1/(2-1))*sum(means[,1]-expected[1,1])**2 
variance21=(1/(nvar))*(1/(2-1))*sum(means[,2]-expected[2,1])**2 
variance31=(1/(nvar))*(1/(2-1))*sum(means[,3]-expected[3,1])**2 
variance41=(1/(nvar))*(1/(2-1))*sum(means[,4]-expected[4,1])**2 
variance51=(1/(nvar))*(1/(2-1))*sum(means[,5]-expected[5,1])**2 
variance61=(1/(nvar))*(1/(2-1))*sum(means[,6]-expected[6,1])**2 
variance71=(1/(nvar))*(1/(2-1))*sum(means[,7]-expected[7,1])**2 
 
variance12=(1/(nvar))*(1/(3-1))*sum(means[,8]-expected[1,2])**2 
variance22=(1/(nvar))*(1/(3-1))*sum(means[,9]-expected[2,2])**2 
variance32=(1/(nvar))*(1/(3-1))*sum(means[,10]-expected[3,2])**2 
variance42=(1/(nvar))*(1/(3-1))*sum(means[,11]-expected[4,2])**2 
variance52=(1/(nvar))*(1/(3-1))*sum(means[,12]-expected[5,2])**2 
variance62=(1/(nvar))*(1/(3-1))*sum(means[,13]-expected[6,2])**2 
variance72=(1/(nvar))*(1/(3-1))*sum(means[,14]-expected[7,2])**2 
 
variance13=(1/(nvar))*(1/(5-1))*sum(means[,15]-expected[1,3])**2 
variance23=(1/(nvar))*(1/(5-1))*sum(means[,16]-expected[2,3])**2 
variance33=(1/(nvar))*(1/(5-1))*sum(means[,17]-expected[3,3])**2 
variance43=(1/(nvar))*(1/(5-1))*sum(means[,18]-expected[4,3])**2 
variance53=(1/(nvar))*(1/(5-1))*sum(means[,19]-expected[5,3])**2 
variance63=(1/(nvar))*(1/(5-1))*sum(means[,20]-expected[6,3])**2 
variance73=(1/(nvar))*(1/(5-1))*sum(means[,21]-expected[7,3])**2 
 
variance14=(1/(nvar))*(1/(10-1))*sum(means[,22]-expected[1,4])**2 
variance24=(1/(nvar))*(1/(10-1))*sum(means[,23]-expected[2,4])**2 
variance34=(1/(nvar))*(1/(10-1))*sum(means[,24]-expected[3,4])**2 
variance44=(1/(nvar))*(1/(10-1))*sum(means[,25]-expected[4,4])**2 
variance54=(1/(nvar))*(1/(10-1))*sum(means[,26]-expected[5,4])**2 
variance64=(1/(nvar))*(1/(10-1))*sum(means[,27]-expected[6,4])**2 
variance74=(1/(nvar))*(1/(10-1))*sum(means[,28]-expected[7,4])**2 
 
variance15=(1/(nvar))*(1/(15-1))*sum(means[,29]-expected[1,5])**2 
variance25=(1/(nvar))*(1/(15-1))*sum(means[,30]-expected[2,5])**2 
variance35=(1/(nvar))*(1/(15-1))*sum(means[,31]-expected[3,5])**2 
variance45=(1/(nvar))*(1/(15-1))*sum(means[,32]-expected[4,5])**2 
variance55=(1/(nvar))*(1/(15-1))*sum(means[,33]-expected[5,5])**2 
variance65=(1/(nvar))*(1/(15-1))*sum(means[,34]-expected[6,5])**2 
variance75=(1/(nvar))*(1/(15-1))*sum(means[,35]-expected[7,5])**2 
 
variance16=(1/(nvar))*(1/(20-1))*sum(means[,36]-expected[1,6])**2 
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variance26=(1/(nvar))*(1/(20-1))*sum(means[,37]-expected[2,6])**2 
variance36=(1/(nvar))*(1/(20-1))*sum(means[,38]-expected[3,6])**2 
variance46=(1/(nvar))*(1/(20-1))*sum(means[,39]-expected[4,6])**2 
variance56=(1/(nvar))*(1/(20-1))*sum(means[,40]-expected[5,6])**2 
variance66=(1/(nvar))*(1/(20-1))*sum(means[,41]-expected[6,6])**2 
variance76=(1/(nvar))*(1/(20-1))*sum(means[,42]-expected[7,6])**2 
 
 
variance=c(variance1,variance11,variance21,variance31,variance41,variance51, variance61,variance71, 
variance12,variance22,variance32,variance42,variance52, variance62,variance72, 
variance13,variance23,variance33,variance43,variance53, variance63,variance73, 
variance14,variance24,variance34,variance44,variance54, variance64,variance74, 
variance15,variance25,variance35,variance45,variance55, variance65,variance75, 
variance16,variance26,variance36,variance46,variance56, variance66,variance76) 
 
 
bias= expectedcol-popmean 
 
relbias=(bias/expectedcol)*100 
mse= variance + bias**2 
cv= (sqrt(variance)/expectedcol)*100 
s.e= (sqrt(variance)/sqrt(nsamp)) 
LB= expectedcol - 1.96*s.e 
UB= expectedcol + 1.96*s.e 
 
result=cbind(popmean,expectedcol,relbias,s.e,cv,LB,UB,mse) 
write.table(result,"result_normal_scenario1.txt",sep="\t") 
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E2 T Distribution, 3 degrees of freedom 
 
################################################################################## 
# Simulations for the T- distribution: Convergence and other performance measures of a 
# Sequence of Simple Random Samples from a single Finite population using "7 DIFFERENT 
# WEIGHTING STRATEGIES" with varying population size, sample size and variance.  
# author: "Loveness Dzikiti" 
# date: "23 October 2016" 
##################################################################################   
# 
# Scenario 1: N=1000000 t(3)(100,25) n=1000 D=nsamp=20 
# 
################################################################################################################# 
# Function 1. 
 
dagostino.pearson.test <- function(x) { 
  # from Zar (1999), implemented by Doug Scofield,  scofield at bio.indiana.edu 
  DNAME <- deparse(substitute(x)) 
  n <- length(x) 
  x2 <- x * x 
  x3 <- x * x2 
  x4 <- x * x3 
  # compute Z_g1 
  k3 <- ((n*sum(x3)) - (3*sum(x)*sum(x2)) + (2*(sum(x)^3)/n))/((n-1)*(n-2)) 
  g1 <- k3 / sqrt(var(x)^3) 
  sqrtb1 <- ((n - 2)*g1) / sqrt(n*(n - 1)) 
  A <- sqrtb1 * sqrt(((n + 1)*(n + 3)) / (6*(n - 2))) 
  B <- (3*(n*n + 27*n - 70)*(n+1)*(n+3)) / ((n-2)*(n+5)*(n+7)*(n+9)) 
  C <- sqrt(2*(B - 1)) - 1 
  D <- sqrt(C) 
  E <- 1 / sqrt(log(D)) 
  F <- A / sqrt(2/(C - 1)) 
  Zg1 <- E * log(F + sqrt(F*F + 1)) 
  # compute Z_g2 
  G <- (24*n*(n-2)*(n-3)) / (((n+1)^2)*(n+3)*(n+5)) 
  k4 <- (((n*n*n + n*n)*sum(x4)) - (4*(n*n + n)*sum(x3)*sum(x)) - 
           (3*(n*n - n)*sum(x2)^2) + (12*n*sum(x2)*sum(x)^2) - (6*sum(x)^4)) / 
    (n*(n-1)*(n-2)*(n-3)) 
  g2 <- k4 / var(x)^2 
  H <- ((n-2)*(n-3)*abs(g2)) / ((n+1)*(n-1)*sqrt(G)) 
  J <- ((6*(n*n - 5*n + 2)) / ((n+7)*(n+9))) * sqrt((6*(n+3)*(n+5)) / 
                                                      (n*(n-2)*(n-3))) 
  K <- 6 + (8/J)*(2/J + sqrt(1 + 4/(J*J))) 
  L <- (1 - 2/K) / (1 + H*sqrt(2/(K-4))) 
  Zg2 <- (1 - 2/(9*K) - (L^(1/3))) / (sqrt(2/(9*K))) 
  K2 <- Zg1*Zg1 + Zg2*Zg2 
  pk2 <- pchisq(K2, 2, lower.tail=FALSE) 
  RVAL <- list(statistic = c(K2 = K2), p.value = pk2, method = 
                 "D'Agostino-Pearson normality test\n\nK2 is distributed as Chi-squared 
               with df=2", alternative = "distribution is not normal", data.name = 
                 DNAME) 
  class(RVAL) <- "htest" 
  #return(RVAL)  
  return(K2)      # adapting the test to return K2 instead of the usual results stored in RVAL 
} 
 
############################################################################################################### 
# Function 2 
# the rt function in R does not allow one to specify variance. to compare, with the normal distribution, we have to transform  
# the data given by the rt function. 
# For r=2, the following expression gives the variance of the t distribution, according to # Johnson, Kotz and Balakrishnan, 1995 
# See also Vieira (2005, Phd Thesis, pages 115-117 
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####################################################### 
#r=2 
#t_Var<-v^(r/2)*((gamma(1/2*(r+1))*gamma(1/2*(v-r)))/(gamma(0.5)*gamma(1/2*v))) 
# 
# Generates a t distribution with population size N, v degrees of freedom, mean=0 and unspecified standard deviation 
#N=50000000 
#v=5 
#t=rt(N,v) 
# 
# Standardizing the standard deviation to be equal to 1 
#t<-t/sqrt(t_Var) 
 
# Standardizing the standard deviation to be sigma and mean to be mu 
#sigma=5 # then variance=25 
#mu=100 
#t=(t*sigma)+mu 
#################################################################################################################
## 
 
setwd("C:\\Users\\User\\Dropbox\\Review\\simulations_2019\\srs\\t3") 
 
library(moments) 
 
N=1000000              #finite population size 
n=1000                #sample size 
nsamp=20            #number of samples 
k=nvar=1000 
 
set.seed(123456) 
 
########################################################################################################### 
# T distribution with 3 degrees of freedom 
 
v=3 
r=2 
mu=100 
sigma=5 
 
Var<-v^(r/2)*((gamma(1/2*(r+1))*gamma(1/2*(v-r)))/(gamma(0.5)*gamma(1/2*v)))   # variance of t-distribution 
x<-rt(N,v)                  #simulate data from a t distribution random mean and variance 
x<-x/sqrt(Var) 
x=(x*sigma)+mu 
 
#################################################################################################################
###### 
 
popmean=mean(x)   #finite population mean 
 
s <- matrix(c(rep.int(NA,n)), nrow = n, ncol = nsamp)    #store samples 
means <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means 
variance <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance 
designvar <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store design consistent variance 
cv <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation 
skewness <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
kurtosis <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
DP <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample dagostino k_squared 
 
 
combmeans1 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 1 
combmeans2 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 2 
combmeans3 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 3 
combmeans4 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 4 
combmeans5 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 5 
combmeans6 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 6 
combmeans7 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 7 
 
sampmean <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
 
 
combmeans11 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans21 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
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combmeans31 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans41 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans51 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans61 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans71 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans12 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans22 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans32 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans42 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans52 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans62 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans72 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans13 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans23 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans33 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans43 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans53 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans63 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans73 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans14 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans24 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans34 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans44 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans54 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans64 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans74 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans15 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans25 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans35 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans45 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans55 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans65 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans75 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans16 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans26 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans36 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans46 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans56 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans66 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans76 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
 
################################################################################################################ 
 
for (k in 1:nvar){ 
 
for (j in 1:nsamp){ 
   
  w1<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w2<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w3<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w4<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w5<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w6<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w7<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
   
} 
 
############################## Sampling from finite population 
 
for (i in 1:nsamp) {   
   
  s[,i]<-sample(x,n) 
   
  means[i]<-mean(s[,i])                                   #sample mean for ith sample 
  variance[i]<-sum((s[,i]-means[i])^2)/(n-1)              #sample variance 
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  designvar[i]<- (1-(n/N))*(variance[i])/n                #design consistent variance 
  cv[i]<-abs(sqrt(designvar[i])/means[i])                 #coefficient of variation 
  skewness[i]<-skewness(s[,i]) 
  kurtosis[i]<-kurtosis(s[,i]) 
  DP[i]<-dagostino.pearson.test(s[,i])                    #dagostino pearson statistic 
   
  w1[i]<-1/n                #inverse of the sample size 
  w2[i]<-1/(designvar[i])   #inverse of the variance of the estimator of the mean 
  w3[i]=1                   #simple average weights  
  w4[i]=1/cv[i]             #inverse of cv 
  w5[i]=abs(1/skewness[i])       #inverse skewness 
  w6[i]=1/kurtosis[i]       #inverse kurtosis 
  w7[i]=1/DP[i]             #inverse dagostino pearson k_squared 
   
   
  combmeans1[i]<-round(sum(means[1:i]*w1[1:i])/sum(w1[1:i]),digits=9) #combine means using inverse sample size 
  combmeans2[i]<-round(sum(means[1:i]*w2[1:i])/sum(w2[1:i]),digits=9) # combine using inverse variance  
  combmeans3[i]<-round(sum(means[1:i]*w3[1:i])/sum(w3[1:i]),digits=9) # combine using a weight of 1 
  combmeans4[i]<-round(sum(means[1:i]*w4[1:i])/sum(w4[1:i]),digits=9) # combine using a weight of n 
  combmeans5[i]<-round(sum(means[1:i]*w5[1:i])/sum(w5[1:i]),digits=9) # combine using a weight of inverse CV 
  combmeans6[i]<-round(sum(means[1:i]*w6[1:i])/sum(w6[1:i]),digits=9) # combine using a weight of inverse skewness 
  combmeans7[i]<-round(sum(means[1:i]*w7[1:i])/sum(w7[1:i]),digits=9) # combine using a weight of inverse kurtosis 
   
     
} 
 
popmean=mean(x)   #finite population mean 
 
 
#########################Measures of performance of the different estimators 
 
sampmean[k]=means[1]   # capturing the mean of 1 sample, where nsamp=1 reps are combined 
 
 
    combmeans11[k]=combmeans1[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans21[k]=combmeans2[2] 
    combmeans31[k]=combmeans3[2] 
    combmeans41[k]=combmeans4[2] 
    combmeans51[k]=combmeans5[2] 
    combmeans61[k]=combmeans6[2] 
    combmeans71[k]=combmeans7[2] 
 
    combmeans12[k]=combmeans1[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans22[k]=combmeans2[3] 
    combmeans32[k]=combmeans3[3] 
    combmeans42[k]=combmeans4[3] 
    combmeans52[k]=combmeans5[3] 
    combmeans62[k]=combmeans6[3] 
    combmeans72[k]=combmeans7[3] 
 
    combmeans13[k]=combmeans1[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans23[k]=combmeans2[5] 
    combmeans33[k]=combmeans3[5] 
    combmeans43[k]=combmeans4[5] 
    combmeans53[k]=combmeans5[5] 
    combmeans63[k]=combmeans6[5] 
    combmeans73[k]=combmeans7[5] 
 
    combmeans14[k]=combmeans1[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans24[k]=combmeans2[10] 
    combmeans34[k]=combmeans3[10] 
    combmeans44[k]=combmeans4[10] 
    combmeans54[k]=combmeans5[10] 
    combmeans64[k]=combmeans6[10] 
    combmeans74[k]=combmeans7[10] 
   
    combmeans15[k]=combmeans1[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans25[k]=combmeans2[15] 
    combmeans35[k]=combmeans3[15] 
    combmeans45[k]=combmeans4[15] 
    combmeans55[k]=combmeans5[15] 
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    combmeans65[k]=combmeans6[15] 
    combmeans75[k]=combmeans7[15] 
 
    combmeans16[k]=combmeans1[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans26[k]=combmeans2[20] 
    combmeans36[k]=combmeans3[20] 
    combmeans46[k]=combmeans4[20] 
    combmeans56[k]=combmeans5[20] 
    combmeans66[k]=combmeans6[20] 
    combmeans76[k]=combmeans7[20] 
 
 
     
} 
 
expected1=mean(sampmean)            #expected mean for one sample, not combining 
expected=matrix(0,7,6) 
 
expected[1,1]=mean(combmeans11)     #strategy 1 nsamp=2 
expected[2,1]=mean(combmeans21) 
expected[3,1]=mean(combmeans31) 
expected[4,1]=mean(combmeans41) 
expected[5,1]=mean(combmeans51) 
expected[6,1]=mean(combmeans61) 
expected[7,1]=mean(combmeans71) 
 
expected[1,2]=mean(combmeans12)     #strategy 1 nsamp=3 
expected[2,2]=mean(combmeans22) 
expected[3,2]=mean(combmeans32) 
expected[4,2]=mean(combmeans42) 
expected[5,2]=mean(combmeans52) 
expected[6,2]=mean(combmeans62) 
expected[7,2]=mean(combmeans72) 
 
expected[1,3]=mean(combmeans13)     #strategy 1 nsamp=5 
expected[2,3]=mean(combmeans23) 
expected[3,3]=mean(combmeans33) 
expected[4,3]=mean(combmeans43) 
expected[5,3]=mean(combmeans53) 
expected[6,3]=mean(combmeans63) 
expected[7,3]=mean(combmeans73) 
 
expected[1,4]=mean(combmeans14)     #strategy 1 nsamp=10 
expected[2,4]=mean(combmeans24) 
expected[3,4]=mean(combmeans34) 
expected[4,4]=mean(combmeans44) 
expected[5,4]=mean(combmeans54) 
expected[6,4]=mean(combmeans64) 
expected[7,4]=mean(combmeans74) 
 
expected[1,5]=mean(combmeans15)     #strategy 1 nsamp=2 
expected[2,5]=mean(combmeans25) 
expected[3,5]=mean(combmeans35) 
expected[4,5]=mean(combmeans45) 
expected[5,5]=mean(combmeans55) 
expected[6,5]=mean(combmeans65) 
expected[7,5]=mean(combmeans75) 
 
expected[1,6]=mean(combmeans16)     #strategy 1 nsamp=20 
expected[2,6]=mean(combmeans26) 
expected[3,6]=mean(combmeans36) 
expected[4,6]=mean(combmeans46) 
expected[5,6]=mean(combmeans56) 
expected[6,6]=mean(combmeans66) 
expected[7,6]=mean(combmeans76) 
 
expectedcol=c(expected1,expected[,1],expected[,2],expected[,3],expected[,4],expected[,5],expected[,6]) 
 
means=cbind(combmeans11,combmeans21, combmeans31,combmeans41,combmeans51,combmeans61,combmeans71, 
combmeans12,combmeans22, combmeans32,combmeans42,combmeans52,combmeans62,combmeans72, 
combmeans13,combmeans23, combmeans33,combmeans43,combmeans53,combmeans63,combmeans73, 
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combmeans14,combmeans24, combmeans34,combmeans44,combmeans54,combmeans64,combmeans74, 
combmeans15,combmeans25, combmeans35,combmeans45,combmeans55,combmeans65,combmeans75, 
combmeans16,combmeans26, combmeans36,combmeans46,combmeans56,combmeans66,combmeans76) 
 
variance1=(1/(nvar))*sum((sampmean[,1]-expected1)**2) 
 
variance11=(1/(nvar-1))*sum((means[,1]-expected[1,1])**2) 
variance21=(1/(nvar-1))*sum((means[,2]-expected[2,1])**2) 
variance31=(1/(nvar-1))*sum((means[,3]-expected[3,1])**2) 
variance41=(1/(nvar-1))*sum((means[,4]-expected[4,1])**2) 
variance51=(1/(nvar-1))*sum((means[,5]-expected[5,1])**2) 
variance61=(1/(nvar-1))*sum((means[,6]-expected[6,1])**2) 
variance71=(1/(nvar-1))*sum((means[,7]-expected[7,1])**2) 
 
variance12=(1/(nvar-1))*sum((means[,8]-expected[1,2])**2) 
variance22=(1/(nvar-1))*sum((means[,9]-expected[2,2])**2) 
variance32=(1/(nvar-1))*sum((means[,10]-expected[3,2])**2) 
variance42=(1/(nvar-1))*sum((means[,11]-expected[4,2])**2) 
variance52=(1/(nvar-1))*sum((means[,12]-expected[5,2])**2) 
variance62=(1/(nvar-1))*sum((means[,13]-expected[6,2])**2) 
variance72=(1/(nvar-1))*sum((means[,14]-expected[7,2])**2) 
 
variance13=(1/(nvar-1))*sum((means[,15]-expected[1,3])**2) 
variance23=(1/(nvar-1))*sum((means[,16]-expected[2,3])**2) 
variance33=(1/(nvar-1))*sum((means[,17]-expected[3,3])**2) 
variance43=(1/(nvar-1))*sum((means[,18]-expected[4,3])**2) 
variance53=(1/(nvar-1))*sum((means[,19]-expected[5,3])**2) 
variance63=(1/(nvar-1))*sum((means[,20]-expected[6,3])**2) 
variance73=(1/(nvar-1))*sum((means[,21]-expected[7,3])**2) 
 
variance14=(1/(nvar-1))*sum((means[,22]-expected[1,4])**2) 
variance24=(1/(nvar-1))*sum((means[,23]-expected[2,4])**2) 
variance34=(1/(nvar-1))*sum((means[,24]-expected[3,4])**2) 
variance44=(1/(nvar-1))*sum((means[,25]-expected[4,4])**2) 
variance54=(1/(nvar-1))*sum((means[,26]-expected[5,4])**2) 
variance64=(1/(nvar-1))*sum((means[,27]-expected[6,4])**2) 
variance74=(1/(nvar-1))*sum((means[,28]-expected[7,4])**2) 
 
variance15=(1/(nvar-1))*sum((means[,29]-expected[1,5])**2) 
variance25=(1/(nvar-1))*sum((means[,30]-expected[2,5])**2) 
variance35=(1/(nvar-1))*sum((means[,31]-expected[3,5])**2) 
variance45=(1/(nvar-1))*sum((means[,32]-expected[4,5])**2) 
variance55=(1/(nvar-1))*sum((means[,33]-expected[5,5])**2) 
variance65=(1/(nvar-1))*sum((means[,34]-expected[6,5])**2) 
variance75=(1/(nvar-1))*sum((means[,35]-expected[7,5])**2) 
 
variance16=(1/(nvar-1))*sum((means[,36]-expected[1,6])**2) 
variance26=(1/(nvar-1))*sum((means[,37]-expected[2,6])**2) 
variance36=(1/(nvar-1))*sum((means[,38]-expected[3,6])**2) 
variance46=(1/(nvar-1))*sum((means[,39]-expected[4,6])**2) 
variance56=(1/(nvar-1))*sum((means[,40]-expected[5,6])**2) 
variance66=(1/(nvar-1))*sum((means[,41]-expected[6,6])**2) 
variance76=(1/(nvar-1))*sum((means[,42]-expected[7,6])**2) 
 
variance=c(variance1,variance11,variance21,variance31,variance41,variance51, variance61,variance71, 
variance12,variance22,variance32,variance42,variance52, variance62,variance72, 
variance13,variance23,variance33,variance43,variance53, variance63,variance73, 
variance14,variance24,variance34,variance44,variance54, variance64,variance74, 
variance15,variance25,variance35,variance45,variance55, variance65,variance75, 
variance16,variance26,variance36,variance46,variance56, variance66,variance76) 
 
 
bias= expectedcol-popmean 
 
relbias=(bias/expectedcol)*100 
 
mse= variance + bias**2 
 
cv= (sqrt(variance)/expectedcol)*100 
 
s.e= (sqrt(variance)/sqrt(nvar)) 
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LB= expectedcol - 1.96*s.e 
UB= expectedcol + 1.96*s.e 
 
result=cbind(popmean,expectedcol,relbias,s.e,cv,LB,UB,mse) 
 
#write.table(result,"result_t3_scenario1_1000.txt",sep="\t") 
write.table(result,"million_t3_scenario1_1000.txt",sep="\t") 
 
rm(list = ls())  
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E3 Skewed Normal Distribution 
 
################################################################################## 
# Simulations for the Skewed Normal distribution: Convergence and other performance measures of  
# a Sequence of Simple Random Samples from a single Finite population using "7 DIFFERENT 
# WEIGHTING STRATEGIES" with varying population size, sample size and variance.  
# author: "Loveness Dzikiti" 
# date: "27 September 2017" 
################################################################################## 
  
#Scenario 1: N=1000000 SN(100,25) n=1000 D=nsamp=20 
################################################################################################################# 
 
dagostino.pearson.test <- function(x) { 
  # from Zar (1999), implemented by Doug Scofield,  scofield at bio.indiana.edu 
  DNAME <- deparse(substitute(x)) 
  n <- length(x) 
  x2 <- x * x 
  x3 <- x * x2 
  x4 <- x * x3 
  # compute Z_g1 
  k3 <- ((n*sum(x3)) - (3*sum(x)*sum(x2)) + (2*(sum(x)^3)/n))/((n-1)*(n-2)) 
  g1 <- k3 / sqrt(var(x)^3) 
  sqrtb1 <- ((n - 2)*g1) / sqrt(n*(n - 1)) 
  A <- sqrtb1 * sqrt(((n + 1)*(n + 3)) / (6*(n - 2))) 
  B <- (3*(n*n + 27*n - 70)*(n+1)*(n+3)) / ((n-2)*(n+5)*(n+7)*(n+9)) 
  C <- sqrt(2*(B - 1)) - 1 
  D <- sqrt(C) 
  E <- 1 / sqrt(log(D)) 
  F <- A / sqrt(2/(C - 1)) 
  Zg1 <- E * log(F + sqrt(F*F + 1)) 
  # compute Z_g2 
  G <- (24*n*(n-2)*(n-3)) / (((n+1)^2)*(n+3)*(n+5)) 
  k4 <- (((n*n*n + n*n)*sum(x4)) - (4*(n*n + n)*sum(x3)*sum(x)) - 
           (3*(n*n - n)*sum(x2)^2) + (12*n*sum(x2)*sum(x)^2) - (6*sum(x)^4)) / 
    (n*(n-1)*(n-2)*(n-3)) 
  g2 <- k4 / var(x)^2 
  H <- ((n-2)*(n-3)*abs(g2)) / ((n+1)*(n-1)*sqrt(G)) 
  J <- ((6*(n*n - 5*n + 2)) / ((n+7)*(n+9))) * sqrt((6*(n+3)*(n+5)) / 
                                                      (n*(n-2)*(n-3))) 
  K <- 6 + (8/J)*(2/J + sqrt(1 + 4/(J*J))) 
  L <- (1 - 2/K) / (1 + H*sqrt(2/(K-4))) 
  Zg2 <- (1 - 2/(9*K) - (L^(1/3))) / (sqrt(2/(9*K))) 
  K2 <- Zg1*Zg1 + Zg2*Zg2 
  pk2 <- pchisq(K2, 2, lower.tail=FALSE) 
  RVAL <- list(statistic = c(K2 = K2), p.value = pk2, method = 
                 "D'Agostino-Pearson normality test\n\nK2 is distributed as Chi-squared 
               with df=2", alternative = "distribution is not normal", data.name = 
                 DNAME) 
  class(RVAL) <- "htest" 
  #return(RVAL)  
  return(K2)      # adapting the test to return K2 instead of the usual results stored in RVAL 
} 
############################################################################################### 
 
setwd("C:\\Users\\User\\Dropbox\\Review\\simulations_2019\\srs\\anormal") 
 
library(moments) 
library(sn) 
 
N=1000000              #finite population size 
n=1000                #sample size 
nsamp=20            #number of samples 
k=nvar=1000 
 
 
set.seed(123456) 
 
################################################################################################################# 
# Asymmetric Normal Distribution                # 



291 
 
 

 
xi=-1.15                                       #  
omega=1.541                                     # 
alpha=3               # asymmetry parameter for strong asymmetry  
 
x <- rsn(N, xi, omega, alpha)                   
 
sigma=5                                      
mu=100                                           
 
x=(x*sigma)+mu                                 
 
#################################################################################################################
##### 
 
popmean=mean(x)   #finite population mean 
 
 
s <- matrix(c(rep.int(NA,n)), nrow = n, ncol = nsamp)    #store samples 
means <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means 
variance <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance 
designvar <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store design consistent variance 
cv <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation 
skewness <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
kurtosis <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
DP <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample dagostino k_squared 
 
 
combmeans1 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 1 
combmeans2 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 2 
combmeans3 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 3 
combmeans4 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 4 
combmeans5 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 5 
combmeans6 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 6 
combmeans7 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 7 
 
sampmean <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
 
 
combmeans11 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans21 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans31 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans41 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans51 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans61 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans71 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans12 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans22 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans32 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans42 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans52 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans62 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans72 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans13 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans23 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans33 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans43 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans53 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans63 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans73 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans14 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans24 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans34 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans44 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans54 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans64 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans74 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
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combmeans15 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans25 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans35 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans45 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans55 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans65 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans75 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans16 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans26 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans36 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans46 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans56 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans66 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans76 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
 
 
################################################################################################################ 
 
for (k in 1:nvar){ 
   
   
   for (j in 1:nsamp){ 
   
      w1<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
      w2<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
      w3<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
      w4<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
      w5<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
      w6<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
      w7<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
   
        } 
 
######################### Sampling from finite population############################# 
 
for (i in 1:nsamp) {   
   
  s[,i]<-sample(x,n) 
   
  means[i]<-mean(s[,i])                                   #sample mean for ith sample 
  variance[i]<-sum((s[,i]-means[i])^2)/(n-1)              #sample variance 
  designvar[i]<- (1-(n/N))*(variance[i])/n                #design consistent variance 
  cv[i]<-abs(sqrt(designvar[i])/means[i])                 #coefficient of variation 
  skewness[i]<-skewness(s[,i]) 
  kurtosis[i]<-kurtosis(s[,i]) 
  DP[i]<-dagostino.pearson.test(s[,i])                    #dagostino pearson statistic 
   
  w1[i]<-1/n                #inverse of the sample size 
  w2[i]<-1/(designvar[i])   #inverse of the variance of the estimator of the mean 
  w3[i]=1                   #simple average weights  
  w4[i]=1/cv[i]             #inverse of cv 
  w5[i]=abs(1/skewness[i])       #inverse skewness 
  w6[i]=1/kurtosis[i]       #inverse kurtosis 
  w7[i]=1/DP[i]             #inverse dagostino pearson k_squared 
   
   
  combmeans1[i]<-round(sum(means[1:i]*w1[1:i])/sum(w1[1:i]),digits=9) #combine means using inverse sample size 
  combmeans2[i]<-round(sum(means[1:i]*w2[1:i])/sum(w2[1:i]),digits=9) # combine using inverse variance  
  combmeans3[i]<-round(sum(means[1:i]*w3[1:i])/sum(w3[1:i]),digits=9) # combine using a weight of 1 
  combmeans4[i]<-round(sum(means[1:i]*w4[1:i])/sum(w4[1:i]),digits=9) # combine using a weight of n 
  combmeans5[i]<-round(sum(means[1:i]*w5[1:i])/sum(w5[1:i]),digits=9) # combine using a weight of inverse CV 
  combmeans6[i]<-round(sum(means[1:i]*w6[1:i])/sum(w6[1:i]),digits=9) # combine using a weight of inverse skewness 
  combmeans7[i]<-round(sum(means[1:i]*w7[1:i])/sum(w7[1:i]),digits=9) # combine using a weight of inverse kurtosis 
   
     
} 
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##################Measures of performance of the different estimators############### 
 
sampmean[k]=means[1]   # capturing the mean of 1 sample, where nsamp=1 reps are combined 
 
 
    combmeans11[k]=combmeans1[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans21[k]=combmeans2[2] 
    combmeans31[k]=combmeans3[2] 
    combmeans41[k]=combmeans4[2] 
    combmeans51[k]=combmeans5[2] 
    combmeans61[k]=combmeans6[2] 
    combmeans71[k]=combmeans7[2] 
 
    combmeans12[k]=combmeans1[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans22[k]=combmeans2[3] 
    combmeans32[k]=combmeans3[3] 
    combmeans42[k]=combmeans4[3] 
    combmeans52[k]=combmeans5[3] 
    combmeans62[k]=combmeans6[3] 
    combmeans72[k]=combmeans7[3] 
 
    combmeans13[k]=combmeans1[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans23[k]=combmeans2[5] 
    combmeans33[k]=combmeans3[5] 
    combmeans43[k]=combmeans4[5] 
    combmeans53[k]=combmeans5[5] 
    combmeans63[k]=combmeans6[5] 
    combmeans73[k]=combmeans7[5] 
 
    combmeans14[k]=combmeans1[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans24[k]=combmeans2[10] 
    combmeans34[k]=combmeans3[10] 
    combmeans44[k]=combmeans4[10] 
    combmeans54[k]=combmeans5[10] 
    combmeans64[k]=combmeans6[10] 
    combmeans74[k]=combmeans7[10] 
   
    combmeans15[k]=combmeans1[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans25[k]=combmeans2[15] 
    combmeans35[k]=combmeans3[15] 
    combmeans45[k]=combmeans4[15] 
    combmeans55[k]=combmeans5[15] 
    combmeans65[k]=combmeans6[15] 
    combmeans75[k]=combmeans7[15] 
 
    combmeans16[k]=combmeans1[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans26[k]=combmeans2[20] 
    combmeans36[k]=combmeans3[20] 
    combmeans46[k]=combmeans4[20] 
    combmeans56[k]=combmeans5[20] 
    combmeans66[k]=combmeans6[20] 
    combmeans76[k]=combmeans7[20] 
 
 
     
} 
 
expected1=mean(sampmean)            #expected mean for one sample, not combining 
expected=matrix(0,7,6) 
 
expected[1,1]=mean(combmeans11)     #strategy 1 nsamp=2 
expected[2,1]=mean(combmeans21) 
expected[3,1]=mean(combmeans31) 
expected[4,1]=mean(combmeans41) 
expected[5,1]=mean(combmeans51) 
expected[6,1]=mean(combmeans61) 
expected[7,1]=mean(combmeans71) 
 
expected[1,2]=mean(combmeans12)     #strategy 1 nsamp=3 
expected[2,2]=mean(combmeans22) 
expected[3,2]=mean(combmeans32) 
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expected[4,2]=mean(combmeans42) 
expected[5,2]=mean(combmeans52) 
expected[6,2]=mean(combmeans62) 
expected[7,2]=mean(combmeans72) 
 
expected[1,3]=mean(combmeans13)     #strategy 1 nsamp=5 
expected[2,3]=mean(combmeans23) 
expected[3,3]=mean(combmeans33) 
expected[4,3]=mean(combmeans43) 
expected[5,3]=mean(combmeans53) 
expected[6,3]=mean(combmeans63) 
expected[7,3]=mean(combmeans73) 
 
expected[1,4]=mean(combmeans14)     #strategy 1 nsamp=10 
expected[2,4]=mean(combmeans24) 
expected[3,4]=mean(combmeans34) 
expected[4,4]=mean(combmeans44) 
expected[5,4]=mean(combmeans54) 
expected[6,4]=mean(combmeans64) 
expected[7,4]=mean(combmeans74) 
 
expected[1,5]=mean(combmeans15)     #strategy 1 nsamp=2 
expected[2,5]=mean(combmeans25) 
expected[3,5]=mean(combmeans35) 
expected[4,5]=mean(combmeans45) 
expected[5,5]=mean(combmeans55) 
expected[6,5]=mean(combmeans65) 
expected[7,5]=mean(combmeans75) 
 
expected[1,6]=mean(combmeans16)     #strategy 1 nsamp=20 
expected[2,6]=mean(combmeans26) 
expected[3,6]=mean(combmeans36) 
expected[4,6]=mean(combmeans46) 
expected[5,6]=mean(combmeans56) 
expected[6,6]=mean(combmeans66) 
expected[7,6]=mean(combmeans76) 
 
expectedcol=c(expected1,expected[,1],expected[,2],expected[,3],expected[,4],expected[,5],expected[,6]) 
 
means=cbind(combmeans11,combmeans21, combmeans31,combmeans41,combmeans51,combmeans61,combmeans71, 
combmeans12,combmeans22, combmeans32,combmeans42,combmeans52,combmeans62,combmeans72, 
combmeans13,combmeans23, combmeans33,combmeans43,combmeans53,combmeans63,combmeans73, 
combmeans14,combmeans24, combmeans34,combmeans44,combmeans54,combmeans64,combmeans74, 
combmeans15,combmeans25, combmeans35,combmeans45,combmeans55,combmeans65,combmeans75, 
combmeans16,combmeans26, combmeans36,combmeans46,combmeans56,combmeans66,combmeans76) 
 
variance1=(1/(nvar))*sum((sampmean[,1]-expected1)**2) 
 
variance11=(1/(nvar-1))*sum((means[,1]-expected[1,1])**2) 
variance21=(1/(nvar-1))*sum((means[,2]-expected[2,1])**2) 
variance31=(1/(nvar-1))*sum((means[,3]-expected[3,1])**2) 
variance41=(1/(nvar-1))*sum((means[,4]-expected[4,1])**2) 
variance51=(1/(nvar-1))*sum((means[,5]-expected[5,1])**2) 
variance61=(1/(nvar-1))*sum((means[,6]-expected[6,1])**2) 
variance71=(1/(nvar-1))*sum((means[,7]-expected[7,1])**2) 
 
variance12=(1/(nvar-1))*sum((means[,8]-expected[1,2])**2) 
variance22=(1/(nvar-1))*sum((means[,9]-expected[2,2])**2) 
variance32=(1/(nvar-1))*sum((means[,10]-expected[3,2])**2) 
variance42=(1/(nvar-1))*sum((means[,11]-expected[4,2])**2) 
variance52=(1/(nvar-1))*sum((means[,12]-expected[5,2])**2) 
variance62=(1/(nvar-1))*sum((means[,13]-expected[6,2])**2) 
variance72=(1/(nvar-1))*sum((means[,14]-expected[7,2])**2) 
 
variance13=(1/(nvar-1))*sum((means[,15]-expected[1,3])**2) 
variance23=(1/(nvar-1))*sum((means[,16]-expected[2,3])**2) 
variance33=(1/(nvar-1))*sum((means[,17]-expected[3,3])**2) 
variance43=(1/(nvar-1))*sum((means[,18]-expected[4,3])**2) 
variance53=(1/(nvar-1))*sum((means[,19]-expected[5,3])**2) 
variance63=(1/(nvar-1))*sum((means[,20]-expected[6,3])**2) 
variance73=(1/(nvar-1))*sum((means[,21]-expected[7,3])**2) 



295 
 
 

 
variance14=(1/(nvar-1))*sum((means[,22]-expected[1,4])**2) 
variance24=(1/(nvar-1))*sum((means[,23]-expected[2,4])**2) 
variance34=(1/(nvar-1))*sum((means[,24]-expected[3,4])**2) 
variance44=(1/(nvar-1))*sum((means[,25]-expected[4,4])**2) 
variance54=(1/(nvar-1))*sum((means[,26]-expected[5,4])**2) 
variance64=(1/(nvar-1))*sum((means[,27]-expected[6,4])**2) 
variance74=(1/(nvar-1))*sum((means[,28]-expected[7,4])**2) 
 
variance15=(1/(nvar-1))*sum((means[,29]-expected[1,5])**2) 
variance25=(1/(nvar-1))*sum((means[,30]-expected[2,5])**2) 
variance35=(1/(nvar-1))*sum((means[,31]-expected[3,5])**2) 
variance45=(1/(nvar-1))*sum((means[,32]-expected[4,5])**2) 
variance55=(1/(nvar-1))*sum((means[,33]-expected[5,5])**2) 
variance65=(1/(nvar-1))*sum((means[,34]-expected[6,5])**2) 
variance75=(1/(nvar-1))*sum((means[,35]-expected[7,5])**2) 
 
variance16=(1/(nvar-1))*sum((means[,36]-expected[1,6])**2) 
variance26=(1/(nvar-1))*sum((means[,37]-expected[2,6])**2) 
variance36=(1/(nvar-1))*sum((means[,38]-expected[3,6])**2) 
variance46=(1/(nvar-1))*sum((means[,39]-expected[4,6])**2) 
variance56=(1/(nvar-1))*sum((means[,40]-expected[5,6])**2) 
variance66=(1/(nvar-1))*sum((means[,41]-expected[6,6])**2) 
variance76=(1/(nvar-1))*sum((means[,42]-expected[7,6])**2) 
 
variance=c(variance1,variance11,variance21,variance31,variance41,variance51, variance61,variance71, 
variance12,variance22,variance32,variance42,variance52, variance62,variance72, 
variance13,variance23,variance33,variance43,variance53, variance63,variance73, 
variance14,variance24,variance34,variance44,variance54, variance64,variance74, 
variance15,variance25,variance35,variance45,variance55, variance65,variance75, 
variance16,variance26,variance36,variance46,variance56, variance66,variance76) 
 
 
bias= expectedcol-popmean 
 
relbias=(bias/expectedcol)*100 
 
mse= variance + bias**2 
 
cv= (sqrt(variance)/expectedcol)*100 
 
s.e= (sqrt(variance)/sqrt(nvar)) 
 
LB= expectedcol - 1.96*s.e 
UB= expectedcol + 1.96*s.e 
 
result=cbind(popmean,expectedcol,relbias,s.e,cv,LB,UB,mse) 
 
#write.table(result,"result_anormal_1000.txt",sep="\t") 
write.table(result,"million1_anormal_1000.txt",sep="\t") 
rm(list = ls()) 
 

  



296 
 
 

E4 Skewed T Distribution, 3 degrees of freedom 
 
################################################################################################################# 
#Scenario 1: N=1000000 N(100,25) n=1000 D=nsamp=20 
################################################################################################################# 
 
dagostino.pearson.test <- function(x) { 
  # from Zar (1999), implemented by Doug Scofield,  scofield at bio.indiana.edu 
  DNAME <- deparse(substitute(x)) 
  n <- length(x) 
  x2 <- x * x 
  x3 <- x * x2 
  x4 <- x * x3 
  # compute Z_g1 
  k3 <- ((n*sum(x3)) - (3*sum(x)*sum(x2)) + (2*(sum(x)^3)/n))/((n-1)*(n-2)) 
  g1 <- k3 / sqrt(var(x)^3) 
  sqrtb1 <- ((n - 2)*g1) / sqrt(n*(n - 1)) 
  A <- sqrtb1 * sqrt(((n + 1)*(n + 3)) / (6*(n - 2))) 
  B <- (3*(n*n + 27*n - 70)*(n+1)*(n+3)) / ((n-2)*(n+5)*(n+7)*(n+9)) 
  C <- sqrt(2*(B - 1)) - 1 
  D <- sqrt(C) 
  E <- 1 / sqrt(log(D)) 
  F <- A / sqrt(2/(C - 1)) 
  Zg1 <- E * log(F + sqrt(F*F + 1)) 
  # compute Z_g2 
  G <- (24*n*(n-2)*(n-3)) / (((n+1)^2)*(n+3)*(n+5)) 
  k4 <- (((n*n*n + n*n)*sum(x4)) - (4*(n*n + n)*sum(x3)*sum(x)) - 
           (3*(n*n - n)*sum(x2)^2) + (12*n*sum(x2)*sum(x)^2) - (6*sum(x)^4)) / 
    (n*(n-1)*(n-2)*(n-3)) 
  g2 <- k4 / var(x)^2 
  H <- ((n-2)*(n-3)*abs(g2)) / ((n+1)*(n-1)*sqrt(G)) 
  J <- ((6*(n*n - 5*n + 2)) / ((n+7)*(n+9))) * sqrt((6*(n+3)*(n+5)) / 
                                                      (n*(n-2)*(n-3))) 
  K <- 6 + (8/J)*(2/J + sqrt(1 + 4/(J*J))) 
  L <- (1 - 2/K) / (1 + H*sqrt(2/(K-4))) 
  Zg2 <- (1 - 2/(9*K) - (L^(1/3))) / (sqrt(2/(9*K))) 
  K2 <- Zg1*Zg1 + Zg2*Zg2 
  pk2 <- pchisq(K2, 2, lower.tail=FALSE) 
  RVAL <- list(statistic = c(K2 = K2), p.value = pk2, method = 
                 "D'Agostino-Pearson normality test\n\nK2 is distributed as Chi-squared 
               with df=2", alternative = "distribution is not normal", data.name = 
                 DNAME) 
  class(RVAL) <- "htest" 
  #return(RVAL) 
  return(K2) 
} 
 
############################################################################################### 
 
 
setwd("C:\\Users\\User\\Dropbox\\Review\\simulations_2019\\srs\\at3") 
 
library(moments) 
library(sn) 
 
N=1000000              #finite population size 
n=1000                #sample size 
nsamp=20            #number of samples 
k=nvar=1000 
 
set.seed(123456) 
 
#################################################################################################################
################# 
#####Assymetric t distribution, 3 degrees of freedom 
 
v=3 
 
xi=-0.7891 
omega=0.746 
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alpha=3 
 
sigma=5 
mu=100 
 
x<- rst(N, xi, omega, alpha, v) 
x=(x*sigma)+mu  
 
################################################################################################################# 
 
popmean=mean(x)   #finite population mean 
 
s <- matrix(c(rep.int(NA,n)), nrow = n, ncol = nsamp)    #store samples 
means <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means 
variance <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance 
designvar <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store design consistent variance 
cv <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation 
skewness <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
kurtosis <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
DP <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample dagostino k_squared 
 
 
combmeans1 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 1 
combmeans2 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 2 
combmeans3 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 3 
combmeans4 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 4 
combmeans5 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 5 
combmeans6 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 6 
combmeans7 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 7 
 
sampmean <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
 
 
combmeans11 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans21 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans31 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans41 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans51 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans61 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans71 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans12 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans22 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans32 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans42 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans52 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans62 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans72 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans13 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans23 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans33 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans43 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans53 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans63 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans73 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans14 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans24 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans34 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans44 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans54 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans64 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans74 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans15 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans25 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans35 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans45 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans55 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans65 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
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combmeans75 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
combmeans16 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans26 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans36 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans46 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans56 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans66 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans76 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
 
 
 
################################################################################################################ 
 
for (k in 1:nvar){ 
  
for (j in 1:nsamp){ 
   
  w1<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w2<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w3<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w4<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w5<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w6<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w7<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
   
} 
 
################################ Sampling from finite population##################### 
 
for (i in 1:nsamp) {   
   
  s[,i]<-sample(x,n) 
   
  means[i]<-mean(s[,i])                                   #sample mean for ith sample 
  variance[i]<-sum((s[,i]-means[i])^2)/(n-1)              #sample variance 
  designvar[i]<- (1-(n/N))*(variance[i])/n                #design consistent variance 
  cv[i]<-abs(sqrt(designvar[i])/means[i])                 #coefficient of variation 
  skewness[i]<-skewness(s[,i]) 
  kurtosis[i]<-kurtosis(s[,i]) 
  DP[i]<-dagostino.pearson.test(s[,i])                    #dagostino pearson statistic 
   
  w1[i]<-1/n                #inverse of the sample size 
  w2[i]<-1/(designvar[i])   #inverse of the variance of the estimator of the mean 
  w3[i]=1                   #simple average weights  
  w4[i]=1/cv[i]             #inverse of cv 
  w5[i]=abs(1/skewness[i])       #inverse skewness 
  w6[i]=1/kurtosis[i]       #inverse kurtosis 
  w7[i]=1/DP[i]             #inverse dagostino pearson k_squared 
   
   
  combmeans1[i]<-round(sum(means[1:i]*w1[1:i])/sum(w1[1:i]),digits=9) #combine means using inverse sample size 
  combmeans2[i]<-round(sum(means[1:i]*w2[1:i])/sum(w2[1:i]),digits=9) # combine using inverse variance  
  combmeans3[i]<-round(sum(means[1:i]*w3[1:i])/sum(w3[1:i]),digits=9) # combine using a weight of 1 
  combmeans4[i]<-round(sum(means[1:i]*w4[1:i])/sum(w4[1:i]),digits=9) # combine using a weight of n 
  combmeans5[i]<-round(sum(means[1:i]*w5[1:i])/sum(w5[1:i]),digits=9) # combine using a weight of inverse CV 
  combmeans6[i]<-round(sum(means[1:i]*w6[1:i])/sum(w6[1:i]),digits=9) # combine using a weight of inverse skewness 
  combmeans7[i]<-round(sum(means[1:i]*w7[1:i])/sum(w7[1:i]),digits=9) # combine using a weight of inverse kurtosis 
   
       
} 
 
##################Measures of performance of the different estimators############### 
 
sampmean[k]=means[1]   # capturing the mean of 1 sample, where nsamp=1 reps are combined 
 
 
    combmeans11[k]=combmeans1[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans21[k]=combmeans2[2] 
    combmeans31[k]=combmeans3[2] 
    combmeans41[k]=combmeans4[2] 
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    combmeans51[k]=combmeans5[2] 
    combmeans61[k]=combmeans6[2] 
    combmeans71[k]=combmeans7[2] 
 
    combmeans12[k]=combmeans1[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans22[k]=combmeans2[3] 
    combmeans32[k]=combmeans3[3] 
    combmeans42[k]=combmeans4[3] 
    combmeans52[k]=combmeans5[3] 
    combmeans62[k]=combmeans6[3] 
    combmeans72[k]=combmeans7[3] 
 
    combmeans13[k]=combmeans1[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans23[k]=combmeans2[5] 
    combmeans33[k]=combmeans3[5] 
    combmeans43[k]=combmeans4[5] 
    combmeans53[k]=combmeans5[5] 
    combmeans63[k]=combmeans6[5] 
    combmeans73[k]=combmeans7[5] 
 
    combmeans14[k]=combmeans1[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans24[k]=combmeans2[10] 
    combmeans34[k]=combmeans3[10] 
    combmeans44[k]=combmeans4[10] 
    combmeans54[k]=combmeans5[10] 
    combmeans64[k]=combmeans6[10] 
    combmeans74[k]=combmeans7[10] 
   
    combmeans15[k]=combmeans1[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans25[k]=combmeans2[15] 
    combmeans35[k]=combmeans3[15] 
    combmeans45[k]=combmeans4[15] 
    combmeans55[k]=combmeans5[15] 
    combmeans65[k]=combmeans6[15] 
    combmeans75[k]=combmeans7[15] 
 
    combmeans16[k]=combmeans1[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans26[k]=combmeans2[20] 
    combmeans36[k]=combmeans3[20] 
    combmeans46[k]=combmeans4[20] 
    combmeans56[k]=combmeans5[20] 
    combmeans66[k]=combmeans6[20] 
    combmeans76[k]=combmeans7[20] 
 
 
     
} 
 
expected1=mean(sampmean)            #expected mean for one sample, not combining 
expected=matrix(0,7,6) 
 
expected[1,1]=mean(combmeans11)     #strategy 1 nsamp=2 
expected[2,1]=mean(combmeans21) 
expected[3,1]=mean(combmeans31) 
expected[4,1]=mean(combmeans41) 
expected[5,1]=mean(combmeans51) 
expected[6,1]=mean(combmeans61) 
expected[7,1]=mean(combmeans71) 
 
expected[1,2]=mean(combmeans12)     #strategy 1 nsamp=3 
expected[2,2]=mean(combmeans22) 
expected[3,2]=mean(combmeans32) 
expected[4,2]=mean(combmeans42) 
expected[5,2]=mean(combmeans52) 
expected[6,2]=mean(combmeans62) 
expected[7,2]=mean(combmeans72) 
 
expected[1,3]=mean(combmeans13)     #strategy 1 nsamp=5 
expected[2,3]=mean(combmeans23) 
expected[3,3]=mean(combmeans33) 
expected[4,3]=mean(combmeans43) 
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expected[5,3]=mean(combmeans53) 
expected[6,3]=mean(combmeans63) 
expected[7,3]=mean(combmeans73) 
 
expected[1,4]=mean(combmeans14)     #strategy 1 nsamp=10 
expected[2,4]=mean(combmeans24) 
expected[3,4]=mean(combmeans34) 
expected[4,4]=mean(combmeans44) 
expected[5,4]=mean(combmeans54) 
expected[6,4]=mean(combmeans64) 
expected[7,4]=mean(combmeans74) 
 
expected[1,5]=mean(combmeans15)     #strategy 1 nsamp=2 
expected[2,5]=mean(combmeans25) 
expected[3,5]=mean(combmeans35) 
expected[4,5]=mean(combmeans45) 
expected[5,5]=mean(combmeans55) 
expected[6,5]=mean(combmeans65) 
expected[7,5]=mean(combmeans75) 
 
expected[1,6]=mean(combmeans16)     #strategy 1 nsamp=20 
expected[2,6]=mean(combmeans26) 
expected[3,6]=mean(combmeans36) 
expected[4,6]=mean(combmeans46) 
expected[5,6]=mean(combmeans56) 
expected[6,6]=mean(combmeans66) 
expected[7,6]=mean(combmeans76) 
 
expectedcol=c(expected1,expected[,1],expected[,2],expected[,3],expected[,4],expected[,5],expected[,6]) 
 
means=cbind(combmeans11,combmeans21, combmeans31,combmeans41,combmeans51,combmeans61,combmeans71, 
combmeans12,combmeans22, combmeans32,combmeans42,combmeans52,combmeans62,combmeans72, 
combmeans13,combmeans23, combmeans33,combmeans43,combmeans53,combmeans63,combmeans73, 
combmeans14,combmeans24, combmeans34,combmeans44,combmeans54,combmeans64,combmeans74, 
combmeans15,combmeans25, combmeans35,combmeans45,combmeans55,combmeans65,combmeans75, 
combmeans16,combmeans26, combmeans36,combmeans46,combmeans56,combmeans66,combmeans76) 
 
variance1=(1/(nvar))*sum((sampmean[,1]-expected1)**2) 
 
variance11=(1/(nvar-1))*sum((means[,1]-expected[1,1])**2) 
variance21=(1/(nvar-1))*sum((means[,2]-expected[2,1])**2) 
variance31=(1/(nvar-1))*sum((means[,3]-expected[3,1])**2) 
variance41=(1/(nvar-1))*sum((means[,4]-expected[4,1])**2) 
variance51=(1/(nvar-1))*sum((means[,5]-expected[5,1])**2) 
variance61=(1/(nvar-1))*sum((means[,6]-expected[6,1])**2) 
variance71=(1/(nvar-1))*sum((means[,7]-expected[7,1])**2) 
 
variance12=(1/(nvar-1))*sum((means[,8]-expected[1,2])**2) 
variance22=(1/(nvar-1))*sum((means[,9]-expected[2,2])**2) 
variance32=(1/(nvar-1))*sum((means[,10]-expected[3,2])**2) 
variance42=(1/(nvar-1))*sum((means[,11]-expected[4,2])**2) 
variance52=(1/(nvar-1))*sum((means[,12]-expected[5,2])**2) 
variance62=(1/(nvar-1))*sum((means[,13]-expected[6,2])**2) 
variance72=(1/(nvar-1))*sum((means[,14]-expected[7,2])**2) 
 
variance13=(1/(nvar-1))*sum((means[,15]-expected[1,3])**2) 
variance23=(1/(nvar-1))*sum((means[,16]-expected[2,3])**2) 
variance33=(1/(nvar-1))*sum((means[,17]-expected[3,3])**2) 
variance43=(1/(nvar-1))*sum((means[,18]-expected[4,3])**2) 
variance53=(1/(nvar-1))*sum((means[,19]-expected[5,3])**2) 
variance63=(1/(nvar-1))*sum((means[,20]-expected[6,3])**2) 
variance73=(1/(nvar-1))*sum((means[,21]-expected[7,3])**2) 
 
variance14=(1/(nvar-1))*sum((means[,22]-expected[1,4])**2) 
variance24=(1/(nvar-1))*sum((means[,23]-expected[2,4])**2) 
variance34=(1/(nvar-1))*sum((means[,24]-expected[3,4])**2) 
variance44=(1/(nvar-1))*sum((means[,25]-expected[4,4])**2) 
variance54=(1/(nvar-1))*sum((means[,26]-expected[5,4])**2) 
variance64=(1/(nvar-1))*sum((means[,27]-expected[6,4])**2) 
variance74=(1/(nvar-1))*sum((means[,28]-expected[7,4])**2) 
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variance15=(1/(nvar-1))*sum((means[,29]-expected[1,5])**2) 
variance25=(1/(nvar-1))*sum((means[,30]-expected[2,5])**2) 
variance35=(1/(nvar-1))*sum((means[,31]-expected[3,5])**2) 
variance45=(1/(nvar-1))*sum((means[,32]-expected[4,5])**2) 
variance55=(1/(nvar-1))*sum((means[,33]-expected[5,5])**2) 
variance65=(1/(nvar-1))*sum((means[,34]-expected[6,5])**2) 
variance75=(1/(nvar-1))*sum((means[,35]-expected[7,5])**2) 
 
variance16=(1/(nvar-1))*sum((means[,36]-expected[1,6])**2) 
variance26=(1/(nvar-1))*sum((means[,37]-expected[2,6])**2) 
variance36=(1/(nvar-1))*sum((means[,38]-expected[3,6])**2) 
variance46=(1/(nvar-1))*sum((means[,39]-expected[4,6])**2) 
variance56=(1/(nvar-1))*sum((means[,40]-expected[5,6])**2) 
variance66=(1/(nvar-1))*sum((means[,41]-expected[6,6])**2) 
variance76=(1/(nvar-1))*sum((means[,42]-expected[7,6])**2) 
 
 
variance=c(variance1,variance11,variance21,variance31,variance41,variance51, variance61,variance71, 
variance12,variance22,variance32,variance42,variance52, variance62,variance72, 
variance13,variance23,variance33,variance43,variance53, variance63,variance73, 
variance14,variance24,variance34,variance44,variance54, variance64,variance74, 
variance15,variance25,variance35,variance45,variance55, variance65,variance75, 
variance16,variance26,variance36,variance46,variance56, variance66,variance76) 
 
 
bias= expectedcol-popmean 
 
relbias=(bias/expectedcol)*100 
 
mse= variance + bias**2 
 
cv= (sqrt(variance)/expectedcol)*100 
 
s.e= (sqrt(variance)/sqrt(nvar)) 
 
LB= expectedcol - 1.96*s.e 
UB= expectedcol + 1.96*s.e 
 
result=cbind(popmean,expectedcol,relbias,s.e,cv,LB,UB,mse) 
 
write.table(result,"million_at3_1000.txt",sep="\t") 
 
 
rm(list = ls()) 
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Appendix F 

R code used in simulations for simple random sampling, variance estimators 

F1 Normal Distribution 
################################################################################################################# 
# Variance Estimation 
# author: "Loveness Dzikiti" 
# date: "20 April 2017" 
#  
#Scenario 1: N=1000000 N(100,25) n=1000 D=nsamp=20 
################################################################################################################# 
 
setwd("C:\\Users\\User\\Dropbox\\Review\\simulations_2019\\variance\\srs\\normal\\scenario1") 
 
dagostino.pearson.test <- function(x) { 
  # from Zar (1999), implemented by Doug Scofield,  scofield at bio.indiana.edu 
  DNAME <- deparse(substitute(x)) 
  n <- length(x) 
  x2 <- x * x 
  x3 <- x * x2 
  x4 <- x * x3 
  # compute Z_g1 
  k3 <- ((n*sum(x3)) - (3*sum(x)*sum(x2)) + (2*(sum(x)^3)/n))/((n-1)*(n-2)) 
  g1 <- k3 / sqrt(var(x)^3) 
  sqrtb1 <- ((n - 2)*g1) / sqrt(n*(n - 1)) 
  A <- sqrtb1 * sqrt(((n + 1)*(n + 3)) / (6*(n - 2))) 
  B <- (3*(n*n + 27*n - 70)*(n+1)*(n+3)) / ((n-2)*(n+5)*(n+7)*(n+9)) 
  C <- sqrt(2*(B - 1)) - 1 
  D <- sqrt(C) 
  E <- 1 / sqrt(log(D)) 
  F <- A / sqrt(2/(C - 1)) 
  Zg1 <- E * log(F + sqrt(F*F + 1)) 
  # compute Z_g2 
  G <- (24*n*(n-2)*(n-3)) / (((n+1)^2)*(n+3)*(n+5)) 
  k4 <- (((n*n*n + n*n)*sum(x4)) - (4*(n*n + n)*sum(x3)*sum(x)) - 
           (3*(n*n - n)*sum(x2)^2) + (12*n*sum(x2)*sum(x)^2) - (6*sum(x)^4)) / 
    (n*(n-1)*(n-2)*(n-3)) 
  g2 <- k4 / var(x)^2 
  H <- ((n-2)*(n-3)*abs(g2)) / ((n+1)*(n-1)*sqrt(G)) 
  J <- ((6*(n*n - 5*n + 2)) / ((n+7)*(n+9))) * sqrt((6*(n+3)*(n+5)) / 
                                                      (n*(n-2)*(n-3))) 
  K <- 6 + (8/J)*(2/J + sqrt(1 + 4/(J*J))) 
  L <- (1 - 2/K) / (1 + H*sqrt(2/(K-4))) 
  Zg2 <- (1 - 2/(9*K) - (L^(1/3))) / (sqrt(2/(9*K))) 
  K2 <- Zg1*Zg1 + Zg2*Zg2 
  pk2 <- pchisq(K2, 2, lower.tail=FALSE) 
  RVAL <- list(statistic = c(K2 = K2), p.value = pk2, method = 
                 "D'Agostino-Pearson normality test\n\nK2 is distributed as Chi-squared 
               with df=2", alternative = "distribution is not normal", data.name = 
                 DNAME) 
  class(RVAL) <- "htest" 
  #return(RVAL)  
  return(K2)      # adapting the test to return K2 instead of the usual results stored in RVAL 
} 
 
 
library(moments) 
 
N=1000000              #finite population size 
n=1000                #sample size 
nsamp=20            #number of samples 
k=nvar=1000 
 
set.seed(123456) 
 
s <- matrix(c(rep.int(NA,n)), nrow = n, ncol = nsamp)    #store samples 
means <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means 
variance <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance 
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designvar <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store design consistent variance 
design <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store design corrected variance 
cv <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation 
skewness <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
kurtosis <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
DP <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample dagostino k_squared 
 
 
combmeans1 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 1 
combmeans2 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 2 
combmeans3 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 3 
combmeans4 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 4 
combmeans5 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 5 
combmeans6 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 6 
combmeans7 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 7 
 
 
varest1 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=1) #store means combined weighting strategy 1 
 
varest2_1 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) #varest, nsamp=2 
varest2_2 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
varest2_3 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
varest2_4 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
 
varest3_1 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7)  #varest, nsamp=3 
varest3_2 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
varest3_3 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
varest3_4 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
 
varest5_1 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7)  #varest, nsamp=5 
varest5_2 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
varest5_3 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
varest5_4 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
 
varest10_1 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7)  #varest, nsamp=10 
varest10_2 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
varest10_3 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
varest10_4 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
 
varest15_1 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
varest15_2 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
varest15_3 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
varest15_4 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
 
varest20_1 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
varest20_2 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
varest20_3 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
varest20_4 <- matrix(c(rep.int(NA,nvar)),nrow=nvar,ncol=7) 
 
##################################################################################################### 
 
x<-rnorm(N,100,5)                  #simulate data from normal distribution mean=100 sd=5 
 
for (k in 1:nvar){  
   
   
   
  for (j in 1:nsamp){ 
     
    w1<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
    w2<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
    w3<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
    w4<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
    w5<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
    w6<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
    w7<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
     
  } 
 
   
  # Sampling from finite population 
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  for (i in 1:nsamp) {   
     
    s[,i]<-sample(x,n) 
     
    means[i]<-mean(s[,i])                                   #sample mean for ith sample 
    #variance[i]<-sum((s[,i]-means[i])^2)/(n-1)              #sample variance 
    variance[i]<-var((s[,i])) 
    designvar[i]<- (1-(n/N))*(variance[i])/n                #design consistent variance 
    design[i]<-(1-(n/N))*(variance[i])                      #design correction expression 5.3 
    cv[i]<-abs(sqrt(designvar[i])/means[i])                 #coefficient of variation 
    skewness[i]<-skewness(s[,i]) 
    kurtosis[i]<-kurtosis(s[,i]) 
    DP[i]<-dagostino.pearson.test(s[,i])                    #dagostino pearson statistic 
     
    w1[i]<-n                #inverse of the sample size 
    w2[i]<-1/(designvar[i])   #inverse of the variance of the estimator of the mean 
    w3[i]=1                   #simple average weights  
    w4[i]=1/cv[i]             #inverse of cv 
    w5[i]=abs(1/skewness[i])       #inverse skewness 
    w6[i]=1/kurtosis[i]       #inverse kurtosis 
    w7[i]=1/DP[i]             #inverse dagostino pearson k_squared 
     
     
    combmeans1[i]<-round(sum(means[1:i]*w1[1:i])/sum(w1[1:i]),digits=9) #combine means using inverse sample size 
    combmeans2[i]<-round(sum(means[1:i]*w2[1:i])/sum(w2[1:i]),digits=9) # combine using inverse variance  
    combmeans3[i]<-round(sum(means[1:i]*w3[1:i])/sum(w3[1:i]),digits=9) # combine using a weight of 1 
    combmeans4[i]<-round(sum(means[1:i]*w4[1:i])/sum(w4[1:i]),digits=9) # combine using a weight of n 
    combmeans5[i]<-round(sum(means[1:i]*w5[1:i])/sum(w5[1:i]),digits=9) # combine using a weight of inverse CV 
    combmeans6[i]<-round(sum(means[1:i]*w6[1:i])/sum(w6[1:i]),digits=9) # combine using a weight of inverse skewness 
    combmeans7[i]<-round(sum(means[1:i]*w7[1:i])/sum(w7[1:i]),digits=9) # combine using a weight of inverse kurtosis 
     
         
  } 
   
 
  popmean=mean(x)   #finite population mean 
   
varest1[k]= designvar[1] 
 
  varest2_1[k,1]=(1/(2**2))*sum(designvar[1:2]) 
  varest2_1[k,2]=(1/(2**2))*sum(designvar[1:2]) 
  varest2_1[k,3]=(1/(2**2))*sum(designvar[1:2]) 
  varest2_1[k,4]=(1/(2**2))*sum(designvar[1:2]) 
  varest2_1[k,5]=(1/(2**2))*sum(designvar[1:2]) 
  varest2_1[k,6]=(1/(2**2))*sum(designvar[1:2]) 
  varest2_1[k,7]=(1/(2**2))*sum(designvar[1:2]) 
 
  varest3_1[k,1]=(1/(3**2))*sum(designvar[1:3]) 
  varest3_1[k,2]=(1/(3**2))*sum(designvar[1:3]) 
  varest3_1[k,3]=(1/(3**2))*sum(designvar[1:3]) 
  varest3_1[k,4]=(1/(3**2))*sum(designvar[1:3]) 
  varest3_1[k,5]=(1/(3**2))*sum(designvar[1:3]) 
  varest3_1[k,6]=(1/(3**2))*sum(designvar[1:3]) 
  varest3_1[k,7]=(1/(3**2))*sum(designvar[1:3]) 
 
  varest5_1[k,1]=(1/(5**2))*sum(designvar[1:5]) 
  varest5_1[k,2]=(1/(5**2))*sum(designvar[1:5]) 
  varest5_1[k,3]=(1/(5**2))*sum(designvar[1:5]) 
  varest5_1[k,4]=(1/(5**2))*sum(designvar[1:5]) 
  varest5_1[k,5]=(1/(5**2))*sum(designvar[1:5]) 
  varest5_1[k,6]=(1/(5**2))*sum(designvar[1:5]) 
  varest5_1[k,7]=(1/(5**2))*sum(designvar[1:5]) 
 
  varest10_1[k,1]=(1/(10**2))*sum(designvar[1:10]) 
  varest10_1[k,2]=(1/(10**2))*sum(designvar[1:10]) 
  varest10_1[k,3]=(1/(10**2))*sum(designvar[1:10]) 
  varest10_1[k,4]=(1/(10**2))*sum(designvar[1:10]) 
  varest10_1[k,5]=(1/(10**2))*sum(designvar[1:10]) 
  varest10_1[k,6]=(1/(10**2))*sum(designvar[1:10]) 
  varest10_1[k,7]=(1/(10**2))*sum(designvar[1:10]) 
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  varest15_1[k,1]=(1/(15**2))*sum(designvar[1:15]) 
  varest15_1[k,2]=(1/(15**2))*sum(designvar[1:15]) 
  varest15_1[k,3]=(1/(15**2))*sum(designvar[1:15]) 
  varest15_1[k,4]=(1/(15**2))*sum(designvar[1:15]) 
  varest15_1[k,5]=(1/(15**2))*sum(designvar[1:15]) 
  varest15_1[k,6]=(1/(15**2))*sum(designvar[1:15]) 
  varest15_1[k,7]=(1/(15**2))*sum(designvar[1:15]) 
 
  varest20_1[k,1]=(1/(nsamp**2))*sum(designvar[1:nsamp]) 
  varest20_1[k,2]=(1/(nsamp**2))*sum(designvar[1:nsamp]) 
  varest20_1[k,3]=(1/(nsamp**2))*sum(designvar[1:nsamp]) 
  varest20_1[k,4]=(1/(nsamp**2))*sum(designvar[1:nsamp]) 
  varest20_1[k,5]=(1/(nsamp**2))*sum(designvar[1:nsamp]) 
  varest20_1[k,6]=(1/(nsamp**2))*sum(designvar[1:nsamp]) 
  varest20_1[k,7]=(1/(nsamp**2))*sum(designvar[1:nsamp]) 
   
  
  varest2_2[k,1]=1/sum(w1[1:2]) 
  varest2_2[k,2]=1/sum(w2[1:2]) 
  varest2_2[k,3]=1/sum(w3[1:2]) 
  varest2_2[k,4]=1/sum(w4[1:2]) 
  varest2_2[k,5]=1/sum(w5[1:2]) 
  varest2_2[k,6]=1/sum(w6[1:2]) 
  varest2_2[k,7]=1/sum(w7[1:2]) 
 
  varest3_2[k,1]=1/sum(w1[1:3]) 
  varest3_2[k,2]=1/sum(w2[1:3]) 
  varest3_2[k,3]=1/sum(w3[1:3]) 
  varest3_2[k,4]=1/sum(w4[1:3]) 
  varest3_2[k,5]=1/sum(w5[1:3]) 
  varest3_2[k,6]=1/sum(w6[1:3]) 
  varest3_2[k,7]=1/sum(w7[1:3]) 
 
  varest5_2[k,1]=1/sum(w1[1:5]) 
  varest5_2[k,2]=1/sum(w2[1:5]) 
  varest5_2[k,3]=1/sum(w3[1:5]) 
  varest5_2[k,4]=1/sum(w4[1:5]) 
  varest5_2[k,5]=1/sum(w5[1:5]) 
  varest5_2[k,6]=1/sum(w6[1:5]) 
  varest5_2[k,7]=1/sum(w7[1:5]) 
 
  varest10_2[k,1]=1/sum(w1[1:10]) 
  varest10_2[k,2]=1/sum(w2[1:10]) 
  varest10_2[k,3]=1/sum(w3[1:10]) 
  varest10_2[k,4]=1/sum(w4[1:10]) 
  varest10_2[k,5]=1/sum(w5[1:10]) 
  varest10_2[k,6]=1/sum(w6[1:10]) 
  varest10_2[k,7]=1/sum(w7[1:10]) 
 
  varest15_2[k,1]=1/sum(w1[1:15]) 
  varest15_2[k,2]=1/sum(w2[1:15]) 
  varest15_2[k,3]=1/sum(w3[1:15]) 
  varest15_2[k,4]=1/sum(w4[1:15]) 
  varest15_2[k,5]=1/sum(w5[1:15]) 
  varest15_2[k,6]=1/sum(w6[1:15]) 
  varest15_2[k,7]=1/sum(w7[1:15]) 
 
  varest20_2[k,1]=1/sum(w1[1:nsamp]) 
  varest20_2[k,2]=1/sum(w2[1:nsamp]) 
  varest20_2[k,3]=1/sum(w3[1:nsamp]) 
  varest20_2[k,4]=1/sum(w4[1:nsamp]) 
  varest20_2[k,5]=1/sum(w5[1:nsamp]) 
  varest20_2[k,6]=1/sum(w6[1:nsamp]) 
  varest20_2[k,7]=1/sum(w7[1:nsamp]) 
 
  varest2_3[k,1]=(1/(2-1))*sum(w1[1:2]*(combmeans1[1:2]-means[1:2])**2)/sum(w1[1:2]) 
  varest2_3[k,2]=(1/(2-1))*sum(w2[1:2]*(combmeans2[1:2]-means[1:2])**2)/sum(w2[1:2])    
  varest2_3[k,3]=(1/(2-1))*sum(w3[1:2]*(combmeans3[1:2]-means[1:2])**2)/sum(w3[1:2]) 
  varest2_3[k,4]=(1/(2-1))*sum(w4[1:2]*(combmeans4[1:2]-means[1:2])**2)/sum(w4[1:2]) 
  varest2_3[k,5]=(1/(2-1))*sum(w5[1:2]*(combmeans5[1:2]-means[1:2])**2)/sum(w5[1:2]) 
  varest2_3[k,6]=(1/(2-1))*sum(w6[1:2]*(combmeans6[1:2]-means[1:2])**2)/sum(w6[1:2]) 
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  varest2_3[k,7]=(1/(2-1))*sum(w7[1:2]*(combmeans7[1:2]-means[1:2])**2)/sum(w7[1:2])   
  
  varest3_3[k,1]=(1/(3-1))*sum(w1[1:3]*(combmeans1[1:3]-means[1:3])**2)/sum(w1[1:3]) 
  varest3_3[k,2]=(1/(3-1))*sum(w2[1:3]*(combmeans2[1:3]-means[1:3])**2)/sum(w2[1:3]) 
  varest3_3[k,3]=(1/(3-1))*sum(w3[1:3]*(combmeans3[1:3]-means[1:3])**2)/sum(w3[1:3]) 
  varest3_3[k,4]=(1/(3-1))*sum(w4[1:3]*(combmeans4[1:3]-means[1:3])**2)/sum(w4[1:3]) 
  varest3_3[k,5]=(1/(3-1))*sum(w5[1:3]*(combmeans5[1:3]-means[1:3])**2)/sum(w5[1:3]) 
  varest3_3[k,6]=(1/(3-1))*sum(w6[1:3]*(combmeans6[1:3]-means[1:3])**2)/sum(w6[1:3]) 
  varest3_3[k,7]=(1/(3-1))*sum(w7[1:3]*(combmeans7[1:3]-means[1:3])**2)/sum(w7[1:3]) 
 
 
  varest5_3[k,1]=(1/(5-1))*sum(w1[1:5]*(combmeans1[1:5]-means[1:5])**2)/sum(w1[1:5]) 
  varest5_3[k,2]=(1/(5-1))*sum(w2[1:5]*(combmeans2[1:5]-means[1:5])**2)/sum(w2[1:5]) 
  varest5_3[k,3]=(1/(5-1))*sum(w3[1:5]*(combmeans3[1:5]-means[1:5])**2)/sum(w3[1:5]) 
  varest5_3[k,4]=(1/(5-1))*sum(w4[1:5]*(combmeans4[1:5]-means[1:5])**2)/sum(w4[1:5]) 
  varest5_3[k,5]=(1/(5-1))*sum(w5[1:5]*(combmeans5[1:5]-means[1:5])**2)/sum(w5[1:5]) 
  varest5_3[k,6]=(1/(5-1))*sum(w6[1:5]*(combmeans6[1:5]-means[1:5])**2)/sum(w6[1:5]) 
  varest5_3[k,7]=(1/(5-1))*sum(w7[1:5]*(combmeans7[1:5]-means[1:5])**2)/sum(w7[1:5]) 
 
  varest10_3[k,1]=(1/(10-1))*sum(w1[1:10]*(combmeans1[1:10]-means[1:10])**2)/sum(w1[1:10]) 
  varest10_3[k,2]=(1/(10-1))*sum(w2[1:10]*(combmeans2[1:10]-means[1:10])**2)/sum(w2[1:10]) 
  varest10_3[k,3]=(1/(10-1))*sum(w3[1:10]*(combmeans3[1:10]-means[1:10])**2)/sum(w3[1:10]) 
  varest10_3[k,4]=(1/(10-1))*sum(w4[1:10]*(combmeans4[1:10]-means[1:10])**2)/sum(w4[1:10]) 
  varest10_3[k,5]=(1/(10-1))*sum(w5[1:10]*(combmeans5[1:10]-means[1:10])**2)/sum(w5[1:10]) 
  varest10_3[k,6]=(1/(10-1))*sum(w6[1:10]*(combmeans6[1:10]-means[1:10])**2)/sum(w6[1:10]) 
  varest10_3[k,7]=(1/(10-1))*sum(w7[1:10]*(combmeans7[1:10]-means[1:10])**2)/sum(w7[1:10]) 
 
 
  varest15_3[k,1]=(1/(15-1))*sum(w1[1:15]*(combmeans1[1:15]-means[1:15])**2)/sum(w1[1:15]) 
  varest15_3[k,2]=(1/(15-1))*sum(w2[1:15]*(combmeans2[1:15]-means[1:15])**2)/sum(w2[1:15]) 
  varest15_3[k,3]=(1/(15-1))*sum(w3[1:15]*(combmeans3[1:15]-means[1:15])**2)/sum(w3[1:15]) 
  varest15_3[k,4]=(1/(15-1))*sum(w4[1:15]*(combmeans4[1:15]-means[1:15])**2)/sum(w4[1:15]) 
  varest15_3[k,5]=(1/(15-1))*sum(w5[1:15]*(combmeans5[1:15]-means[1:15])**2)/sum(w5[1:15]) 
  varest15_3[k,6]=(1/(15-1))*sum(w6[1:15]*(combmeans6[1:15]-means[1:15])**2)/sum(w6[1:15]) 
  varest15_3[k,7]=(1/(15-1))*sum(w7[1:15]*(combmeans7[1:15]-means[1:15])**2)/sum(w7[1:15]) 
 
   
  varest20_3[k,1]=(1/(20-1))*sum(w1[1:20]*(combmeans1[1:20]-means[1:20])**2)/sum(w1[1:20]) 
  varest20_3[k,2]=(1/(20-1))*sum(w2[1:20]*(combmeans2[1:20]-means[1:20])**2)/sum(w2[1:20]) 
  varest20_3[k,3]=(1/(20-1))*sum(w3[1:20]*(combmeans3[1:20]-means[1:20])**2)/sum(w3[1:20]) 
  varest20_3[k,4]=(1/(20-1))*sum(w4[1:20]*(combmeans4[1:20]-means[1:20])**2)/sum(w4[1:20]) 
  varest20_3[k,5]=(1/(20-1))*sum(w5[1:20]*(combmeans5[1:20]-means[1:20])**2)/sum(w5[1:20]) 
  varest20_3[k,6]=(1/(20-1))*sum(w6[1:20]*(combmeans6[1:20]-means[1:20])**2)/sum(w6[1:20]) 
  varest20_3[k,7]=(1/(20-1))*sum(w7[1:20]*(combmeans7[1:20]-means[1:20])**2)/sum(w7[1:20]) 
   
  varest2_4[k,1]=(1/(sum(w1[1:2]))**2)*sum(((w1[1:2])**2)*(combmeans1[1:2]-means[1:2])**2) 
  varest2_4[k,2]=(1/(sum(w2[1:2]))**2)*sum(((w2[1:2])**2)*(combmeans2[1:2]-means[1:2])**2) 
  varest2_4[k,3]=(1/(sum(w3[1:2]))**2)*sum(((w3[1:2])**2)*(combmeans3[1:2]-means[1:2])**2) 
  varest2_4[k,4]=(1/(sum(w4[1:2]))**2)*sum(((w4[1:2])**2)*(combmeans4[1:2]-means[1:2])**2) 
  varest2_4[k,5]=(1/(sum(w5[1:2]))**2)*sum(((w5[1:2])**2)*(combmeans5[1:2]-means[1:2])**2) 
  varest2_4[k,6]=(1/(sum(w6[1:2]))**2)*sum(((w6[1:2])**2)*(combmeans6[1:2]-means[1:2])**2) 
  varest2_4[k,7]=(1/(sum(w7[1:2]))**2)*sum(((w7[1:2])**2)*(combmeans7[1:2]-means[1:2])**2) 
 
  varest3_4[k,1]=(1/(sum(w1[1:3]))**2)*sum(((w1[1:3])**2)*(combmeans1[1:3]-means[1:3])**2) 
  varest3_4[k,2]=(1/(sum(w2[1:3]))**2)*sum(((w2[1:3])**2)*(combmeans2[1:3]-means[1:3])**2) 
  varest3_4[k,3]=(1/(sum(w3[1:3]))**2)*sum(((w3[1:3])**2)*(combmeans3[1:3]-means[1:3])**2) 
  varest3_4[k,4]=(1/(sum(w4[1:3]))**2)*sum(((w4[1:3])**2)*(combmeans4[1:3]-means[1:3])**2) 
  varest3_4[k,5]=(1/(sum(w5[1:3]))**2)*sum(((w5[1:3])**2)*(combmeans5[1:3]-means[1:3])**2) 
  varest3_4[k,6]=(1/(sum(w6[1:3]))**2)*sum(((w6[1:3])**2)*(combmeans6[1:3]-means[1:3])**2) 
  varest3_4[k,7]=(1/(sum(w7[1:3]))**2)*sum(((w7[1:3])**2)*(combmeans7[1:3]-means[1:3])**2) 
 
  varest5_4[k,1]=(1/(sum(w1[1:5]))**2)*sum(((w1[1:5])**2)*(combmeans1[1:5]-means[1:5])**2) 
  varest5_4[k,2]=(1/(sum(w2[1:5]))**2)*sum(((w2[1:5])**2)*(combmeans2[1:5]-means[1:5])**2) 
  varest5_4[k,3]=(1/(sum(w3[1:5]))**2)*sum(((w3[1:5])**2)*(combmeans3[1:5]-means[1:5])**2) 
  varest5_4[k,4]=(1/(sum(w4[1:5]))**2)*sum(((w4[1:5])**2)*(combmeans4[1:5]-means[1:5])**2) 
  varest5_4[k,5]=(1/(sum(w5[1:5]))**2)*sum(((w5[1:5])**2)*(combmeans5[1:5]-means[1:5])**2) 
  varest5_4[k,6]=(1/(sum(w6[1:5]))**2)*sum(((w6[1:5])**2)*(combmeans6[1:5]-means[1:5])**2) 
  varest5_4[k,7]=(1/(sum(w7[1:5]))**2)*sum(((w7[1:5])**2)*(combmeans7[1:5]-means[1:5])**2) 
 
  varest10_4[k,1]=(1/(sum(w1[1:10]))**2)*sum(((w1[1:10])**2)*(combmeans1[1:10]-means[1:10])**2) 
  varest10_4[k,2]=(1/(sum(w2[1:10]))**2)*sum(((w2[1:10])**2)*(combmeans2[1:10]-means[1:10])**2) 
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  varest10_4[k,3]=(1/(sum(w3[1:10]))**2)*sum(((w3[1:10])**2)*(combmeans3[1:10]-means[1:10])**2) 
  varest10_4[k,4]=(1/(sum(w4[1:10]))**2)*sum(((w4[1:10])**2)*(combmeans4[1:10]-means[1:10])**2) 
  varest10_4[k,5]=(1/(sum(w5[1:10]))**2)*sum(((w5[1:10])**2)*(combmeans5[1:10]-means[1:10])**2) 
  varest10_4[k,6]=(1/(sum(w6[1:10]))**2)*sum(((w6[1:10])**2)*(combmeans6[1:10]-means[1:10])**2) 
  varest10_4[k,7]=(1/(sum(w7[1:10]))**2)*sum(((w7[1:10])**2)*(combmeans7[1:10]-means[1:10])**2) 
 
  varest15_4[k,1]=(1/(sum(w1[1:15]))**2)*sum(((w1[1:15])**2)*(combmeans1[1:15]-means[1:15])**2) 
  varest15_4[k,2]=(1/(sum(w2[1:15]))**2)*sum(((w2[1:15])**2)*(combmeans2[1:15]-means[1:15])**2) 
  varest15_4[k,3]=(1/(sum(w3[1:15]))**2)*sum(((w3[1:15])**2)*(combmeans3[1:15]-means[1:15])**2) 
  varest15_4[k,4]=(1/(sum(w4[1:15]))**2)*sum(((w4[1:15])**2)*(combmeans4[1:15]-means[1:15])**2) 
  varest15_4[k,5]=(1/(sum(w5[1:15]))**2)*sum(((w5[1:15])**2)*(combmeans5[1:15]-means[1:15])**2) 
  varest15_4[k,6]=(1/(sum(w6[1:15]))**2)*sum(((w6[1:15])**2)*(combmeans6[1:15]-means[1:15])**2) 
  varest15_4[k,7]=(1/(sum(w7[1:15]))**2)*sum(((w7[1:15])**2)*(combmeans7[1:15]-means[1:15])**2) 
 
 
  varest20_4[k,1]=(1/(sum(w1[1:20]))**2)*sum(((w1[1:20])**2)*(combmeans1[1:20]-means[1:20])**2) 
  varest20_4[k,2]=(1/(sum(w2[1:20]))**2)*sum(((w2[1:20])**2)*(combmeans2[1:20]-means[1:20])**2) 
  varest20_4[k,3]=(1/(sum(w3[1:20]))**2)*sum(((w3[1:20])**2)*(combmeans3[1:20]-means[1:20])**2) 
  varest20_4[k,4]=(1/(sum(w4[1:20]))**2)*sum(((w4[1:20])**2)*(combmeans4[1:20]-means[1:20])**2) 
  varest20_4[k,5]=(1/(sum(w5[1:20]))**2)*sum(((w5[1:20])**2)*(combmeans5[1:20]-means[1:20])**2) 
  varest20_4[k,6]=(1/(sum(w6[1:20]))**2)*sum(((w6[1:20])**2)*(combmeans6[1:20]-means[1:20])**2) 
  varest20_4[k,7]=(1/(sum(w7[1:20]))**2)*sum(((w7[1:20])**2)*(combmeans7[1:20]-means[1:20])**2) 
 
} 
 
varest2_1=cbind (varest1, varest2_1)  # to include results from 1 sample 
 
write.table(varest2_1,"varest_1_scenario1_2.txt",sep="\t") 
write.table(varest3_1,"varest_1_scenario1_3.txt",sep="\t") 
write.table(varest5_1,"varest_1_scenario1_5.txt",sep="\t") 
write.table(varest10_1,"varest_1_scenario1_10.txt",sep="\t") 
write.table(varest15_1,"varest_1_scenario1_15.txt",sep="\t") 
write.table(varest20_1,"varest_1_scenario1_20.txt",sep="\t") 
 
write.table(varest2_2,"varest_2_scenario1_2.txt",sep="\t") 
write.table(varest3_2,"varest_2_scenario1_3.txt",sep="\t") 
write.table(varest5_2,"varest_2_scenario1_5.txt",sep="\t") 
write.table(varest10_2,"varest_2_scenario1_10.txt",sep="\t") 
write.table(varest15_2,"varest_2_scenario1_15.txt",sep="\t") 
write.table(varest20_2,"varest_2_scenario1_20.txt",sep="\t") 
 
write.table(varest2_3,"varest_3_scenario1_2.txt",sep="\t") 
write.table(varest3_3,"varest_3_scenario1_3.txt",sep="\t") 
write.table(varest5_3,"varest_3_scenario1_5.txt",sep="\t") 
write.table(varest10_3,"varest_3_scenario1_10.txt",sep="\t") 
write.table(varest15_3,"varest_3_scenario1_15.txt",sep="\t") 
write.table(varest20_3,"varest_3_scenario1_20.txt",sep="\t") 
 
write.table(varest2_4,"varest_4_scenario1_2.txt",sep="\t") 
write.table(varest3_4,"varest_4_scenario1_3.txt",sep="\t") 
write.table(varest5_4,"varest_4_scenario1_5.txt",sep="\t") 
write.table(varest10_4,"varest_4_scenario1_10.txt",sep="\t") 
write.table(varest15_4,"varest_4_scenario1_15.txt",sep="\t") 
write.table(varest20_4,"varest_4_scenario1_20.txt",sep="\t") 
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Appendix G 

R code used in simulations for stratified random sampling, point estimators 
 

G1 Normal Distribution 
 
################################################################################## 
# Title: Stratified Fox inspired simulations_Normal distribution 
# author: "Loveness Dzikiti" 
# date: "22 September 2017" 

# 
#Scenario 1: N=1000000 N(100,25) Nstrata=200000 n=1000 D=nsamp=20  
################################################################################################################# 
 
setwd("C:\\Users\\User\\Dropbox\\Review\\simulations_2019\\stratified\\normal") 
 
#install.packages("survey") 
 
library(moments) 
library(sampling) 
library(survey) 
 
N=1000000              #finite population size 
L=5              # number of strata in population 
Nstrata=N/L 
nsamp=20              #number of samples or replicates 
k=nvar=1000 
 
set.seed(123456) 
 
############################################################################################################ 
############################# Generating a stratified population 
 
x<-c(rnorm(Nstrata,105,4),rnorm(Nstrata,103,3),rnorm(Nstrata,100,3),rnorm(Nstrata,97,3),rnorm(Nstrata,95,4))         #simulate stratified 
data from normal distribution  
 
strata_id<-c(rep('1',Nstrata),rep('2',Nstrata),rep('3',Nstrata),rep('4',Nstrata),rep('5',Nstrata)) 
popx<-data.frame(1:1000000,strata_id,x) 
colnames(popx)<-c('ID','group','x') 
 
pop.des <- svydesign(id=~1,strata=~group,data=popx) 
pop.mean=data.frame(svymean(x,pop.des))    
popmean <- pop.mean[1,1]#finite population mean 
 
################################################################################################################# 
 
mean_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means calculated as srs 
variance_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance calculated as srs 
cv_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation calculated as srs 
skewness_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness calculated as srs 
kurtosis_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis calculated as srs 
 
means <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means 
variance <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance 
designvar <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store design consistent variance 
cv <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation 
skewness <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
kurtosis <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis 
meff_var<-matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample design effect 
 
 
combmeans1 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 1 
combmeans2 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 2 
combmeans3 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 3 
combmeans4 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 4 
combmeans5 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 5 
combmeans6 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 6 
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combmeans7 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 7 
combmeans8 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 8 
combmeans9 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 9 
combmeans10<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 10 
combmeans11<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 11 
combmeans12<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 11 
 
sampmean <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store mean of 1 sample, no combining 
 
 
combmeans11 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans21 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans31 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans41 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans51 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans61 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans71 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans81 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans91 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans101 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans111 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans121 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans12 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans22 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans32 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans42 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans52 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans62 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans72 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans82 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans92 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans102 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans112 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans122 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans13 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans23 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans33 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans43 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans53 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans63 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans73 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans83 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans93 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans103 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans113 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans123 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans14 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans24 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans34 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans44 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans54 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans64 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans74 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans84 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans94 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans104 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans114 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans124 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans15 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans25 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans35 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans45 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans55 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
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combmeans65 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans75 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans85 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans95 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans105 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans115 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans125 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans16 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans26 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans36 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans46 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans56 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans66 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans76 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans86 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans96 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans106 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans116 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans126 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
 
############################################################################################################ 
 
for (k in 1:nvar){ 
   
 
for (j in 1:nsamp){ 
   
  w1<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w2<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w3<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w4<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w5<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w6<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w7<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w8<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w9<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w10<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w11<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w12<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
} 
 
################################################################################################## 
# Stratified random Sampling from a stratified finite population 
################################################################################################## 
 
#Calculating sample sizes for strata 
L=5                                               #number of strata 
propn<-c(0.00144,0.00072,0.00072,0.00072,0.00144) 
Nstrata<-N/L                                      #strata size for equal strata sizes in population 
 
sampsi<-ceiling(Nstrata*propn) 
n<-sampsi[1]+sampsi[2]+sampsi[3]+sampsi[4]+sampsi[5] 
 
fpc=rep(c(Nstrata,Nstrata,Nstrata,Nstrata,Nstrata),sampsi) 
 
 
for (i in 1:nsamp) {   
   
  s1<-sample(popx$x[1:200000],sampsi[1]) 
  s2<-sample(popx$x[200001:400000],sampsi[2]) 
  s3<-sample(popx$x[400001:600000],sampsi[3]) 
  s4<-sample(popx$x[600001:800000],sampsi[4]) 
  s5<-sample(popx$x[800001:1000000],sampsi[5]) 
   
   
  sampstrat<-c(rep('1',sampsi[1]),rep('2',sampsi[2]),rep('3',sampsi[3]),rep('4',sampsi[4]),rep('5',sampsi[5])) 
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  s<-data.frame(sampstrat,c(s1,s2,s3,s4,s5)) 
  colnames(s)<-c('sampstrat','x') 
   
  #sample1=strata(popx, stratanames=c("group"), size=sampsi, method=c("srswor"), description=FALSE) 
  #sample=getdata(popx,sample1) 
   
########################################################################################################## 
# Naive weights 
################# 
 
  mean_naive[i]=mean(s$x) 
  variance_naive[i]=var(s$x) 
  cv_naive[i]=abs(sqrt(variance_naive[i])/mean_naive[i]) 
  skewness_naive[i]<-skewness(s$x) 
  kurtosis_naive[i]<-kurtosis(s$x) 
 
########################################################################################################## 
# Design conscious weights 
########################### 
 
  plan=svydesign(~1,strata=~sampstrat,data=s,fpc=~fpc) #probs=~propn is not the cluster samp. prob. 
  mean_st=svymean(s$x,plan) 
  mean_st=as.data.frame(mean_st) 
   
    
    means[i]<-mean_st[1,1]                                   #sample mean for ith sample 
    variance[i]<-mean_st[1,2]^2              #sample variance, design consistent variance 
    cv[i]<-abs(sqrt(variance[i])/means[i])                 #coefficient of variation 
   
   
    # skewness[i]<-skewness(s[,i]) 
    moments = svymean(~I(x^4) + I(x^3) + 
                       I(x^2) + I(x), plan) 
   
    skew=data.frame(svycontrast(moments,  
                         quote((`I(x^3)` - 3*`I(x^2)`*`I(x)` + 
                                3*`I(x)`*`I(x)`^2 - `I(x)`^3)/ 
                              (`I(x^2)` - `I(x)`^2)^1.5))) 
    skewness[i]<-skew[1,1] 
     
    #kurtosis[i]<-kurtosis(s[,i]) 
     
    kurt=data.frame(svycontrast(moments,  
                quote((`I(x^4)` - 
                         4*`I(x^3)`*`I(x)` + 
                         6*`I(x^2)`*`I(x)`^2 - 
                         4*`I(x)`*`I(x)`^3 + 
                         `I(x)`^4)/ 
                        (`I(x^2)` - 
                           `I(x)`^2)^2))) 
     
    kurtosis[i]<-kurt[1,1] 
     
    meff.1 <- data.frame(svymean(s$x,plan,deff=TRUE)) 
    meff_var[i]=variance[i]/((1-(n/N))*(var(s$x)/n)) 
 
    
     
  w1[i]=1/n                #inverse of the sample size 
 
  w2[i]<-1/(variance[i])   #inverse of the design variance of the estimator of the mean  
  w3[i]<-1/(variance_naive[i])   #inverse of the naive variance of the estimator of the mean 
   
  w4[i]=1                   #simple average weights  
 
  w5[i]=1/cv[i]             #inverse of cv 
  w6[i]=1/cv_naive[i]             #inverse of naive cv 
 
  w7[i]=abs(1/skewness[i])       #inverse skewness 
  w8[i]=abs(1/skewness_naive[i])       #inverse skewness 
 



312 
 
 

  w9[i]=1/kurtosis[i]       #inverse kurtosis 
  w10[i]=1/kurtosis_naive[i]       #inverse kurtosis 
 
  w11[i]=meff_var[i]/variance[i]  #in srs deff=1 so coincides with inverse of variance 
  w12[i]=1/meff_var[i]   
 
   
   
  combmeans1[i]<-round(sum(means[1:i]*w1[1:i])/sum(w1[1:i]),digits=9) #combine means using inverse sample size 
  combmeans2[i]<-round(sum(means[1:i]*w2[1:i])/sum(w2[1:i]),digits=9) # combine using inverse variance  
  combmeans3[i]<-round(sum(means[1:i]*w3[1:i])/sum(w3[1:i]),digits=9) # combine using inverse variance naive  
  combmeans4[i]<-round(sum(means[1:i]*w4[1:i])/sum(w4[1:i]),digits=9) # combine using a weight of 1 
  combmeans5[i]<-round(sum(means[1:i]*w5[1:i])/sum(w5[1:i]),digits=9) # combine using a weight of inverse CV 
  combmeans6[i]<-round(sum(means[1:i]*w6[1:i])/sum(w6[1:i]),digits=9) # combine using a weight of inverse CV naive 
  combmeans7[i]<-round(sum(means[1:i]*w7[1:i])/sum(w7[1:i]),digits=9) # combine using a weight of inverse skewness 
  combmeans8[i]<-round(sum(means[1:i]*w8[1:i])/sum(w8[1:i]),digits=9) #combine using a weight of inverse skewness naive 
  combmeans9[i]<-round(sum(means[1:i]*w9[1:i])/sum(w9[1:i]),digits=9) # combine using inverse kurtosis  
  combmeans10[i]<-round(sum(means[1:i]*w10[1:i])/sum(w10[1:i]),digits=9) # combine using inverse kurtosis naive 
  combmeans11[i]<-round(sum(means[1:i]*w11[1:i])/sum(w11[1:i]),digits=9) # combine using a weight of meff/var 
  combmeans12[i]<-round(sum(means[1:i]*w12[1:i])/sum(w12[1:i]),digits=9) # combine using a weight of 1/meff 
 
   
   
} 
 
sampmean[k]=means[1]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
 
    combmeans11[k]=combmeans1[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans21[k]=combmeans2[2] 
    combmeans31[k]=combmeans3[2] 
    combmeans41[k]=combmeans4[2] 
    combmeans51[k]=combmeans5[2] 
    combmeans61[k]=combmeans6[2] 
    combmeans71[k]=combmeans7[2] 
    combmeans81[k]=combmeans8[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans91[k]=combmeans9[2] 
    combmeans101[k]=combmeans10[2] 
    combmeans111[k]=combmeans11[2] 
    combmeans121[k]=combmeans12[2] 
 
 
    combmeans12[k]=combmeans1[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans22[k]=combmeans2[3] 
    combmeans32[k]=combmeans3[3] 
    combmeans42[k]=combmeans4[3] 
    combmeans52[k]=combmeans5[3] 
    combmeans62[k]=combmeans6[3] 
    combmeans72[k]=combmeans7[3] 
    combmeans82[k]=combmeans8[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans92[k]=combmeans9[3] 
    combmeans102[k]=combmeans10[3] 
    combmeans112[k]=combmeans11[3] 
    combmeans122[k]=combmeans12[3] 
 
 
    combmeans13[k]=combmeans1[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans23[k]=combmeans2[5] 
    combmeans33[k]=combmeans3[5] 
    combmeans43[k]=combmeans4[5] 
    combmeans53[k]=combmeans5[5] 
    combmeans63[k]=combmeans6[5] 
    combmeans73[k]=combmeans7[5] 
    combmeans83[k]=combmeans8[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans93[k]=combmeans9[5] 
    combmeans103[k]=combmeans10[5] 
    combmeans113[k]=combmeans11[5] 
    combmeans123[k]=combmeans12[5] 
 
 
    combmeans14[k]=combmeans1[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans24[k]=combmeans2[10] 
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    combmeans34[k]=combmeans3[10] 
    combmeans44[k]=combmeans4[10] 
    combmeans54[k]=combmeans5[10] 
    combmeans64[k]=combmeans6[10] 
    combmeans74[k]=combmeans7[10] 
    combmeans84[k]=combmeans8[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans94[k]=combmeans9[10] 
    combmeans104[k]=combmeans10[10] 
    combmeans114[k]=combmeans11[10] 
    combmeans124[k]=combmeans12[10] 
 
   
    combmeans15[k]=combmeans1[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans25[k]=combmeans2[15] 
    combmeans35[k]=combmeans3[15] 
    combmeans45[k]=combmeans4[15] 
    combmeans55[k]=combmeans5[15] 
    combmeans65[k]=combmeans6[15] 
    combmeans75[k]=combmeans7[15] 
    combmeans85[k]=combmeans8[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans95[k]=combmeans9[15] 
    combmeans105[k]=combmeans10[15] 
    combmeans115[k]=combmeans11[15] 
    combmeans125[k]=combmeans12[15] 
 
 
    combmeans16[k]=combmeans1[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans26[k]=combmeans2[20] 
    combmeans36[k]=combmeans3[20] 
    combmeans46[k]=combmeans4[20] 
    combmeans56[k]=combmeans5[20] 
    combmeans66[k]=combmeans6[20] 
    combmeans76[k]=combmeans7[20] 
    combmeans86[k]=combmeans8[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans96[k]=combmeans9[20] 
    combmeans106[k]=combmeans10[20] 
    combmeans116[k]=combmeans11[20] 
    combmeans126[k]=combmeans12[20] 
 
 
     
} 
 
expected1=mean(sampmean)            #expected mean for one sample, not combining 
 
expected=matrix(0,12,6) 
 
expected[1,1]=mean(combmeans11)     #strategy 1 nsamp=2 
expected[2,1]=mean(combmeans21) 
expected[3,1]=mean(combmeans31) 
expected[4,1]=mean(combmeans41) 
expected[5,1]=mean(combmeans51) 
expected[6,1]=mean(combmeans61) 
expected[7,1]=mean(combmeans71) 
expected[8,1]=mean(combmeans81)      
expected[9,1]=mean(combmeans91) 
expected[10,1]=mean(combmeans101) 
expected[11,1]=mean(combmeans111) 
expected[12,1]=mean(combmeans121) 
 
expected[1,2]=mean(combmeans12)     #strategy 1 nsamp=3 
expected[2,2]=mean(combmeans22) 
expected[3,2]=mean(combmeans32) 
expected[4,2]=mean(combmeans42) 
expected[5,2]=mean(combmeans52) 
expected[6,2]=mean(combmeans62) 
expected[7,2]=mean(combmeans72) 
expected[8,2]=mean(combmeans82)      
expected[9,2]=mean(combmeans92) 
expected[10,2]=mean(combmeans102) 
expected[11,2]=mean(combmeans112) 
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expected[12,2]=mean(combmeans122) 
 
expected[1,3]=mean(combmeans13)     #strategy 1 nsamp=5 
expected[2,3]=mean(combmeans23) 
expected[3,3]=mean(combmeans33) 
expected[4,3]=mean(combmeans43) 
expected[5,3]=mean(combmeans53) 
expected[6,3]=mean(combmeans63) 
expected[7,3]=mean(combmeans73) 
expected[8,3]=mean(combmeans83)      
expected[9,3]=mean(combmeans93) 
expected[10,3]=mean(combmeans103) 
expected[11,3]=mean(combmeans113) 
expected[12,3]=mean(combmeans123) 
 
expected[1,4]=mean(combmeans14)     #strategy 1 nsamp=10 
expected[2,4]=mean(combmeans24) 
expected[3,4]=mean(combmeans34) 
expected[4,4]=mean(combmeans44) 
expected[5,4]=mean(combmeans54) 
expected[6,4]=mean(combmeans64) 
expected[7,4]=mean(combmeans74) 
expected[8,4]=mean(combmeans84)      
expected[9,4]=mean(combmeans94) 
expected[10,4]=mean(combmeans104) 
expected[11,4]=mean(combmeans114) 
expected[12,4]=mean(combmeans124) 
 
expected[1,5]=mean(combmeans15)     #strategy 1 nsamp=15 
expected[2,5]=mean(combmeans25) 
expected[3,5]=mean(combmeans35) 
expected[4,5]=mean(combmeans45) 
expected[5,5]=mean(combmeans55) 
expected[6,5]=mean(combmeans65) 
expected[7,5]=mean(combmeans75) 
expected[8,5]=mean(combmeans85)      
expected[9,5]=mean(combmeans95) 
expected[10,5]=mean(combmeans105) 
expected[11,5]=mean(combmeans115) 
expected[12,5]=mean(combmeans125) 
 
expected[1,6]=mean(combmeans16)     #strategy 1 nsamp=20 
expected[2,6]=mean(combmeans26) 
expected[3,6]=mean(combmeans36) 
expected[4,6]=mean(combmeans46) 
expected[5,6]=mean(combmeans56) 
expected[6,6]=mean(combmeans66) 
expected[7,6]=mean(combmeans76) 
expected[8,6]=mean(combmeans86)      
expected[9,6]=mean(combmeans96) 
expected[10,6]=mean(combmeans106) 
expected[11,6]=mean(combmeans116) 
expected[12,6]=mean(combmeans126) 
 
expectedcol=c(expected1,expected[,1],expected[,2],expected[,3],expected[,4],expected[,5],expected[,6]) 
 
means=cbind(combmeans11,combmeans21, 
combmeans31,combmeans41,combmeans51,combmeans61,combmeans71,combmeans81,combmeans91, 
combmeans101,combmeans111,combmeans121, 
combmeans12,combmeans22, combmeans32,combmeans42,combmeans52,combmeans62,combmeans72,combmeans82,combmeans92, 
combmeans102,combmeans112,combmeans122, 
combmeans13,combmeans23, combmeans33,combmeans43,combmeans53,combmeans63,combmeans73,combmeans83,combmeans93, 
combmeans103,combmeans113,combmeans123, 
combmeans14,combmeans24, combmeans34,combmeans44,combmeans54,combmeans64,combmeans74,combmeans84,combmeans94, 
combmeans104,combmeans114,combmeans124, 
combmeans15,combmeans25, combmeans35,combmeans45,combmeans55,combmeans65,combmeans75,combmeans85,combmeans95, 
combmeans105,combmeans115,combmeans125, 
combmeans16,combmeans26, combmeans36,combmeans46,combmeans56,combmeans66,combmeans76,combmeans86,combmeans96, 
combmeans106,combmeans116,combmeans126) 
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variance1=(1/nvar)*sum((sampmean[,1]-expected1)**2) 
 
variance11=(1/nvar)*sum((means[,1]-expected[1,1])**2) 
variance21=(1/nvar)*sum((means[,2]-expected[2,1])**2) 
variance31=(1/nvar)*sum((means[,3]-expected[3,1])**2) 
variance41=(1/nvar)*sum((means[,4]-expected[4,1])**2) 
variance51=(1/nvar)*sum((means[,5]-expected[5,1])**2) 
variance61=(1/nvar)*sum((means[,6]-expected[6,1])**2) 
variance71=(1/nvar)*sum((means[,7]-expected[7,1])**2) 
variance81=(1/nvar)*sum((means[,8]-expected[8,1])**2) 
variance91=(1/nvar)*sum((means[,9]-expected[9,1])**2) 
variance101=(1/nvar)*sum((means[,10]-expected[10,1])**2) 
variance111=(1/nvar)*sum((means[,11]-expected[11,1])**2) 
variance121=(1/nvar)*sum((means[,12]-expected[12,1])**2) 
 
variance12=(1/nvar)*sum((means[,13]-expected[1,2])**2) 
variance22=(1/nvar)*sum((means[,14]-expected[2,2])**2) 
variance32=(1/nvar)*sum((means[,15]-expected[3,2])**2) 
variance42=(1/nvar)*sum((means[,16]-expected[4,2])**2) 
variance52=(1/nvar)*sum((means[,17]-expected[5,2])**2) 
variance62=(1/nvar)*sum((means[,18]-expected[6,2])**2) 
variance72=(1/nvar)*sum((means[,19]-expected[7,2])**2) 
variance82=(1/nvar)*sum((means[,20]-expected[8,2])**2) 
variance92=(1/nvar)*sum((means[,21]-expected[9,2])**2) 
variance102=(1/nvar)*sum((means[,22]-expected[10,2])**2) 
variance112=(1/nvar)*sum((means[,23]-expected[11,2])**2) 
variance122=(1/nvar)*sum((means[,24]-expected[12,2])**2) 
 
variance13=(1/nvar)*sum((means[,25]-expected[1,3])**2) 
variance23=(1/nvar)*sum((means[,26]-expected[2,3])**2) 
variance33=(1/nvar)*sum((means[,27]-expected[3,3])**2) 
variance43=(1/nvar)*sum((means[,28]-expected[4,3])**2) 
variance53=(1/nvar)*sum((means[,29]-expected[5,3])**2) 
variance63=(1/nvar)*sum((means[,30]-expected[6,3])**2) 
variance73=(1/nvar)*sum((means[,31]-expected[7,3])**2) 
variance83=(1/nvar)*sum((means[,32]-expected[8,3])**2) 
variance93=(1/nvar)*sum((means[,33]-expected[9,3])**2) 
variance103=(1/nvar)*sum((means[,34]-expected[10,3])**2) 
variance113=(1/nvar)*sum((means[,35]-expected[11,3])**2) 
variance123=(1/nvar)*sum((means[,36]-expected[12,3])**2) 
 
variance14=(1/nvar)*sum((means[,37]-expected[1,4])**2) 
variance24=(1/nvar)*sum((means[,38]-expected[2,4])**2) 
variance34=(1/nvar)*sum((means[,39]-expected[3,4])**2) 
variance44=(1/nvar)*sum((means[,40]-expected[4,4])**2) 
variance54=(1/nvar)*sum((means[,41]-expected[5,4])**2) 
variance64=(1/nvar)*sum((means[,42]-expected[6,4])**2) 
variance74=(1/nvar)*sum((means[,43]-expected[7,4])**2) 
variance84=(1/nvar)*sum((means[,44]-expected[8,4])**2) 
variance94=(1/nvar)*sum((means[,45]-expected[9,4])**2) 
variance104=(1/nvar)*sum((means[,46]-expected[10,4])**2) 
variance114=(1/nvar)*sum((means[,47]-expected[11,4])**2) 
variance124=(1/nvar)*sum((means[,48]-expected[12,4])**2) 
 
variance15=(1/nvar)*sum((means[,49]-expected[1,5])**2) 
variance25=(1/nvar)*sum((means[,50]-expected[2,5])**2) 
variance35=(1/nvar)*sum((means[,51]-expected[3,5])**2) 
variance45=(1/nvar)*sum((means[,52]-expected[4,5])**2) 
variance55=(1/nvar)*sum((means[,53]-expected[5,5])**2) 
variance65=(1/nvar)*sum((means[,54]-expected[6,5])**2) 
variance75=(1/nvar)*sum((means[,55]-expected[7,5])**2) 
variance85=(1/nvar)*sum((means[,56]-expected[8,5])**2) 
variance95=(1/nvar)*sum((means[,57]-expected[9,5])**2) 
variance105=(1/nvar)*sum((means[,58]-expected[10,5])**2) 
variance115=(1/nvar)*sum((means[,59]-expected[11,5])**2) 
variance125=(1/nvar)*sum((means[,60]-expected[12,5])**2) 
 
variance16=(1/nvar)*sum((means[,61]-expected[1,6])**2) 
variance26=(1/nvar)*sum((means[,62]-expected[2,6])**2) 
variance36=(1/nvar)*sum((means[,63]-expected[3,6])**2) 
variance46=(1/nvar)*sum((means[,64]-expected[4,6])**2) 
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variance56=(1/nvar)*sum((means[,65]-expected[5,6])**2) 
variance66=(1/nvar)*sum((means[,66]-expected[6,6])**2) 
variance76=(1/nvar)*sum((means[,67]-expected[7,6])**2) 
variance86=(1/nvar)*sum((means[,68]-expected[8,6])**2) 
variance96=(1/nvar)*sum((means[,69]-expected[9,6])**2) 
variance106=(1/nvar)*sum((means[,70]-expected[10,6])**2) 
variance116=(1/nvar)*sum((means[,71]-expected[11,6])**2) 
variance126=(1/nvar)*sum((means[,72]-expected[12,6])**2) 
 
 
variance=c(variance1,variance11,variance21,variance31,variance41,variance51, 
variance61,variance71,variance81,variance91,variance101,variance111,variance121, 
variance12,variance22,variance32,variance42,variance52, 
variance62,variance72,variance82,variance92,variance102,variance112,variance122, 
variance13,variance23,variance33,variance43,variance53, 
variance63,variance73,variance83,variance93,variance103,variance113,variance123, 
variance14,variance24,variance34,variance44,variance54, 
variance64,variance74,variance84,variance94,variance104,variance114,variance124, 
variance15,variance25,variance35,variance45,variance55, 
variance65,variance75,variance85,variance95,variance105,variance115,variance125, 
variance16,variance26,variance36,variance46,variance56, 
variance66,variance76,variance86,variance96,variance106,variance116,variance126) 
 
 
bias= expectedcol-popmean 
 
relbias=(bias/expectedcol)*100 
 
mse= variance + bias**2 
 
cv= (sqrt(variance)/expectedcol)*100 
 
s.e= (sqrt(variance)/sqrt(nvar)) 
 
LB= expectedcol - 1.96*s.e 
UB= expectedcol + 1.96*s.e 
 
result=cbind(popmean,expectedcol,relbias,s.e,cv,LB,UB,mse) 
 
write.table(result,"result_normal_scenario1_1000.txt",sep="\t") 
write.table(meff_var,"meff_normal_scenario1_1000.txt",sep="\t") 
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G2 T Distribution, 3 degrees of freedom 
 
################################################################################################################# 
# Title: Stratified Fox inspired simulations_Normal distribution 
# author: "Loveness Dzikiti" 
# date: "22 September 2017" 
#################################################################################################################  
#################################################################################################################
# 
#Scenario 1: N=100000 t3(100,25) Nstrata=200000 n=1000 D=nsamp=20  
################################################################################################################# 
 
setwd("C:\\Users\\User\\Dropbox\\Review\\simulations_2019\\stratified\\t3") 
#install.packages("survey") 
 
library(moments) 
library(sampling) 
library(survey) 
 
 
N=1000000              #finite population size 
L=5              # number of strata in population 
Nstrata=N/L 
nsamp=20              #number of samples or replicates 
k=nvar=1000 
 
set.seed(123456) 
 
############################################################################################################ 
# Generating a stratified population 
v=3 
r=2 
 
mu1=105 
sigma1=4 
 
mu2=103 
sigma2=3 
 
mu3=100 
sigma3=3 
 
mu4=97 
sigma4=3 
 
mu5=95 
sigma5=4 
 
Var<-v^(r/2)*((gamma(1/2*(r+1))*gamma(1/2*(v-r)))/(gamma(0.5)*gamma(1/2*v)))   # variance of t-distribution 
 
x<-rt(N,v)                  #simulate data from a t distribution random mean and variance 
 
x<-x/sqrt(Var) 
 
x[1:Nstrata]=(x[1:Nstrata]*sigma1)+mu1 
x[(Nstrata+1):(2*Nstrata)]=(x[(Nstrata+1):(2*Nstrata)]*sigma2)+mu2 
x[(2*Nstrata+1):(3*Nstrata)]=(x[(2*Nstrata+1):(3*Nstrata)]*sigma3)+mu3 
x[(3*Nstrata+1):(4*Nstrata)]=(x[(3*Nstrata+1):(4*Nstrata)]*sigma4)+mu4 
x[(4*Nstrata+1):(5*Nstrata)]=(x[(4*Nstrata+1):(5*Nstrata)]*sigma5)+mu5 
 
############################################################################################################ 
 
 
strata_id<-c(rep('1',Nstrata),rep('2',Nstrata),rep('3',Nstrata),rep('4',Nstrata),rep('5',Nstrata)) 
popx<-data.frame(1:100000,strata_id,x) 
colnames(popx)<-c('ID','group','x') 
 
pop.des <- svydesign(id=~1,strata=~group,data=popx) 
pop.mean=data.frame(svymean(x,pop.des))    
popmean <- pop.mean[1,1]#finite population mean 



318 
 
 

 
############################################################################################################ 
 
 
mean_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means calculated as srs 
variance_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance calculated as srs 
cv_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation calculated as srs 
skewness_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness calculated as srs 
kurtosis_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis calculated as srs 
 
means <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means 
variance <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance 
designvar <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store design consistent variance 
cv <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation 
skewness <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
kurtosis <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis 
meff_var<-matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample design effect 
 
 
combmeans1 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 1 
combmeans2 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 2 
combmeans3 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 3 
combmeans4 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 4 
combmeans5 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 5 
combmeans6 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 6 
combmeans7 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 7 
combmeans8 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 8 
combmeans9 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 9 
combmeans10<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 10 
combmeans11<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 11 
combmeans12<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 12 
 
 
sampmean <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store mean of 1 sample, no combining 
 
 
combmeans11 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans21 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans31 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans41 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans51 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans61 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans71 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans81 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans91 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans101 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans111 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans121 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans12 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans22 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans32 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans42 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans52 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans62 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans72 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans82 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans92 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans102 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans112 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans122 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans13 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans23 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans33 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans43 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans53 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans63 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans73 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
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combmeans83 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans93 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans103 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans113 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans123 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans14 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans24 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans34 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans44 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans54 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans64 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans74 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans84 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans94 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans104 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans114 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans124 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans15 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans25 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans35 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans45 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans55 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans65 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans75 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans85 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans95 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans105 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans115 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans125 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans16 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans26 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans36 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans46 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans56 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans66 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans76 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans86 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans96 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans106 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans116 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans126 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
############################################################################################################ 
 
for (k in 1:nvar){ 
   
 
for (j in 1:nsamp){ 
   
  w1<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w2<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w3<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w4<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w5<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w6<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w7<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w8<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w9<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w10<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w11<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w12<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
} 
 
######### Sampling from stratified finite population##################### 
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#####Calculating sample sizes for strata 
L=5                                               #number of strata 
propn<-c(0.00144,0.00072,0.00072,0.00072,0.00144) 
Nstrata<-N/L                                      #strata size for equal strata sizes in population 
 
sampsi<-ceiling(Nstrata*propn) 
n<-sampsi[1]+sampsi[2]+sampsi[3]+sampsi[4]+sampsi[5] 
 
fpc=rep(c(Nstrata,Nstrata,Nstrata,Nstrata,Nstrata),sampsi) 
 
for (i in 1:nsamp) {   
   
  s1<-sample(popx$x[1:200000],sampsi[1]) 
  s2<-sample(popx$x[200001:400000],sampsi[2]) 
  s3<-sample(popx$x[400001:600000],sampsi[3]) 
  s4<-sample(popx$x[600001:800000],sampsi[4]) 
  s5<-sample(popx$x[800001:1000000],sampsi[5]) 
 
sampstrat<-c(rep('1',sampsi[1]),rep('2',sampsi[2]),rep('3',sampsi[3]),rep('4',sampsi[4]),rep('5',sampsi[5])) 
 
  s<-data.frame(sampstrat,c(s1,s2,s3,s4,s5)) 
  colnames(s)<-c('sampstrat','x') 
   
########################################################################################################## 
# Naive weights 
################# 
 
  mean_naive[i]=mean(s$x) 
  variance_naive[i]=var(s$x) 
  cv_naive[i]=abs(sqrt(variance_naive[i])/mean_naive[i]) 
  skewness_naive[i]<-skewness(s$x) 
  kurtosis_naive[i]<-kurtosis(s$x) 
 
########################################################################################################## 
# Design conscious weights 
########################### 
 
  plan=svydesign(~1,strata=~sampstrat,data=s,fpc=~fpc) #probs=~propn is not the cluster samp. prob. 
  mean_st=svymean(s$x,plan) 
  mean_st=as.data.frame(mean_st) 
   
    
    means[i]<-mean_st[1,1]                                   #sample mean for ith sample 
    variance[i]<-mean_st[1,2]^2              #sample variance, design consistent variance 
    cv[i]<-abs(sqrt(variance[i])/means[i])                 #coefficient of variation 
   
   
    # skewness[i]<-skewness(s[,i]) 
    moments = svymean(~I(x^4) + I(x^3) + 
                       I(x^2) + I(x), plan) 
   
    skew=data.frame(svycontrast(moments,  
                         quote((`I(x^3)` - 3*`I(x^2)`*`I(x)` + 
                                3*`I(x)`*`I(x)`^2 - `I(x)`^3)/ 
                              (`I(x^2)` - `I(x)`^2)^1.5))) 
    skewness[i]<-skew[1,1] 
     
    #kurtosis[i]<-kurtosis(s[,i]) 
     
    kurt=data.frame(svycontrast(moments,  
                quote((`I(x^4)` - 
                         4*`I(x^3)`*`I(x)` + 
                         6*`I(x^2)`*`I(x)`^2 - 
                         4*`I(x)`*`I(x)`^3 + 
                         `I(x)`^4)/ 
                        (`I(x^2)` - 
                           `I(x)`^2)^2))) 
     
    kurtosis[i]<-kurt[1,1] 
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    meff.1 <- data.frame(svymean(s$x,plan,deff=TRUE)) 
    meff_var[i]=variance[i]/((1-(n/N))*(var(s$x)/n)) 
 
    
     
  w1[i]=1/n                #inverse of the sample size 
 
  w2[i]<-1/(variance[i])   #inverse of the design variance of the estimator of the mean  
  w3[i]<-1/(variance_naive[i])   #inverse of the naive variance of the estimator of the mean 
   
  w4[i]=1                   #simple average weights  
 
  w5[i]=1/cv[i]             #inverse of cv 
  w6[i]=1/cv_naive[i]             #inverse of naive cv 
 
  w7[i]=abs(1/skewness[i])       #inverse skewness 
  w8[i]=abs(1/skewness_naive[i])       #inverse skewness 
 
  w9[i]=1/kurtosis[i]       #inverse kurtosis 
  w10[i]=1/kurtosis_naive[i]       #inverse kurtosis 
 
  w11[i]=meff_var[i]/variance[i]  #in srs deff=1 so coincides with inverse of variance 
  w12[i]=1/meff_var[i]   
 
   
   
  combmeans1[i]<-round(sum(means[1:i]*w1[1:i])/sum(w1[1:i]),digits=9) #combine means using inverse sample size 
  combmeans2[i]<-round(sum(means[1:i]*w2[1:i])/sum(w2[1:i]),digits=9) # combine using inverse variance  
  combmeans3[i]<-round(sum(means[1:i]*w3[1:i])/sum(w3[1:i]),digits=9) # combine using inverse variance naive  
  combmeans4[i]<-round(sum(means[1:i]*w4[1:i])/sum(w4[1:i]),digits=9) # combine using a weight of 1 
  combmeans5[i]<-round(sum(means[1:i]*w5[1:i])/sum(w5[1:i]),digits=9) # combine using a weight of inverse CV 
  combmeans6[i]<-round(sum(means[1:i]*w6[1:i])/sum(w6[1:i]),digits=9) # combine using a weight of inverse CV naive 
  combmeans7[i]<-round(sum(means[1:i]*w7[1:i])/sum(w7[1:i]),digits=9) # combine using a weight of inverse skewness 
  combmeans8[i]<-round(sum(means[1:i]*w8[1:i])/sum(w8[1:i]),digits=9) #combine using a weight of inverse skewness naive 
  combmeans9[i]<-round(sum(means[1:i]*w9[1:i])/sum(w9[1:i]),digits=9) # combine using inverse kurtosis  
  combmeans10[i]<-round(sum(means[1:i]*w10[1:i])/sum(w10[1:i]),digits=9) # combine using inverse kurtosis naive 
  combmeans11[i]<-round(sum(means[1:i]*w11[1:i])/sum(w11[1:i]),digits=9) # combine using a weight of meff/var 
  combmeans12[i]<-round(sum(means[1:i]*w12[1:i])/sum(w12[1:i]),digits=9) # combine using a weight of 1/meff 
 
   
   
} 
 
sampmean[k]=means[1]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
 
    combmeans11[k]=combmeans1[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans21[k]=combmeans2[2] 
    combmeans31[k]=combmeans3[2] 
    combmeans41[k]=combmeans4[2] 
    combmeans51[k]=combmeans5[2] 
    combmeans61[k]=combmeans6[2] 
    combmeans71[k]=combmeans7[2] 
    combmeans81[k]=combmeans8[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans91[k]=combmeans9[2] 
    combmeans101[k]=combmeans10[2] 
    combmeans111[k]=combmeans11[2] 
    combmeans121[k]=combmeans12[2] 
 
 
    combmeans12[k]=combmeans1[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans22[k]=combmeans2[3] 
    combmeans32[k]=combmeans3[3] 
    combmeans42[k]=combmeans4[3] 
    combmeans52[k]=combmeans5[3] 
    combmeans62[k]=combmeans6[3] 
    combmeans72[k]=combmeans7[3] 
    combmeans82[k]=combmeans8[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans92[k]=combmeans9[3] 
    combmeans102[k]=combmeans10[3] 
    combmeans112[k]=combmeans11[3] 
    combmeans122[k]=combmeans12[3] 
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    combmeans13[k]=combmeans1[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans23[k]=combmeans2[5] 
    combmeans33[k]=combmeans3[5] 
    combmeans43[k]=combmeans4[5] 
    combmeans53[k]=combmeans5[5] 
    combmeans63[k]=combmeans6[5] 
    combmeans73[k]=combmeans7[5] 
    combmeans83[k]=combmeans8[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans93[k]=combmeans9[5] 
    combmeans103[k]=combmeans10[5] 
    combmeans113[k]=combmeans11[5] 
    combmeans123[k]=combmeans12[5] 
 
 
    combmeans14[k]=combmeans1[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans24[k]=combmeans2[10] 
    combmeans34[k]=combmeans3[10] 
    combmeans44[k]=combmeans4[10] 
    combmeans54[k]=combmeans5[10] 
    combmeans64[k]=combmeans6[10] 
    combmeans74[k]=combmeans7[10] 
    combmeans84[k]=combmeans8[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans94[k]=combmeans9[10] 
    combmeans104[k]=combmeans10[10] 
    combmeans114[k]=combmeans11[10] 
    combmeans124[k]=combmeans12[10] 
 
   
    combmeans15[k]=combmeans1[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans25[k]=combmeans2[15] 
    combmeans35[k]=combmeans3[15] 
    combmeans45[k]=combmeans4[15] 
    combmeans55[k]=combmeans5[15] 
    combmeans65[k]=combmeans6[15] 
    combmeans75[k]=combmeans7[15] 
    combmeans85[k]=combmeans8[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans95[k]=combmeans9[15] 
    combmeans105[k]=combmeans10[15] 
    combmeans115[k]=combmeans11[15] 
    combmeans125[k]=combmeans12[15] 
 
 
    combmeans16[k]=combmeans1[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans26[k]=combmeans2[20] 
    combmeans36[k]=combmeans3[20] 
    combmeans46[k]=combmeans4[20] 
    combmeans56[k]=combmeans5[20] 
    combmeans66[k]=combmeans6[20] 
    combmeans76[k]=combmeans7[20] 
    combmeans86[k]=combmeans8[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans96[k]=combmeans9[20] 
    combmeans106[k]=combmeans10[20] 
    combmeans116[k]=combmeans11[20] 
    combmeans126[k]=combmeans12[20] 
 
 
     
} 
 
expected1=mean(sampmean)            #expected mean for one sample, not combining 
 
expected=matrix(0,12,6) 
 
expected[1,1]=mean(combmeans11)     #strategy 1 nsamp=2 
expected[2,1]=mean(combmeans21) 
expected[3,1]=mean(combmeans31) 
expected[4,1]=mean(combmeans41) 
expected[5,1]=mean(combmeans51) 
expected[6,1]=mean(combmeans61) 
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expected[7,1]=mean(combmeans71) 
expected[8,1]=mean(combmeans81)      
expected[9,1]=mean(combmeans91) 
expected[10,1]=mean(combmeans101) 
expected[11,1]=mean(combmeans111) 
expected[12,1]=mean(combmeans121) 
 
expected[1,2]=mean(combmeans12)     #strategy 1 nsamp=3 
expected[2,2]=mean(combmeans22) 
expected[3,2]=mean(combmeans32) 
expected[4,2]=mean(combmeans42) 
expected[5,2]=mean(combmeans52) 
expected[6,2]=mean(combmeans62) 
expected[7,2]=mean(combmeans72) 
expected[8,2]=mean(combmeans82)      
expected[9,2]=mean(combmeans92) 
expected[10,2]=mean(combmeans102) 
expected[11,2]=mean(combmeans112) 
expected[12,2]=mean(combmeans122) 
 
expected[1,3]=mean(combmeans13)     #strategy 1 nsamp=5 
expected[2,3]=mean(combmeans23) 
expected[3,3]=mean(combmeans33) 
expected[4,3]=mean(combmeans43) 
expected[5,3]=mean(combmeans53) 
expected[6,3]=mean(combmeans63) 
expected[7,3]=mean(combmeans73) 
expected[8,3]=mean(combmeans83)      
expected[9,3]=mean(combmeans93) 
expected[10,3]=mean(combmeans103) 
expected[11,3]=mean(combmeans113) 
expected[12,3]=mean(combmeans123) 
 
expected[1,4]=mean(combmeans14)     #strategy 1 nsamp=10 
expected[2,4]=mean(combmeans24) 
expected[3,4]=mean(combmeans34) 
expected[4,4]=mean(combmeans44) 
expected[5,4]=mean(combmeans54) 
expected[6,4]=mean(combmeans64) 
expected[7,4]=mean(combmeans74) 
expected[8,4]=mean(combmeans84)      
expected[9,4]=mean(combmeans94) 
expected[10,4]=mean(combmeans104) 
expected[11,4]=mean(combmeans114) 
expected[12,4]=mean(combmeans124) 
 
expected[1,5]=mean(combmeans15)     #strategy 1 nsamp=15 
expected[2,5]=mean(combmeans25) 
expected[3,5]=mean(combmeans35) 
expected[4,5]=mean(combmeans45) 
expected[5,5]=mean(combmeans55) 
expected[6,5]=mean(combmeans65) 
expected[7,5]=mean(combmeans75) 
expected[8,5]=mean(combmeans85)      
expected[9,5]=mean(combmeans95) 
expected[10,5]=mean(combmeans105) 
expected[11,5]=mean(combmeans115) 
expected[12,5]=mean(combmeans125) 
 
expected[1,6]=mean(combmeans16)     #strategy 1 nsamp=20 
expected[2,6]=mean(combmeans26) 
expected[3,6]=mean(combmeans36) 
expected[4,6]=mean(combmeans46) 
expected[5,6]=mean(combmeans56) 
expected[6,6]=mean(combmeans66) 
expected[7,6]=mean(combmeans76) 
expected[8,6]=mean(combmeans86)      
expected[9,6]=mean(combmeans96) 
expected[10,6]=mean(combmeans106) 
expected[11,6]=mean(combmeans116) 
expected[12,6]=mean(combmeans126) 
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expectedcol=c(expected1,expected[,1],expected[,2],expected[,3],expected[,4],expected[,5],expected[,6]) 
 
means=cbind(combmeans11,combmeans21, 
combmeans31,combmeans41,combmeans51,combmeans61,combmeans71,combmeans81,combmeans91, 
combmeans101,combmeans111,combmeans121, 
combmeans12,combmeans22, combmeans32,combmeans42,combmeans52,combmeans62,combmeans72,combmeans82,combmeans92, 
combmeans102,combmeans112,combmeans122, 
combmeans13,combmeans23, combmeans33,combmeans43,combmeans53,combmeans63,combmeans73,combmeans83,combmeans93, 
combmeans103,combmeans113,combmeans123, 
combmeans14,combmeans24, combmeans34,combmeans44,combmeans54,combmeans64,combmeans74,combmeans84,combmeans94, 
combmeans104,combmeans114,combmeans124, 
combmeans15,combmeans25, combmeans35,combmeans45,combmeans55,combmeans65,combmeans75,combmeans85,combmeans95, 
combmeans105,combmeans115,combmeans125, 
combmeans16,combmeans26, combmeans36,combmeans46,combmeans56,combmeans66,combmeans76,combmeans86,combmeans96, 
combmeans106,combmeans116,combmeans126) 
 
 
variance1=(1/nvar)*sum((sampmean[,1]-expected1)**2) 
 
variance11=(1/nvar)*sum((means[,1]-expected[1,1])**2) 
variance21=(1/nvar)*sum((means[,2]-expected[2,1])**2) 
variance31=(1/nvar)*sum((means[,3]-expected[3,1])**2) 
variance41=(1/nvar)*sum((means[,4]-expected[4,1])**2) 
variance51=(1/nvar)*sum((means[,5]-expected[5,1])**2) 
variance61=(1/nvar)*sum((means[,6]-expected[6,1])**2) 
variance71=(1/nvar)*sum((means[,7]-expected[7,1])**2) 
variance81=(1/nvar)*sum((means[,8]-expected[8,1])**2) 
variance91=(1/nvar)*sum((means[,9]-expected[9,1])**2) 
variance101=(1/nvar)*sum((means[,10]-expected[10,1])**2) 
variance111=(1/nvar)*sum((means[,11]-expected[11,1])**2) 
variance121=(1/nvar)*sum((means[,12]-expected[12,1])**2) 
 
variance12=(1/nvar)*sum((means[,13]-expected[1,2])**2) 
variance22=(1/nvar)*sum((means[,14]-expected[2,2])**2) 
variance32=(1/nvar)*sum((means[,15]-expected[3,2])**2) 
variance42=(1/nvar)*sum((means[,16]-expected[4,2])**2) 
variance52=(1/nvar)*sum((means[,17]-expected[5,2])**2) 
variance62=(1/nvar)*sum((means[,18]-expected[6,2])**2) 
variance72=(1/nvar)*sum((means[,19]-expected[7,2])**2) 
variance82=(1/nvar)*sum((means[,20]-expected[8,2])**2) 
variance92=(1/nvar)*sum((means[,21]-expected[9,2])**2) 
variance102=(1/nvar)*sum((means[,22]-expected[10,2])**2) 
variance112=(1/nvar)*sum((means[,23]-expected[11,2])**2) 
variance122=(1/nvar)*sum((means[,24]-expected[12,2])**2) 
 
variance13=(1/nvar)*sum((means[,25]-expected[1,3])**2) 
variance23=(1/nvar)*sum((means[,26]-expected[2,3])**2) 
variance33=(1/nvar)*sum((means[,27]-expected[3,3])**2) 
variance43=(1/nvar)*sum((means[,28]-expected[4,3])**2) 
variance53=(1/nvar)*sum((means[,29]-expected[5,3])**2) 
variance63=(1/nvar)*sum((means[,30]-expected[6,3])**2) 
variance73=(1/nvar)*sum((means[,31]-expected[7,3])**2) 
variance83=(1/nvar)*sum((means[,32]-expected[8,3])**2) 
variance93=(1/nvar)*sum((means[,33]-expected[9,3])**2) 
variance103=(1/nvar)*sum((means[,34]-expected[10,3])**2) 
variance113=(1/nvar)*sum((means[,35]-expected[11,3])**2) 
variance123=(1/nvar)*sum((means[,36]-expected[12,3])**2) 
 
variance14=(1/nvar)*sum((means[,37]-expected[1,4])**2) 
variance24=(1/nvar)*sum((means[,38]-expected[2,4])**2) 
variance34=(1/nvar)*sum((means[,39]-expected[3,4])**2) 
variance44=(1/nvar)*sum((means[,40]-expected[4,4])**2) 
variance54=(1/nvar)*sum((means[,41]-expected[5,4])**2) 
variance64=(1/nvar)*sum((means[,42]-expected[6,4])**2) 
variance74=(1/nvar)*sum((means[,43]-expected[7,4])**2) 
variance84=(1/nvar)*sum((means[,44]-expected[8,4])**2) 
variance94=(1/nvar)*sum((means[,45]-expected[9,4])**2) 
variance104=(1/nvar)*sum((means[,46]-expected[10,4])**2) 
variance114=(1/nvar)*sum((means[,47]-expected[11,4])**2) 
variance124=(1/nvar)*sum((means[,48]-expected[12,4])**2) 



325 
 
 

 
variance15=(1/nvar)*sum((means[,49]-expected[1,5])**2) 
variance25=(1/nvar)*sum((means[,50]-expected[2,5])**2) 
variance35=(1/nvar)*sum((means[,51]-expected[3,5])**2) 
variance45=(1/nvar)*sum((means[,52]-expected[4,5])**2) 
variance55=(1/nvar)*sum((means[,53]-expected[5,5])**2) 
variance65=(1/nvar)*sum((means[,54]-expected[6,5])**2) 
variance75=(1/nvar)*sum((means[,55]-expected[7,5])**2) 
variance85=(1/nvar)*sum((means[,56]-expected[8,5])**2) 
variance95=(1/nvar)*sum((means[,57]-expected[9,5])**2) 
variance105=(1/nvar)*sum((means[,58]-expected[10,5])**2) 
variance115=(1/nvar)*sum((means[,59]-expected[11,5])**2) 
variance125=(1/nvar)*sum((means[,60]-expected[12,5])**2) 
 
variance16=(1/nvar)*sum((means[,61]-expected[1,6])**2) 
variance26=(1/nvar)*sum((means[,62]-expected[2,6])**2) 
variance36=(1/nvar)*sum((means[,63]-expected[3,6])**2) 
variance46=(1/nvar)*sum((means[,64]-expected[4,6])**2) 
variance56=(1/nvar)*sum((means[,65]-expected[5,6])**2) 
variance66=(1/nvar)*sum((means[,66]-expected[6,6])**2) 
variance76=(1/nvar)*sum((means[,67]-expected[7,6])**2) 
variance86=(1/nvar)*sum((means[,68]-expected[8,6])**2) 
variance96=(1/nvar)*sum((means[,69]-expected[9,6])**2) 
variance106=(1/nvar)*sum((means[,70]-expected[10,6])**2) 
variance116=(1/nvar)*sum((means[,71]-expected[11,6])**2) 
variance126=(1/nvar)*sum((means[,72]-expected[12,6])**2) 
 
variance=c(variance1,variance11,variance21,variance31,variance41,variance51, 
variance61,variance71,variance81,variance91,variance101,variance111,variance121, 
variance12,variance22,variance32,variance42,variance52, 
variance62,variance72,variance82,variance92,variance102,variance112,variance122, 
variance13,variance23,variance33,variance43,variance53, 
variance63,variance73,variance83,variance93,variance103,variance113,variance123, 
variance14,variance24,variance34,variance44,variance54, 
variance64,variance74,variance84,variance94,variance104,variance114,variance124, 
variance15,variance25,variance35,variance45,variance55, 
variance65,variance75,variance85,variance95,variance105,variance115,variance125, 
variance16,variance26,variance36,variance46,variance56, 
variance66,variance76,variance86,variance96,variance106,variance116,variance126) 
 
 
bias= expectedcol-popmean 
 
relbias=(bias/expectedcol)*100 
 
mse= variance + bias**2 
 
cv= (sqrt(variance)/expectedcol)*100 
 
s.e= (sqrt(variance)/sqrt(nvar)) 
 
LB= expectedcol - 1.96*s.e 
UB= expectedcol + 1.96*s.e 
 
result=cbind(popmean,expectedcol,relbias,s.e,cv,LB,UB,mse) 
 
write.table(result,"result_t3_scenario1.txt",sep="\t") 
write.table(meff_var,"meff_t3_scenario1.txt",sep="\t")  
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G3 Skewed Normal Distribution 
 
################################################################################################################# 
# Title: Fox inspired simulations_Normal distribution 
# author: "Loveness Dzikiti" 
# date: "19 September 2017" 
################################################################################################################ 
#Scenario 1: N=1000000 SN(100,25) n=1000 D=nsamp=20 
################################################################################################################# 
 
 
setwd("C:\\Users\\User\\Dropbox\\Review\\simulations_2019\\stratified\\anormal") 
 
library(moments) 
library(sampling) 
library(survey) 
library(sn) 
 
N=1000000              #finite population size 
L=5                   # number of strata in population 
Nstrata=N/L 
nsamp=20            #number of samples 
k=nvar=1000 
 
set.seed(123456) 
 
#################################################################################################################
###### 
############# Generating Asymmetric Normal Distribution                # 
 
alpha=3               # asymmetry parameter for strong asymmetry  
 
xi=-1.15                                       #  
omega=1.541                                     # 
 
x <- rsn(N, xi, omega, alpha)                   
 
x1=x[1:200000] 
x2=x[200001:400000] 
x3=x[400001:600000] 
x4=x[600001:800000] 
x5=x[800001:1000000] 
                                      
mu1=105                                           
sigma1=4 
 
mu2=103 
sigma2=3 
 
mu3=100 
sigma3=3 
 
mu4=97 
sigma4=3 
 
mu5=95 
sigma5=4 
 
 
x=c((x1*sigma1)+mu1, (x2*sigma2)+mu2, (x3*sigma3)+mu3, (x4*sigma4)+mu4, (x5*sigma5)+mu5) 
strata_id<-c(rep('1',Nstrata),rep('2',Nstrata),rep('3',Nstrata),rep('4',Nstrata),rep('5',Nstrata)) 
popx<-data.frame(1:100000,strata_id,x) 
colnames(popx)<-c('ID','group','x') 
 
pop.des <- svydesign(id=~1,strata=~group,data=popx) 
pop.mean=data.frame(svymean(x,pop.des))    
popmean <- pop.mean[1,1]#finite population mean 
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#################################################################################################################
##### 
 
 
 
mean_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means calculated as srs 
variance_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance calculated as srs 
cv_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation calculated as srs 
skewness_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness calculated as srs 
kurtosis_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis calculated as srs 
 
means <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means 
variance <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance 
designvar <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store design consistent variance 
cv <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation 
skewness <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
kurtosis <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis 
meff_var<-matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample design effect 
 
 
combmeans1 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 1 
combmeans2 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 2 
combmeans3 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 3 
combmeans4 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 4 
combmeans5 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 5 
combmeans6 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 6 
combmeans7 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 7 
combmeans8 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 8 
combmeans9 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 9 
combmeans10<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 10 
combmeans11<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 11 
combmeans12<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 12 
 
sampmean <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store mean of 1 sample, no combining 
 
 
combmeans11 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans21 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans31 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans41 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans51 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans61 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans71 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans81 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 8 
combmeans91 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 9 
combmeans101 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 10 
combmeans111 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 11 
combmeans121 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 12 
 
 
combmeans12 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans22 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans32 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans42 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans52 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans62 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans72 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans82 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 8 
combmeans92 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 9 
combmeans102 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 10 
combmeans112 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 11 
combmeans122 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 12 
 
 
combmeans13 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans23 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans33 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans43 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans53 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans63 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans73 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
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combmeans83 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 8 
combmeans93 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 9 
combmeans103 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 10 
combmeans113 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 11 
combmeans123 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 12 
 
 
combmeans14 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans24 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans34 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans44 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans54 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans64 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans74 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans84 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 8 
combmeans94 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 9 
combmeans104 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 10 
combmeans114 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 11 
combmeans124 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 12 
 
 
combmeans15 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans25 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans35 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans45 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans55 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans65 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans75 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans85 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 8 
combmeans95 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 9 
combmeans105 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 10 
combmeans115 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 11 
combmeans125 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 12 
 
 
combmeans16 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans26 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans36 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans46 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans56 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans66 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans76 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans86 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 8 
combmeans96 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 9 
combmeans106 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 10 
combmeans116 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 11 
combmeans126 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 12 
 
 
############################################################################################################ 
 
for (k in 1:nvar){ 
   
 
for (j in 1:nsamp){ 
   
  w1<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w2<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w3<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w4<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w5<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w6<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w7<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w8<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w9<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w10<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w11<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w12<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
} 
 
######### Sampling from stratified finite population##################### 
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#####Calculating sample sizes for strata 
L=5                                               #number of strata 
propn<-c(0.00144,0.00072,0.00072,0.00072,0.00144) 
Nstrata<-N/L                                      #strata size for equal strata sizes in population 
 
sampsi<-ceiling(Nstrata*propn) 
n<-sampsi[1]+sampsi[2]+sampsi[3]+sampsi[4]+sampsi[5] 
 
fpc=rep(c(Nstrata,Nstrata,Nstrata,Nstrata,Nstrata),sampsi) 
 
for (i in 1:nsamp) {   
   
  s1<-sample(popx$x[1:200000],sampsi[1]) 
  s2<-sample(popx$x[200001:400000],sampsi[2]) 
  s3<-sample(popx$x[400001:600000],sampsi[3]) 
  s4<-sample(popx$x[600001:800000],sampsi[4]) 
  s5<-sample(popx$x[800001:1000000],sampsi[5]) 
 
sampstrat<-c(rep('1',sampsi[1]),rep('2',sampsi[2]),rep('3',sampsi[3]),rep('4',sampsi[4]),rep('5',sampsi[5])) 
 
  s<-data.frame(sampstrat,c(s1,s2,s3,s4,s5)) 
  colnames(s)<-c('sampstrat','x') 
   
########################################################################################################## 
# Naive weights 
################# 
 
  mean_naive[i]=mean(s$x) 
  variance_naive[i]=var(s$x) 
  cv_naive[i]=abs(sqrt(variance_naive[i])/mean_naive[i]) 
  skewness_naive[i]<-skewness(s$x) 
  kurtosis_naive[i]<-kurtosis(s$x) 
 
########################################################################################################## 
# Design conscious weights 
########################### 
 
  plan=svydesign(~1,strata=~sampstrat,data=s,fpc=~fpc) #probs=~propn is not the cluster samp. prob. 
  mean_st=svymean(s$x,plan) 
  mean_st=as.data.frame(mean_st) 
   
    
    means[i]<-mean_st[1,1]                                   #sample mean for ith sample 
    variance[i]<-mean_st[1,2]^2              #sample variance, design consistent variance 
    cv[i]<-abs(sqrt(variance[i])/means[i])                 #coefficient of variation 
   
   
    # Design consistent skewness 
    moments = svymean(~I(x^4) + I(x^3) + 
                       I(x^2) + I(x), plan) 
   
    skew=data.frame(svycontrast(moments,  
                         quote((`I(x^3)` - 3*`I(x^2)`*`I(x)` + 
                                3*`I(x)`*`I(x)`^2 - `I(x)`^3)/ 
                              (`I(x^2)` - `I(x)`^2)^1.5))) 
    skewness[i]<-skew[1,1] 
     
    # Design consistent 
     
    kurt=data.frame(svycontrast(moments,  
                quote((`I(x^4)` - 
                         4*`I(x^3)`*`I(x)` + 
                         6*`I(x^2)`*`I(x)`^2 - 
                         4*`I(x)`*`I(x)`^3 + 
                         `I(x)`^4)/ 
                        (`I(x^2)` - 
                           `I(x)`^2)^2))) 
     
    kurtosis[i]<-kurt[1,1] 
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    meff.1 <- data.frame(svymean(s$x,plan,deff=TRUE)) 
    meff_var[i]=variance[i]/((1-(n/N))*(var(s$x)/n)) 
 
    
     
  w1[i]=1/n                #inverse of the sample size 
 
  w2[i]<-1/(variance[i])   #inverse of the design variance of the estimator of the mean  
  w3[i]<-1/(variance_naive[i])   #inverse of the naive variance of the estimator of the mean 
   
  w4[i]=1                   #simple average weights  
 
  w5[i]=1/cv[i]             #inverse of cv 
  w6[i]=1/cv_naive[i]             #inverse of naive cv 
 
  w7[i]=abs(1/skewness[i])       #inverse skewness 
  w8[i]=abs(1/skewness_naive[i])       #inverse skewness 
 
  w9[i]=1/kurtosis[i]       #inverse kurtosis 
  w10[i]=1/kurtosis_naive[i]       #inverse kurtosis 
 
  w11[i]=meff_var[i]/variance[i]  #in srs deff=1 so coincides with inverse of variance 
  w12[i]=1/meff_var[i]   
 
   
   
  combmeans1[i]<-round(sum(means[1:i]*w1[1:i])/sum(w1[1:i]),digits=9) #combine means using inverse sample size 
  combmeans2[i]<-round(sum(means[1:i]*w2[1:i])/sum(w2[1:i]),digits=9) # combine using inverse variance  
  combmeans3[i]<-round(sum(means[1:i]*w3[1:i])/sum(w3[1:i]),digits=9) # combine using inverse variance naive  
  combmeans4[i]<-round(sum(means[1:i]*w4[1:i])/sum(w4[1:i]),digits=9) # combine using a weight of 1 
  combmeans5[i]<-round(sum(means[1:i]*w5[1:i])/sum(w5[1:i]),digits=9) # combine using a weight of inverse CV 
  combmeans6[i]<-round(sum(means[1:i]*w6[1:i])/sum(w6[1:i]),digits=9) # combine using a weight of inverse CV naive 
  combmeans7[i]<-round(sum(means[1:i]*w7[1:i])/sum(w7[1:i]),digits=9) # combine using a weight of inverse skewness 
  combmeans8[i]<-round(sum(means[1:i]*w8[1:i])/sum(w8[1:i]),digits=9) #combine using a weight of inverse skewness naive 
  combmeans9[i]<-round(sum(means[1:i]*w9[1:i])/sum(w9[1:i]),digits=9) # combine using inverse kurtosis  
  combmeans10[i]<-round(sum(means[1:i]*w10[1:i])/sum(w10[1:i]),digits=9) # combine using inverse kurtosis naive 
  combmeans11[i]<-round(sum(means[1:i]*w11[1:i])/sum(w11[1:i]),digits=9) # combine using a weight of meff/var 
  combmeans12[i]<-round(sum(means[1:i]*w12[1:i])/sum(w12[1:i]),digits=9) # combine using a weight of 1/meff 
 
   
   
} 
 
sampmean[k]=means[1]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
 
    combmeans11[k]=combmeans1[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans21[k]=combmeans2[2] 
    combmeans31[k]=combmeans3[2] 
    combmeans41[k]=combmeans4[2] 
    combmeans51[k]=combmeans5[2] 
    combmeans61[k]=combmeans6[2] 
    combmeans71[k]=combmeans7[2] 
    combmeans81[k]=combmeans8[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans91[k]=combmeans9[2] 
    combmeans101[k]=combmeans10[2] 
    combmeans111[k]=combmeans11[2] 
    combmeans121[k]=combmeans12[2] 
 
 
    combmeans12[k]=combmeans1[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans22[k]=combmeans2[3] 
    combmeans32[k]=combmeans3[3] 
    combmeans42[k]=combmeans4[3] 
    combmeans52[k]=combmeans5[3] 
    combmeans62[k]=combmeans6[3] 
    combmeans72[k]=combmeans7[3] 
    combmeans82[k]=combmeans8[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans92[k]=combmeans9[3] 
    combmeans102[k]=combmeans10[3] 
    combmeans112[k]=combmeans11[3] 
    combmeans122[k]=combmeans12[3] 
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    combmeans13[k]=combmeans1[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans23[k]=combmeans2[5] 
    combmeans33[k]=combmeans3[5] 
    combmeans43[k]=combmeans4[5] 
    combmeans53[k]=combmeans5[5] 
    combmeans63[k]=combmeans6[5] 
    combmeans73[k]=combmeans7[5] 
    combmeans83[k]=combmeans8[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans93[k]=combmeans9[5] 
    combmeans103[k]=combmeans10[5] 
    combmeans113[k]=combmeans11[5] 
    combmeans123[k]=combmeans12[5] 
 
 
    combmeans14[k]=combmeans1[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans24[k]=combmeans2[10] 
    combmeans34[k]=combmeans3[10] 
    combmeans44[k]=combmeans4[10] 
    combmeans54[k]=combmeans5[10] 
    combmeans64[k]=combmeans6[10] 
    combmeans74[k]=combmeans7[10] 
    combmeans84[k]=combmeans8[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans94[k]=combmeans9[10] 
    combmeans104[k]=combmeans10[10] 
    combmeans114[k]=combmeans11[10] 
    combmeans124[k]=combmeans12[10] 
 
   
    combmeans15[k]=combmeans1[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans25[k]=combmeans2[15] 
    combmeans35[k]=combmeans3[15] 
    combmeans45[k]=combmeans4[15] 
    combmeans55[k]=combmeans5[15] 
    combmeans65[k]=combmeans6[15] 
    combmeans75[k]=combmeans7[15] 
    combmeans85[k]=combmeans8[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans95[k]=combmeans9[15] 
    combmeans105[k]=combmeans10[15] 
    combmeans115[k]=combmeans11[15] 
    combmeans125[k]=combmeans12[15] 
 
 
    combmeans16[k]=combmeans1[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans26[k]=combmeans2[20] 
    combmeans36[k]=combmeans3[20] 
    combmeans46[k]=combmeans4[20] 
    combmeans56[k]=combmeans5[20] 
    combmeans66[k]=combmeans6[20] 
    combmeans76[k]=combmeans7[20] 
    combmeans86[k]=combmeans8[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans96[k]=combmeans9[20] 
    combmeans106[k]=combmeans10[20] 
    combmeans116[k]=combmeans11[20] 
    combmeans126[k]=combmeans12[20] 
 
 
     
} 
 
expected1=mean(sampmean)            #expected mean for one sample, not combining 
 
expected=matrix(0,12,6) 
 
expected[1,1]=mean(combmeans11)     #strategy 1 nsamp=2 
expected[2,1]=mean(combmeans21) 
expected[3,1]=mean(combmeans31) 
expected[4,1]=mean(combmeans41) 
expected[5,1]=mean(combmeans51) 
expected[6,1]=mean(combmeans61) 
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expected[7,1]=mean(combmeans71) 
expected[8,1]=mean(combmeans81)      
expected[9,1]=mean(combmeans91) 
expected[10,1]=mean(combmeans101) 
expected[11,1]=mean(combmeans111) 
expected[12,1]=mean(combmeans121) 
 
expected[1,2]=mean(combmeans12)     #strategy 1 nsamp=3 
expected[2,2]=mean(combmeans22) 
expected[3,2]=mean(combmeans32) 
expected[4,2]=mean(combmeans42) 
expected[5,2]=mean(combmeans52) 
expected[6,2]=mean(combmeans62) 
expected[7,2]=mean(combmeans72) 
expected[8,2]=mean(combmeans82)      
expected[9,2]=mean(combmeans92) 
expected[10,2]=mean(combmeans102) 
expected[11,2]=mean(combmeans112) 
expected[12,2]=mean(combmeans122) 
 
expected[1,3]=mean(combmeans13)     #strategy 1 nsamp=5 
expected[2,3]=mean(combmeans23) 
expected[3,3]=mean(combmeans33) 
expected[4,3]=mean(combmeans43) 
expected[5,3]=mean(combmeans53) 
expected[6,3]=mean(combmeans63) 
expected[7,3]=mean(combmeans73) 
expected[8,3]=mean(combmeans83)      
expected[9,3]=mean(combmeans93) 
expected[10,3]=mean(combmeans103) 
expected[11,3]=mean(combmeans113) 
expected[12,3]=mean(combmeans123) 
 
expected[1,4]=mean(combmeans14)     #strategy 1 nsamp=10 
expected[2,4]=mean(combmeans24) 
expected[3,4]=mean(combmeans34) 
expected[4,4]=mean(combmeans44) 
expected[5,4]=mean(combmeans54) 
expected[6,4]=mean(combmeans64) 
expected[7,4]=mean(combmeans74) 
expected[8,4]=mean(combmeans84)      
expected[9,4]=mean(combmeans94) 
expected[10,4]=mean(combmeans104) 
expected[11,4]=mean(combmeans114) 
expected[12,4]=mean(combmeans124) 
 
expected[1,5]=mean(combmeans15)     #strategy 1 nsamp=15 
expected[2,5]=mean(combmeans25) 
expected[3,5]=mean(combmeans35) 
expected[4,5]=mean(combmeans45) 
expected[5,5]=mean(combmeans55) 
expected[6,5]=mean(combmeans65) 
expected[7,5]=mean(combmeans75) 
expected[8,5]=mean(combmeans85)      
expected[9,5]=mean(combmeans95) 
expected[10,5]=mean(combmeans105) 
expected[11,5]=mean(combmeans115) 
expected[12,5]=mean(combmeans125) 
 
expected[1,6]=mean(combmeans16)     #strategy 1 nsamp=20 
expected[2,6]=mean(combmeans26) 
expected[3,6]=mean(combmeans36) 
expected[4,6]=mean(combmeans46) 
expected[5,6]=mean(combmeans56) 
expected[6,6]=mean(combmeans66) 
expected[7,6]=mean(combmeans76) 
expected[8,6]=mean(combmeans86)      
expected[9,6]=mean(combmeans96) 
expected[10,6]=mean(combmeans106) 
expected[11,6]=mean(combmeans116) 
expected[12,6]=mean(combmeans126) 
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expectedcol=c(expected1,expected[,1],expected[,2],expected[,3],expected[,4],expected[,5],expected[,6]) 
 
means=cbind(combmeans11,combmeans21, 
combmeans31,combmeans41,combmeans51,combmeans61,combmeans71,combmeans81,combmeans91, 
combmeans101,combmeans111,combmeans121, 
combmeans12,combmeans22, combmeans32,combmeans42,combmeans52,combmeans62,combmeans72,combmeans82,combmeans92, 
combmeans102,combmeans112,combmeans122, 
combmeans13,combmeans23, combmeans33,combmeans43,combmeans53,combmeans63,combmeans73,combmeans83,combmeans93, 
combmeans103,combmeans113,combmeans123, 
combmeans14,combmeans24, combmeans34,combmeans44,combmeans54,combmeans64,combmeans74,combmeans84,combmeans94, 
combmeans104,combmeans114,combmeans124, 
combmeans15,combmeans25, combmeans35,combmeans45,combmeans55,combmeans65,combmeans75,combmeans85,combmeans95, 
combmeans105,combmeans115,combmeans125, 
combmeans16,combmeans26, combmeans36,combmeans46,combmeans56,combmeans66,combmeans76,combmeans86,combmeans96, 
combmeans106,combmeans116,combmeans126) 
 
 
variance1=(1/nvar)*sum((sampmean[,1]-expected1)**2) 
 
variance11=(1/nvar)*sum((means[,1]-expected[1,1])**2) 
variance21=(1/nvar)*sum((means[,2]-expected[2,1])**2) 
variance31=(1/nvar)*sum((means[,3]-expected[3,1])**2) 
variance41=(1/nvar)*sum((means[,4]-expected[4,1])**2) 
variance51=(1/nvar)*sum((means[,5]-expected[5,1])**2) 
variance61=(1/nvar)*sum((means[,6]-expected[6,1])**2) 
variance71=(1/nvar)*sum((means[,7]-expected[7,1])**2) 
variance81=(1/nvar)*sum((means[,8]-expected[8,1])**2) 
variance91=(1/nvar)*sum((means[,9]-expected[9,1])**2) 
variance101=(1/nvar)*sum((means[,10]-expected[10,1])**2) 
variance111=(1/nvar)*sum((means[,11]-expected[11,1])**2) 
variance121=(1/nvar)*sum((means[,12]-expected[12,1])**2) 
 
variance12=(1/nvar)*sum((means[,13]-expected[1,2])**2) 
variance22=(1/nvar)*sum((means[,14]-expected[2,2])**2) 
variance32=(1/nvar)*sum((means[,15]-expected[3,2])**2) 
variance42=(1/nvar)*sum((means[,16]-expected[4,2])**2) 
variance52=(1/nvar)*sum((means[,17]-expected[5,2])**2) 
variance62=(1/nvar)*sum((means[,18]-expected[6,2])**2) 
variance72=(1/nvar)*sum((means[,19]-expected[7,2])**2) 
variance82=(1/nvar)*sum((means[,20]-expected[8,2])**2) 
variance92=(1/nvar)*sum((means[,21]-expected[9,2])**2) 
variance102=(1/nvar)*sum((means[,22]-expected[10,2])**2) 
variance112=(1/nvar)*sum((means[,23]-expected[11,2])**2) 
variance122=(1/nvar)*sum((means[,24]-expected[12,2])**2) 
 
variance13=(1/nvar)*sum((means[,25]-expected[1,3])**2) 
variance23=(1/nvar)*sum((means[,26]-expected[2,3])**2) 
variance33=(1/nvar)*sum((means[,27]-expected[3,3])**2) 
variance43=(1/nvar)*sum((means[,28]-expected[4,3])**2) 
variance53=(1/nvar)*sum((means[,29]-expected[5,3])**2) 
variance63=(1/nvar)*sum((means[,30]-expected[6,3])**2) 
variance73=(1/nvar)*sum((means[,31]-expected[7,3])**2) 
variance83=(1/nvar)*sum((means[,32]-expected[8,3])**2) 
variance93=(1/nvar)*sum((means[,33]-expected[9,3])**2) 
variance103=(1/nvar)*sum((means[,34]-expected[10,3])**2) 
variance113=(1/nvar)*sum((means[,35]-expected[11,3])**2) 
variance123=(1/nvar)*sum((means[,36]-expected[12,3])**2) 
 
variance14=(1/nvar)*sum((means[,37]-expected[1,4])**2) 
variance24=(1/nvar)*sum((means[,38]-expected[2,4])**2) 
variance34=(1/nvar)*sum((means[,39]-expected[3,4])**2) 
variance44=(1/nvar)*sum((means[,40]-expected[4,4])**2) 
variance54=(1/nvar)*sum((means[,41]-expected[5,4])**2) 
variance64=(1/nvar)*sum((means[,42]-expected[6,4])**2) 
variance74=(1/nvar)*sum((means[,43]-expected[7,4])**2) 
variance84=(1/nvar)*sum((means[,44]-expected[8,4])**2) 
variance94=(1/nvar)*sum((means[,45]-expected[9,4])**2) 
variance104=(1/nvar)*sum((means[,46]-expected[10,4])**2) 
variance114=(1/nvar)*sum((means[,47]-expected[11,4])**2) 
variance124=(1/nvar)*sum((means[,48]-expected[12,4])**2) 
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variance15=(1/nvar)*sum((means[,49]-expected[1,5])**2) 
variance25=(1/nvar)*sum((means[,50]-expected[2,5])**2) 
variance35=(1/nvar)*sum((means[,51]-expected[3,5])**2) 
variance45=(1/nvar)*sum((means[,52]-expected[4,5])**2) 
variance55=(1/nvar)*sum((means[,53]-expected[5,5])**2) 
variance65=(1/nvar)*sum((means[,54]-expected[6,5])**2) 
variance75=(1/nvar)*sum((means[,55]-expected[7,5])**2) 
variance85=(1/nvar)*sum((means[,56]-expected[8,5])**2) 
variance95=(1/nvar)*sum((means[,57]-expected[9,5])**2) 
variance105=(1/nvar)*sum((means[,58]-expected[10,5])**2) 
variance115=(1/nvar)*sum((means[,59]-expected[11,5])**2) 
variance125=(1/nvar)*sum((means[,60]-expected[12,5])**2) 
 
variance16=(1/nvar)*sum((means[,61]-expected[1,6])**2) 
variance26=(1/nvar)*sum((means[,62]-expected[2,6])**2) 
variance36=(1/nvar)*sum((means[,63]-expected[3,6])**2) 
variance46=(1/nvar)*sum((means[,64]-expected[4,6])**2) 
variance56=(1/nvar)*sum((means[,65]-expected[5,6])**2) 
variance66=(1/nvar)*sum((means[,66]-expected[6,6])**2) 
variance76=(1/nvar)*sum((means[,67]-expected[7,6])**2) 
variance86=(1/nvar)*sum((means[,68]-expected[8,6])**2) 
variance96=(1/nvar)*sum((means[,69]-expected[9,6])**2) 
variance106=(1/nvar)*sum((means[,70]-expected[10,6])**2) 
variance116=(1/nvar)*sum((means[,71]-expected[11,6])**2) 
variance126=(1/nvar)*sum((means[,72]-expected[12,6])**2) 
 
 
variance=c(variance1,variance11,variance21,variance31,variance41,variance51, 
variance61,variance71,variance81,variance91,variance101,variance111,variance121, 
variance12,variance22,variance32,variance42,variance52, 
variance62,variance72,variance82,variance92,variance102,variance112,variance122, 
variance13,variance23,variance33,variance43,variance53, 
variance63,variance73,variance83,variance93,variance103,variance113,variance123, 
variance14,variance24,variance34,variance44,variance54, 
variance64,variance74,variance84,variance94,variance104,variance114,variance124, 
variance15,variance25,variance35,variance45,variance55, 
variance65,variance75,variance85,variance95,variance105,variance115,variance125, 
variance16,variance26,variance36,variance46,variance56, 
variance66,variance76,variance86,variance96,variance106,variance116,variance126) 
 
 
bias= expectedcol-popmean 
 
relbias=(bias/expectedcol)*100 
 
mse= variance + bias**2 
 
cv= (sqrt(variance)/expectedcol)*100 
 
s.e= (sqrt(variance)/sqrt(nvar)) 
 
LB= expectedcol - 1.96*s.e 
UB= expectedcol + 1.96*s.e 
 
result=cbind(popmean,expectedcol,relbias,s.e,cv,LB,UB,mse) 
 
write.table(result,"result_anormal_scenario1.txt",sep="\t") 
write.table(meff_var,"meff_anormal_scenario1.txt",sep="\t") 
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G4 Skewed T Distribution, 3 degrees of freedom 
 
################################################################################################################# 
# Title: Stratified Fox inspired simulations_Normal distribution 
# author: "Loveness Dzikiti" 
# date: "22 September 2017" 
################################################################################################################# 
 
setwd("C:\\Users\\User\\Dropbox\\Review\\simulations_2019\\stratified\\at3") 
#install.packages("survey") 
 
library(moments) 
library(sampling) 
library(survey) 
library(sn) 
 
N=1000000              #finite population size 
L=5              # number of strata in population 
Nstrata=N/L 
nsamp=20              #number of samples or replicates 
k=nvar=1000 
 
set.seed(123456) 
 
############################################################################################################ 
# Generating a stratified population 
v=3 
xi=-0.7891 
omega=0.746 
alpha=3 
 
x<- rst(N, xi, omega, alpha, v) 
 
x1=x[1:200000] 
x2=x[200001:400000] 
x3=x[400001:600000] 
x4=x[600001:800000] 
x5=x[800001:1000000] 
 
mu1=105                                           
sigma1=4 
 
mu2=103 
sigma2=3 
 
mu3=100 
sigma3=3 
 
mu4=97 
sigma4=3 
 
mu5=95 
sigma5=4 
 
x=c((x1*sigma1)+mu1, (x2*sigma2)+mu2, (x3*sigma3)+mu3, (x4*sigma4)+mu4, (x5*sigma5)+mu5) 
strata_id<-c(rep('1',Nstrata),rep('2',Nstrata),rep('3',Nstrata),rep('4',Nstrata),rep('5',Nstrata)) 
popx<-data.frame(1:1000000,strata_id,x) 
colnames(popx)<-c('ID','group','x') 
 
pop.des <- svydesign(id=~1,strata=~group,data=popx) 
pop.mean=data.frame(svymean(x,pop.des))    
popmean <- pop.mean[1,1]#finite population mean 
 
############################################################################################################ 
 
mean_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means calculated as srs 
variance_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance calculated as srs 
cv_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation calculated as srs 
skewness_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness calculated as srs 
kurtosis_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis calculated as srs 
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means <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means 
variance <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance 
designvar <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store design consistent variance 
cv <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation 
skewness <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
kurtosis <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis 
meff_var<-matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample design effect 
 
 
combmeans1 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 1 
combmeans2 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 2 
combmeans3 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 3 
combmeans4 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 4 
combmeans5 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 5 
combmeans6 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 6 
combmeans7 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 7 
combmeans8 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 8 
combmeans9 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 9 
combmeans10<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 10 
combmeans11<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 11 
combmeans12<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 12 
 
 
sampmean <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store mean of 1 sample, no combining 
 
 
combmeans11 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans21 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans31 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans41 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans51 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans61 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans71 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans81 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans91 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans101 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans111 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans121 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans12 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans22 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans32 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans42 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans52 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans62 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans72 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans82 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans92 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans102 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans112 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans122 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans13 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans23 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans33 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans43 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans53 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans63 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans73 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans83 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans93 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans103 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans113 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans123 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans14 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans24 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
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combmeans34 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans44 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans54 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans64 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans74 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans84 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans94 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans104 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans114 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans124 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans15 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans25 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans35 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans45 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans55 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans65 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans75 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans85 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans95 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans105 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans115 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans125 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans16 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans26 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans36 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans46 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans56 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans66 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans76 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans86 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans96 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans106 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans116 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans126 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
############################################################################################################ 
 
for (k in 1:nvar){ 
   
 
for (j in 1:nsamp){ 
   
  w1<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w2<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w3<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w4<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w5<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w6<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w7<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w8<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w9<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w10<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w11<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w12<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
} 
 
######### Sampling from stratified finite population##################### 
 
#####Calculating sample sizes for strata 
L=5                                               #number of strata 
propn<-c(0.00144,0.00072,0.00072,0.00072,0.00144) 
Nstrata<-N/L                                      #strata size for equal strata sizes in population 
 
sampsi<-ceiling(Nstrata*propn) 
n<-sampsi[1]+sampsi[2]+sampsi[3]+sampsi[4]+sampsi[5] 
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fpc=rep(c(Nstrata,Nstrata,Nstrata,Nstrata,Nstrata),sampsi) 
 
for (i in 1:nsamp) {   
   
  s1<-sample(popx$x[1:200000],sampsi[1]) 
  s2<-sample(popx$x[200001:400000],sampsi[2]) 
  s3<-sample(popx$x[400001:600000],sampsi[3]) 
  s4<-sample(popx$x[600001:800000],sampsi[4]) 
  s5<-sample(popx$x[800001:1000000],sampsi[5]) 
 
sampstrat<-c(rep('1',sampsi[1]),rep('2',sampsi[2]),rep('3',sampsi[3]),rep('4',sampsi[4]),rep('5',sampsi[5])) 
 
  s<-data.frame(sampstrat,c(s1,s2,s3,s4,s5)) 
  colnames(s)<-c('sampstrat','x') 
   
########################################################################################################## 
# Naive weights 
################# 
 
  mean_naive[i]=mean(s$x) 
  variance_naive[i]=var(s$x) 
  cv_naive[i]=abs(sqrt(variance_naive[i])/mean_naive[i]) 
  skewness_naive[i]<-skewness(s$x) 
  kurtosis_naive[i]<-kurtosis(s$x) 
 
########################################################################################################## 
# Design conscious weights 
########################### 
 
  plan=svydesign(~1,strata=~sampstrat,data=s,fpc=~fpc) #probs=~propn is not the cluster samp. prob. 
  mean_st=svymean(s$x,plan) 
  mean_st=as.data.frame(mean_st) 
   
    
    means[i]<-mean_st[1,1]                                   #sample mean for ith sample 
    variance[i]<-mean_st[1,2]^2              #sample variance, design consistent variance 
    cv[i]<-abs(sqrt(variance[i])/means[i])                 #coefficient of variation 
   
   
    # skewness[i]<-skewness(s[,i]) 
    moments = svymean(~I(x^4) + I(x^3) + 
                       I(x^2) + I(x), plan) 
   
    skew=data.frame(svycontrast(moments,  
                         quote((`I(x^3)` - 3*`I(x^2)`*`I(x)` + 
                                3*`I(x)`*`I(x)`^2 - `I(x)`^3)/ 
                              (`I(x^2)` - `I(x)`^2)^1.5))) 
    skewness[i]<-skew[1,1] 
     
    #kurtosis[i]<-kurtosis(s[,i]) 
     
    kurt=data.frame(svycontrast(moments,  
                quote((`I(x^4)` - 
                         4*`I(x^3)`*`I(x)` + 
                         6*`I(x^2)`*`I(x)`^2 - 
                         4*`I(x)`*`I(x)`^3 + 
                         `I(x)`^4)/ 
                        (`I(x^2)` - 
                           `I(x)`^2)^2))) 
     
    kurtosis[i]<-kurt[1,1] 
     
    meff.1 <- data.frame(svymean(s$x,plan,deff=TRUE)) 
    meff_var[i]=variance[i]/((1-(n/N))*(var(s$x)/n)) 
 
    
     
  w1[i]=1/n                #inverse of the sample size 
 
  w2[i]<-1/(variance[i])   #inverse of the design variance of the estimator of the mean  
  w3[i]<-1/(variance_naive[i])   #inverse of the naive variance of the estimator of the mean 
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  w4[i]=1                   #simple average weights  
 
  w5[i]=1/cv[i]             #inverse of cv 
  w6[i]=1/cv_naive[i]             #inverse of naive cv 
 
  w7[i]=abs(1/skewness[i])       #inverse skewness 
  w8[i]=abs(1/skewness_naive[i])       #inverse skewness 
 
  w9[i]=1/kurtosis[i]       #inverse kurtosis 
  w10[i]=1/kurtosis_naive[i]       #inverse kurtosis 
 
  w11[i]=meff_var[i]/variance[i]  #in srs deff=1 so coincides with inverse of variance 
  w12[i]=1/meff_var[i]   
 
   
   
  combmeans1[i]<-round(sum(means[1:i]*w1[1:i])/sum(w1[1:i]),digits=9) #combine means using inverse sample size 
  combmeans2[i]<-round(sum(means[1:i]*w2[1:i])/sum(w2[1:i]),digits=9) # combine using inverse variance  
  combmeans3[i]<-round(sum(means[1:i]*w3[1:i])/sum(w3[1:i]),digits=9) # combine using inverse variance naive  
  combmeans4[i]<-round(sum(means[1:i]*w4[1:i])/sum(w4[1:i]),digits=9) # combine using a weight of 1 
  combmeans5[i]<-round(sum(means[1:i]*w5[1:i])/sum(w5[1:i]),digits=9) # combine using a weight of inverse CV 
  combmeans6[i]<-round(sum(means[1:i]*w6[1:i])/sum(w6[1:i]),digits=9) # combine using a weight of inverse CV naive 
  combmeans7[i]<-round(sum(means[1:i]*w7[1:i])/sum(w7[1:i]),digits=9) # combine using a weight of inverse skewness 
  combmeans8[i]<-round(sum(means[1:i]*w8[1:i])/sum(w8[1:i]),digits=9) #combine using a weight of inverse skewness naive 
  combmeans9[i]<-round(sum(means[1:i]*w9[1:i])/sum(w9[1:i]),digits=9) # combine using inverse kurtosis  
  combmeans10[i]<-round(sum(means[1:i]*w10[1:i])/sum(w10[1:i]),digits=9) # combine using inverse kurtosis naive 
  combmeans11[i]<-round(sum(means[1:i]*w11[1:i])/sum(w11[1:i]),digits=9) # combine using a weight of meff/var 
  combmeans12[i]<-round(sum(means[1:i]*w12[1:i])/sum(w12[1:i]),digits=9) # combine using a weight of 1/meff 
 
   
   
} 
 
sampmean[k]=means[1]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
 
    combmeans11[k]=combmeans1[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans21[k]=combmeans2[2] 
    combmeans31[k]=combmeans3[2] 
    combmeans41[k]=combmeans4[2] 
    combmeans51[k]=combmeans5[2] 
    combmeans61[k]=combmeans6[2] 
    combmeans71[k]=combmeans7[2] 
    combmeans81[k]=combmeans8[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans91[k]=combmeans9[2] 
    combmeans101[k]=combmeans10[2] 
    combmeans111[k]=combmeans11[2] 
    combmeans121[k]=combmeans12[2] 
 
 
    combmeans12[k]=combmeans1[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans22[k]=combmeans2[3] 
    combmeans32[k]=combmeans3[3] 
    combmeans42[k]=combmeans4[3] 
    combmeans52[k]=combmeans5[3] 
    combmeans62[k]=combmeans6[3] 
    combmeans72[k]=combmeans7[3] 
    combmeans82[k]=combmeans8[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans92[k]=combmeans9[3] 
    combmeans102[k]=combmeans10[3] 
    combmeans112[k]=combmeans11[3] 
    combmeans122[k]=combmeans12[3] 
 
 
    combmeans13[k]=combmeans1[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans23[k]=combmeans2[5] 
    combmeans33[k]=combmeans3[5] 
    combmeans43[k]=combmeans4[5] 
    combmeans53[k]=combmeans5[5] 
    combmeans63[k]=combmeans6[5] 
    combmeans73[k]=combmeans7[5] 
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    combmeans83[k]=combmeans8[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans93[k]=combmeans9[5] 
    combmeans103[k]=combmeans10[5] 
    combmeans113[k]=combmeans11[5] 
    combmeans123[k]=combmeans12[5] 
 
 
    combmeans14[k]=combmeans1[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans24[k]=combmeans2[10] 
    combmeans34[k]=combmeans3[10] 
    combmeans44[k]=combmeans4[10] 
    combmeans54[k]=combmeans5[10] 
    combmeans64[k]=combmeans6[10] 
    combmeans74[k]=combmeans7[10] 
    combmeans84[k]=combmeans8[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans94[k]=combmeans9[10] 
    combmeans104[k]=combmeans10[10] 
    combmeans114[k]=combmeans11[10] 
    combmeans124[k]=combmeans12[10] 
 
   
    combmeans15[k]=combmeans1[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans25[k]=combmeans2[15] 
    combmeans35[k]=combmeans3[15] 
    combmeans45[k]=combmeans4[15] 
    combmeans55[k]=combmeans5[15] 
    combmeans65[k]=combmeans6[15] 
    combmeans75[k]=combmeans7[15] 
    combmeans85[k]=combmeans8[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans95[k]=combmeans9[15] 
    combmeans105[k]=combmeans10[15] 
    combmeans115[k]=combmeans11[15] 
    combmeans125[k]=combmeans12[15] 
 
 
    combmeans16[k]=combmeans1[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans26[k]=combmeans2[20] 
    combmeans36[k]=combmeans3[20] 
    combmeans46[k]=combmeans4[20] 
    combmeans56[k]=combmeans5[20] 
    combmeans66[k]=combmeans6[20] 
    combmeans76[k]=combmeans7[20] 
    combmeans86[k]=combmeans8[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans96[k]=combmeans9[20] 
    combmeans106[k]=combmeans10[20] 
    combmeans116[k]=combmeans11[20] 
    combmeans126[k]=combmeans12[20] 
 
 
     
} 
 
expected1=mean(sampmean)            #expected mean for one sample, not combining 
 
expected=matrix(0,12,6) 
 
expected[1,1]=mean(combmeans11)     #strategy 1 nsamp=2 
expected[2,1]=mean(combmeans21) 
expected[3,1]=mean(combmeans31) 
expected[4,1]=mean(combmeans41) 
expected[5,1]=mean(combmeans51) 
expected[6,1]=mean(combmeans61) 
expected[7,1]=mean(combmeans71) 
expected[8,1]=mean(combmeans81)      
expected[9,1]=mean(combmeans91) 
expected[10,1]=mean(combmeans101) 
expected[11,1]=mean(combmeans111) 
expected[12,1]=mean(combmeans121) 
 
expected[1,2]=mean(combmeans12)     #strategy 1 nsamp=3 
expected[2,2]=mean(combmeans22) 
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expected[3,2]=mean(combmeans32) 
expected[4,2]=mean(combmeans42) 
expected[5,2]=mean(combmeans52) 
expected[6,2]=mean(combmeans62) 
expected[7,2]=mean(combmeans72) 
expected[8,2]=mean(combmeans82)      
expected[9,2]=mean(combmeans92) 
expected[10,2]=mean(combmeans102) 
expected[11,2]=mean(combmeans112) 
expected[12,2]=mean(combmeans122) 
 
expected[1,3]=mean(combmeans13)     #strategy 1 nsamp=5 
expected[2,3]=mean(combmeans23) 
expected[3,3]=mean(combmeans33) 
expected[4,3]=mean(combmeans43) 
expected[5,3]=mean(combmeans53) 
expected[6,3]=mean(combmeans63) 
expected[7,3]=mean(combmeans73) 
expected[8,3]=mean(combmeans83)      
expected[9,3]=mean(combmeans93) 
expected[10,3]=mean(combmeans103) 
expected[11,3]=mean(combmeans113) 
expected[12,3]=mean(combmeans123) 
 
expected[1,4]=mean(combmeans14)     #strategy 1 nsamp=10 
expected[2,4]=mean(combmeans24) 
expected[3,4]=mean(combmeans34) 
expected[4,4]=mean(combmeans44) 
expected[5,4]=mean(combmeans54) 
expected[6,4]=mean(combmeans64) 
expected[7,4]=mean(combmeans74) 
expected[8,4]=mean(combmeans84)      
expected[9,4]=mean(combmeans94) 
expected[10,4]=mean(combmeans104) 
expected[11,4]=mean(combmeans114) 
expected[12,4]=mean(combmeans124) 
 
expected[1,5]=mean(combmeans15)     #strategy 1 nsamp=15 
expected[2,5]=mean(combmeans25) 
expected[3,5]=mean(combmeans35) 
expected[4,5]=mean(combmeans45) 
expected[5,5]=mean(combmeans55) 
expected[6,5]=mean(combmeans65) 
expected[7,5]=mean(combmeans75) 
expected[8,5]=mean(combmeans85)      
expected[9,5]=mean(combmeans95) 
expected[10,5]=mean(combmeans105) 
expected[11,5]=mean(combmeans115) 
expected[12,5]=mean(combmeans125) 
 
expected[1,6]=mean(combmeans16)     #strategy 1 nsamp=20 
expected[2,6]=mean(combmeans26) 
expected[3,6]=mean(combmeans36) 
expected[4,6]=mean(combmeans46) 
expected[5,6]=mean(combmeans56) 
expected[6,6]=mean(combmeans66) 
expected[7,6]=mean(combmeans76) 
expected[8,6]=mean(combmeans86)      
expected[9,6]=mean(combmeans96) 
expected[10,6]=mean(combmeans106) 
expected[11,6]=mean(combmeans116) 
expected[12,6]=mean(combmeans126) 
 
expectedcol=c(expected1,expected[,1],expected[,2],expected[,3],expected[,4],expected[,5],expected[,6]) 
 
means=cbind(combmeans11,combmeans21, 
combmeans31,combmeans41,combmeans51,combmeans61,combmeans71,combmeans81,combmeans91, 
combmeans101,combmeans111,combmeans121, 
combmeans12,combmeans22, combmeans32,combmeans42,combmeans52,combmeans62,combmeans72,combmeans82,combmeans92, 
combmeans102,combmeans112,combmeans122, 
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combmeans13,combmeans23, combmeans33,combmeans43,combmeans53,combmeans63,combmeans73,combmeans83,combmeans93, 
combmeans103,combmeans113,combmeans123, 
combmeans14,combmeans24, combmeans34,combmeans44,combmeans54,combmeans64,combmeans74,combmeans84,combmeans94, 
combmeans104,combmeans114,combmeans124, 
combmeans15,combmeans25, combmeans35,combmeans45,combmeans55,combmeans65,combmeans75,combmeans85,combmeans95, 
combmeans105,combmeans115,combmeans125, 
combmeans16,combmeans26, combmeans36,combmeans46,combmeans56,combmeans66,combmeans76,combmeans86,combmeans96, 
combmeans106,combmeans116,combmeans126) 
 
 
variance1=(1/nvar)*sum((sampmean[,1]-expected1)**2) 
 
variance11=(1/nvar)*sum((means[,1]-expected[1,1])**2) 
variance21=(1/nvar)*sum((means[,2]-expected[2,1])**2) 
variance31=(1/nvar)*sum((means[,3]-expected[3,1])**2) 
variance41=(1/nvar)*sum((means[,4]-expected[4,1])**2) 
variance51=(1/nvar)*sum((means[,5]-expected[5,1])**2) 
variance61=(1/nvar)*sum((means[,6]-expected[6,1])**2) 
variance71=(1/nvar)*sum((means[,7]-expected[7,1])**2) 
variance81=(1/nvar)*sum((means[,8]-expected[8,1])**2) 
variance91=(1/nvar)*sum((means[,9]-expected[9,1])**2) 
variance101=(1/nvar)*sum((means[,10]-expected[10,1])**2) 
variance111=(1/nvar)*sum((means[,11]-expected[11,1])**2) 
variance121=(1/nvar)*sum((means[,12]-expected[12,1])**2) 
 
variance12=(1/nvar)*sum((means[,13]-expected[1,2])**2) 
variance22=(1/nvar)*sum((means[,14]-expected[2,2])**2) 
variance32=(1/nvar)*sum((means[,15]-expected[3,2])**2) 
variance42=(1/nvar)*sum((means[,16]-expected[4,2])**2) 
variance52=(1/nvar)*sum((means[,17]-expected[5,2])**2) 
variance62=(1/nvar)*sum((means[,18]-expected[6,2])**2) 
variance72=(1/nvar)*sum((means[,19]-expected[7,2])**2) 
variance82=(1/nvar)*sum((means[,20]-expected[8,2])**2) 
variance92=(1/nvar)*sum((means[,21]-expected[9,2])**2) 
variance102=(1/nvar)*sum((means[,22]-expected[10,2])**2) 
variance112=(1/nvar)*sum((means[,23]-expected[11,2])**2) 
variance122=(1/nvar)*sum((means[,24]-expected[12,2])**2) 
 
variance13=(1/nvar)*sum((means[,25]-expected[1,3])**2) 
variance23=(1/nvar)*sum((means[,26]-expected[2,3])**2) 
variance33=(1/nvar)*sum((means[,27]-expected[3,3])**2) 
variance43=(1/nvar)*sum((means[,28]-expected[4,3])**2) 
variance53=(1/nvar)*sum((means[,29]-expected[5,3])**2) 
variance63=(1/nvar)*sum((means[,30]-expected[6,3])**2) 
variance73=(1/nvar)*sum((means[,31]-expected[7,3])**2) 
variance83=(1/nvar)*sum((means[,32]-expected[8,3])**2) 
variance93=(1/nvar)*sum((means[,33]-expected[9,3])**2) 
variance103=(1/nvar)*sum((means[,34]-expected[10,3])**2) 
variance113=(1/nvar)*sum((means[,35]-expected[11,3])**2) 
variance123=(1/nvar)*sum((means[,36]-expected[12,3])**2) 
 
variance14=(1/nvar)*sum((means[,37]-expected[1,4])**2) 
variance24=(1/nvar)*sum((means[,38]-expected[2,4])**2) 
variance34=(1/nvar)*sum((means[,39]-expected[3,4])**2) 
variance44=(1/nvar)*sum((means[,40]-expected[4,4])**2) 
variance54=(1/nvar)*sum((means[,41]-expected[5,4])**2) 
variance64=(1/nvar)*sum((means[,42]-expected[6,4])**2) 
variance74=(1/nvar)*sum((means[,43]-expected[7,4])**2) 
variance84=(1/nvar)*sum((means[,44]-expected[8,4])**2) 
variance94=(1/nvar)*sum((means[,45]-expected[9,4])**2) 
variance104=(1/nvar)*sum((means[,46]-expected[10,4])**2) 
variance114=(1/nvar)*sum((means[,47]-expected[11,4])**2) 
variance124=(1/nvar)*sum((means[,48]-expected[12,4])**2) 
 
variance15=(1/nvar)*sum((means[,49]-expected[1,5])**2) 
variance25=(1/nvar)*sum((means[,50]-expected[2,5])**2) 
variance35=(1/nvar)*sum((means[,51]-expected[3,5])**2) 
variance45=(1/nvar)*sum((means[,52]-expected[4,5])**2) 
variance55=(1/nvar)*sum((means[,53]-expected[5,5])**2) 
variance65=(1/nvar)*sum((means[,54]-expected[6,5])**2) 
variance75=(1/nvar)*sum((means[,55]-expected[7,5])**2) 
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variance85=(1/nvar)*sum((means[,56]-expected[8,5])**2) 
variance95=(1/nvar)*sum((means[,57]-expected[9,5])**2) 
variance105=(1/nvar)*sum((means[,58]-expected[10,5])**2) 
variance115=(1/nvar)*sum((means[,59]-expected[11,5])**2) 
variance125=(1/nvar)*sum((means[,60]-expected[12,5])**2) 
 
variance16=(1/nvar)*sum((means[,61]-expected[1,6])**2) 
variance26=(1/nvar)*sum((means[,62]-expected[2,6])**2) 
variance36=(1/nvar)*sum((means[,63]-expected[3,6])**2) 
variance46=(1/nvar)*sum((means[,64]-expected[4,6])**2) 
variance56=(1/nvar)*sum((means[,65]-expected[5,6])**2) 
variance66=(1/nvar)*sum((means[,66]-expected[6,6])**2) 
variance76=(1/nvar)*sum((means[,67]-expected[7,6])**2) 
variance86=(1/nvar)*sum((means[,68]-expected[8,6])**2) 
variance96=(1/nvar)*sum((means[,69]-expected[9,6])**2) 
variance106=(1/nvar)*sum((means[,70]-expected[10,6])**2) 
variance116=(1/nvar)*sum((means[,71]-expected[11,6])**2) 
variance126=(1/nvar)*sum((means[,72]-expected[12,6])**2) 
 
variance=c(variance1,variance11,variance21,variance31,variance41,variance51, 
variance61,variance71,variance81,variance91,variance101,variance111,variance121, 
variance12,variance22,variance32,variance42,variance52, 
variance62,variance72,variance82,variance92,variance102,variance112,variance122, 
variance13,variance23,variance33,variance43,variance53, 
variance63,variance73,variance83,variance93,variance103,variance113,variance123, 
variance14,variance24,variance34,variance44,variance54, 
variance64,variance74,variance84,variance94,variance104,variance114,variance124, 
variance15,variance25,variance35,variance45,variance55, 
variance65,variance75,variance85,variance95,variance105,variance115,variance125, 
variance16,variance26,variance36,variance46,variance56, 
variance66,variance76,variance86,variance96,variance106,variance116,variance126) 
 
 
bias= expectedcol-popmean 
 
relbias=(bias/expectedcol)*100 
 
mse= variance + bias**2 
 
cv= (sqrt(variance)/expectedcol)*100 
 
s.e= (sqrt(variance)/sqrt(nvar)) 
 
LB= expectedcol - 1.96*s.e 
UB= expectedcol + 1.96*s.e 
 
result=cbind(popmean,expectedcol,relbias,s.e,cv,LB,UB,mse) 
 
write.table(result,"result_at3_scenario1.txt",sep="\t") 
write.table(meff_var,"meff_at3_scenario1.txt",sep="\t") 
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Appendix H 

R code used in simulations for cluster random sampling, point estimators 
 

H1 Normal Distribution 
################################################################################################################# 
# Variance Estimation: Normal distribution 
# author: "Loveness Dzikiti" 
# date: "20 April 2017" 
##################################################################################################### 
 
setwd("C:\\Users\\Loveness\\Dropbox\\Review\\simulations_2019\\cluster\\normal") 
 
library(moments) 
library(sampling) 
library(survey) 
 
N=1000000              #finite population size 
nsamp=20              #number of samples or replicates 
k=nvar=100 
 
n=1000 
clsize=250 
 
set.seed(123456) 
 
    
mean_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means calculated as srs 
variance_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance calculated as srs 
cv_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation calculated as srs 
skewness_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness calculated as srs 
kurtosis_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis calculated as srs 
 
means <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means 
variance <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance 
cv <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation 
skewness <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
kurtosis <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis 
meff_var<-matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample design effect 
 
combmeans1 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 1 
combmeans2 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 2 
combmeans3 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 3 
combmeans4 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 4 
combmeans5 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 5 
combmeans6 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 6 
combmeans7 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 7 
combmeans8 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 8 
combmeans9 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 9 
combmeans10<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 10 
combmeans11<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 11 
combmeans12<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 12 
 
sampmean <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store mean of 1 sample, no combining 
 
combmeans11 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans21 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans31 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans41 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans51 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans61 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans71 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans81 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans91 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans101 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans111 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans121 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
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combmeans12 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans22 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans32 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans42 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans52 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans62 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans72 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans82 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans92 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans102 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans112 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans122 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans13 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans23 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans33 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans43 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans53 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans63 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans73 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans83 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans93 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans103 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans113 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans123 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans14 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans24 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans34 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans44 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans54 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans64 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans74 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans84 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans94 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans104 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans114 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans124 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans15 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans25 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans35 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans45 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans55 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans65 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans75 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans85 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans95 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans105 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans115 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans125 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans16 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans26 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans36 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans46 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans56 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans66 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans76 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans86 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans96 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans106 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans116 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans126 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
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################################################################################################################# 
  
### Generating a clustered population#################################### 
 
mu <- matrix(c(rep(100,N)), nrow = N, ncol = 1)    #store superpopulation mean 
e_ij <- rnorm(N,0,sqrt(20))                        #individual characteristic 
cl <- rnorm(4000,0,sqrt(5))                         #cluster characteristic 
 
v_j <- 
c(rep(cl[1],clsize),rep(cl[2],clsize),rep(cl[3],clsize),rep(cl[4],clsize),rep(cl[5],clsize),rep(cl[6],clsize),rep(cl[7],clsize),rep(cl[8],clsize),rep(cl[9],cl
size),rep(cl[10],clsize), 
rep(cl[11],clsize),rep(cl[12],clsize),rep(cl[13],clsize),rep(cl[14],clsize),rep(cl[15],clsize),rep(cl[16],clsize),rep(cl[17],clsize),rep(cl[18],clsize),re
p(cl[19],clsize),rep(cl[20],clsize), 
rep(cl[21],clsize),rep(cl[22],clsize),rep(cl[23],clsize),rep(cl[24],clsize),rep(cl[25],clsize),rep(cl[26],clsize),rep(cl[27],clsize),rep(cl[28],clsize),re
p(cl[29],clsize),rep(cl[30],clsize), 
rep(cl[31],clsize),rep(cl[32],clsize),rep(cl[33],clsize),rep(cl[34],clsize),rep(cl[35],clsize),rep(cl[36],clsize),rep(cl[37],clsize),rep(cl[38],clsize),re
p(cl[39],clsize),rep(cl[40],clsize), 
rep(cl[41],clsize),rep(cl[42],clsize),rep(cl[43],clsize),rep(cl[44],clsize),rep(cl[45],clsize),rep(cl[46],clsize),rep(cl[47],clsize),rep(cl[48],clsize),re
p(cl[49],clsize),rep(cl[50],clsize), 
rep(cl[51],clsize),rep(cl[52],clsize),rep(cl[53],clsize),rep(cl[54],clsize),rep(cl[55],clsize),rep(cl[56],clsize),rep(cl[57],clsize),rep(cl[58],clsize),re
p(cl[59],clsize),rep(cl[60],clsize), 
rep(cl[61],clsize),rep(cl[62],clsize),rep(cl[63],clsize),rep(cl[64],clsize),rep(cl[65],clsize),rep(cl[66],clsize),rep(cl[67],clsize),rep(cl[68],clsize),re
p(cl[69],clsize),rep(cl[70],clsize), 
rep(cl[71],clsize),rep(cl[72],clsize),rep(cl[73],clsize),rep(cl[74],clsize),rep(cl[75],clsize),rep(cl[76],clsize),rep(cl[77],clsize),rep(cl[78],clsize),re
p(cl[79],clsize),rep(cl[80],clsize), 
rep(cl[81],clsize),rep(cl[82],clsize),rep(cl[83],clsize),rep(cl[84],clsize),rep(cl[85],clsize),rep(cl[86],clsize),rep(cl[87],clsize),rep(cl[88],clsize),re
p(cl[89],clsize),rep(cl[90],clsize), 
rep(cl[91],clsize),rep(cl[92],clsize),rep(cl[93],clsize),rep(cl[94],clsize),rep(cl[95],clsize),rep(cl[96],clsize),rep(cl[97],clsize),rep(cl[98],clsize),re
p(cl[99],clsize),rep(cl[100],clsize), 
rep(cl[101],clsize),rep(cl[102],clsize),rep(cl[103],clsize),rep(cl[104],clsize),rep(cl[105],clsize),rep(cl[106],clsize),rep(cl[107],clsize),rep(cl[108
],clsize),rep(cl[109],clsize),rep(cl[110],clsize), 
rep(cl[111],clsize),rep(cl[112],clsize),rep(cl[113],clsize),rep(cl[114],clsize),rep(cl[115],clsize),rep(cl[116],clsize),rep(cl[117],clsize),rep(cl[118
],clsize),rep(cl[119],clsize),rep(cl[120],clsize), 
rep(cl[121],clsize),rep(cl[122],clsize),rep(cl[123],clsize),rep(cl[124],clsize),rep(cl[125],clsize),rep(cl[126],clsize),rep(cl[127],clsize),rep(cl[128
],clsize),rep(cl[129],clsize),rep(cl[130],clsize), 
rep(cl[131],clsize),rep(cl[132],clsize),rep(cl[133],clsize),rep(cl[134],clsize),rep(cl[135],clsize),rep(cl[136],clsize),rep(cl[137],clsize),rep(cl[138
],clsize),rep(cl[139],clsize),rep(cl[140],clsize), 
rep(cl[141],clsize),rep(cl[142],clsize),rep(cl[143],clsize),rep(cl[144],clsize),rep(cl[145],clsize),rep(cl[146],clsize),rep(cl[147],clsize),rep(cl[148
],clsize),rep(cl[149],clsize),rep(cl[150],clsize), 
rep(cl[151],clsize),rep(cl[152],clsize),rep(cl[153],clsize),rep(cl[154],clsize),rep(cl[155],clsize),rep(cl[156],clsize),rep(cl[157],clsize),rep(cl[158
],clsize),rep(cl[159],clsize),rep(cl[160],clsize), 
rep(cl[161],clsize),rep(cl[162],clsize),rep(cl[163],clsize),rep(cl[164],clsize),rep(cl[165],clsize),rep(cl[166],clsize),rep(cl[167],clsize),rep(cl[168
],clsize),rep(cl[169],clsize),rep(cl[170],clsize), 
rep(cl[171],clsize),rep(cl[172],clsize),rep(cl[173],clsize),rep(cl[174],clsize),rep(cl[175],clsize),rep(cl[176],clsize),rep(cl[177],clsize),rep(cl[178
],clsize),rep(cl[179],clsize),rep(cl[180],clsize), 
rep(cl[181],clsize),rep(cl[182],clsize),rep(cl[183],clsize),rep(cl[184],clsize),rep(cl[185],clsize),rep(cl[186],clsize),rep(cl[187],clsize),rep(cl[188
],clsize),rep(cl[189],clsize),rep(cl[190],clsize), 
rep(cl[191],clsize),rep(cl[192],clsize),rep(cl[193],clsize),rep(cl[194],clsize),rep(cl[195],clsize),rep(cl[196],clsize),rep(cl[197],clsize),rep(cl[198
],clsize),rep(cl[199],clsize),rep(cl[200],clsize), 
rep(cl[201],clsize),rep(cl[202],clsize),rep(cl[203],clsize),rep(cl[204],clsize),rep(cl[205],clsize),rep(cl[206],clsize),rep(cl[207],clsize),rep(cl[208
],clsize),rep(cl[209],clsize),rep(cl[210],clsize), 
rep(cl[211],clsize),rep(cl[212],clsize),rep(cl[213],clsize),rep(cl[214],clsize),rep(cl[215],clsize),rep(cl[216],clsize),rep(cl[217],clsize),rep(cl[218
],clsize),rep(cl[219],clsize),rep(cl[220],clsize), 
rep(cl[221],clsize),rep(cl[222],clsize),rep(cl[223],clsize),rep(cl[224],clsize),rep(cl[225],clsize),rep(cl[226],clsize),rep(cl[227],clsize),rep(cl[228
],clsize),rep(cl[229],clsize),rep(cl[230],clsize), 
rep(cl[231],clsize),rep(cl[232],clsize),rep(cl[233],clsize),rep(cl[234],clsize),rep(cl[235],clsize),rep(cl[236],clsize),rep(cl[237],clsize),rep(cl[238
],clsize),rep(cl[239],clsize),rep(cl[240],clsize), 
rep(cl[241],clsize),rep(cl[242],clsize),rep(cl[243],clsize),rep(cl[244],clsize),rep(cl[245],clsize),rep(cl[246],clsize),rep(cl[247],clsize),rep(cl[248
],clsize),rep(cl[249],clsize),rep(cl[250],clsize), 
rep(cl[251],clsize),rep(cl[252],clsize),rep(cl[253],clsize),rep(cl[254],clsize),rep(cl[255],clsize),rep(cl[256],clsize),rep(cl[257],clsize),rep(cl[258
],clsize),rep(cl[259],clsize),rep(cl[260],clsize), 
rep(cl[261],clsize),rep(cl[262],clsize),rep(cl[263],clsize),rep(cl[264],clsize),rep(cl[265],clsize),rep(cl[266],clsize),rep(cl[267],clsize),rep(cl[268
],clsize),rep(cl[269],clsize),rep(cl[270],clsize), 
rep(cl[271],clsize),rep(cl[272],clsize),rep(cl[273],clsize),rep(cl[274],clsize),rep(cl[275],clsize),rep(cl[276],clsize),rep(cl[277],clsize),rep(cl[278
],clsize),rep(cl[279],clsize),rep(cl[280],clsize), 
rep(cl[281],clsize),rep(cl[282],clsize),rep(cl[283],clsize),rep(cl[284],clsize),rep(cl[285],clsize),rep(cl[286],clsize),rep(cl[287],clsize),rep(cl[288
],clsize),rep(cl[289],clsize),rep(cl[290],clsize), 
rep(cl[291],clsize),rep(cl[292],clsize),rep(cl[293],clsize),rep(cl[294],clsize),rep(cl[295],clsize),rep(cl[296],clsize),rep(cl[297],clsize),rep(cl[298
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rep(cl[1031],clsize),rep(cl[1032],clsize),rep(cl[1033],clsize),rep(cl[1034],clsize),rep(cl[1035],clsize),rep(cl[1036],clsize),rep(cl[1037],clsize),re
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rep(cl[1081],clsize),rep(cl[1082],clsize),rep(cl[1083],clsize),rep(cl[1084],clsize),rep(cl[1085],clsize),rep(cl[1086],clsize),rep(cl[1087],clsize),re
p(cl[1088],clsize),rep(cl[1089],clsize),rep(cl[1090],clsize), 
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p(cl[1888],clsize),rep(cl[1889],clsize),rep(cl[1890],clsize), 
rep(cl[1891],clsize),rep(cl[1892],clsize),rep(cl[1893],clsize),rep(cl[1894],clsize),rep(cl[1895],clsize),rep(cl[1896],clsize),rep(cl[1897],clsize),re
p(cl[1898],clsize),rep(cl[1899],clsize),rep(cl[1900],clsize), 
 
rep(cl[1901],clsize),rep(cl[1902],clsize),rep(cl[1903],clsize),rep(cl[1904],clsize),rep(cl[1905],clsize),rep(cl[1906],clsize),rep(cl[1907],clsize),re
p(cl[1908],clsize),rep(cl[1909],clsize),rep(cl[1910],clsize), 
rep(cl[1911],clsize),rep(cl[1912],clsize),rep(cl[1913],clsize),rep(cl[1914],clsize),rep(cl[1915],clsize),rep(cl[1916],clsize),rep(cl[1917],clsize),re
p(cl[1918],clsize),rep(cl[1919],clsize),rep(cl[1920],clsize), 
rep(cl[1921],clsize),rep(cl[1922],clsize),rep(cl[1923],clsize),rep(cl[1924],clsize),rep(cl[1925],clsize),rep(cl[1926],clsize),rep(cl[1927],clsize),re
p(cl[1928],clsize),rep(cl[1929],clsize),rep(cl[1930],clsize), 
rep(cl[1931],clsize),rep(cl[1932],clsize),rep(cl[1933],clsize),rep(cl[1934],clsize),rep(cl[1935],clsize),rep(cl[1936],clsize),rep(cl[1937],clsize),re
p(cl[1938],clsize),rep(cl[1939],clsize),rep(cl[1940],clsize), 
rep(cl[1941],clsize),rep(cl[1942],clsize),rep(cl[1943],clsize),rep(cl[1944],clsize),rep(cl[1945],clsize),rep(cl[1946],clsize),rep(cl[1947],clsize),re
p(cl[1948],clsize),rep(cl[1949],clsize),rep(cl[1950],clsize), 
rep(cl[1951],clsize),rep(cl[1952],clsize),rep(cl[1953],clsize),rep(cl[1954],clsize),rep(cl[1955],clsize),rep(cl[1956],clsize),rep(cl[1957],clsize),re
p(cl[1958],clsize),rep(cl[1959],clsize),rep(cl[1960],clsize), 
rep(cl[1961],clsize),rep(cl[1962],clsize),rep(cl[1963],clsize),rep(cl[1964],clsize),rep(cl[1965],clsize),rep(cl[1966],clsize),rep(cl[1967],clsize),re
p(cl[1968],clsize),rep(cl[1969],clsize),rep(cl[1970],clsize), 
rep(cl[1971],clsize),rep(cl[1972],clsize),rep(cl[1973],clsize),rep(cl[1974],clsize),rep(cl[1975],clsize),rep(cl[1976],clsize),rep(cl[1977],clsize),re
p(cl[1978],clsize),rep(cl[1979],clsize),rep(cl[1980],clsize), 
rep(cl[1981],clsize),rep(cl[1982],clsize),rep(cl[1983],clsize),rep(cl[1984],clsize),rep(cl[1985],clsize),rep(cl[1986],clsize),rep(cl[1987],clsize),re
p(cl[1988],clsize),rep(cl[1989],clsize),rep(cl[1990],clsize), 
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rep(cl[1991],clsize),rep(cl[1992],clsize),rep(cl[1993],clsize),rep(cl[1994],clsize),rep(cl[1995],clsize),rep(cl[1996],clsize),rep(cl[1997],clsize),re
p(cl[1998],clsize),rep(cl[1999],clsize),rep(cl[2000],clsize), 
 
rep(cl[2001],clsize),rep(cl[2002],clsize),rep(cl[2003],clsize),rep(cl[2004],clsize),rep(cl[2005],clsize),rep(cl[2006],clsize),rep(cl[2007],clsize),re
p(cl[2008],clsize),rep(cl[2009],clsize),rep(cl[2010],clsize), 
rep(cl[2011],clsize),rep(cl[2012],clsize),rep(cl[2013],clsize),rep(cl[2014],clsize),rep(cl[2015],clsize),rep(cl[2016],clsize),rep(cl[2017],clsize),re
p(cl[2018],clsize),rep(cl[2019],clsize),rep(cl[2020],clsize), 
rep(cl[2021],clsize),rep(cl[2022],clsize),rep(cl[2023],clsize),rep(cl[2024],clsize),rep(cl[2025],clsize),rep(cl[2026],clsize),rep(cl[2027],clsize),re
p(cl[2028],clsize),rep(cl[2029],clsize),rep(cl[2030],clsize), 
rep(cl[2031],clsize),rep(cl[2032],clsize),rep(cl[2033],clsize),rep(cl[2034],clsize),rep(cl[2035],clsize),rep(cl[2036],clsize),rep(cl[2037],clsize),re
p(cl[2038],clsize),rep(cl[2039],clsize),rep(cl[2040],clsize), 
rep(cl[2041],clsize),rep(cl[2042],clsize),rep(cl[2043],clsize),rep(cl[2044],clsize),rep(cl[2045],clsize),rep(cl[2046],clsize),rep(cl[2047],clsize),re
p(cl[2048],clsize),rep(cl[2049],clsize),rep(cl[2050],clsize), 
rep(cl[2051],clsize),rep(cl[2052],clsize),rep(cl[2053],clsize),rep(cl[2054],clsize),rep(cl[2055],clsize),rep(cl[2056],clsize),rep(cl[2057],clsize),re
p(cl[2058],clsize),rep(cl[2059],clsize),rep(cl[2060],clsize), 
rep(cl[2061],clsize),rep(cl[2062],clsize),rep(cl[2063],clsize),rep(cl[2064],clsize),rep(cl[2065],clsize),rep(cl[2066],clsize),rep(cl[2067],clsize),re
p(cl[2068],clsize),rep(cl[2069],clsize),rep(cl[2070],clsize), 
rep(cl[2071],clsize),rep(cl[2072],clsize),rep(cl[2073],clsize),rep(cl[2074],clsize),rep(cl[2075],clsize),rep(cl[2076],clsize),rep(cl[2077],clsize),re
p(cl[2078],clsize),rep(cl[2079],clsize),rep(cl[2080],clsize), 
rep(cl[2081],clsize),rep(cl[2082],clsize),rep(cl[2083],clsize),rep(cl[2084],clsize),rep(cl[2085],clsize),rep(cl[2086],clsize),rep(cl[2087],clsize),re
p(cl[2088],clsize),rep(cl[2089],clsize),rep(cl[2090],clsize), 
rep(cl[2091],clsize),rep(cl[2092],clsize),rep(cl[2093],clsize),rep(cl[2094],clsize),rep(cl[2095],clsize),rep(cl[2096],clsize),rep(cl[2097],clsize),re
p(cl[2098],clsize),rep(cl[2099],clsize),rep(cl[2100],clsize), 
 
rep(cl[2101],clsize),rep(cl[2102],clsize),rep(cl[2103],clsize),rep(cl[2104],clsize),rep(cl[2105],clsize),rep(cl[2106],clsize),rep(cl[2107],clsize),re
p(cl[2108],clsize),rep(cl[2109],clsize),rep(cl[2110],clsize), 
rep(cl[2111],clsize),rep(cl[2112],clsize),rep(cl[2113],clsize),rep(cl[2114],clsize),rep(cl[2115],clsize),rep(cl[2116],clsize),rep(cl[2117],clsize),re
p(cl[2118],clsize),rep(cl[2119],clsize),rep(cl[2120],clsize), 
rep(cl[2121],clsize),rep(cl[2122],clsize),rep(cl[2123],clsize),rep(cl[2124],clsize),rep(cl[2125],clsize),rep(cl[2126],clsize),rep(cl[2127],clsize),re
p(cl[2128],clsize),rep(cl[2129],clsize),rep(cl[2130],clsize), 
rep(cl[2131],clsize),rep(cl[2132],clsize),rep(cl[2133],clsize),rep(cl[2134],clsize),rep(cl[2135],clsize),rep(cl[2136],clsize),rep(cl[2137],clsize),re
p(cl[2138],clsize),rep(cl[2139],clsize),rep(cl[2140],clsize), 
rep(cl[2141],clsize),rep(cl[2142],clsize),rep(cl[2143],clsize),rep(cl[2144],clsize),rep(cl[2145],clsize),rep(cl[2146],clsize),rep(cl[2147],clsize),re
p(cl[2148],clsize),rep(cl[2149],clsize),rep(cl[2150],clsize), 
rep(cl[2151],clsize),rep(cl[2152],clsize),rep(cl[2153],clsize),rep(cl[2154],clsize),rep(cl[2155],clsize),rep(cl[2156],clsize),rep(cl[2157],clsize),re
p(cl[2158],clsize),rep(cl[2159],clsize),rep(cl[2160],clsize), 
rep(cl[2161],clsize),rep(cl[2162],clsize),rep(cl[2163],clsize),rep(cl[2164],clsize),rep(cl[2165],clsize),rep(cl[2166],clsize),rep(cl[2167],clsize),re
p(cl[2168],clsize),rep(cl[2169],clsize),rep(cl[2170],clsize), 
rep(cl[2171],clsize),rep(cl[2172],clsize),rep(cl[2173],clsize),rep(cl[2174],clsize),rep(cl[2175],clsize),rep(cl[2176],clsize),rep(cl[2177],clsize),re
p(cl[2178],clsize),rep(cl[2179],clsize),rep(cl[2180],clsize), 
rep(cl[2181],clsize),rep(cl[2182],clsize),rep(cl[2183],clsize),rep(cl[2184],clsize),rep(cl[2185],clsize),rep(cl[2186],clsize),rep(cl[2187],clsize),re
p(cl[2188],clsize),rep(cl[2189],clsize),rep(cl[2190],clsize), 
rep(cl[2191],clsize),rep(cl[2192],clsize),rep(cl[2193],clsize),rep(cl[2194],clsize),rep(cl[2195],clsize),rep(cl[2196],clsize),rep(cl[2197],clsize),re
p(cl[2198],clsize),rep(cl[2199],clsize),rep(cl[2200],clsize), 
 
rep(cl[2201],clsize),rep(cl[2202],clsize),rep(cl[2203],clsize),rep(cl[2204],clsize),rep(cl[2205],clsize),rep(cl[2206],clsize),rep(cl[2207],clsize),re
p(cl[2208],clsize),rep(cl[2209],clsize),rep(cl[2210],clsize), 
rep(cl[2211],clsize),rep(cl[2212],clsize),rep(cl[2213],clsize),rep(cl[2214],clsize),rep(cl[2215],clsize),rep(cl[2216],clsize),rep(cl[2217],clsize),re
p(cl[2218],clsize),rep(cl[2219],clsize),rep(cl[2220],clsize), 
rep(cl[2221],clsize),rep(cl[2222],clsize),rep(cl[2223],clsize),rep(cl[2224],clsize),rep(cl[2225],clsize),rep(cl[2226],clsize),rep(cl[2227],clsize),re
p(cl[2228],clsize),rep(cl[2229],clsize),rep(cl[2230],clsize), 
rep(cl[2231],clsize),rep(cl[2232],clsize),rep(cl[2233],clsize),rep(cl[2234],clsize),rep(cl[2235],clsize),rep(cl[2236],clsize),rep(cl[2237],clsize),re
p(cl[2238],clsize),rep(cl[2239],clsize),rep(cl[2240],clsize), 
rep(cl[2241],clsize),rep(cl[2242],clsize),rep(cl[2243],clsize),rep(cl[2244],clsize),rep(cl[2245],clsize),rep(cl[2246],clsize),rep(cl[2247],clsize),re
p(cl[2248],clsize),rep(cl[2249],clsize),rep(cl[2250],clsize), 
rep(cl[2251],clsize),rep(cl[2252],clsize),rep(cl[2253],clsize),rep(cl[2254],clsize),rep(cl[2255],clsize),rep(cl[2256],clsize),rep(cl[2257],clsize),re
p(cl[2258],clsize),rep(cl[2259],clsize),rep(cl[2260],clsize), 
rep(cl[2261],clsize),rep(cl[2262],clsize),rep(cl[2263],clsize),rep(cl[2264],clsize),rep(cl[2265],clsize),rep(cl[2266],clsize),rep(cl[2267],clsize),re
p(cl[2268],clsize),rep(cl[2269],clsize),rep(cl[2270],clsize), 
rep(cl[2271],clsize),rep(cl[2272],clsize),rep(cl[2273],clsize),rep(cl[2274],clsize),rep(cl[2275],clsize),rep(cl[2276],clsize),rep(cl[2277],clsize),re
p(cl[2278],clsize),rep(cl[2279],clsize),rep(cl[2280],clsize), 
rep(cl[2281],clsize),rep(cl[2282],clsize),rep(cl[2283],clsize),rep(cl[2284],clsize),rep(cl[2285],clsize),rep(cl[2286],clsize),rep(cl[2287],clsize),re
p(cl[2288],clsize),rep(cl[2289],clsize),rep(cl[2290],clsize), 
rep(cl[2291],clsize),rep(cl[2292],clsize),rep(cl[2293],clsize),rep(cl[2294],clsize),rep(cl[2295],clsize),rep(cl[2296],clsize),rep(cl[2297],clsize),re
p(cl[2298],clsize),rep(cl[2299],clsize),rep(cl[2300],clsize), 
 
rep(cl[2301],clsize),rep(cl[2302],clsize),rep(cl[2303],clsize),rep(cl[2304],clsize),rep(cl[2305],clsize),rep(cl[2306],clsize),rep(cl[2307],clsize),re
p(cl[2308],clsize),rep(cl[2309],clsize),rep(cl[2310],clsize), 
rep(cl[2311],clsize),rep(cl[2312],clsize),rep(cl[2313],clsize),rep(cl[2314],clsize),rep(cl[2315],clsize),rep(cl[2316],clsize),rep(cl[2317],clsize),re
p(cl[2318],clsize),rep(cl[2319],clsize),rep(cl[2320],clsize), 
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rep(cl[2321],clsize),rep(cl[2322],clsize),rep(cl[2323],clsize),rep(cl[2324],clsize),rep(cl[2325],clsize),rep(cl[2326],clsize),rep(cl[2327],clsize),re
p(cl[2328],clsize),rep(cl[2329],clsize),rep(cl[2330],clsize), 
rep(cl[2331],clsize),rep(cl[2332],clsize),rep(cl[2333],clsize),rep(cl[2334],clsize),rep(cl[2335],clsize),rep(cl[2336],clsize),rep(cl[2337],clsize),re
p(cl[2338],clsize),rep(cl[2339],clsize),rep(cl[2340],clsize), 
rep(cl[2341],clsize),rep(cl[2342],clsize),rep(cl[2343],clsize),rep(cl[2344],clsize),rep(cl[2345],clsize),rep(cl[2346],clsize),rep(cl[2347],clsize),re
p(cl[2348],clsize),rep(cl[2349],clsize),rep(cl[2350],clsize), 
rep(cl[2351],clsize),rep(cl[2352],clsize),rep(cl[2353],clsize),rep(cl[2354],clsize),rep(cl[2355],clsize),rep(cl[2356],clsize),rep(cl[2357],clsize),re
p(cl[2358],clsize),rep(cl[2359],clsize),rep(cl[2360],clsize), 
rep(cl[2361],clsize),rep(cl[2362],clsize),rep(cl[2363],clsize),rep(cl[2364],clsize),rep(cl[2365],clsize),rep(cl[2366],clsize),rep(cl[2367],clsize),re
p(cl[2368],clsize),rep(cl[2369],clsize),rep(cl[2370],clsize), 
rep(cl[2371],clsize),rep(cl[2372],clsize),rep(cl[2373],clsize),rep(cl[2374],clsize),rep(cl[2375],clsize),rep(cl[2376],clsize),rep(cl[2377],clsize),re
p(cl[2378],clsize),rep(cl[2379],clsize),rep(cl[2380],clsize), 
rep(cl[2381],clsize),rep(cl[2382],clsize),rep(cl[2383],clsize),rep(cl[2384],clsize),rep(cl[2385],clsize),rep(cl[2386],clsize),rep(cl[2387],clsize),re
p(cl[2388],clsize),rep(cl[2389],clsize),rep(cl[2390],clsize), 
rep(cl[2391],clsize),rep(cl[2392],clsize),rep(cl[2393],clsize),rep(cl[2394],clsize),rep(cl[2395],clsize),rep(cl[2396],clsize),rep(cl[2397],clsize),re
p(cl[2398],clsize),rep(cl[2399],clsize),rep(cl[2400],clsize), 
 
rep(cl[2401],clsize),rep(cl[2402],clsize),rep(cl[2403],clsize),rep(cl[2404],clsize),rep(cl[2405],clsize),rep(cl[2406],clsize),rep(cl[2407],clsize),re
p(cl[2408],clsize),rep(cl[2409],clsize),rep(cl[2410],clsize), 
rep(cl[2411],clsize),rep(cl[2412],clsize),rep(cl[2413],clsize),rep(cl[2414],clsize),rep(cl[2415],clsize),rep(cl[2416],clsize),rep(cl[2417],clsize),re
p(cl[2418],clsize),rep(cl[2419],clsize),rep(cl[2420],clsize), 
rep(cl[2421],clsize),rep(cl[2422],clsize),rep(cl[2423],clsize),rep(cl[2424],clsize),rep(cl[2425],clsize),rep(cl[2426],clsize),rep(cl[2427],clsize),re
p(cl[2428],clsize),rep(cl[2429],clsize),rep(cl[2430],clsize), 
rep(cl[2431],clsize),rep(cl[2432],clsize),rep(cl[2433],clsize),rep(cl[2434],clsize),rep(cl[2435],clsize),rep(cl[2436],clsize),rep(cl[2437],clsize),re
p(cl[2438],clsize),rep(cl[2439],clsize),rep(cl[2440],clsize), 
rep(cl[2441],clsize),rep(cl[2442],clsize),rep(cl[2443],clsize),rep(cl[2444],clsize),rep(cl[2445],clsize),rep(cl[2446],clsize),rep(cl[2447],clsize),re
p(cl[2448],clsize),rep(cl[2449],clsize),rep(cl[2450],clsize), 
rep(cl[2451],clsize),rep(cl[2452],clsize),rep(cl[2453],clsize),rep(cl[2454],clsize),rep(cl[2455],clsize),rep(cl[2456],clsize),rep(cl[2457],clsize),re
p(cl[2458],clsize),rep(cl[2459],clsize),rep(cl[2460],clsize), 
rep(cl[2461],clsize),rep(cl[2462],clsize),rep(cl[2463],clsize),rep(cl[2464],clsize),rep(cl[2465],clsize),rep(cl[2466],clsize),rep(cl[2467],clsize),re
p(cl[2468],clsize),rep(cl[2469],clsize),rep(cl[2470],clsize), 
rep(cl[2471],clsize),rep(cl[2472],clsize),rep(cl[2473],clsize),rep(cl[2474],clsize),rep(cl[2475],clsize),rep(cl[2476],clsize),rep(cl[2477],clsize),re
p(cl[2478],clsize),rep(cl[2479],clsize),rep(cl[2480],clsize), 
rep(cl[2481],clsize),rep(cl[2482],clsize),rep(cl[2483],clsize),rep(cl[2484],clsize),rep(cl[2485],clsize),rep(cl[2486],clsize),rep(cl[2487],clsize),re
p(cl[2488],clsize),rep(cl[2489],clsize),rep(cl[2490],clsize), 
rep(cl[2491],clsize),rep(cl[2492],clsize),rep(cl[2493],clsize),rep(cl[2494],clsize),rep(cl[2495],clsize),rep(cl[2496],clsize),rep(cl[2497],clsize),re
p(cl[2498],clsize),rep(cl[2499],clsize),rep(cl[2500],clsize), 
 
rep(cl[2501],clsize),rep(cl[2502],clsize),rep(cl[2503],clsize),rep(cl[2504],clsize),rep(cl[2505],clsize),rep(cl[2506],clsize),rep(cl[2507],clsize),re
p(cl[2508],clsize),rep(cl[2509],clsize),rep(cl[2510],clsize), 
rep(cl[2511],clsize),rep(cl[2512],clsize),rep(cl[2513],clsize),rep(cl[2514],clsize),rep(cl[2515],clsize),rep(cl[2516],clsize),rep(cl[2517],clsize),re
p(cl[2518],clsize),rep(cl[2519],clsize),rep(cl[2520],clsize), 
rep(cl[2521],clsize),rep(cl[2522],clsize),rep(cl[2523],clsize),rep(cl[2524],clsize),rep(cl[2525],clsize),rep(cl[2526],clsize),rep(cl[2527],clsize),re
p(cl[2528],clsize),rep(cl[2529],clsize),rep(cl[2530],clsize), 
rep(cl[2531],clsize),rep(cl[2532],clsize),rep(cl[2533],clsize),rep(cl[2534],clsize),rep(cl[2535],clsize),rep(cl[2536],clsize),rep(cl[2537],clsize),re
p(cl[2538],clsize),rep(cl[2539],clsize),rep(cl[2540],clsize), 
rep(cl[2541],clsize),rep(cl[2542],clsize),rep(cl[2543],clsize),rep(cl[2544],clsize),rep(cl[2545],clsize),rep(cl[2546],clsize),rep(cl[2547],clsize),re
p(cl[2548],clsize),rep(cl[2549],clsize),rep(cl[2550],clsize), 
rep(cl[2551],clsize),rep(cl[2552],clsize),rep(cl[2553],clsize),rep(cl[2554],clsize),rep(cl[2555],clsize),rep(cl[2556],clsize),rep(cl[2557],clsize),re
p(cl[2558],clsize),rep(cl[2559],clsize),rep(cl[2560],clsize), 
rep(cl[2561],clsize),rep(cl[2562],clsize),rep(cl[2563],clsize),rep(cl[2564],clsize),rep(cl[2565],clsize),rep(cl[2566],clsize),rep(cl[2567],clsize),re
p(cl[2568],clsize),rep(cl[2569],clsize),rep(cl[2570],clsize), 
rep(cl[2571],clsize),rep(cl[2572],clsize),rep(cl[2573],clsize),rep(cl[2574],clsize),rep(cl[2575],clsize),rep(cl[2576],clsize),rep(cl[2577],clsize),re
p(cl[2578],clsize),rep(cl[2579],clsize),rep(cl[2580],clsize), 
rep(cl[2581],clsize),rep(cl[2582],clsize),rep(cl[2583],clsize),rep(cl[2584],clsize),rep(cl[2585],clsize),rep(cl[2586],clsize),rep(cl[2587],clsize),re
p(cl[2588],clsize),rep(cl[2589],clsize),rep(cl[2590],clsize), 
rep(cl[2591],clsize),rep(cl[2592],clsize),rep(cl[2593],clsize),rep(cl[2594],clsize),rep(cl[2595],clsize),rep(cl[2596],clsize),rep(cl[2597],clsize),re
p(cl[2598],clsize),rep(cl[2599],clsize),rep(cl[2600],clsize), 
 
rep(cl[2601],clsize),rep(cl[2602],clsize),rep(cl[2603],clsize),rep(cl[2604],clsize),rep(cl[2605],clsize),rep(cl[2606],clsize),rep(cl[2607],clsize),re
p(cl[2608],clsize),rep(cl[2609],clsize),rep(cl[2610],clsize), 
rep(cl[2611],clsize),rep(cl[2612],clsize),rep(cl[2613],clsize),rep(cl[2614],clsize),rep(cl[2615],clsize),rep(cl[2616],clsize),rep(cl[2617],clsize),re
p(cl[2618],clsize),rep(cl[2619],clsize),rep(cl[2620],clsize), 
rep(cl[2621],clsize),rep(cl[2622],clsize),rep(cl[2623],clsize),rep(cl[2624],clsize),rep(cl[2625],clsize),rep(cl[2626],clsize),rep(cl[2627],clsize),re
p(cl[2628],clsize),rep(cl[2629],clsize),rep(cl[2630],clsize), 
rep(cl[2631],clsize),rep(cl[2632],clsize),rep(cl[2633],clsize),rep(cl[2634],clsize),rep(cl[2635],clsize),rep(cl[2636],clsize),rep(cl[2637],clsize),re
p(cl[2638],clsize),rep(cl[2639],clsize),rep(cl[2640],clsize), 
rep(cl[2641],clsize),rep(cl[2642],clsize),rep(cl[2643],clsize),rep(cl[2644],clsize),rep(cl[2645],clsize),rep(cl[2646],clsize),rep(cl[2647],clsize),re
p(cl[2648],clsize),rep(cl[2649],clsize),rep(cl[2650],clsize), 
rep(cl[2651],clsize),rep(cl[2652],clsize),rep(cl[2653],clsize),rep(cl[2654],clsize),rep(cl[2655],clsize),rep(cl[2656],clsize),rep(cl[2657],clsize),re
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p(cl[3418],clsize),rep(cl[3419],clsize),rep(cl[3420],clsize), 
rep(cl[3421],clsize),rep(cl[3422],clsize),rep(cl[3423],clsize),rep(cl[3424],clsize),rep(cl[3425],clsize),rep(cl[3426],clsize),rep(cl[3427],clsize),re
p(cl[3428],clsize),rep(cl[3429],clsize),rep(cl[3430],clsize), 
rep(cl[3431],clsize),rep(cl[3432],clsize),rep(cl[3433],clsize),rep(cl[3434],clsize),rep(cl[3435],clsize),rep(cl[3436],clsize),rep(cl[3437],clsize),re
p(cl[3438],clsize),rep(cl[3439],clsize),rep(cl[3440],clsize), 
rep(cl[3441],clsize),rep(cl[3442],clsize),rep(cl[3443],clsize),rep(cl[3444],clsize),rep(cl[3445],clsize),rep(cl[3446],clsize),rep(cl[3447],clsize),re
p(cl[3448],clsize),rep(cl[3449],clsize),rep(cl[3450],clsize), 
rep(cl[3451],clsize),rep(cl[3452],clsize),rep(cl[3453],clsize),rep(cl[3454],clsize),rep(cl[3455],clsize),rep(cl[3456],clsize),rep(cl[3457],clsize),re
p(cl[3458],clsize),rep(cl[3459],clsize),rep(cl[3460],clsize), 
rep(cl[3461],clsize),rep(cl[3462],clsize),rep(cl[3463],clsize),rep(cl[3464],clsize),rep(cl[3465],clsize),rep(cl[3466],clsize),rep(cl[3467],clsize),re
p(cl[3468],clsize),rep(cl[3469],clsize),rep(cl[3470],clsize), 
rep(cl[3471],clsize),rep(cl[3472],clsize),rep(cl[3473],clsize),rep(cl[3474],clsize),rep(cl[3475],clsize),rep(cl[3476],clsize),rep(cl[3477],clsize),re
p(cl[3478],clsize),rep(cl[3479],clsize),rep(cl[3480],clsize), 
rep(cl[3481],clsize),rep(cl[3482],clsize),rep(cl[3483],clsize),rep(cl[3484],clsize),rep(cl[3485],clsize),rep(cl[3486],clsize),rep(cl[3487],clsize),re
p(cl[3488],clsize),rep(cl[3489],clsize),rep(cl[3490],clsize), 
rep(cl[3491],clsize),rep(cl[3492],clsize),rep(cl[3493],clsize),rep(cl[3494],clsize),rep(cl[3495],clsize),rep(cl[3496],clsize),rep(cl[3497],clsize),re
p(cl[3498],clsize),rep(cl[3499],clsize),rep(cl[3500],clsize), 
 
rep(cl[3501],clsize),rep(cl[3502],clsize),rep(cl[3503],clsize),rep(cl[3504],clsize),rep(cl[3505],clsize),rep(cl[3506],clsize),rep(cl[3507],clsize),re
p(cl[3508],clsize),rep(cl[3509],clsize),rep(cl[3510],clsize), 
rep(cl[3511],clsize),rep(cl[3512],clsize),rep(cl[3513],clsize),rep(cl[3514],clsize),rep(cl[3515],clsize),rep(cl[3516],clsize),rep(cl[3517],clsize),re
p(cl[3518],clsize),rep(cl[3519],clsize),rep(cl[3520],clsize), 
rep(cl[3521],clsize),rep(cl[3522],clsize),rep(cl[3523],clsize),rep(cl[3524],clsize),rep(cl[3525],clsize),rep(cl[3526],clsize),rep(cl[3527],clsize),re
p(cl[3528],clsize),rep(cl[3529],clsize),rep(cl[3530],clsize), 
rep(cl[3531],clsize),rep(cl[3532],clsize),rep(cl[3533],clsize),rep(cl[3534],clsize),rep(cl[3535],clsize),rep(cl[3536],clsize),rep(cl[3537],clsize),re
p(cl[3538],clsize),rep(cl[3539],clsize),rep(cl[3540],clsize), 
rep(cl[3541],clsize),rep(cl[3542],clsize),rep(cl[3543],clsize),rep(cl[3544],clsize),rep(cl[3545],clsize),rep(cl[3546],clsize),rep(cl[3547],clsize),re
p(cl[3548],clsize),rep(cl[3549],clsize),rep(cl[3550],clsize), 
rep(cl[3551],clsize),rep(cl[3552],clsize),rep(cl[3553],clsize),rep(cl[3554],clsize),rep(cl[3555],clsize),rep(cl[3556],clsize),rep(cl[3557],clsize),re
p(cl[3558],clsize),rep(cl[3559],clsize),rep(cl[3560],clsize), 
rep(cl[3561],clsize),rep(cl[3562],clsize),rep(cl[3563],clsize),rep(cl[3564],clsize),rep(cl[3565],clsize),rep(cl[3566],clsize),rep(cl[3567],clsize),re
p(cl[3568],clsize),rep(cl[3569],clsize),rep(cl[3570],clsize), 
rep(cl[3571],clsize),rep(cl[3572],clsize),rep(cl[3573],clsize),rep(cl[3574],clsize),rep(cl[3575],clsize),rep(cl[3576],clsize),rep(cl[3577],clsize),re
p(cl[3578],clsize),rep(cl[3579],clsize),rep(cl[3580],clsize), 
rep(cl[3581],clsize),rep(cl[3582],clsize),rep(cl[3583],clsize),rep(cl[3584],clsize),rep(cl[3585],clsize),rep(cl[3586],clsize),rep(cl[3587],clsize),re
p(cl[3588],clsize),rep(cl[3589],clsize),rep(cl[3590],clsize), 
rep(cl[3591],clsize),rep(cl[3592],clsize),rep(cl[3593],clsize),rep(cl[3594],clsize),rep(cl[3595],clsize),rep(cl[3596],clsize),rep(cl[3597],clsize),re
p(cl[3598],clsize),rep(cl[3599],clsize),rep(cl[3600],clsize), 
 
rep(cl[3601],clsize),rep(cl[3602],clsize),rep(cl[3603],clsize),rep(cl[3604],clsize),rep(cl[3605],clsize),rep(cl[3606],clsize),rep(cl[3607],clsize),re
p(cl[3608],clsize),rep(cl[3609],clsize),rep(cl[3610],clsize), 
rep(cl[3611],clsize),rep(cl[3612],clsize),rep(cl[3613],clsize),rep(cl[3614],clsize),rep(cl[3615],clsize),rep(cl[3616],clsize),rep(cl[3617],clsize),re
p(cl[3618],clsize),rep(cl[3619],clsize),rep(cl[3620],clsize), 
rep(cl[3621],clsize),rep(cl[3622],clsize),rep(cl[3623],clsize),rep(cl[3624],clsize),rep(cl[3625],clsize),rep(cl[3626],clsize),rep(cl[3627],clsize),re
p(cl[3628],clsize),rep(cl[3629],clsize),rep(cl[3630],clsize), 
rep(cl[3631],clsize),rep(cl[3632],clsize),rep(cl[3633],clsize),rep(cl[3634],clsize),rep(cl[3635],clsize),rep(cl[3636],clsize),rep(cl[3637],clsize),re
p(cl[3638],clsize),rep(cl[3639],clsize),rep(cl[3640],clsize), 
rep(cl[3641],clsize),rep(cl[3642],clsize),rep(cl[3643],clsize),rep(cl[3644],clsize),rep(cl[3645],clsize),rep(cl[3646],clsize),rep(cl[3647],clsize),re
p(cl[3648],clsize),rep(cl[3649],clsize),rep(cl[3650],clsize), 
rep(cl[3651],clsize),rep(cl[3652],clsize),rep(cl[3653],clsize),rep(cl[3654],clsize),rep(cl[3655],clsize),rep(cl[3656],clsize),rep(cl[3657],clsize),re
p(cl[3658],clsize),rep(cl[3659],clsize),rep(cl[3660],clsize), 
rep(cl[3661],clsize),rep(cl[3662],clsize),rep(cl[3663],clsize),rep(cl[3664],clsize),rep(cl[3665],clsize),rep(cl[3666],clsize),rep(cl[3667],clsize),re
p(cl[3668],clsize),rep(cl[3669],clsize),rep(cl[3670],clsize), 
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rep(cl[3671],clsize),rep(cl[3672],clsize),rep(cl[3673],clsize),rep(cl[3674],clsize),rep(cl[3675],clsize),rep(cl[3676],clsize),rep(cl[3677],clsize),re
p(cl[3678],clsize),rep(cl[3679],clsize),rep(cl[3680],clsize), 
rep(cl[3681],clsize),rep(cl[3682],clsize),rep(cl[3683],clsize),rep(cl[3684],clsize),rep(cl[3685],clsize),rep(cl[3686],clsize),rep(cl[3687],clsize),re
p(cl[3688],clsize),rep(cl[3689],clsize),rep(cl[3690],clsize), 
rep(cl[3691],clsize),rep(cl[3692],clsize),rep(cl[3693],clsize),rep(cl[3694],clsize),rep(cl[3695],clsize),rep(cl[3696],clsize),rep(cl[3697],clsize),re
p(cl[3698],clsize),rep(cl[3699],clsize),rep(cl[3700],clsize), 
 
rep(cl[3701],clsize),rep(cl[3702],clsize),rep(cl[3703],clsize),rep(cl[3704],clsize),rep(cl[3705],clsize),rep(cl[3706],clsize),rep(cl[3707],clsize),re
p(cl[3708],clsize),rep(cl[3709],clsize),rep(cl[3710],clsize), 
rep(cl[3711],clsize),rep(cl[3712],clsize),rep(cl[3713],clsize),rep(cl[3714],clsize),rep(cl[3715],clsize),rep(cl[3716],clsize),rep(cl[3717],clsize),re
p(cl[3718],clsize),rep(cl[3719],clsize),rep(cl[3720],clsize), 
rep(cl[3721],clsize),rep(cl[3722],clsize),rep(cl[3723],clsize),rep(cl[3724],clsize),rep(cl[3725],clsize),rep(cl[3726],clsize),rep(cl[3727],clsize),re
p(cl[3728],clsize),rep(cl[3729],clsize),rep(cl[3730],clsize), 
rep(cl[3731],clsize),rep(cl[3732],clsize),rep(cl[3733],clsize),rep(cl[3734],clsize),rep(cl[3735],clsize),rep(cl[3736],clsize),rep(cl[3737],clsize),re
p(cl[3738],clsize),rep(cl[3739],clsize),rep(cl[3740],clsize), 
rep(cl[3741],clsize),rep(cl[3742],clsize),rep(cl[3743],clsize),rep(cl[3744],clsize),rep(cl[3745],clsize),rep(cl[3746],clsize),rep(cl[3747],clsize),re
p(cl[3748],clsize),rep(cl[3749],clsize),rep(cl[3750],clsize), 
rep(cl[3751],clsize),rep(cl[3752],clsize),rep(cl[3753],clsize),rep(cl[3754],clsize),rep(cl[3755],clsize),rep(cl[3756],clsize),rep(cl[3757],clsize),re
p(cl[3758],clsize),rep(cl[3759],clsize),rep(cl[3760],clsize), 
rep(cl[3761],clsize),rep(cl[3762],clsize),rep(cl[3763],clsize),rep(cl[3764],clsize),rep(cl[3765],clsize),rep(cl[3766],clsize),rep(cl[3767],clsize),re
p(cl[3768],clsize),rep(cl[3769],clsize),rep(cl[3770],clsize), 
rep(cl[3771],clsize),rep(cl[3772],clsize),rep(cl[3773],clsize),rep(cl[3774],clsize),rep(cl[3775],clsize),rep(cl[3776],clsize),rep(cl[3777],clsize),re
p(cl[3778],clsize),rep(cl[3779],clsize),rep(cl[3780],clsize), 
rep(cl[3781],clsize),rep(cl[3782],clsize),rep(cl[3783],clsize),rep(cl[3784],clsize),rep(cl[3785],clsize),rep(cl[3786],clsize),rep(cl[3787],clsize),re
p(cl[3788],clsize),rep(cl[3789],clsize),rep(cl[3790],clsize), 
rep(cl[3791],clsize),rep(cl[3792],clsize),rep(cl[3793],clsize),rep(cl[3794],clsize),rep(cl[3795],clsize),rep(cl[3796],clsize),rep(cl[3797],clsize),re
p(cl[3798],clsize),rep(cl[3799],clsize),rep(cl[3800],clsize), 
 
rep(cl[3801],clsize),rep(cl[3802],clsize),rep(cl[3803],clsize),rep(cl[3804],clsize),rep(cl[3805],clsize),rep(cl[3806],clsize),rep(cl[3807],clsize),re
p(cl[3808],clsize),rep(cl[3809],clsize),rep(cl[3810],clsize), 
rep(cl[3811],clsize),rep(cl[3812],clsize),rep(cl[3813],clsize),rep(cl[3814],clsize),rep(cl[3815],clsize),rep(cl[3816],clsize),rep(cl[3817],clsize),re
p(cl[3818],clsize),rep(cl[3819],clsize),rep(cl[3820],clsize), 
rep(cl[3821],clsize),rep(cl[3822],clsize),rep(cl[3823],clsize),rep(cl[3824],clsize),rep(cl[3825],clsize),rep(cl[3826],clsize),rep(cl[3827],clsize),re
p(cl[3828],clsize),rep(cl[3829],clsize),rep(cl[3830],clsize), 
rep(cl[3831],clsize),rep(cl[3832],clsize),rep(cl[3833],clsize),rep(cl[3834],clsize),rep(cl[3835],clsize),rep(cl[3836],clsize),rep(cl[3837],clsize),re
p(cl[3838],clsize),rep(cl[3839],clsize),rep(cl[3840],clsize), 
rep(cl[3841],clsize),rep(cl[3842],clsize),rep(cl[3843],clsize),rep(cl[3844],clsize),rep(cl[3845],clsize),rep(cl[3846],clsize),rep(cl[3847],clsize),re
p(cl[3848],clsize),rep(cl[3849],clsize),rep(cl[3850],clsize), 
rep(cl[3851],clsize),rep(cl[3852],clsize),rep(cl[3853],clsize),rep(cl[3854],clsize),rep(cl[3855],clsize),rep(cl[3856],clsize),rep(cl[3857],clsize),re
p(cl[3858],clsize),rep(cl[3859],clsize),rep(cl[3860],clsize), 
rep(cl[3861],clsize),rep(cl[3862],clsize),rep(cl[3863],clsize),rep(cl[3864],clsize),rep(cl[3865],clsize),rep(cl[3866],clsize),rep(cl[3867],clsize),re
p(cl[3868],clsize),rep(cl[3869],clsize),rep(cl[3870],clsize), 
rep(cl[3871],clsize),rep(cl[3872],clsize),rep(cl[3873],clsize),rep(cl[3874],clsize),rep(cl[3875],clsize),rep(cl[3876],clsize),rep(cl[3877],clsize),re
p(cl[3878],clsize),rep(cl[3879],clsize),rep(cl[3880],clsize), 
rep(cl[3881],clsize),rep(cl[3882],clsize),rep(cl[3883],clsize),rep(cl[3884],clsize),rep(cl[3885],clsize),rep(cl[3886],clsize),rep(cl[3887],clsize),re
p(cl[3888],clsize),rep(cl[3889],clsize),rep(cl[3890],clsize), 
rep(cl[3891],clsize),rep(cl[3892],clsize),rep(cl[3893],clsize),rep(cl[3894],clsize),rep(cl[3895],clsize),rep(cl[3896],clsize),rep(cl[3897],clsize),re
p(cl[3898],clsize),rep(cl[3899],clsize),rep(cl[3900],clsize), 
 
rep(cl[3901],clsize),rep(cl[3902],clsize),rep(cl[3903],clsize),rep(cl[3904],clsize),rep(cl[3905],clsize),rep(cl[3906],clsize),rep(cl[3907],clsize),re
p(cl[3908],clsize),rep(cl[3909],clsize),rep(cl[3910],clsize), 
rep(cl[3911],clsize),rep(cl[3912],clsize),rep(cl[3913],clsize),rep(cl[3914],clsize),rep(cl[3915],clsize),rep(cl[3916],clsize),rep(cl[3917],clsize),re
p(cl[3918],clsize),rep(cl[3919],clsize),rep(cl[3920],clsize), 
rep(cl[3921],clsize),rep(cl[3922],clsize),rep(cl[3923],clsize),rep(cl[3924],clsize),rep(cl[3925],clsize),rep(cl[3926],clsize),rep(cl[3927],clsize),re
p(cl[3928],clsize),rep(cl[3929],clsize),rep(cl[3930],clsize), 
rep(cl[3931],clsize),rep(cl[3932],clsize),rep(cl[3933],clsize),rep(cl[3934],clsize),rep(cl[3935],clsize),rep(cl[3936],clsize),rep(cl[3937],clsize),re
p(cl[3938],clsize),rep(cl[3939],clsize),rep(cl[3940],clsize), 
rep(cl[3941],clsize),rep(cl[3942],clsize),rep(cl[3943],clsize),rep(cl[3944],clsize),rep(cl[3945],clsize),rep(cl[3946],clsize),rep(cl[3947],clsize),re
p(cl[3948],clsize),rep(cl[3949],clsize),rep(cl[3950],clsize), 
rep(cl[3951],clsize),rep(cl[3952],clsize),rep(cl[3953],clsize),rep(cl[3954],clsize),rep(cl[3955],clsize),rep(cl[3956],clsize),rep(cl[3957],clsize),re
p(cl[3958],clsize),rep(cl[3959],clsize),rep(cl[3960],clsize), 
rep(cl[3961],clsize),rep(cl[3962],clsize),rep(cl[3963],clsize),rep(cl[3964],clsize),rep(cl[3965],clsize),rep(cl[3966],clsize),rep(cl[3967],clsize),re
p(cl[3968],clsize),rep(cl[3969],clsize),rep(cl[3970],clsize), 
rep(cl[3971],clsize),rep(cl[3972],clsize),rep(cl[3973],clsize),rep(cl[3974],clsize),rep(cl[3975],clsize),rep(cl[3976],clsize),rep(cl[3977],clsize),re
p(cl[3978],clsize),rep(cl[3979],clsize),rep(cl[3980],clsize), 
rep(cl[3981],clsize),rep(cl[3982],clsize),rep(cl[3983],clsize),rep(cl[3984],clsize),rep(cl[3985],clsize),rep(cl[3986],clsize),rep(cl[3987],clsize),re
p(cl[3988],clsize),rep(cl[3989],clsize),rep(cl[3990],clsize), 
rep(cl[3991],clsize),rep(cl[3992],clsize),rep(cl[3993],clsize),rep(cl[3994],clsize),rep(cl[3995],clsize),rep(cl[3996],clsize),rep(cl[3997],clsize),re
p(cl[3998],clsize),rep(cl[3999],clsize),rep(cl[4000],clsize) 
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) 
 
x<- mu + v_j + e_ij 
 
cl_id <- 
c(rep('1',clsize),rep('2',clsize),rep('3',clsize),rep('4',clsize),rep('5',clsize),rep('6',clsize),rep('7',clsize),rep('8',clsize),rep('9',clsize),rep('10',clsiz
e), 
rep('11',clsize),rep('12',clsize),rep('13',clsize),rep('14',clsize),rep('15',clsize),rep('16',clsize),rep('17',clsize),rep('18',clsize),rep('19',clsize),rep
('20',clsize), 
rep('21',clsize),rep('22',clsize),rep('23',clsize),rep('24',clsize),rep('25',clsize),rep('26',clsize),rep('27',clsize),rep('28',clsize),rep('29',clsize),rep
('30',clsize), 
rep('31',clsize),rep('32',clsize),rep('33',clsize),rep('34',clsize),rep('35',clsize),rep('36',clsize),rep('37',clsize),rep('38',clsize),rep('39',clsize),rep
('40',clsize), 
rep('41',clsize),rep('42',clsize),rep('43',clsize),rep('44',clsize),rep('45',clsize),rep('46',clsize),rep('47',clsize),rep('48',clsize),rep('49',clsize),rep
('50',clsize), 
rep('51',clsize),rep('52',clsize),rep('53',clsize),rep('54',clsize),rep('55',clsize),rep('56',clsize),rep('57',clsize),rep('58',clsize),rep('59',clsize),rep
('60',clsize), 
rep('61',clsize),rep('62',clsize),rep('63',clsize),rep('64',clsize),rep('65',clsize),rep('66',clsize),rep('67',clsize),rep('68',clsize),rep('69',clsize),rep
('70',clsize), 
rep('71',clsize),rep('72',clsize),rep('73',clsize),rep('74',clsize),rep('75',clsize),rep('76',clsize),rep('77',clsize),rep('78',clsize),rep('79',clsize),rep
('80',clsize), 
rep('81',clsize),rep('82',clsize),rep('83',clsize),rep('84',clsize),rep('85',clsize),rep('86',clsize),rep('87',clsize),rep('88',clsize),rep('89',clsize),rep
('90',clsize), 
rep('91',clsize),rep('92',clsize),rep('93',clsize),rep('94',clsize),rep('95',clsize),rep('96',clsize),rep('97',clsize),rep('98',clsize),rep('99',clsize),rep
('100',clsize), 
 
rep('101',clsize),rep('102',clsize),rep('103',clsize),rep('104',clsize),rep('105',clsize),rep('106',clsize),rep('107',clsize),rep('108',clsize),rep('109
',clsize),rep('110',clsize), 
rep('111',clsize),rep('112',clsize),rep('113',clsize),rep('114',clsize),rep('115',clsize),rep('116',clsize),rep('117',clsize),rep('118',clsize),rep('119
',clsize),rep('120',clsize), 
rep('121',clsize),rep('122',clsize),rep('123',clsize),rep('124',clsize),rep('125',clsize),rep('126',clsize),rep('127',clsize),rep('128',clsize),rep('129
',clsize),rep('130',clsize), 
rep('131',clsize),rep('132',clsize),rep('133',clsize),rep('134',clsize),rep('135',clsize),rep('136',clsize),rep('137',clsize),rep('138',clsize),rep('139
',clsize),rep('140',clsize), 
rep('141',clsize),rep('142',clsize),rep('143',clsize),rep('144',clsize),rep('145',clsize),rep('146',clsize),rep('147',clsize),rep('148',clsize),rep('149
',clsize),rep('150',clsize), 
rep('151',clsize),rep('152',clsize),rep('153',clsize),rep('154',clsize),rep('155',clsize),rep('156',clsize),rep('157',clsize),rep('158',clsize),rep('159
',clsize),rep('160',clsize), 
rep('161',clsize),rep('162',clsize),rep('163',clsize),rep('164',clsize),rep('165',clsize),rep('166',clsize),rep('167',clsize),rep('168',clsize),rep('169
',clsize),rep('170',clsize), 
rep('171',clsize),rep('172',clsize),rep('173',clsize),rep('174',clsize),rep('175',clsize),rep('176',clsize),rep('177',clsize),rep('178',clsize),rep('179
',clsize),rep('180',clsize), 
rep('181',clsize),rep('182',clsize),rep('183',clsize),rep('184',clsize),rep('185',clsize),rep('186',clsize),rep('187',clsize),rep('188',clsize),rep('189
',clsize),rep('190',clsize), 
rep('191',clsize),rep('192',clsize),rep('193',clsize),rep('194',clsize),rep('195',clsize),rep('196',clsize),rep('197',clsize),rep('198',clsize),rep('199
',clsize),rep('200',clsize), 
 
rep('201',clsize),rep('202',clsize),rep('203',clsize),rep('204',clsize),rep('205',clsize),rep('206',clsize),rep('207',clsize),rep('208',clsize),rep('209
',clsize),rep('210',clsize), 
rep('211',clsize),rep('212',clsize),rep('213',clsize),rep('214',clsize),rep('215',clsize),rep('216',clsize),rep('217',clsize),rep('218',clsize),rep('219
',clsize),rep('220',clsize), 
rep('221',clsize),rep('222',clsize),rep('223',clsize),rep('224',clsize),rep('225',clsize),rep('226',clsize),rep('227',clsize),rep('228',clsize),rep('229
',clsize),rep('230',clsize), 
rep('231',clsize),rep('232',clsize),rep('233',clsize),rep('234',clsize),rep('235',clsize),rep('236',clsize),rep('237',clsize),rep('238',clsize),rep('239
',clsize),rep('240',clsize), 
rep('241',clsize),rep('242',clsize),rep('243',clsize),rep('244',clsize),rep('245',clsize),rep('246',clsize),rep('247',clsize),rep('248',clsize),rep('249
',clsize),rep('250',clsize), 
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rep('1281',clsize),rep('1282',clsize),rep('1283',clsize),rep('1284',clsize),rep('1285',clsize),rep('1286',clsize),rep('1287',clsize),rep('1288',clsize
),rep('1289',clsize),rep('1290',clsize), 
rep('1291',clsize),rep('1292',clsize),rep('1293',clsize),rep('1294',clsize),rep('1295',clsize),rep('1296',clsize),rep('1297',clsize),rep('1298',clsize
),rep('1299',clsize),rep('1300',clsize), 
 
rep('1301',clsize),rep('1302',clsize),rep('1303',clsize),rep('1304',clsize),rep('1305',clsize),rep('1306',clsize),rep('1307',clsize),rep('1308',clsize
),rep('1309',clsize),rep('1310',clsize), 
rep('1311',clsize),rep('1312',clsize),rep('1313',clsize),rep('1314',clsize),rep('1315',clsize),rep('1316',clsize),rep('1317',clsize),rep('1318',clsize
),rep('1319',clsize),rep('1320',clsize), 
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rep('1321',clsize),rep('1322',clsize),rep('1323',clsize),rep('1324',clsize),rep('1325',clsize),rep('1326',clsize),rep('1327',clsize),rep('1328',clsize
),rep('1329',clsize),rep('1330',clsize), 
rep('1331',clsize),rep('1332',clsize),rep('1333',clsize),rep('1334',clsize),rep('1335',clsize),rep('1336',clsize),rep('1337',clsize),rep('1338',clsize
),rep('1339',clsize),rep('1340',clsize), 
rep('1341',clsize),rep('1342',clsize),rep('1343',clsize),rep('1344',clsize),rep('1345',clsize),rep('1346',clsize),rep('1347',clsize),rep('1348',clsize
),rep('1349',clsize),rep('1350',clsize), 
rep('1351',clsize),rep('1352',clsize),rep('1353',clsize),rep('1354',clsize),rep('1355',clsize),rep('1356',clsize),rep('1357',clsize),rep('1358',clsize
),rep('1359',clsize),rep('1360',clsize), 
rep('1361',clsize),rep('1362',clsize),rep('1363',clsize),rep('1364',clsize),rep('1365',clsize),rep('1366',clsize),rep('1367',clsize),rep('1368',clsize
),rep('1369',clsize),rep('1370',clsize), 
rep('1371',clsize),rep('1372',clsize),rep('1373',clsize),rep('1374',clsize),rep('1375',clsize),rep('1376',clsize),rep('1377',clsize),rep('1378',clsize
),rep('1379',clsize),rep('1380',clsize), 
rep('1381',clsize),rep('1382',clsize),rep('1383',clsize),rep('1384',clsize),rep('1385',clsize),rep('1386',clsize),rep('1387',clsize),rep('1388',clsize
),rep('1389',clsize),rep('1390',clsize), 
rep('1391',clsize),rep('1392',clsize),rep('1393',clsize),rep('1394',clsize),rep('1395',clsize),rep('1396',clsize),rep('1397',clsize),rep('1398',clsize
),rep('1399',clsize),rep('1400',clsize), 
 
rep('1401',clsize),rep('1402',clsize),rep('1403',clsize),rep('1404',clsize),rep('1405',clsize),rep('1406',clsize),rep('1407',clsize),rep('1408',clsize
),rep('1409',clsize),rep('1410',clsize), 
rep('1411',clsize),rep('1412',clsize),rep('1413',clsize),rep('1414',clsize),rep('1415',clsize),rep('1416',clsize),rep('1417',clsize),rep('1418',clsize
),rep('1419',clsize),rep('1420',clsize), 
rep('1421',clsize),rep('1422',clsize),rep('1423',clsize),rep('1424',clsize),rep('1425',clsize),rep('1426',clsize),rep('1427',clsize),rep('1428',clsize
),rep('1429',clsize),rep('1430',clsize), 
rep('1431',clsize),rep('1432',clsize),rep('1433',clsize),rep('1434',clsize),rep('1435',clsize),rep('1436',clsize),rep('1437',clsize),rep('1438',clsize
),rep('1439',clsize),rep('1440',clsize), 
rep('1441',clsize),rep('1442',clsize),rep('1443',clsize),rep('1444',clsize),rep('1445',clsize),rep('1446',clsize),rep('1447',clsize),rep('1448',clsize
),rep('1449',clsize),rep('1450',clsize), 
rep('1451',clsize),rep('1452',clsize),rep('1453',clsize),rep('1454',clsize),rep('1455',clsize),rep('1456',clsize),rep('1457',clsize),rep('1458',clsize
),rep('1459',clsize),rep('1460',clsize), 
rep('1461',clsize),rep('1462',clsize),rep('1463',clsize),rep('1464',clsize),rep('1465',clsize),rep('1466',clsize),rep('1467',clsize),rep('1468',clsize
),rep('1469',clsize),rep('1470',clsize), 
rep('1471',clsize),rep('1472',clsize),rep('1473',clsize),rep('1474',clsize),rep('1475',clsize),rep('1476',clsize),rep('1477',clsize),rep('1478',clsize
),rep('1479',clsize),rep('1480',clsize), 
rep('1481',clsize),rep('1482',clsize),rep('1483',clsize),rep('1484',clsize),rep('1485',clsize),rep('1486',clsize),rep('1487',clsize),rep('1488',clsize
),rep('1489',clsize),rep('1490',clsize), 
rep('1491',clsize),rep('1492',clsize),rep('1493',clsize),rep('1494',clsize),rep('1495',clsize),rep('1496',clsize),rep('1497',clsize),rep('1498',clsize
),rep('1499',clsize),rep('1500',clsize), 
 
rep('1501',clsize),rep('1502',clsize),rep('1503',clsize),rep('1504',clsize),rep('1505',clsize),rep('1506',clsize),rep('1507',clsize),rep('1508',clsize
),rep('1509',clsize),rep('1510',clsize), 
rep('1511',clsize),rep('1512',clsize),rep('1513',clsize),rep('1514',clsize),rep('1515',clsize),rep('1516',clsize),rep('1517',clsize),rep('1518',clsize
),rep('1519',clsize),rep('1520',clsize), 
rep('1521',clsize),rep('1522',clsize),rep('1523',clsize),rep('1524',clsize),rep('1525',clsize),rep('1526',clsize),rep('1527',clsize),rep('1528',clsize
),rep('1529',clsize),rep('1530',clsize), 
rep('1531',clsize),rep('1532',clsize),rep('1533',clsize),rep('1534',clsize),rep('1535',clsize),rep('1536',clsize),rep('1537',clsize),rep('1538',clsize
),rep('1539',clsize),rep('1540',clsize), 
rep('1541',clsize),rep('1542',clsize),rep('1543',clsize),rep('1544',clsize),rep('1545',clsize),rep('1546',clsize),rep('1547',clsize),rep('1548',clsize
),rep('1549',clsize),rep('1550',clsize), 
rep('1551',clsize),rep('1552',clsize),rep('1553',clsize),rep('1554',clsize),rep('1555',clsize),rep('1556',clsize),rep('1557',clsize),rep('1558',clsize
),rep('1559',clsize),rep('1560',clsize), 
rep('1561',clsize),rep('1562',clsize),rep('1563',clsize),rep('1564',clsize),rep('1565',clsize),rep('1566',clsize),rep('1567',clsize),rep('1568',clsize
),rep('1569',clsize),rep('1570',clsize), 
rep('1571',clsize),rep('1572',clsize),rep('1573',clsize),rep('1574',clsize),rep('1575',clsize),rep('1576',clsize),rep('1577',clsize),rep('1578',clsize
),rep('1579',clsize),rep('1580',clsize), 
rep('1581',clsize),rep('1582',clsize),rep('1583',clsize),rep('1584',clsize),rep('1585',clsize),rep('1586',clsize),rep('1587',clsize),rep('1588',clsize
),rep('1589',clsize),rep('1590',clsize), 
rep('1591',clsize),rep('1592',clsize),rep('1593',clsize),rep('1594',clsize),rep('1595',clsize),rep('1596',clsize),rep('1597',clsize),rep('1598',clsize
),rep('1599',clsize),rep('1600',clsize), 
 
rep('1601',clsize),rep('1602',clsize),rep('1603',clsize),rep('1604',clsize),rep('1605',clsize),rep('1606',clsize),rep('1607',clsize),rep('1608',clsize
),rep('1609',clsize),rep('1610',clsize), 
rep('1611',clsize),rep('1612',clsize),rep('1613',clsize),rep('1614',clsize),rep('1615',clsize),rep('1616',clsize),rep('1617',clsize),rep('1618',clsize
),rep('1619',clsize),rep('1620',clsize), 
rep('1621',clsize),rep('1622',clsize),rep('1623',clsize),rep('1624',clsize),rep('1625',clsize),rep('1626',clsize),rep('1627',clsize),rep('1628',clsize
),rep('1629',clsize),rep('1630',clsize), 
rep('1631',clsize),rep('1632',clsize),rep('1633',clsize),rep('1634',clsize),rep('1635',clsize),rep('1636',clsize),rep('1637',clsize),rep('1638',clsize
),rep('1639',clsize),rep('1640',clsize), 
rep('1641',clsize),rep('1642',clsize),rep('1643',clsize),rep('1644',clsize),rep('1645',clsize),rep('1646',clsize),rep('1647',clsize),rep('1648',clsize
),rep('1649',clsize),rep('1650',clsize), 
rep('1651',clsize),rep('1652',clsize),rep('1653',clsize),rep('1654',clsize),rep('1655',clsize),rep('1656',clsize),rep('1657',clsize),rep('1658',clsize
),rep('1659',clsize),rep('1660',clsize), 
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rep('1661',clsize),rep('1662',clsize),rep('1663',clsize),rep('1664',clsize),rep('1665',clsize),rep('1666',clsize),rep('1667',clsize),rep('1668',clsize
),rep('1669',clsize),rep('1670',clsize), 
rep('1671',clsize),rep('1672',clsize),rep('1673',clsize),rep('1674',clsize),rep('1675',clsize),rep('1676',clsize),rep('1677',clsize),rep('1678',clsize
),rep('1679',clsize),rep('1680',clsize), 
rep('1681',clsize),rep('1682',clsize),rep('1683',clsize),rep('1684',clsize),rep('1685',clsize),rep('1686',clsize),rep('1687',clsize),rep('1688',clsize
),rep('1689',clsize),rep('1690',clsize), 
rep('1691',clsize),rep('1692',clsize),rep('1693',clsize),rep('1694',clsize),rep('1695',clsize),rep('1696',clsize),rep('1697',clsize),rep('1698',clsize
),rep('1699',clsize),rep('1700',clsize), 
 
rep('1701',clsize),rep('1702',clsize),rep('1703',clsize),rep('1704',clsize),rep('1705',clsize),rep('1706',clsize),rep('1707',clsize),rep('1708',clsize
),rep('1709',clsize),rep('1710',clsize), 
rep('1711',clsize),rep('1712',clsize),rep('1713',clsize),rep('1714',clsize),rep('1715',clsize),rep('1716',clsize),rep('1717',clsize),rep('1718',clsize
),rep('1719',clsize),rep('1720',clsize), 
rep('1721',clsize),rep('1722',clsize),rep('1723',clsize),rep('1724',clsize),rep('1725',clsize),rep('1726',clsize),rep('1727',clsize),rep('1728',clsize
),rep('1729',clsize),rep('1730',clsize), 
rep('1731',clsize),rep('1732',clsize),rep('1733',clsize),rep('1734',clsize),rep('1735',clsize),rep('1736',clsize),rep('1737',clsize),rep('1738',clsize
),rep('1739',clsize),rep('1740',clsize), 
rep('1741',clsize),rep('1742',clsize),rep('1743',clsize),rep('1744',clsize),rep('1745',clsize),rep('1746',clsize),rep('1747',clsize),rep('1748',clsize
),rep('1749',clsize),rep('1750',clsize), 
rep('1751',clsize),rep('1752',clsize),rep('1753',clsize),rep('1754',clsize),rep('1755',clsize),rep('1756',clsize),rep('1757',clsize),rep('1758',clsize
),rep('1759',clsize),rep('1760',clsize), 
rep('1761',clsize),rep('1762',clsize),rep('1763',clsize),rep('1764',clsize),rep('1765',clsize),rep('1766',clsize),rep('1767',clsize),rep('1768',clsize
),rep('1769',clsize),rep('1770',clsize), 
rep('1771',clsize),rep('1772',clsize),rep('1773',clsize),rep('1774',clsize),rep('1775',clsize),rep('1776',clsize),rep('1777',clsize),rep('1778',clsize
),rep('1779',clsize),rep('1780',clsize), 
rep('1781',clsize),rep('1782',clsize),rep('1783',clsize),rep('1784',clsize),rep('1785',clsize),rep('1786',clsize),rep('1787',clsize),rep('1788',clsize
),rep('1789',clsize),rep('1790',clsize), 
rep('1791',clsize),rep('1792',clsize),rep('1793',clsize),rep('1794',clsize),rep('1795',clsize),rep('1796',clsize),rep('1797',clsize),rep('1798',clsize
),rep('1799',clsize),rep('1800',clsize), 
 
rep('1801',clsize),rep('1802',clsize),rep('1803',clsize),rep('1804',clsize),rep('1805',clsize),rep('1806',clsize),rep('1807',clsize),rep('1808',clsize
),rep('1809',clsize),rep('1810',clsize), 
rep('1811',clsize),rep('1812',clsize),rep('1813',clsize),rep('1814',clsize),rep('1815',clsize),rep('1816',clsize),rep('1817',clsize),rep('1818',clsize
),rep('1819',clsize),rep('1820',clsize), 
rep('1821',clsize),rep('1822',clsize),rep('1823',clsize),rep('1824',clsize),rep('1825',clsize),rep('1826',clsize),rep('1827',clsize),rep('1828',clsize
),rep('1829',clsize),rep('1830',clsize), 
rep('1831',clsize),rep('1832',clsize),rep('1833',clsize),rep('1834',clsize),rep('1835',clsize),rep('1836',clsize),rep('1837',clsize),rep('1838',clsize
),rep('1839',clsize),rep('1840',clsize), 
rep('1841',clsize),rep('1842',clsize),rep('1843',clsize),rep('1844',clsize),rep('1845',clsize),rep('1846',clsize),rep('1847',clsize),rep('1848',clsize
),rep('1849',clsize),rep('1850',clsize), 
rep('1851',clsize),rep('1852',clsize),rep('1853',clsize),rep('1854',clsize),rep('1855',clsize),rep('1856',clsize),rep('1857',clsize),rep('1858',clsize
),rep('1859',clsize),rep('1860',clsize), 
rep('1861',clsize),rep('1862',clsize),rep('1863',clsize),rep('1864',clsize),rep('1865',clsize),rep('1866',clsize),rep('1867',clsize),rep('1868',clsize
),rep('1869',clsize),rep('1870',clsize), 
rep('1871',clsize),rep('1872',clsize),rep('1873',clsize),rep('1874',clsize),rep('1875',clsize),rep('1876',clsize),rep('1877',clsize),rep('1878',clsize
),rep('1879',clsize),rep('1880',clsize), 
rep('1881',clsize),rep('1882',clsize),rep('1883',clsize),rep('1884',clsize),rep('1885',clsize),rep('1886',clsize),rep('1887',clsize),rep('1888',clsize
),rep('1889',clsize),rep('1890',clsize), 
rep('1891',clsize),rep('1892',clsize),rep('1893',clsize),rep('1894',clsize),rep('1895',clsize),rep('1896',clsize),rep('1897',clsize),rep('1898',clsize
),rep('1899',clsize),rep('1900',clsize), 
 
rep('1901',clsize),rep('1902',clsize),rep('1903',clsize),rep('1904',clsize),rep('1905',clsize),rep('1906',clsize),rep('1907',clsize),rep('1908',clsize
),rep('1909',clsize),rep('1910',clsize), 
rep('1911',clsize),rep('1912',clsize),rep('1913',clsize),rep('1914',clsize),rep('1915',clsize),rep('1916',clsize),rep('1917',clsize),rep('1918',clsize
),rep('1919',clsize),rep('1920',clsize), 
rep('1921',clsize),rep('1922',clsize),rep('1923',clsize),rep('1924',clsize),rep('1925',clsize),rep('1926',clsize),rep('1927',clsize),rep('1928',clsize
),rep('1929',clsize),rep('1930',clsize), 
rep('1931',clsize),rep('1932',clsize),rep('1933',clsize),rep('1934',clsize),rep('1935',clsize),rep('1936',clsize),rep('1937',clsize),rep('1938',clsize
),rep('1939',clsize),rep('1940',clsize), 
rep('1941',clsize),rep('1942',clsize),rep('1943',clsize),rep('1944',clsize),rep('1945',clsize),rep('1946',clsize),rep('1947',clsize),rep('1948',clsize
),rep('1949',clsize),rep('1950',clsize), 
rep('1951',clsize),rep('1952',clsize),rep('1953',clsize),rep('1954',clsize),rep('1955',clsize),rep('1956',clsize),rep('1957',clsize),rep('1958',clsize
),rep('1959',clsize),rep('1960',clsize), 
rep('1961',clsize),rep('1962',clsize),rep('1963',clsize),rep('1964',clsize),rep('1965',clsize),rep('1966',clsize),rep('1967',clsize),rep('1968',clsize
),rep('1969',clsize),rep('1970',clsize), 
rep('1971',clsize),rep('1972',clsize),rep('1973',clsize),rep('1974',clsize),rep('1975',clsize),rep('1976',clsize),rep('1977',clsize),rep('1978',clsize
),rep('1979',clsize),rep('1980',clsize), 
rep('1981',clsize),rep('1982',clsize),rep('1983',clsize),rep('1984',clsize),rep('1985',clsize),rep('1986',clsize),rep('1987',clsize),rep('1988',clsize
),rep('1989',clsize),rep('1990',clsize), 
rep('1991',clsize),rep('1992',clsize),rep('1993',clsize),rep('1994',clsize),rep('1995',clsize),rep('1996',clsize),rep('1997',clsize),rep('1998',clsize
),rep('1999',clsize),rep('2000',clsize), 
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rep('2001',clsize),rep('2002',clsize),rep('2003',clsize),rep('2004',clsize),rep('2005',clsize),rep('2006',clsize),rep('2007',clsize),rep('2008',clsize
),rep('2009',clsize),rep('2010',clsize), 
rep('2011',clsize),rep('2012',clsize),rep('2013',clsize),rep('2014',clsize),rep('2015',clsize),rep('2016',clsize),rep('2017',clsize),rep('2018',clsize
),rep('2019',clsize),rep('2020',clsize), 
rep('2021',clsize),rep('2022',clsize),rep('2023',clsize),rep('2024',clsize),rep('2025',clsize),rep('2026',clsize),rep('2027',clsize),rep('2028',clsize
),rep('2029',clsize),rep('2030',clsize), 
rep('2031',clsize),rep('2032',clsize),rep('2033',clsize),rep('2034',clsize),rep('2035',clsize),rep('2036',clsize),rep('2037',clsize),rep('2038',clsize
),rep('2039',clsize),rep('2040',clsize), 
rep('2041',clsize),rep('2042',clsize),rep('2043',clsize),rep('2044',clsize),rep('2045',clsize),rep('2046',clsize),rep('2047',clsize),rep('2048',clsize
),rep('2049',clsize),rep('2050',clsize), 
rep('2051',clsize),rep('2052',clsize),rep('2053',clsize),rep('2054',clsize),rep('2055',clsize),rep('2056',clsize),rep('2057',clsize),rep('2058',clsize
),rep('2059',clsize),rep('2060',clsize), 
rep('2061',clsize),rep('2062',clsize),rep('2063',clsize),rep('2064',clsize),rep('2065',clsize),rep('2066',clsize),rep('2067',clsize),rep('2068',clsize
),rep('2069',clsize),rep('2070',clsize), 
rep('2071',clsize),rep('2072',clsize),rep('2073',clsize),rep('2074',clsize),rep('2075',clsize),rep('2076',clsize),rep('2077',clsize),rep('2078',clsize
),rep('2079',clsize),rep('2080',clsize), 
rep('2081',clsize),rep('2082',clsize),rep('2083',clsize),rep('2084',clsize),rep('2085',clsize),rep('2086',clsize),rep('2087',clsize),rep('2088',clsize
),rep('2089',clsize),rep('2090',clsize), 
rep('2091',clsize),rep('2092',clsize),rep('2093',clsize),rep('2094',clsize),rep('2095',clsize),rep('2096',clsize),rep('2097',clsize),rep('2098',clsize
),rep('2099',clsize),rep('2100',clsize), 
 
rep('2101',clsize),rep('2102',clsize),rep('2103',clsize),rep('2104',clsize),rep('2105',clsize),rep('2106',clsize),rep('2107',clsize),rep('2108',clsize
),rep('2109',clsize),rep('2110',clsize), 
rep('2111',clsize),rep('2112',clsize),rep('2113',clsize),rep('2114',clsize),rep('2115',clsize),rep('2116',clsize),rep('2117',clsize),rep('2118',clsize
),rep('2119',clsize),rep('2120',clsize), 
rep('2121',clsize),rep('2122',clsize),rep('2123',clsize),rep('2124',clsize),rep('2125',clsize),rep('2126',clsize),rep('2127',clsize),rep('2128',clsize
),rep('2129',clsize),rep('2130',clsize), 
rep('2131',clsize),rep('2132',clsize),rep('2133',clsize),rep('2134',clsize),rep('2135',clsize),rep('2136',clsize),rep('2137',clsize),rep('2138',clsize
),rep('2139',clsize),rep('2140',clsize), 
rep('2141',clsize),rep('2142',clsize),rep('2143',clsize),rep('2144',clsize),rep('2145',clsize),rep('2146',clsize),rep('2147',clsize),rep('2148',clsize
),rep('2149',clsize),rep('2150',clsize), 
rep('2151',clsize),rep('2152',clsize),rep('2153',clsize),rep('2154',clsize),rep('2155',clsize),rep('2156',clsize),rep('2157',clsize),rep('2158',clsize
),rep('2159',clsize),rep('2160',clsize), 
rep('2161',clsize),rep('2162',clsize),rep('2163',clsize),rep('2164',clsize),rep('2165',clsize),rep('2166',clsize),rep('2167',clsize),rep('2168',clsize
),rep('2169',clsize),rep('2170',clsize), 
rep('2171',clsize),rep('2172',clsize),rep('2173',clsize),rep('2174',clsize),rep('2175',clsize),rep('2176',clsize),rep('2177',clsize),rep('2178',clsize
),rep('2179',clsize),rep('2180',clsize), 
rep('2181',clsize),rep('2182',clsize),rep('2183',clsize),rep('2184',clsize),rep('2185',clsize),rep('2186',clsize),rep('2187',clsize),rep('2188',clsize
),rep('2189',clsize),rep('2190',clsize), 
rep('2191',clsize),rep('2192',clsize),rep('2193',clsize),rep('2194',clsize),rep('2195',clsize),rep('2196',clsize),rep('2197',clsize),rep('2198',clsize
),rep('2199',clsize),rep('2200',clsize), 
 
rep('2201',clsize),rep('2202',clsize),rep('2203',clsize),rep('2204',clsize),rep('2205',clsize),rep('2206',clsize),rep('2207',clsize),rep('2208',clsize
),rep('2209',clsize),rep('2210',clsize), 
rep('2211',clsize),rep('2212',clsize),rep('2213',clsize),rep('2214',clsize),rep('2215',clsize),rep('2216',clsize),rep('2217',clsize),rep('2218',clsize
),rep('2219',clsize),rep('2220',clsize), 
rep('2221',clsize),rep('2222',clsize),rep('2223',clsize),rep('2224',clsize),rep('2225',clsize),rep('2226',clsize),rep('2227',clsize),rep('2228',clsize
),rep('2229',clsize),rep('2230',clsize), 
rep('2231',clsize),rep('2232',clsize),rep('2233',clsize),rep('2234',clsize),rep('2235',clsize),rep('2236',clsize),rep('2237',clsize),rep('2238',clsize
),rep('2239',clsize),rep('2240',clsize), 
rep('2241',clsize),rep('2242',clsize),rep('2243',clsize),rep('2244',clsize),rep('2245',clsize),rep('2246',clsize),rep('2247',clsize),rep('2248',clsize
),rep('2249',clsize),rep('2250',clsize), 
rep('2251',clsize),rep('2252',clsize),rep('2253',clsize),rep('2254',clsize),rep('2255',clsize),rep('2256',clsize),rep('2257',clsize),rep('2258',clsize
),rep('2259',clsize),rep('2260',clsize), 
rep('2261',clsize),rep('2262',clsize),rep('2263',clsize),rep('2264',clsize),rep('2265',clsize),rep('2266',clsize),rep('2267',clsize),rep('2268',clsize
),rep('2269',clsize),rep('2270',clsize), 
rep('2271',clsize),rep('2272',clsize),rep('2273',clsize),rep('2274',clsize),rep('2275',clsize),rep('2276',clsize),rep('2277',clsize),rep('2278',clsize
),rep('2279',clsize),rep('2280',clsize), 
rep('2281',clsize),rep('2282',clsize),rep('2283',clsize),rep('2284',clsize),rep('2285',clsize),rep('2286',clsize),rep('2287',clsize),rep('2288',clsize
),rep('2289',clsize),rep('2290',clsize), 
rep('2291',clsize),rep('2292',clsize),rep('2293',clsize),rep('2294',clsize),rep('2295',clsize),rep('2296',clsize),rep('2297',clsize),rep('2298',clsize
),rep('2299',clsize),rep('2300',clsize), 
 
rep('2301',clsize),rep('2302',clsize),rep('2303',clsize),rep('2304',clsize),rep('2305',clsize),rep('2306',clsize),rep('2307',clsize),rep('2308',clsize
),rep('2309',clsize),rep('2310',clsize), 
rep('2311',clsize),rep('2312',clsize),rep('2313',clsize),rep('2314',clsize),rep('2315',clsize),rep('2316',clsize),rep('2317',clsize),rep('2318',clsize
),rep('2319',clsize),rep('2320',clsize), 
rep('2321',clsize),rep('2322',clsize),rep('2323',clsize),rep('2324',clsize),rep('2325',clsize),rep('2326',clsize),rep('2327',clsize),rep('2328',clsize
),rep('2329',clsize),rep('2330',clsize), 
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rep('2331',clsize),rep('2332',clsize),rep('2333',clsize),rep('2334',clsize),rep('2335',clsize),rep('2336',clsize),rep('2337',clsize),rep('2338',clsize
),rep('2339',clsize),rep('2340',clsize), 
rep('2341',clsize),rep('2342',clsize),rep('2343',clsize),rep('2344',clsize),rep('2345',clsize),rep('2346',clsize),rep('2347',clsize),rep('2348',clsize
),rep('2349',clsize),rep('2350',clsize), 
rep('2351',clsize),rep('2352',clsize),rep('2353',clsize),rep('2354',clsize),rep('2355',clsize),rep('2356',clsize),rep('2357',clsize),rep('2358',clsize
),rep('2359',clsize),rep('2360',clsize), 
rep('2361',clsize),rep('2362',clsize),rep('2363',clsize),rep('2364',clsize),rep('2365',clsize),rep('2366',clsize),rep('2367',clsize),rep('2368',clsize
),rep('2369',clsize),rep('2370',clsize), 
rep('2371',clsize),rep('2372',clsize),rep('2373',clsize),rep('2374',clsize),rep('2375',clsize),rep('2376',clsize),rep('2377',clsize),rep('2378',clsize
),rep('2379',clsize),rep('2380',clsize), 
rep('2381',clsize),rep('2382',clsize),rep('2383',clsize),rep('2384',clsize),rep('2385',clsize),rep('2386',clsize),rep('2387',clsize),rep('2388',clsize
),rep('2389',clsize),rep('2390',clsize), 
rep('2391',clsize),rep('2392',clsize),rep('2393',clsize),rep('2394',clsize),rep('2395',clsize),rep('2396',clsize),rep('2397',clsize),rep('2398',clsize
),rep('2399',clsize),rep('2400',clsize), 
 
rep('2401',clsize),rep('2402',clsize),rep('2403',clsize),rep('2404',clsize),rep('2405',clsize),rep('2406',clsize),rep('2407',clsize),rep('2408',clsize
),rep('2409',clsize),rep('2410',clsize), 
rep('2411',clsize),rep('2412',clsize),rep('2413',clsize),rep('2414',clsize),rep('2415',clsize),rep('2416',clsize),rep('2417',clsize),rep('2418',clsize
),rep('2419',clsize),rep('2420',clsize), 
rep('2421',clsize),rep('2422',clsize),rep('2423',clsize),rep('2424',clsize),rep('2425',clsize),rep('2426',clsize),rep('2427',clsize),rep('2428',clsize
),rep('2429',clsize),rep('2430',clsize), 
rep('2431',clsize),rep('2432',clsize),rep('2433',clsize),rep('2434',clsize),rep('2435',clsize),rep('2436',clsize),rep('2437',clsize),rep('2438',clsize
),rep('2439',clsize),rep('2440',clsize), 
rep('2441',clsize),rep('2442',clsize),rep('2443',clsize),rep('2444',clsize),rep('2445',clsize),rep('2446',clsize),rep('2447',clsize),rep('2448',clsize
),rep('2449',clsize),rep('2450',clsize), 
rep('2451',clsize),rep('2452',clsize),rep('2453',clsize),rep('2454',clsize),rep('2455',clsize),rep('2456',clsize),rep('2457',clsize),rep('2458',clsize
),rep('2459',clsize),rep('2460',clsize), 
rep('2461',clsize),rep('2462',clsize),rep('2463',clsize),rep('2464',clsize),rep('2465',clsize),rep('2466',clsize),rep('2467',clsize),rep('2468',clsize
),rep('2469',clsize),rep('2470',clsize), 
rep('2471',clsize),rep('2472',clsize),rep('2473',clsize),rep('2474',clsize),rep('2475',clsize),rep('2476',clsize),rep('2477',clsize),rep('2478',clsize
),rep('2479',clsize),rep('2480',clsize), 
rep('2481',clsize),rep('2482',clsize),rep('2483',clsize),rep('2484',clsize),rep('2485',clsize),rep('2486',clsize),rep('2487',clsize),rep('2488',clsize
),rep('2489',clsize),rep('2490',clsize), 
rep('2491',clsize),rep('2492',clsize),rep('2493',clsize),rep('2494',clsize),rep('2495',clsize),rep('2496',clsize),rep('2497',clsize),rep('2498',clsize
),rep('2499',clsize),rep('2500',clsize), 
 
rep('2501',clsize),rep('2502',clsize),rep('2503',clsize),rep('2504',clsize),rep('2505',clsize),rep('2506',clsize),rep('2507',clsize),rep('2508',clsize
),rep('2509',clsize),rep('2510',clsize), 
rep('2511',clsize),rep('2512',clsize),rep('2513',clsize),rep('2514',clsize),rep('2515',clsize),rep('2516',clsize),rep('2517',clsize),rep('2518',clsize
),rep('2519',clsize),rep('2520',clsize), 
rep('2521',clsize),rep('2522',clsize),rep('2523',clsize),rep('2524',clsize),rep('2525',clsize),rep('2526',clsize),rep('2527',clsize),rep('2528',clsize
),rep('2529',clsize),rep('2530',clsize), 
rep('2531',clsize),rep('2532',clsize),rep('2533',clsize),rep('2534',clsize),rep('2535',clsize),rep('2536',clsize),rep('2537',clsize),rep('2538',clsize
),rep('2539',clsize),rep('2540',clsize), 
rep('2541',clsize),rep('2542',clsize),rep('2543',clsize),rep('2544',clsize),rep('2545',clsize),rep('2546',clsize),rep('2547',clsize),rep('2548',clsize
),rep('2549',clsize),rep('2550',clsize), 
rep('2551',clsize),rep('2552',clsize),rep('2553',clsize),rep('2554',clsize),rep('2555',clsize),rep('2556',clsize),rep('2557',clsize),rep('2558',clsize
),rep('2559',clsize),rep('2560',clsize), 
rep('2561',clsize),rep('2562',clsize),rep('2563',clsize),rep('2564',clsize),rep('2565',clsize),rep('2566',clsize),rep('2567',clsize),rep('2568',clsize
),rep('2569',clsize),rep('2570',clsize), 
rep('2571',clsize),rep('2572',clsize),rep('2573',clsize),rep('2574',clsize),rep('2575',clsize),rep('2576',clsize),rep('2577',clsize),rep('2578',clsize
),rep('2579',clsize),rep('2580',clsize), 
rep('2581',clsize),rep('2582',clsize),rep('2583',clsize),rep('2584',clsize),rep('2585',clsize),rep('2586',clsize),rep('2587',clsize),rep('2588',clsize
),rep('2589',clsize),rep('2590',clsize), 
rep('2591',clsize),rep('2592',clsize),rep('2593',clsize),rep('2594',clsize),rep('2595',clsize),rep('2596',clsize),rep('2597',clsize),rep('2598',clsize
),rep('2599',clsize),rep('2600',clsize), 
 
rep('2601',clsize),rep('2602',clsize),rep('2603',clsize),rep('2604',clsize),rep('2605',clsize),rep('2606',clsize),rep('2607',clsize),rep('2608',clsize
),rep('2609',clsize),rep('2610',clsize), 
rep('2611',clsize),rep('2612',clsize),rep('2613',clsize),rep('2614',clsize),rep('2615',clsize),rep('2616',clsize),rep('2617',clsize),rep('2618',clsize
),rep('2619',clsize),rep('2620',clsize), 
rep('2621',clsize),rep('2622',clsize),rep('2623',clsize),rep('2624',clsize),rep('2625',clsize),rep('2626',clsize),rep('2627',clsize),rep('2628',clsize
),rep('2629',clsize),rep('2630',clsize), 
rep('2631',clsize),rep('2632',clsize),rep('2633',clsize),rep('2634',clsize),rep('2635',clsize),rep('2636',clsize),rep('2637',clsize),rep('2638',clsize
),rep('2639',clsize),rep('2640',clsize), 
rep('2641',clsize),rep('2642',clsize),rep('2643',clsize),rep('2644',clsize),rep('2645',clsize),rep('2646',clsize),rep('2647',clsize),rep('2648',clsize
),rep('2649',clsize),rep('2650',clsize), 
rep('2651',clsize),rep('2652',clsize),rep('2653',clsize),rep('2654',clsize),rep('2655',clsize),rep('2656',clsize),rep('2657',clsize),rep('2658',clsize
),rep('2659',clsize),rep('2660',clsize), 
rep('2661',clsize),rep('2662',clsize),rep('2663',clsize),rep('2664',clsize),rep('2665',clsize),rep('2666',clsize),rep('2667',clsize),rep('2668',clsize
),rep('2669',clsize),rep('2670',clsize), 
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rep('2671',clsize),rep('2672',clsize),rep('2673',clsize),rep('2674',clsize),rep('2675',clsize),rep('2676',clsize),rep('2677',clsize),rep('2678',clsize
),rep('2679',clsize),rep('2680',clsize), 
rep('2681',clsize),rep('2682',clsize),rep('2683',clsize),rep('2684',clsize),rep('2685',clsize),rep('2686',clsize),rep('2687',clsize),rep('2688',clsize
),rep('2689',clsize),rep('2690',clsize), 
rep('2691',clsize),rep('2692',clsize),rep('2693',clsize),rep('2694',clsize),rep('2695',clsize),rep('2696',clsize),rep('2697',clsize),rep('2698',clsize
),rep('2699',clsize),rep('2700',clsize), 
 
rep('2701',clsize),rep('2702',clsize),rep('2703',clsize),rep('2704',clsize),rep('2705',clsize),rep('2706',clsize),rep('2707',clsize),rep('2708',clsize
),rep('2709',clsize),rep('2710',clsize), 
rep('2711',clsize),rep('2712',clsize),rep('2713',clsize),rep('2714',clsize),rep('2715',clsize),rep('2716',clsize),rep('2717',clsize),rep('2718',clsize
),rep('2719',clsize),rep('2720',clsize), 
rep('2721',clsize),rep('2722',clsize),rep('2723',clsize),rep('2724',clsize),rep('2725',clsize),rep('2726',clsize),rep('2727',clsize),rep('2728',clsize
),rep('2729',clsize),rep('2730',clsize), 
rep('2731',clsize),rep('2732',clsize),rep('2733',clsize),rep('2734',clsize),rep('2735',clsize),rep('2736',clsize),rep('2737',clsize),rep('2738',clsize
),rep('2739',clsize),rep('2740',clsize), 
rep('2741',clsize),rep('2742',clsize),rep('2743',clsize),rep('2744',clsize),rep('2745',clsize),rep('2746',clsize),rep('2747',clsize),rep('2748',clsize
),rep('2749',clsize),rep('2750',clsize), 
rep('2751',clsize),rep('2752',clsize),rep('2753',clsize),rep('2754',clsize),rep('2755',clsize),rep('2756',clsize),rep('2757',clsize),rep('2758',clsize
),rep('2759',clsize),rep('2760',clsize), 
rep('2761',clsize),rep('2762',clsize),rep('2763',clsize),rep('2764',clsize),rep('2765',clsize),rep('2766',clsize),rep('2767',clsize),rep('2768',clsize
),rep('2769',clsize),rep('2770',clsize), 
rep('2771',clsize),rep('2772',clsize),rep('2773',clsize),rep('2774',clsize),rep('2775',clsize),rep('2776',clsize),rep('2777',clsize),rep('2778',clsize
),rep('2779',clsize),rep('2780',clsize), 
rep('2781',clsize),rep('2782',clsize),rep('2783',clsize),rep('2784',clsize),rep('2785',clsize),rep('2786',clsize),rep('2787',clsize),rep('2788',clsize
),rep('2789',clsize),rep('2790',clsize), 
rep('2791',clsize),rep('2792',clsize),rep('2793',clsize),rep('2794',clsize),rep('2795',clsize),rep('2796',clsize),rep('2797',clsize),rep('2798',clsize
),rep('2799',clsize),rep('2800',clsize), 
 
rep('2801',clsize),rep('2802',clsize),rep('2803',clsize),rep('2804',clsize),rep('2805',clsize),rep('2806',clsize),rep('2807',clsize),rep('2808',clsize
),rep('2809',clsize),rep('2810',clsize), 
rep('2811',clsize),rep('2812',clsize),rep('2813',clsize),rep('2814',clsize),rep('2815',clsize),rep('2816',clsize),rep('2817',clsize),rep('2818',clsize
),rep('2819',clsize),rep('2820',clsize), 
rep('2821',clsize),rep('2822',clsize),rep('2823',clsize),rep('2824',clsize),rep('2825',clsize),rep('2826',clsize),rep('2827',clsize),rep('2828',clsize
),rep('2829',clsize),rep('2830',clsize), 
rep('2831',clsize),rep('2832',clsize),rep('2833',clsize),rep('2834',clsize),rep('2835',clsize),rep('2836',clsize),rep('2837',clsize),rep('2838',clsize
),rep('2839',clsize),rep('2840',clsize), 
rep('2841',clsize),rep('2842',clsize),rep('2843',clsize),rep('2844',clsize),rep('2845',clsize),rep('2846',clsize),rep('2847',clsize),rep('2848',clsize
),rep('2849',clsize),rep('2850',clsize), 
rep('2851',clsize),rep('2852',clsize),rep('2853',clsize),rep('2854',clsize),rep('2855',clsize),rep('2856',clsize),rep('2857',clsize),rep('2858',clsize
),rep('2859',clsize),rep('2860',clsize), 
rep('2861',clsize),rep('2862',clsize),rep('2863',clsize),rep('2864',clsize),rep('2865',clsize),rep('2866',clsize),rep('2867',clsize),rep('2868',clsize
),rep('2869',clsize),rep('2870',clsize), 
rep('2871',clsize),rep('2872',clsize),rep('2873',clsize),rep('2874',clsize),rep('2875',clsize),rep('2876',clsize),rep('2877',clsize),rep('2878',clsize
),rep('2879',clsize),rep('2880',clsize), 
rep('2881',clsize),rep('2882',clsize),rep('2883',clsize),rep('2884',clsize),rep('2885',clsize),rep('2886',clsize),rep('2887',clsize),rep('2888',clsize
),rep('2889',clsize),rep('2890',clsize), 
rep('2891',clsize),rep('2892',clsize),rep('2893',clsize),rep('2894',clsize),rep('2895',clsize),rep('2896',clsize),rep('2897',clsize),rep('2898',clsize
),rep('2899',clsize),rep('2900',clsize), 
 
rep('2901',clsize),rep('2902',clsize),rep('2903',clsize),rep('2904',clsize),rep('2905',clsize),rep('2906',clsize),rep('2907',clsize),rep('2908',clsize
),rep('2909',clsize),rep('2910',clsize), 
rep('2911',clsize),rep('2912',clsize),rep('2913',clsize),rep('2914',clsize),rep('2915',clsize),rep('2916',clsize),rep('2917',clsize),rep('2918',clsize
),rep('2919',clsize),rep('2920',clsize), 
rep('2921',clsize),rep('2922',clsize),rep('2923',clsize),rep('2924',clsize),rep('2925',clsize),rep('2926',clsize),rep('2927',clsize),rep('2928',clsize
),rep('2929',clsize),rep('2930',clsize), 
rep('2931',clsize),rep('2932',clsize),rep('2933',clsize),rep('2934',clsize),rep('2935',clsize),rep('2936',clsize),rep('2937',clsize),rep('2938',clsize
),rep('2939',clsize),rep('2940',clsize), 
rep('2941',clsize),rep('2942',clsize),rep('2943',clsize),rep('2944',clsize),rep('2945',clsize),rep('2946',clsize),rep('2947',clsize),rep('2948',clsize
),rep('2949',clsize),rep('2950',clsize), 
rep('2951',clsize),rep('2952',clsize),rep('2953',clsize),rep('2954',clsize),rep('2955',clsize),rep('2956',clsize),rep('2957',clsize),rep('2958',clsize
),rep('2959',clsize),rep('2960',clsize), 
rep('2961',clsize),rep('2962',clsize),rep('2963',clsize),rep('2964',clsize),rep('2965',clsize),rep('2966',clsize),rep('2967',clsize),rep('2968',clsize
),rep('2969',clsize),rep('2970',clsize), 
rep('2971',clsize),rep('2972',clsize),rep('2973',clsize),rep('2974',clsize),rep('2975',clsize),rep('2976',clsize),rep('2977',clsize),rep('2978',clsize
),rep('2979',clsize),rep('2980',clsize), 
rep('2981',clsize),rep('2982',clsize),rep('2983',clsize),rep('2984',clsize),rep('2985',clsize),rep('2986',clsize),rep('2987',clsize),rep('2988',clsize
),rep('2989',clsize),rep('2990',clsize), 
rep('2991',clsize),rep('2992',clsize),rep('2993',clsize),rep('2994',clsize),rep('2995',clsize),rep('2996',clsize),rep('2997',clsize),rep('2998',clsize
),rep('2999',clsize),rep('3000',clsize), 
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rep('3001',clsize),rep('3002',clsize),rep('3003',clsize),rep('3004',clsize),rep('3005',clsize),rep('3006',clsize),rep('3007',clsize),rep('3008',clsize
),rep('3009',clsize),rep('3010',clsize), 
rep('3011',clsize),rep('3012',clsize),rep('3013',clsize),rep('3014',clsize),rep('3015',clsize),rep('3016',clsize),rep('3017',clsize),rep('3018',clsize
),rep('3019',clsize),rep('3020',clsize), 
rep('3021',clsize),rep('3022',clsize),rep('3023',clsize),rep('3024',clsize),rep('3025',clsize),rep('3026',clsize),rep('3027',clsize),rep('3028',clsize
),rep('3029',clsize),rep('3030',clsize), 
rep('3031',clsize),rep('3032',clsize),rep('3033',clsize),rep('3034',clsize),rep('3035',clsize),rep('3036',clsize),rep('3037',clsize),rep('3038',clsize
),rep('3039',clsize),rep('3040',clsize), 
rep('3041',clsize),rep('3042',clsize),rep('3043',clsize),rep('3044',clsize),rep('3045',clsize),rep('3046',clsize),rep('3047',clsize),rep('3048',clsize
),rep('3049',clsize),rep('3050',clsize), 
rep('3051',clsize),rep('3052',clsize),rep('3053',clsize),rep('3054',clsize),rep('3055',clsize),rep('3056',clsize),rep('3057',clsize),rep('3058',clsize
),rep('3059',clsize),rep('3060',clsize), 
rep('3061',clsize),rep('3062',clsize),rep('3063',clsize),rep('3064',clsize),rep('3065',clsize),rep('3066',clsize),rep('3067',clsize),rep('3068',clsize
),rep('3069',clsize),rep('3070',clsize), 
rep('3071',clsize),rep('3072',clsize),rep('3073',clsize),rep('3074',clsize),rep('3075',clsize),rep('3076',clsize),rep('3077',clsize),rep('3078',clsize
),rep('3079',clsize),rep('3080',clsize), 
rep('3081',clsize),rep('3082',clsize),rep('3083',clsize),rep('3084',clsize),rep('3085',clsize),rep('3086',clsize),rep('3087',clsize),rep('3088',clsize
),rep('3089',clsize),rep('3090',clsize), 
rep('3091',clsize),rep('3092',clsize),rep('3093',clsize),rep('3094',clsize),rep('3095',clsize),rep('3096',clsize),rep('3097',clsize),rep('3098',clsize
),rep('3099',clsize),rep('3100',clsize), 
 
rep('3101',clsize),rep('3102',clsize),rep('3103',clsize),rep('3104',clsize),rep('3105',clsize),rep('3106',clsize),rep('3107',clsize),rep('3108',clsize
),rep('3109',clsize),rep('3110',clsize), 
rep('3111',clsize),rep('3112',clsize),rep('3113',clsize),rep('3114',clsize),rep('3115',clsize),rep('3116',clsize),rep('3117',clsize),rep('3118',clsize
),rep('3119',clsize),rep('3120',clsize), 
rep('3121',clsize),rep('3122',clsize),rep('3123',clsize),rep('3124',clsize),rep('3125',clsize),rep('3126',clsize),rep('3127',clsize),rep('3128',clsize
),rep('3129',clsize),rep('3130',clsize), 
rep('3131',clsize),rep('3132',clsize),rep('3133',clsize),rep('3134',clsize),rep('3135',clsize),rep('3136',clsize),rep('3137',clsize),rep('3138',clsize
),rep('3139',clsize),rep('3140',clsize), 
rep('3141',clsize),rep('3142',clsize),rep('3143',clsize),rep('3144',clsize),rep('3145',clsize),rep('3146',clsize),rep('3147',clsize),rep('3148',clsize
),rep('3149',clsize),rep('3150',clsize), 
rep('3151',clsize),rep('3152',clsize),rep('3153',clsize),rep('3154',clsize),rep('3155',clsize),rep('3156',clsize),rep('3157',clsize),rep('3158',clsize
),rep('3159',clsize),rep('3160',clsize), 
rep('3161',clsize),rep('3162',clsize),rep('3163',clsize),rep('3164',clsize),rep('3165',clsize),rep('3166',clsize),rep('3167',clsize),rep('3168',clsize
),rep('3169',clsize),rep('3170',clsize), 
rep('3171',clsize),rep('3172',clsize),rep('3173',clsize),rep('3174',clsize),rep('3175',clsize),rep('3176',clsize),rep('3177',clsize),rep('3178',clsize
),rep('3179',clsize),rep('3180',clsize), 
rep('3181',clsize),rep('3182',clsize),rep('3183',clsize),rep('3184',clsize),rep('3185',clsize),rep('3186',clsize),rep('3187',clsize),rep('3188',clsize
),rep('3189',clsize),rep('3190',clsize), 
rep('3191',clsize),rep('3192',clsize),rep('3193',clsize),rep('3194',clsize),rep('3195',clsize),rep('3196',clsize),rep('3197',clsize),rep('3198',clsize
),rep('3199',clsize),rep('3200',clsize), 
 
rep('3201',clsize),rep('3202',clsize),rep('3203',clsize),rep('3204',clsize),rep('3205',clsize),rep('3206',clsize),rep('3207',clsize),rep('3208',clsize
),rep('3209',clsize),rep('3210',clsize), 
rep('3211',clsize),rep('3212',clsize),rep('3213',clsize),rep('3214',clsize),rep('3215',clsize),rep('3216',clsize),rep('3217',clsize),rep('3218',clsize
),rep('3219',clsize),rep('3220',clsize), 
rep('3221',clsize),rep('3222',clsize),rep('3223',clsize),rep('3224',clsize),rep('3225',clsize),rep('3226',clsize),rep('3227',clsize),rep('3228',clsize
),rep('3229',clsize),rep('3230',clsize), 
rep('3231',clsize),rep('3232',clsize),rep('3233',clsize),rep('3234',clsize),rep('3235',clsize),rep('3236',clsize),rep('3237',clsize),rep('3238',clsize
),rep('3239',clsize),rep('3240',clsize), 
rep('3241',clsize),rep('3242',clsize),rep('3243',clsize),rep('3244',clsize),rep('3245',clsize),rep('3246',clsize),rep('3247',clsize),rep('3248',clsize
),rep('3249',clsize),rep('3250',clsize), 
rep('3251',clsize),rep('3252',clsize),rep('3253',clsize),rep('3254',clsize),rep('3255',clsize),rep('3256',clsize),rep('3257',clsize),rep('3258',clsize
),rep('3259',clsize),rep('3260',clsize), 
rep('3261',clsize),rep('3262',clsize),rep('3263',clsize),rep('3264',clsize),rep('3265',clsize),rep('3266',clsize),rep('3267',clsize),rep('3268',clsize
),rep('3269',clsize),rep('3270',clsize), 
rep('3271',clsize),rep('3272',clsize),rep('3273',clsize),rep('3274',clsize),rep('3275',clsize),rep('3276',clsize),rep('3277',clsize),rep('3278',clsize
),rep('3279',clsize),rep('3280',clsize), 
rep('3281',clsize),rep('3282',clsize),rep('3283',clsize),rep('3284',clsize),rep('3285',clsize),rep('3286',clsize),rep('3287',clsize),rep('3288',clsize
),rep('3289',clsize),rep('3290',clsize), 
rep('3291',clsize),rep('3292',clsize),rep('3293',clsize),rep('3294',clsize),rep('3295',clsize),rep('3296',clsize),rep('3297',clsize),rep('3298',clsize
),rep('3299',clsize),rep('3300',clsize), 
 
rep('3301',clsize),rep('3302',clsize),rep('3303',clsize),rep('3304',clsize),rep('3305',clsize),rep('3306',clsize),rep('3307',clsize),rep('3308',clsize
),rep('3309',clsize),rep('3310',clsize), 
rep('3311',clsize),rep('3312',clsize),rep('3313',clsize),rep('3314',clsize),rep('3315',clsize),rep('3316',clsize),rep('3337',clsize),rep('3318',clsize
),rep('3319',clsize),rep('3320',clsize), 
rep('3321',clsize),rep('3322',clsize),rep('3323',clsize),rep('3324',clsize),rep('3325',clsize),rep('3326',clsize),rep('3327',clsize),rep('3328',clsize
),rep('3329',clsize),rep('3330',clsize), 
rep('3331',clsize),rep('3332',clsize),rep('3333',clsize),rep('3334',clsize),rep('3335',clsize),rep('3336',clsize),rep('3337',clsize),rep('3338',clsize
),rep('3339',clsize),rep('3340',clsize), 
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rep('3341',clsize),rep('3342',clsize),rep('3343',clsize),rep('3344',clsize),rep('3345',clsize),rep('3346',clsize),rep('3347',clsize),rep('3348',clsize
),rep('3349',clsize),rep('3350',clsize), 
rep('3351',clsize),rep('3352',clsize),rep('3353',clsize),rep('3354',clsize),rep('3355',clsize),rep('3356',clsize),rep('3357',clsize),rep('3358',clsize
),rep('3359',clsize),rep('3360',clsize), 
rep('3361',clsize),rep('3362',clsize),rep('3363',clsize),rep('3364',clsize),rep('3365',clsize),rep('3366',clsize),rep('3367',clsize),rep('3368',clsize
),rep('3369',clsize),rep('3370',clsize), 
rep('3371',clsize),rep('3372',clsize),rep('3373',clsize),rep('3374',clsize),rep('3375',clsize),rep('3376',clsize),rep('3377',clsize),rep('3378',clsize
),rep('3379',clsize),rep('3380',clsize), 
rep('3381',clsize),rep('3382',clsize),rep('3383',clsize),rep('3384',clsize),rep('3385',clsize),rep('3386',clsize),rep('3387',clsize),rep('3388',clsize
),rep('3389',clsize),rep('3390',clsize), 
rep('3391',clsize),rep('3392',clsize),rep('3393',clsize),rep('3394',clsize),rep('3395',clsize),rep('3396',clsize),rep('3397',clsize),rep('3398',clsize
),rep('3399',clsize),rep('3400',clsize), 
 
rep('3401',clsize),rep('3402',clsize),rep('3403',clsize),rep('3404',clsize),rep('3405',clsize),rep('3406',clsize),rep('3407',clsize),rep('3408',clsize
),rep('3409',clsize),rep('3410',clsize), 
rep('3411',clsize),rep('3412',clsize),rep('3413',clsize),rep('3414',clsize),rep('3415',clsize),rep('3416',clsize),rep('3417',clsize),rep('3418',clsize
),rep('3419',clsize),rep('3420',clsize), 
rep('3421',clsize),rep('3422',clsize),rep('3423',clsize),rep('3424',clsize),rep('3425',clsize),rep('3426',clsize),rep('3427',clsize),rep('3428',clsize
),rep('3429',clsize),rep('3430',clsize), 
rep('3431',clsize),rep('3432',clsize),rep('3433',clsize),rep('3434',clsize),rep('3435',clsize),rep('3436',clsize),rep('3437',clsize),rep('3438',clsize
),rep('3439',clsize),rep('3440',clsize), 
rep('3441',clsize),rep('3442',clsize),rep('3443',clsize),rep('3444',clsize),rep('3445',clsize),rep('3446',clsize),rep('3447',clsize),rep('3448',clsize
),rep('3449',clsize),rep('3450',clsize), 
rep('3451',clsize),rep('3452',clsize),rep('3453',clsize),rep('3454',clsize),rep('3455',clsize),rep('3456',clsize),rep('3457',clsize),rep('3458',clsize
),rep('3459',clsize),rep('3460',clsize), 
rep('3461',clsize),rep('3462',clsize),rep('3463',clsize),rep('3464',clsize),rep('3465',clsize),rep('3466',clsize),rep('3467',clsize),rep('3468',clsize
),rep('3469',clsize),rep('3470',clsize), 
rep('3471',clsize),rep('3472',clsize),rep('3473',clsize),rep('3474',clsize),rep('3475',clsize),rep('3476',clsize),rep('3477',clsize),rep('3478',clsize
),rep('3479',clsize),rep('3480',clsize), 
rep('3481',clsize),rep('3482',clsize),rep('3483',clsize),rep('3484',clsize),rep('3485',clsize),rep('3486',clsize),rep('3487',clsize),rep('3488',clsize
),rep('3489',clsize),rep('3490',clsize), 
rep('3491',clsize),rep('3492',clsize),rep('3493',clsize),rep('3494',clsize),rep('3495',clsize),rep('3496',clsize),rep('3497',clsize),rep('3498',clsize
),rep('3499',clsize),rep('3500',clsize), 
 
rep('3501',clsize),rep('3502',clsize),rep('3503',clsize),rep('3504',clsize),rep('3505',clsize),rep('3506',clsize),rep('3507',clsize),rep('3508',clsize
),rep('3509',clsize),rep('3510',clsize), 
rep('3511',clsize),rep('3512',clsize),rep('3513',clsize),rep('3514',clsize),rep('3515',clsize),rep('3516',clsize),rep('3517',clsize),rep('3518',clsize
),rep('3519',clsize),rep('3520',clsize), 
rep('3521',clsize),rep('3522',clsize),rep('3523',clsize),rep('3524',clsize),rep('3525',clsize),rep('3526',clsize),rep('3527',clsize),rep('3528',clsize
),rep('3529',clsize),rep('3530',clsize), 
rep('3531',clsize),rep('3532',clsize),rep('3533',clsize),rep('3534',clsize),rep('3535',clsize),rep('3536',clsize),rep('3537',clsize),rep('3538',clsize
),rep('3539',clsize),rep('3540',clsize), 
rep('3541',clsize),rep('3542',clsize),rep('3543',clsize),rep('3544',clsize),rep('3545',clsize),rep('3546',clsize),rep('3547',clsize),rep('3548',clsize
),rep('3549',clsize),rep('3550',clsize), 
rep('3551',clsize),rep('3552',clsize),rep('3553',clsize),rep('3554',clsize),rep('3555',clsize),rep('3556',clsize),rep('3557',clsize),rep('3558',clsize
),rep('3559',clsize),rep('3560',clsize), 
rep('3561',clsize),rep('3562',clsize),rep('3563',clsize),rep('3564',clsize),rep('3565',clsize),rep('3566',clsize),rep('3567',clsize),rep('3568',clsize
),rep('3569',clsize),rep('3570',clsize), 
rep('3571',clsize),rep('3572',clsize),rep('3573',clsize),rep('3574',clsize),rep('3575',clsize),rep('3576',clsize),rep('3577',clsize),rep('3578',clsize
),rep('3579',clsize),rep('3580',clsize), 
rep('3581',clsize),rep('3582',clsize),rep('3583',clsize),rep('3584',clsize),rep('3585',clsize),rep('3586',clsize),rep('3587',clsize),rep('3588',clsize
),rep('3589',clsize),rep('3590',clsize), 
rep('3591',clsize),rep('3592',clsize),rep('3593',clsize),rep('3594',clsize),rep('3595',clsize),rep('3596',clsize),rep('3597',clsize),rep('3598',clsize
),rep('3599',clsize),rep('3600',clsize), 
 
rep('3601',clsize),rep('3602',clsize),rep('3603',clsize),rep('3604',clsize),rep('3605',clsize),rep('3606',clsize),rep('3607',clsize),rep('3608',clsize
),rep('3609',clsize),rep('3610',clsize), 
rep('3611',clsize),rep('3612',clsize),rep('3613',clsize),rep('3614',clsize),rep('3615',clsize),rep('3616',clsize),rep('3617',clsize),rep('3618',clsize
),rep('3619',clsize),rep('3620',clsize), 
rep('3621',clsize),rep('3622',clsize),rep('3623',clsize),rep('3624',clsize),rep('3625',clsize),rep('3626',clsize),rep('3627',clsize),rep('3628',clsize
),rep('3629',clsize),rep('3630',clsize), 
rep('3631',clsize),rep('3632',clsize),rep('3633',clsize),rep('3634',clsize),rep('3635',clsize),rep('3636',clsize),rep('3637',clsize),rep('3638',clsize
),rep('3639',clsize),rep('3640',clsize), 
rep('3641',clsize),rep('3642',clsize),rep('3643',clsize),rep('3644',clsize),rep('3645',clsize),rep('3646',clsize),rep('3647',clsize),rep('3648',clsize
),rep('3649',clsize),rep('3650',clsize), 
rep('3651',clsize),rep('3652',clsize),rep('3653',clsize),rep('3654',clsize),rep('3655',clsize),rep('3656',clsize),rep('3657',clsize),rep('3658',clsize
),rep('3659',clsize),rep('3660',clsize), 
rep('3661',clsize),rep('3662',clsize),rep('3663',clsize),rep('3664',clsize),rep('3665',clsize),rep('3666',clsize),rep('3667',clsize),rep('3668',clsize
),rep('3669',clsize),rep('3670',clsize), 
rep('3671',clsize),rep('3672',clsize),rep('3673',clsize),rep('3674',clsize),rep('3675',clsize),rep('3676',clsize),rep('3677',clsize),rep('3678',clsize
),rep('3679',clsize),rep('3680',clsize), 
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rep('3681',clsize),rep('3682',clsize),rep('3683',clsize),rep('3684',clsize),rep('3685',clsize),rep('3686',clsize),rep('3687',clsize),rep('3688',clsize
),rep('3689',clsize),rep('3690',clsize), 
rep('3691',clsize),rep('3692',clsize),rep('3693',clsize),rep('3694',clsize),rep('3695',clsize),rep('3696',clsize),rep('3697',clsize),rep('3698',clsize
),rep('3699',clsize),rep('3700',clsize), 
 
rep('3701',clsize),rep('3702',clsize),rep('3703',clsize),rep('3704',clsize),rep('3705',clsize),rep('3706',clsize),rep('3707',clsize),rep('3708',clsize
),rep('3709',clsize),rep('3710',clsize), 
rep('3711',clsize),rep('3712',clsize),rep('3713',clsize),rep('3714',clsize),rep('3715',clsize),rep('3716',clsize),rep('3717',clsize),rep('3718',clsize
),rep('3719',clsize),rep('3720',clsize), 
rep('3721',clsize),rep('3722',clsize),rep('3723',clsize),rep('3724',clsize),rep('3725',clsize),rep('3726',clsize),rep('3727',clsize),rep('3728',clsize
),rep('3729',clsize),rep('3730',clsize), 
rep('3731',clsize),rep('3732',clsize),rep('3733',clsize),rep('3734',clsize),rep('3735',clsize),rep('3736',clsize),rep('3737',clsize),rep('3738',clsize
),rep('3739',clsize),rep('3740',clsize), 
rep('3741',clsize),rep('3742',clsize),rep('3743',clsize),rep('3744',clsize),rep('3745',clsize),rep('3746',clsize),rep('3747',clsize),rep('3748',clsize
),rep('3749',clsize),rep('3750',clsize), 
rep('3751',clsize),rep('3752',clsize),rep('3753',clsize),rep('3754',clsize),rep('3755',clsize),rep('3756',clsize),rep('3757',clsize),rep('3758',clsize
),rep('3759',clsize),rep('3760',clsize), 
rep('3761',clsize),rep('3762',clsize),rep('3763',clsize),rep('3764',clsize),rep('3765',clsize),rep('3766',clsize),rep('3767',clsize),rep('3768',clsize
),rep('3769',clsize),rep('3770',clsize), 
rep('3771',clsize),rep('3772',clsize),rep('3773',clsize),rep('3774',clsize),rep('3775',clsize),rep('3776',clsize),rep('3777',clsize),rep('3778',clsize
),rep('3779',clsize),rep('3780',clsize), 
rep('3781',clsize),rep('3782',clsize),rep('3783',clsize),rep('3784',clsize),rep('3785',clsize),rep('3786',clsize),rep('3787',clsize),rep('3788',clsize
),rep('3789',clsize),rep('3790',clsize), 
rep('3791',clsize),rep('3792',clsize),rep('3793',clsize),rep('3794',clsize),rep('3795',clsize),rep('3796',clsize),rep('3797',clsize),rep('3798',clsize
),rep('3799',clsize),rep('3800',clsize), 
 
rep('3801',clsize),rep('3802',clsize),rep('3803',clsize),rep('3804',clsize),rep('3805',clsize),rep('3806',clsize),rep('3807',clsize),rep('3808',clsize
),rep('3809',clsize),rep('3810',clsize), 
rep('3811',clsize),rep('3812',clsize),rep('3813',clsize),rep('3814',clsize),rep('3815',clsize),rep('3816',clsize),rep('3817',clsize),rep('3818',clsize
),rep('3819',clsize),rep('3820',clsize), 
rep('3821',clsize),rep('3822',clsize),rep('3823',clsize),rep('3824',clsize),rep('3825',clsize),rep('3826',clsize),rep('3827',clsize),rep('3828',clsize
),rep('3829',clsize),rep('3830',clsize), 
rep('3831',clsize),rep('3832',clsize),rep('3833',clsize),rep('3834',clsize),rep('3835',clsize),rep('3836',clsize),rep('3837',clsize),rep('3838',clsize
),rep('3839',clsize),rep('3840',clsize), 
rep('3841',clsize),rep('3842',clsize),rep('3843',clsize),rep('3844',clsize),rep('3845',clsize),rep('3846',clsize),rep('3847',clsize),rep('3848',clsize
),rep('3849',clsize),rep('3850',clsize), 
rep('3851',clsize),rep('3852',clsize),rep('3853',clsize),rep('3854',clsize),rep('3855',clsize),rep('3856',clsize),rep('3857',clsize),rep('3858',clsize
),rep('3859',clsize),rep('3860',clsize), 
rep('3861',clsize),rep('3862',clsize),rep('3863',clsize),rep('3864',clsize),rep('3865',clsize),rep('3866',clsize),rep('3867',clsize),rep('3868',clsize
),rep('3869',clsize),rep('3870',clsize), 
rep('3871',clsize),rep('3872',clsize),rep('3873',clsize),rep('3874',clsize),rep('3875',clsize),rep('3876',clsize),rep('3877',clsize),rep('3878',clsize
),rep('3879',clsize),rep('3880',clsize), 
rep('3881',clsize),rep('3882',clsize),rep('3883',clsize),rep('3884',clsize),rep('3885',clsize),rep('3886',clsize),rep('3887',clsize),rep('3888',clsize
),rep('3889',clsize),rep('3890',clsize), 
rep('3891',clsize),rep('3892',clsize),rep('3893',clsize),rep('3894',clsize),rep('3895',clsize),rep('3896',clsize),rep('3897',clsize),rep('3898',clsize
),rep('3899',clsize),rep('3900',clsize), 
 
rep('3901',clsize),rep('3902',clsize),rep('3903',clsize),rep('3904',clsize),rep('3905',clsize),rep('3906',clsize),rep('3907',clsize),rep('3908',clsize
),rep('3909',clsize),rep('3910',clsize), 
rep('3911',clsize),rep('3912',clsize),rep('3913',clsize),rep('3914',clsize),rep('3915',clsize),rep('3916',clsize),rep('3917',clsize),rep('3918',clsize
),rep('3919',clsize),rep('3920',clsize), 
rep('3921',clsize),rep('3922',clsize),rep('3923',clsize),rep('3924',clsize),rep('3925',clsize),rep('3926',clsize),rep('3927',clsize),rep('3928',clsize
),rep('3929',clsize),rep('3930',clsize), 
rep('3931',clsize),rep('3932',clsize),rep('3933',clsize),rep('3934',clsize),rep('3935',clsize),rep('3936',clsize),rep('3937',clsize),rep('3938',clsize
),rep('3939',clsize),rep('3940',clsize), 
rep('3941',clsize),rep('3942',clsize),rep('3943',clsize),rep('3944',clsize),rep('3945',clsize),rep('3946',clsize),rep('3947',clsize),rep('3948',clsize
),rep('3949',clsize),rep('3950',clsize), 
rep('3951',clsize),rep('3952',clsize),rep('3953',clsize),rep('3954',clsize),rep('3955',clsize),rep('3956',clsize),rep('3957',clsize),rep('3958',clsize
),rep('3959',clsize),rep('3960',clsize), 
rep('3961',clsize),rep('3962',clsize),rep('3963',clsize),rep('3964',clsize),rep('3965',clsize),rep('3966',clsize),rep('3967',clsize),rep('3968',clsize
),rep('3969',clsize),rep('3970',clsize), 
rep('3971',clsize),rep('3972',clsize),rep('3973',clsize),rep('3974',clsize),rep('3975',clsize),rep('3976',clsize),rep('3977',clsize),rep('3978',clsize
),rep('3979',clsize),rep('3980',clsize), 
rep('3981',clsize),rep('3982',clsize),rep('3983',clsize),rep('3984',clsize),rep('3985',clsize),rep('3986',clsize),rep('3987',clsize),rep('3988',clsize
),rep('3989',clsize),rep('3990',clsize), 
rep('3991',clsize),rep('3992',clsize),rep('3993',clsize),rep('3994',clsize),rep('3995',clsize),rep('3996',clsize),rep('3997',clsize),rep('3998',clsize
),rep('3999',clsize),rep('4000',clsize) 
 
 
) 
 



370 
 
 

popx1<-data.frame(cl_id,x) 
popx1$unit<-1:nrow(popx1) 
 
popx <- data.frame(popx1$unit,cl_id,mu,v_j,e_ij,x) 
colnames(popx)<-c('unit_id','cl_id','mu','v_j','e_ij','x') 
 
pop.des=svydesign(data=popx,ids=~cl_id+unit_id, nest=TRUE) 
pop.mean=data.frame(svymean(x,pop.des))    
popmean <- pop.mean[1,1]#finite population mean 
 
 
#################### Weights storage ############################################### 
 
for (k in 1:nvar){ 
 
for (j in 1:nsamp){ 
   
  w1<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w2<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w3<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w4<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w5<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w6<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w7<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w8<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w9<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w10<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w11<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w12<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)   
} 
 
####################################################################################### 
################################################################################################## 
# Two stage Cluster Random Sampling from a clustered finite population 
################################################################################################## 
 
n2 = rep(20,50)          # select 20 units from 50 clusters 
 
for (i in 1:nsamp) {  
 
sample = mstage(popx, stage=list("cluster","cluster"), varnames=list("cl_id", "unit_id"),size=list(500,n2), method=list("srswor","srswor")) 
#unique(sample[[1]]$cl_id) 
#unique(sample[[2]]$unit_id)     #double checking 
 
s=getdata(popx,sample)[[2]] 
 
########################################################################################################## 
# Naive weights 
################# 
 
  mean_naive[i]=mean(s$x) 
  variance_naive[i]=var(s$x) 
  cv_naive[i]=abs(sqrt(variance_naive[i])/mean_naive[i]) 
  skewness_naive[i]<-skewness(s$x) 
  kurtosis_naive[i]<-kurtosis(s$x) 
 
########################################################################################################## 
# Design conscious weights 
########################### 
 
plan=svydesign(data=s,ids=~cl_id+unit_id, nest=TRUE) 
mean_st=svymean(~x,plan) 
mean_st=as.data.frame(mean_st) 
 
means[i]<-mean_st[1,1]                                   #sample mean for ith sample 
    variance[i]<-mean_st[1,2]^2              #sample variance, design consistent variance 
    cv[i]<-abs(sqrt(variance[i])/means[i])                 #coefficient of variation 
   
   
    # skewness[i]<-skewness(s[,i]) 
    moments = svymean(~I(x^4) + I(x^3) + 
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                       I(x^2) + I(x), plan) 
   
    skew=data.frame(svycontrast(moments,  
                         quote((`I(x^3)` - 3*`I(x^2)`*`I(x)` + 
                                3*`I(x)`*`I(x)`^2 - `I(x)`^3)/ 
                              (`I(x^2)` - `I(x)`^2)^1.5))) 
    skewness[i]<-skew[1,1] 
     
    #kurtosis[i]<-kurtosis(s[,i]) 
     
    kurt=data.frame(svycontrast(moments,  
                quote((`I(x^4)` - 
                         4*`I(x^3)`*`I(x)` + 
                         6*`I(x^2)`*`I(x)`^2 - 
                         4*`I(x)`*`I(x)`^3 + 
                         `I(x)`^4)/ 
                        (`I(x^2)` - 
                           `I(x)`^2)^2))) 
     
    kurtosis[i]<-kurt[1,1] 
     
    meff.1 <- data.frame(svymean(s$x,plan,deff=TRUE)) 
    meff_var[i]=variance[i]/((1-(n/N))*(var(s$x)/n)) 
 
######################Weights calculation################################### 
  
    
  w1[i]=n                #inverse of the sample size 
 
  w2[i]<-1/(variance[i])   #inverse of the design variance of the estimator of the mean  
  w3[i]<-1/(variance_naive[i])   #inverse of the naive variance of the estimator of the mean 
   
  w4[i]=1                   #simple average weights  
 
  w5[i]=1/cv[i]             #inverse of cv 
  w6[i]=1/cv_naive[i]             #inverse of naive cv 
 
  w7[i]=abs(1/skewness[i])       #inverse skewness 
  w8[i]=abs(1/skewness_naive[i])       #inverse skewness 
 
  w9[i]=1/kurtosis[i]       #inverse kurtosis 
  w10[i]=1/kurtosis_naive[i]       #inverse kurtosis 
 
  w11[i]=meff_var[i]/variance[i]  #in srs deff=1 so coincides with inverse of variance 
  w12[i]=1/meff_var[i]   
 
   
  combmeans1[i]<-round(sum(means[1:i]*w1[1:i])/sum(w1[1:i]),digits=9) #combine means using inverse sample size 
  combmeans2[i]<-round(sum(means[1:i]*w2[1:i])/sum(w2[1:i]),digits=9) # combine using inverse variance  
  combmeans3[i]<-round(sum(means[1:i]*w3[1:i])/sum(w3[1:i]),digits=9) # combine using inverse variance naive  
  combmeans4[i]<-round(sum(means[1:i]*w4[1:i])/sum(w4[1:i]),digits=9) # combine using a weight of 1 
  combmeans5[i]<-round(sum(means[1:i]*w5[1:i])/sum(w5[1:i]),digits=9) # combine using a weight of inverse CV 
  combmeans6[i]<-round(sum(means[1:i]*w6[1:i])/sum(w6[1:i]),digits=9) # combine using a weight of inverse CV naive 
  combmeans7[i]<-round(sum(means[1:i]*w7[1:i])/sum(w7[1:i]),digits=9) # combine using a weight of inverse skewness 
  combmeans8[i]<-round(sum(means[1:i]*w8[1:i])/sum(w8[1:i]),digits=9) #combine using a weight of inverse skewness naive 
  combmeans9[i]<-round(sum(means[1:i]*w9[1:i])/sum(w9[1:i]),digits=9) # combine using inverse kurtosis  
  combmeans10[i]<-round(sum(means[1:i]*w10[1:i])/sum(w10[1:i]),digits=9) # combine using inverse kurtosis naive 
  combmeans11[i]<-round(sum(means[1:i]*w11[1:i])/sum(w11[1:i]),digits=9) # combine using a weight of meff/var 
  combmeans12[i]<-round(sum(means[1:i]*w12[1:i])/sum(w12[1:i]),digits=9) # combine using a weight of 1/meff 
 
   
   
     
     
  } 
 
sampmean[k]=means[1]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
 
combmeans11[k]=combmeans1[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans21[k]=combmeans2[2] 
    combmeans31[k]=combmeans3[2] 
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    combmeans41[k]=combmeans4[2] 
    combmeans51[k]=combmeans5[2] 
    combmeans61[k]=combmeans6[2] 
    combmeans71[k]=combmeans7[2] 
    combmeans81[k]=combmeans8[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans91[k]=combmeans9[2] 
    combmeans101[k]=combmeans10[2] 
    combmeans111[k]=combmeans11[2] 
    combmeans121[k]=combmeans12[2] 
 
 
    combmeans12[k]=combmeans1[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans22[k]=combmeans2[3] 
    combmeans32[k]=combmeans3[3] 
    combmeans42[k]=combmeans4[3] 
    combmeans52[k]=combmeans5[3] 
    combmeans62[k]=combmeans6[3] 
    combmeans72[k]=combmeans7[3] 
    combmeans82[k]=combmeans8[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans92[k]=combmeans9[3] 
    combmeans102[k]=combmeans10[3] 
    combmeans112[k]=combmeans11[3] 
    combmeans122[k]=combmeans12[3] 
 
 
    combmeans13[k]=combmeans1[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans23[k]=combmeans2[5] 
    combmeans33[k]=combmeans3[5] 
    combmeans43[k]=combmeans4[5] 
    combmeans53[k]=combmeans5[5] 
    combmeans63[k]=combmeans6[5] 
    combmeans73[k]=combmeans7[5] 
    combmeans83[k]=combmeans8[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans93[k]=combmeans9[5] 
    combmeans103[k]=combmeans10[5] 
    combmeans113[k]=combmeans11[5] 
    combmeans123[k]=combmeans12[5] 
 
 
    combmeans14[k]=combmeans1[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans24[k]=combmeans2[10] 
    combmeans34[k]=combmeans3[10] 
    combmeans44[k]=combmeans4[10] 
    combmeans54[k]=combmeans5[10] 
    combmeans64[k]=combmeans6[10] 
    combmeans74[k]=combmeans7[10] 
    combmeans84[k]=combmeans8[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans94[k]=combmeans9[10] 
    combmeans104[k]=combmeans10[10] 
    combmeans114[k]=combmeans11[10] 
    combmeans124[k]=combmeans12[10] 
 
   
    combmeans15[k]=combmeans1[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans25[k]=combmeans2[15] 
    combmeans35[k]=combmeans3[15] 
    combmeans45[k]=combmeans4[15] 
    combmeans55[k]=combmeans5[15] 
    combmeans65[k]=combmeans6[15] 
    combmeans75[k]=combmeans7[15] 
    combmeans85[k]=combmeans8[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans95[k]=combmeans9[15] 
    combmeans105[k]=combmeans10[15] 
    combmeans115[k]=combmeans11[15] 
    combmeans125[k]=combmeans12[15] 
 
 
    combmeans16[k]=combmeans1[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans26[k]=combmeans2[20] 
    combmeans36[k]=combmeans3[20] 
    combmeans46[k]=combmeans4[20] 
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    combmeans56[k]=combmeans5[20] 
    combmeans66[k]=combmeans6[20] 
    combmeans76[k]=combmeans7[20] 
    combmeans86[k]=combmeans8[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans96[k]=combmeans9[20] 
    combmeans106[k]=combmeans10[20] 
    combmeans116[k]=combmeans11[20] 
    combmeans126[k]=combmeans12[20] 
 
} 
expected1=mean(sampmean)            #expected mean for one sample, not combining 
 
expected=matrix(0,12,6) 
 
expected[1,1]=mean(combmeans11)     #strategy 1 nsamp=2 
expected[2,1]=mean(combmeans21) 
expected[3,1]=mean(combmeans31) 
expected[4,1]=mean(combmeans41) 
expected[5,1]=mean(combmeans51) 
expected[6,1]=mean(combmeans61) 
expected[7,1]=mean(combmeans71) 
expected[8,1]=mean(combmeans81)      
expected[9,1]=mean(combmeans91) 
expected[10,1]=mean(combmeans101) 
expected[11,1]=mean(combmeans111) 
expected[12,1]=mean(combmeans121) 
 
expected[1,2]=mean(combmeans12)     #strategy 1 nsamp=3 
expected[2,2]=mean(combmeans22) 
expected[3,2]=mean(combmeans32) 
expected[4,2]=mean(combmeans42) 
expected[5,2]=mean(combmeans52) 
expected[6,2]=mean(combmeans62) 
expected[7,2]=mean(combmeans72) 
expected[8,2]=mean(combmeans82)      
expected[9,2]=mean(combmeans92) 
expected[10,2]=mean(combmeans102) 
expected[11,2]=mean(combmeans112) 
expected[12,2]=mean(combmeans122) 
 
expected[1,3]=mean(combmeans13)     #strategy 1 nsamp=5 
expected[2,3]=mean(combmeans23) 
expected[3,3]=mean(combmeans33) 
expected[4,3]=mean(combmeans43) 
expected[5,3]=mean(combmeans53) 
expected[6,3]=mean(combmeans63) 
expected[7,3]=mean(combmeans73) 
expected[8,3]=mean(combmeans83)      
expected[9,3]=mean(combmeans93) 
expected[10,3]=mean(combmeans103) 
expected[11,3]=mean(combmeans113) 
expected[12,3]=mean(combmeans123) 
 
expected[1,4]=mean(combmeans14)     #strategy 1 nsamp=10 
expected[2,4]=mean(combmeans24) 
expected[3,4]=mean(combmeans34) 
expected[4,4]=mean(combmeans44) 
expected[5,4]=mean(combmeans54) 
expected[6,4]=mean(combmeans64) 
expected[7,4]=mean(combmeans74) 
expected[8,4]=mean(combmeans84)      
expected[9,4]=mean(combmeans94) 
expected[10,4]=mean(combmeans104) 
expected[11,4]=mean(combmeans114) 
expected[12,4]=mean(combmeans124) 
 
expected[1,5]=mean(combmeans15)     #strategy 1 nsamp=15 
expected[2,5]=mean(combmeans25) 
expected[3,5]=mean(combmeans35) 
expected[4,5]=mean(combmeans45) 
expected[5,5]=mean(combmeans55) 
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expected[6,5]=mean(combmeans65) 
expected[7,5]=mean(combmeans75) 
expected[8,5]=mean(combmeans85)      
expected[9,5]=mean(combmeans95) 
expected[10,5]=mean(combmeans105) 
expected[11,5]=mean(combmeans115) 
expected[12,5]=mean(combmeans125) 
 
expected[1,6]=mean(combmeans16)     #strategy 1 nsamp=20 
expected[2,6]=mean(combmeans26) 
expected[3,6]=mean(combmeans36) 
expected[4,6]=mean(combmeans46) 
expected[5,6]=mean(combmeans56) 
expected[6,6]=mean(combmeans66) 
expected[7,6]=mean(combmeans76) 
expected[8,6]=mean(combmeans86)      
expected[9,6]=mean(combmeans96) 
expected[10,6]=mean(combmeans106) 
expected[11,6]=mean(combmeans116) 
expected[12,6]=mean(combmeans126) 
 
expectedcol=c(expected1,expected[,1],expected[,2],expected[,3],expected[,4],expected[,5],expected[,6]) 
 
means=cbind(combmeans11,combmeans21, 
combmeans31,combmeans41,combmeans51,combmeans61,combmeans71,combmeans81,combmeans91, 
combmeans101,combmeans111,combmeans121, 
combmeans12,combmeans22, combmeans32,combmeans42,combmeans52,combmeans62,combmeans72,combmeans82,combmeans92, 
combmeans102,combmeans112,combmeans122, 
combmeans13,combmeans23, combmeans33,combmeans43,combmeans53,combmeans63,combmeans73,combmeans83,combmeans93, 
combmeans103,combmeans113,combmeans123, 
combmeans14,combmeans24, combmeans34,combmeans44,combmeans54,combmeans64,combmeans74,combmeans84,combmeans94, 
combmeans104,combmeans114,combmeans124, 
combmeans15,combmeans25, combmeans35,combmeans45,combmeans55,combmeans65,combmeans75,combmeans85,combmeans95, 
combmeans105,combmeans115,combmeans125, 
combmeans16,combmeans26, combmeans36,combmeans46,combmeans56,combmeans66,combmeans76,combmeans86,combmeans96, 
combmeans106,combmeans116,combmeans126) 
 
 
variance1=(1/nvar)*sum((sampmean[,1]-expected1)**2) 
 
variance11=(1/nvar)*sum((means[,1]-expected[1,1])**2) 
variance21=(1/nvar)*sum((means[,2]-expected[2,1])**2) 
variance31=(1/nvar)*sum((means[,3]-expected[3,1])**2) 
variance41=(1/nvar)*sum((means[,4]-expected[4,1])**2) 
variance51=(1/nvar)*sum((means[,5]-expected[5,1])**2) 
variance61=(1/nvar)*sum((means[,6]-expected[6,1])**2) 
variance71=(1/nvar)*sum((means[,7]-expected[7,1])**2) 
variance81=(1/nvar)*sum((means[,8]-expected[8,1])**2) 
variance91=(1/nvar)*sum((means[,9]-expected[9,1])**2) 
variance101=(1/nvar)*sum((means[,10]-expected[10,1])**2) 
variance111=(1/nvar)*sum((means[,11]-expected[11,1])**2) 
variance121=(1/nvar)*sum((means[,12]-expected[12,1])**2) 
 
variance12=(1/nvar)*sum((means[,13]-expected[1,2])**2) 
variance22=(1/nvar)*sum((means[,14]-expected[2,2])**2) 
variance32=(1/nvar)*sum((means[,15]-expected[3,2])**2) 
variance42=(1/nvar)*sum((means[,16]-expected[4,2])**2) 
variance52=(1/nvar)*sum((means[,17]-expected[5,2])**2) 
variance62=(1/nvar)*sum((means[,18]-expected[6,2])**2) 
variance72=(1/nvar)*sum((means[,19]-expected[7,2])**2) 
variance82=(1/nvar)*sum((means[,20]-expected[8,2])**2) 
variance92=(1/nvar)*sum((means[,21]-expected[9,2])**2) 
variance102=(1/nvar)*sum((means[,22]-expected[10,2])**2) 
variance112=(1/nvar)*sum((means[,23]-expected[11,2])**2) 
variance122=(1/nvar)*sum((means[,24]-expected[12,2])**2) 
 
variance13=(1/nvar)*sum((means[,25]-expected[1,3])**2) 
variance23=(1/nvar)*sum((means[,26]-expected[2,3])**2) 
variance33=(1/nvar)*sum((means[,27]-expected[3,3])**2) 
variance43=(1/nvar)*sum((means[,28]-expected[4,3])**2) 
variance53=(1/nvar)*sum((means[,29]-expected[5,3])**2) 
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variance63=(1/nvar)*sum((means[,30]-expected[6,3])**2) 
variance73=(1/nvar)*sum((means[,31]-expected[7,3])**2) 
variance83=(1/nvar)*sum((means[,32]-expected[8,3])**2) 
variance93=(1/nvar)*sum((means[,33]-expected[9,3])**2) 
variance103=(1/nvar)*sum((means[,34]-expected[10,3])**2) 
variance113=(1/nvar)*sum((means[,35]-expected[11,3])**2) 
variance123=(1/nvar)*sum((means[,36]-expected[12,3])**2) 
 
variance14=(1/nvar)*sum((means[,37]-expected[1,4])**2) 
variance24=(1/nvar)*sum((means[,38]-expected[2,4])**2) 
variance34=(1/nvar)*sum((means[,39]-expected[3,4])**2) 
variance44=(1/nvar)*sum((means[,40]-expected[4,4])**2) 
variance54=(1/nvar)*sum((means[,41]-expected[5,4])**2) 
variance64=(1/nvar)*sum((means[,42]-expected[6,4])**2) 
variance74=(1/nvar)*sum((means[,43]-expected[7,4])**2) 
variance84=(1/nvar)*sum((means[,44]-expected[8,4])**2) 
variance94=(1/nvar)*sum((means[,45]-expected[9,4])**2) 
variance104=(1/nvar)*sum((means[,46]-expected[10,4])**2) 
variance114=(1/nvar)*sum((means[,47]-expected[11,4])**2) 
variance124=(1/nvar)*sum((means[,48]-expected[12,4])**2) 
 
variance15=(1/nvar)*sum((means[,49]-expected[1,5])**2) 
variance25=(1/nvar)*sum((means[,50]-expected[2,5])**2) 
variance35=(1/nvar)*sum((means[,51]-expected[3,5])**2) 
variance45=(1/nvar)*sum((means[,52]-expected[4,5])**2) 
variance55=(1/nvar)*sum((means[,53]-expected[5,5])**2) 
variance65=(1/nvar)*sum((means[,54]-expected[6,5])**2) 
variance75=(1/nvar)*sum((means[,55]-expected[7,5])**2) 
variance85=(1/nvar)*sum((means[,56]-expected[8,5])**2) 
variance95=(1/nvar)*sum((means[,57]-expected[9,5])**2) 
variance105=(1/nvar)*sum((means[,58]-expected[10,5])**2) 
variance115=(1/nvar)*sum((means[,59]-expected[11,5])**2) 
variance125=(1/nvar)*sum((means[,60]-expected[12,5])**2) 
 
variance16=(1/nvar)*sum((means[,61]-expected[1,6])**2) 
variance26=(1/nvar)*sum((means[,62]-expected[2,6])**2) 
variance36=(1/nvar)*sum((means[,63]-expected[3,6])**2) 
variance46=(1/nvar)*sum((means[,64]-expected[4,6])**2) 
variance56=(1/nvar)*sum((means[,65]-expected[5,6])**2) 
variance66=(1/nvar)*sum((means[,66]-expected[6,6])**2) 
variance76=(1/nvar)*sum((means[,67]-expected[7,6])**2) 
variance86=(1/nvar)*sum((means[,68]-expected[8,6])**2) 
variance96=(1/nvar)*sum((means[,69]-expected[9,6])**2) 
variance106=(1/nvar)*sum((means[,70]-expected[10,6])**2) 
variance116=(1/nvar)*sum((means[,71]-expected[11,6])**2) 
variance126=(1/nvar)*sum((means[,72]-expected[12,6])**2) 
 
 
variance=c(variance1,variance11,variance21,variance31,variance41,variance51, 
variance61,variance71,variance81,variance91,variance101,variance111,variance121, 
variance12,variance22,variance32,variance42,variance52, 
variance62,variance72,variance82,variance92,variance102,variance112,variance122, 
variance13,variance23,variance33,variance43,variance53, 
variance63,variance73,variance83,variance93,variance103,variance113,variance123, 
variance14,variance24,variance34,variance44,variance54, 
variance64,variance74,variance84,variance94,variance104,variance114,variance124, 
variance15,variance25,variance35,variance45,variance55, 
variance65,variance75,variance85,variance95,variance105,variance115,variance125, 
variance16,variance26,variance36,variance46,variance56, 
variance66,variance76,variance86,variance96,variance106,variance116,variance126) 
 
 
bias= expectedcol-popmean 
 
relbias=(bias/expectedcol)*100 
 
mse= variance + bias**2 
 
cv= (sqrt(variance)/expectedcol)*100 
 
s.e= (sqrt(variance)/sqrt(nvar)) 
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LB= expectedcol - 1.96*s.e 
UB= expectedcol + 1.96*s.e 
 
result=cbind(popmean,expectedcol,relbias,s.e,cv,LB,UB,mse) 
 
write.table(result,"result_scenario1_100.txt",sep="\t") 
write.table(meff_var,"meff_scenario1_100.txt",sep="\t") 
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H2 T Distribution, 3 degrees of freedom 
################################################################################################################# 
# Variance Estimation: Normal distribution 
# author: "Loveness Dzikiti" 
# date: "20 April 2017" 
##################################################################################################### 
 
 
################################################################################# 
# Scenario 1: N=1000000 N(100,25) n=1000 D=20 
################################################################################ 
# Generating a clustered population 
# X_ij= mu + v_j + e_ij 
 
rm(list=ls()) 
 
setwd("C:\\Users\\Loveness\\Dropbox\\Review\\simulations_2019\\cluster\\t3") 
 
library(moments) 
library(sampling) 
library(survey) 
 
N=1000000              #finite population size 
n=1000                #sample size 
nsamp=20           #number of samplesclsize=250 
clsize=250 
k=nvar=100 
 
set.seed(123456) 
 
##############################storage matrices########################################## 
 
mean_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means calculated as srs 
variance_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance calculated as srs 
cv_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation calculated as srs 
skewness_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness calculated as srs 
kurtosis_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis calculated as srs 
 
means <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means 
variance <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance 
designvar <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store design consistent variance 
cv <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation 
skewness <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
kurtosis <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis 
meff_var<-matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample design effect 
 
 
combmeans1 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 1 
combmeans2 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 2 
combmeans3 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 3 
combmeans4 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 4 
combmeans5 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 5 
combmeans6 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 6 
combmeans7 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 7 
combmeans8 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 8 
combmeans9 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 9 
combmeans10<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 10 
combmeans11<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 11 
combmeans12<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 12 
 
sampmean <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store mean of 1 sample, no combining 
 
combmeans11 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans21 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans31 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans41 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans51 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans61 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans71 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans81 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
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combmeans91 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans101 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans111 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans121 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans12 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans22 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans32 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans42 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans52 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans62 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans72 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans82 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans92 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans102 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans112 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans122 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans13 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans23 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans33 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans43 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans53 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans63 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans73 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans83 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans93 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans103 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans113 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans123 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans14 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans24 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans34 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans44 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans54 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans64 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans74 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans84 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans94 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans104 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans114 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans124 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans15 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans25 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans35 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans45 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans55 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans65 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans75 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans85 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans95 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans105 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans115 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans125 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans16 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans26 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans36 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans46 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans56 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans66 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans76 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans86 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans96 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
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combmeans106 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans116 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans126 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
################################################################################################################# 
  
### Generating a clustered population#################################### 
 
v=3 
r=2 
nclus=4000 
 
mu1=0 
sigma1=sqrt(20) 
 
mu2=0 
sigma2=sqrt(5) 
 
Var<-v^(r/2)*((gamma(1/2*(r+1))*gamma(1/2*(v-r)))/(gamma(0.5)*gamma(1/2*v)))   # variance of t-distribution 
 
x1<-rt(N,v)                  #simulate data from a t distribution random mean and variance 
x1<-x1/sqrt(Var) 
 
e_ij=(x1*sigma1)+mu1 
################################################################### 
 
x2<-rt(nclus,v) 
x2<-x2/sqrt(Var) 
 
cl=(x2*sigma2)+mu2 
 
mu <- matrix(c(rep(100,N)), nrow = N, ncol = 1)    #store superpopulation mean 
 
v_j <- 
c(rep(cl[1],clsize),rep(cl[2],clsize),rep(cl[3],clsize),rep(cl[4],clsize),rep(cl[5],clsize),rep(cl[6],clsize),rep(cl[7],clsize),rep(cl[8],clsize),rep(cl[9],cl
size),rep(cl[10],clsize), 
rep(cl[11],clsize),rep(cl[12],clsize),rep(cl[13],clsize),rep(cl[14],clsize),rep(cl[15],clsize),rep(cl[16],clsize),rep(cl[17],clsize),rep(cl[18],clsize),re
p(cl[19],clsize),rep(cl[20],clsize), 
rep(cl[21],clsize),rep(cl[22],clsize),rep(cl[23],clsize),rep(cl[24],clsize),rep(cl[25],clsize),rep(cl[26],clsize),rep(cl[27],clsize),rep(cl[28],clsize),re
p(cl[29],clsize),rep(cl[30],clsize), 
rep(cl[31],clsize),rep(cl[32],clsize),rep(cl[33],clsize),rep(cl[34],clsize),rep(cl[35],clsize),rep(cl[36],clsize),rep(cl[37],clsize),rep(cl[38],clsize),re
p(cl[39],clsize),rep(cl[40],clsize), 
rep(cl[41],clsize),rep(cl[42],clsize),rep(cl[43],clsize),rep(cl[44],clsize),rep(cl[45],clsize),rep(cl[46],clsize),rep(cl[47],clsize),rep(cl[48],clsize),re
p(cl[49],clsize),rep(cl[50],clsize), 
rep(cl[51],clsize),rep(cl[52],clsize),rep(cl[53],clsize),rep(cl[54],clsize),rep(cl[55],clsize),rep(cl[56],clsize),rep(cl[57],clsize),rep(cl[58],clsize),re
p(cl[59],clsize),rep(cl[60],clsize), 
rep(cl[61],clsize),rep(cl[62],clsize),rep(cl[63],clsize),rep(cl[64],clsize),rep(cl[65],clsize),rep(cl[66],clsize),rep(cl[67],clsize),rep(cl[68],clsize),re
p(cl[69],clsize),rep(cl[70],clsize), 
rep(cl[71],clsize),rep(cl[72],clsize),rep(cl[73],clsize),rep(cl[74],clsize),rep(cl[75],clsize),rep(cl[76],clsize),rep(cl[77],clsize),rep(cl[78],clsize),re
p(cl[79],clsize),rep(cl[80],clsize), 
rep(cl[81],clsize),rep(cl[82],clsize),rep(cl[83],clsize),rep(cl[84],clsize),rep(cl[85],clsize),rep(cl[86],clsize),rep(cl[87],clsize),rep(cl[88],clsize),re
p(cl[89],clsize),rep(cl[90],clsize), 
rep(cl[91],clsize),rep(cl[92],clsize),rep(cl[93],clsize),rep(cl[94],clsize),rep(cl[95],clsize),rep(cl[96],clsize),rep(cl[97],clsize),rep(cl[98],clsize),re
p(cl[99],clsize),rep(cl[100],clsize), 
rep(cl[101],clsize),rep(cl[102],clsize),rep(cl[103],clsize),rep(cl[104],clsize),rep(cl[105],clsize),rep(cl[106],clsize),rep(cl[107],clsize),rep(cl[108
],clsize),rep(cl[109],clsize),rep(cl[110],clsize), 
rep(cl[111],clsize),rep(cl[112],clsize),rep(cl[113],clsize),rep(cl[114],clsize),rep(cl[115],clsize),rep(cl[116],clsize),rep(cl[117],clsize),rep(cl[118
],clsize),rep(cl[119],clsize),rep(cl[120],clsize), 
rep(cl[121],clsize),rep(cl[122],clsize),rep(cl[123],clsize),rep(cl[124],clsize),rep(cl[125],clsize),rep(cl[126],clsize),rep(cl[127],clsize),rep(cl[128
],clsize),rep(cl[129],clsize),rep(cl[130],clsize), 
rep(cl[131],clsize),rep(cl[132],clsize),rep(cl[133],clsize),rep(cl[134],clsize),rep(cl[135],clsize),rep(cl[136],clsize),rep(cl[137],clsize),rep(cl[138
],clsize),rep(cl[139],clsize),rep(cl[140],clsize), 
rep(cl[141],clsize),rep(cl[142],clsize),rep(cl[143],clsize),rep(cl[144],clsize),rep(cl[145],clsize),rep(cl[146],clsize),rep(cl[147],clsize),rep(cl[148
],clsize),rep(cl[149],clsize),rep(cl[150],clsize), 
rep(cl[151],clsize),rep(cl[152],clsize),rep(cl[153],clsize),rep(cl[154],clsize),rep(cl[155],clsize),rep(cl[156],clsize),rep(cl[157],clsize),rep(cl[158
],clsize),rep(cl[159],clsize),rep(cl[160],clsize), 
rep(cl[161],clsize),rep(cl[162],clsize),rep(cl[163],clsize),rep(cl[164],clsize),rep(cl[165],clsize),rep(cl[166],clsize),rep(cl[167],clsize),rep(cl[168
],clsize),rep(cl[169],clsize),rep(cl[170],clsize), 
rep(cl[171],clsize),rep(cl[172],clsize),rep(cl[173],clsize),rep(cl[174],clsize),rep(cl[175],clsize),rep(cl[176],clsize),rep(cl[177],clsize),rep(cl[178
],clsize),rep(cl[179],clsize),rep(cl[180],clsize), 
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rep(cl[181],clsize),rep(cl[182],clsize),rep(cl[183],clsize),rep(cl[184],clsize),rep(cl[185],clsize),rep(cl[186],clsize),rep(cl[187],clsize),rep(cl[188
],clsize),rep(cl[189],clsize),rep(cl[190],clsize), 
rep(cl[191],clsize),rep(cl[192],clsize),rep(cl[193],clsize),rep(cl[194],clsize),rep(cl[195],clsize),rep(cl[196],clsize),rep(cl[197],clsize),rep(cl[198
],clsize),rep(cl[199],clsize),rep(cl[200],clsize), 
rep(cl[201],clsize),rep(cl[202],clsize),rep(cl[203],clsize),rep(cl[204],clsize),rep(cl[205],clsize),rep(cl[206],clsize),rep(cl[207],clsize),rep(cl[208
],clsize),rep(cl[209],clsize),rep(cl[210],clsize), 
rep(cl[211],clsize),rep(cl[212],clsize),rep(cl[213],clsize),rep(cl[214],clsize),rep(cl[215],clsize),rep(cl[216],clsize),rep(cl[217],clsize),rep(cl[218
],clsize),rep(cl[219],clsize),rep(cl[220],clsize), 
rep(cl[221],clsize),rep(cl[222],clsize),rep(cl[223],clsize),rep(cl[224],clsize),rep(cl[225],clsize),rep(cl[226],clsize),rep(cl[227],clsize),rep(cl[228
],clsize),rep(cl[229],clsize),rep(cl[230],clsize), 
rep(cl[231],clsize),rep(cl[232],clsize),rep(cl[233],clsize),rep(cl[234],clsize),rep(cl[235],clsize),rep(cl[236],clsize),rep(cl[237],clsize),rep(cl[238
],clsize),rep(cl[239],clsize),rep(cl[240],clsize), 
rep(cl[241],clsize),rep(cl[242],clsize),rep(cl[243],clsize),rep(cl[244],clsize),rep(cl[245],clsize),rep(cl[246],clsize),rep(cl[247],clsize),rep(cl[248
],clsize),rep(cl[249],clsize),rep(cl[250],clsize), 
rep(cl[251],clsize),rep(cl[252],clsize),rep(cl[253],clsize),rep(cl[254],clsize),rep(cl[255],clsize),rep(cl[256],clsize),rep(cl[257],clsize),rep(cl[258
],clsize),rep(cl[259],clsize),rep(cl[260],clsize), 
rep(cl[261],clsize),rep(cl[262],clsize),rep(cl[263],clsize),rep(cl[264],clsize),rep(cl[265],clsize),rep(cl[266],clsize),rep(cl[267],clsize),rep(cl[268
],clsize),rep(cl[269],clsize),rep(cl[270],clsize), 
rep(cl[271],clsize),rep(cl[272],clsize),rep(cl[273],clsize),rep(cl[274],clsize),rep(cl[275],clsize),rep(cl[276],clsize),rep(cl[277],clsize),rep(cl[278
],clsize),rep(cl[279],clsize),rep(cl[280],clsize), 
rep(cl[281],clsize),rep(cl[282],clsize),rep(cl[283],clsize),rep(cl[284],clsize),rep(cl[285],clsize),rep(cl[286],clsize),rep(cl[287],clsize),rep(cl[288
],clsize),rep(cl[289],clsize),rep(cl[290],clsize), 
rep(cl[291],clsize),rep(cl[292],clsize),rep(cl[293],clsize),rep(cl[294],clsize),rep(cl[295],clsize),rep(cl[296],clsize),rep(cl[297],clsize),rep(cl[298
],clsize),rep(cl[299],clsize),rep(cl[300],clsize), 
rep(cl[301],clsize),rep(cl[302],clsize),rep(cl[303],clsize),rep(cl[304],clsize),rep(cl[305],clsize),rep(cl[306],clsize),rep(cl[307],clsize),rep(cl[308
],clsize),rep(cl[309],clsize),rep(cl[310],clsize), 
rep(cl[311],clsize),rep(cl[312],clsize),rep(cl[313],clsize),rep(cl[314],clsize),rep(cl[315],clsize),rep(cl[316],clsize),rep(cl[317],clsize),rep(cl[318
],clsize),rep(cl[319],clsize),rep(cl[320],clsize), 
rep(cl[321],clsize),rep(cl[322],clsize),rep(cl[323],clsize),rep(cl[324],clsize),rep(cl[325],clsize),rep(cl[326],clsize),rep(cl[327],clsize),rep(cl[328
],clsize),rep(cl[329],clsize),rep(cl[330],clsize), 
rep(cl[331],clsize),rep(cl[332],clsize),rep(cl[333],clsize),rep(cl[334],clsize),rep(cl[335],clsize),rep(cl[336],clsize),rep(cl[337],clsize),rep(cl[338
],clsize),rep(cl[339],clsize),rep(cl[340],clsize), 
rep(cl[341],clsize),rep(cl[342],clsize),rep(cl[343],clsize),rep(cl[344],clsize),rep(cl[345],clsize),rep(cl[346],clsize),rep(cl[347],clsize),rep(cl[348
],clsize),rep(cl[349],clsize),rep(cl[350],clsize), 
rep(cl[351],clsize),rep(cl[352],clsize),rep(cl[353],clsize),rep(cl[354],clsize),rep(cl[355],clsize),rep(cl[356],clsize),rep(cl[357],clsize),rep(cl[358
],clsize),rep(cl[359],clsize),rep(cl[360],clsize), 
rep(cl[361],clsize),rep(cl[362],clsize),rep(cl[363],clsize),rep(cl[364],clsize),rep(cl[365],clsize),rep(cl[366],clsize),rep(cl[367],clsize),rep(cl[368
],clsize),rep(cl[369],clsize),rep(cl[370],clsize), 
rep(cl[371],clsize),rep(cl[372],clsize),rep(cl[373],clsize),rep(cl[374],clsize),rep(cl[375],clsize),rep(cl[376],clsize),rep(cl[377],clsize),rep(cl[378
],clsize),rep(cl[379],clsize),rep(cl[380],clsize), 
rep(cl[381],clsize),rep(cl[382],clsize),rep(cl[383],clsize),rep(cl[384],clsize),rep(cl[385],clsize),rep(cl[386],clsize),rep(cl[387],clsize),rep(cl[388
],clsize),rep(cl[389],clsize),rep(cl[390],clsize), 
rep(cl[391],clsize),rep(cl[392],clsize),rep(cl[393],clsize),rep(cl[394],clsize),rep(cl[395],clsize),rep(cl[396],clsize),rep(cl[397],clsize),rep(cl[398
],clsize),rep(cl[399],clsize),rep(cl[400],clsize), 
 
rep(cl[401],clsize),rep(cl[402],clsize),rep(cl[403],clsize),rep(cl[404],clsize),rep(cl[405],clsize),rep(cl[406],clsize),rep(cl[407],clsize),rep(cl[408
],clsize),rep(cl[409],clsize),rep(cl[410],clsize), 
rep(cl[411],clsize),rep(cl[412],clsize),rep(cl[413],clsize),rep(cl[414],clsize),rep(cl[415],clsize),rep(cl[416],clsize),rep(cl[417],clsize),rep(cl[418
],clsize),rep(cl[419],clsize),rep(cl[420],clsize), 
rep(cl[421],clsize),rep(cl[422],clsize),rep(cl[423],clsize),rep(cl[424],clsize),rep(cl[425],clsize),rep(cl[426],clsize),rep(cl[427],clsize),rep(cl[428
],clsize),rep(cl[429],clsize),rep(cl[430],clsize), 
rep(cl[431],clsize),rep(cl[432],clsize),rep(cl[433],clsize),rep(cl[434],clsize),rep(cl[435],clsize),rep(cl[436],clsize),rep(cl[437],clsize),rep(cl[438
],clsize),rep(cl[439],clsize),rep(cl[440],clsize), 
rep(cl[441],clsize),rep(cl[442],clsize),rep(cl[443],clsize),rep(cl[444],clsize),rep(cl[445],clsize),rep(cl[446],clsize),rep(cl[447],clsize),rep(cl[448
],clsize),rep(cl[449],clsize),rep(cl[450],clsize), 
rep(cl[451],clsize),rep(cl[452],clsize),rep(cl[453],clsize),rep(cl[454],clsize),rep(cl[455],clsize),rep(cl[456],clsize),rep(cl[457],clsize),rep(cl[458
],clsize),rep(cl[459],clsize),rep(cl[460],clsize), 
rep(cl[461],clsize),rep(cl[462],clsize),rep(cl[463],clsize),rep(cl[464],clsize),rep(cl[465],clsize),rep(cl[466],clsize),rep(cl[467],clsize),rep(cl[468
],clsize),rep(cl[469],clsize),rep(cl[470],clsize), 
rep(cl[471],clsize),rep(cl[472],clsize),rep(cl[473],clsize),rep(cl[474],clsize),rep(cl[475],clsize),rep(cl[476],clsize),rep(cl[477],clsize),rep(cl[478
],clsize),rep(cl[479],clsize),rep(cl[480],clsize), 
rep(cl[481],clsize),rep(cl[482],clsize),rep(cl[483],clsize),rep(cl[484],clsize),rep(cl[485],clsize),rep(cl[486],clsize),rep(cl[487],clsize),rep(cl[488
],clsize),rep(cl[489],clsize),rep(cl[490],clsize), 
rep(cl[491],clsize),rep(cl[492],clsize),rep(cl[493],clsize),rep(cl[494],clsize),rep(cl[495],clsize),rep(cl[496],clsize),rep(cl[497],clsize),rep(cl[498
],clsize),rep(cl[499],clsize),rep(cl[500],clsize), 
 
rep(cl[501],clsize),rep(cl[502],clsize),rep(cl[503],clsize),rep(cl[504],clsize),rep(cl[505],clsize),rep(cl[506],clsize),rep(cl[507],clsize),rep(cl[508
],clsize),rep(cl[509],clsize),rep(cl[510],clsize), 
rep(cl[511],clsize),rep(cl[512],clsize),rep(cl[513],clsize),rep(cl[514],clsize),rep(cl[515],clsize),rep(cl[516],clsize),rep(cl[517],clsize),rep(cl[518
],clsize),rep(cl[519],clsize),rep(cl[520],clsize), 
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rep(cl[521],clsize),rep(cl[522],clsize),rep(cl[523],clsize),rep(cl[524],clsize),rep(cl[525],clsize),rep(cl[526],clsize),rep(cl[527],clsize),rep(cl[528
],clsize),rep(cl[529],clsize),rep(cl[530],clsize), 
rep(cl[531],clsize),rep(cl[532],clsize),rep(cl[533],clsize),rep(cl[534],clsize),rep(cl[535],clsize),rep(cl[536],clsize),rep(cl[537],clsize),rep(cl[538
],clsize),rep(cl[539],clsize),rep(cl[540],clsize), 
rep(cl[541],clsize),rep(cl[542],clsize),rep(cl[543],clsize),rep(cl[544],clsize),rep(cl[545],clsize),rep(cl[546],clsize),rep(cl[547],clsize),rep(cl[548
],clsize),rep(cl[549],clsize),rep(cl[550],clsize), 
rep(cl[551],clsize),rep(cl[552],clsize),rep(cl[553],clsize),rep(cl[554],clsize),rep(cl[555],clsize),rep(cl[556],clsize),rep(cl[557],clsize),rep(cl[558
],clsize),rep(cl[559],clsize),rep(cl[560],clsize), 
rep(cl[561],clsize),rep(cl[562],clsize),rep(cl[563],clsize),rep(cl[564],clsize),rep(cl[565],clsize),rep(cl[566],clsize),rep(cl[567],clsize),rep(cl[568
],clsize),rep(cl[569],clsize),rep(cl[570],clsize), 
rep(cl[571],clsize),rep(cl[572],clsize),rep(cl[573],clsize),rep(cl[574],clsize),rep(cl[575],clsize),rep(cl[576],clsize),rep(cl[577],clsize),rep(cl[578
],clsize),rep(cl[579],clsize),rep(cl[580],clsize), 
rep(cl[581],clsize),rep(cl[582],clsize),rep(cl[583],clsize),rep(cl[584],clsize),rep(cl[585],clsize),rep(cl[586],clsize),rep(cl[587],clsize),rep(cl[588
],clsize),rep(cl[589],clsize),rep(cl[590],clsize), 
rep(cl[591],clsize),rep(cl[592],clsize),rep(cl[593],clsize),rep(cl[594],clsize),rep(cl[595],clsize),rep(cl[596],clsize),rep(cl[597],clsize),rep(cl[598
],clsize),rep(cl[599],clsize),rep(cl[600],clsize), 
 
rep(cl[601],clsize),rep(cl[602],clsize),rep(cl[603],clsize),rep(cl[604],clsize),rep(cl[605],clsize),rep(cl[606],clsize),rep(cl[607],clsize),rep(cl[608
],clsize),rep(cl[609],clsize),rep(cl[610],clsize), 
rep(cl[611],clsize),rep(cl[612],clsize),rep(cl[613],clsize),rep(cl[614],clsize),rep(cl[615],clsize),rep(cl[616],clsize),rep(cl[617],clsize),rep(cl[618
],clsize),rep(cl[619],clsize),rep(cl[620],clsize), 
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rep(cl[3711],clsize),rep(cl[3712],clsize),rep(cl[3713],clsize),rep(cl[3714],clsize),rep(cl[3715],clsize),rep(cl[3716],clsize),rep(cl[3717],clsize),re
p(cl[3718],clsize),rep(cl[3719],clsize),rep(cl[3720],clsize), 
rep(cl[3721],clsize),rep(cl[3722],clsize),rep(cl[3723],clsize),rep(cl[3724],clsize),rep(cl[3725],clsize),rep(cl[3726],clsize),rep(cl[3727],clsize),re
p(cl[3728],clsize),rep(cl[3729],clsize),rep(cl[3730],clsize), 
rep(cl[3731],clsize),rep(cl[3732],clsize),rep(cl[3733],clsize),rep(cl[3734],clsize),rep(cl[3735],clsize),rep(cl[3736],clsize),rep(cl[3737],clsize),re
p(cl[3738],clsize),rep(cl[3739],clsize),rep(cl[3740],clsize), 
rep(cl[3741],clsize),rep(cl[3742],clsize),rep(cl[3743],clsize),rep(cl[3744],clsize),rep(cl[3745],clsize),rep(cl[3746],clsize),rep(cl[3747],clsize),re
p(cl[3748],clsize),rep(cl[3749],clsize),rep(cl[3750],clsize), 
rep(cl[3751],clsize),rep(cl[3752],clsize),rep(cl[3753],clsize),rep(cl[3754],clsize),rep(cl[3755],clsize),rep(cl[3756],clsize),rep(cl[3757],clsize),re
p(cl[3758],clsize),rep(cl[3759],clsize),rep(cl[3760],clsize), 
rep(cl[3761],clsize),rep(cl[3762],clsize),rep(cl[3763],clsize),rep(cl[3764],clsize),rep(cl[3765],clsize),rep(cl[3766],clsize),rep(cl[3767],clsize),re
p(cl[3768],clsize),rep(cl[3769],clsize),rep(cl[3770],clsize), 
rep(cl[3771],clsize),rep(cl[3772],clsize),rep(cl[3773],clsize),rep(cl[3774],clsize),rep(cl[3775],clsize),rep(cl[3776],clsize),rep(cl[3777],clsize),re
p(cl[3778],clsize),rep(cl[3779],clsize),rep(cl[3780],clsize), 
rep(cl[3781],clsize),rep(cl[3782],clsize),rep(cl[3783],clsize),rep(cl[3784],clsize),rep(cl[3785],clsize),rep(cl[3786],clsize),rep(cl[3787],clsize),re
p(cl[3788],clsize),rep(cl[3789],clsize),rep(cl[3790],clsize), 
rep(cl[3791],clsize),rep(cl[3792],clsize),rep(cl[3793],clsize),rep(cl[3794],clsize),rep(cl[3795],clsize),rep(cl[3796],clsize),rep(cl[3797],clsize),re
p(cl[3798],clsize),rep(cl[3799],clsize),rep(cl[3800],clsize), 
 
rep(cl[3801],clsize),rep(cl[3802],clsize),rep(cl[3803],clsize),rep(cl[3804],clsize),rep(cl[3805],clsize),rep(cl[3806],clsize),rep(cl[3807],clsize),re
p(cl[3808],clsize),rep(cl[3809],clsize),rep(cl[3810],clsize), 
rep(cl[3811],clsize),rep(cl[3812],clsize),rep(cl[3813],clsize),rep(cl[3814],clsize),rep(cl[3815],clsize),rep(cl[3816],clsize),rep(cl[3817],clsize),re
p(cl[3818],clsize),rep(cl[3819],clsize),rep(cl[3820],clsize), 
rep(cl[3821],clsize),rep(cl[3822],clsize),rep(cl[3823],clsize),rep(cl[3824],clsize),rep(cl[3825],clsize),rep(cl[3826],clsize),rep(cl[3827],clsize),re
p(cl[3828],clsize),rep(cl[3829],clsize),rep(cl[3830],clsize), 
rep(cl[3831],clsize),rep(cl[3832],clsize),rep(cl[3833],clsize),rep(cl[3834],clsize),rep(cl[3835],clsize),rep(cl[3836],clsize),rep(cl[3837],clsize),re
p(cl[3838],clsize),rep(cl[3839],clsize),rep(cl[3840],clsize), 
rep(cl[3841],clsize),rep(cl[3842],clsize),rep(cl[3843],clsize),rep(cl[3844],clsize),rep(cl[3845],clsize),rep(cl[3846],clsize),rep(cl[3847],clsize),re
p(cl[3848],clsize),rep(cl[3849],clsize),rep(cl[3850],clsize), 
rep(cl[3851],clsize),rep(cl[3852],clsize),rep(cl[3853],clsize),rep(cl[3854],clsize),rep(cl[3855],clsize),rep(cl[3856],clsize),rep(cl[3857],clsize),re
p(cl[3858],clsize),rep(cl[3859],clsize),rep(cl[3860],clsize), 
rep(cl[3861],clsize),rep(cl[3862],clsize),rep(cl[3863],clsize),rep(cl[3864],clsize),rep(cl[3865],clsize),rep(cl[3866],clsize),rep(cl[3867],clsize),re
p(cl[3868],clsize),rep(cl[3869],clsize),rep(cl[3870],clsize), 
rep(cl[3871],clsize),rep(cl[3872],clsize),rep(cl[3873],clsize),rep(cl[3874],clsize),rep(cl[3875],clsize),rep(cl[3876],clsize),rep(cl[3877],clsize),re
p(cl[3878],clsize),rep(cl[3879],clsize),rep(cl[3880],clsize), 
rep(cl[3881],clsize),rep(cl[3882],clsize),rep(cl[3883],clsize),rep(cl[3884],clsize),rep(cl[3885],clsize),rep(cl[3886],clsize),rep(cl[3887],clsize),re
p(cl[3888],clsize),rep(cl[3889],clsize),rep(cl[3890],clsize), 
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rep(cl[3891],clsize),rep(cl[3892],clsize),rep(cl[3893],clsize),rep(cl[3894],clsize),rep(cl[3895],clsize),rep(cl[3896],clsize),rep(cl[3897],clsize),re
p(cl[3898],clsize),rep(cl[3899],clsize),rep(cl[3900],clsize), 
 
rep(cl[3901],clsize),rep(cl[3902],clsize),rep(cl[3903],clsize),rep(cl[3904],clsize),rep(cl[3905],clsize),rep(cl[3906],clsize),rep(cl[3907],clsize),re
p(cl[3908],clsize),rep(cl[3909],clsize),rep(cl[3910],clsize), 
rep(cl[3911],clsize),rep(cl[3912],clsize),rep(cl[3913],clsize),rep(cl[3914],clsize),rep(cl[3915],clsize),rep(cl[3916],clsize),rep(cl[3917],clsize),re
p(cl[3918],clsize),rep(cl[3919],clsize),rep(cl[3920],clsize), 
rep(cl[3921],clsize),rep(cl[3922],clsize),rep(cl[3923],clsize),rep(cl[3924],clsize),rep(cl[3925],clsize),rep(cl[3926],clsize),rep(cl[3927],clsize),re
p(cl[3928],clsize),rep(cl[3929],clsize),rep(cl[3930],clsize), 
rep(cl[3931],clsize),rep(cl[3932],clsize),rep(cl[3933],clsize),rep(cl[3934],clsize),rep(cl[3935],clsize),rep(cl[3936],clsize),rep(cl[3937],clsize),re
p(cl[3938],clsize),rep(cl[3939],clsize),rep(cl[3940],clsize), 
rep(cl[3941],clsize),rep(cl[3942],clsize),rep(cl[3943],clsize),rep(cl[3944],clsize),rep(cl[3945],clsize),rep(cl[3946],clsize),rep(cl[3947],clsize),re
p(cl[3948],clsize),rep(cl[3949],clsize),rep(cl[3950],clsize), 
rep(cl[3951],clsize),rep(cl[3952],clsize),rep(cl[3953],clsize),rep(cl[3954],clsize),rep(cl[3955],clsize),rep(cl[3956],clsize),rep(cl[3957],clsize),re
p(cl[3958],clsize),rep(cl[3959],clsize),rep(cl[3960],clsize), 
rep(cl[3961],clsize),rep(cl[3962],clsize),rep(cl[3963],clsize),rep(cl[3964],clsize),rep(cl[3965],clsize),rep(cl[3966],clsize),rep(cl[3967],clsize),re
p(cl[3968],clsize),rep(cl[3969],clsize),rep(cl[3970],clsize), 
rep(cl[3971],clsize),rep(cl[3972],clsize),rep(cl[3973],clsize),rep(cl[3974],clsize),rep(cl[3975],clsize),rep(cl[3976],clsize),rep(cl[3977],clsize),re
p(cl[3978],clsize),rep(cl[3979],clsize),rep(cl[3980],clsize), 
rep(cl[3981],clsize),rep(cl[3982],clsize),rep(cl[3983],clsize),rep(cl[3984],clsize),rep(cl[3985],clsize),rep(cl[3986],clsize),rep(cl[3987],clsize),re
p(cl[3988],clsize),rep(cl[3989],clsize),rep(cl[3990],clsize), 
rep(cl[3991],clsize),rep(cl[3992],clsize),rep(cl[3993],clsize),rep(cl[3994],clsize),rep(cl[3995],clsize),rep(cl[3996],clsize),rep(cl[3997],clsize),re
p(cl[3998],clsize),rep(cl[3999],clsize),rep(cl[4000],clsize) 
 
 
) 
 
x<- mu + v_j + e_ij 
 
cl_id <- 
c(rep('1',clsize),rep('2',clsize),rep('3',clsize),rep('4',clsize),rep('5',clsize),rep('6',clsize),rep('7',clsize),rep('8',clsize),rep('9',clsize),rep('10',clsiz
e), 
rep('11',clsize),rep('12',clsize),rep('13',clsize),rep('14',clsize),rep('15',clsize),rep('16',clsize),rep('17',clsize),rep('18',clsize),rep('19',clsize),rep
('20',clsize), 
rep('21',clsize),rep('22',clsize),rep('23',clsize),rep('24',clsize),rep('25',clsize),rep('26',clsize),rep('27',clsize),rep('28',clsize),rep('29',clsize),rep
('30',clsize), 
rep('31',clsize),rep('32',clsize),rep('33',clsize),rep('34',clsize),rep('35',clsize),rep('36',clsize),rep('37',clsize),rep('38',clsize),rep('39',clsize),rep
('40',clsize), 
rep('41',clsize),rep('42',clsize),rep('43',clsize),rep('44',clsize),rep('45',clsize),rep('46',clsize),rep('47',clsize),rep('48',clsize),rep('49',clsize),rep
('50',clsize), 
rep('51',clsize),rep('52',clsize),rep('53',clsize),rep('54',clsize),rep('55',clsize),rep('56',clsize),rep('57',clsize),rep('58',clsize),rep('59',clsize),rep
('60',clsize), 
rep('61',clsize),rep('62',clsize),rep('63',clsize),rep('64',clsize),rep('65',clsize),rep('66',clsize),rep('67',clsize),rep('68',clsize),rep('69',clsize),rep
('70',clsize), 
rep('71',clsize),rep('72',clsize),rep('73',clsize),rep('74',clsize),rep('75',clsize),rep('76',clsize),rep('77',clsize),rep('78',clsize),rep('79',clsize),rep
('80',clsize), 
rep('81',clsize),rep('82',clsize),rep('83',clsize),rep('84',clsize),rep('85',clsize),rep('86',clsize),rep('87',clsize),rep('88',clsize),rep('89',clsize),rep
('90',clsize), 
rep('91',clsize),rep('92',clsize),rep('93',clsize),rep('94',clsize),rep('95',clsize),rep('96',clsize),rep('97',clsize),rep('98',clsize),rep('99',clsize),rep
('100',clsize), 
rep('101',clsize),rep('102',clsize),rep('103',clsize),rep('104',clsize),rep('105',clsize),rep('106',clsize),rep('107',clsize),rep('108',clsize),rep('109
',clsize),rep('110',clsize), 
rep('111',clsize),rep('112',clsize),rep('113',clsize),rep('114',clsize),rep('115',clsize),rep('116',clsize),rep('117',clsize),rep('118',clsize),rep('119
',clsize),rep('120',clsize), 
rep('121',clsize),rep('122',clsize),rep('123',clsize),rep('124',clsize),rep('125',clsize),rep('126',clsize),rep('127',clsize),rep('128',clsize),rep('129
',clsize),rep('130',clsize), 
rep('131',clsize),rep('132',clsize),rep('133',clsize),rep('134',clsize),rep('135',clsize),rep('136',clsize),rep('137',clsize),rep('138',clsize),rep('139
',clsize),rep('140',clsize), 
rep('141',clsize),rep('142',clsize),rep('143',clsize),rep('144',clsize),rep('145',clsize),rep('146',clsize),rep('147',clsize),rep('148',clsize),rep('149
',clsize),rep('150',clsize), 
rep('151',clsize),rep('152',clsize),rep('153',clsize),rep('154',clsize),rep('155',clsize),rep('156',clsize),rep('157',clsize),rep('158',clsize),rep('159
',clsize),rep('160',clsize), 
rep('161',clsize),rep('162',clsize),rep('163',clsize),rep('164',clsize),rep('165',clsize),rep('166',clsize),rep('167',clsize),rep('168',clsize),rep('169
',clsize),rep('170',clsize), 
rep('171',clsize),rep('172',clsize),rep('173',clsize),rep('174',clsize),rep('175',clsize),rep('176',clsize),rep('177',clsize),rep('178',clsize),rep('179
',clsize),rep('180',clsize), 
rep('181',clsize),rep('182',clsize),rep('183',clsize),rep('184',clsize),rep('185',clsize),rep('186',clsize),rep('187',clsize),rep('188',clsize),rep('189
',clsize),rep('190',clsize), 
rep('191',clsize),rep('192',clsize),rep('193',clsize),rep('194',clsize),rep('195',clsize),rep('196',clsize),rep('197',clsize),rep('198',clsize),rep('199
',clsize),rep('200',clsize), 
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rep('201',clsize),rep('202',clsize),rep('203',clsize),rep('204',clsize),rep('205',clsize),rep('206',clsize),rep('207',clsize),rep('208',clsize),rep('209
',clsize),rep('210',clsize), 
rep('211',clsize),rep('212',clsize),rep('213',clsize),rep('214',clsize),rep('215',clsize),rep('216',clsize),rep('217',clsize),rep('218',clsize),rep('219
',clsize),rep('220',clsize), 
rep('221',clsize),rep('222',clsize),rep('223',clsize),rep('224',clsize),rep('225',clsize),rep('226',clsize),rep('227',clsize),rep('228',clsize),rep('229
',clsize),rep('230',clsize), 
rep('231',clsize),rep('232',clsize),rep('233',clsize),rep('234',clsize),rep('235',clsize),rep('236',clsize),rep('237',clsize),rep('238',clsize),rep('239
',clsize),rep('240',clsize), 
rep('241',clsize),rep('242',clsize),rep('243',clsize),rep('244',clsize),rep('245',clsize),rep('246',clsize),rep('247',clsize),rep('248',clsize),rep('249
',clsize),rep('250',clsize), 
rep('251',clsize),rep('252',clsize),rep('253',clsize),rep('254',clsize),rep('255',clsize),rep('256',clsize),rep('257',clsize),rep('258',clsize),rep('259
',clsize),rep('260',clsize), 
rep('261',clsize),rep('262',clsize),rep('263',clsize),rep('264',clsize),rep('265',clsize),rep('266',clsize),rep('267',clsize),rep('268',clsize),rep('269
',clsize),rep('270',clsize), 
rep('271',clsize),rep('272',clsize),rep('273',clsize),rep('274',clsize),rep('275',clsize),rep('276',clsize),rep('277',clsize),rep('278',clsize),rep('279
',clsize),rep('280',clsize), 
rep('281',clsize),rep('282',clsize),rep('283',clsize),rep('284',clsize),rep('285',clsize),rep('286',clsize),rep('287',clsize),rep('288',clsize),rep('289
',clsize),rep('290',clsize), 
rep('291',clsize),rep('292',clsize),rep('293',clsize),rep('294',clsize),rep('295',clsize),rep('296',clsize),rep('297',clsize),rep('298',clsize),rep('299
',clsize),rep('300',clsize), 
rep('301',clsize),rep('302',clsize),rep('303',clsize),rep('304',clsize),rep('305',clsize),rep('306',clsize),rep('307',clsize),rep('308',clsize),rep('309
',clsize),rep('310',clsize), 
rep('311',clsize),rep('312',clsize),rep('313',clsize),rep('314',clsize),rep('315',clsize),rep('316',clsize),rep('317',clsize),rep('318',clsize),rep('319
',clsize),rep('320',clsize), 
rep('321',clsize),rep('322',clsize),rep('323',clsize),rep('324',clsize),rep('325',clsize),rep('326',clsize),rep('327',clsize),rep('328',clsize),rep('329
',clsize),rep('330',clsize), 
rep('331',clsize),rep('332',clsize),rep('333',clsize),rep('334',clsize),rep('335',clsize),rep('336',clsize),rep('337',clsize),rep('338',clsize),rep('339
',clsize),rep('340',clsize), 
rep('341',clsize),rep('342',clsize),rep('343',clsize),rep('344',clsize),rep('345',clsize),rep('346',clsize),rep('347',clsize),rep('348',clsize),rep('349
',clsize),rep('350',clsize), 
rep('351',clsize),rep('352',clsize),rep('353',clsize),rep('354',clsize),rep('355',clsize),rep('356',clsize),rep('357',clsize),rep('358',clsize),rep('359
',clsize),rep('360',clsize), 
rep('361',clsize),rep('362',clsize),rep('363',clsize),rep('364',clsize),rep('365',clsize),rep('366',clsize),rep('367',clsize),rep('368',clsize),rep('369
',clsize),rep('370',clsize), 
rep('371',clsize),rep('372',clsize),rep('373',clsize),rep('374',clsize),rep('375',clsize),rep('376',clsize),rep('377',clsize),rep('378',clsize),rep('379
',clsize),rep('380',clsize), 
rep('381',clsize),rep('382',clsize),rep('383',clsize),rep('384',clsize),rep('385',clsize),rep('386',clsize),rep('387',clsize),rep('388',clsize),rep('389
',clsize),rep('390',clsize), 
rep('391',clsize),rep('392',clsize),rep('393',clsize),rep('394',clsize),rep('395',clsize),rep('396',clsize),rep('397',clsize),rep('398',clsize),rep('399
',clsize),rep('400',clsize), 
 
rep('401',clsize),rep('402',clsize),rep('403',clsize),rep('404',clsize),rep('405',clsize),rep('406',clsize),rep('407',clsize),rep('408',clsize),rep('409
',clsize),rep('410',clsize), 
rep('411',clsize),rep('412',clsize),rep('413',clsize),rep('414',clsize),rep('415',clsize),rep('416',clsize),rep('417',clsize),rep('418',clsize),rep('419
',clsize),rep('420',clsize), 
rep('421',clsize),rep('422',clsize),rep('423',clsize),rep('424',clsize),rep('425',clsize),rep('426',clsize),rep('427',clsize),rep('428',clsize),rep('429
',clsize),rep('430',clsize), 
rep('431',clsize),rep('432',clsize),rep('433',clsize),rep('434',clsize),rep('435',clsize),rep('436',clsize),rep('437',clsize),rep('438',clsize),rep('439
',clsize),rep('440',clsize), 
rep('441',clsize),rep('442',clsize),rep('443',clsize),rep('444',clsize),rep('445',clsize),rep('446',clsize),rep('447',clsize),rep('448',clsize),rep('449
',clsize),rep('450',clsize), 
rep('451',clsize),rep('452',clsize),rep('453',clsize),rep('454',clsize),rep('455',clsize),rep('456',clsize),rep('457',clsize),rep('458',clsize),rep('459
',clsize),rep('460',clsize), 
rep('461',clsize),rep('462',clsize),rep('463',clsize),rep('464',clsize),rep('465',clsize),rep('466',clsize),rep('467',clsize),rep('468',clsize),rep('469
',clsize),rep('470',clsize), 
rep('471',clsize),rep('472',clsize),rep('473',clsize),rep('474',clsize),rep('475',clsize),rep('476',clsize),rep('477',clsize),rep('478',clsize),rep('479
',clsize),rep('480',clsize), 
rep('481',clsize),rep('482',clsize),rep('483',clsize),rep('484',clsize),rep('485',clsize),rep('486',clsize),rep('487',clsize),rep('488',clsize),rep('489
',clsize),rep('490',clsize), 
rep('491',clsize),rep('492',clsize),rep('493',clsize),rep('494',clsize),rep('495',clsize),rep('496',clsize),rep('497',clsize),rep('498',clsize),rep('499
',clsize),rep('500',clsize), 
 
rep('501',clsize),rep('502',clsize),rep('503',clsize),rep('504',clsize),rep('505',clsize),rep('506',clsize),rep('507',clsize),rep('508',clsize),rep('509
',clsize),rep('510',clsize), 
rep('511',clsize),rep('512',clsize),rep('513',clsize),rep('514',clsize),rep('515',clsize),rep('516',clsize),rep('517',clsize),rep('518',clsize),rep('519
',clsize),rep('520',clsize), 
rep('521',clsize),rep('522',clsize),rep('523',clsize),rep('524',clsize),rep('525',clsize),rep('526',clsize),rep('527',clsize),rep('528',clsize),rep('529
',clsize),rep('530',clsize), 
rep('531',clsize),rep('532',clsize),rep('533',clsize),rep('534',clsize),rep('535',clsize),rep('536',clsize),rep('537',clsize),rep('538',clsize),rep('539
',clsize),rep('540',clsize), 
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rep('541',clsize),rep('542',clsize),rep('543',clsize),rep('544',clsize),rep('545',clsize),rep('546',clsize),rep('547',clsize),rep('548',clsize),rep('549
',clsize),rep('550',clsize), 
rep('551',clsize),rep('552',clsize),rep('553',clsize),rep('554',clsize),rep('555',clsize),rep('556',clsize),rep('557',clsize),rep('558',clsize),rep('559
',clsize),rep('560',clsize), 
rep('561',clsize),rep('562',clsize),rep('563',clsize),rep('564',clsize),rep('565',clsize),rep('566',clsize),rep('567',clsize),rep('568',clsize),rep('569
',clsize),rep('570',clsize), 
rep('571',clsize),rep('572',clsize),rep('573',clsize),rep('574',clsize),rep('575',clsize),rep('576',clsize),rep('577',clsize),rep('578',clsize),rep('579
',clsize),rep('580',clsize), 
rep('581',clsize),rep('582',clsize),rep('583',clsize),rep('584',clsize),rep('585',clsize),rep('586',clsize),rep('587',clsize),rep('588',clsize),rep('589
',clsize),rep('590',clsize), 
rep('591',clsize),rep('592',clsize),rep('593',clsize),rep('594',clsize),rep('595',clsize),rep('596',clsize),rep('597',clsize),rep('598',clsize),rep('599
',clsize),rep('600',clsize), 
 
rep('601',clsize),rep('602',clsize),rep('603',clsize),rep('604',clsize),rep('605',clsize),rep('606',clsize),rep('607',clsize),rep('608',clsize),rep('609
',clsize),rep('610',clsize), 
rep('611',clsize),rep('612',clsize),rep('613',clsize),rep('614',clsize),rep('615',clsize),rep('616',clsize),rep('617',clsize),rep('618',clsize),rep('619
',clsize),rep('620',clsize), 
rep('621',clsize),rep('622',clsize),rep('623',clsize),rep('624',clsize),rep('625',clsize),rep('626',clsize),rep('627',clsize),rep('628',clsize),rep('629
',clsize),rep('630',clsize), 
rep('631',clsize),rep('632',clsize),rep('633',clsize),rep('634',clsize),rep('635',clsize),rep('636',clsize),rep('637',clsize),rep('638',clsize),rep('639
',clsize),rep('640',clsize), 
rep('641',clsize),rep('642',clsize),rep('643',clsize),rep('644',clsize),rep('645',clsize),rep('646',clsize),rep('647',clsize),rep('648',clsize),rep('649
',clsize),rep('650',clsize), 
rep('651',clsize),rep('652',clsize),rep('653',clsize),rep('654',clsize),rep('655',clsize),rep('656',clsize),rep('657',clsize),rep('658',clsize),rep('659
',clsize),rep('660',clsize), 
rep('661',clsize),rep('662',clsize),rep('663',clsize),rep('664',clsize),rep('665',clsize),rep('666',clsize),rep('667',clsize),rep('668',clsize),rep('669
',clsize),rep('670',clsize), 
rep('671',clsize),rep('672',clsize),rep('673',clsize),rep('674',clsize),rep('675',clsize),rep('676',clsize),rep('677',clsize),rep('678',clsize),rep('679
',clsize),rep('680',clsize), 
rep('681',clsize),rep('682',clsize),rep('683',clsize),rep('684',clsize),rep('685',clsize),rep('686',clsize),rep('687',clsize),rep('688',clsize),rep('689
',clsize),rep('690',clsize), 
rep('691',clsize),rep('692',clsize),rep('693',clsize),rep('694',clsize),rep('695',clsize),rep('696',clsize),rep('697',clsize),rep('698',clsize),rep('699
',clsize),rep('700',clsize), 
 
rep('701',clsize),rep('702',clsize),rep('703',clsize),rep('704',clsize),rep('705',clsize),rep('706',clsize),rep('707',clsize),rep('708',clsize),rep('709
',clsize),rep('710',clsize), 
rep('711',clsize),rep('712',clsize),rep('713',clsize),rep('714',clsize),rep('715',clsize),rep('716',clsize),rep('717',clsize),rep('718',clsize),rep('719
',clsize),rep('720',clsize), 
rep('721',clsize),rep('722',clsize),rep('723',clsize),rep('724',clsize),rep('725',clsize),rep('726',clsize),rep('727',clsize),rep('728',clsize),rep('729
',clsize),rep('730',clsize), 
rep('731',clsize),rep('732',clsize),rep('733',clsize),rep('734',clsize),rep('735',clsize),rep('736',clsize),rep('737',clsize),rep('738',clsize),rep('739
',clsize),rep('740',clsize), 
rep('741',clsize),rep('742',clsize),rep('743',clsize),rep('744',clsize),rep('745',clsize),rep('746',clsize),rep('747',clsize),rep('748',clsize),rep('749
',clsize),rep('750',clsize), 
rep('751',clsize),rep('752',clsize),rep('753',clsize),rep('754',clsize),rep('755',clsize),rep('756',clsize),rep('757',clsize),rep('758',clsize),rep('759
',clsize),rep('760',clsize), 
rep('761',clsize),rep('762',clsize),rep('763',clsize),rep('764',clsize),rep('765',clsize),rep('766',clsize),rep('767',clsize),rep('768',clsize),rep('769
',clsize),rep('770',clsize), 
rep('771',clsize),rep('772',clsize),rep('773',clsize),rep('774',clsize),rep('775',clsize),rep('776',clsize),rep('777',clsize),rep('778',clsize),rep('779
',clsize),rep('780',clsize), 
rep('781',clsize),rep('782',clsize),rep('783',clsize),rep('784',clsize),rep('785',clsize),rep('786',clsize),rep('787',clsize),rep('788',clsize),rep('789
',clsize),rep('790',clsize), 
rep('791',clsize),rep('792',clsize),rep('793',clsize),rep('794',clsize),rep('795',clsize),rep('796',clsize),rep('797',clsize),rep('798',clsize),rep('799
',clsize),rep('800',clsize), 
 
rep('801',clsize),rep('802',clsize),rep('803',clsize),rep('804',clsize),rep('805',clsize),rep('806',clsize),rep('807',clsize),rep('808',clsize),rep('809
',clsize),rep('810',clsize), 
rep('811',clsize),rep('812',clsize),rep('813',clsize),rep('814',clsize),rep('815',clsize),rep('816',clsize),rep('817',clsize),rep('818',clsize),rep('819
',clsize),rep('820',clsize), 
rep('821',clsize),rep('822',clsize),rep('823',clsize),rep('824',clsize),rep('825',clsize),rep('826',clsize),rep('827',clsize),rep('828',clsize),rep('829
',clsize),rep('830',clsize), 
rep('831',clsize),rep('832',clsize),rep('833',clsize),rep('834',clsize),rep('835',clsize),rep('836',clsize),rep('837',clsize),rep('838',clsize),rep('839
',clsize),rep('840',clsize), 
rep('841',clsize),rep('842',clsize),rep('843',clsize),rep('844',clsize),rep('845',clsize),rep('846',clsize),rep('847',clsize),rep('848',clsize),rep('849
',clsize),rep('850',clsize), 
rep('851',clsize),rep('852',clsize),rep('853',clsize),rep('854',clsize),rep('855',clsize),rep('856',clsize),rep('857',clsize),rep('858',clsize),rep('859
',clsize),rep('860',clsize), 
rep('861',clsize),rep('862',clsize),rep('863',clsize),rep('864',clsize),rep('865',clsize),rep('866',clsize),rep('867',clsize),rep('868',clsize),rep('869
',clsize),rep('870',clsize), 
rep('871',clsize),rep('872',clsize),rep('873',clsize),rep('874',clsize),rep('875',clsize),rep('876',clsize),rep('877',clsize),rep('878',clsize),rep('879
',clsize),rep('880',clsize), 



394 
 
 

rep('881',clsize),rep('882',clsize),rep('883',clsize),rep('884',clsize),rep('885',clsize),rep('886',clsize),rep('887',clsize),rep('888',clsize),rep('889
',clsize),rep('890',clsize), 
rep('891',clsize),rep('892',clsize),rep('893',clsize),rep('894',clsize),rep('895',clsize),rep('896',clsize),rep('897',clsize),rep('898',clsize),rep('899
',clsize),rep('900',clsize), 
 
rep('901',clsize),rep('902',clsize),rep('903',clsize),rep('904',clsize),rep('905',clsize),rep('906',clsize),rep('907',clsize),rep('908',clsize),rep('909
',clsize),rep('910',clsize), 
rep('911',clsize),rep('912',clsize),rep('913',clsize),rep('914',clsize),rep('915',clsize),rep('916',clsize),rep('917',clsize),rep('918',clsize),rep('919
',clsize),rep('920',clsize), 
rep('921',clsize),rep('922',clsize),rep('923',clsize),rep('924',clsize),rep('925',clsize),rep('926',clsize),rep('927',clsize),rep('928',clsize),rep('929
',clsize),rep('930',clsize), 
rep('931',clsize),rep('932',clsize),rep('933',clsize),rep('934',clsize),rep('935',clsize),rep('936',clsize),rep('937',clsize),rep('938',clsize),rep('939
',clsize),rep('940',clsize), 
rep('941',clsize),rep('942',clsize),rep('943',clsize),rep('944',clsize),rep('945',clsize),rep('946',clsize),rep('947',clsize),rep('948',clsize),rep('949
',clsize),rep('950',clsize), 
rep('951',clsize),rep('952',clsize),rep('953',clsize),rep('954',clsize),rep('955',clsize),rep('956',clsize),rep('957',clsize),rep('958',clsize),rep('959
',clsize),rep('960',clsize), 
rep('961',clsize),rep('962',clsize),rep('963',clsize),rep('964',clsize),rep('965',clsize),rep('966',clsize),rep('967',clsize),rep('968',clsize),rep('969
',clsize),rep('970',clsize), 
rep('971',clsize),rep('972',clsize),rep('973',clsize),rep('974',clsize),rep('975',clsize),rep('976',clsize),rep('977',clsize),rep('978',clsize),rep('979
',clsize),rep('980',clsize), 
rep('981',clsize),rep('982',clsize),rep('983',clsize),rep('984',clsize),rep('985',clsize),rep('986',clsize),rep('987',clsize),rep('988',clsize),rep('989
',clsize),rep('990',clsize), 
rep('991',clsize),rep('992',clsize),rep('993',clsize),rep('994',clsize),rep('995',clsize),rep('996',clsize),rep('997',clsize),rep('998',clsize),rep('999
',clsize),rep('1000',clsize), 
 
rep('1001',clsize),rep('1002',clsize),rep('1003',clsize),rep('1004',clsize),rep('1005',clsize),rep('1006',clsize),rep('1007',clsize),rep('1008',clsize
),rep('1009',clsize),rep('1010',clsize), 
rep('1011',clsize),rep('1012',clsize),rep('1013',clsize),rep('1014',clsize),rep('1015',clsize),rep('1016',clsize),rep('1017',clsize),rep('1018',clsize
),rep('1019',clsize),rep('1020',clsize), 
rep('1021',clsize),rep('1022',clsize),rep('1023',clsize),rep('1024',clsize),rep('1025',clsize),rep('1026',clsize),rep('1027',clsize),rep('1028',clsize
),rep('1029',clsize),rep('1030',clsize), 
rep('1031',clsize),rep('1032',clsize),rep('1033',clsize),rep('1034',clsize),rep('1035',clsize),rep('1036',clsize),rep('1037',clsize),rep('1038',clsize
),rep('1039',clsize),rep('1040',clsize), 
rep('1041',clsize),rep('1042',clsize),rep('1043',clsize),rep('1044',clsize),rep('1045',clsize),rep('1046',clsize),rep('1047',clsize),rep('1048',clsize
),rep('1049',clsize),rep('1050',clsize), 
rep('1051',clsize),rep('1052',clsize),rep('1053',clsize),rep('1054',clsize),rep('1055',clsize),rep('1056',clsize),rep('1057',clsize),rep('1058',clsize
),rep('1059',clsize),rep('1060',clsize), 
rep('1061',clsize),rep('1062',clsize),rep('1063',clsize),rep('1064',clsize),rep('1065',clsize),rep('1066',clsize),rep('1067',clsize),rep('1068',clsize
),rep('1069',clsize),rep('1070',clsize), 
rep('1071',clsize),rep('1072',clsize),rep('1073',clsize),rep('1074',clsize),rep('1075',clsize),rep('1076',clsize),rep('1077',clsize),rep('1078',clsize
),rep('1079',clsize),rep('1080',clsize), 
rep('1081',clsize),rep('1082',clsize),rep('1083',clsize),rep('1084',clsize),rep('1085',clsize),rep('1086',clsize),rep('1087',clsize),rep('1088',clsize
),rep('1089',clsize),rep('1090',clsize), 
rep('1091',clsize),rep('1092',clsize),rep('1093',clsize),rep('1094',clsize),rep('1095',clsize),rep('1096',clsize),rep('1097',clsize),rep('1098',clsize
),rep('1099',clsize),rep('1000',clsize), 
 
rep('1101',clsize),rep('1102',clsize),rep('1103',clsize),rep('1104',clsize),rep('1105',clsize),rep('1106',clsize),rep('1107',clsize),rep('1108',clsize
),rep('1109',clsize),rep('1110',clsize), 
rep('1111',clsize),rep('1112',clsize),rep('1113',clsize),rep('1114',clsize),rep('1115',clsize),rep('1116',clsize),rep('1117',clsize),rep('1118',clsize
),rep('1119',clsize),rep('1120',clsize), 
rep('1121',clsize),rep('1122',clsize),rep('1123',clsize),rep('1124',clsize),rep('1125',clsize),rep('1126',clsize),rep('1127',clsize),rep('1128',clsize
),rep('1129',clsize),rep('1130',clsize), 
rep('1131',clsize),rep('1132',clsize),rep('1133',clsize),rep('1134',clsize),rep('1135',clsize),rep('1136',clsize),rep('1137',clsize),rep('1138',clsize
),rep('1139',clsize),rep('1140',clsize), 
rep('1141',clsize),rep('1142',clsize),rep('1143',clsize),rep('1144',clsize),rep('1145',clsize),rep('1146',clsize),rep('1147',clsize),rep('1148',clsize
),rep('1149',clsize),rep('1150',clsize), 
rep('1151',clsize),rep('1152',clsize),rep('1153',clsize),rep('1154',clsize),rep('1155',clsize),rep('1156',clsize),rep('1157',clsize),rep('1158',clsize
),rep('1159',clsize),rep('1160',clsize), 
rep('1161',clsize),rep('1162',clsize),rep('1163',clsize),rep('1164',clsize),rep('1165',clsize),rep('1166',clsize),rep('1167',clsize),rep('1168',clsize
),rep('1169',clsize),rep('1170',clsize), 
rep('1171',clsize),rep('1172',clsize),rep('1173',clsize),rep('1174',clsize),rep('1175',clsize),rep('1176',clsize),rep('1177',clsize),rep('1178',clsize
),rep('1179',clsize),rep('1180',clsize), 
rep('1181',clsize),rep('1182',clsize),rep('1183',clsize),rep('1184',clsize),rep('1185',clsize),rep('1186',clsize),rep('1187',clsize),rep('1188',clsize
),rep('1189',clsize),rep('1190',clsize), 
rep('1191',clsize),rep('1192',clsize),rep('1193',clsize),rep('1194',clsize),rep('1195',clsize),rep('1196',clsize),rep('1197',clsize),rep('1198',clsize
),rep('1199',clsize),rep('1200',clsize), 
 
rep('1201',clsize),rep('1202',clsize),rep('1203',clsize),rep('1204',clsize),rep('1205',clsize),rep('1206',clsize),rep('1207',clsize),rep('1208',clsize
),rep('1209',clsize),rep('1210',clsize), 
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rep('1211',clsize),rep('1212',clsize),rep('1213',clsize),rep('1214',clsize),rep('1215',clsize),rep('1216',clsize),rep('1217',clsize),rep('1218',clsize
),rep('1219',clsize),rep('1220',clsize), 
rep('1221',clsize),rep('1222',clsize),rep('1223',clsize),rep('1224',clsize),rep('1225',clsize),rep('1226',clsize),rep('1227',clsize),rep('1228',clsize
),rep('1229',clsize),rep('1230',clsize), 
rep('1231',clsize),rep('1232',clsize),rep('1233',clsize),rep('1234',clsize),rep('1235',clsize),rep('1236',clsize),rep('1237',clsize),rep('1238',clsize
),rep('1239',clsize),rep('1240',clsize), 
rep('1241',clsize),rep('1242',clsize),rep('1243',clsize),rep('1244',clsize),rep('1245',clsize),rep('1246',clsize),rep('1247',clsize),rep('1248',clsize
),rep('1249',clsize),rep('1250',clsize), 
rep('1251',clsize),rep('1252',clsize),rep('1253',clsize),rep('1254',clsize),rep('1255',clsize),rep('1256',clsize),rep('1257',clsize),rep('1258',clsize
),rep('1259',clsize),rep('1260',clsize), 
rep('1261',clsize),rep('1262',clsize),rep('1263',clsize),rep('1264',clsize),rep('1265',clsize),rep('1266',clsize),rep('1267',clsize),rep('1268',clsize
),rep('1269',clsize),rep('1270',clsize), 
rep('1271',clsize),rep('1272',clsize),rep('1273',clsize),rep('1274',clsize),rep('1275',clsize),rep('1276',clsize),rep('1277',clsize),rep('1278',clsize
),rep('1279',clsize),rep('1280',clsize), 
rep('1281',clsize),rep('1282',clsize),rep('1283',clsize),rep('1284',clsize),rep('1285',clsize),rep('1286',clsize),rep('1287',clsize),rep('1288',clsize
),rep('1289',clsize),rep('1290',clsize), 
rep('1291',clsize),rep('1292',clsize),rep('1293',clsize),rep('1294',clsize),rep('1295',clsize),rep('1296',clsize),rep('1297',clsize),rep('1298',clsize
),rep('1299',clsize),rep('1300',clsize), 
 
rep('1301',clsize),rep('1302',clsize),rep('1303',clsize),rep('1304',clsize),rep('1305',clsize),rep('1306',clsize),rep('1307',clsize),rep('1308',clsize
),rep('1309',clsize),rep('1310',clsize), 
rep('1311',clsize),rep('1312',clsize),rep('1313',clsize),rep('1314',clsize),rep('1315',clsize),rep('1316',clsize),rep('1317',clsize),rep('1318',clsize
),rep('1319',clsize),rep('1320',clsize), 
rep('1321',clsize),rep('1322',clsize),rep('1323',clsize),rep('1324',clsize),rep('1325',clsize),rep('1326',clsize),rep('1327',clsize),rep('1328',clsize
),rep('1329',clsize),rep('1330',clsize), 
rep('1331',clsize),rep('1332',clsize),rep('1333',clsize),rep('1334',clsize),rep('1335',clsize),rep('1336',clsize),rep('1337',clsize),rep('1338',clsize
),rep('1339',clsize),rep('1340',clsize), 
rep('1341',clsize),rep('1342',clsize),rep('1343',clsize),rep('1344',clsize),rep('1345',clsize),rep('1346',clsize),rep('1347',clsize),rep('1348',clsize
),rep('1349',clsize),rep('1350',clsize), 
rep('1351',clsize),rep('1352',clsize),rep('1353',clsize),rep('1354',clsize),rep('1355',clsize),rep('1356',clsize),rep('1357',clsize),rep('1358',clsize
),rep('1359',clsize),rep('1360',clsize), 
rep('1361',clsize),rep('1362',clsize),rep('1363',clsize),rep('1364',clsize),rep('1365',clsize),rep('1366',clsize),rep('1367',clsize),rep('1368',clsize
),rep('1369',clsize),rep('1370',clsize), 
rep('1371',clsize),rep('1372',clsize),rep('1373',clsize),rep('1374',clsize),rep('1375',clsize),rep('1376',clsize),rep('1377',clsize),rep('1378',clsize
),rep('1379',clsize),rep('1380',clsize), 
rep('1381',clsize),rep('1382',clsize),rep('1383',clsize),rep('1384',clsize),rep('1385',clsize),rep('1386',clsize),rep('1387',clsize),rep('1388',clsize
),rep('1389',clsize),rep('1390',clsize), 
rep('1391',clsize),rep('1392',clsize),rep('1393',clsize),rep('1394',clsize),rep('1395',clsize),rep('1396',clsize),rep('1397',clsize),rep('1398',clsize
),rep('1399',clsize),rep('1400',clsize), 
 
rep('1401',clsize),rep('1402',clsize),rep('1403',clsize),rep('1404',clsize),rep('1405',clsize),rep('1406',clsize),rep('1407',clsize),rep('1408',clsize
),rep('1409',clsize),rep('1410',clsize), 
rep('1411',clsize),rep('1412',clsize),rep('1413',clsize),rep('1414',clsize),rep('1415',clsize),rep('1416',clsize),rep('1417',clsize),rep('1418',clsize
),rep('1419',clsize),rep('1420',clsize), 
rep('1421',clsize),rep('1422',clsize),rep('1423',clsize),rep('1424',clsize),rep('1425',clsize),rep('1426',clsize),rep('1427',clsize),rep('1428',clsize
),rep('1429',clsize),rep('1430',clsize), 
rep('1431',clsize),rep('1432',clsize),rep('1433',clsize),rep('1434',clsize),rep('1435',clsize),rep('1436',clsize),rep('1437',clsize),rep('1438',clsize
),rep('1439',clsize),rep('1440',clsize), 
rep('1441',clsize),rep('1442',clsize),rep('1443',clsize),rep('1444',clsize),rep('1445',clsize),rep('1446',clsize),rep('1447',clsize),rep('1448',clsize
),rep('1449',clsize),rep('1450',clsize), 
rep('1451',clsize),rep('1452',clsize),rep('1453',clsize),rep('1454',clsize),rep('1455',clsize),rep('1456',clsize),rep('1457',clsize),rep('1458',clsize
),rep('1459',clsize),rep('1460',clsize), 
rep('1461',clsize),rep('1462',clsize),rep('1463',clsize),rep('1464',clsize),rep('1465',clsize),rep('1466',clsize),rep('1467',clsize),rep('1468',clsize
),rep('1469',clsize),rep('1470',clsize), 
rep('1471',clsize),rep('1472',clsize),rep('1473',clsize),rep('1474',clsize),rep('1475',clsize),rep('1476',clsize),rep('1477',clsize),rep('1478',clsize
),rep('1479',clsize),rep('1480',clsize), 
rep('1481',clsize),rep('1482',clsize),rep('1483',clsize),rep('1484',clsize),rep('1485',clsize),rep('1486',clsize),rep('1487',clsize),rep('1488',clsize
),rep('1489',clsize),rep('1490',clsize), 
rep('1491',clsize),rep('1492',clsize),rep('1493',clsize),rep('1494',clsize),rep('1495',clsize),rep('1496',clsize),rep('1497',clsize),rep('1498',clsize
),rep('1499',clsize),rep('1500',clsize), 
 
rep('1501',clsize),rep('1502',clsize),rep('1503',clsize),rep('1504',clsize),rep('1505',clsize),rep('1506',clsize),rep('1507',clsize),rep('1508',clsize
),rep('1509',clsize),rep('1510',clsize), 
rep('1511',clsize),rep('1512',clsize),rep('1513',clsize),rep('1514',clsize),rep('1515',clsize),rep('1516',clsize),rep('1517',clsize),rep('1518',clsize
),rep('1519',clsize),rep('1520',clsize), 
rep('1521',clsize),rep('1522',clsize),rep('1523',clsize),rep('1524',clsize),rep('1525',clsize),rep('1526',clsize),rep('1527',clsize),rep('1528',clsize
),rep('1529',clsize),rep('1530',clsize), 
rep('1531',clsize),rep('1532',clsize),rep('1533',clsize),rep('1534',clsize),rep('1535',clsize),rep('1536',clsize),rep('1537',clsize),rep('1538',clsize
),rep('1539',clsize),rep('1540',clsize), 
rep('1541',clsize),rep('1542',clsize),rep('1543',clsize),rep('1544',clsize),rep('1545',clsize),rep('1546',clsize),rep('1547',clsize),rep('1548',clsize
),rep('1549',clsize),rep('1550',clsize), 
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rep('1551',clsize),rep('1552',clsize),rep('1553',clsize),rep('1554',clsize),rep('1555',clsize),rep('1556',clsize),rep('1557',clsize),rep('1558',clsize
),rep('1559',clsize),rep('1560',clsize), 
rep('1561',clsize),rep('1562',clsize),rep('1563',clsize),rep('1564',clsize),rep('1565',clsize),rep('1566',clsize),rep('1567',clsize),rep('1568',clsize
),rep('1569',clsize),rep('1570',clsize), 
rep('1571',clsize),rep('1572',clsize),rep('1573',clsize),rep('1574',clsize),rep('1575',clsize),rep('1576',clsize),rep('1577',clsize),rep('1578',clsize
),rep('1579',clsize),rep('1580',clsize), 
rep('1581',clsize),rep('1582',clsize),rep('1583',clsize),rep('1584',clsize),rep('1585',clsize),rep('1586',clsize),rep('1587',clsize),rep('1588',clsize
),rep('1589',clsize),rep('1590',clsize), 
rep('1591',clsize),rep('1592',clsize),rep('1593',clsize),rep('1594',clsize),rep('1595',clsize),rep('1596',clsize),rep('1597',clsize),rep('1598',clsize
),rep('1599',clsize),rep('1600',clsize), 
 
rep('1601',clsize),rep('1602',clsize),rep('1603',clsize),rep('1604',clsize),rep('1605',clsize),rep('1606',clsize),rep('1607',clsize),rep('1608',clsize
),rep('1609',clsize),rep('1610',clsize), 
rep('1611',clsize),rep('1612',clsize),rep('1613',clsize),rep('1614',clsize),rep('1615',clsize),rep('1616',clsize),rep('1617',clsize),rep('1618',clsize
),rep('1619',clsize),rep('1620',clsize), 
rep('1621',clsize),rep('1622',clsize),rep('1623',clsize),rep('1624',clsize),rep('1625',clsize),rep('1626',clsize),rep('1627',clsize),rep('1628',clsize
),rep('1629',clsize),rep('1630',clsize), 
rep('1631',clsize),rep('1632',clsize),rep('1633',clsize),rep('1634',clsize),rep('1635',clsize),rep('1636',clsize),rep('1637',clsize),rep('1638',clsize
),rep('1639',clsize),rep('1640',clsize), 
rep('1641',clsize),rep('1642',clsize),rep('1643',clsize),rep('1644',clsize),rep('1645',clsize),rep('1646',clsize),rep('1647',clsize),rep('1648',clsize
),rep('1649',clsize),rep('1650',clsize), 
rep('1651',clsize),rep('1652',clsize),rep('1653',clsize),rep('1654',clsize),rep('1655',clsize),rep('1656',clsize),rep('1657',clsize),rep('1658',clsize
),rep('1659',clsize),rep('1660',clsize), 
rep('1661',clsize),rep('1662',clsize),rep('1663',clsize),rep('1664',clsize),rep('1665',clsize),rep('1666',clsize),rep('1667',clsize),rep('1668',clsize
),rep('1669',clsize),rep('1670',clsize), 
rep('1671',clsize),rep('1672',clsize),rep('1673',clsize),rep('1674',clsize),rep('1675',clsize),rep('1676',clsize),rep('1677',clsize),rep('1678',clsize
),rep('1679',clsize),rep('1680',clsize), 
rep('1681',clsize),rep('1682',clsize),rep('1683',clsize),rep('1684',clsize),rep('1685',clsize),rep('1686',clsize),rep('1687',clsize),rep('1688',clsize
),rep('1689',clsize),rep('1690',clsize), 
rep('1691',clsize),rep('1692',clsize),rep('1693',clsize),rep('1694',clsize),rep('1695',clsize),rep('1696',clsize),rep('1697',clsize),rep('1698',clsize
),rep('1699',clsize),rep('1700',clsize), 
 
rep('1701',clsize),rep('1702',clsize),rep('1703',clsize),rep('1704',clsize),rep('1705',clsize),rep('1706',clsize),rep('1707',clsize),rep('1708',clsize
),rep('1709',clsize),rep('1710',clsize), 
rep('1711',clsize),rep('1712',clsize),rep('1713',clsize),rep('1714',clsize),rep('1715',clsize),rep('1716',clsize),rep('1717',clsize),rep('1718',clsize
),rep('1719',clsize),rep('1720',clsize), 
rep('1721',clsize),rep('1722',clsize),rep('1723',clsize),rep('1724',clsize),rep('1725',clsize),rep('1726',clsize),rep('1727',clsize),rep('1728',clsize
),rep('1729',clsize),rep('1730',clsize), 
rep('1731',clsize),rep('1732',clsize),rep('1733',clsize),rep('1734',clsize),rep('1735',clsize),rep('1736',clsize),rep('1737',clsize),rep('1738',clsize
),rep('1739',clsize),rep('1740',clsize), 
rep('1741',clsize),rep('1742',clsize),rep('1743',clsize),rep('1744',clsize),rep('1745',clsize),rep('1746',clsize),rep('1747',clsize),rep('1748',clsize
),rep('1749',clsize),rep('1750',clsize), 
rep('1751',clsize),rep('1752',clsize),rep('1753',clsize),rep('1754',clsize),rep('1755',clsize),rep('1756',clsize),rep('1757',clsize),rep('1758',clsize
),rep('1759',clsize),rep('1760',clsize), 
rep('1761',clsize),rep('1762',clsize),rep('1763',clsize),rep('1764',clsize),rep('1765',clsize),rep('1766',clsize),rep('1767',clsize),rep('1768',clsize
),rep('1769',clsize),rep('1770',clsize), 
rep('1771',clsize),rep('1772',clsize),rep('1773',clsize),rep('1774',clsize),rep('1775',clsize),rep('1776',clsize),rep('1777',clsize),rep('1778',clsize
),rep('1779',clsize),rep('1780',clsize), 
rep('1781',clsize),rep('1782',clsize),rep('1783',clsize),rep('1784',clsize),rep('1785',clsize),rep('1786',clsize),rep('1787',clsize),rep('1788',clsize
),rep('1789',clsize),rep('1790',clsize), 
rep('1791',clsize),rep('1792',clsize),rep('1793',clsize),rep('1794',clsize),rep('1795',clsize),rep('1796',clsize),rep('1797',clsize),rep('1798',clsize
),rep('1799',clsize),rep('1800',clsize), 
 
rep('1801',clsize),rep('1802',clsize),rep('1803',clsize),rep('1804',clsize),rep('1805',clsize),rep('1806',clsize),rep('1807',clsize),rep('1808',clsize
),rep('1809',clsize),rep('1810',clsize), 
rep('1811',clsize),rep('1812',clsize),rep('1813',clsize),rep('1814',clsize),rep('1815',clsize),rep('1816',clsize),rep('1817',clsize),rep('1818',clsize
),rep('1819',clsize),rep('1820',clsize), 
rep('1821',clsize),rep('1822',clsize),rep('1823',clsize),rep('1824',clsize),rep('1825',clsize),rep('1826',clsize),rep('1827',clsize),rep('1828',clsize
),rep('1829',clsize),rep('1830',clsize), 
rep('1831',clsize),rep('1832',clsize),rep('1833',clsize),rep('1834',clsize),rep('1835',clsize),rep('1836',clsize),rep('1837',clsize),rep('1838',clsize
),rep('1839',clsize),rep('1840',clsize), 
rep('1841',clsize),rep('1842',clsize),rep('1843',clsize),rep('1844',clsize),rep('1845',clsize),rep('1846',clsize),rep('1847',clsize),rep('1848',clsize
),rep('1849',clsize),rep('1850',clsize), 
rep('1851',clsize),rep('1852',clsize),rep('1853',clsize),rep('1854',clsize),rep('1855',clsize),rep('1856',clsize),rep('1857',clsize),rep('1858',clsize
),rep('1859',clsize),rep('1860',clsize), 
rep('1861',clsize),rep('1862',clsize),rep('1863',clsize),rep('1864',clsize),rep('1865',clsize),rep('1866',clsize),rep('1867',clsize),rep('1868',clsize
),rep('1869',clsize),rep('1870',clsize), 
rep('1871',clsize),rep('1872',clsize),rep('1873',clsize),rep('1874',clsize),rep('1875',clsize),rep('1876',clsize),rep('1877',clsize),rep('1878',clsize
),rep('1879',clsize),rep('1880',clsize), 
rep('1881',clsize),rep('1882',clsize),rep('1883',clsize),rep('1884',clsize),rep('1885',clsize),rep('1886',clsize),rep('1887',clsize),rep('1888',clsize
),rep('1889',clsize),rep('1890',clsize), 
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rep('1891',clsize),rep('1892',clsize),rep('1893',clsize),rep('1894',clsize),rep('1895',clsize),rep('1896',clsize),rep('1897',clsize),rep('1898',clsize
),rep('1899',clsize),rep('1900',clsize), 
 
rep('1901',clsize),rep('1902',clsize),rep('1903',clsize),rep('1904',clsize),rep('1905',clsize),rep('1906',clsize),rep('1907',clsize),rep('1908',clsize
),rep('1909',clsize),rep('1910',clsize), 
rep('1911',clsize),rep('1912',clsize),rep('1913',clsize),rep('1914',clsize),rep('1915',clsize),rep('1916',clsize),rep('1917',clsize),rep('1918',clsize
),rep('1919',clsize),rep('1920',clsize), 
rep('1921',clsize),rep('1922',clsize),rep('1923',clsize),rep('1924',clsize),rep('1925',clsize),rep('1926',clsize),rep('1927',clsize),rep('1928',clsize
),rep('1929',clsize),rep('1930',clsize), 
rep('1931',clsize),rep('1932',clsize),rep('1933',clsize),rep('1934',clsize),rep('1935',clsize),rep('1936',clsize),rep('1937',clsize),rep('1938',clsize
),rep('1939',clsize),rep('1940',clsize), 
rep('1941',clsize),rep('1942',clsize),rep('1943',clsize),rep('1944',clsize),rep('1945',clsize),rep('1946',clsize),rep('1947',clsize),rep('1948',clsize
),rep('1949',clsize),rep('1950',clsize), 
rep('1951',clsize),rep('1952',clsize),rep('1953',clsize),rep('1954',clsize),rep('1955',clsize),rep('1956',clsize),rep('1957',clsize),rep('1958',clsize
),rep('1959',clsize),rep('1960',clsize), 
rep('1961',clsize),rep('1962',clsize),rep('1963',clsize),rep('1964',clsize),rep('1965',clsize),rep('1966',clsize),rep('1967',clsize),rep('1968',clsize
),rep('1969',clsize),rep('1970',clsize), 
rep('1971',clsize),rep('1972',clsize),rep('1973',clsize),rep('1974',clsize),rep('1975',clsize),rep('1976',clsize),rep('1977',clsize),rep('1978',clsize
),rep('1979',clsize),rep('1980',clsize), 
rep('1981',clsize),rep('1982',clsize),rep('1983',clsize),rep('1984',clsize),rep('1985',clsize),rep('1986',clsize),rep('1987',clsize),rep('1988',clsize
),rep('1989',clsize),rep('1990',clsize), 
rep('1991',clsize),rep('1992',clsize),rep('1993',clsize),rep('1994',clsize),rep('1995',clsize),rep('1996',clsize),rep('1997',clsize),rep('1998',clsize
),rep('1999',clsize),rep('2000',clsize), 
 
rep('2001',clsize),rep('2002',clsize),rep('2003',clsize),rep('2004',clsize),rep('2005',clsize),rep('2006',clsize),rep('2007',clsize),rep('2008',clsize
),rep('2009',clsize),rep('2010',clsize), 
rep('2011',clsize),rep('2012',clsize),rep('2013',clsize),rep('2014',clsize),rep('2015',clsize),rep('2016',clsize),rep('2017',clsize),rep('2018',clsize
),rep('2019',clsize),rep('2020',clsize), 
rep('2021',clsize),rep('2022',clsize),rep('2023',clsize),rep('2024',clsize),rep('2025',clsize),rep('2026',clsize),rep('2027',clsize),rep('2028',clsize
),rep('2029',clsize),rep('2030',clsize), 
rep('2031',clsize),rep('2032',clsize),rep('2033',clsize),rep('2034',clsize),rep('2035',clsize),rep('2036',clsize),rep('2037',clsize),rep('2038',clsize
),rep('2039',clsize),rep('2040',clsize), 
rep('2041',clsize),rep('2042',clsize),rep('2043',clsize),rep('2044',clsize),rep('2045',clsize),rep('2046',clsize),rep('2047',clsize),rep('2048',clsize
),rep('2049',clsize),rep('2050',clsize), 
rep('2051',clsize),rep('2052',clsize),rep('2053',clsize),rep('2054',clsize),rep('2055',clsize),rep('2056',clsize),rep('2057',clsize),rep('2058',clsize
),rep('2059',clsize),rep('2060',clsize), 
rep('2061',clsize),rep('2062',clsize),rep('2063',clsize),rep('2064',clsize),rep('2065',clsize),rep('2066',clsize),rep('2067',clsize),rep('2068',clsize
),rep('2069',clsize),rep('2070',clsize), 
rep('2071',clsize),rep('2072',clsize),rep('2073',clsize),rep('2074',clsize),rep('2075',clsize),rep('2076',clsize),rep('2077',clsize),rep('2078',clsize
),rep('2079',clsize),rep('2080',clsize), 
rep('2081',clsize),rep('2082',clsize),rep('2083',clsize),rep('2084',clsize),rep('2085',clsize),rep('2086',clsize),rep('2087',clsize),rep('2088',clsize
),rep('2089',clsize),rep('2090',clsize), 
rep('2091',clsize),rep('2092',clsize),rep('2093',clsize),rep('2094',clsize),rep('2095',clsize),rep('2096',clsize),rep('2097',clsize),rep('2098',clsize
),rep('2099',clsize),rep('2100',clsize), 
 
rep('2101',clsize),rep('2102',clsize),rep('2103',clsize),rep('2104',clsize),rep('2105',clsize),rep('2106',clsize),rep('2107',clsize),rep('2108',clsize
),rep('2109',clsize),rep('2110',clsize), 
rep('2111',clsize),rep('2112',clsize),rep('2113',clsize),rep('2114',clsize),rep('2115',clsize),rep('2116',clsize),rep('2117',clsize),rep('2118',clsize
),rep('2119',clsize),rep('2120',clsize), 
rep('2121',clsize),rep('2122',clsize),rep('2123',clsize),rep('2124',clsize),rep('2125',clsize),rep('2126',clsize),rep('2127',clsize),rep('2128',clsize
),rep('2129',clsize),rep('2130',clsize), 
rep('2131',clsize),rep('2132',clsize),rep('2133',clsize),rep('2134',clsize),rep('2135',clsize),rep('2136',clsize),rep('2137',clsize),rep('2138',clsize
),rep('2139',clsize),rep('2140',clsize), 
rep('2141',clsize),rep('2142',clsize),rep('2143',clsize),rep('2144',clsize),rep('2145',clsize),rep('2146',clsize),rep('2147',clsize),rep('2148',clsize
),rep('2149',clsize),rep('2150',clsize), 
rep('2151',clsize),rep('2152',clsize),rep('2153',clsize),rep('2154',clsize),rep('2155',clsize),rep('2156',clsize),rep('2157',clsize),rep('2158',clsize
),rep('2159',clsize),rep('2160',clsize), 
rep('2161',clsize),rep('2162',clsize),rep('2163',clsize),rep('2164',clsize),rep('2165',clsize),rep('2166',clsize),rep('2167',clsize),rep('2168',clsize
),rep('2169',clsize),rep('2170',clsize), 
rep('2171',clsize),rep('2172',clsize),rep('2173',clsize),rep('2174',clsize),rep('2175',clsize),rep('2176',clsize),rep('2177',clsize),rep('2178',clsize
),rep('2179',clsize),rep('2180',clsize), 
rep('2181',clsize),rep('2182',clsize),rep('2183',clsize),rep('2184',clsize),rep('2185',clsize),rep('2186',clsize),rep('2187',clsize),rep('2188',clsize
),rep('2189',clsize),rep('2190',clsize), 
rep('2191',clsize),rep('2192',clsize),rep('2193',clsize),rep('2194',clsize),rep('2195',clsize),rep('2196',clsize),rep('2197',clsize),rep('2198',clsize
),rep('2199',clsize),rep('2200',clsize), 
 
rep('2201',clsize),rep('2202',clsize),rep('2203',clsize),rep('2204',clsize),rep('2205',clsize),rep('2206',clsize),rep('2207',clsize),rep('2208',clsize
),rep('2209',clsize),rep('2210',clsize), 
rep('2211',clsize),rep('2212',clsize),rep('2213',clsize),rep('2214',clsize),rep('2215',clsize),rep('2216',clsize),rep('2217',clsize),rep('2218',clsize
),rep('2219',clsize),rep('2220',clsize), 
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rep('2221',clsize),rep('2222',clsize),rep('2223',clsize),rep('2224',clsize),rep('2225',clsize),rep('2226',clsize),rep('2227',clsize),rep('2228',clsize
),rep('2229',clsize),rep('2230',clsize), 
rep('2231',clsize),rep('2232',clsize),rep('2233',clsize),rep('2234',clsize),rep('2235',clsize),rep('2236',clsize),rep('2237',clsize),rep('2238',clsize
),rep('2239',clsize),rep('2240',clsize), 
rep('2241',clsize),rep('2242',clsize),rep('2243',clsize),rep('2244',clsize),rep('2245',clsize),rep('2246',clsize),rep('2247',clsize),rep('2248',clsize
),rep('2249',clsize),rep('2250',clsize), 
rep('2251',clsize),rep('2252',clsize),rep('2253',clsize),rep('2254',clsize),rep('2255',clsize),rep('2256',clsize),rep('2257',clsize),rep('2258',clsize
),rep('2259',clsize),rep('2260',clsize), 
rep('2261',clsize),rep('2262',clsize),rep('2263',clsize),rep('2264',clsize),rep('2265',clsize),rep('2266',clsize),rep('2267',clsize),rep('2268',clsize
),rep('2269',clsize),rep('2270',clsize), 
rep('2271',clsize),rep('2272',clsize),rep('2273',clsize),rep('2274',clsize),rep('2275',clsize),rep('2276',clsize),rep('2277',clsize),rep('2278',clsize
),rep('2279',clsize),rep('2280',clsize), 
rep('2281',clsize),rep('2282',clsize),rep('2283',clsize),rep('2284',clsize),rep('2285',clsize),rep('2286',clsize),rep('2287',clsize),rep('2288',clsize
),rep('2289',clsize),rep('2290',clsize), 
rep('2291',clsize),rep('2292',clsize),rep('2293',clsize),rep('2294',clsize),rep('2295',clsize),rep('2296',clsize),rep('2297',clsize),rep('2298',clsize
),rep('2299',clsize),rep('2300',clsize), 
 
rep('2301',clsize),rep('2302',clsize),rep('2303',clsize),rep('2304',clsize),rep('2305',clsize),rep('2306',clsize),rep('2307',clsize),rep('2308',clsize
),rep('2309',clsize),rep('2310',clsize), 
rep('2311',clsize),rep('2312',clsize),rep('2313',clsize),rep('2314',clsize),rep('2315',clsize),rep('2316',clsize),rep('2317',clsize),rep('2318',clsize
),rep('2319',clsize),rep('2320',clsize), 
rep('2321',clsize),rep('2322',clsize),rep('2323',clsize),rep('2324',clsize),rep('2325',clsize),rep('2326',clsize),rep('2327',clsize),rep('2328',clsize
),rep('2329',clsize),rep('2330',clsize), 
rep('2331',clsize),rep('2332',clsize),rep('2333',clsize),rep('2334',clsize),rep('2335',clsize),rep('2336',clsize),rep('2337',clsize),rep('2338',clsize
),rep('2339',clsize),rep('2340',clsize), 
rep('2341',clsize),rep('2342',clsize),rep('2343',clsize),rep('2344',clsize),rep('2345',clsize),rep('2346',clsize),rep('2347',clsize),rep('2348',clsize
),rep('2349',clsize),rep('2350',clsize), 
rep('2351',clsize),rep('2352',clsize),rep('2353',clsize),rep('2354',clsize),rep('2355',clsize),rep('2356',clsize),rep('2357',clsize),rep('2358',clsize
),rep('2359',clsize),rep('2360',clsize), 
rep('2361',clsize),rep('2362',clsize),rep('2363',clsize),rep('2364',clsize),rep('2365',clsize),rep('2366',clsize),rep('2367',clsize),rep('2368',clsize
),rep('2369',clsize),rep('2370',clsize), 
rep('2371',clsize),rep('2372',clsize),rep('2373',clsize),rep('2374',clsize),rep('2375',clsize),rep('2376',clsize),rep('2377',clsize),rep('2378',clsize
),rep('2379',clsize),rep('2380',clsize), 
rep('2381',clsize),rep('2382',clsize),rep('2383',clsize),rep('2384',clsize),rep('2385',clsize),rep('2386',clsize),rep('2387',clsize),rep('2388',clsize
),rep('2389',clsize),rep('2390',clsize), 
rep('2391',clsize),rep('2392',clsize),rep('2393',clsize),rep('2394',clsize),rep('2395',clsize),rep('2396',clsize),rep('2397',clsize),rep('2398',clsize
),rep('2399',clsize),rep('2400',clsize), 
 
rep('2401',clsize),rep('2402',clsize),rep('2403',clsize),rep('2404',clsize),rep('2405',clsize),rep('2406',clsize),rep('2407',clsize),rep('2408',clsize
),rep('2409',clsize),rep('2410',clsize), 
rep('2411',clsize),rep('2412',clsize),rep('2413',clsize),rep('2414',clsize),rep('2415',clsize),rep('2416',clsize),rep('2417',clsize),rep('2418',clsize
),rep('2419',clsize),rep('2420',clsize), 
rep('2421',clsize),rep('2422',clsize),rep('2423',clsize),rep('2424',clsize),rep('2425',clsize),rep('2426',clsize),rep('2427',clsize),rep('2428',clsize
),rep('2429',clsize),rep('2430',clsize), 
rep('2431',clsize),rep('2432',clsize),rep('2433',clsize),rep('2434',clsize),rep('2435',clsize),rep('2436',clsize),rep('2437',clsize),rep('2438',clsize
),rep('2439',clsize),rep('2440',clsize), 
rep('2441',clsize),rep('2442',clsize),rep('2443',clsize),rep('2444',clsize),rep('2445',clsize),rep('2446',clsize),rep('2447',clsize),rep('2448',clsize
),rep('2449',clsize),rep('2450',clsize), 
rep('2451',clsize),rep('2452',clsize),rep('2453',clsize),rep('2454',clsize),rep('2455',clsize),rep('2456',clsize),rep('2457',clsize),rep('2458',clsize
),rep('2459',clsize),rep('2460',clsize), 
rep('2461',clsize),rep('2462',clsize),rep('2463',clsize),rep('2464',clsize),rep('2465',clsize),rep('2466',clsize),rep('2467',clsize),rep('2468',clsize
),rep('2469',clsize),rep('2470',clsize), 
rep('2471',clsize),rep('2472',clsize),rep('2473',clsize),rep('2474',clsize),rep('2475',clsize),rep('2476',clsize),rep('2477',clsize),rep('2478',clsize
),rep('2479',clsize),rep('2480',clsize), 
rep('2481',clsize),rep('2482',clsize),rep('2483',clsize),rep('2484',clsize),rep('2485',clsize),rep('2486',clsize),rep('2487',clsize),rep('2488',clsize
),rep('2489',clsize),rep('2490',clsize), 
rep('2491',clsize),rep('2492',clsize),rep('2493',clsize),rep('2494',clsize),rep('2495',clsize),rep('2496',clsize),rep('2497',clsize),rep('2498',clsize
),rep('2499',clsize),rep('2500',clsize), 
 
rep('2501',clsize),rep('2502',clsize),rep('2503',clsize),rep('2504',clsize),rep('2505',clsize),rep('2506',clsize),rep('2507',clsize),rep('2508',clsize
),rep('2509',clsize),rep('2510',clsize), 
rep('2511',clsize),rep('2512',clsize),rep('2513',clsize),rep('2514',clsize),rep('2515',clsize),rep('2516',clsize),rep('2517',clsize),rep('2518',clsize
),rep('2519',clsize),rep('2520',clsize), 
rep('2521',clsize),rep('2522',clsize),rep('2523',clsize),rep('2524',clsize),rep('2525',clsize),rep('2526',clsize),rep('2527',clsize),rep('2528',clsize
),rep('2529',clsize),rep('2530',clsize), 
rep('2531',clsize),rep('2532',clsize),rep('2533',clsize),rep('2534',clsize),rep('2535',clsize),rep('2536',clsize),rep('2537',clsize),rep('2538',clsize
),rep('2539',clsize),rep('2540',clsize), 
rep('2541',clsize),rep('2542',clsize),rep('2543',clsize),rep('2544',clsize),rep('2545',clsize),rep('2546',clsize),rep('2547',clsize),rep('2548',clsize
),rep('2549',clsize),rep('2550',clsize), 
rep('2551',clsize),rep('2552',clsize),rep('2553',clsize),rep('2554',clsize),rep('2555',clsize),rep('2556',clsize),rep('2557',clsize),rep('2558',clsize
),rep('2559',clsize),rep('2560',clsize), 
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rep('2561',clsize),rep('2562',clsize),rep('2563',clsize),rep('2564',clsize),rep('2565',clsize),rep('2566',clsize),rep('2567',clsize),rep('2568',clsize
),rep('2569',clsize),rep('2570',clsize), 
rep('2571',clsize),rep('2572',clsize),rep('2573',clsize),rep('2574',clsize),rep('2575',clsize),rep('2576',clsize),rep('2577',clsize),rep('2578',clsize
),rep('2579',clsize),rep('2580',clsize), 
rep('2581',clsize),rep('2582',clsize),rep('2583',clsize),rep('2584',clsize),rep('2585',clsize),rep('2586',clsize),rep('2587',clsize),rep('2588',clsize
),rep('2589',clsize),rep('2590',clsize), 
rep('2591',clsize),rep('2592',clsize),rep('2593',clsize),rep('2594',clsize),rep('2595',clsize),rep('2596',clsize),rep('2597',clsize),rep('2598',clsize
),rep('2599',clsize),rep('2600',clsize), 
 
rep('2601',clsize),rep('2602',clsize),rep('2603',clsize),rep('2604',clsize),rep('2605',clsize),rep('2606',clsize),rep('2607',clsize),rep('2608',clsize
),rep('2609',clsize),rep('2610',clsize), 
rep('2611',clsize),rep('2612',clsize),rep('2613',clsize),rep('2614',clsize),rep('2615',clsize),rep('2616',clsize),rep('2617',clsize),rep('2618',clsize
),rep('2619',clsize),rep('2620',clsize), 
rep('2621',clsize),rep('2622',clsize),rep('2623',clsize),rep('2624',clsize),rep('2625',clsize),rep('2626',clsize),rep('2627',clsize),rep('2628',clsize
),rep('2629',clsize),rep('2630',clsize), 
rep('2631',clsize),rep('2632',clsize),rep('2633',clsize),rep('2634',clsize),rep('2635',clsize),rep('2636',clsize),rep('2637',clsize),rep('2638',clsize
),rep('2639',clsize),rep('2640',clsize), 
rep('2641',clsize),rep('2642',clsize),rep('2643',clsize),rep('2644',clsize),rep('2645',clsize),rep('2646',clsize),rep('2647',clsize),rep('2648',clsize
),rep('2649',clsize),rep('2650',clsize), 
rep('2651',clsize),rep('2652',clsize),rep('2653',clsize),rep('2654',clsize),rep('2655',clsize),rep('2656',clsize),rep('2657',clsize),rep('2658',clsize
),rep('2659',clsize),rep('2660',clsize), 
rep('2661',clsize),rep('2662',clsize),rep('2663',clsize),rep('2664',clsize),rep('2665',clsize),rep('2666',clsize),rep('2667',clsize),rep('2668',clsize
),rep('2669',clsize),rep('2670',clsize), 
rep('2671',clsize),rep('2672',clsize),rep('2673',clsize),rep('2674',clsize),rep('2675',clsize),rep('2676',clsize),rep('2677',clsize),rep('2678',clsize
),rep('2679',clsize),rep('2680',clsize), 
rep('2681',clsize),rep('2682',clsize),rep('2683',clsize),rep('2684',clsize),rep('2685',clsize),rep('2686',clsize),rep('2687',clsize),rep('2688',clsize
),rep('2689',clsize),rep('2690',clsize), 
rep('2691',clsize),rep('2692',clsize),rep('2693',clsize),rep('2694',clsize),rep('2695',clsize),rep('2696',clsize),rep('2697',clsize),rep('2698',clsize
),rep('2699',clsize),rep('2700',clsize), 
 
rep('2701',clsize),rep('2702',clsize),rep('2703',clsize),rep('2704',clsize),rep('2705',clsize),rep('2706',clsize),rep('2707',clsize),rep('2708',clsize
),rep('2709',clsize),rep('2710',clsize), 
rep('2711',clsize),rep('2712',clsize),rep('2713',clsize),rep('2714',clsize),rep('2715',clsize),rep('2716',clsize),rep('2717',clsize),rep('2718',clsize
),rep('2719',clsize),rep('2720',clsize), 
rep('2721',clsize),rep('2722',clsize),rep('2723',clsize),rep('2724',clsize),rep('2725',clsize),rep('2726',clsize),rep('2727',clsize),rep('2728',clsize
),rep('2729',clsize),rep('2730',clsize), 
rep('2731',clsize),rep('2732',clsize),rep('2733',clsize),rep('2734',clsize),rep('2735',clsize),rep('2736',clsize),rep('2737',clsize),rep('2738',clsize
),rep('2739',clsize),rep('2740',clsize), 
rep('2741',clsize),rep('2742',clsize),rep('2743',clsize),rep('2744',clsize),rep('2745',clsize),rep('2746',clsize),rep('2747',clsize),rep('2748',clsize
),rep('2749',clsize),rep('2750',clsize), 
rep('2751',clsize),rep('2752',clsize),rep('2753',clsize),rep('2754',clsize),rep('2755',clsize),rep('2756',clsize),rep('2757',clsize),rep('2758',clsize
),rep('2759',clsize),rep('2760',clsize), 
rep('2761',clsize),rep('2762',clsize),rep('2763',clsize),rep('2764',clsize),rep('2765',clsize),rep('2766',clsize),rep('2767',clsize),rep('2768',clsize
),rep('2769',clsize),rep('2770',clsize), 
rep('2771',clsize),rep('2772',clsize),rep('2773',clsize),rep('2774',clsize),rep('2775',clsize),rep('2776',clsize),rep('2777',clsize),rep('2778',clsize
),rep('2779',clsize),rep('2780',clsize), 
rep('2781',clsize),rep('2782',clsize),rep('2783',clsize),rep('2784',clsize),rep('2785',clsize),rep('2786',clsize),rep('2787',clsize),rep('2788',clsize
),rep('2789',clsize),rep('2790',clsize), 
rep('2791',clsize),rep('2792',clsize),rep('2793',clsize),rep('2794',clsize),rep('2795',clsize),rep('2796',clsize),rep('2797',clsize),rep('2798',clsize
),rep('2799',clsize),rep('2800',clsize), 
 
rep('2801',clsize),rep('2802',clsize),rep('2803',clsize),rep('2804',clsize),rep('2805',clsize),rep('2806',clsize),rep('2807',clsize),rep('2808',clsize
),rep('2809',clsize),rep('2810',clsize), 
rep('2811',clsize),rep('2812',clsize),rep('2813',clsize),rep('2814',clsize),rep('2815',clsize),rep('2816',clsize),rep('2817',clsize),rep('2818',clsize
),rep('2819',clsize),rep('2820',clsize), 
rep('2821',clsize),rep('2822',clsize),rep('2823',clsize),rep('2824',clsize),rep('2825',clsize),rep('2826',clsize),rep('2827',clsize),rep('2828',clsize
),rep('2829',clsize),rep('2830',clsize), 
rep('2831',clsize),rep('2832',clsize),rep('2833',clsize),rep('2834',clsize),rep('2835',clsize),rep('2836',clsize),rep('2837',clsize),rep('2838',clsize
),rep('2839',clsize),rep('2840',clsize), 
rep('2841',clsize),rep('2842',clsize),rep('2843',clsize),rep('2844',clsize),rep('2845',clsize),rep('2846',clsize),rep('2847',clsize),rep('2848',clsize
),rep('2849',clsize),rep('2850',clsize), 
rep('2851',clsize),rep('2852',clsize),rep('2853',clsize),rep('2854',clsize),rep('2855',clsize),rep('2856',clsize),rep('2857',clsize),rep('2858',clsize
),rep('2859',clsize),rep('2860',clsize), 
rep('2861',clsize),rep('2862',clsize),rep('2863',clsize),rep('2864',clsize),rep('2865',clsize),rep('2866',clsize),rep('2867',clsize),rep('2868',clsize
),rep('2869',clsize),rep('2870',clsize), 
rep('2871',clsize),rep('2872',clsize),rep('2873',clsize),rep('2874',clsize),rep('2875',clsize),rep('2876',clsize),rep('2877',clsize),rep('2878',clsize
),rep('2879',clsize),rep('2880',clsize), 
rep('2881',clsize),rep('2882',clsize),rep('2883',clsize),rep('2884',clsize),rep('2885',clsize),rep('2886',clsize),rep('2887',clsize),rep('2888',clsize
),rep('2889',clsize),rep('2890',clsize), 
rep('2891',clsize),rep('2892',clsize),rep('2893',clsize),rep('2894',clsize),rep('2895',clsize),rep('2896',clsize),rep('2897',clsize),rep('2898',clsize
),rep('2899',clsize),rep('2900',clsize), 
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rep('2901',clsize),rep('2902',clsize),rep('2903',clsize),rep('2904',clsize),rep('2905',clsize),rep('2906',clsize),rep('2907',clsize),rep('2908',clsize
),rep('2909',clsize),rep('2910',clsize), 
rep('2911',clsize),rep('2912',clsize),rep('2913',clsize),rep('2914',clsize),rep('2915',clsize),rep('2916',clsize),rep('2917',clsize),rep('2918',clsize
),rep('2919',clsize),rep('2920',clsize), 
rep('2921',clsize),rep('2922',clsize),rep('2923',clsize),rep('2924',clsize),rep('2925',clsize),rep('2926',clsize),rep('2927',clsize),rep('2928',clsize
),rep('2929',clsize),rep('2930',clsize), 
rep('2931',clsize),rep('2932',clsize),rep('2933',clsize),rep('2934',clsize),rep('2935',clsize),rep('2936',clsize),rep('2937',clsize),rep('2938',clsize
),rep('2939',clsize),rep('2940',clsize), 
rep('2941',clsize),rep('2942',clsize),rep('2943',clsize),rep('2944',clsize),rep('2945',clsize),rep('2946',clsize),rep('2947',clsize),rep('2948',clsize
),rep('2949',clsize),rep('2950',clsize), 
rep('2951',clsize),rep('2952',clsize),rep('2953',clsize),rep('2954',clsize),rep('2955',clsize),rep('2956',clsize),rep('2957',clsize),rep('2958',clsize
),rep('2959',clsize),rep('2960',clsize), 
rep('2961',clsize),rep('2962',clsize),rep('2963',clsize),rep('2964',clsize),rep('2965',clsize),rep('2966',clsize),rep('2967',clsize),rep('2968',clsize
),rep('2969',clsize),rep('2970',clsize), 
rep('2971',clsize),rep('2972',clsize),rep('2973',clsize),rep('2974',clsize),rep('2975',clsize),rep('2976',clsize),rep('2977',clsize),rep('2978',clsize
),rep('2979',clsize),rep('2980',clsize), 
rep('2981',clsize),rep('2982',clsize),rep('2983',clsize),rep('2984',clsize),rep('2985',clsize),rep('2986',clsize),rep('2987',clsize),rep('2988',clsize
),rep('2989',clsize),rep('2990',clsize), 
rep('2991',clsize),rep('2992',clsize),rep('2993',clsize),rep('2994',clsize),rep('2995',clsize),rep('2996',clsize),rep('2997',clsize),rep('2998',clsize
),rep('2999',clsize),rep('3000',clsize), 
 
rep('3001',clsize),rep('3002',clsize),rep('3003',clsize),rep('3004',clsize),rep('3005',clsize),rep('3006',clsize),rep('3007',clsize),rep('3008',clsize
),rep('3009',clsize),rep('3010',clsize), 
rep('3011',clsize),rep('3012',clsize),rep('3013',clsize),rep('3014',clsize),rep('3015',clsize),rep('3016',clsize),rep('3017',clsize),rep('3018',clsize
),rep('3019',clsize),rep('3020',clsize), 
rep('3021',clsize),rep('3022',clsize),rep('3023',clsize),rep('3024',clsize),rep('3025',clsize),rep('3026',clsize),rep('3027',clsize),rep('3028',clsize
),rep('3029',clsize),rep('3030',clsize), 
rep('3031',clsize),rep('3032',clsize),rep('3033',clsize),rep('3034',clsize),rep('3035',clsize),rep('3036',clsize),rep('3037',clsize),rep('3038',clsize
),rep('3039',clsize),rep('3040',clsize), 
rep('3041',clsize),rep('3042',clsize),rep('3043',clsize),rep('3044',clsize),rep('3045',clsize),rep('3046',clsize),rep('3047',clsize),rep('3048',clsize
),rep('3049',clsize),rep('3050',clsize), 
rep('3051',clsize),rep('3052',clsize),rep('3053',clsize),rep('3054',clsize),rep('3055',clsize),rep('3056',clsize),rep('3057',clsize),rep('3058',clsize
),rep('3059',clsize),rep('3060',clsize), 
rep('3061',clsize),rep('3062',clsize),rep('3063',clsize),rep('3064',clsize),rep('3065',clsize),rep('3066',clsize),rep('3067',clsize),rep('3068',clsize
),rep('3069',clsize),rep('3070',clsize), 
rep('3071',clsize),rep('3072',clsize),rep('3073',clsize),rep('3074',clsize),rep('3075',clsize),rep('3076',clsize),rep('3077',clsize),rep('3078',clsize
),rep('3079',clsize),rep('3080',clsize), 
rep('3081',clsize),rep('3082',clsize),rep('3083',clsize),rep('3084',clsize),rep('3085',clsize),rep('3086',clsize),rep('3087',clsize),rep('3088',clsize
),rep('3089',clsize),rep('3090',clsize), 
rep('3091',clsize),rep('3092',clsize),rep('3093',clsize),rep('3094',clsize),rep('3095',clsize),rep('3096',clsize),rep('3097',clsize),rep('3098',clsize
),rep('3099',clsize),rep('3100',clsize), 
 
rep('3101',clsize),rep('3102',clsize),rep('3103',clsize),rep('3104',clsize),rep('3105',clsize),rep('3106',clsize),rep('3107',clsize),rep('3108',clsize
),rep('3109',clsize),rep('3110',clsize), 
rep('3111',clsize),rep('3112',clsize),rep('3113',clsize),rep('3114',clsize),rep('3115',clsize),rep('3116',clsize),rep('3117',clsize),rep('3118',clsize
),rep('3119',clsize),rep('3120',clsize), 
rep('3121',clsize),rep('3122',clsize),rep('3123',clsize),rep('3124',clsize),rep('3125',clsize),rep('3126',clsize),rep('3127',clsize),rep('3128',clsize
),rep('3129',clsize),rep('3130',clsize), 
rep('3131',clsize),rep('3132',clsize),rep('3133',clsize),rep('3134',clsize),rep('3135',clsize),rep('3136',clsize),rep('3137',clsize),rep('3138',clsize
),rep('3139',clsize),rep('3140',clsize), 
rep('3141',clsize),rep('3142',clsize),rep('3143',clsize),rep('3144',clsize),rep('3145',clsize),rep('3146',clsize),rep('3147',clsize),rep('3148',clsize
),rep('3149',clsize),rep('3150',clsize), 
rep('3151',clsize),rep('3152',clsize),rep('3153',clsize),rep('3154',clsize),rep('3155',clsize),rep('3156',clsize),rep('3157',clsize),rep('3158',clsize
),rep('3159',clsize),rep('3160',clsize), 
rep('3161',clsize),rep('3162',clsize),rep('3163',clsize),rep('3164',clsize),rep('3165',clsize),rep('3166',clsize),rep('3167',clsize),rep('3168',clsize
),rep('3169',clsize),rep('3170',clsize), 
rep('3171',clsize),rep('3172',clsize),rep('3173',clsize),rep('3174',clsize),rep('3175',clsize),rep('3176',clsize),rep('3177',clsize),rep('3178',clsize
),rep('3179',clsize),rep('3180',clsize), 
rep('3181',clsize),rep('3182',clsize),rep('3183',clsize),rep('3184',clsize),rep('3185',clsize),rep('3186',clsize),rep('3187',clsize),rep('3188',clsize
),rep('3189',clsize),rep('3190',clsize), 
rep('3191',clsize),rep('3192',clsize),rep('3193',clsize),rep('3194',clsize),rep('3195',clsize),rep('3196',clsize),rep('3197',clsize),rep('3198',clsize
),rep('3199',clsize),rep('3200',clsize), 
 
rep('3201',clsize),rep('3202',clsize),rep('3203',clsize),rep('3204',clsize),rep('3205',clsize),rep('3206',clsize),rep('3207',clsize),rep('3208',clsize
),rep('3209',clsize),rep('3210',clsize), 
rep('3211',clsize),rep('3212',clsize),rep('3213',clsize),rep('3214',clsize),rep('3215',clsize),rep('3216',clsize),rep('3217',clsize),rep('3218',clsize
),rep('3219',clsize),rep('3220',clsize), 
rep('3221',clsize),rep('3222',clsize),rep('3223',clsize),rep('3224',clsize),rep('3225',clsize),rep('3226',clsize),rep('3227',clsize),rep('3228',clsize
),rep('3229',clsize),rep('3230',clsize), 
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rep('3231',clsize),rep('3232',clsize),rep('3233',clsize),rep('3234',clsize),rep('3235',clsize),rep('3236',clsize),rep('3237',clsize),rep('3238',clsize
),rep('3239',clsize),rep('3240',clsize), 
rep('3241',clsize),rep('3242',clsize),rep('3243',clsize),rep('3244',clsize),rep('3245',clsize),rep('3246',clsize),rep('3247',clsize),rep('3248',clsize
),rep('3249',clsize),rep('3250',clsize), 
rep('3251',clsize),rep('3252',clsize),rep('3253',clsize),rep('3254',clsize),rep('3255',clsize),rep('3256',clsize),rep('3257',clsize),rep('3258',clsize
),rep('3259',clsize),rep('3260',clsize), 
rep('3261',clsize),rep('3262',clsize),rep('3263',clsize),rep('3264',clsize),rep('3265',clsize),rep('3266',clsize),rep('3267',clsize),rep('3268',clsize
),rep('3269',clsize),rep('3270',clsize), 
rep('3271',clsize),rep('3272',clsize),rep('3273',clsize),rep('3274',clsize),rep('3275',clsize),rep('3276',clsize),rep('3277',clsize),rep('3278',clsize
),rep('3279',clsize),rep('3280',clsize), 
rep('3281',clsize),rep('3282',clsize),rep('3283',clsize),rep('3284',clsize),rep('3285',clsize),rep('3286',clsize),rep('3287',clsize),rep('3288',clsize
),rep('3289',clsize),rep('3290',clsize), 
rep('3291',clsize),rep('3292',clsize),rep('3293',clsize),rep('3294',clsize),rep('3295',clsize),rep('3296',clsize),rep('3297',clsize),rep('3298',clsize
),rep('3299',clsize),rep('3300',clsize), 
 
rep('3301',clsize),rep('3302',clsize),rep('3303',clsize),rep('3304',clsize),rep('3305',clsize),rep('3306',clsize),rep('3307',clsize),rep('3308',clsize
),rep('3309',clsize),rep('3310',clsize), 
rep('3311',clsize),rep('3312',clsize),rep('3313',clsize),rep('3314',clsize),rep('3315',clsize),rep('3316',clsize),rep('3337',clsize),rep('3318',clsize
),rep('3319',clsize),rep('3320',clsize), 
rep('3321',clsize),rep('3322',clsize),rep('3323',clsize),rep('3324',clsize),rep('3325',clsize),rep('3326',clsize),rep('3327',clsize),rep('3328',clsize
),rep('3329',clsize),rep('3330',clsize), 
rep('3331',clsize),rep('3332',clsize),rep('3333',clsize),rep('3334',clsize),rep('3335',clsize),rep('3336',clsize),rep('3337',clsize),rep('3338',clsize
),rep('3339',clsize),rep('3340',clsize), 
rep('3341',clsize),rep('3342',clsize),rep('3343',clsize),rep('3344',clsize),rep('3345',clsize),rep('3346',clsize),rep('3347',clsize),rep('3348',clsize
),rep('3349',clsize),rep('3350',clsize), 
rep('3351',clsize),rep('3352',clsize),rep('3353',clsize),rep('3354',clsize),rep('3355',clsize),rep('3356',clsize),rep('3357',clsize),rep('3358',clsize
),rep('3359',clsize),rep('3360',clsize), 
rep('3361',clsize),rep('3362',clsize),rep('3363',clsize),rep('3364',clsize),rep('3365',clsize),rep('3366',clsize),rep('3367',clsize),rep('3368',clsize
),rep('3369',clsize),rep('3370',clsize), 
rep('3371',clsize),rep('3372',clsize),rep('3373',clsize),rep('3374',clsize),rep('3375',clsize),rep('3376',clsize),rep('3377',clsize),rep('3378',clsize
),rep('3379',clsize),rep('3380',clsize), 
rep('3381',clsize),rep('3382',clsize),rep('3383',clsize),rep('3384',clsize),rep('3385',clsize),rep('3386',clsize),rep('3387',clsize),rep('3388',clsize
),rep('3389',clsize),rep('3390',clsize), 
rep('3391',clsize),rep('3392',clsize),rep('3393',clsize),rep('3394',clsize),rep('3395',clsize),rep('3396',clsize),rep('3397',clsize),rep('3398',clsize
),rep('3399',clsize),rep('3400',clsize), 
 
rep('3401',clsize),rep('3402',clsize),rep('3403',clsize),rep('3404',clsize),rep('3405',clsize),rep('3406',clsize),rep('3407',clsize),rep('3408',clsize
),rep('3409',clsize),rep('3410',clsize), 
rep('3411',clsize),rep('3412',clsize),rep('3413',clsize),rep('3414',clsize),rep('3415',clsize),rep('3416',clsize),rep('3417',clsize),rep('3418',clsize
),rep('3419',clsize),rep('3420',clsize), 
rep('3421',clsize),rep('3422',clsize),rep('3423',clsize),rep('3424',clsize),rep('3425',clsize),rep('3426',clsize),rep('3427',clsize),rep('3428',clsize
),rep('3429',clsize),rep('3430',clsize), 
rep('3431',clsize),rep('3432',clsize),rep('3433',clsize),rep('3434',clsize),rep('3435',clsize),rep('3436',clsize),rep('3437',clsize),rep('3438',clsize
),rep('3439',clsize),rep('3440',clsize), 
rep('3441',clsize),rep('3442',clsize),rep('3443',clsize),rep('3444',clsize),rep('3445',clsize),rep('3446',clsize),rep('3447',clsize),rep('3448',clsize
),rep('3449',clsize),rep('3450',clsize), 
rep('3451',clsize),rep('3452',clsize),rep('3453',clsize),rep('3454',clsize),rep('3455',clsize),rep('3456',clsize),rep('3457',clsize),rep('3458',clsize
),rep('3459',clsize),rep('3460',clsize), 
rep('3461',clsize),rep('3462',clsize),rep('3463',clsize),rep('3464',clsize),rep('3465',clsize),rep('3466',clsize),rep('3467',clsize),rep('3468',clsize
),rep('3469',clsize),rep('3470',clsize), 
rep('3471',clsize),rep('3472',clsize),rep('3473',clsize),rep('3474',clsize),rep('3475',clsize),rep('3476',clsize),rep('3477',clsize),rep('3478',clsize
),rep('3479',clsize),rep('3480',clsize), 
rep('3481',clsize),rep('3482',clsize),rep('3483',clsize),rep('3484',clsize),rep('3485',clsize),rep('3486',clsize),rep('3487',clsize),rep('3488',clsize
),rep('3489',clsize),rep('3490',clsize), 
rep('3491',clsize),rep('3492',clsize),rep('3493',clsize),rep('3494',clsize),rep('3495',clsize),rep('3496',clsize),rep('3497',clsize),rep('3498',clsize
),rep('3499',clsize),rep('3500',clsize), 
 
rep('3501',clsize),rep('3502',clsize),rep('3503',clsize),rep('3504',clsize),rep('3505',clsize),rep('3506',clsize),rep('3507',clsize),rep('3508',clsize
),rep('3509',clsize),rep('3510',clsize), 
rep('3511',clsize),rep('3512',clsize),rep('3513',clsize),rep('3514',clsize),rep('3515',clsize),rep('3516',clsize),rep('3517',clsize),rep('3518',clsize
),rep('3519',clsize),rep('3520',clsize), 
rep('3521',clsize),rep('3522',clsize),rep('3523',clsize),rep('3524',clsize),rep('3525',clsize),rep('3526',clsize),rep('3527',clsize),rep('3528',clsize
),rep('3529',clsize),rep('3530',clsize), 
rep('3531',clsize),rep('3532',clsize),rep('3533',clsize),rep('3534',clsize),rep('3535',clsize),rep('3536',clsize),rep('3537',clsize),rep('3538',clsize
),rep('3539',clsize),rep('3540',clsize), 
rep('3541',clsize),rep('3542',clsize),rep('3543',clsize),rep('3544',clsize),rep('3545',clsize),rep('3546',clsize),rep('3547',clsize),rep('3548',clsize
),rep('3549',clsize),rep('3550',clsize), 
rep('3551',clsize),rep('3552',clsize),rep('3553',clsize),rep('3554',clsize),rep('3555',clsize),rep('3556',clsize),rep('3557',clsize),rep('3558',clsize
),rep('3559',clsize),rep('3560',clsize), 
rep('3561',clsize),rep('3562',clsize),rep('3563',clsize),rep('3564',clsize),rep('3565',clsize),rep('3566',clsize),rep('3567',clsize),rep('3568',clsize
),rep('3569',clsize),rep('3570',clsize), 
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rep('3571',clsize),rep('3572',clsize),rep('3573',clsize),rep('3574',clsize),rep('3575',clsize),rep('3576',clsize),rep('3577',clsize),rep('3578',clsize
),rep('3579',clsize),rep('3580',clsize), 
rep('3581',clsize),rep('3582',clsize),rep('3583',clsize),rep('3584',clsize),rep('3585',clsize),rep('3586',clsize),rep('3587',clsize),rep('3588',clsize
),rep('3589',clsize),rep('3590',clsize), 
rep('3591',clsize),rep('3592',clsize),rep('3593',clsize),rep('3594',clsize),rep('3595',clsize),rep('3596',clsize),rep('3597',clsize),rep('3598',clsize
),rep('3599',clsize),rep('3600',clsize), 
 
rep('3601',clsize),rep('3602',clsize),rep('3603',clsize),rep('3604',clsize),rep('3605',clsize),rep('3606',clsize),rep('3607',clsize),rep('3608',clsize
),rep('3609',clsize),rep('3610',clsize), 
rep('3611',clsize),rep('3612',clsize),rep('3613',clsize),rep('3614',clsize),rep('3615',clsize),rep('3616',clsize),rep('3617',clsize),rep('3618',clsize
),rep('3619',clsize),rep('3620',clsize), 
rep('3621',clsize),rep('3622',clsize),rep('3623',clsize),rep('3624',clsize),rep('3625',clsize),rep('3626',clsize),rep('3627',clsize),rep('3628',clsize
),rep('3629',clsize),rep('3630',clsize), 
rep('3631',clsize),rep('3632',clsize),rep('3633',clsize),rep('3634',clsize),rep('3635',clsize),rep('3636',clsize),rep('3637',clsize),rep('3638',clsize
),rep('3639',clsize),rep('3640',clsize), 
rep('3641',clsize),rep('3642',clsize),rep('3643',clsize),rep('3644',clsize),rep('3645',clsize),rep('3646',clsize),rep('3647',clsize),rep('3648',clsize
),rep('3649',clsize),rep('3650',clsize), 
rep('3651',clsize),rep('3652',clsize),rep('3653',clsize),rep('3654',clsize),rep('3655',clsize),rep('3656',clsize),rep('3657',clsize),rep('3658',clsize
),rep('3659',clsize),rep('3660',clsize), 
rep('3661',clsize),rep('3662',clsize),rep('3663',clsize),rep('3664',clsize),rep('3665',clsize),rep('3666',clsize),rep('3667',clsize),rep('3668',clsize
),rep('3669',clsize),rep('3670',clsize), 
rep('3671',clsize),rep('3672',clsize),rep('3673',clsize),rep('3674',clsize),rep('3675',clsize),rep('3676',clsize),rep('3677',clsize),rep('3678',clsize
),rep('3679',clsize),rep('3680',clsize), 
rep('3681',clsize),rep('3682',clsize),rep('3683',clsize),rep('3684',clsize),rep('3685',clsize),rep('3686',clsize),rep('3687',clsize),rep('3688',clsize
),rep('3689',clsize),rep('3690',clsize), 
rep('3691',clsize),rep('3692',clsize),rep('3693',clsize),rep('3694',clsize),rep('3695',clsize),rep('3696',clsize),rep('3697',clsize),rep('3698',clsize
),rep('3699',clsize),rep('3700',clsize), 
 
rep('3701',clsize),rep('3702',clsize),rep('3703',clsize),rep('3704',clsize),rep('3705',clsize),rep('3706',clsize),rep('3707',clsize),rep('3708',clsize
),rep('3709',clsize),rep('3710',clsize), 
rep('3711',clsize),rep('3712',clsize),rep('3713',clsize),rep('3714',clsize),rep('3715',clsize),rep('3716',clsize),rep('3717',clsize),rep('3718',clsize
),rep('3719',clsize),rep('3720',clsize), 
rep('3721',clsize),rep('3722',clsize),rep('3723',clsize),rep('3724',clsize),rep('3725',clsize),rep('3726',clsize),rep('3727',clsize),rep('3728',clsize
),rep('3729',clsize),rep('3730',clsize), 
rep('3731',clsize),rep('3732',clsize),rep('3733',clsize),rep('3734',clsize),rep('3735',clsize),rep('3736',clsize),rep('3737',clsize),rep('3738',clsize
),rep('3739',clsize),rep('3740',clsize), 
rep('3741',clsize),rep('3742',clsize),rep('3743',clsize),rep('3744',clsize),rep('3745',clsize),rep('3746',clsize),rep('3747',clsize),rep('3748',clsize
),rep('3749',clsize),rep('3750',clsize), 
rep('3751',clsize),rep('3752',clsize),rep('3753',clsize),rep('3754',clsize),rep('3755',clsize),rep('3756',clsize),rep('3757',clsize),rep('3758',clsize
),rep('3759',clsize),rep('3760',clsize), 
rep('3761',clsize),rep('3762',clsize),rep('3763',clsize),rep('3764',clsize),rep('3765',clsize),rep('3766',clsize),rep('3767',clsize),rep('3768',clsize
),rep('3769',clsize),rep('3770',clsize), 
rep('3771',clsize),rep('3772',clsize),rep('3773',clsize),rep('3774',clsize),rep('3775',clsize),rep('3776',clsize),rep('3777',clsize),rep('3778',clsize
),rep('3779',clsize),rep('3780',clsize), 
rep('3781',clsize),rep('3782',clsize),rep('3783',clsize),rep('3784',clsize),rep('3785',clsize),rep('3786',clsize),rep('3787',clsize),rep('3788',clsize
),rep('3789',clsize),rep('3790',clsize), 
rep('3791',clsize),rep('3792',clsize),rep('3793',clsize),rep('3794',clsize),rep('3795',clsize),rep('3796',clsize),rep('3797',clsize),rep('3798',clsize
),rep('3799',clsize),rep('3800',clsize), 
 
rep('3801',clsize),rep('3802',clsize),rep('3803',clsize),rep('3804',clsize),rep('3805',clsize),rep('3806',clsize),rep('3807',clsize),rep('3808',clsize
),rep('3809',clsize),rep('3810',clsize), 
rep('3811',clsize),rep('3812',clsize),rep('3813',clsize),rep('3814',clsize),rep('3815',clsize),rep('3816',clsize),rep('3817',clsize),rep('3818',clsize
),rep('3819',clsize),rep('3820',clsize), 
rep('3821',clsize),rep('3822',clsize),rep('3823',clsize),rep('3824',clsize),rep('3825',clsize),rep('3826',clsize),rep('3827',clsize),rep('3828',clsize
),rep('3829',clsize),rep('3830',clsize), 
rep('3831',clsize),rep('3832',clsize),rep('3833',clsize),rep('3834',clsize),rep('3835',clsize),rep('3836',clsize),rep('3837',clsize),rep('3838',clsize
),rep('3839',clsize),rep('3840',clsize), 
rep('3841',clsize),rep('3842',clsize),rep('3843',clsize),rep('3844',clsize),rep('3845',clsize),rep('3846',clsize),rep('3847',clsize),rep('3848',clsize
),rep('3849',clsize),rep('3850',clsize), 
rep('3851',clsize),rep('3852',clsize),rep('3853',clsize),rep('3854',clsize),rep('3855',clsize),rep('3856',clsize),rep('3857',clsize),rep('3858',clsize
),rep('3859',clsize),rep('3860',clsize), 
rep('3861',clsize),rep('3862',clsize),rep('3863',clsize),rep('3864',clsize),rep('3865',clsize),rep('3866',clsize),rep('3867',clsize),rep('3868',clsize
),rep('3869',clsize),rep('3870',clsize), 
rep('3871',clsize),rep('3872',clsize),rep('3873',clsize),rep('3874',clsize),rep('3875',clsize),rep('3876',clsize),rep('3877',clsize),rep('3878',clsize
),rep('3879',clsize),rep('3880',clsize), 
rep('3881',clsize),rep('3882',clsize),rep('3883',clsize),rep('3884',clsize),rep('3885',clsize),rep('3886',clsize),rep('3887',clsize),rep('3888',clsize
),rep('3889',clsize),rep('3890',clsize), 
rep('3891',clsize),rep('3892',clsize),rep('3893',clsize),rep('3894',clsize),rep('3895',clsize),rep('3896',clsize),rep('3897',clsize),rep('3898',clsize
),rep('3899',clsize),rep('3900',clsize), 
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rep('3901',clsize),rep('3902',clsize),rep('3903',clsize),rep('3904',clsize),rep('3905',clsize),rep('3906',clsize),rep('3907',clsize),rep('3908',clsize
),rep('3909',clsize),rep('3910',clsize), 
rep('3911',clsize),rep('3912',clsize),rep('3913',clsize),rep('3914',clsize),rep('3915',clsize),rep('3916',clsize),rep('3917',clsize),rep('3918',clsize
),rep('3919',clsize),rep('3920',clsize), 
rep('3921',clsize),rep('3922',clsize),rep('3923',clsize),rep('3924',clsize),rep('3925',clsize),rep('3926',clsize),rep('3927',clsize),rep('3928',clsize
),rep('3929',clsize),rep('3930',clsize), 
rep('3931',clsize),rep('3932',clsize),rep('3933',clsize),rep('3934',clsize),rep('3935',clsize),rep('3936',clsize),rep('3937',clsize),rep('3938',clsize
),rep('3939',clsize),rep('3940',clsize), 
rep('3941',clsize),rep('3942',clsize),rep('3943',clsize),rep('3944',clsize),rep('3945',clsize),rep('3946',clsize),rep('3947',clsize),rep('3948',clsize
),rep('3949',clsize),rep('3950',clsize), 
rep('3951',clsize),rep('3952',clsize),rep('3953',clsize),rep('3954',clsize),rep('3955',clsize),rep('3956',clsize),rep('3957',clsize),rep('3958',clsize
),rep('3959',clsize),rep('3960',clsize), 
rep('3961',clsize),rep('3962',clsize),rep('3963',clsize),rep('3964',clsize),rep('3965',clsize),rep('3966',clsize),rep('3967',clsize),rep('3968',clsize
),rep('3969',clsize),rep('3970',clsize), 
rep('3971',clsize),rep('3972',clsize),rep('3973',clsize),rep('3974',clsize),rep('3975',clsize),rep('3976',clsize),rep('3977',clsize),rep('3978',clsize
),rep('3979',clsize),rep('3980',clsize), 
rep('3981',clsize),rep('3982',clsize),rep('3983',clsize),rep('3984',clsize),rep('3985',clsize),rep('3986',clsize),rep('3987',clsize),rep('3988',clsize
),rep('3989',clsize),rep('3990',clsize), 
rep('3991',clsize),rep('3992',clsize),rep('3993',clsize),rep('3994',clsize),rep('3995',clsize),rep('3996',clsize),rep('3997',clsize),rep('3998',clsize
),rep('3999',clsize),rep('4000',clsize) 
 
 
) 
 
popx1<-data.frame(cl_id,x) 
popx1$unit<-1:nrow(popx1) 
 
popx <- data.frame(popx1$unit,cl_id,mu,v_j,e_ij,x) 
colnames(popx)<-c('unit_id','cl_id','mu','v_j','e_ij','x') 
 
pop.des=svydesign(data=popx,ids=~cl_id+unit_id, nest=TRUE) 
pop.mean=data.frame(svymean(x,pop.des))    
popmean <- pop.mean[1,1]#finite population mean 
 
 
#################### Weights storage ############################################### 
for (k in 1:nvar){ 
 
for (j in 1:nsamp){ 
   
  w1<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w2<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w3<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w4<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w5<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w6<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w7<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w8<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w9<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w10<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w11<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w12<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)   
} 
 
####################################################################################### 
 
 
################################################################################################## 
# Two stage Cluster Random Sampling from a clustered finite population 
################################################################################################## 
 
n2 = rep(20,50)          # select 20 units from 50 clusters 
 
for (i in 1:nsamp) {  
 
sample = mstage(popx, stage=list("cluster","cluster"), varnames=list("cl_id", "unit_id"),size=list(50,n2), method=list("srswor","srswor")) 
#unique(sample[[1]]$cl_id) 
#unique(sample[[2]]$unit_id)     #double checking 
 
s=getdata(popx,sample)[[2]] 
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########################################################################################################## 
# Naive weights 
################# 
 
  mean_naive[i]=mean(s$x) 
  variance_naive[i]=var(s$x) 
  cv_naive[i]=abs(sqrt(variance_naive[i])/mean_naive[i]) 
  skewness_naive[i]<-skewness(s$x) 
  kurtosis_naive[i]<-kurtosis(s$x) 
 
########################################################################################################## 
# Design conscious weights 
########################### 
 
plan=svydesign(data=s,ids=~cl_id+unit_id, nest=TRUE) 
mean_st=svymean(~x,plan) 
mean_st=as.data.frame(mean_st) 
 
means[i]<-mean_st[1,1]                                   #sample mean for ith sample 
    variance[i]<-mean_st[1,2]^2              #sample variance, design consistent variance 
    cv[i]<-abs(sqrt(variance[i])/means[i])                 #coefficient of variation 
   
   
    # skewness[i]<-skewness(s[,i]) 
    moments = svymean(~I(x^4) + I(x^3) + 
                       I(x^2) + I(x), plan) 
   
    skew=data.frame(svycontrast(moments,  
                         quote((`I(x^3)` - 3*`I(x^2)`*`I(x)` + 
                                3*`I(x)`*`I(x)`^2 - `I(x)`^3)/ 
                              (`I(x^2)` - `I(x)`^2)^1.5))) 
    skewness[i]<-skew[1,1] 
     
    #kurtosis[i]<-kurtosis(s[,i]) 
     
    kurt=data.frame(svycontrast(moments,  
                quote((`I(x^4)` - 
                         4*`I(x^3)`*`I(x)` + 
                         6*`I(x^2)`*`I(x)`^2 - 
                         4*`I(x)`*`I(x)`^3 + 
                         `I(x)`^4)/ 
                        (`I(x^2)` - 
                           `I(x)`^2)^2))) 
     
    kurtosis[i]<-kurt[1,1] 
     
    meff.1 <- data.frame(svymean(s$x,plan,deff=TRUE)) 
    meff_var[i]=variance[i]/((1-(n/N))*(var(s$x)/n)) 
 
######################Weights calculation################################### 
  
    
  w1[i]=n                #inverse of the sample size 
 
  w2[i]<-1/(variance[i])   #inverse of the design variance of the estimator of the mean  
  w3[i]<-1/(variance_naive[i])   #inverse of the naive variance of the estimator of the mean 
   
  w4[i]=1                   #simple average weights  
 
  w5[i]=1/cv[i]             #inverse of cv 
  w6[i]=1/cv_naive[i]             #inverse of naive cv 
 
  w7[i]=abs(1/skewness[i])       #inverse skewness 
  w8[i]=abs(1/skewness_naive[i])       #inverse skewness 
 
  w9[i]=1/kurtosis[i]       #inverse kurtosis 
  w10[i]=1/kurtosis_naive[i]       #inverse kurtosis 
 
  w11[i]=meff_var[i]/variance[i]  #in srs deff=1 so coincides with inverse of variance 
  w12[i]=1/meff_var[i]   
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  combmeans1[i]<-round(sum(means[1:i]*w1[1:i])/sum(w1[1:i]),digits=9) #combine means using inverse sample size 
  combmeans2[i]<-round(sum(means[1:i]*w2[1:i])/sum(w2[1:i]),digits=9) # combine using inverse variance  
  combmeans3[i]<-round(sum(means[1:i]*w3[1:i])/sum(w3[1:i]),digits=9) # combine using inverse variance naive  
  combmeans4[i]<-round(sum(means[1:i]*w4[1:i])/sum(w4[1:i]),digits=9) # combine using a weight of 1 
  combmeans5[i]<-round(sum(means[1:i]*w5[1:i])/sum(w5[1:i]),digits=9) # combine using a weight of inverse CV 
  combmeans6[i]<-round(sum(means[1:i]*w6[1:i])/sum(w6[1:i]),digits=9) # combine using a weight of inverse CV naive 
  combmeans7[i]<-round(sum(means[1:i]*w7[1:i])/sum(w7[1:i]),digits=9) # combine using a weight of inverse skewness 
  combmeans8[i]<-round(sum(means[1:i]*w8[1:i])/sum(w8[1:i]),digits=9) #combine using a weight of inverse skewness naive 
  combmeans9[i]<-round(sum(means[1:i]*w9[1:i])/sum(w9[1:i]),digits=9) # combine using inverse kurtosis  
  combmeans10[i]<-round(sum(means[1:i]*w10[1:i])/sum(w10[1:i]),digits=9) # combine using inverse kurtosis naive 
  combmeans11[i]<-round(sum(means[1:i]*w11[1:i])/sum(w11[1:i]),digits=9) # combine using a weight of meff/var 
  combmeans12[i]<-round(sum(means[1:i]*w12[1:i])/sum(w12[1:i]),digits=9) # combine using a weight of 1/meff 
 
   
   
   
} 
 
sampmean[k]=means[1]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
 
combmeans11[k]=combmeans1[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans21[k]=combmeans2[2] 
    combmeans31[k]=combmeans3[2] 
    combmeans41[k]=combmeans4[2] 
    combmeans51[k]=combmeans5[2] 
    combmeans61[k]=combmeans6[2] 
    combmeans71[k]=combmeans7[2] 
    combmeans81[k]=combmeans8[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans91[k]=combmeans9[2] 
    combmeans101[k]=combmeans10[2] 
    combmeans111[k]=combmeans11[2] 
    combmeans121[k]=combmeans12[2] 
 
 
    combmeans12[k]=combmeans1[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans22[k]=combmeans2[3] 
    combmeans32[k]=combmeans3[3] 
    combmeans42[k]=combmeans4[3] 
    combmeans52[k]=combmeans5[3] 
    combmeans62[k]=combmeans6[3] 
    combmeans72[k]=combmeans7[3] 
    combmeans82[k]=combmeans8[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans92[k]=combmeans9[3] 
    combmeans102[k]=combmeans10[3] 
    combmeans112[k]=combmeans11[3] 
    combmeans122[k]=combmeans12[3] 
 
 
    combmeans13[k]=combmeans1[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans23[k]=combmeans2[5] 
    combmeans33[k]=combmeans3[5] 
    combmeans43[k]=combmeans4[5] 
    combmeans53[k]=combmeans5[5] 
    combmeans63[k]=combmeans6[5] 
    combmeans73[k]=combmeans7[5] 
    combmeans83[k]=combmeans8[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans93[k]=combmeans9[5] 
    combmeans103[k]=combmeans10[5] 
    combmeans113[k]=combmeans11[5] 
    combmeans123[k]=combmeans12[5] 
 
 
    combmeans14[k]=combmeans1[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans24[k]=combmeans2[10] 
    combmeans34[k]=combmeans3[10] 
    combmeans44[k]=combmeans4[10] 
    combmeans54[k]=combmeans5[10] 
    combmeans64[k]=combmeans6[10] 
    combmeans74[k]=combmeans7[10] 
    combmeans84[k]=combmeans8[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
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    combmeans94[k]=combmeans9[10] 
    combmeans104[k]=combmeans10[10] 
    combmeans114[k]=combmeans11[10] 
    combmeans124[k]=combmeans12[10] 
 
   
    combmeans15[k]=combmeans1[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans25[k]=combmeans2[15] 
    combmeans35[k]=combmeans3[15] 
    combmeans45[k]=combmeans4[15] 
    combmeans55[k]=combmeans5[15] 
    combmeans65[k]=combmeans6[15] 
    combmeans75[k]=combmeans7[15] 
    combmeans85[k]=combmeans8[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans95[k]=combmeans9[15] 
    combmeans105[k]=combmeans10[15] 
    combmeans115[k]=combmeans11[15] 
    combmeans125[k]=combmeans12[15] 
 
 
    combmeans16[k]=combmeans1[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans26[k]=combmeans2[20] 
    combmeans36[k]=combmeans3[20] 
    combmeans46[k]=combmeans4[20] 
    combmeans56[k]=combmeans5[20] 
    combmeans66[k]=combmeans6[20] 
    combmeans76[k]=combmeans7[20] 
    combmeans86[k]=combmeans8[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans96[k]=combmeans9[20] 
    combmeans106[k]=combmeans10[20] 
    combmeans116[k]=combmeans11[20] 
    combmeans126[k]=combmeans12[20] 
 
} 
expected1=mean(sampmean)            #expected mean for one sample, not combining 
 
expected=matrix(0,12,6) 
 
expected[1,1]=mean(combmeans11)     #strategy 1 nsamp=2 
expected[2,1]=mean(combmeans21) 
expected[3,1]=mean(combmeans31) 
expected[4,1]=mean(combmeans41) 
expected[5,1]=mean(combmeans51) 
expected[6,1]=mean(combmeans61) 
expected[7,1]=mean(combmeans71) 
expected[8,1]=mean(combmeans81)      
expected[9,1]=mean(combmeans91) 
expected[10,1]=mean(combmeans101) 
expected[11,1]=mean(combmeans111) 
expected[12,1]=mean(combmeans121) 
 
expected[1,2]=mean(combmeans12)     #strategy 1 nsamp=3 
expected[2,2]=mean(combmeans22) 
expected[3,2]=mean(combmeans32) 
expected[4,2]=mean(combmeans42) 
expected[5,2]=mean(combmeans52) 
expected[6,2]=mean(combmeans62) 
expected[7,2]=mean(combmeans72) 
expected[8,2]=mean(combmeans82)      
expected[9,2]=mean(combmeans92) 
expected[10,2]=mean(combmeans102) 
expected[11,2]=mean(combmeans112) 
expected[12,2]=mean(combmeans122) 
 
expected[1,3]=mean(combmeans13)     #strategy 1 nsamp=5 
expected[2,3]=mean(combmeans23) 
expected[3,3]=mean(combmeans33) 
expected[4,3]=mean(combmeans43) 
expected[5,3]=mean(combmeans53) 
expected[6,3]=mean(combmeans63) 
expected[7,3]=mean(combmeans73) 
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expected[8,3]=mean(combmeans83)      
expected[9,3]=mean(combmeans93) 
expected[10,3]=mean(combmeans103) 
expected[11,3]=mean(combmeans113) 
expected[12,3]=mean(combmeans123) 
 
expected[1,4]=mean(combmeans14)     #strategy 1 nsamp=10 
expected[2,4]=mean(combmeans24) 
expected[3,4]=mean(combmeans34) 
expected[4,4]=mean(combmeans44) 
expected[5,4]=mean(combmeans54) 
expected[6,4]=mean(combmeans64) 
expected[7,4]=mean(combmeans74) 
expected[8,4]=mean(combmeans84)      
expected[9,4]=mean(combmeans94) 
expected[10,4]=mean(combmeans104) 
expected[11,4]=mean(combmeans114) 
expected[12,4]=mean(combmeans124) 
 
expected[1,5]=mean(combmeans15)     #strategy 1 nsamp=15 
expected[2,5]=mean(combmeans25) 
expected[3,5]=mean(combmeans35) 
expected[4,5]=mean(combmeans45) 
expected[5,5]=mean(combmeans55) 
expected[6,5]=mean(combmeans65) 
expected[7,5]=mean(combmeans75) 
expected[8,5]=mean(combmeans85)      
expected[9,5]=mean(combmeans95) 
expected[10,5]=mean(combmeans105) 
expected[11,5]=mean(combmeans115) 
expected[12,5]=mean(combmeans125) 
 
expected[1,6]=mean(combmeans16)     #strategy 1 nsamp=20 
expected[2,6]=mean(combmeans26) 
expected[3,6]=mean(combmeans36) 
expected[4,6]=mean(combmeans46) 
expected[5,6]=mean(combmeans56) 
expected[6,6]=mean(combmeans66) 
expected[7,6]=mean(combmeans76) 
expected[8,6]=mean(combmeans86)      
expected[9,6]=mean(combmeans96) 
expected[10,6]=mean(combmeans106) 
expected[11,6]=mean(combmeans116) 
expected[12,6]=mean(combmeans126) 
 
expectedcol=c(expected1,expected[,1],expected[,2],expected[,3],expected[,4],expected[,5],expected[,6]) 
 
means=cbind(combmeans11,combmeans21, 
combmeans31,combmeans41,combmeans51,combmeans61,combmeans71,combmeans81,combmeans91, 
combmeans101,combmeans111,combmeans121, 
combmeans12,combmeans22, combmeans32,combmeans42,combmeans52,combmeans62,combmeans72,combmeans82,combmeans92, 
combmeans102,combmeans112,combmeans122, 
combmeans13,combmeans23, combmeans33,combmeans43,combmeans53,combmeans63,combmeans73,combmeans83,combmeans93, 
combmeans103,combmeans113,combmeans123, 
combmeans14,combmeans24, combmeans34,combmeans44,combmeans54,combmeans64,combmeans74,combmeans84,combmeans94, 
combmeans104,combmeans114,combmeans124, 
combmeans15,combmeans25, combmeans35,combmeans45,combmeans55,combmeans65,combmeans75,combmeans85,combmeans95, 
combmeans105,combmeans115,combmeans125, 
combmeans16,combmeans26, combmeans36,combmeans46,combmeans56,combmeans66,combmeans76,combmeans86,combmeans96, 
combmeans106,combmeans116,combmeans126) 
 
 
variance1=(1/nvar)*sum((sampmean[,1]-expected1)**2) 
 
variance11=(1/nvar)*sum((means[,1]-expected[1,1])**2) 
variance21=(1/nvar)*sum((means[,2]-expected[2,1])**2) 
variance31=(1/nvar)*sum((means[,3]-expected[3,1])**2) 
variance41=(1/nvar)*sum((means[,4]-expected[4,1])**2) 
variance51=(1/nvar)*sum((means[,5]-expected[5,1])**2) 
variance61=(1/nvar)*sum((means[,6]-expected[6,1])**2) 
variance71=(1/nvar)*sum((means[,7]-expected[7,1])**2) 
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variance81=(1/nvar)*sum((means[,8]-expected[8,1])**2) 
variance91=(1/nvar)*sum((means[,9]-expected[9,1])**2) 
variance101=(1/nvar)*sum((means[,10]-expected[10,1])**2) 
variance111=(1/nvar)*sum((means[,11]-expected[11,1])**2) 
variance121=(1/nvar)*sum((means[,12]-expected[12,1])**2) 
 
variance12=(1/nvar)*sum((means[,13]-expected[1,2])**2) 
variance22=(1/nvar)*sum((means[,14]-expected[2,2])**2) 
variance32=(1/nvar)*sum((means[,15]-expected[3,2])**2) 
variance42=(1/nvar)*sum((means[,16]-expected[4,2])**2) 
variance52=(1/nvar)*sum((means[,17]-expected[5,2])**2) 
variance62=(1/nvar)*sum((means[,18]-expected[6,2])**2) 
variance72=(1/nvar)*sum((means[,19]-expected[7,2])**2) 
variance82=(1/nvar)*sum((means[,20]-expected[8,2])**2) 
variance92=(1/nvar)*sum((means[,21]-expected[9,2])**2) 
variance102=(1/nvar)*sum((means[,22]-expected[10,2])**2) 
variance112=(1/nvar)*sum((means[,23]-expected[11,2])**2) 
variance122=(1/nvar)*sum((means[,24]-expected[12,2])**2) 
 
variance13=(1/nvar)*sum((means[,25]-expected[1,3])**2) 
variance23=(1/nvar)*sum((means[,26]-expected[2,3])**2) 
variance33=(1/nvar)*sum((means[,27]-expected[3,3])**2) 
variance43=(1/nvar)*sum((means[,28]-expected[4,3])**2) 
variance53=(1/nvar)*sum((means[,29]-expected[5,3])**2) 
variance63=(1/nvar)*sum((means[,30]-expected[6,3])**2) 
variance73=(1/nvar)*sum((means[,31]-expected[7,3])**2) 
variance83=(1/nvar)*sum((means[,32]-expected[8,3])**2) 
variance93=(1/nvar)*sum((means[,33]-expected[9,3])**2) 
variance103=(1/nvar)*sum((means[,34]-expected[10,3])**2) 
variance113=(1/nvar)*sum((means[,35]-expected[11,3])**2) 
variance123=(1/nvar)*sum((means[,36]-expected[12,3])**2) 
 
variance14=(1/nvar)*sum((means[,37]-expected[1,4])**2) 
variance24=(1/nvar)*sum((means[,38]-expected[2,4])**2) 
variance34=(1/nvar)*sum((means[,39]-expected[3,4])**2) 
variance44=(1/nvar)*sum((means[,40]-expected[4,4])**2) 
variance54=(1/nvar)*sum((means[,41]-expected[5,4])**2) 
variance64=(1/nvar)*sum((means[,42]-expected[6,4])**2) 
variance74=(1/nvar)*sum((means[,43]-expected[7,4])**2) 
variance84=(1/nvar)*sum((means[,44]-expected[8,4])**2) 
variance94=(1/nvar)*sum((means[,45]-expected[9,4])**2) 
variance104=(1/nvar)*sum((means[,46]-expected[10,4])**2) 
variance114=(1/nvar)*sum((means[,47]-expected[11,4])**2) 
variance124=(1/nvar)*sum((means[,48]-expected[12,4])**2) 
 
variance15=(1/nvar)*sum((means[,49]-expected[1,5])**2) 
variance25=(1/nvar)*sum((means[,50]-expected[2,5])**2) 
variance35=(1/nvar)*sum((means[,51]-expected[3,5])**2) 
variance45=(1/nvar)*sum((means[,52]-expected[4,5])**2) 
variance55=(1/nvar)*sum((means[,53]-expected[5,5])**2) 
variance65=(1/nvar)*sum((means[,54]-expected[6,5])**2) 
variance75=(1/nvar)*sum((means[,55]-expected[7,5])**2) 
variance85=(1/nvar)*sum((means[,56]-expected[8,5])**2) 
variance95=(1/nvar)*sum((means[,57]-expected[9,5])**2) 
variance105=(1/nvar)*sum((means[,58]-expected[10,5])**2) 
variance115=(1/nvar)*sum((means[,59]-expected[11,5])**2) 
variance125=(1/nvar)*sum((means[,60]-expected[12,5])**2) 
 
variance16=(1/nvar)*sum((means[,61]-expected[1,6])**2) 
variance26=(1/nvar)*sum((means[,62]-expected[2,6])**2) 
variance36=(1/nvar)*sum((means[,63]-expected[3,6])**2) 
variance46=(1/nvar)*sum((means[,64]-expected[4,6])**2) 
variance56=(1/nvar)*sum((means[,65]-expected[5,6])**2) 
variance66=(1/nvar)*sum((means[,66]-expected[6,6])**2) 
variance76=(1/nvar)*sum((means[,67]-expected[7,6])**2) 
variance86=(1/nvar)*sum((means[,68]-expected[8,6])**2) 
variance96=(1/nvar)*sum((means[,69]-expected[9,6])**2) 
variance106=(1/nvar)*sum((means[,70]-expected[10,6])**2) 
variance116=(1/nvar)*sum((means[,71]-expected[11,6])**2) 
variance126=(1/nvar)*sum((means[,72]-expected[12,6])**2) 
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variance=c(variance1,variance11,variance21,variance31,variance41,variance51, 
variance61,variance71,variance81,variance91,variance101,variance111,variance121, 
variance12,variance22,variance32,variance42,variance52, 
variance62,variance72,variance82,variance92,variance102,variance112,variance122, 
variance13,variance23,variance33,variance43,variance53, 
variance63,variance73,variance83,variance93,variance103,variance113,variance123, 
variance14,variance24,variance34,variance44,variance54, 
variance64,variance74,variance84,variance94,variance104,variance114,variance124, 
variance15,variance25,variance35,variance45,variance55, 
variance65,variance75,variance85,variance95,variance105,variance115,variance125, 
variance16,variance26,variance36,variance46,variance56, 
variance66,variance76,variance86,variance96,variance106,variance116,variance126) 
 
 
bias= expectedcol-popmean 
 
relbias=(bias/expectedcol)*100 
 
mse= variance + bias**2 
 
cv= (sqrt(variance)/expectedcol)*100 
 
s.e= (sqrt(variance)/sqrt(nvar)) 
 
LB= expectedcol - 1.96*s.e 
UB= expectedcol + 1.96*s.e 
 
result=cbind(popmean,expectedcol,relbias,s.e,cv,LB,UB,mse) 
 
 
write.table(result,"result_t3_scenario1_k100.txt",sep="\t") 
write.table(meff_var,"meff_t3_scenario1_k100.txt",sep="\t")  
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H3 Skewed Normal Distribution 
################################################################################################################# 
# Variance Estimation: Normal distribution 
# author: "Loveness Dzikiti" 
# date: "20 April 2017" 
##################################################################################################### 
 
################################################################################################################# 
#Scenario 1: N=1000000 SN(100,25) n=1000 D=nsamp=20 
#################################################################################################################
################# 
 
 
##################################################################################################### 
 
setwd("C:\\Users\\User\\Dropbox\\Review\\simulations_2019\\cluster\\anormal") 
setwd("C:\\Users\\Loveness\\Dropbox\\Review\\simulations_2019\\cluster\\anormal") 
 
library(moments) 
library(sampling) 
library(survey) 
library(sn) 
 
N=1000000              #finite population size 
nsamp=20              #number of samples or replicates 
k=nvar=100 
 
n=1000 
clsize=250 
 
set.seed(123456) 
 
    
mean_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means calculated as srs 
variance_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance calculated as srs 
cv_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation calculated as srs 
skewness_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness calculated as srs 
kurtosis_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis calculated as srs 
 
means <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means 
variance <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance 
cv <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation 
skewness <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
kurtosis <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis 
meff_var<-matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample design effect 
 
combmeans1 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 1 
combmeans2 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 2 
combmeans3 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 3 
combmeans4 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 4 
combmeans5 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 5 
combmeans6 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 6 
combmeans7 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 7 
combmeans8 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 8 
combmeans9 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 9 
combmeans10<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 10 
combmeans11<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 11 
combmeans12<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 12 
 
sampmean <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store mean of 1 sample, no combining 
 
combmeans11 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans21 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans31 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans41 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans51 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans61 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans71 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans81 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans91 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
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combmeans101 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans111 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans121 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans12 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans22 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans32 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans42 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans52 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans62 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans72 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans82 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans92 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans102 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans112 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans122 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans13 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans23 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans33 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans43 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans53 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans63 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans73 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans83 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans93 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans103 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans113 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans123 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans14 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans24 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans34 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans44 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans54 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans64 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans74 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans84 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans94 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans104 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans114 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans124 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans15 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans25 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans35 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans45 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans55 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans65 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans75 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans85 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans95 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans105 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans115 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans125 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans16 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans26 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans36 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans46 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans56 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans66 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans76 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans86 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans96 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans106 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
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combmeans116 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans126 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
################################################################################################################# 
  
### Generating a clustered population#################################### 
 
xi=-1.165                                       #  
omega=1.53                                     # 
alpha=3               # asymmetry parameter for strong asymmetry  
nclus=4000 
 
x1 <- rsn(N, xi, omega, alpha) 
x2 <- rsn(nclus, xi, omega, alpha) 
 
sigma1=sqrt(20) 
mu1=0 
 
e_ij =(x1*sigma1)+ mu1                       #individual characteristic 
 
sigma2=sqrt(5) 
mu2=0 
 
cl = (x2*sigma2) + mu2                         #cluster characteristic 
 
mu <- matrix(c(rep(100,N)), nrow = N, ncol = 1)    #store superpopulation mean 
 
v_j <- 
c(rep(cl[1],clsize),rep(cl[2],clsize),rep(cl[3],clsize),rep(cl[4],clsize),rep(cl[5],clsize),rep(cl[6],clsize),rep(cl[7],clsize),rep(cl[8],clsize),rep(cl[9],cl
size),rep(cl[10],clsize), 
rep(cl[11],clsize),rep(cl[12],clsize),rep(cl[13],clsize),rep(cl[14],clsize),rep(cl[15],clsize),rep(cl[16],clsize),rep(cl[17],clsize),rep(cl[18],clsize),re
p(cl[19],clsize),rep(cl[20],clsize), 
rep(cl[21],clsize),rep(cl[22],clsize),rep(cl[23],clsize),rep(cl[24],clsize),rep(cl[25],clsize),rep(cl[26],clsize),rep(cl[27],clsize),rep(cl[28],clsize),re
p(cl[29],clsize),rep(cl[30],clsize), 
rep(cl[31],clsize),rep(cl[32],clsize),rep(cl[33],clsize),rep(cl[34],clsize),rep(cl[35],clsize),rep(cl[36],clsize),rep(cl[37],clsize),rep(cl[38],clsize),re
p(cl[39],clsize),rep(cl[40],clsize), 
rep(cl[41],clsize),rep(cl[42],clsize),rep(cl[43],clsize),rep(cl[44],clsize),rep(cl[45],clsize),rep(cl[46],clsize),rep(cl[47],clsize),rep(cl[48],clsize),re
p(cl[49],clsize),rep(cl[50],clsize), 
rep(cl[51],clsize),rep(cl[52],clsize),rep(cl[53],clsize),rep(cl[54],clsize),rep(cl[55],clsize),rep(cl[56],clsize),rep(cl[57],clsize),rep(cl[58],clsize),re
p(cl[59],clsize),rep(cl[60],clsize), 
rep(cl[61],clsize),rep(cl[62],clsize),rep(cl[63],clsize),rep(cl[64],clsize),rep(cl[65],clsize),rep(cl[66],clsize),rep(cl[67],clsize),rep(cl[68],clsize),re
p(cl[69],clsize),rep(cl[70],clsize), 
rep(cl[71],clsize),rep(cl[72],clsize),rep(cl[73],clsize),rep(cl[74],clsize),rep(cl[75],clsize),rep(cl[76],clsize),rep(cl[77],clsize),rep(cl[78],clsize),re
p(cl[79],clsize),rep(cl[80],clsize), 
rep(cl[81],clsize),rep(cl[82],clsize),rep(cl[83],clsize),rep(cl[84],clsize),rep(cl[85],clsize),rep(cl[86],clsize),rep(cl[87],clsize),rep(cl[88],clsize),re
p(cl[89],clsize),rep(cl[90],clsize), 
rep(cl[91],clsize),rep(cl[92],clsize),rep(cl[93],clsize),rep(cl[94],clsize),rep(cl[95],clsize),rep(cl[96],clsize),rep(cl[97],clsize),rep(cl[98],clsize),re
p(cl[99],clsize),rep(cl[100],clsize), 
rep(cl[101],clsize),rep(cl[102],clsize),rep(cl[103],clsize),rep(cl[104],clsize),rep(cl[105],clsize),rep(cl[106],clsize),rep(cl[107],clsize),rep(cl[108
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p(cl[3248],clsize),rep(cl[3249],clsize),rep(cl[3250],clsize), 
rep(cl[3251],clsize),rep(cl[3252],clsize),rep(cl[3253],clsize),rep(cl[3254],clsize),rep(cl[3255],clsize),rep(cl[3256],clsize),rep(cl[3257],clsize),re
p(cl[3258],clsize),rep(cl[3259],clsize),rep(cl[3260],clsize), 
rep(cl[3261],clsize),rep(cl[3262],clsize),rep(cl[3263],clsize),rep(cl[3264],clsize),rep(cl[3265],clsize),rep(cl[3266],clsize),rep(cl[3267],clsize),re
p(cl[3268],clsize),rep(cl[3269],clsize),rep(cl[3270],clsize), 
rep(cl[3271],clsize),rep(cl[3272],clsize),rep(cl[3273],clsize),rep(cl[3274],clsize),rep(cl[3275],clsize),rep(cl[3276],clsize),rep(cl[3277],clsize),re
p(cl[3278],clsize),rep(cl[3279],clsize),rep(cl[3280],clsize), 
rep(cl[3281],clsize),rep(cl[3282],clsize),rep(cl[3283],clsize),rep(cl[3284],clsize),rep(cl[3285],clsize),rep(cl[3286],clsize),rep(cl[3287],clsize),re
p(cl[3288],clsize),rep(cl[3289],clsize),rep(cl[3290],clsize), 
rep(cl[3291],clsize),rep(cl[3292],clsize),rep(cl[3293],clsize),rep(cl[3294],clsize),rep(cl[3295],clsize),rep(cl[3296],clsize),rep(cl[3297],clsize),re
p(cl[3298],clsize),rep(cl[3299],clsize),rep(cl[3300],clsize), 
 
rep(cl[3301],clsize),rep(cl[3302],clsize),rep(cl[3303],clsize),rep(cl[3304],clsize),rep(cl[3305],clsize),rep(cl[3306],clsize),rep(cl[3307],clsize),re
p(cl[3308],clsize),rep(cl[3309],clsize),rep(cl[3310],clsize), 
rep(cl[3311],clsize),rep(cl[3312],clsize),rep(cl[3313],clsize),rep(cl[3314],clsize),rep(cl[3315],clsize),rep(cl[3316],clsize),rep(cl[3317],clsize),re
p(cl[3318],clsize),rep(cl[3319],clsize),rep(cl[3320],clsize), 
rep(cl[3321],clsize),rep(cl[3322],clsize),rep(cl[3323],clsize),rep(cl[3324],clsize),rep(cl[3325],clsize),rep(cl[3326],clsize),rep(cl[3327],clsize),re
p(cl[3328],clsize),rep(cl[3329],clsize),rep(cl[3330],clsize), 
rep(cl[3331],clsize),rep(cl[3332],clsize),rep(cl[3333],clsize),rep(cl[3334],clsize),rep(cl[3335],clsize),rep(cl[3336],clsize),rep(cl[3337],clsize),re
p(cl[3338],clsize),rep(cl[3339],clsize),rep(cl[3340],clsize), 
rep(cl[3341],clsize),rep(cl[3342],clsize),rep(cl[3343],clsize),rep(cl[3344],clsize),rep(cl[3345],clsize),rep(cl[3346],clsize),rep(cl[3347],clsize),re
p(cl[3348],clsize),rep(cl[3349],clsize),rep(cl[3350],clsize), 
rep(cl[3351],clsize),rep(cl[3352],clsize),rep(cl[3353],clsize),rep(cl[3354],clsize),rep(cl[3355],clsize),rep(cl[3356],clsize),rep(cl[3357],clsize),re
p(cl[3358],clsize),rep(cl[3359],clsize),rep(cl[3360],clsize), 
rep(cl[3361],clsize),rep(cl[3362],clsize),rep(cl[3363],clsize),rep(cl[3364],clsize),rep(cl[3365],clsize),rep(cl[3366],clsize),rep(cl[3367],clsize),re
p(cl[3368],clsize),rep(cl[3369],clsize),rep(cl[3370],clsize), 
rep(cl[3371],clsize),rep(cl[3372],clsize),rep(cl[3373],clsize),rep(cl[3374],clsize),rep(cl[3375],clsize),rep(cl[3376],clsize),rep(cl[3377],clsize),re
p(cl[3378],clsize),rep(cl[3379],clsize),rep(cl[3380],clsize), 
rep(cl[3381],clsize),rep(cl[3382],clsize),rep(cl[3383],clsize),rep(cl[3384],clsize),rep(cl[3385],clsize),rep(cl[3386],clsize),rep(cl[3387],clsize),re
p(cl[3388],clsize),rep(cl[3389],clsize),rep(cl[3390],clsize), 
rep(cl[3391],clsize),rep(cl[3392],clsize),rep(cl[3393],clsize),rep(cl[3394],clsize),rep(cl[3395],clsize),rep(cl[3396],clsize),rep(cl[3397],clsize),re
p(cl[3398],clsize),rep(cl[3399],clsize),rep(cl[3400],clsize), 
 
rep(cl[3401],clsize),rep(cl[3402],clsize),rep(cl[3403],clsize),rep(cl[3404],clsize),rep(cl[3405],clsize),rep(cl[3406],clsize),rep(cl[3407],clsize),re
p(cl[3408],clsize),rep(cl[3409],clsize),rep(cl[3410],clsize), 
rep(cl[3411],clsize),rep(cl[3412],clsize),rep(cl[3413],clsize),rep(cl[3414],clsize),rep(cl[3415],clsize),rep(cl[3416],clsize),rep(cl[3417],clsize),re
p(cl[3418],clsize),rep(cl[3419],clsize),rep(cl[3420],clsize), 
rep(cl[3421],clsize),rep(cl[3422],clsize),rep(cl[3423],clsize),rep(cl[3424],clsize),rep(cl[3425],clsize),rep(cl[3426],clsize),rep(cl[3427],clsize),re
p(cl[3428],clsize),rep(cl[3429],clsize),rep(cl[3430],clsize), 
rep(cl[3431],clsize),rep(cl[3432],clsize),rep(cl[3433],clsize),rep(cl[3434],clsize),rep(cl[3435],clsize),rep(cl[3436],clsize),rep(cl[3437],clsize),re
p(cl[3438],clsize),rep(cl[3439],clsize),rep(cl[3440],clsize), 
rep(cl[3441],clsize),rep(cl[3442],clsize),rep(cl[3443],clsize),rep(cl[3444],clsize),rep(cl[3445],clsize),rep(cl[3446],clsize),rep(cl[3447],clsize),re
p(cl[3448],clsize),rep(cl[3449],clsize),rep(cl[3450],clsize), 
rep(cl[3451],clsize),rep(cl[3452],clsize),rep(cl[3453],clsize),rep(cl[3454],clsize),rep(cl[3455],clsize),rep(cl[3456],clsize),rep(cl[3457],clsize),re
p(cl[3458],clsize),rep(cl[3459],clsize),rep(cl[3460],clsize), 
rep(cl[3461],clsize),rep(cl[3462],clsize),rep(cl[3463],clsize),rep(cl[3464],clsize),rep(cl[3465],clsize),rep(cl[3466],clsize),rep(cl[3467],clsize),re
p(cl[3468],clsize),rep(cl[3469],clsize),rep(cl[3470],clsize), 
rep(cl[3471],clsize),rep(cl[3472],clsize),rep(cl[3473],clsize),rep(cl[3474],clsize),rep(cl[3475],clsize),rep(cl[3476],clsize),rep(cl[3477],clsize),re
p(cl[3478],clsize),rep(cl[3479],clsize),rep(cl[3480],clsize), 
rep(cl[3481],clsize),rep(cl[3482],clsize),rep(cl[3483],clsize),rep(cl[3484],clsize),rep(cl[3485],clsize),rep(cl[3486],clsize),rep(cl[3487],clsize),re
p(cl[3488],clsize),rep(cl[3489],clsize),rep(cl[3490],clsize), 
rep(cl[3491],clsize),rep(cl[3492],clsize),rep(cl[3493],clsize),rep(cl[3494],clsize),rep(cl[3495],clsize),rep(cl[3496],clsize),rep(cl[3497],clsize),re
p(cl[3498],clsize),rep(cl[3499],clsize),rep(cl[3500],clsize), 
 
rep(cl[3501],clsize),rep(cl[3502],clsize),rep(cl[3503],clsize),rep(cl[3504],clsize),rep(cl[3505],clsize),rep(cl[3506],clsize),rep(cl[3507],clsize),re
p(cl[3508],clsize),rep(cl[3509],clsize),rep(cl[3510],clsize), 
rep(cl[3511],clsize),rep(cl[3512],clsize),rep(cl[3513],clsize),rep(cl[3514],clsize),rep(cl[3515],clsize),rep(cl[3516],clsize),rep(cl[3517],clsize),re
p(cl[3518],clsize),rep(cl[3519],clsize),rep(cl[3520],clsize), 
rep(cl[3521],clsize),rep(cl[3522],clsize),rep(cl[3523],clsize),rep(cl[3524],clsize),rep(cl[3525],clsize),rep(cl[3526],clsize),rep(cl[3527],clsize),re
p(cl[3528],clsize),rep(cl[3529],clsize),rep(cl[3530],clsize), 
rep(cl[3531],clsize),rep(cl[3532],clsize),rep(cl[3533],clsize),rep(cl[3534],clsize),rep(cl[3535],clsize),rep(cl[3536],clsize),rep(cl[3537],clsize),re
p(cl[3538],clsize),rep(cl[3539],clsize),rep(cl[3540],clsize), 
rep(cl[3541],clsize),rep(cl[3542],clsize),rep(cl[3543],clsize),rep(cl[3544],clsize),rep(cl[3545],clsize),rep(cl[3546],clsize),rep(cl[3547],clsize),re
p(cl[3548],clsize),rep(cl[3549],clsize),rep(cl[3550],clsize), 
rep(cl[3551],clsize),rep(cl[3552],clsize),rep(cl[3553],clsize),rep(cl[3554],clsize),rep(cl[3555],clsize),rep(cl[3556],clsize),rep(cl[3557],clsize),re
p(cl[3558],clsize),rep(cl[3559],clsize),rep(cl[3560],clsize), 
rep(cl[3561],clsize),rep(cl[3562],clsize),rep(cl[3563],clsize),rep(cl[3564],clsize),rep(cl[3565],clsize),rep(cl[3566],clsize),rep(cl[3567],clsize),re
p(cl[3568],clsize),rep(cl[3569],clsize),rep(cl[3570],clsize), 
rep(cl[3571],clsize),rep(cl[3572],clsize),rep(cl[3573],clsize),rep(cl[3574],clsize),rep(cl[3575],clsize),rep(cl[3576],clsize),rep(cl[3577],clsize),re
p(cl[3578],clsize),rep(cl[3579],clsize),rep(cl[3580],clsize), 
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rep(cl[3581],clsize),rep(cl[3582],clsize),rep(cl[3583],clsize),rep(cl[3584],clsize),rep(cl[3585],clsize),rep(cl[3586],clsize),rep(cl[3587],clsize),re
p(cl[3588],clsize),rep(cl[3589],clsize),rep(cl[3590],clsize), 
rep(cl[3591],clsize),rep(cl[3592],clsize),rep(cl[3593],clsize),rep(cl[3594],clsize),rep(cl[3595],clsize),rep(cl[3596],clsize),rep(cl[3597],clsize),re
p(cl[3598],clsize),rep(cl[3599],clsize),rep(cl[3600],clsize), 
 
rep(cl[3601],clsize),rep(cl[3602],clsize),rep(cl[3603],clsize),rep(cl[3604],clsize),rep(cl[3605],clsize),rep(cl[3606],clsize),rep(cl[3607],clsize),re
p(cl[3608],clsize),rep(cl[3609],clsize),rep(cl[3610],clsize), 
rep(cl[3611],clsize),rep(cl[3612],clsize),rep(cl[3613],clsize),rep(cl[3614],clsize),rep(cl[3615],clsize),rep(cl[3616],clsize),rep(cl[3617],clsize),re
p(cl[3618],clsize),rep(cl[3619],clsize),rep(cl[3620],clsize), 
rep(cl[3621],clsize),rep(cl[3622],clsize),rep(cl[3623],clsize),rep(cl[3624],clsize),rep(cl[3625],clsize),rep(cl[3626],clsize),rep(cl[3627],clsize),re
p(cl[3628],clsize),rep(cl[3629],clsize),rep(cl[3630],clsize), 
rep(cl[3631],clsize),rep(cl[3632],clsize),rep(cl[3633],clsize),rep(cl[3634],clsize),rep(cl[3635],clsize),rep(cl[3636],clsize),rep(cl[3637],clsize),re
p(cl[3638],clsize),rep(cl[3639],clsize),rep(cl[3640],clsize), 
rep(cl[3641],clsize),rep(cl[3642],clsize),rep(cl[3643],clsize),rep(cl[3644],clsize),rep(cl[3645],clsize),rep(cl[3646],clsize),rep(cl[3647],clsize),re
p(cl[3648],clsize),rep(cl[3649],clsize),rep(cl[3650],clsize), 
rep(cl[3651],clsize),rep(cl[3652],clsize),rep(cl[3653],clsize),rep(cl[3654],clsize),rep(cl[3655],clsize),rep(cl[3656],clsize),rep(cl[3657],clsize),re
p(cl[3658],clsize),rep(cl[3659],clsize),rep(cl[3660],clsize), 
rep(cl[3661],clsize),rep(cl[3662],clsize),rep(cl[3663],clsize),rep(cl[3664],clsize),rep(cl[3665],clsize),rep(cl[3666],clsize),rep(cl[3667],clsize),re
p(cl[3668],clsize),rep(cl[3669],clsize),rep(cl[3670],clsize), 
rep(cl[3671],clsize),rep(cl[3672],clsize),rep(cl[3673],clsize),rep(cl[3674],clsize),rep(cl[3675],clsize),rep(cl[3676],clsize),rep(cl[3677],clsize),re
p(cl[3678],clsize),rep(cl[3679],clsize),rep(cl[3680],clsize), 
rep(cl[3681],clsize),rep(cl[3682],clsize),rep(cl[3683],clsize),rep(cl[3684],clsize),rep(cl[3685],clsize),rep(cl[3686],clsize),rep(cl[3687],clsize),re
p(cl[3688],clsize),rep(cl[3689],clsize),rep(cl[3690],clsize), 
rep(cl[3691],clsize),rep(cl[3692],clsize),rep(cl[3693],clsize),rep(cl[3694],clsize),rep(cl[3695],clsize),rep(cl[3696],clsize),rep(cl[3697],clsize),re
p(cl[3698],clsize),rep(cl[3699],clsize),rep(cl[3700],clsize), 
 
rep(cl[3701],clsize),rep(cl[3702],clsize),rep(cl[3703],clsize),rep(cl[3704],clsize),rep(cl[3705],clsize),rep(cl[3706],clsize),rep(cl[3707],clsize),re
p(cl[3708],clsize),rep(cl[3709],clsize),rep(cl[3710],clsize), 
rep(cl[3711],clsize),rep(cl[3712],clsize),rep(cl[3713],clsize),rep(cl[3714],clsize),rep(cl[3715],clsize),rep(cl[3716],clsize),rep(cl[3717],clsize),re
p(cl[3718],clsize),rep(cl[3719],clsize),rep(cl[3720],clsize), 
rep(cl[3721],clsize),rep(cl[3722],clsize),rep(cl[3723],clsize),rep(cl[3724],clsize),rep(cl[3725],clsize),rep(cl[3726],clsize),rep(cl[3727],clsize),re
p(cl[3728],clsize),rep(cl[3729],clsize),rep(cl[3730],clsize), 
rep(cl[3731],clsize),rep(cl[3732],clsize),rep(cl[3733],clsize),rep(cl[3734],clsize),rep(cl[3735],clsize),rep(cl[3736],clsize),rep(cl[3737],clsize),re
p(cl[3738],clsize),rep(cl[3739],clsize),rep(cl[3740],clsize), 
rep(cl[3741],clsize),rep(cl[3742],clsize),rep(cl[3743],clsize),rep(cl[3744],clsize),rep(cl[3745],clsize),rep(cl[3746],clsize),rep(cl[3747],clsize),re
p(cl[3748],clsize),rep(cl[3749],clsize),rep(cl[3750],clsize), 
rep(cl[3751],clsize),rep(cl[3752],clsize),rep(cl[3753],clsize),rep(cl[3754],clsize),rep(cl[3755],clsize),rep(cl[3756],clsize),rep(cl[3757],clsize),re
p(cl[3758],clsize),rep(cl[3759],clsize),rep(cl[3760],clsize), 
rep(cl[3761],clsize),rep(cl[3762],clsize),rep(cl[3763],clsize),rep(cl[3764],clsize),rep(cl[3765],clsize),rep(cl[3766],clsize),rep(cl[3767],clsize),re
p(cl[3768],clsize),rep(cl[3769],clsize),rep(cl[3770],clsize), 
rep(cl[3771],clsize),rep(cl[3772],clsize),rep(cl[3773],clsize),rep(cl[3774],clsize),rep(cl[3775],clsize),rep(cl[3776],clsize),rep(cl[3777],clsize),re
p(cl[3778],clsize),rep(cl[3779],clsize),rep(cl[3780],clsize), 
rep(cl[3781],clsize),rep(cl[3782],clsize),rep(cl[3783],clsize),rep(cl[3784],clsize),rep(cl[3785],clsize),rep(cl[3786],clsize),rep(cl[3787],clsize),re
p(cl[3788],clsize),rep(cl[3789],clsize),rep(cl[3790],clsize), 
rep(cl[3791],clsize),rep(cl[3792],clsize),rep(cl[3793],clsize),rep(cl[3794],clsize),rep(cl[3795],clsize),rep(cl[3796],clsize),rep(cl[3797],clsize),re
p(cl[3798],clsize),rep(cl[3799],clsize),rep(cl[3800],clsize), 
 
rep(cl[3801],clsize),rep(cl[3802],clsize),rep(cl[3803],clsize),rep(cl[3804],clsize),rep(cl[3805],clsize),rep(cl[3806],clsize),rep(cl[3807],clsize),re
p(cl[3808],clsize),rep(cl[3809],clsize),rep(cl[3810],clsize), 
rep(cl[3811],clsize),rep(cl[3812],clsize),rep(cl[3813],clsize),rep(cl[3814],clsize),rep(cl[3815],clsize),rep(cl[3816],clsize),rep(cl[3817],clsize),re
p(cl[3818],clsize),rep(cl[3819],clsize),rep(cl[3820],clsize), 
rep(cl[3821],clsize),rep(cl[3822],clsize),rep(cl[3823],clsize),rep(cl[3824],clsize),rep(cl[3825],clsize),rep(cl[3826],clsize),rep(cl[3827],clsize),re
p(cl[3828],clsize),rep(cl[3829],clsize),rep(cl[3830],clsize), 
rep(cl[3831],clsize),rep(cl[3832],clsize),rep(cl[3833],clsize),rep(cl[3834],clsize),rep(cl[3835],clsize),rep(cl[3836],clsize),rep(cl[3837],clsize),re
p(cl[3838],clsize),rep(cl[3839],clsize),rep(cl[3840],clsize), 
rep(cl[3841],clsize),rep(cl[3842],clsize),rep(cl[3843],clsize),rep(cl[3844],clsize),rep(cl[3845],clsize),rep(cl[3846],clsize),rep(cl[3847],clsize),re
p(cl[3848],clsize),rep(cl[3849],clsize),rep(cl[3850],clsize), 
rep(cl[3851],clsize),rep(cl[3852],clsize),rep(cl[3853],clsize),rep(cl[3854],clsize),rep(cl[3855],clsize),rep(cl[3856],clsize),rep(cl[3857],clsize),re
p(cl[3858],clsize),rep(cl[3859],clsize),rep(cl[3860],clsize), 
rep(cl[3861],clsize),rep(cl[3862],clsize),rep(cl[3863],clsize),rep(cl[3864],clsize),rep(cl[3865],clsize),rep(cl[3866],clsize),rep(cl[3867],clsize),re
p(cl[3868],clsize),rep(cl[3869],clsize),rep(cl[3870],clsize), 
rep(cl[3871],clsize),rep(cl[3872],clsize),rep(cl[3873],clsize),rep(cl[3874],clsize),rep(cl[3875],clsize),rep(cl[3876],clsize),rep(cl[3877],clsize),re
p(cl[3878],clsize),rep(cl[3879],clsize),rep(cl[3880],clsize), 
rep(cl[3881],clsize),rep(cl[3882],clsize),rep(cl[3883],clsize),rep(cl[3884],clsize),rep(cl[3885],clsize),rep(cl[3886],clsize),rep(cl[3887],clsize),re
p(cl[3888],clsize),rep(cl[3889],clsize),rep(cl[3890],clsize), 
rep(cl[3891],clsize),rep(cl[3892],clsize),rep(cl[3893],clsize),rep(cl[3894],clsize),rep(cl[3895],clsize),rep(cl[3896],clsize),rep(cl[3897],clsize),re
p(cl[3898],clsize),rep(cl[3899],clsize),rep(cl[3900],clsize), 
 
rep(cl[3901],clsize),rep(cl[3902],clsize),rep(cl[3903],clsize),rep(cl[3904],clsize),rep(cl[3905],clsize),rep(cl[3906],clsize),rep(cl[3907],clsize),re
p(cl[3908],clsize),rep(cl[3909],clsize),rep(cl[3910],clsize), 
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rep(cl[3911],clsize),rep(cl[3912],clsize),rep(cl[3913],clsize),rep(cl[3914],clsize),rep(cl[3915],clsize),rep(cl[3916],clsize),rep(cl[3917],clsize),re
p(cl[3918],clsize),rep(cl[3919],clsize),rep(cl[3920],clsize), 
rep(cl[3921],clsize),rep(cl[3922],clsize),rep(cl[3923],clsize),rep(cl[3924],clsize),rep(cl[3925],clsize),rep(cl[3926],clsize),rep(cl[3927],clsize),re
p(cl[3928],clsize),rep(cl[3929],clsize),rep(cl[3930],clsize), 
rep(cl[3931],clsize),rep(cl[3932],clsize),rep(cl[3933],clsize),rep(cl[3934],clsize),rep(cl[3935],clsize),rep(cl[3936],clsize),rep(cl[3937],clsize),re
p(cl[3938],clsize),rep(cl[3939],clsize),rep(cl[3940],clsize), 
rep(cl[3941],clsize),rep(cl[3942],clsize),rep(cl[3943],clsize),rep(cl[3944],clsize),rep(cl[3945],clsize),rep(cl[3946],clsize),rep(cl[3947],clsize),re
p(cl[3948],clsize),rep(cl[3949],clsize),rep(cl[3950],clsize), 
rep(cl[3951],clsize),rep(cl[3952],clsize),rep(cl[3953],clsize),rep(cl[3954],clsize),rep(cl[3955],clsize),rep(cl[3956],clsize),rep(cl[3957],clsize),re
p(cl[3958],clsize),rep(cl[3959],clsize),rep(cl[3960],clsize), 
rep(cl[3961],clsize),rep(cl[3962],clsize),rep(cl[3963],clsize),rep(cl[3964],clsize),rep(cl[3965],clsize),rep(cl[3966],clsize),rep(cl[3967],clsize),re
p(cl[3968],clsize),rep(cl[3969],clsize),rep(cl[3970],clsize), 
rep(cl[3971],clsize),rep(cl[3972],clsize),rep(cl[3973],clsize),rep(cl[3974],clsize),rep(cl[3975],clsize),rep(cl[3976],clsize),rep(cl[3977],clsize),re
p(cl[3978],clsize),rep(cl[3979],clsize),rep(cl[3980],clsize), 
rep(cl[3981],clsize),rep(cl[3982],clsize),rep(cl[3983],clsize),rep(cl[3984],clsize),rep(cl[3985],clsize),rep(cl[3986],clsize),rep(cl[3987],clsize),re
p(cl[3988],clsize),rep(cl[3989],clsize),rep(cl[3990],clsize), 
rep(cl[3991],clsize),rep(cl[3992],clsize),rep(cl[3993],clsize),rep(cl[3994],clsize),rep(cl[3995],clsize),rep(cl[3996],clsize),rep(cl[3997],clsize),re
p(cl[3998],clsize),rep(cl[3999],clsize),rep(cl[4000],clsize) 
 
 
) 
 
x<- mu + v_j + e_ij 
 
cl_id <- 
c(rep('1',clsize),rep('2',clsize),rep('3',clsize),rep('4',clsize),rep('5',clsize),rep('6',clsize),rep('7',clsize),rep('8',clsize),rep('9',clsize),rep('10',clsiz
e), 
rep('11',clsize),rep('12',clsize),rep('13',clsize),rep('14',clsize),rep('15',clsize),rep('16',clsize),rep('17',clsize),rep('18',clsize),rep('19',clsize),rep
('20',clsize), 
rep('21',clsize),rep('22',clsize),rep('23',clsize),rep('24',clsize),rep('25',clsize),rep('26',clsize),rep('27',clsize),rep('28',clsize),rep('29',clsize),rep
('30',clsize), 
rep('31',clsize),rep('32',clsize),rep('33',clsize),rep('34',clsize),rep('35',clsize),rep('36',clsize),rep('37',clsize),rep('38',clsize),rep('39',clsize),rep
('40',clsize), 
rep('41',clsize),rep('42',clsize),rep('43',clsize),rep('44',clsize),rep('45',clsize),rep('46',clsize),rep('47',clsize),rep('48',clsize),rep('49',clsize),rep
('50',clsize), 
rep('51',clsize),rep('52',clsize),rep('53',clsize),rep('54',clsize),rep('55',clsize),rep('56',clsize),rep('57',clsize),rep('58',clsize),rep('59',clsize),rep
('60',clsize), 
rep('61',clsize),rep('62',clsize),rep('63',clsize),rep('64',clsize),rep('65',clsize),rep('66',clsize),rep('67',clsize),rep('68',clsize),rep('69',clsize),rep
('70',clsize), 
rep('71',clsize),rep('72',clsize),rep('73',clsize),rep('74',clsize),rep('75',clsize),rep('76',clsize),rep('77',clsize),rep('78',clsize),rep('79',clsize),rep
('80',clsize), 
rep('81',clsize),rep('82',clsize),rep('83',clsize),rep('84',clsize),rep('85',clsize),rep('86',clsize),rep('87',clsize),rep('88',clsize),rep('89',clsize),rep
('90',clsize), 
rep('91',clsize),rep('92',clsize),rep('93',clsize),rep('94',clsize),rep('95',clsize),rep('96',clsize),rep('97',clsize),rep('98',clsize),rep('99',clsize),rep
('100',clsize), 
 
rep('101',clsize),rep('102',clsize),rep('103',clsize),rep('104',clsize),rep('105',clsize),rep('106',clsize),rep('107',clsize),rep('108',clsize),rep('109
',clsize),rep('110',clsize), 
rep('111',clsize),rep('112',clsize),rep('113',clsize),rep('114',clsize),rep('115',clsize),rep('116',clsize),rep('117',clsize),rep('118',clsize),rep('119
',clsize),rep('120',clsize), 
rep('121',clsize),rep('122',clsize),rep('123',clsize),rep('124',clsize),rep('125',clsize),rep('126',clsize),rep('127',clsize),rep('128',clsize),rep('129
',clsize),rep('130',clsize), 
rep('131',clsize),rep('132',clsize),rep('133',clsize),rep('134',clsize),rep('135',clsize),rep('136',clsize),rep('137',clsize),rep('138',clsize),rep('139
',clsize),rep('140',clsize), 
rep('141',clsize),rep('142',clsize),rep('143',clsize),rep('144',clsize),rep('145',clsize),rep('146',clsize),rep('147',clsize),rep('148',clsize),rep('149
',clsize),rep('150',clsize), 
rep('151',clsize),rep('152',clsize),rep('153',clsize),rep('154',clsize),rep('155',clsize),rep('156',clsize),rep('157',clsize),rep('158',clsize),rep('159
',clsize),rep('160',clsize), 
rep('161',clsize),rep('162',clsize),rep('163',clsize),rep('164',clsize),rep('165',clsize),rep('166',clsize),rep('167',clsize),rep('168',clsize),rep('169
',clsize),rep('170',clsize), 
rep('171',clsize),rep('172',clsize),rep('173',clsize),rep('174',clsize),rep('175',clsize),rep('176',clsize),rep('177',clsize),rep('178',clsize),rep('179
',clsize),rep('180',clsize), 
rep('181',clsize),rep('182',clsize),rep('183',clsize),rep('184',clsize),rep('185',clsize),rep('186',clsize),rep('187',clsize),rep('188',clsize),rep('189
',clsize),rep('190',clsize), 
rep('191',clsize),rep('192',clsize),rep('193',clsize),rep('194',clsize),rep('195',clsize),rep('196',clsize),rep('197',clsize),rep('198',clsize),rep('199
',clsize),rep('200',clsize), 
 
rep('201',clsize),rep('202',clsize),rep('203',clsize),rep('204',clsize),rep('205',clsize),rep('206',clsize),rep('207',clsize),rep('208',clsize),rep('209
',clsize),rep('210',clsize), 
rep('211',clsize),rep('212',clsize),rep('213',clsize),rep('214',clsize),rep('215',clsize),rep('216',clsize),rep('217',clsize),rep('218',clsize),rep('219
',clsize),rep('220',clsize), 
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rep('221',clsize),rep('222',clsize),rep('223',clsize),rep('224',clsize),rep('225',clsize),rep('226',clsize),rep('227',clsize),rep('228',clsize),rep('229
',clsize),rep('230',clsize), 
rep('231',clsize),rep('232',clsize),rep('233',clsize),rep('234',clsize),rep('235',clsize),rep('236',clsize),rep('237',clsize),rep('238',clsize),rep('239
',clsize),rep('240',clsize), 
rep('241',clsize),rep('242',clsize),rep('243',clsize),rep('244',clsize),rep('245',clsize),rep('246',clsize),rep('247',clsize),rep('248',clsize),rep('249
',clsize),rep('250',clsize), 
rep('251',clsize),rep('252',clsize),rep('253',clsize),rep('254',clsize),rep('255',clsize),rep('256',clsize),rep('257',clsize),rep('258',clsize),rep('259
',clsize),rep('260',clsize), 
rep('261',clsize),rep('262',clsize),rep('263',clsize),rep('264',clsize),rep('265',clsize),rep('266',clsize),rep('267',clsize),rep('268',clsize),rep('269
',clsize),rep('270',clsize), 
rep('271',clsize),rep('272',clsize),rep('273',clsize),rep('274',clsize),rep('275',clsize),rep('276',clsize),rep('277',clsize),rep('278',clsize),rep('279
',clsize),rep('280',clsize), 
rep('281',clsize),rep('282',clsize),rep('283',clsize),rep('284',clsize),rep('285',clsize),rep('286',clsize),rep('287',clsize),rep('288',clsize),rep('289
',clsize),rep('290',clsize), 
rep('291',clsize),rep('292',clsize),rep('293',clsize),rep('294',clsize),rep('295',clsize),rep('296',clsize),rep('297',clsize),rep('298',clsize),rep('299
',clsize),rep('300',clsize), 
 
rep('301',clsize),rep('302',clsize),rep('303',clsize),rep('304',clsize),rep('305',clsize),rep('306',clsize),rep('307',clsize),rep('308',clsize),rep('309
',clsize),rep('310',clsize), 
rep('311',clsize),rep('312',clsize),rep('313',clsize),rep('314',clsize),rep('315',clsize),rep('316',clsize),rep('317',clsize),rep('318',clsize),rep('319
',clsize),rep('320',clsize), 
rep('321',clsize),rep('322',clsize),rep('323',clsize),rep('324',clsize),rep('325',clsize),rep('326',clsize),rep('327',clsize),rep('328',clsize),rep('329
',clsize),rep('330',clsize), 
rep('331',clsize),rep('332',clsize),rep('333',clsize),rep('334',clsize),rep('335',clsize),rep('336',clsize),rep('337',clsize),rep('338',clsize),rep('339
',clsize),rep('340',clsize), 
rep('341',clsize),rep('342',clsize),rep('343',clsize),rep('344',clsize),rep('345',clsize),rep('346',clsize),rep('347',clsize),rep('348',clsize),rep('349
',clsize),rep('350',clsize), 
rep('351',clsize),rep('352',clsize),rep('353',clsize),rep('354',clsize),rep('355',clsize),rep('356',clsize),rep('357',clsize),rep('358',clsize),rep('359
',clsize),rep('360',clsize), 
rep('361',clsize),rep('362',clsize),rep('363',clsize),rep('364',clsize),rep('365',clsize),rep('366',clsize),rep('367',clsize),rep('368',clsize),rep('369
',clsize),rep('370',clsize), 
rep('371',clsize),rep('372',clsize),rep('373',clsize),rep('374',clsize),rep('375',clsize),rep('376',clsize),rep('377',clsize),rep('378',clsize),rep('379
',clsize),rep('380',clsize), 
rep('381',clsize),rep('382',clsize),rep('383',clsize),rep('384',clsize),rep('385',clsize),rep('386',clsize),rep('387',clsize),rep('388',clsize),rep('389
',clsize),rep('390',clsize), 
rep('391',clsize),rep('392',clsize),rep('393',clsize),rep('394',clsize),rep('395',clsize),rep('396',clsize),rep('397',clsize),rep('398',clsize),rep('399
',clsize),rep('400',clsize), 
 
rep('401',clsize),rep('402',clsize),rep('403',clsize),rep('404',clsize),rep('405',clsize),rep('406',clsize),rep('407',clsize),rep('408',clsize),rep('409
',clsize),rep('410',clsize), 
rep('411',clsize),rep('412',clsize),rep('413',clsize),rep('414',clsize),rep('415',clsize),rep('416',clsize),rep('417',clsize),rep('418',clsize),rep('419
',clsize),rep('420',clsize), 
rep('421',clsize),rep('422',clsize),rep('423',clsize),rep('424',clsize),rep('425',clsize),rep('426',clsize),rep('427',clsize),rep('428',clsize),rep('429
',clsize),rep('430',clsize), 
rep('431',clsize),rep('432',clsize),rep('433',clsize),rep('434',clsize),rep('435',clsize),rep('436',clsize),rep('437',clsize),rep('438',clsize),rep('439
',clsize),rep('440',clsize), 
rep('441',clsize),rep('442',clsize),rep('443',clsize),rep('444',clsize),rep('445',clsize),rep('446',clsize),rep('447',clsize),rep('448',clsize),rep('449
',clsize),rep('450',clsize), 
rep('451',clsize),rep('452',clsize),rep('453',clsize),rep('454',clsize),rep('455',clsize),rep('456',clsize),rep('457',clsize),rep('458',clsize),rep('459
',clsize),rep('460',clsize), 
rep('461',clsize),rep('462',clsize),rep('463',clsize),rep('464',clsize),rep('465',clsize),rep('466',clsize),rep('467',clsize),rep('468',clsize),rep('469
',clsize),rep('470',clsize), 
rep('471',clsize),rep('472',clsize),rep('473',clsize),rep('474',clsize),rep('475',clsize),rep('476',clsize),rep('477',clsize),rep('478',clsize),rep('479
',clsize),rep('480',clsize), 
rep('481',clsize),rep('482',clsize),rep('483',clsize),rep('484',clsize),rep('485',clsize),rep('486',clsize),rep('487',clsize),rep('488',clsize),rep('489
',clsize),rep('490',clsize), 
rep('491',clsize),rep('492',clsize),rep('493',clsize),rep('494',clsize),rep('495',clsize),rep('496',clsize),rep('497',clsize),rep('498',clsize),rep('499
',clsize),rep('500',clsize), 
 
rep('501',clsize),rep('502',clsize),rep('503',clsize),rep('504',clsize),rep('505',clsize),rep('506',clsize),rep('507',clsize),rep('508',clsize),rep('509
',clsize),rep('510',clsize), 
rep('511',clsize),rep('512',clsize),rep('513',clsize),rep('514',clsize),rep('515',clsize),rep('516',clsize),rep('517',clsize),rep('518',clsize),rep('519
',clsize),rep('520',clsize), 
rep('521',clsize),rep('522',clsize),rep('523',clsize),rep('524',clsize),rep('525',clsize),rep('526',clsize),rep('527',clsize),rep('528',clsize),rep('529
',clsize),rep('530',clsize), 
rep('531',clsize),rep('532',clsize),rep('533',clsize),rep('534',clsize),rep('535',clsize),rep('536',clsize),rep('537',clsize),rep('538',clsize),rep('539
',clsize),rep('540',clsize), 
rep('541',clsize),rep('542',clsize),rep('543',clsize),rep('544',clsize),rep('545',clsize),rep('546',clsize),rep('547',clsize),rep('548',clsize),rep('549
',clsize),rep('550',clsize), 
rep('551',clsize),rep('552',clsize),rep('553',clsize),rep('554',clsize),rep('555',clsize),rep('556',clsize),rep('557',clsize),rep('558',clsize),rep('559
',clsize),rep('560',clsize), 
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rep('561',clsize),rep('562',clsize),rep('563',clsize),rep('564',clsize),rep('565',clsize),rep('566',clsize),rep('567',clsize),rep('568',clsize),rep('569
',clsize),rep('570',clsize), 
rep('571',clsize),rep('572',clsize),rep('573',clsize),rep('574',clsize),rep('575',clsize),rep('576',clsize),rep('577',clsize),rep('578',clsize),rep('579
',clsize),rep('580',clsize), 
rep('581',clsize),rep('582',clsize),rep('583',clsize),rep('584',clsize),rep('585',clsize),rep('586',clsize),rep('587',clsize),rep('588',clsize),rep('589
',clsize),rep('590',clsize), 
rep('591',clsize),rep('592',clsize),rep('593',clsize),rep('594',clsize),rep('595',clsize),rep('596',clsize),rep('597',clsize),rep('598',clsize),rep('599
',clsize),rep('600',clsize), 
 
rep('601',clsize),rep('602',clsize),rep('603',clsize),rep('604',clsize),rep('605',clsize),rep('606',clsize),rep('607',clsize),rep('608',clsize),rep('609
',clsize),rep('610',clsize), 
rep('611',clsize),rep('612',clsize),rep('613',clsize),rep('614',clsize),rep('615',clsize),rep('616',clsize),rep('617',clsize),rep('618',clsize),rep('619
',clsize),rep('620',clsize), 
rep('621',clsize),rep('622',clsize),rep('623',clsize),rep('624',clsize),rep('625',clsize),rep('626',clsize),rep('627',clsize),rep('628',clsize),rep('629
',clsize),rep('630',clsize), 
rep('631',clsize),rep('632',clsize),rep('633',clsize),rep('634',clsize),rep('635',clsize),rep('636',clsize),rep('637',clsize),rep('638',clsize),rep('639
',clsize),rep('640',clsize), 
rep('641',clsize),rep('642',clsize),rep('643',clsize),rep('644',clsize),rep('645',clsize),rep('646',clsize),rep('647',clsize),rep('648',clsize),rep('649
',clsize),rep('650',clsize), 
rep('651',clsize),rep('652',clsize),rep('653',clsize),rep('654',clsize),rep('655',clsize),rep('656',clsize),rep('657',clsize),rep('658',clsize),rep('659
',clsize),rep('660',clsize), 
rep('661',clsize),rep('662',clsize),rep('663',clsize),rep('664',clsize),rep('665',clsize),rep('666',clsize),rep('667',clsize),rep('668',clsize),rep('669
',clsize),rep('670',clsize), 
rep('671',clsize),rep('672',clsize),rep('673',clsize),rep('674',clsize),rep('675',clsize),rep('676',clsize),rep('677',clsize),rep('678',clsize),rep('679
',clsize),rep('680',clsize), 
rep('681',clsize),rep('682',clsize),rep('683',clsize),rep('684',clsize),rep('685',clsize),rep('686',clsize),rep('687',clsize),rep('688',clsize),rep('689
',clsize),rep('690',clsize), 
rep('691',clsize),rep('692',clsize),rep('693',clsize),rep('694',clsize),rep('695',clsize),rep('696',clsize),rep('697',clsize),rep('698',clsize),rep('699
',clsize),rep('700',clsize), 
 
rep('701',clsize),rep('702',clsize),rep('703',clsize),rep('704',clsize),rep('705',clsize),rep('706',clsize),rep('707',clsize),rep('708',clsize),rep('709
',clsize),rep('710',clsize), 
rep('711',clsize),rep('712',clsize),rep('713',clsize),rep('714',clsize),rep('715',clsize),rep('716',clsize),rep('717',clsize),rep('718',clsize),rep('719
',clsize),rep('720',clsize), 
rep('721',clsize),rep('722',clsize),rep('723',clsize),rep('724',clsize),rep('725',clsize),rep('726',clsize),rep('727',clsize),rep('728',clsize),rep('729
',clsize),rep('730',clsize), 
rep('731',clsize),rep('732',clsize),rep('733',clsize),rep('734',clsize),rep('735',clsize),rep('736',clsize),rep('737',clsize),rep('738',clsize),rep('739
',clsize),rep('740',clsize), 
rep('741',clsize),rep('742',clsize),rep('743',clsize),rep('744',clsize),rep('745',clsize),rep('746',clsize),rep('747',clsize),rep('748',clsize),rep('749
',clsize),rep('750',clsize), 
rep('751',clsize),rep('752',clsize),rep('753',clsize),rep('754',clsize),rep('755',clsize),rep('756',clsize),rep('757',clsize),rep('758',clsize),rep('759
',clsize),rep('760',clsize), 
rep('761',clsize),rep('762',clsize),rep('763',clsize),rep('764',clsize),rep('765',clsize),rep('766',clsize),rep('767',clsize),rep('768',clsize),rep('769
',clsize),rep('770',clsize), 
rep('771',clsize),rep('772',clsize),rep('773',clsize),rep('774',clsize),rep('775',clsize),rep('776',clsize),rep('777',clsize),rep('778',clsize),rep('779
',clsize),rep('780',clsize), 
rep('781',clsize),rep('782',clsize),rep('783',clsize),rep('784',clsize),rep('785',clsize),rep('786',clsize),rep('787',clsize),rep('788',clsize),rep('789
',clsize),rep('790',clsize), 
rep('791',clsize),rep('792',clsize),rep('793',clsize),rep('794',clsize),rep('795',clsize),rep('796',clsize),rep('797',clsize),rep('798',clsize),rep('799
',clsize),rep('800',clsize), 
 
rep('801',clsize),rep('802',clsize),rep('803',clsize),rep('804',clsize),rep('805',clsize),rep('806',clsize),rep('807',clsize),rep('808',clsize),rep('809
',clsize),rep('810',clsize), 
rep('811',clsize),rep('812',clsize),rep('813',clsize),rep('814',clsize),rep('815',clsize),rep('816',clsize),rep('817',clsize),rep('818',clsize),rep('819
',clsize),rep('820',clsize), 
rep('821',clsize),rep('822',clsize),rep('823',clsize),rep('824',clsize),rep('825',clsize),rep('826',clsize),rep('827',clsize),rep('828',clsize),rep('829
',clsize),rep('830',clsize), 
rep('831',clsize),rep('832',clsize),rep('833',clsize),rep('834',clsize),rep('835',clsize),rep('836',clsize),rep('837',clsize),rep('838',clsize),rep('839
',clsize),rep('840',clsize), 
rep('841',clsize),rep('842',clsize),rep('843',clsize),rep('844',clsize),rep('845',clsize),rep('846',clsize),rep('847',clsize),rep('848',clsize),rep('849
',clsize),rep('850',clsize), 
rep('851',clsize),rep('852',clsize),rep('853',clsize),rep('854',clsize),rep('855',clsize),rep('856',clsize),rep('857',clsize),rep('858',clsize),rep('859
',clsize),rep('860',clsize), 
rep('861',clsize),rep('862',clsize),rep('863',clsize),rep('864',clsize),rep('865',clsize),rep('866',clsize),rep('867',clsize),rep('868',clsize),rep('869
',clsize),rep('870',clsize), 
rep('871',clsize),rep('872',clsize),rep('873',clsize),rep('874',clsize),rep('875',clsize),rep('876',clsize),rep('877',clsize),rep('878',clsize),rep('879
',clsize),rep('880',clsize), 
rep('881',clsize),rep('882',clsize),rep('883',clsize),rep('884',clsize),rep('885',clsize),rep('886',clsize),rep('887',clsize),rep('888',clsize),rep('889
',clsize),rep('890',clsize), 
rep('891',clsize),rep('892',clsize),rep('893',clsize),rep('894',clsize),rep('895',clsize),rep('896',clsize),rep('897',clsize),rep('898',clsize),rep('899
',clsize),rep('900',clsize), 
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rep('901',clsize),rep('902',clsize),rep('903',clsize),rep('904',clsize),rep('905',clsize),rep('906',clsize),rep('907',clsize),rep('908',clsize),rep('909
',clsize),rep('910',clsize), 
rep('911',clsize),rep('912',clsize),rep('913',clsize),rep('914',clsize),rep('915',clsize),rep('916',clsize),rep('917',clsize),rep('918',clsize),rep('919
',clsize),rep('920',clsize), 
rep('921',clsize),rep('922',clsize),rep('923',clsize),rep('924',clsize),rep('925',clsize),rep('926',clsize),rep('927',clsize),rep('928',clsize),rep('929
',clsize),rep('930',clsize), 
rep('931',clsize),rep('932',clsize),rep('933',clsize),rep('934',clsize),rep('935',clsize),rep('936',clsize),rep('937',clsize),rep('938',clsize),rep('939
',clsize),rep('940',clsize), 
rep('941',clsize),rep('942',clsize),rep('943',clsize),rep('944',clsize),rep('945',clsize),rep('946',clsize),rep('947',clsize),rep('948',clsize),rep('949
',clsize),rep('950',clsize), 
rep('951',clsize),rep('952',clsize),rep('953',clsize),rep('954',clsize),rep('955',clsize),rep('956',clsize),rep('957',clsize),rep('958',clsize),rep('959
',clsize),rep('960',clsize), 
rep('961',clsize),rep('962',clsize),rep('963',clsize),rep('964',clsize),rep('965',clsize),rep('966',clsize),rep('967',clsize),rep('968',clsize),rep('969
',clsize),rep('970',clsize), 
rep('971',clsize),rep('972',clsize),rep('973',clsize),rep('974',clsize),rep('975',clsize),rep('976',clsize),rep('977',clsize),rep('978',clsize),rep('979
',clsize),rep('980',clsize), 
rep('981',clsize),rep('982',clsize),rep('983',clsize),rep('984',clsize),rep('985',clsize),rep('986',clsize),rep('987',clsize),rep('988',clsize),rep('989
',clsize),rep('990',clsize), 
rep('991',clsize),rep('992',clsize),rep('993',clsize),rep('994',clsize),rep('995',clsize),rep('996',clsize),rep('997',clsize),rep('998',clsize),rep('999
',clsize),rep('1000',clsize), 
 
rep('1001',clsize),rep('1002',clsize),rep('1003',clsize),rep('1004',clsize),rep('1005',clsize),rep('1006',clsize),rep('1007',clsize),rep('1008',clsize
),rep('1009',clsize),rep('1010',clsize), 
rep('1011',clsize),rep('1012',clsize),rep('1013',clsize),rep('1014',clsize),rep('1015',clsize),rep('1016',clsize),rep('1017',clsize),rep('1018',clsize
),rep('1019',clsize),rep('1020',clsize), 
rep('1021',clsize),rep('1022',clsize),rep('1023',clsize),rep('1024',clsize),rep('1025',clsize),rep('1026',clsize),rep('1027',clsize),rep('1028',clsize
),rep('1029',clsize),rep('1030',clsize), 
rep('1031',clsize),rep('1032',clsize),rep('1033',clsize),rep('1034',clsize),rep('1035',clsize),rep('1036',clsize),rep('1037',clsize),rep('1038',clsize
),rep('1039',clsize),rep('1040',clsize), 
rep('1041',clsize),rep('1042',clsize),rep('1043',clsize),rep('1044',clsize),rep('1045',clsize),rep('1046',clsize),rep('1047',clsize),rep('1048',clsize
),rep('1049',clsize),rep('1050',clsize), 
rep('1051',clsize),rep('1052',clsize),rep('1053',clsize),rep('1054',clsize),rep('1055',clsize),rep('1056',clsize),rep('1057',clsize),rep('1058',clsize
),rep('1059',clsize),rep('1060',clsize), 
rep('1061',clsize),rep('1062',clsize),rep('1063',clsize),rep('1064',clsize),rep('1065',clsize),rep('1066',clsize),rep('1067',clsize),rep('1068',clsize
),rep('1069',clsize),rep('1070',clsize), 
rep('1071',clsize),rep('1072',clsize),rep('1073',clsize),rep('1074',clsize),rep('1075',clsize),rep('1076',clsize),rep('1077',clsize),rep('1078',clsize
),rep('1079',clsize),rep('1080',clsize), 
rep('1081',clsize),rep('1082',clsize),rep('1083',clsize),rep('1084',clsize),rep('1085',clsize),rep('1086',clsize),rep('1087',clsize),rep('1088',clsize
),rep('1089',clsize),rep('1090',clsize), 
rep('1091',clsize),rep('1092',clsize),rep('1093',clsize),rep('1094',clsize),rep('1095',clsize),rep('1096',clsize),rep('1097',clsize),rep('1098',clsize
),rep('1099',clsize),rep('1000',clsize), 
 
rep('1101',clsize),rep('1102',clsize),rep('1103',clsize),rep('1104',clsize),rep('1105',clsize),rep('1106',clsize),rep('1107',clsize),rep('1108',clsize
),rep('1109',clsize),rep('1110',clsize), 
rep('1111',clsize),rep('1112',clsize),rep('1113',clsize),rep('1114',clsize),rep('1115',clsize),rep('1116',clsize),rep('1117',clsize),rep('1118',clsize
),rep('1119',clsize),rep('1120',clsize), 
rep('1121',clsize),rep('1122',clsize),rep('1123',clsize),rep('1124',clsize),rep('1125',clsize),rep('1126',clsize),rep('1127',clsize),rep('1128',clsize
),rep('1129',clsize),rep('1130',clsize), 
rep('1131',clsize),rep('1132',clsize),rep('1133',clsize),rep('1134',clsize),rep('1135',clsize),rep('1136',clsize),rep('1137',clsize),rep('1138',clsize
),rep('1139',clsize),rep('1140',clsize), 
rep('1141',clsize),rep('1142',clsize),rep('1143',clsize),rep('1144',clsize),rep('1145',clsize),rep('1146',clsize),rep('1147',clsize),rep('1148',clsize
),rep('1149',clsize),rep('1150',clsize), 
rep('1151',clsize),rep('1152',clsize),rep('1153',clsize),rep('1154',clsize),rep('1155',clsize),rep('1156',clsize),rep('1157',clsize),rep('1158',clsize
),rep('1159',clsize),rep('1160',clsize), 
rep('1161',clsize),rep('1162',clsize),rep('1163',clsize),rep('1164',clsize),rep('1165',clsize),rep('1166',clsize),rep('1167',clsize),rep('1168',clsize
),rep('1169',clsize),rep('1170',clsize), 
rep('1171',clsize),rep('1172',clsize),rep('1173',clsize),rep('1174',clsize),rep('1175',clsize),rep('1176',clsize),rep('1177',clsize),rep('1178',clsize
),rep('1179',clsize),rep('1180',clsize), 
rep('1181',clsize),rep('1182',clsize),rep('1183',clsize),rep('1184',clsize),rep('1185',clsize),rep('1186',clsize),rep('1187',clsize),rep('1188',clsize
),rep('1189',clsize),rep('1190',clsize), 
rep('1191',clsize),rep('1192',clsize),rep('1193',clsize),rep('1194',clsize),rep('1195',clsize),rep('1196',clsize),rep('1197',clsize),rep('1198',clsize
),rep('1199',clsize),rep('1200',clsize), 
 
rep('1201',clsize),rep('1202',clsize),rep('1203',clsize),rep('1204',clsize),rep('1205',clsize),rep('1206',clsize),rep('1207',clsize),rep('1208',clsize
),rep('1209',clsize),rep('1210',clsize), 
rep('1211',clsize),rep('1212',clsize),rep('1213',clsize),rep('1214',clsize),rep('1215',clsize),rep('1216',clsize),rep('1217',clsize),rep('1218',clsize
),rep('1219',clsize),rep('1220',clsize), 
rep('1221',clsize),rep('1222',clsize),rep('1223',clsize),rep('1224',clsize),rep('1225',clsize),rep('1226',clsize),rep('1227',clsize),rep('1228',clsize
),rep('1229',clsize),rep('1230',clsize), 
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rep('1231',clsize),rep('1232',clsize),rep('1233',clsize),rep('1234',clsize),rep('1235',clsize),rep('1236',clsize),rep('1237',clsize),rep('1238',clsize
),rep('1239',clsize),rep('1240',clsize), 
rep('1241',clsize),rep('1242',clsize),rep('1243',clsize),rep('1244',clsize),rep('1245',clsize),rep('1246',clsize),rep('1247',clsize),rep('1248',clsize
),rep('1249',clsize),rep('1250',clsize), 
rep('1251',clsize),rep('1252',clsize),rep('1253',clsize),rep('1254',clsize),rep('1255',clsize),rep('1256',clsize),rep('1257',clsize),rep('1258',clsize
),rep('1259',clsize),rep('1260',clsize), 
rep('1261',clsize),rep('1262',clsize),rep('1263',clsize),rep('1264',clsize),rep('1265',clsize),rep('1266',clsize),rep('1267',clsize),rep('1268',clsize
),rep('1269',clsize),rep('1270',clsize), 
rep('1271',clsize),rep('1272',clsize),rep('1273',clsize),rep('1274',clsize),rep('1275',clsize),rep('1276',clsize),rep('1277',clsize),rep('1278',clsize
),rep('1279',clsize),rep('1280',clsize), 
rep('1281',clsize),rep('1282',clsize),rep('1283',clsize),rep('1284',clsize),rep('1285',clsize),rep('1286',clsize),rep('1287',clsize),rep('1288',clsize
),rep('1289',clsize),rep('1290',clsize), 
rep('1291',clsize),rep('1292',clsize),rep('1293',clsize),rep('1294',clsize),rep('1295',clsize),rep('1296',clsize),rep('1297',clsize),rep('1298',clsize
),rep('1299',clsize),rep('1300',clsize), 
 
rep('1301',clsize),rep('1302',clsize),rep('1303',clsize),rep('1304',clsize),rep('1305',clsize),rep('1306',clsize),rep('1307',clsize),rep('1308',clsize
),rep('1309',clsize),rep('1310',clsize), 
rep('1311',clsize),rep('1312',clsize),rep('1313',clsize),rep('1314',clsize),rep('1315',clsize),rep('1316',clsize),rep('1317',clsize),rep('1318',clsize
),rep('1319',clsize),rep('1320',clsize), 
rep('1321',clsize),rep('1322',clsize),rep('1323',clsize),rep('1324',clsize),rep('1325',clsize),rep('1326',clsize),rep('1327',clsize),rep('1328',clsize
),rep('1329',clsize),rep('1330',clsize), 
rep('1331',clsize),rep('1332',clsize),rep('1333',clsize),rep('1334',clsize),rep('1335',clsize),rep('1336',clsize),rep('1337',clsize),rep('1338',clsize
),rep('1339',clsize),rep('1340',clsize), 
rep('1341',clsize),rep('1342',clsize),rep('1343',clsize),rep('1344',clsize),rep('1345',clsize),rep('1346',clsize),rep('1347',clsize),rep('1348',clsize
),rep('1349',clsize),rep('1350',clsize), 
rep('1351',clsize),rep('1352',clsize),rep('1353',clsize),rep('1354',clsize),rep('1355',clsize),rep('1356',clsize),rep('1357',clsize),rep('1358',clsize
),rep('1359',clsize),rep('1360',clsize), 
rep('1361',clsize),rep('1362',clsize),rep('1363',clsize),rep('1364',clsize),rep('1365',clsize),rep('1366',clsize),rep('1367',clsize),rep('1368',clsize
),rep('1369',clsize),rep('1370',clsize), 
rep('1371',clsize),rep('1372',clsize),rep('1373',clsize),rep('1374',clsize),rep('1375',clsize),rep('1376',clsize),rep('1377',clsize),rep('1378',clsize
),rep('1379',clsize),rep('1380',clsize), 
rep('1381',clsize),rep('1382',clsize),rep('1383',clsize),rep('1384',clsize),rep('1385',clsize),rep('1386',clsize),rep('1387',clsize),rep('1388',clsize
),rep('1389',clsize),rep('1390',clsize), 
rep('1391',clsize),rep('1392',clsize),rep('1393',clsize),rep('1394',clsize),rep('1395',clsize),rep('1396',clsize),rep('1397',clsize),rep('1398',clsize
),rep('1399',clsize),rep('1400',clsize), 
 
rep('1401',clsize),rep('1402',clsize),rep('1403',clsize),rep('1404',clsize),rep('1405',clsize),rep('1406',clsize),rep('1407',clsize),rep('1408',clsize
),rep('1409',clsize),rep('1410',clsize), 
rep('1411',clsize),rep('1412',clsize),rep('1413',clsize),rep('1414',clsize),rep('1415',clsize),rep('1416',clsize),rep('1417',clsize),rep('1418',clsize
),rep('1419',clsize),rep('1420',clsize), 
rep('1421',clsize),rep('1422',clsize),rep('1423',clsize),rep('1424',clsize),rep('1425',clsize),rep('1426',clsize),rep('1427',clsize),rep('1428',clsize
),rep('1429',clsize),rep('1430',clsize), 
rep('1431',clsize),rep('1432',clsize),rep('1433',clsize),rep('1434',clsize),rep('1435',clsize),rep('1436',clsize),rep('1437',clsize),rep('1438',clsize
),rep('1439',clsize),rep('1440',clsize), 
rep('1441',clsize),rep('1442',clsize),rep('1443',clsize),rep('1444',clsize),rep('1445',clsize),rep('1446',clsize),rep('1447',clsize),rep('1448',clsize
),rep('1449',clsize),rep('1450',clsize), 
rep('1451',clsize),rep('1452',clsize),rep('1453',clsize),rep('1454',clsize),rep('1455',clsize),rep('1456',clsize),rep('1457',clsize),rep('1458',clsize
),rep('1459',clsize),rep('1460',clsize), 
rep('1461',clsize),rep('1462',clsize),rep('1463',clsize),rep('1464',clsize),rep('1465',clsize),rep('1466',clsize),rep('1467',clsize),rep('1468',clsize
),rep('1469',clsize),rep('1470',clsize), 
rep('1471',clsize),rep('1472',clsize),rep('1473',clsize),rep('1474',clsize),rep('1475',clsize),rep('1476',clsize),rep('1477',clsize),rep('1478',clsize
),rep('1479',clsize),rep('1480',clsize), 
rep('1481',clsize),rep('1482',clsize),rep('1483',clsize),rep('1484',clsize),rep('1485',clsize),rep('1486',clsize),rep('1487',clsize),rep('1488',clsize
),rep('1489',clsize),rep('1490',clsize), 
rep('1491',clsize),rep('1492',clsize),rep('1493',clsize),rep('1494',clsize),rep('1495',clsize),rep('1496',clsize),rep('1497',clsize),rep('1498',clsize
),rep('1499',clsize),rep('1500',clsize), 
 
rep('1501',clsize),rep('1502',clsize),rep('1503',clsize),rep('1504',clsize),rep('1505',clsize),rep('1506',clsize),rep('1507',clsize),rep('1508',clsize
),rep('1509',clsize),rep('1510',clsize), 
rep('1511',clsize),rep('1512',clsize),rep('1513',clsize),rep('1514',clsize),rep('1515',clsize),rep('1516',clsize),rep('1517',clsize),rep('1518',clsize
),rep('1519',clsize),rep('1520',clsize), 
rep('1521',clsize),rep('1522',clsize),rep('1523',clsize),rep('1524',clsize),rep('1525',clsize),rep('1526',clsize),rep('1527',clsize),rep('1528',clsize
),rep('1529',clsize),rep('1530',clsize), 
rep('1531',clsize),rep('1532',clsize),rep('1533',clsize),rep('1534',clsize),rep('1535',clsize),rep('1536',clsize),rep('1537',clsize),rep('1538',clsize
),rep('1539',clsize),rep('1540',clsize), 
rep('1541',clsize),rep('1542',clsize),rep('1543',clsize),rep('1544',clsize),rep('1545',clsize),rep('1546',clsize),rep('1547',clsize),rep('1548',clsize
),rep('1549',clsize),rep('1550',clsize), 
rep('1551',clsize),rep('1552',clsize),rep('1553',clsize),rep('1554',clsize),rep('1555',clsize),rep('1556',clsize),rep('1557',clsize),rep('1558',clsize
),rep('1559',clsize),rep('1560',clsize), 
rep('1561',clsize),rep('1562',clsize),rep('1563',clsize),rep('1564',clsize),rep('1565',clsize),rep('1566',clsize),rep('1567',clsize),rep('1568',clsize
),rep('1569',clsize),rep('1570',clsize), 
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rep('1571',clsize),rep('1572',clsize),rep('1573',clsize),rep('1574',clsize),rep('1575',clsize),rep('1576',clsize),rep('1577',clsize),rep('1578',clsize
),rep('1579',clsize),rep('1580',clsize), 
rep('1581',clsize),rep('1582',clsize),rep('1583',clsize),rep('1584',clsize),rep('1585',clsize),rep('1586',clsize),rep('1587',clsize),rep('1588',clsize
),rep('1589',clsize),rep('1590',clsize), 
rep('1591',clsize),rep('1592',clsize),rep('1593',clsize),rep('1594',clsize),rep('1595',clsize),rep('1596',clsize),rep('1597',clsize),rep('1598',clsize
),rep('1599',clsize),rep('1600',clsize), 
 
rep('1601',clsize),rep('1602',clsize),rep('1603',clsize),rep('1604',clsize),rep('1605',clsize),rep('1606',clsize),rep('1607',clsize),rep('1608',clsize
),rep('1609',clsize),rep('1610',clsize), 
rep('1611',clsize),rep('1612',clsize),rep('1613',clsize),rep('1614',clsize),rep('1615',clsize),rep('1616',clsize),rep('1617',clsize),rep('1618',clsize
),rep('1619',clsize),rep('1620',clsize), 
rep('1621',clsize),rep('1622',clsize),rep('1623',clsize),rep('1624',clsize),rep('1625',clsize),rep('1626',clsize),rep('1627',clsize),rep('1628',clsize
),rep('1629',clsize),rep('1630',clsize), 
rep('1631',clsize),rep('1632',clsize),rep('1633',clsize),rep('1634',clsize),rep('1635',clsize),rep('1636',clsize),rep('1637',clsize),rep('1638',clsize
),rep('1639',clsize),rep('1640',clsize), 
rep('1641',clsize),rep('1642',clsize),rep('1643',clsize),rep('1644',clsize),rep('1645',clsize),rep('1646',clsize),rep('1647',clsize),rep('1648',clsize
),rep('1649',clsize),rep('1650',clsize), 
rep('1651',clsize),rep('1652',clsize),rep('1653',clsize),rep('1654',clsize),rep('1655',clsize),rep('1656',clsize),rep('1657',clsize),rep('1658',clsize
),rep('1659',clsize),rep('1660',clsize), 
rep('1661',clsize),rep('1662',clsize),rep('1663',clsize),rep('1664',clsize),rep('1665',clsize),rep('1666',clsize),rep('1667',clsize),rep('1668',clsize
),rep('1669',clsize),rep('1670',clsize), 
rep('1671',clsize),rep('1672',clsize),rep('1673',clsize),rep('1674',clsize),rep('1675',clsize),rep('1676',clsize),rep('1677',clsize),rep('1678',clsize
),rep('1679',clsize),rep('1680',clsize), 
rep('1681',clsize),rep('1682',clsize),rep('1683',clsize),rep('1684',clsize),rep('1685',clsize),rep('1686',clsize),rep('1687',clsize),rep('1688',clsize
),rep('1689',clsize),rep('1690',clsize), 
rep('1691',clsize),rep('1692',clsize),rep('1693',clsize),rep('1694',clsize),rep('1695',clsize),rep('1696',clsize),rep('1697',clsize),rep('1698',clsize
),rep('1699',clsize),rep('1700',clsize), 
 
rep('1701',clsize),rep('1702',clsize),rep('1703',clsize),rep('1704',clsize),rep('1705',clsize),rep('1706',clsize),rep('1707',clsize),rep('1708',clsize
),rep('1709',clsize),rep('1710',clsize), 
rep('1711',clsize),rep('1712',clsize),rep('1713',clsize),rep('1714',clsize),rep('1715',clsize),rep('1716',clsize),rep('1717',clsize),rep('1718',clsize
),rep('1719',clsize),rep('1720',clsize), 
rep('1721',clsize),rep('1722',clsize),rep('1723',clsize),rep('1724',clsize),rep('1725',clsize),rep('1726',clsize),rep('1727',clsize),rep('1728',clsize
),rep('1729',clsize),rep('1730',clsize), 
rep('1731',clsize),rep('1732',clsize),rep('1733',clsize),rep('1734',clsize),rep('1735',clsize),rep('1736',clsize),rep('1737',clsize),rep('1738',clsize
),rep('1739',clsize),rep('1740',clsize), 
rep('1741',clsize),rep('1742',clsize),rep('1743',clsize),rep('1744',clsize),rep('1745',clsize),rep('1746',clsize),rep('1747',clsize),rep('1748',clsize
),rep('1749',clsize),rep('1750',clsize), 
rep('1751',clsize),rep('1752',clsize),rep('1753',clsize),rep('1754',clsize),rep('1755',clsize),rep('1756',clsize),rep('1757',clsize),rep('1758',clsize
),rep('1759',clsize),rep('1760',clsize), 
rep('1761',clsize),rep('1762',clsize),rep('1763',clsize),rep('1764',clsize),rep('1765',clsize),rep('1766',clsize),rep('1767',clsize),rep('1768',clsize
),rep('1769',clsize),rep('1770',clsize), 
rep('1771',clsize),rep('1772',clsize),rep('1773',clsize),rep('1774',clsize),rep('1775',clsize),rep('1776',clsize),rep('1777',clsize),rep('1778',clsize
),rep('1779',clsize),rep('1780',clsize), 
rep('1781',clsize),rep('1782',clsize),rep('1783',clsize),rep('1784',clsize),rep('1785',clsize),rep('1786',clsize),rep('1787',clsize),rep('1788',clsize
),rep('1789',clsize),rep('1790',clsize), 
rep('1791',clsize),rep('1792',clsize),rep('1793',clsize),rep('1794',clsize),rep('1795',clsize),rep('1796',clsize),rep('1797',clsize),rep('1798',clsize
),rep('1799',clsize),rep('1800',clsize), 
 
rep('1801',clsize),rep('1802',clsize),rep('1803',clsize),rep('1804',clsize),rep('1805',clsize),rep('1806',clsize),rep('1807',clsize),rep('1808',clsize
),rep('1809',clsize),rep('1810',clsize), 
rep('1811',clsize),rep('1812',clsize),rep('1813',clsize),rep('1814',clsize),rep('1815',clsize),rep('1816',clsize),rep('1817',clsize),rep('1818',clsize
),rep('1819',clsize),rep('1820',clsize), 
rep('1821',clsize),rep('1822',clsize),rep('1823',clsize),rep('1824',clsize),rep('1825',clsize),rep('1826',clsize),rep('1827',clsize),rep('1828',clsize
),rep('1829',clsize),rep('1830',clsize), 
rep('1831',clsize),rep('1832',clsize),rep('1833',clsize),rep('1834',clsize),rep('1835',clsize),rep('1836',clsize),rep('1837',clsize),rep('1838',clsize
),rep('1839',clsize),rep('1840',clsize), 
rep('1841',clsize),rep('1842',clsize),rep('1843',clsize),rep('1844',clsize),rep('1845',clsize),rep('1846',clsize),rep('1847',clsize),rep('1848',clsize
),rep('1849',clsize),rep('1850',clsize), 
rep('1851',clsize),rep('1852',clsize),rep('1853',clsize),rep('1854',clsize),rep('1855',clsize),rep('1856',clsize),rep('1857',clsize),rep('1858',clsize
),rep('1859',clsize),rep('1860',clsize), 
rep('1861',clsize),rep('1862',clsize),rep('1863',clsize),rep('1864',clsize),rep('1865',clsize),rep('1866',clsize),rep('1867',clsize),rep('1868',clsize
),rep('1869',clsize),rep('1870',clsize), 
rep('1871',clsize),rep('1872',clsize),rep('1873',clsize),rep('1874',clsize),rep('1875',clsize),rep('1876',clsize),rep('1877',clsize),rep('1878',clsize
),rep('1879',clsize),rep('1880',clsize), 
rep('1881',clsize),rep('1882',clsize),rep('1883',clsize),rep('1884',clsize),rep('1885',clsize),rep('1886',clsize),rep('1887',clsize),rep('1888',clsize
),rep('1889',clsize),rep('1890',clsize), 
rep('1891',clsize),rep('1892',clsize),rep('1893',clsize),rep('1894',clsize),rep('1895',clsize),rep('1896',clsize),rep('1897',clsize),rep('1898',clsize
),rep('1899',clsize),rep('1900',clsize), 
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rep('1901',clsize),rep('1902',clsize),rep('1903',clsize),rep('1904',clsize),rep('1905',clsize),rep('1906',clsize),rep('1907',clsize),rep('1908',clsize
),rep('1909',clsize),rep('1910',clsize), 
rep('1911',clsize),rep('1912',clsize),rep('1913',clsize),rep('1914',clsize),rep('1915',clsize),rep('1916',clsize),rep('1917',clsize),rep('1918',clsize
),rep('1919',clsize),rep('1920',clsize), 
rep('1921',clsize),rep('1922',clsize),rep('1923',clsize),rep('1924',clsize),rep('1925',clsize),rep('1926',clsize),rep('1927',clsize),rep('1928',clsize
),rep('1929',clsize),rep('1930',clsize), 
rep('1931',clsize),rep('1932',clsize),rep('1933',clsize),rep('1934',clsize),rep('1935',clsize),rep('1936',clsize),rep('1937',clsize),rep('1938',clsize
),rep('1939',clsize),rep('1940',clsize), 
rep('1941',clsize),rep('1942',clsize),rep('1943',clsize),rep('1944',clsize),rep('1945',clsize),rep('1946',clsize),rep('1947',clsize),rep('1948',clsize
),rep('1949',clsize),rep('1950',clsize), 
rep('1951',clsize),rep('1952',clsize),rep('1953',clsize),rep('1954',clsize),rep('1955',clsize),rep('1956',clsize),rep('1957',clsize),rep('1958',clsize
),rep('1959',clsize),rep('1960',clsize), 
rep('1961',clsize),rep('1962',clsize),rep('1963',clsize),rep('1964',clsize),rep('1965',clsize),rep('1966',clsize),rep('1967',clsize),rep('1968',clsize
),rep('1969',clsize),rep('1970',clsize), 
rep('1971',clsize),rep('1972',clsize),rep('1973',clsize),rep('1974',clsize),rep('1975',clsize),rep('1976',clsize),rep('1977',clsize),rep('1978',clsize
),rep('1979',clsize),rep('1980',clsize), 
rep('1981',clsize),rep('1982',clsize),rep('1983',clsize),rep('1984',clsize),rep('1985',clsize),rep('1986',clsize),rep('1987',clsize),rep('1988',clsize
),rep('1989',clsize),rep('1990',clsize), 
rep('1991',clsize),rep('1992',clsize),rep('1993',clsize),rep('1994',clsize),rep('1995',clsize),rep('1996',clsize),rep('1997',clsize),rep('1998',clsize
),rep('1999',clsize),rep('2000',clsize), 
 
rep('2001',clsize),rep('2002',clsize),rep('2003',clsize),rep('2004',clsize),rep('2005',clsize),rep('2006',clsize),rep('2007',clsize),rep('2008',clsize
),rep('2009',clsize),rep('2010',clsize), 
rep('2011',clsize),rep('2012',clsize),rep('2013',clsize),rep('2014',clsize),rep('2015',clsize),rep('2016',clsize),rep('2017',clsize),rep('2018',clsize
),rep('2019',clsize),rep('2020',clsize), 
rep('2021',clsize),rep('2022',clsize),rep('2023',clsize),rep('2024',clsize),rep('2025',clsize),rep('2026',clsize),rep('2027',clsize),rep('2028',clsize
),rep('2029',clsize),rep('2030',clsize), 
rep('2031',clsize),rep('2032',clsize),rep('2033',clsize),rep('2034',clsize),rep('2035',clsize),rep('2036',clsize),rep('2037',clsize),rep('2038',clsize
),rep('2039',clsize),rep('2040',clsize), 
rep('2041',clsize),rep('2042',clsize),rep('2043',clsize),rep('2044',clsize),rep('2045',clsize),rep('2046',clsize),rep('2047',clsize),rep('2048',clsize
),rep('2049',clsize),rep('2050',clsize), 
rep('2051',clsize),rep('2052',clsize),rep('2053',clsize),rep('2054',clsize),rep('2055',clsize),rep('2056',clsize),rep('2057',clsize),rep('2058',clsize
),rep('2059',clsize),rep('2060',clsize), 
rep('2061',clsize),rep('2062',clsize),rep('2063',clsize),rep('2064',clsize),rep('2065',clsize),rep('2066',clsize),rep('2067',clsize),rep('2068',clsize
),rep('2069',clsize),rep('2070',clsize), 
rep('2071',clsize),rep('2072',clsize),rep('2073',clsize),rep('2074',clsize),rep('2075',clsize),rep('2076',clsize),rep('2077',clsize),rep('2078',clsize
),rep('2079',clsize),rep('2080',clsize), 
rep('2081',clsize),rep('2082',clsize),rep('2083',clsize),rep('2084',clsize),rep('2085',clsize),rep('2086',clsize),rep('2087',clsize),rep('2088',clsize
),rep('2089',clsize),rep('2090',clsize), 
rep('2091',clsize),rep('2092',clsize),rep('2093',clsize),rep('2094',clsize),rep('2095',clsize),rep('2096',clsize),rep('2097',clsize),rep('2098',clsize
),rep('2099',clsize),rep('2100',clsize), 
 
rep('2101',clsize),rep('2102',clsize),rep('2103',clsize),rep('2104',clsize),rep('2105',clsize),rep('2106',clsize),rep('2107',clsize),rep('2108',clsize
),rep('2109',clsize),rep('2110',clsize), 
rep('2111',clsize),rep('2112',clsize),rep('2113',clsize),rep('2114',clsize),rep('2115',clsize),rep('2116',clsize),rep('2117',clsize),rep('2118',clsize
),rep('2119',clsize),rep('2120',clsize), 
rep('2121',clsize),rep('2122',clsize),rep('2123',clsize),rep('2124',clsize),rep('2125',clsize),rep('2126',clsize),rep('2127',clsize),rep('2128',clsize
),rep('2129',clsize),rep('2130',clsize), 
rep('2131',clsize),rep('2132',clsize),rep('2133',clsize),rep('2134',clsize),rep('2135',clsize),rep('2136',clsize),rep('2137',clsize),rep('2138',clsize
),rep('2139',clsize),rep('2140',clsize), 
rep('2141',clsize),rep('2142',clsize),rep('2143',clsize),rep('2144',clsize),rep('2145',clsize),rep('2146',clsize),rep('2147',clsize),rep('2148',clsize
),rep('2149',clsize),rep('2150',clsize), 
rep('2151',clsize),rep('2152',clsize),rep('2153',clsize),rep('2154',clsize),rep('2155',clsize),rep('2156',clsize),rep('2157',clsize),rep('2158',clsize
),rep('2159',clsize),rep('2160',clsize), 
rep('2161',clsize),rep('2162',clsize),rep('2163',clsize),rep('2164',clsize),rep('2165',clsize),rep('2166',clsize),rep('2167',clsize),rep('2168',clsize
),rep('2169',clsize),rep('2170',clsize), 
rep('2171',clsize),rep('2172',clsize),rep('2173',clsize),rep('2174',clsize),rep('2175',clsize),rep('2176',clsize),rep('2177',clsize),rep('2178',clsize
),rep('2179',clsize),rep('2180',clsize), 
rep('2181',clsize),rep('2182',clsize),rep('2183',clsize),rep('2184',clsize),rep('2185',clsize),rep('2186',clsize),rep('2187',clsize),rep('2188',clsize
),rep('2189',clsize),rep('2190',clsize), 
rep('2191',clsize),rep('2192',clsize),rep('2193',clsize),rep('2194',clsize),rep('2195',clsize),rep('2196',clsize),rep('2197',clsize),rep('2198',clsize
),rep('2199',clsize),rep('2200',clsize), 
 
rep('2201',clsize),rep('2202',clsize),rep('2203',clsize),rep('2204',clsize),rep('2205',clsize),rep('2206',clsize),rep('2207',clsize),rep('2208',clsize
),rep('2209',clsize),rep('2210',clsize), 
rep('2211',clsize),rep('2212',clsize),rep('2213',clsize),rep('2214',clsize),rep('2215',clsize),rep('2216',clsize),rep('2217',clsize),rep('2218',clsize
),rep('2219',clsize),rep('2220',clsize), 
rep('2221',clsize),rep('2222',clsize),rep('2223',clsize),rep('2224',clsize),rep('2225',clsize),rep('2226',clsize),rep('2227',clsize),rep('2228',clsize
),rep('2229',clsize),rep('2230',clsize), 
rep('2231',clsize),rep('2232',clsize),rep('2233',clsize),rep('2234',clsize),rep('2235',clsize),rep('2236',clsize),rep('2237',clsize),rep('2238',clsize
),rep('2239',clsize),rep('2240',clsize), 
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rep('2241',clsize),rep('2242',clsize),rep('2243',clsize),rep('2244',clsize),rep('2245',clsize),rep('2246',clsize),rep('2247',clsize),rep('2248',clsize
),rep('2249',clsize),rep('2250',clsize), 
rep('2251',clsize),rep('2252',clsize),rep('2253',clsize),rep('2254',clsize),rep('2255',clsize),rep('2256',clsize),rep('2257',clsize),rep('2258',clsize
),rep('2259',clsize),rep('2260',clsize), 
rep('2261',clsize),rep('2262',clsize),rep('2263',clsize),rep('2264',clsize),rep('2265',clsize),rep('2266',clsize),rep('2267',clsize),rep('2268',clsize
),rep('2269',clsize),rep('2270',clsize), 
rep('2271',clsize),rep('2272',clsize),rep('2273',clsize),rep('2274',clsize),rep('2275',clsize),rep('2276',clsize),rep('2277',clsize),rep('2278',clsize
),rep('2279',clsize),rep('2280',clsize), 
rep('2281',clsize),rep('2282',clsize),rep('2283',clsize),rep('2284',clsize),rep('2285',clsize),rep('2286',clsize),rep('2287',clsize),rep('2288',clsize
),rep('2289',clsize),rep('2290',clsize), 
rep('2291',clsize),rep('2292',clsize),rep('2293',clsize),rep('2294',clsize),rep('2295',clsize),rep('2296',clsize),rep('2297',clsize),rep('2298',clsize
),rep('2299',clsize),rep('2300',clsize), 
 
rep('2301',clsize),rep('2302',clsize),rep('2303',clsize),rep('2304',clsize),rep('2305',clsize),rep('2306',clsize),rep('2307',clsize),rep('2308',clsize
),rep('2309',clsize),rep('2310',clsize), 
rep('2311',clsize),rep('2312',clsize),rep('2313',clsize),rep('2314',clsize),rep('2315',clsize),rep('2316',clsize),rep('2317',clsize),rep('2318',clsize
),rep('2319',clsize),rep('2320',clsize), 
rep('2321',clsize),rep('2322',clsize),rep('2323',clsize),rep('2324',clsize),rep('2325',clsize),rep('2326',clsize),rep('2327',clsize),rep('2328',clsize
),rep('2329',clsize),rep('2330',clsize), 
rep('2331',clsize),rep('2332',clsize),rep('2333',clsize),rep('2334',clsize),rep('2335',clsize),rep('2336',clsize),rep('2337',clsize),rep('2338',clsize
),rep('2339',clsize),rep('2340',clsize), 
rep('2341',clsize),rep('2342',clsize),rep('2343',clsize),rep('2344',clsize),rep('2345',clsize),rep('2346',clsize),rep('2347',clsize),rep('2348',clsize
),rep('2349',clsize),rep('2350',clsize), 
rep('2351',clsize),rep('2352',clsize),rep('2353',clsize),rep('2354',clsize),rep('2355',clsize),rep('2356',clsize),rep('2357',clsize),rep('2358',clsize
),rep('2359',clsize),rep('2360',clsize), 
rep('2361',clsize),rep('2362',clsize),rep('2363',clsize),rep('2364',clsize),rep('2365',clsize),rep('2366',clsize),rep('2367',clsize),rep('2368',clsize
),rep('2369',clsize),rep('2370',clsize), 
rep('2371',clsize),rep('2372',clsize),rep('2373',clsize),rep('2374',clsize),rep('2375',clsize),rep('2376',clsize),rep('2377',clsize),rep('2378',clsize
),rep('2379',clsize),rep('2380',clsize), 
rep('2381',clsize),rep('2382',clsize),rep('2383',clsize),rep('2384',clsize),rep('2385',clsize),rep('2386',clsize),rep('2387',clsize),rep('2388',clsize
),rep('2389',clsize),rep('2390',clsize), 
rep('2391',clsize),rep('2392',clsize),rep('2393',clsize),rep('2394',clsize),rep('2395',clsize),rep('2396',clsize),rep('2397',clsize),rep('2398',clsize
),rep('2399',clsize),rep('2400',clsize), 
 
rep('2401',clsize),rep('2402',clsize),rep('2403',clsize),rep('2404',clsize),rep('2405',clsize),rep('2406',clsize),rep('2407',clsize),rep('2408',clsize
),rep('2409',clsize),rep('2410',clsize), 
rep('2411',clsize),rep('2412',clsize),rep('2413',clsize),rep('2414',clsize),rep('2415',clsize),rep('2416',clsize),rep('2417',clsize),rep('2418',clsize
),rep('2419',clsize),rep('2420',clsize), 
rep('2421',clsize),rep('2422',clsize),rep('2423',clsize),rep('2424',clsize),rep('2425',clsize),rep('2426',clsize),rep('2427',clsize),rep('2428',clsize
),rep('2429',clsize),rep('2430',clsize), 
rep('2431',clsize),rep('2432',clsize),rep('2433',clsize),rep('2434',clsize),rep('2435',clsize),rep('2436',clsize),rep('2437',clsize),rep('2438',clsize
),rep('2439',clsize),rep('2440',clsize), 
rep('2441',clsize),rep('2442',clsize),rep('2443',clsize),rep('2444',clsize),rep('2445',clsize),rep('2446',clsize),rep('2447',clsize),rep('2448',clsize
),rep('2449',clsize),rep('2450',clsize), 
rep('2451',clsize),rep('2452',clsize),rep('2453',clsize),rep('2454',clsize),rep('2455',clsize),rep('2456',clsize),rep('2457',clsize),rep('2458',clsize
),rep('2459',clsize),rep('2460',clsize), 
rep('2461',clsize),rep('2462',clsize),rep('2463',clsize),rep('2464',clsize),rep('2465',clsize),rep('2466',clsize),rep('2467',clsize),rep('2468',clsize
),rep('2469',clsize),rep('2470',clsize), 
rep('2471',clsize),rep('2472',clsize),rep('2473',clsize),rep('2474',clsize),rep('2475',clsize),rep('2476',clsize),rep('2477',clsize),rep('2478',clsize
),rep('2479',clsize),rep('2480',clsize), 
rep('2481',clsize),rep('2482',clsize),rep('2483',clsize),rep('2484',clsize),rep('2485',clsize),rep('2486',clsize),rep('2487',clsize),rep('2488',clsize
),rep('2489',clsize),rep('2490',clsize), 
rep('2491',clsize),rep('2492',clsize),rep('2493',clsize),rep('2494',clsize),rep('2495',clsize),rep('2496',clsize),rep('2497',clsize),rep('2498',clsize
),rep('2499',clsize),rep('2500',clsize), 
 
rep('2501',clsize),rep('2502',clsize),rep('2503',clsize),rep('2504',clsize),rep('2505',clsize),rep('2506',clsize),rep('2507',clsize),rep('2508',clsize
),rep('2509',clsize),rep('2510',clsize), 
rep('2511',clsize),rep('2512',clsize),rep('2513',clsize),rep('2514',clsize),rep('2515',clsize),rep('2516',clsize),rep('2517',clsize),rep('2518',clsize
),rep('2519',clsize),rep('2520',clsize), 
rep('2521',clsize),rep('2522',clsize),rep('2523',clsize),rep('2524',clsize),rep('2525',clsize),rep('2526',clsize),rep('2527',clsize),rep('2528',clsize
),rep('2529',clsize),rep('2530',clsize), 
rep('2531',clsize),rep('2532',clsize),rep('2533',clsize),rep('2534',clsize),rep('2535',clsize),rep('2536',clsize),rep('2537',clsize),rep('2538',clsize
),rep('2539',clsize),rep('2540',clsize), 
rep('2541',clsize),rep('2542',clsize),rep('2543',clsize),rep('2544',clsize),rep('2545',clsize),rep('2546',clsize),rep('2547',clsize),rep('2548',clsize
),rep('2549',clsize),rep('2550',clsize), 
rep('2551',clsize),rep('2552',clsize),rep('2553',clsize),rep('2554',clsize),rep('2555',clsize),rep('2556',clsize),rep('2557',clsize),rep('2558',clsize
),rep('2559',clsize),rep('2560',clsize), 
rep('2561',clsize),rep('2562',clsize),rep('2563',clsize),rep('2564',clsize),rep('2565',clsize),rep('2566',clsize),rep('2567',clsize),rep('2568',clsize
),rep('2569',clsize),rep('2570',clsize), 
rep('2571',clsize),rep('2572',clsize),rep('2573',clsize),rep('2574',clsize),rep('2575',clsize),rep('2576',clsize),rep('2577',clsize),rep('2578',clsize
),rep('2579',clsize),rep('2580',clsize), 
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rep('2581',clsize),rep('2582',clsize),rep('2583',clsize),rep('2584',clsize),rep('2585',clsize),rep('2586',clsize),rep('2587',clsize),rep('2588',clsize
),rep('2589',clsize),rep('2590',clsize), 
rep('2591',clsize),rep('2592',clsize),rep('2593',clsize),rep('2594',clsize),rep('2595',clsize),rep('2596',clsize),rep('2597',clsize),rep('2598',clsize
),rep('2599',clsize),rep('2600',clsize), 
 
rep('2601',clsize),rep('2602',clsize),rep('2603',clsize),rep('2604',clsize),rep('2605',clsize),rep('2606',clsize),rep('2607',clsize),rep('2608',clsize
),rep('2609',clsize),rep('2610',clsize), 
rep('2611',clsize),rep('2612',clsize),rep('2613',clsize),rep('2614',clsize),rep('2615',clsize),rep('2616',clsize),rep('2617',clsize),rep('2618',clsize
),rep('2619',clsize),rep('2620',clsize), 
rep('2621',clsize),rep('2622',clsize),rep('2623',clsize),rep('2624',clsize),rep('2625',clsize),rep('2626',clsize),rep('2627',clsize),rep('2628',clsize
),rep('2629',clsize),rep('2630',clsize), 
rep('2631',clsize),rep('2632',clsize),rep('2633',clsize),rep('2634',clsize),rep('2635',clsize),rep('2636',clsize),rep('2637',clsize),rep('2638',clsize
),rep('2639',clsize),rep('2640',clsize), 
rep('2641',clsize),rep('2642',clsize),rep('2643',clsize),rep('2644',clsize),rep('2645',clsize),rep('2646',clsize),rep('2647',clsize),rep('2648',clsize
),rep('2649',clsize),rep('2650',clsize), 
rep('2651',clsize),rep('2652',clsize),rep('2653',clsize),rep('2654',clsize),rep('2655',clsize),rep('2656',clsize),rep('2657',clsize),rep('2658',clsize
),rep('2659',clsize),rep('2660',clsize), 
rep('2661',clsize),rep('2662',clsize),rep('2663',clsize),rep('2664',clsize),rep('2665',clsize),rep('2666',clsize),rep('2667',clsize),rep('2668',clsize
),rep('2669',clsize),rep('2670',clsize), 
rep('2671',clsize),rep('2672',clsize),rep('2673',clsize),rep('2674',clsize),rep('2675',clsize),rep('2676',clsize),rep('2677',clsize),rep('2678',clsize
),rep('2679',clsize),rep('2680',clsize), 
rep('2681',clsize),rep('2682',clsize),rep('2683',clsize),rep('2684',clsize),rep('2685',clsize),rep('2686',clsize),rep('2687',clsize),rep('2688',clsize
),rep('2689',clsize),rep('2690',clsize), 
rep('2691',clsize),rep('2692',clsize),rep('2693',clsize),rep('2694',clsize),rep('2695',clsize),rep('2696',clsize),rep('2697',clsize),rep('2698',clsize
),rep('2699',clsize),rep('2700',clsize), 
 
rep('2701',clsize),rep('2702',clsize),rep('2703',clsize),rep('2704',clsize),rep('2705',clsize),rep('2706',clsize),rep('2707',clsize),rep('2708',clsize
),rep('2709',clsize),rep('2710',clsize), 
rep('2711',clsize),rep('2712',clsize),rep('2713',clsize),rep('2714',clsize),rep('2715',clsize),rep('2716',clsize),rep('2717',clsize),rep('2718',clsize
),rep('2719',clsize),rep('2720',clsize), 
rep('2721',clsize),rep('2722',clsize),rep('2723',clsize),rep('2724',clsize),rep('2725',clsize),rep('2726',clsize),rep('2727',clsize),rep('2728',clsize
),rep('2729',clsize),rep('2730',clsize), 
rep('2731',clsize),rep('2732',clsize),rep('2733',clsize),rep('2734',clsize),rep('2735',clsize),rep('2736',clsize),rep('2737',clsize),rep('2738',clsize
),rep('2739',clsize),rep('2740',clsize), 
rep('2741',clsize),rep('2742',clsize),rep('2743',clsize),rep('2744',clsize),rep('2745',clsize),rep('2746',clsize),rep('2747',clsize),rep('2748',clsize
),rep('2749',clsize),rep('2750',clsize), 
rep('2751',clsize),rep('2752',clsize),rep('2753',clsize),rep('2754',clsize),rep('2755',clsize),rep('2756',clsize),rep('2757',clsize),rep('2758',clsize
),rep('2759',clsize),rep('2760',clsize), 
rep('2761',clsize),rep('2762',clsize),rep('2763',clsize),rep('2764',clsize),rep('2765',clsize),rep('2766',clsize),rep('2767',clsize),rep('2768',clsize
),rep('2769',clsize),rep('2770',clsize), 
rep('2771',clsize),rep('2772',clsize),rep('2773',clsize),rep('2774',clsize),rep('2775',clsize),rep('2776',clsize),rep('2777',clsize),rep('2778',clsize
),rep('2779',clsize),rep('2780',clsize), 
rep('2781',clsize),rep('2782',clsize),rep('2783',clsize),rep('2784',clsize),rep('2785',clsize),rep('2786',clsize),rep('2787',clsize),rep('2788',clsize
),rep('2789',clsize),rep('2790',clsize), 
rep('2791',clsize),rep('2792',clsize),rep('2793',clsize),rep('2794',clsize),rep('2795',clsize),rep('2796',clsize),rep('2797',clsize),rep('2798',clsize
),rep('2799',clsize),rep('2800',clsize), 
 
rep('2801',clsize),rep('2802',clsize),rep('2803',clsize),rep('2804',clsize),rep('2805',clsize),rep('2806',clsize),rep('2807',clsize),rep('2808',clsize
),rep('2809',clsize),rep('2810',clsize), 
rep('2811',clsize),rep('2812',clsize),rep('2813',clsize),rep('2814',clsize),rep('2815',clsize),rep('2816',clsize),rep('2817',clsize),rep('2818',clsize
),rep('2819',clsize),rep('2820',clsize), 
rep('2821',clsize),rep('2822',clsize),rep('2823',clsize),rep('2824',clsize),rep('2825',clsize),rep('2826',clsize),rep('2827',clsize),rep('2828',clsize
),rep('2829',clsize),rep('2830',clsize), 
rep('2831',clsize),rep('2832',clsize),rep('2833',clsize),rep('2834',clsize),rep('2835',clsize),rep('2836',clsize),rep('2837',clsize),rep('2838',clsize
),rep('2839',clsize),rep('2840',clsize), 
rep('2841',clsize),rep('2842',clsize),rep('2843',clsize),rep('2844',clsize),rep('2845',clsize),rep('2846',clsize),rep('2847',clsize),rep('2848',clsize
),rep('2849',clsize),rep('2850',clsize), 
rep('2851',clsize),rep('2852',clsize),rep('2853',clsize),rep('2854',clsize),rep('2855',clsize),rep('2856',clsize),rep('2857',clsize),rep('2858',clsize
),rep('2859',clsize),rep('2860',clsize), 
rep('2861',clsize),rep('2862',clsize),rep('2863',clsize),rep('2864',clsize),rep('2865',clsize),rep('2866',clsize),rep('2867',clsize),rep('2868',clsize
),rep('2869',clsize),rep('2870',clsize), 
rep('2871',clsize),rep('2872',clsize),rep('2873',clsize),rep('2874',clsize),rep('2875',clsize),rep('2876',clsize),rep('2877',clsize),rep('2878',clsize
),rep('2879',clsize),rep('2880',clsize), 
rep('2881',clsize),rep('2882',clsize),rep('2883',clsize),rep('2884',clsize),rep('2885',clsize),rep('2886',clsize),rep('2887',clsize),rep('2888',clsize
),rep('2889',clsize),rep('2890',clsize), 
rep('2891',clsize),rep('2892',clsize),rep('2893',clsize),rep('2894',clsize),rep('2895',clsize),rep('2896',clsize),rep('2897',clsize),rep('2898',clsize
),rep('2899',clsize),rep('2900',clsize), 
 
rep('2901',clsize),rep('2902',clsize),rep('2903',clsize),rep('2904',clsize),rep('2905',clsize),rep('2906',clsize),rep('2907',clsize),rep('2908',clsize
),rep('2909',clsize),rep('2910',clsize), 
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rep('2911',clsize),rep('2912',clsize),rep('2913',clsize),rep('2914',clsize),rep('2915',clsize),rep('2916',clsize),rep('2917',clsize),rep('2918',clsize
),rep('2919',clsize),rep('2920',clsize), 
rep('2921',clsize),rep('2922',clsize),rep('2923',clsize),rep('2924',clsize),rep('2925',clsize),rep('2926',clsize),rep('2927',clsize),rep('2928',clsize
),rep('2929',clsize),rep('2930',clsize), 
rep('2931',clsize),rep('2932',clsize),rep('2933',clsize),rep('2934',clsize),rep('2935',clsize),rep('2936',clsize),rep('2937',clsize),rep('2938',clsize
),rep('2939',clsize),rep('2940',clsize), 
rep('2941',clsize),rep('2942',clsize),rep('2943',clsize),rep('2944',clsize),rep('2945',clsize),rep('2946',clsize),rep('2947',clsize),rep('2948',clsize
),rep('2949',clsize),rep('2950',clsize), 
rep('2951',clsize),rep('2952',clsize),rep('2953',clsize),rep('2954',clsize),rep('2955',clsize),rep('2956',clsize),rep('2957',clsize),rep('2958',clsize
),rep('2959',clsize),rep('2960',clsize), 
rep('2961',clsize),rep('2962',clsize),rep('2963',clsize),rep('2964',clsize),rep('2965',clsize),rep('2966',clsize),rep('2967',clsize),rep('2968',clsize
),rep('2969',clsize),rep('2970',clsize), 
rep('2971',clsize),rep('2972',clsize),rep('2973',clsize),rep('2974',clsize),rep('2975',clsize),rep('2976',clsize),rep('2977',clsize),rep('2978',clsize
),rep('2979',clsize),rep('2980',clsize), 
rep('2981',clsize),rep('2982',clsize),rep('2983',clsize),rep('2984',clsize),rep('2985',clsize),rep('2986',clsize),rep('2987',clsize),rep('2988',clsize
),rep('2989',clsize),rep('2990',clsize), 
rep('2991',clsize),rep('2992',clsize),rep('2993',clsize),rep('2994',clsize),rep('2995',clsize),rep('2996',clsize),rep('2997',clsize),rep('2998',clsize
),rep('2999',clsize),rep('3000',clsize), 
 
rep('3001',clsize),rep('3002',clsize),rep('3003',clsize),rep('3004',clsize),rep('3005',clsize),rep('3006',clsize),rep('3007',clsize),rep('3008',clsize
),rep('3009',clsize),rep('3010',clsize), 
rep('3011',clsize),rep('3012',clsize),rep('3013',clsize),rep('3014',clsize),rep('3015',clsize),rep('3016',clsize),rep('3017',clsize),rep('3018',clsize
),rep('3019',clsize),rep('3020',clsize), 
rep('3021',clsize),rep('3022',clsize),rep('3023',clsize),rep('3024',clsize),rep('3025',clsize),rep('3026',clsize),rep('3027',clsize),rep('3028',clsize
),rep('3029',clsize),rep('3030',clsize), 
rep('3031',clsize),rep('3032',clsize),rep('3033',clsize),rep('3034',clsize),rep('3035',clsize),rep('3036',clsize),rep('3037',clsize),rep('3038',clsize
),rep('3039',clsize),rep('3040',clsize), 
rep('3041',clsize),rep('3042',clsize),rep('3043',clsize),rep('3044',clsize),rep('3045',clsize),rep('3046',clsize),rep('3047',clsize),rep('3048',clsize
),rep('3049',clsize),rep('3050',clsize), 
rep('3051',clsize),rep('3052',clsize),rep('3053',clsize),rep('3054',clsize),rep('3055',clsize),rep('3056',clsize),rep('3057',clsize),rep('3058',clsize
),rep('3059',clsize),rep('3060',clsize), 
rep('3061',clsize),rep('3062',clsize),rep('3063',clsize),rep('3064',clsize),rep('3065',clsize),rep('3066',clsize),rep('3067',clsize),rep('3068',clsize
),rep('3069',clsize),rep('3070',clsize), 
rep('3071',clsize),rep('3072',clsize),rep('3073',clsize),rep('3074',clsize),rep('3075',clsize),rep('3076',clsize),rep('3077',clsize),rep('3078',clsize
),rep('3079',clsize),rep('3080',clsize), 
rep('3081',clsize),rep('3082',clsize),rep('3083',clsize),rep('3084',clsize),rep('3085',clsize),rep('3086',clsize),rep('3087',clsize),rep('3088',clsize
),rep('3089',clsize),rep('3090',clsize), 
rep('3091',clsize),rep('3092',clsize),rep('3093',clsize),rep('3094',clsize),rep('3095',clsize),rep('3096',clsize),rep('3097',clsize),rep('3098',clsize
),rep('3099',clsize),rep('3100',clsize), 
 
rep('3101',clsize),rep('3102',clsize),rep('3103',clsize),rep('3104',clsize),rep('3105',clsize),rep('3106',clsize),rep('3107',clsize),rep('3108',clsize
),rep('3109',clsize),rep('3110',clsize), 
rep('3111',clsize),rep('3112',clsize),rep('3113',clsize),rep('3114',clsize),rep('3115',clsize),rep('3116',clsize),rep('3117',clsize),rep('3118',clsize
),rep('3119',clsize),rep('3120',clsize), 
rep('3121',clsize),rep('3122',clsize),rep('3123',clsize),rep('3124',clsize),rep('3125',clsize),rep('3126',clsize),rep('3127',clsize),rep('3128',clsize
),rep('3129',clsize),rep('3130',clsize), 
rep('3131',clsize),rep('3132',clsize),rep('3133',clsize),rep('3134',clsize),rep('3135',clsize),rep('3136',clsize),rep('3137',clsize),rep('3138',clsize
),rep('3139',clsize),rep('3140',clsize), 
rep('3141',clsize),rep('3142',clsize),rep('3143',clsize),rep('3144',clsize),rep('3145',clsize),rep('3146',clsize),rep('3147',clsize),rep('3148',clsize
),rep('3149',clsize),rep('3150',clsize), 
rep('3151',clsize),rep('3152',clsize),rep('3153',clsize),rep('3154',clsize),rep('3155',clsize),rep('3156',clsize),rep('3157',clsize),rep('3158',clsize
),rep('3159',clsize),rep('3160',clsize), 
rep('3161',clsize),rep('3162',clsize),rep('3163',clsize),rep('3164',clsize),rep('3165',clsize),rep('3166',clsize),rep('3167',clsize),rep('3168',clsize
),rep('3169',clsize),rep('3170',clsize), 
rep('3171',clsize),rep('3172',clsize),rep('3173',clsize),rep('3174',clsize),rep('3175',clsize),rep('3176',clsize),rep('3177',clsize),rep('3178',clsize
),rep('3179',clsize),rep('3180',clsize), 
rep('3181',clsize),rep('3182',clsize),rep('3183',clsize),rep('3184',clsize),rep('3185',clsize),rep('3186',clsize),rep('3187',clsize),rep('3188',clsize
),rep('3189',clsize),rep('3190',clsize), 
rep('3191',clsize),rep('3192',clsize),rep('3193',clsize),rep('3194',clsize),rep('3195',clsize),rep('3196',clsize),rep('3197',clsize),rep('3198',clsize
),rep('3199',clsize),rep('3200',clsize), 
 
rep('3201',clsize),rep('3202',clsize),rep('3203',clsize),rep('3204',clsize),rep('3205',clsize),rep('3206',clsize),rep('3207',clsize),rep('3208',clsize
),rep('3209',clsize),rep('3210',clsize), 
rep('3211',clsize),rep('3212',clsize),rep('3213',clsize),rep('3214',clsize),rep('3215',clsize),rep('3216',clsize),rep('3217',clsize),rep('3218',clsize
),rep('3219',clsize),rep('3220',clsize), 
rep('3221',clsize),rep('3222',clsize),rep('3223',clsize),rep('3224',clsize),rep('3225',clsize),rep('3226',clsize),rep('3227',clsize),rep('3228',clsize
),rep('3229',clsize),rep('3230',clsize), 
rep('3231',clsize),rep('3232',clsize),rep('3233',clsize),rep('3234',clsize),rep('3235',clsize),rep('3236',clsize),rep('3237',clsize),rep('3238',clsize
),rep('3239',clsize),rep('3240',clsize), 
rep('3241',clsize),rep('3242',clsize),rep('3243',clsize),rep('3244',clsize),rep('3245',clsize),rep('3246',clsize),rep('3247',clsize),rep('3248',clsize
),rep('3249',clsize),rep('3250',clsize), 
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rep('3251',clsize),rep('3252',clsize),rep('3253',clsize),rep('3254',clsize),rep('3255',clsize),rep('3256',clsize),rep('3257',clsize),rep('3258',clsize
),rep('3259',clsize),rep('3260',clsize), 
rep('3261',clsize),rep('3262',clsize),rep('3263',clsize),rep('3264',clsize),rep('3265',clsize),rep('3266',clsize),rep('3267',clsize),rep('3268',clsize
),rep('3269',clsize),rep('3270',clsize), 
rep('3271',clsize),rep('3272',clsize),rep('3273',clsize),rep('3274',clsize),rep('3275',clsize),rep('3276',clsize),rep('3277',clsize),rep('3278',clsize
),rep('3279',clsize),rep('3280',clsize), 
rep('3281',clsize),rep('3282',clsize),rep('3283',clsize),rep('3284',clsize),rep('3285',clsize),rep('3286',clsize),rep('3287',clsize),rep('3288',clsize
),rep('3289',clsize),rep('3290',clsize), 
rep('3291',clsize),rep('3292',clsize),rep('3293',clsize),rep('3294',clsize),rep('3295',clsize),rep('3296',clsize),rep('3297',clsize),rep('3298',clsize
),rep('3299',clsize),rep('3300',clsize), 
 
rep('3301',clsize),rep('3302',clsize),rep('3303',clsize),rep('3304',clsize),rep('3305',clsize),rep('3306',clsize),rep('3307',clsize),rep('3308',clsize
),rep('3309',clsize),rep('3310',clsize), 
rep('3311',clsize),rep('3312',clsize),rep('3313',clsize),rep('3314',clsize),rep('3315',clsize),rep('3316',clsize),rep('3337',clsize),rep('3318',clsize
),rep('3319',clsize),rep('3320',clsize), 
rep('3321',clsize),rep('3322',clsize),rep('3323',clsize),rep('3324',clsize),rep('3325',clsize),rep('3326',clsize),rep('3327',clsize),rep('3328',clsize
),rep('3329',clsize),rep('3330',clsize), 
rep('3331',clsize),rep('3332',clsize),rep('3333',clsize),rep('3334',clsize),rep('3335',clsize),rep('3336',clsize),rep('3337',clsize),rep('3338',clsize
),rep('3339',clsize),rep('3340',clsize), 
rep('3341',clsize),rep('3342',clsize),rep('3343',clsize),rep('3344',clsize),rep('3345',clsize),rep('3346',clsize),rep('3347',clsize),rep('3348',clsize
),rep('3349',clsize),rep('3350',clsize), 
rep('3351',clsize),rep('3352',clsize),rep('3353',clsize),rep('3354',clsize),rep('3355',clsize),rep('3356',clsize),rep('3357',clsize),rep('3358',clsize
),rep('3359',clsize),rep('3360',clsize), 
rep('3361',clsize),rep('3362',clsize),rep('3363',clsize),rep('3364',clsize),rep('3365',clsize),rep('3366',clsize),rep('3367',clsize),rep('3368',clsize
),rep('3369',clsize),rep('3370',clsize), 
rep('3371',clsize),rep('3372',clsize),rep('3373',clsize),rep('3374',clsize),rep('3375',clsize),rep('3376',clsize),rep('3377',clsize),rep('3378',clsize
),rep('3379',clsize),rep('3380',clsize), 
rep('3381',clsize),rep('3382',clsize),rep('3383',clsize),rep('3384',clsize),rep('3385',clsize),rep('3386',clsize),rep('3387',clsize),rep('3388',clsize
),rep('3389',clsize),rep('3390',clsize), 
rep('3391',clsize),rep('3392',clsize),rep('3393',clsize),rep('3394',clsize),rep('3395',clsize),rep('3396',clsize),rep('3397',clsize),rep('3398',clsize
),rep('3399',clsize),rep('3400',clsize), 
 
rep('3401',clsize),rep('3402',clsize),rep('3403',clsize),rep('3404',clsize),rep('3405',clsize),rep('3406',clsize),rep('3407',clsize),rep('3408',clsize
),rep('3409',clsize),rep('3410',clsize), 
rep('3411',clsize),rep('3412',clsize),rep('3413',clsize),rep('3414',clsize),rep('3415',clsize),rep('3416',clsize),rep('3417',clsize),rep('3418',clsize
),rep('3419',clsize),rep('3420',clsize), 
rep('3421',clsize),rep('3422',clsize),rep('3423',clsize),rep('3424',clsize),rep('3425',clsize),rep('3426',clsize),rep('3427',clsize),rep('3428',clsize
),rep('3429',clsize),rep('3430',clsize), 
rep('3431',clsize),rep('3432',clsize),rep('3433',clsize),rep('3434',clsize),rep('3435',clsize),rep('3436',clsize),rep('3437',clsize),rep('3438',clsize
),rep('3439',clsize),rep('3440',clsize), 
rep('3441',clsize),rep('3442',clsize),rep('3443',clsize),rep('3444',clsize),rep('3445',clsize),rep('3446',clsize),rep('3447',clsize),rep('3448',clsize
),rep('3449',clsize),rep('3450',clsize), 
rep('3451',clsize),rep('3452',clsize),rep('3453',clsize),rep('3454',clsize),rep('3455',clsize),rep('3456',clsize),rep('3457',clsize),rep('3458',clsize
),rep('3459',clsize),rep('3460',clsize), 
rep('3461',clsize),rep('3462',clsize),rep('3463',clsize),rep('3464',clsize),rep('3465',clsize),rep('3466',clsize),rep('3467',clsize),rep('3468',clsize
),rep('3469',clsize),rep('3470',clsize), 
rep('3471',clsize),rep('3472',clsize),rep('3473',clsize),rep('3474',clsize),rep('3475',clsize),rep('3476',clsize),rep('3477',clsize),rep('3478',clsize
),rep('3479',clsize),rep('3480',clsize), 
rep('3481',clsize),rep('3482',clsize),rep('3483',clsize),rep('3484',clsize),rep('3485',clsize),rep('3486',clsize),rep('3487',clsize),rep('3488',clsize
),rep('3489',clsize),rep('3490',clsize), 
rep('3491',clsize),rep('3492',clsize),rep('3493',clsize),rep('3494',clsize),rep('3495',clsize),rep('3496',clsize),rep('3497',clsize),rep('3498',clsize
),rep('3499',clsize),rep('3500',clsize), 
 
rep('3501',clsize),rep('3502',clsize),rep('3503',clsize),rep('3504',clsize),rep('3505',clsize),rep('3506',clsize),rep('3507',clsize),rep('3508',clsize
),rep('3509',clsize),rep('3510',clsize), 
rep('3511',clsize),rep('3512',clsize),rep('3513',clsize),rep('3514',clsize),rep('3515',clsize),rep('3516',clsize),rep('3517',clsize),rep('3518',clsize
),rep('3519',clsize),rep('3520',clsize), 
rep('3521',clsize),rep('3522',clsize),rep('3523',clsize),rep('3524',clsize),rep('3525',clsize),rep('3526',clsize),rep('3527',clsize),rep('3528',clsize
),rep('3529',clsize),rep('3530',clsize), 
rep('3531',clsize),rep('3532',clsize),rep('3533',clsize),rep('3534',clsize),rep('3535',clsize),rep('3536',clsize),rep('3537',clsize),rep('3538',clsize
),rep('3539',clsize),rep('3540',clsize), 
rep('3541',clsize),rep('3542',clsize),rep('3543',clsize),rep('3544',clsize),rep('3545',clsize),rep('3546',clsize),rep('3547',clsize),rep('3548',clsize
),rep('3549',clsize),rep('3550',clsize), 
rep('3551',clsize),rep('3552',clsize),rep('3553',clsize),rep('3554',clsize),rep('3555',clsize),rep('3556',clsize),rep('3557',clsize),rep('3558',clsize
),rep('3559',clsize),rep('3560',clsize), 
rep('3561',clsize),rep('3562',clsize),rep('3563',clsize),rep('3564',clsize),rep('3565',clsize),rep('3566',clsize),rep('3567',clsize),rep('3568',clsize
),rep('3569',clsize),rep('3570',clsize), 
rep('3571',clsize),rep('3572',clsize),rep('3573',clsize),rep('3574',clsize),rep('3575',clsize),rep('3576',clsize),rep('3577',clsize),rep('3578',clsize
),rep('3579',clsize),rep('3580',clsize), 
rep('3581',clsize),rep('3582',clsize),rep('3583',clsize),rep('3584',clsize),rep('3585',clsize),rep('3586',clsize),rep('3587',clsize),rep('3588',clsize
),rep('3589',clsize),rep('3590',clsize), 
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rep('3591',clsize),rep('3592',clsize),rep('3593',clsize),rep('3594',clsize),rep('3595',clsize),rep('3596',clsize),rep('3597',clsize),rep('3598',clsize
),rep('3599',clsize),rep('3600',clsize), 
 
rep('3601',clsize),rep('3602',clsize),rep('3603',clsize),rep('3604',clsize),rep('3605',clsize),rep('3606',clsize),rep('3607',clsize),rep('3608',clsize
),rep('3609',clsize),rep('3610',clsize), 
rep('3611',clsize),rep('3612',clsize),rep('3613',clsize),rep('3614',clsize),rep('3615',clsize),rep('3616',clsize),rep('3617',clsize),rep('3618',clsize
),rep('3619',clsize),rep('3620',clsize), 
rep('3621',clsize),rep('3622',clsize),rep('3623',clsize),rep('3624',clsize),rep('3625',clsize),rep('3626',clsize),rep('3627',clsize),rep('3628',clsize
),rep('3629',clsize),rep('3630',clsize), 
rep('3631',clsize),rep('3632',clsize),rep('3633',clsize),rep('3634',clsize),rep('3635',clsize),rep('3636',clsize),rep('3637',clsize),rep('3638',clsize
),rep('3639',clsize),rep('3640',clsize), 
rep('3641',clsize),rep('3642',clsize),rep('3643',clsize),rep('3644',clsize),rep('3645',clsize),rep('3646',clsize),rep('3647',clsize),rep('3648',clsize
),rep('3649',clsize),rep('3650',clsize), 
rep('3651',clsize),rep('3652',clsize),rep('3653',clsize),rep('3654',clsize),rep('3655',clsize),rep('3656',clsize),rep('3657',clsize),rep('3658',clsize
),rep('3659',clsize),rep('3660',clsize), 
rep('3661',clsize),rep('3662',clsize),rep('3663',clsize),rep('3664',clsize),rep('3665',clsize),rep('3666',clsize),rep('3667',clsize),rep('3668',clsize
),rep('3669',clsize),rep('3670',clsize), 
rep('3671',clsize),rep('3672',clsize),rep('3673',clsize),rep('3674',clsize),rep('3675',clsize),rep('3676',clsize),rep('3677',clsize),rep('3678',clsize
),rep('3679',clsize),rep('3680',clsize), 
rep('3681',clsize),rep('3682',clsize),rep('3683',clsize),rep('3684',clsize),rep('3685',clsize),rep('3686',clsize),rep('3687',clsize),rep('3688',clsize
),rep('3689',clsize),rep('3690',clsize), 
rep('3691',clsize),rep('3692',clsize),rep('3693',clsize),rep('3694',clsize),rep('3695',clsize),rep('3696',clsize),rep('3697',clsize),rep('3698',clsize
),rep('3699',clsize),rep('3700',clsize), 
 
rep('3701',clsize),rep('3702',clsize),rep('3703',clsize),rep('3704',clsize),rep('3705',clsize),rep('3706',clsize),rep('3707',clsize),rep('3708',clsize
),rep('3709',clsize),rep('3710',clsize), 
rep('3711',clsize),rep('3712',clsize),rep('3713',clsize),rep('3714',clsize),rep('3715',clsize),rep('3716',clsize),rep('3717',clsize),rep('3718',clsize
),rep('3719',clsize),rep('3720',clsize), 
rep('3721',clsize),rep('3722',clsize),rep('3723',clsize),rep('3724',clsize),rep('3725',clsize),rep('3726',clsize),rep('3727',clsize),rep('3728',clsize
),rep('3729',clsize),rep('3730',clsize), 
rep('3731',clsize),rep('3732',clsize),rep('3733',clsize),rep('3734',clsize),rep('3735',clsize),rep('3736',clsize),rep('3737',clsize),rep('3738',clsize
),rep('3739',clsize),rep('3740',clsize), 
rep('3741',clsize),rep('3742',clsize),rep('3743',clsize),rep('3744',clsize),rep('3745',clsize),rep('3746',clsize),rep('3747',clsize),rep('3748',clsize
),rep('3749',clsize),rep('3750',clsize), 
rep('3751',clsize),rep('3752',clsize),rep('3753',clsize),rep('3754',clsize),rep('3755',clsize),rep('3756',clsize),rep('3757',clsize),rep('3758',clsize
),rep('3759',clsize),rep('3760',clsize), 
rep('3761',clsize),rep('3762',clsize),rep('3763',clsize),rep('3764',clsize),rep('3765',clsize),rep('3766',clsize),rep('3767',clsize),rep('3768',clsize
),rep('3769',clsize),rep('3770',clsize), 
rep('3771',clsize),rep('3772',clsize),rep('3773',clsize),rep('3774',clsize),rep('3775',clsize),rep('3776',clsize),rep('3777',clsize),rep('3778',clsize
),rep('3779',clsize),rep('3780',clsize), 
rep('3781',clsize),rep('3782',clsize),rep('3783',clsize),rep('3784',clsize),rep('3785',clsize),rep('3786',clsize),rep('3787',clsize),rep('3788',clsize
),rep('3789',clsize),rep('3790',clsize), 
rep('3791',clsize),rep('3792',clsize),rep('3793',clsize),rep('3794',clsize),rep('3795',clsize),rep('3796',clsize),rep('3797',clsize),rep('3798',clsize
),rep('3799',clsize),rep('3800',clsize), 
 
rep('3801',clsize),rep('3802',clsize),rep('3803',clsize),rep('3804',clsize),rep('3805',clsize),rep('3806',clsize),rep('3807',clsize),rep('3808',clsize
),rep('3809',clsize),rep('3810',clsize), 
rep('3811',clsize),rep('3812',clsize),rep('3813',clsize),rep('3814',clsize),rep('3815',clsize),rep('3816',clsize),rep('3817',clsize),rep('3818',clsize
),rep('3819',clsize),rep('3820',clsize), 
rep('3821',clsize),rep('3822',clsize),rep('3823',clsize),rep('3824',clsize),rep('3825',clsize),rep('3826',clsize),rep('3827',clsize),rep('3828',clsize
),rep('3829',clsize),rep('3830',clsize), 
rep('3831',clsize),rep('3832',clsize),rep('3833',clsize),rep('3834',clsize),rep('3835',clsize),rep('3836',clsize),rep('3837',clsize),rep('3838',clsize
),rep('3839',clsize),rep('3840',clsize), 
rep('3841',clsize),rep('3842',clsize),rep('3843',clsize),rep('3844',clsize),rep('3845',clsize),rep('3846',clsize),rep('3847',clsize),rep('3848',clsize
),rep('3849',clsize),rep('3850',clsize), 
rep('3851',clsize),rep('3852',clsize),rep('3853',clsize),rep('3854',clsize),rep('3855',clsize),rep('3856',clsize),rep('3857',clsize),rep('3858',clsize
),rep('3859',clsize),rep('3860',clsize), 
rep('3861',clsize),rep('3862',clsize),rep('3863',clsize),rep('3864',clsize),rep('3865',clsize),rep('3866',clsize),rep('3867',clsize),rep('3868',clsize
),rep('3869',clsize),rep('3870',clsize), 
rep('3871',clsize),rep('3872',clsize),rep('3873',clsize),rep('3874',clsize),rep('3875',clsize),rep('3876',clsize),rep('3877',clsize),rep('3878',clsize
),rep('3879',clsize),rep('3880',clsize), 
rep('3881',clsize),rep('3882',clsize),rep('3883',clsize),rep('3884',clsize),rep('3885',clsize),rep('3886',clsize),rep('3887',clsize),rep('3888',clsize
),rep('3889',clsize),rep('3890',clsize), 
rep('3891',clsize),rep('3892',clsize),rep('3893',clsize),rep('3894',clsize),rep('3895',clsize),rep('3896',clsize),rep('3897',clsize),rep('3898',clsize
),rep('3899',clsize),rep('3900',clsize), 
 
rep('3901',clsize),rep('3902',clsize),rep('3903',clsize),rep('3904',clsize),rep('3905',clsize),rep('3906',clsize),rep('3907',clsize),rep('3908',clsize
),rep('3909',clsize),rep('3910',clsize), 
rep('3911',clsize),rep('3912',clsize),rep('3913',clsize),rep('3914',clsize),rep('3915',clsize),rep('3916',clsize),rep('3917',clsize),rep('3918',clsize
),rep('3919',clsize),rep('3920',clsize), 
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rep('3921',clsize),rep('3922',clsize),rep('3923',clsize),rep('3924',clsize),rep('3925',clsize),rep('3926',clsize),rep('3927',clsize),rep('3928',clsize
),rep('3929',clsize),rep('3930',clsize), 
rep('3931',clsize),rep('3932',clsize),rep('3933',clsize),rep('3934',clsize),rep('3935',clsize),rep('3936',clsize),rep('3937',clsize),rep('3938',clsize
),rep('3939',clsize),rep('3940',clsize), 
rep('3941',clsize),rep('3942',clsize),rep('3943',clsize),rep('3944',clsize),rep('3945',clsize),rep('3946',clsize),rep('3947',clsize),rep('3948',clsize
),rep('3949',clsize),rep('3950',clsize), 
rep('3951',clsize),rep('3952',clsize),rep('3953',clsize),rep('3954',clsize),rep('3955',clsize),rep('3956',clsize),rep('3957',clsize),rep('3958',clsize
),rep('3959',clsize),rep('3960',clsize), 
rep('3961',clsize),rep('3962',clsize),rep('3963',clsize),rep('3964',clsize),rep('3965',clsize),rep('3966',clsize),rep('3967',clsize),rep('3968',clsize
),rep('3969',clsize),rep('3970',clsize), 
rep('3971',clsize),rep('3972',clsize),rep('3973',clsize),rep('3974',clsize),rep('3975',clsize),rep('3976',clsize),rep('3977',clsize),rep('3978',clsize
),rep('3979',clsize),rep('3980',clsize), 
rep('3981',clsize),rep('3982',clsize),rep('3983',clsize),rep('3984',clsize),rep('3985',clsize),rep('3986',clsize),rep('3987',clsize),rep('3988',clsize
),rep('3989',clsize),rep('3990',clsize), 
rep('3991',clsize),rep('3992',clsize),rep('3993',clsize),rep('3994',clsize),rep('3995',clsize),rep('3996',clsize),rep('3997',clsize),rep('3998',clsize
),rep('3999',clsize),rep('4000',clsize) 
 
 
) 
 
popx1<-data.frame(cl_id,x) 
popx1$unit<-1:nrow(popx1) 
 
popx <- data.frame(popx1$unit,cl_id,mu,v_j,e_ij,x) 
colnames(popx)<-c('unit_id','cl_id','mu','v_j','e_ij','x') 
 
pop.des=svydesign(data=popx,ids=~cl_id+unit_id, nest=TRUE) 
pop.mean=data.frame(svymean(x,pop.des))    
popmean <- pop.mean[1,1]#finite population mean 
 
 
#################### Weights storage ############################################### 
 
for (k in 1:nvar){ 
 
for (j in 1:nsamp){ 
   
  w1<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w2<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w3<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w4<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w5<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w6<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w7<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w8<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w9<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w10<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w11<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w12<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)   
} 
 
####################################################################################### 
################################################################################################## 
# Two stage Cluster Random Sampling from a clustered finite population 
################################################################################################## 
 
n2 = rep(20,50)          # select 20 units from 50 clusters 
 
for (i in 1:nsamp) {  
 
sample = mstage(popx, stage=list("cluster","cluster"), varnames=list("cl_id", "unit_id"),size=list(50,n2), method=list("srswor","srswor")) 
#unique(sample[[1]]$cl_id) 
#unique(sample[[2]]$unit_id)     #double checking 
 
s=getdata(popx,sample)[[2]] 
 
########################################################################################################## 
# Naive weights 
################# 
 
  mean_naive[i]=mean(s$x) 



437 
 
 

  variance_naive[i]=var(s$x) 
  cv_naive[i]=abs(sqrt(variance_naive[i])/mean_naive[i]) 
  skewness_naive[i]<-skewness(s$x) 
  kurtosis_naive[i]<-kurtosis(s$x) 
 
########################################################################################################## 
# Design conscious weights 
########################### 
 
plan=svydesign(data=s,ids=~cl_id+unit_id, nest=TRUE) 
mean_st=svymean(~x,plan) 
mean_st=as.data.frame(mean_st) 
 
means[i]<-mean_st[1,1]                                   #sample mean for ith sample 
    variance[i]<-mean_st[1,2]^2              #sample variance, design consistent variance 
    cv[i]<-abs(sqrt(variance[i])/means[i])                 #coefficient of variation 
   
   
    # skewness[i]<-skewness(s[,i]) 
    moments = svymean(~I(x^4) + I(x^3) + 
                       I(x^2) + I(x), plan) 
   
    skew=data.frame(svycontrast(moments,  
                         quote((`I(x^3)` - 3*`I(x^2)`*`I(x)` + 
                                3*`I(x)`*`I(x)`^2 - `I(x)`^3)/ 
                              (`I(x^2)` - `I(x)`^2)^1.5))) 
    skewness[i]<-skew[1,1] 
     
    #kurtosis[i]<-kurtosis(s[,i]) 
     
    kurt=data.frame(svycontrast(moments,  
                quote((`I(x^4)` - 
                         4*`I(x^3)`*`I(x)` + 
                         6*`I(x^2)`*`I(x)`^2 - 
                         4*`I(x)`*`I(x)`^3 + 
                         `I(x)`^4)/ 
                        (`I(x^2)` - 
                           `I(x)`^2)^2))) 
     
    kurtosis[i]<-kurt[1,1] 
     
    meff.1 <- data.frame(svymean(s$x,plan,deff=TRUE)) 
    meff_var[i]=variance[i]/((1-(n/N))*(var(s$x)/n)) 
 
######################Weights calculation################################### 
  
    
  w1[i]=n                #inverse of the sample size 
 
  w2[i]<-1/(variance[i])   #inverse of the design variance of the estimator of the mean  
  w3[i]<-1/(variance_naive[i])   #inverse of the naive variance of the estimator of the mean 
   
  w4[i]=1                   #simple average weights  
 
  w5[i]=1/cv[i]             #inverse of cv 
  w6[i]=1/cv_naive[i]             #inverse of naive cv 
 
  w7[i]=abs(1/skewness[i])       #inverse skewness 
  w8[i]=abs(1/skewness_naive[i])       #inverse skewness 
 
  w9[i]=1/kurtosis[i]       #inverse kurtosis 
  w10[i]=1/kurtosis_naive[i]       #inverse kurtosis 
 
  w11[i]=meff_var[i]/variance[i]  #in srs deff=1 so coincides with inverse of variance 
  w12[i]=1/meff_var[i]   
 
   
  combmeans1[i]<-round(sum(means[1:i]*w1[1:i])/sum(w1[1:i]),digits=9) #combine means using inverse sample size 
  combmeans2[i]<-round(sum(means[1:i]*w2[1:i])/sum(w2[1:i]),digits=9) # combine using inverse variance  
  combmeans3[i]<-round(sum(means[1:i]*w3[1:i])/sum(w3[1:i]),digits=9) # combine using inverse variance naive  
  combmeans4[i]<-round(sum(means[1:i]*w4[1:i])/sum(w4[1:i]),digits=9) # combine using a weight of 1 
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  combmeans5[i]<-round(sum(means[1:i]*w5[1:i])/sum(w5[1:i]),digits=9) # combine using a weight of inverse CV 
  combmeans6[i]<-round(sum(means[1:i]*w6[1:i])/sum(w6[1:i]),digits=9) # combine using a weight of inverse CV naive 
  combmeans7[i]<-round(sum(means[1:i]*w7[1:i])/sum(w7[1:i]),digits=9) # combine using a weight of inverse skewness 
  combmeans8[i]<-round(sum(means[1:i]*w8[1:i])/sum(w8[1:i]),digits=9) #combine using a weight of inverse skewness naive 
  combmeans9[i]<-round(sum(means[1:i]*w9[1:i])/sum(w9[1:i]),digits=9) # combine using inverse kurtosis  
  combmeans10[i]<-round(sum(means[1:i]*w10[1:i])/sum(w10[1:i]),digits=9) # combine using inverse kurtosis naive 
  combmeans11[i]<-round(sum(means[1:i]*w11[1:i])/sum(w11[1:i]),digits=9) # combine using a weight of meff/var 
  combmeans12[i]<-round(sum(means[1:i]*w12[1:i])/sum(w12[1:i]),digits=9) # combine using a weight of 1/meff 
 
   
   
     
     
  } 
 
sampmean[k]=means[1]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
 
combmeans11[k]=combmeans1[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans21[k]=combmeans2[2] 
    combmeans31[k]=combmeans3[2] 
    combmeans41[k]=combmeans4[2] 
    combmeans51[k]=combmeans5[2] 
    combmeans61[k]=combmeans6[2] 
    combmeans71[k]=combmeans7[2] 
    combmeans81[k]=combmeans8[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans91[k]=combmeans9[2] 
    combmeans101[k]=combmeans10[2] 
    combmeans111[k]=combmeans11[2] 
    combmeans121[k]=combmeans12[2] 
 
 
    combmeans12[k]=combmeans1[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans22[k]=combmeans2[3] 
    combmeans32[k]=combmeans3[3] 
    combmeans42[k]=combmeans4[3] 
    combmeans52[k]=combmeans5[3] 
    combmeans62[k]=combmeans6[3] 
    combmeans72[k]=combmeans7[3] 
    combmeans82[k]=combmeans8[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans92[k]=combmeans9[3] 
    combmeans102[k]=combmeans10[3] 
    combmeans112[k]=combmeans11[3] 
    combmeans122[k]=combmeans12[3] 
 
 
    combmeans13[k]=combmeans1[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans23[k]=combmeans2[5] 
    combmeans33[k]=combmeans3[5] 
    combmeans43[k]=combmeans4[5] 
    combmeans53[k]=combmeans5[5] 
    combmeans63[k]=combmeans6[5] 
    combmeans73[k]=combmeans7[5] 
    combmeans83[k]=combmeans8[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans93[k]=combmeans9[5] 
    combmeans103[k]=combmeans10[5] 
    combmeans113[k]=combmeans11[5] 
    combmeans123[k]=combmeans12[5] 
 
 
    combmeans14[k]=combmeans1[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans24[k]=combmeans2[10] 
    combmeans34[k]=combmeans3[10] 
    combmeans44[k]=combmeans4[10] 
    combmeans54[k]=combmeans5[10] 
    combmeans64[k]=combmeans6[10] 
    combmeans74[k]=combmeans7[10] 
    combmeans84[k]=combmeans8[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans94[k]=combmeans9[10] 
    combmeans104[k]=combmeans10[10] 
    combmeans114[k]=combmeans11[10] 
    combmeans124[k]=combmeans12[10] 
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    combmeans15[k]=combmeans1[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans25[k]=combmeans2[15] 
    combmeans35[k]=combmeans3[15] 
    combmeans45[k]=combmeans4[15] 
    combmeans55[k]=combmeans5[15] 
    combmeans65[k]=combmeans6[15] 
    combmeans75[k]=combmeans7[15] 
    combmeans85[k]=combmeans8[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans95[k]=combmeans9[15] 
    combmeans105[k]=combmeans10[15] 
    combmeans115[k]=combmeans11[15] 
    combmeans125[k]=combmeans12[15] 
 
 
    combmeans16[k]=combmeans1[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans26[k]=combmeans2[20] 
    combmeans36[k]=combmeans3[20] 
    combmeans46[k]=combmeans4[20] 
    combmeans56[k]=combmeans5[20] 
    combmeans66[k]=combmeans6[20] 
    combmeans76[k]=combmeans7[20] 
    combmeans86[k]=combmeans8[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans96[k]=combmeans9[20] 
    combmeans106[k]=combmeans10[20] 
    combmeans116[k]=combmeans11[20] 
    combmeans126[k]=combmeans12[20] 
 
} 
expected1=mean(sampmean)            #expected mean for one sample, not combining 
 
expected=matrix(0,12,6) 
 
expected[1,1]=mean(combmeans11)     #strategy 1 nsamp=2 
expected[2,1]=mean(combmeans21) 
expected[3,1]=mean(combmeans31) 
expected[4,1]=mean(combmeans41) 
expected[5,1]=mean(combmeans51) 
expected[6,1]=mean(combmeans61) 
expected[7,1]=mean(combmeans71) 
expected[8,1]=mean(combmeans81)      
expected[9,1]=mean(combmeans91) 
expected[10,1]=mean(combmeans101) 
expected[11,1]=mean(combmeans111) 
expected[12,1]=mean(combmeans121) 
 
expected[1,2]=mean(combmeans12)     #strategy 1 nsamp=3 
expected[2,2]=mean(combmeans22) 
expected[3,2]=mean(combmeans32) 
expected[4,2]=mean(combmeans42) 
expected[5,2]=mean(combmeans52) 
expected[6,2]=mean(combmeans62) 
expected[7,2]=mean(combmeans72) 
expected[8,2]=mean(combmeans82)      
expected[9,2]=mean(combmeans92) 
expected[10,2]=mean(combmeans102) 
expected[11,2]=mean(combmeans112) 
expected[12,2]=mean(combmeans122) 
 
expected[1,3]=mean(combmeans13)     #strategy 1 nsamp=5 
expected[2,3]=mean(combmeans23) 
expected[3,3]=mean(combmeans33) 
expected[4,3]=mean(combmeans43) 
expected[5,3]=mean(combmeans53) 
expected[6,3]=mean(combmeans63) 
expected[7,3]=mean(combmeans73) 
expected[8,3]=mean(combmeans83)      
expected[9,3]=mean(combmeans93) 
expected[10,3]=mean(combmeans103) 
expected[11,3]=mean(combmeans113) 
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expected[12,3]=mean(combmeans123) 
 
expected[1,4]=mean(combmeans14)     #strategy 1 nsamp=10 
expected[2,4]=mean(combmeans24) 
expected[3,4]=mean(combmeans34) 
expected[4,4]=mean(combmeans44) 
expected[5,4]=mean(combmeans54) 
expected[6,4]=mean(combmeans64) 
expected[7,4]=mean(combmeans74) 
expected[8,4]=mean(combmeans84)      
expected[9,4]=mean(combmeans94) 
expected[10,4]=mean(combmeans104) 
expected[11,4]=mean(combmeans114) 
expected[12,4]=mean(combmeans124) 
 
expected[1,5]=mean(combmeans15)     #strategy 1 nsamp=15 
expected[2,5]=mean(combmeans25) 
expected[3,5]=mean(combmeans35) 
expected[4,5]=mean(combmeans45) 
expected[5,5]=mean(combmeans55) 
expected[6,5]=mean(combmeans65) 
expected[7,5]=mean(combmeans75) 
expected[8,5]=mean(combmeans85)      
expected[9,5]=mean(combmeans95) 
expected[10,5]=mean(combmeans105) 
expected[11,5]=mean(combmeans115) 
expected[12,5]=mean(combmeans125) 
 
expected[1,6]=mean(combmeans16)     #strategy 1 nsamp=20 
expected[2,6]=mean(combmeans26) 
expected[3,6]=mean(combmeans36) 
expected[4,6]=mean(combmeans46) 
expected[5,6]=mean(combmeans56) 
expected[6,6]=mean(combmeans66) 
expected[7,6]=mean(combmeans76) 
expected[8,6]=mean(combmeans86)      
expected[9,6]=mean(combmeans96) 
expected[10,6]=mean(combmeans106) 
expected[11,6]=mean(combmeans116) 
expected[12,6]=mean(combmeans126) 
 
expectedcol=c(expected1,expected[,1],expected[,2],expected[,3],expected[,4],expected[,5],expected[,6]) 
 
means=cbind(combmeans11,combmeans21, 
combmeans31,combmeans41,combmeans51,combmeans61,combmeans71,combmeans81,combmeans91, 
combmeans101,combmeans111,combmeans121, 
combmeans12,combmeans22, combmeans32,combmeans42,combmeans52,combmeans62,combmeans72,combmeans82,combmeans92, 
combmeans102,combmeans112,combmeans122, 
combmeans13,combmeans23, combmeans33,combmeans43,combmeans53,combmeans63,combmeans73,combmeans83,combmeans93, 
combmeans103,combmeans113,combmeans123, 
combmeans14,combmeans24, combmeans34,combmeans44,combmeans54,combmeans64,combmeans74,combmeans84,combmeans94, 
combmeans104,combmeans114,combmeans124, 
combmeans15,combmeans25, combmeans35,combmeans45,combmeans55,combmeans65,combmeans75,combmeans85,combmeans95, 
combmeans105,combmeans115,combmeans125, 
combmeans16,combmeans26, combmeans36,combmeans46,combmeans56,combmeans66,combmeans76,combmeans86,combmeans96, 
combmeans106,combmeans116,combmeans126) 
 
 
variance1=(1/nvar)*sum((sampmean[,1]-expected1)**2) 
 
variance11=(1/nvar)*sum((means[,1]-expected[1,1])**2) 
variance21=(1/nvar)*sum((means[,2]-expected[2,1])**2) 
variance31=(1/nvar)*sum((means[,3]-expected[3,1])**2) 
variance41=(1/nvar)*sum((means[,4]-expected[4,1])**2) 
variance51=(1/nvar)*sum((means[,5]-expected[5,1])**2) 
variance61=(1/nvar)*sum((means[,6]-expected[6,1])**2) 
variance71=(1/nvar)*sum((means[,7]-expected[7,1])**2) 
variance81=(1/nvar)*sum((means[,8]-expected[8,1])**2) 
variance91=(1/nvar)*sum((means[,9]-expected[9,1])**2) 
variance101=(1/nvar)*sum((means[,10]-expected[10,1])**2) 
variance111=(1/nvar)*sum((means[,11]-expected[11,1])**2) 
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variance121=(1/nvar)*sum((means[,12]-expected[12,1])**2) 
 
variance12=(1/nvar)*sum((means[,13]-expected[1,2])**2) 
variance22=(1/nvar)*sum((means[,14]-expected[2,2])**2) 
variance32=(1/nvar)*sum((means[,15]-expected[3,2])**2) 
variance42=(1/nvar)*sum((means[,16]-expected[4,2])**2) 
variance52=(1/nvar)*sum((means[,17]-expected[5,2])**2) 
variance62=(1/nvar)*sum((means[,18]-expected[6,2])**2) 
variance72=(1/nvar)*sum((means[,19]-expected[7,2])**2) 
variance82=(1/nvar)*sum((means[,20]-expected[8,2])**2) 
variance92=(1/nvar)*sum((means[,21]-expected[9,2])**2) 
variance102=(1/nvar)*sum((means[,22]-expected[10,2])**2) 
variance112=(1/nvar)*sum((means[,23]-expected[11,2])**2) 
variance122=(1/nvar)*sum((means[,24]-expected[12,2])**2) 
 
variance13=(1/nvar)*sum((means[,25]-expected[1,3])**2) 
variance23=(1/nvar)*sum((means[,26]-expected[2,3])**2) 
variance33=(1/nvar)*sum((means[,27]-expected[3,3])**2) 
variance43=(1/nvar)*sum((means[,28]-expected[4,3])**2) 
variance53=(1/nvar)*sum((means[,29]-expected[5,3])**2) 
variance63=(1/nvar)*sum((means[,30]-expected[6,3])**2) 
variance73=(1/nvar)*sum((means[,31]-expected[7,3])**2) 
variance83=(1/nvar)*sum((means[,32]-expected[8,3])**2) 
variance93=(1/nvar)*sum((means[,33]-expected[9,3])**2) 
variance103=(1/nvar)*sum((means[,34]-expected[10,3])**2) 
variance113=(1/nvar)*sum((means[,35]-expected[11,3])**2) 
variance123=(1/nvar)*sum((means[,36]-expected[12,3])**2) 
 
variance14=(1/nvar)*sum((means[,37]-expected[1,4])**2) 
variance24=(1/nvar)*sum((means[,38]-expected[2,4])**2) 
variance34=(1/nvar)*sum((means[,39]-expected[3,4])**2) 
variance44=(1/nvar)*sum((means[,40]-expected[4,4])**2) 
variance54=(1/nvar)*sum((means[,41]-expected[5,4])**2) 
variance64=(1/nvar)*sum((means[,42]-expected[6,4])**2) 
variance74=(1/nvar)*sum((means[,43]-expected[7,4])**2) 
variance84=(1/nvar)*sum((means[,44]-expected[8,4])**2) 
variance94=(1/nvar)*sum((means[,45]-expected[9,4])**2) 
variance104=(1/nvar)*sum((means[,46]-expected[10,4])**2) 
variance114=(1/nvar)*sum((means[,47]-expected[11,4])**2) 
variance124=(1/nvar)*sum((means[,48]-expected[12,4])**2) 
 
variance15=(1/nvar)*sum((means[,49]-expected[1,5])**2) 
variance25=(1/nvar)*sum((means[,50]-expected[2,5])**2) 
variance35=(1/nvar)*sum((means[,51]-expected[3,5])**2) 
variance45=(1/nvar)*sum((means[,52]-expected[4,5])**2) 
variance55=(1/nvar)*sum((means[,53]-expected[5,5])**2) 
variance65=(1/nvar)*sum((means[,54]-expected[6,5])**2) 
variance75=(1/nvar)*sum((means[,55]-expected[7,5])**2) 
variance85=(1/nvar)*sum((means[,56]-expected[8,5])**2) 
variance95=(1/nvar)*sum((means[,57]-expected[9,5])**2) 
variance105=(1/nvar)*sum((means[,58]-expected[10,5])**2) 
variance115=(1/nvar)*sum((means[,59]-expected[11,5])**2) 
variance125=(1/nvar)*sum((means[,60]-expected[12,5])**2) 
 
variance16=(1/nvar)*sum((means[,61]-expected[1,6])**2) 
variance26=(1/nvar)*sum((means[,62]-expected[2,6])**2) 
variance36=(1/nvar)*sum((means[,63]-expected[3,6])**2) 
variance46=(1/nvar)*sum((means[,64]-expected[4,6])**2) 
variance56=(1/nvar)*sum((means[,65]-expected[5,6])**2) 
variance66=(1/nvar)*sum((means[,66]-expected[6,6])**2) 
variance76=(1/nvar)*sum((means[,67]-expected[7,6])**2) 
variance86=(1/nvar)*sum((means[,68]-expected[8,6])**2) 
variance96=(1/nvar)*sum((means[,69]-expected[9,6])**2) 
variance106=(1/nvar)*sum((means[,70]-expected[10,6])**2) 
variance116=(1/nvar)*sum((means[,71]-expected[11,6])**2) 
variance126=(1/nvar)*sum((means[,72]-expected[12,6])**2) 
 
 
 
variance=c(variance1,variance11,variance21,variance31,variance41,variance51, 
variance61,variance71,variance81,variance91,variance101,variance111,variance121, 
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variance12,variance22,variance32,variance42,variance52, 
variance62,variance72,variance82,variance92,variance102,variance112,variance122, 
variance13,variance23,variance33,variance43,variance53, 
variance63,variance73,variance83,variance93,variance103,variance113,variance123, 
variance14,variance24,variance34,variance44,variance54, 
variance64,variance74,variance84,variance94,variance104,variance114,variance124, 
variance15,variance25,variance35,variance45,variance55, 
variance65,variance75,variance85,variance95,variance105,variance115,variance125, 
variance16,variance26,variance36,variance46,variance56, 
variance66,variance76,variance86,variance96,variance106,variance116,variance126) 
 
 
bias= expectedcol-popmean 
 
relbias=(bias/expectedcol)*100 
 
mse= variance + bias**2 
 
cv= (sqrt(variance)/expectedcol)*100 
 
s.e= (sqrt(variance)/sqrt(nvar)) 
 
LB= expectedcol - 1.96*s.e 
UB= expectedcol + 1.96*s.e 
 
result=cbind(popmean,expectedcol,relbias,s.e,cv,LB,UB,mse) 
 
write.table(result,"result_anormal_scenario1_100.txt",sep="\t") 
write.table(meff_var,"meff_anormal_scenario1_100.txt",sep="\t") 
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H4 Skewed T Distribution, 3 degrees of freedom 
################################################################################################################# 
# Variance Estimation: Normal distribution 
# author: "Loveness Dzikiti" 
# date: "20 April 2017" 
##################################################################################################### 
 
# Scenario 1: N=1 000 000 at3(100,25) n=1000 D=20 
################################################################################ 
# Generating a clustered population 
# X_ij= mu + v_j + e_ij 
 
setwd("C:\\Users\\User\\Dropbox\\Review\\simulations_2019\\cluster\\at3") 
 
 
library(moments) 
library(sampling) 
library(survey) 
library(sn) 
 
N=1000000              #finite population size 
n=1000                #sample size 
nsamp=20           #number of samples 
clsize=250 
k=nvar=100 
set.seed(123456) 
 
##############################storage matrices########################################## 
 
mean_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means calculated as srs 
variance_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance calculated as srs 
cv_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation calculated as srs 
skewness_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness calculated as srs 
kurtosis_naive <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis calculated as srs 
 
means <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)     #store sample means 
variance <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample variance 
designvar <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store design consistent variance 
cv <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample coefficient of variation 
skewness <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample skewness 
kurtosis <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample kurtosis 
meff_var<-matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1)  #store sample design effect 
 
 
combmeans1 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 1 
combmeans2 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 2 
combmeans3 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 3 
combmeans4 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 4 
combmeans5 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 5 
combmeans6 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 6 
combmeans7 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 7 
combmeans8 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 8 
combmeans9 <- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 9 
combmeans10<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 10 
combmeans11<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 11 
combmeans12<- matrix(c(rep.int(NA,nsamp)),nrow=nsamp,ncol=1) #store means combined weighting strategy 12 
 
sampmean <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store mean of 1 sample, no combining 
 
combmeans11 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans21 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans31 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans41 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans51 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans61 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans71 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans81 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans91 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans101 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans111 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
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combmeans121 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans12 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans22 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans32 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans42 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans52 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans62 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans72 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans82 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans92 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans102 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans112 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans122 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans13 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans23 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans33 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans43 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans53 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans63 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans73 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans83 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans93 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans103 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans113 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans123 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans14 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans24 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans34 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans44 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans54 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans64 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans74 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans84 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans94 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans104 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans114 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans124 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans15 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans25 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans35 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans45 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans55 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans65 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans75 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans85 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans95 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans105 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans115 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans125 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
 
 
combmeans16 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans26 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans36 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans46 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans56 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
combmeans66 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 6 
combmeans76 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 7 
combmeans86 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 1 
combmeans96 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 2 
combmeans106 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 3 
combmeans116 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 4 
combmeans126 <- matrix(c(rep.int(NA,k)),nrow=k,ncol=1) #store means combined weighting strategy 5 
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################################################################################################################# 
  
### Generating a clustered population#################################### 
 
v=3 
nclus=4000 
 
xi=-0.7891 
omega=0.746 
alpha=3 
 
mu1=0 
sigma1=sqrt(20) 
 
mu2=0 
sigma2=sqrt(5) 
 
 
x1<- rst(N, xi, omega, alpha, v)                 #simulate data from a t distribution random mean and variance 
e_ij=(x1*sigma1)+mu1 
 
################################################################### 
 
x2<- rst(nclus, xi, omega, alpha, v) 
cl=(x2*sigma2)+mu2 
 
mu <- matrix(c(rep(100,N)), nrow = N, ncol = 1)    #store superpopulation mean 
 
v_j <- 
c(rep(cl[1],clsize),rep(cl[2],clsize),rep(cl[3],clsize),rep(cl[4],clsize),rep(cl[5],clsize),rep(cl[6],clsize),rep(cl[7],clsize),rep(cl[8],clsize),rep(cl[9],cl
size),rep(cl[10],clsize), 
rep(cl[11],clsize),rep(cl[12],clsize),rep(cl[13],clsize),rep(cl[14],clsize),rep(cl[15],clsize),rep(cl[16],clsize),rep(cl[17],clsize),rep(cl[18],clsize),re
p(cl[19],clsize),rep(cl[20],clsize), 
rep(cl[21],clsize),rep(cl[22],clsize),rep(cl[23],clsize),rep(cl[24],clsize),rep(cl[25],clsize),rep(cl[26],clsize),rep(cl[27],clsize),rep(cl[28],clsize),re
p(cl[29],clsize),rep(cl[30],clsize), 
rep(cl[31],clsize),rep(cl[32],clsize),rep(cl[33],clsize),rep(cl[34],clsize),rep(cl[35],clsize),rep(cl[36],clsize),rep(cl[37],clsize),rep(cl[38],clsize),re
p(cl[39],clsize),rep(cl[40],clsize), 
rep(cl[41],clsize),rep(cl[42],clsize),rep(cl[43],clsize),rep(cl[44],clsize),rep(cl[45],clsize),rep(cl[46],clsize),rep(cl[47],clsize),rep(cl[48],clsize),re
p(cl[49],clsize),rep(cl[50],clsize), 
rep(cl[51],clsize),rep(cl[52],clsize),rep(cl[53],clsize),rep(cl[54],clsize),rep(cl[55],clsize),rep(cl[56],clsize),rep(cl[57],clsize),rep(cl[58],clsize),re
p(cl[59],clsize),rep(cl[60],clsize), 
rep(cl[61],clsize),rep(cl[62],clsize),rep(cl[63],clsize),rep(cl[64],clsize),rep(cl[65],clsize),rep(cl[66],clsize),rep(cl[67],clsize),rep(cl[68],clsize),re
p(cl[69],clsize),rep(cl[70],clsize), 
rep(cl[71],clsize),rep(cl[72],clsize),rep(cl[73],clsize),rep(cl[74],clsize),rep(cl[75],clsize),rep(cl[76],clsize),rep(cl[77],clsize),rep(cl[78],clsize),re
p(cl[79],clsize),rep(cl[80],clsize), 
rep(cl[81],clsize),rep(cl[82],clsize),rep(cl[83],clsize),rep(cl[84],clsize),rep(cl[85],clsize),rep(cl[86],clsize),rep(cl[87],clsize),rep(cl[88],clsize),re
p(cl[89],clsize),rep(cl[90],clsize), 
rep(cl[91],clsize),rep(cl[92],clsize),rep(cl[93],clsize),rep(cl[94],clsize),rep(cl[95],clsize),rep(cl[96],clsize),rep(cl[97],clsize),rep(cl[98],clsize),re
p(cl[99],clsize),rep(cl[100],clsize), 
rep(cl[101],clsize),rep(cl[102],clsize),rep(cl[103],clsize),rep(cl[104],clsize),rep(cl[105],clsize),rep(cl[106],clsize),rep(cl[107],clsize),rep(cl[108
],clsize),rep(cl[109],clsize),rep(cl[110],clsize), 
rep(cl[111],clsize),rep(cl[112],clsize),rep(cl[113],clsize),rep(cl[114],clsize),rep(cl[115],clsize),rep(cl[116],clsize),rep(cl[117],clsize),rep(cl[118
],clsize),rep(cl[119],clsize),rep(cl[120],clsize), 
rep(cl[121],clsize),rep(cl[122],clsize),rep(cl[123],clsize),rep(cl[124],clsize),rep(cl[125],clsize),rep(cl[126],clsize),rep(cl[127],clsize),rep(cl[128
],clsize),rep(cl[129],clsize),rep(cl[130],clsize), 
rep(cl[131],clsize),rep(cl[132],clsize),rep(cl[133],clsize),rep(cl[134],clsize),rep(cl[135],clsize),rep(cl[136],clsize),rep(cl[137],clsize),rep(cl[138
],clsize),rep(cl[139],clsize),rep(cl[140],clsize), 
rep(cl[141],clsize),rep(cl[142],clsize),rep(cl[143],clsize),rep(cl[144],clsize),rep(cl[145],clsize),rep(cl[146],clsize),rep(cl[147],clsize),rep(cl[148
],clsize),rep(cl[149],clsize),rep(cl[150],clsize), 
rep(cl[151],clsize),rep(cl[152],clsize),rep(cl[153],clsize),rep(cl[154],clsize),rep(cl[155],clsize),rep(cl[156],clsize),rep(cl[157],clsize),rep(cl[158
],clsize),rep(cl[159],clsize),rep(cl[160],clsize), 
rep(cl[161],clsize),rep(cl[162],clsize),rep(cl[163],clsize),rep(cl[164],clsize),rep(cl[165],clsize),rep(cl[166],clsize),rep(cl[167],clsize),rep(cl[168
],clsize),rep(cl[169],clsize),rep(cl[170],clsize), 
rep(cl[171],clsize),rep(cl[172],clsize),rep(cl[173],clsize),rep(cl[174],clsize),rep(cl[175],clsize),rep(cl[176],clsize),rep(cl[177],clsize),rep(cl[178
],clsize),rep(cl[179],clsize),rep(cl[180],clsize), 
rep(cl[181],clsize),rep(cl[182],clsize),rep(cl[183],clsize),rep(cl[184],clsize),rep(cl[185],clsize),rep(cl[186],clsize),rep(cl[187],clsize),rep(cl[188
],clsize),rep(cl[189],clsize),rep(cl[190],clsize), 
rep(cl[191],clsize),rep(cl[192],clsize),rep(cl[193],clsize),rep(cl[194],clsize),rep(cl[195],clsize),rep(cl[196],clsize),rep(cl[197],clsize),rep(cl[198
],clsize),rep(cl[199],clsize),rep(cl[200],clsize), 
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rep(cl[201],clsize),rep(cl[202],clsize),rep(cl[203],clsize),rep(cl[204],clsize),rep(cl[205],clsize),rep(cl[206],clsize),rep(cl[207],clsize),rep(cl[208
],clsize),rep(cl[209],clsize),rep(cl[210],clsize), 
rep(cl[211],clsize),rep(cl[212],clsize),rep(cl[213],clsize),rep(cl[214],clsize),rep(cl[215],clsize),rep(cl[216],clsize),rep(cl[217],clsize),rep(cl[218
],clsize),rep(cl[219],clsize),rep(cl[220],clsize), 
rep(cl[221],clsize),rep(cl[222],clsize),rep(cl[223],clsize),rep(cl[224],clsize),rep(cl[225],clsize),rep(cl[226],clsize),rep(cl[227],clsize),rep(cl[228
],clsize),rep(cl[229],clsize),rep(cl[230],clsize), 
rep(cl[231],clsize),rep(cl[232],clsize),rep(cl[233],clsize),rep(cl[234],clsize),rep(cl[235],clsize),rep(cl[236],clsize),rep(cl[237],clsize),rep(cl[238
],clsize),rep(cl[239],clsize),rep(cl[240],clsize), 
rep(cl[241],clsize),rep(cl[242],clsize),rep(cl[243],clsize),rep(cl[244],clsize),rep(cl[245],clsize),rep(cl[246],clsize),rep(cl[247],clsize),rep(cl[248
],clsize),rep(cl[249],clsize),rep(cl[250],clsize), 
rep(cl[251],clsize),rep(cl[252],clsize),rep(cl[253],clsize),rep(cl[254],clsize),rep(cl[255],clsize),rep(cl[256],clsize),rep(cl[257],clsize),rep(cl[258
],clsize),rep(cl[259],clsize),rep(cl[260],clsize), 
rep(cl[261],clsize),rep(cl[262],clsize),rep(cl[263],clsize),rep(cl[264],clsize),rep(cl[265],clsize),rep(cl[266],clsize),rep(cl[267],clsize),rep(cl[268
],clsize),rep(cl[269],clsize),rep(cl[270],clsize), 
rep(cl[271],clsize),rep(cl[272],clsize),rep(cl[273],clsize),rep(cl[274],clsize),rep(cl[275],clsize),rep(cl[276],clsize),rep(cl[277],clsize),rep(cl[278
],clsize),rep(cl[279],clsize),rep(cl[280],clsize), 
rep(cl[281],clsize),rep(cl[282],clsize),rep(cl[283],clsize),rep(cl[284],clsize),rep(cl[285],clsize),rep(cl[286],clsize),rep(cl[287],clsize),rep(cl[288
],clsize),rep(cl[289],clsize),rep(cl[290],clsize), 
rep(cl[291],clsize),rep(cl[292],clsize),rep(cl[293],clsize),rep(cl[294],clsize),rep(cl[295],clsize),rep(cl[296],clsize),rep(cl[297],clsize),rep(cl[298
],clsize),rep(cl[299],clsize),rep(cl[300],clsize), 
rep(cl[301],clsize),rep(cl[302],clsize),rep(cl[303],clsize),rep(cl[304],clsize),rep(cl[305],clsize),rep(cl[306],clsize),rep(cl[307],clsize),rep(cl[308
],clsize),rep(cl[309],clsize),rep(cl[310],clsize), 
rep(cl[311],clsize),rep(cl[312],clsize),rep(cl[313],clsize),rep(cl[314],clsize),rep(cl[315],clsize),rep(cl[316],clsize),rep(cl[317],clsize),rep(cl[318
],clsize),rep(cl[319],clsize),rep(cl[320],clsize), 
rep(cl[321],clsize),rep(cl[322],clsize),rep(cl[323],clsize),rep(cl[324],clsize),rep(cl[325],clsize),rep(cl[326],clsize),rep(cl[327],clsize),rep(cl[328
],clsize),rep(cl[329],clsize),rep(cl[330],clsize), 
rep(cl[331],clsize),rep(cl[332],clsize),rep(cl[333],clsize),rep(cl[334],clsize),rep(cl[335],clsize),rep(cl[336],clsize),rep(cl[337],clsize),rep(cl[338
],clsize),rep(cl[339],clsize),rep(cl[340],clsize), 
rep(cl[341],clsize),rep(cl[342],clsize),rep(cl[343],clsize),rep(cl[344],clsize),rep(cl[345],clsize),rep(cl[346],clsize),rep(cl[347],clsize),rep(cl[348
],clsize),rep(cl[349],clsize),rep(cl[350],clsize), 
rep(cl[351],clsize),rep(cl[352],clsize),rep(cl[353],clsize),rep(cl[354],clsize),rep(cl[355],clsize),rep(cl[356],clsize),rep(cl[357],clsize),rep(cl[358
],clsize),rep(cl[359],clsize),rep(cl[360],clsize), 
rep(cl[361],clsize),rep(cl[362],clsize),rep(cl[363],clsize),rep(cl[364],clsize),rep(cl[365],clsize),rep(cl[366],clsize),rep(cl[367],clsize),rep(cl[368
],clsize),rep(cl[369],clsize),rep(cl[370],clsize), 
rep(cl[371],clsize),rep(cl[372],clsize),rep(cl[373],clsize),rep(cl[374],clsize),rep(cl[375],clsize),rep(cl[376],clsize),rep(cl[377],clsize),rep(cl[378
],clsize),rep(cl[379],clsize),rep(cl[380],clsize), 
rep(cl[381],clsize),rep(cl[382],clsize),rep(cl[383],clsize),rep(cl[384],clsize),rep(cl[385],clsize),rep(cl[386],clsize),rep(cl[387],clsize),rep(cl[388
],clsize),rep(cl[389],clsize),rep(cl[390],clsize), 
rep(cl[391],clsize),rep(cl[392],clsize),rep(cl[393],clsize),rep(cl[394],clsize),rep(cl[395],clsize),rep(cl[396],clsize),rep(cl[397],clsize),rep(cl[398
],clsize),rep(cl[399],clsize),rep(cl[400],clsize) 
 
) 
 
x<- mu + v_j + e_ij 
 
cl_id <- 
c(rep('1',clsize),rep('2',clsize),rep('3',clsize),rep('4',clsize),rep('5',clsize),rep('6',clsize),rep('7',clsize),rep('8',clsize),rep('9',clsize),rep('10',clsiz
e), 
rep('11',clsize),rep('12',clsize),rep('13',clsize),rep('14',clsize),rep('15',clsize),rep('16',clsize),rep('17',clsize),rep('18',clsize),rep('19',clsize),rep
('20',clsize), 
rep('21',clsize),rep('22',clsize),rep('23',clsize),rep('24',clsize),rep('25',clsize),rep('26',clsize),rep('27',clsize),rep('28',clsize),rep('29',clsize),rep
('30',clsize), 
rep('31',clsize),rep('32',clsize),rep('33',clsize),rep('34',clsize),rep('35',clsize),rep('36',clsize),rep('37',clsize),rep('38',clsize),rep('39',clsize),rep
('40',clsize), 
rep('41',clsize),rep('42',clsize),rep('43',clsize),rep('44',clsize),rep('45',clsize),rep('46',clsize),rep('47',clsize),rep('48',clsize),rep('49',clsize),rep
('50',clsize), 
rep('51',clsize),rep('52',clsize),rep('53',clsize),rep('54',clsize),rep('55',clsize),rep('56',clsize),rep('57',clsize),rep('58',clsize),rep('59',clsize),rep
('60',clsize), 
rep('61',clsize),rep('62',clsize),rep('63',clsize),rep('64',clsize),rep('65',clsize),rep('66',clsize),rep('67',clsize),rep('68',clsize),rep('69',clsize),rep
('70',clsize), 
rep('71',clsize),rep('72',clsize),rep('73',clsize),rep('74',clsize),rep('75',clsize),rep('76',clsize),rep('77',clsize),rep('78',clsize),rep('79',clsize),rep
('80',clsize), 
rep('81',clsize),rep('82',clsize),rep('83',clsize),rep('84',clsize),rep('85',clsize),rep('86',clsize),rep('87',clsize),rep('88',clsize),rep('89',clsize),rep
('90',clsize), 
rep('91',clsize),rep('92',clsize),rep('93',clsize),rep('94',clsize),rep('95',clsize),rep('96',clsize),rep('97',clsize),rep('98',clsize),rep('99',clsize),rep
('100',clsize), 
rep('101',clsize),rep('102',clsize),rep('103',clsize),rep('104',clsize),rep('105',clsize),rep('106',clsize),rep('107',clsize),rep('108',clsize),rep('109
',clsize),rep('110',clsize), 
rep('111',clsize),rep('112',clsize),rep('113',clsize),rep('114',clsize),rep('115',clsize),rep('116',clsize),rep('117',clsize),rep('118',clsize),rep('119
',clsize),rep('120',clsize), 
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rep('121',clsize),rep('122',clsize),rep('123',clsize),rep('124',clsize),rep('125',clsize),rep('126',clsize),rep('127',clsize),rep('128',clsize),rep('129
',clsize),rep('130',clsize), 
rep('131',clsize),rep('132',clsize),rep('133',clsize),rep('134',clsize),rep('135',clsize),rep('136',clsize),rep('137',clsize),rep('138',clsize),rep('139
',clsize),rep('140',clsize), 
rep('141',clsize),rep('142',clsize),rep('143',clsize),rep('144',clsize),rep('145',clsize),rep('146',clsize),rep('147',clsize),rep('148',clsize),rep('149
',clsize),rep('150',clsize), 
rep('151',clsize),rep('152',clsize),rep('153',clsize),rep('154',clsize),rep('155',clsize),rep('156',clsize),rep('157',clsize),rep('158',clsize),rep('159
',clsize),rep('160',clsize), 
rep('161',clsize),rep('162',clsize),rep('163',clsize),rep('164',clsize),rep('165',clsize),rep('166',clsize),rep('167',clsize),rep('168',clsize),rep('169
',clsize),rep('170',clsize), 
rep('171',clsize),rep('172',clsize),rep('173',clsize),rep('174',clsize),rep('175',clsize),rep('176',clsize),rep('177',clsize),rep('178',clsize),rep('179
',clsize),rep('180',clsize), 
rep('181',clsize),rep('182',clsize),rep('183',clsize),rep('184',clsize),rep('185',clsize),rep('186',clsize),rep('187',clsize),rep('188',clsize),rep('189
',clsize),rep('190',clsize), 
rep('191',clsize),rep('192',clsize),rep('193',clsize),rep('194',clsize),rep('195',clsize),rep('196',clsize),rep('197',clsize),rep('198',clsize),rep('199
',clsize),rep('200',clsize), 
rep('201',clsize),rep('202',clsize),rep('203',clsize),rep('204',clsize),rep('205',clsize),rep('206',clsize),rep('207',clsize),rep('208',clsize),rep('209
',clsize),rep('210',clsize), 
rep('211',clsize),rep('212',clsize),rep('213',clsize),rep('214',clsize),rep('215',clsize),rep('216',clsize),rep('217',clsize),rep('218',clsize),rep('219
',clsize),rep('220',clsize), 
rep('221',clsize),rep('222',clsize),rep('223',clsize),rep('224',clsize),rep('225',clsize),rep('226',clsize),rep('227',clsize),rep('228',clsize),rep('229
',clsize),rep('230',clsize), 
rep('231',clsize),rep('232',clsize),rep('233',clsize),rep('234',clsize),rep('235',clsize),rep('236',clsize),rep('237',clsize),rep('238',clsize),rep('239
',clsize),rep('240',clsize), 
rep('241',clsize),rep('242',clsize),rep('243',clsize),rep('244',clsize),rep('245',clsize),rep('246',clsize),rep('247',clsize),rep('248',clsize),rep('249
',clsize),rep('250',clsize), 
rep('251',clsize),rep('252',clsize),rep('253',clsize),rep('254',clsize),rep('255',clsize),rep('256',clsize),rep('257',clsize),rep('258',clsize),rep('259
',clsize),rep('260',clsize), 
rep('261',clsize),rep('262',clsize),rep('263',clsize),rep('264',clsize),rep('265',clsize),rep('266',clsize),rep('267',clsize),rep('268',clsize),rep('269
',clsize),rep('270',clsize), 
rep('271',clsize),rep('272',clsize),rep('273',clsize),rep('274',clsize),rep('275',clsize),rep('276',clsize),rep('277',clsize),rep('278',clsize),rep('279
',clsize),rep('280',clsize), 
rep('281',clsize),rep('282',clsize),rep('283',clsize),rep('284',clsize),rep('285',clsize),rep('286',clsize),rep('287',clsize),rep('288',clsize),rep('289
',clsize),rep('290',clsize), 
rep('291',clsize),rep('292',clsize),rep('293',clsize),rep('294',clsize),rep('295',clsize),rep('296',clsize),rep('297',clsize),rep('298',clsize),rep('299
',clsize),rep('300',clsize), 
rep('301',clsize),rep('302',clsize),rep('303',clsize),rep('304',clsize),rep('305',clsize),rep('306',clsize),rep('307',clsize),rep('308',clsize),rep('309
',clsize),rep('310',clsize), 
rep('311',clsize),rep('312',clsize),rep('313',clsize),rep('314',clsize),rep('315',clsize),rep('316',clsize),rep('317',clsize),rep('318',clsize),rep('319
',clsize),rep('320',clsize), 
rep('321',clsize),rep('322',clsize),rep('323',clsize),rep('324',clsize),rep('325',clsize),rep('326',clsize),rep('327',clsize),rep('328',clsize),rep('329
',clsize),rep('330',clsize), 
rep('331',clsize),rep('332',clsize),rep('333',clsize),rep('334',clsize),rep('335',clsize),rep('336',clsize),rep('337',clsize),rep('338',clsize),rep('339
',clsize),rep('340',clsize), 
rep('341',clsize),rep('342',clsize),rep('343',clsize),rep('344',clsize),rep('345',clsize),rep('346',clsize),rep('347',clsize),rep('348',clsize),rep('349
',clsize),rep('350',clsize), 
rep('351',clsize),rep('352',clsize),rep('353',clsize),rep('354',clsize),rep('355',clsize),rep('356',clsize),rep('357',clsize),rep('358',clsize),rep('359
',clsize),rep('360',clsize), 
rep('361',clsize),rep('362',clsize),rep('363',clsize),rep('364',clsize),rep('365',clsize),rep('366',clsize),rep('367',clsize),rep('368',clsize),rep('369
',clsize),rep('370',clsize), 
rep('371',clsize),rep('372',clsize),rep('373',clsize),rep('374',clsize),rep('375',clsize),rep('376',clsize),rep('377',clsize),rep('378',clsize),rep('379
',clsize),rep('380',clsize), 
rep('381',clsize),rep('382',clsize),rep('383',clsize),rep('384',clsize),rep('385',clsize),rep('386',clsize),rep('387',clsize),rep('388',clsize),rep('389
',clsize),rep('390',clsize), 
rep('391',clsize),rep('392',clsize),rep('393',clsize),rep('394',clsize),rep('395',clsize),rep('396',clsize),rep('397',clsize),rep('398',clsize),rep('399
',clsize),rep('400',clsize) 
 
) 
 
popx1<-data.frame(cl_id,x) 
popx1$unit<-1:nrow(popx1) 
 
popx <- data.frame(popx1$unit,cl_id,mu,v_j,e_ij,x) 
colnames(popx)<-c('unit_id','cl_id','mu','v_j','e_ij','x') 
 
pop.des=svydesign(data=popx,ids=~cl_id+unit_id, nest=TRUE) 
pop.mean=data.frame(svymean(x,pop.des))    
popmean <- pop.mean[1,1]#finite population mean 
 
 
for (k in 1:nvar) { 
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#################### Weights storage ############################################### 
for (j in 1:nsamp){ 
   
  w1<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w2<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w3<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w4<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w5<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w6<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w7<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w8<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)  #store weights 
  w9<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w10<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w11<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1) 
  w12<-matrix(c(rep.int(NA,j)),nrow=j,ncol=1)   
} 
 
####################################################################################### 
 
 
################################################################################################## 
# Two stage Cluster Random Sampling from a clustered finite population 
################################################################################################## 
 
n2 = rep(20,50)          # select 10 units from 50 clusters 
 
for (i in 1:nsamp) {  
 
sample = mstage(popx, stage=list("cluster","cluster"), varnames=list("cl_id", "unit_id"),size=list(50,n2), method=list("srswor","srswor")) 
#unique(sample[[1]]$cl_id) 
#unique(sample[[2]]$unit_id)     #double checking 
 
s=getdata(popx,sample)[[2]] 
 
########################################################################################################## 
# Naive weights 
################# 
 
  mean_naive[i]=mean(s$x) 
  variance_naive[i]=var(s$x) 
  cv_naive[i]=abs(sqrt(variance_naive[i])/mean_naive[i]) 
  skewness_naive[i]<-skewness(s$x) 
  kurtosis_naive[i]<-kurtosis(s$x) 
 
########################################################################################################## 
# Design conscious weights 
########################### 
 
plan=svydesign(data=s,ids=~cl_id+unit_id, nest=TRUE) 
mean_st=svymean(~x,plan) 
mean_st=as.data.frame(mean_st) 
 
means[i]<-mean_st[1,1]                                   #sample mean for ith sample 
    variance[i]<-mean_st[1,2]^2              #sample variance, design consistent variance 
    cv[i]<-abs(sqrt(variance[i])/means[i])                 #coefficient of variation 
   
   
    # skewness[i]<-skewness(s[,i]) 
    moments = svymean(~I(x^4) + I(x^3) + 
                       I(x^2) + I(x), plan) 
   
    skew=data.frame(svycontrast(moments,  
                         quote((`I(x^3)` - 3*`I(x^2)`*`I(x)` + 
                                3*`I(x)`*`I(x)`^2 - `I(x)`^3)/ 
                              (`I(x^2)` - `I(x)`^2)^1.5))) 
    skewness[i]<-skew[1,1] 
     
    #kurtosis[i]<-kurtosis(s[,i]) 
     
    kurt=data.frame(svycontrast(moments,  
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                quote((`I(x^4)` - 
                         4*`I(x^3)`*`I(x)` + 
                         6*`I(x^2)`*`I(x)`^2 - 
                         4*`I(x)`*`I(x)`^3 + 
                         `I(x)`^4)/ 
                        (`I(x^2)` - 
                           `I(x)`^2)^2))) 
     
    kurtosis[i]<-kurt[1,1] 
     
    meff.1 <- data.frame(svymean(s$x,plan,deff=TRUE)) 
    meff_var[i]=variance[i]/((1-(n/N))*(var(s$x)/n)) 
 
######################Weights calculation################################### 
  
    
  w1[i]=n                #inverse of the sample size 
 
  w2[i]<-1/(variance[i])   #inverse of the design variance of the estimator of the mean  
  w3[i]<-1/(variance_naive[i])   #inverse of the naive variance of the estimator of the mean 
   
  w4[i]=1                   #simple average weights  
 
  w5[i]=1/cv[i]             #inverse of cv 
  w6[i]=1/cv_naive[i]             #inverse of naive cv 
 
  w7[i]=abs(1/skewness[i])       #inverse skewness 
  w8[i]=abs(1/skewness_naive[i])       #inverse skewness 
 
  w9[i]=1/kurtosis[i]       #inverse kurtosis 
  w10[i]=1/kurtosis_naive[i]       #inverse kurtosis 
 
  w11[i]=meff_var[i]/variance[i]  #in srs deff=1 so coincides with inverse of variance 
  w12[i]=1/meff_var[i]   
 
   
  combmeans1[i]<-round(sum(means[1:i]*w1[1:i])/sum(w1[1:i]),digits=9) #combine means using inverse sample size 
  combmeans2[i]<-round(sum(means[1:i]*w2[1:i])/sum(w2[1:i]),digits=9) # combine using inverse variance  
  combmeans3[i]<-round(sum(means[1:i]*w3[1:i])/sum(w3[1:i]),digits=9) # combine using inverse variance naive  
  combmeans4[i]<-round(sum(means[1:i]*w4[1:i])/sum(w4[1:i]),digits=9) # combine using a weight of 1 
  combmeans5[i]<-round(sum(means[1:i]*w5[1:i])/sum(w5[1:i]),digits=9) # combine using a weight of inverse CV 
  combmeans6[i]<-round(sum(means[1:i]*w6[1:i])/sum(w6[1:i]),digits=9) # combine using a weight of inverse CV naive 
  combmeans7[i]<-round(sum(means[1:i]*w7[1:i])/sum(w7[1:i]),digits=9) # combine using a weight of inverse skewness 
  combmeans8[i]<-round(sum(means[1:i]*w8[1:i])/sum(w8[1:i]),digits=9) #combine using a weight of inverse skewness naive 
  combmeans9[i]<-round(sum(means[1:i]*w9[1:i])/sum(w9[1:i]),digits=9) # combine using inverse kurtosis  
  combmeans10[i]<-round(sum(means[1:i]*w10[1:i])/sum(w10[1:i]),digits=9) # combine using inverse kurtosis naive 
  combmeans11[i]<-round(sum(means[1:i]*w11[1:i])/sum(w11[1:i]),digits=9) # combine using a weight of meff/var 
  combmeans12[i]<-round(sum(means[1:i]*w12[1:i])/sum(w12[1:i]),digits=9) # combine using a weight of 1/meff 
 
   
   
} 
 
sampmean[k]=means[1]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
 
combmeans11[k]=combmeans1[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans21[k]=combmeans2[2] 
    combmeans31[k]=combmeans3[2] 
    combmeans41[k]=combmeans4[2] 
    combmeans51[k]=combmeans5[2] 
    combmeans61[k]=combmeans6[2] 
    combmeans71[k]=combmeans7[2] 
    combmeans81[k]=combmeans8[2]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans91[k]=combmeans9[2] 
    combmeans101[k]=combmeans10[2] 
    combmeans111[k]=combmeans11[2] 
    combmeans121[k]=combmeans12[2] 
 
 
    combmeans12[k]=combmeans1[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans22[k]=combmeans2[3] 
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    combmeans32[k]=combmeans3[3] 
    combmeans42[k]=combmeans4[3] 
    combmeans52[k]=combmeans5[3] 
    combmeans62[k]=combmeans6[3] 
    combmeans72[k]=combmeans7[3] 
    combmeans82[k]=combmeans8[3]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans92[k]=combmeans9[3] 
    combmeans102[k]=combmeans10[3] 
    combmeans112[k]=combmeans11[3] 
    combmeans122[k]=combmeans12[3] 
 
 
    combmeans13[k]=combmeans1[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans23[k]=combmeans2[5] 
    combmeans33[k]=combmeans3[5] 
    combmeans43[k]=combmeans4[5] 
    combmeans53[k]=combmeans5[5] 
    combmeans63[k]=combmeans6[5] 
    combmeans73[k]=combmeans7[5] 
    combmeans83[k]=combmeans8[5]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans93[k]=combmeans9[5] 
    combmeans103[k]=combmeans10[5] 
    combmeans113[k]=combmeans11[5] 
    combmeans123[k]=combmeans12[5] 
 
 
    combmeans14[k]=combmeans1[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans24[k]=combmeans2[10] 
    combmeans34[k]=combmeans3[10] 
    combmeans44[k]=combmeans4[10] 
    combmeans54[k]=combmeans5[10] 
    combmeans64[k]=combmeans6[10] 
    combmeans74[k]=combmeans7[10] 
    combmeans84[k]=combmeans8[10]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans94[k]=combmeans9[10] 
    combmeans104[k]=combmeans10[10] 
    combmeans114[k]=combmeans11[10] 
    combmeans124[k]=combmeans12[10] 
 
   
    combmeans15[k]=combmeans1[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans25[k]=combmeans2[15] 
    combmeans35[k]=combmeans3[15] 
    combmeans45[k]=combmeans4[15] 
    combmeans55[k]=combmeans5[15] 
    combmeans65[k]=combmeans6[15] 
    combmeans75[k]=combmeans7[15] 
    combmeans85[k]=combmeans8[15]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans95[k]=combmeans9[15] 
    combmeans105[k]=combmeans10[15] 
    combmeans115[k]=combmeans11[15] 
    combmeans125[k]=combmeans12[15] 
 
 
    combmeans16[k]=combmeans1[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans26[k]=combmeans2[20] 
    combmeans36[k]=combmeans3[20] 
    combmeans46[k]=combmeans4[20] 
    combmeans56[k]=combmeans5[20] 
    combmeans66[k]=combmeans6[20] 
    combmeans76[k]=combmeans7[20] 
    combmeans86[k]=combmeans8[20]   # capturing the combined mean, where nsamp reps are combined, all weighting strategies 
    combmeans96[k]=combmeans9[20] 
    combmeans106[k]=combmeans10[20] 
    combmeans116[k]=combmeans11[20] 
    combmeans126[k]=combmeans12[20] 
 
} 
expected1=mean(sampmean)            #expected mean for one sample, not combining 
 
expected=matrix(0,12,6) 
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expected[1,1]=mean(combmeans11)     #strategy 1 nsamp=2 
expected[2,1]=mean(combmeans21) 
expected[3,1]=mean(combmeans31) 
expected[4,1]=mean(combmeans41) 
expected[5,1]=mean(combmeans51) 
expected[6,1]=mean(combmeans61) 
expected[7,1]=mean(combmeans71) 
expected[8,1]=mean(combmeans81)      
expected[9,1]=mean(combmeans91) 
expected[10,1]=mean(combmeans101) 
expected[11,1]=mean(combmeans111) 
expected[12,1]=mean(combmeans121) 
 
expected[1,2]=mean(combmeans12)     #strategy 1 nsamp=3 
expected[2,2]=mean(combmeans22) 
expected[3,2]=mean(combmeans32) 
expected[4,2]=mean(combmeans42) 
expected[5,2]=mean(combmeans52) 
expected[6,2]=mean(combmeans62) 
expected[7,2]=mean(combmeans72) 
expected[8,2]=mean(combmeans82)      
expected[9,2]=mean(combmeans92) 
expected[10,2]=mean(combmeans102) 
expected[11,2]=mean(combmeans112) 
expected[12,2]=mean(combmeans122) 
 
expected[1,3]=mean(combmeans13)     #strategy 1 nsamp=5 
expected[2,3]=mean(combmeans23) 
expected[3,3]=mean(combmeans33) 
expected[4,3]=mean(combmeans43) 
expected[5,3]=mean(combmeans53) 
expected[6,3]=mean(combmeans63) 
expected[7,3]=mean(combmeans73) 
expected[8,3]=mean(combmeans83)      
expected[9,3]=mean(combmeans93) 
expected[10,3]=mean(combmeans103) 
expected[11,3]=mean(combmeans113) 
expected[12,3]=mean(combmeans123) 
 
expected[1,4]=mean(combmeans14)     #strategy 1 nsamp=10 
expected[2,4]=mean(combmeans24) 
expected[3,4]=mean(combmeans34) 
expected[4,4]=mean(combmeans44) 
expected[5,4]=mean(combmeans54) 
expected[6,4]=mean(combmeans64) 
expected[7,4]=mean(combmeans74) 
expected[8,4]=mean(combmeans84)      
expected[9,4]=mean(combmeans94) 
expected[10,4]=mean(combmeans104) 
expected[11,4]=mean(combmeans114) 
expected[12,4]=mean(combmeans124) 
 
expected[1,5]=mean(combmeans15)     #strategy 1 nsamp=15 
expected[2,5]=mean(combmeans25) 
expected[3,5]=mean(combmeans35) 
expected[4,5]=mean(combmeans45) 
expected[5,5]=mean(combmeans55) 
expected[6,5]=mean(combmeans65) 
expected[7,5]=mean(combmeans75) 
expected[8,5]=mean(combmeans85)      
expected[9,5]=mean(combmeans95) 
expected[10,5]=mean(combmeans105) 
expected[11,5]=mean(combmeans115) 
expected[12,5]=mean(combmeans125) 
 
expected[1,6]=mean(combmeans16)     #strategy 1 nsamp=20 
expected[2,6]=mean(combmeans26) 
expected[3,6]=mean(combmeans36) 
expected[4,6]=mean(combmeans46) 
expected[5,6]=mean(combmeans56) 
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expected[6,6]=mean(combmeans66) 
expected[7,6]=mean(combmeans76) 
expected[8,6]=mean(combmeans86)      
expected[9,6]=mean(combmeans96) 
expected[10,6]=mean(combmeans106) 
expected[11,6]=mean(combmeans116) 
expected[12,6]=mean(combmeans126) 
 
expectedcol=c(expected1,expected[,1],expected[,2],expected[,3],expected[,4],expected[,5],expected[,6]) 
 
means=cbind(combmeans11,combmeans21, 
combmeans31,combmeans41,combmeans51,combmeans61,combmeans71,combmeans81,combmeans91, 
combmeans101,combmeans111,combmeans121, 
combmeans12,combmeans22, combmeans32,combmeans42,combmeans52,combmeans62,combmeans72,combmeans82,combmeans92, 
combmeans102,combmeans112,combmeans122, 
combmeans13,combmeans23, combmeans33,combmeans43,combmeans53,combmeans63,combmeans73,combmeans83,combmeans93, 
combmeans103,combmeans113,combmeans123, 
combmeans14,combmeans24, combmeans34,combmeans44,combmeans54,combmeans64,combmeans74,combmeans84,combmeans94, 
combmeans104,combmeans114,combmeans124, 
combmeans15,combmeans25, combmeans35,combmeans45,combmeans55,combmeans65,combmeans75,combmeans85,combmeans95, 
combmeans105,combmeans115,combmeans125, 
combmeans16,combmeans26, combmeans36,combmeans46,combmeans56,combmeans66,combmeans76,combmeans86,combmeans96, 
combmeans106,combmeans116,combmeans126) 
 
 
variance1=(1/nvar)*sum((sampmean[,1]-expected1)**2) 
 
variance11=(1/nvar)*sum((means[,1]-expected[1,1])**2) 
variance21=(1/nvar)*sum((means[,2]-expected[2,1])**2) 
variance31=(1/nvar)*sum((means[,3]-expected[3,1])**2) 
variance41=(1/nvar)*sum((means[,4]-expected[4,1])**2) 
variance51=(1/nvar)*sum((means[,5]-expected[5,1])**2) 
variance61=(1/nvar)*sum((means[,6]-expected[6,1])**2) 
variance71=(1/nvar)*sum((means[,7]-expected[7,1])**2) 
variance81=(1/nvar)*sum((means[,8]-expected[8,1])**2) 
variance91=(1/nvar)*sum((means[,9]-expected[9,1])**2) 
variance101=(1/nvar)*sum((means[,10]-expected[10,1])**2) 
variance111=(1/nvar)*sum((means[,11]-expected[11,1])**2) 
variance121=(1/nvar)*sum((means[,12]-expected[12,1])**2) 
 
variance12=(1/nvar)*sum((means[,13]-expected[1,2])**2) 
variance22=(1/nvar)*sum((means[,14]-expected[2,2])**2) 
variance32=(1/nvar)*sum((means[,15]-expected[3,2])**2) 
variance42=(1/nvar)*sum((means[,16]-expected[4,2])**2) 
variance52=(1/nvar)*sum((means[,17]-expected[5,2])**2) 
variance62=(1/nvar)*sum((means[,18]-expected[6,2])**2) 
variance72=(1/nvar)*sum((means[,19]-expected[7,2])**2) 
variance82=(1/nvar)*sum((means[,20]-expected[8,2])**2) 
variance92=(1/nvar)*sum((means[,21]-expected[9,2])**2) 
variance102=(1/nvar)*sum((means[,22]-expected[10,2])**2) 
variance112=(1/nvar)*sum((means[,23]-expected[11,2])**2) 
variance122=(1/nvar)*sum((means[,24]-expected[12,2])**2) 
 
variance13=(1/nvar)*sum((means[,25]-expected[1,3])**2) 
variance23=(1/nvar)*sum((means[,26]-expected[2,3])**2) 
variance33=(1/nvar)*sum((means[,27]-expected[3,3])**2) 
variance43=(1/nvar)*sum((means[,28]-expected[4,3])**2) 
variance53=(1/nvar)*sum((means[,29]-expected[5,3])**2) 
variance63=(1/nvar)*sum((means[,30]-expected[6,3])**2) 
variance73=(1/nvar)*sum((means[,31]-expected[7,3])**2) 
variance83=(1/nvar)*sum((means[,32]-expected[8,3])**2) 
variance93=(1/nvar)*sum((means[,33]-expected[9,3])**2) 
variance103=(1/nvar)*sum((means[,34]-expected[10,3])**2) 
variance113=(1/nvar)*sum((means[,35]-expected[11,3])**2) 
variance123=(1/nvar)*sum((means[,36]-expected[12,3])**2) 
 
variance14=(1/nvar)*sum((means[,37]-expected[1,4])**2) 
variance24=(1/nvar)*sum((means[,38]-expected[2,4])**2) 
variance34=(1/nvar)*sum((means[,39]-expected[3,4])**2) 
variance44=(1/nvar)*sum((means[,40]-expected[4,4])**2) 
variance54=(1/nvar)*sum((means[,41]-expected[5,4])**2) 
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variance64=(1/nvar)*sum((means[,42]-expected[6,4])**2) 
variance74=(1/nvar)*sum((means[,43]-expected[7,4])**2) 
variance84=(1/nvar)*sum((means[,44]-expected[8,4])**2) 
variance94=(1/nvar)*sum((means[,45]-expected[9,4])**2) 
variance104=(1/nvar)*sum((means[,46]-expected[10,4])**2) 
variance114=(1/nvar)*sum((means[,47]-expected[11,4])**2) 
variance124=(1/nvar)*sum((means[,48]-expected[12,4])**2) 
 
variance15=(1/nvar)*sum((means[,49]-expected[1,5])**2) 
variance25=(1/nvar)*sum((means[,50]-expected[2,5])**2) 
variance35=(1/nvar)*sum((means[,51]-expected[3,5])**2) 
variance45=(1/nvar)*sum((means[,52]-expected[4,5])**2) 
variance55=(1/nvar)*sum((means[,53]-expected[5,5])**2) 
variance65=(1/nvar)*sum((means[,54]-expected[6,5])**2) 
variance75=(1/nvar)*sum((means[,55]-expected[7,5])**2) 
variance85=(1/nvar)*sum((means[,56]-expected[8,5])**2) 
variance95=(1/nvar)*sum((means[,57]-expected[9,5])**2) 
variance105=(1/nvar)*sum((means[,58]-expected[10,5])**2) 
variance115=(1/nvar)*sum((means[,59]-expected[11,5])**2) 
variance125=(1/nvar)*sum((means[,60]-expected[12,5])**2) 
 
variance16=(1/nvar)*sum((means[,61]-expected[1,6])**2) 
variance26=(1/nvar)*sum((means[,62]-expected[2,6])**2) 
variance36=(1/nvar)*sum((means[,63]-expected[3,6])**2) 
variance46=(1/nvar)*sum((means[,64]-expected[4,6])**2) 
variance56=(1/nvar)*sum((means[,65]-expected[5,6])**2) 
variance66=(1/nvar)*sum((means[,66]-expected[6,6])**2) 
variance76=(1/nvar)*sum((means[,67]-expected[7,6])**2) 
variance86=(1/nvar)*sum((means[,68]-expected[8,6])**2) 
variance96=(1/nvar)*sum((means[,69]-expected[9,6])**2) 
variance106=(1/nvar)*sum((means[,70]-expected[10,6])**2) 
variance116=(1/nvar)*sum((means[,71]-expected[11,6])**2) 
variance126=(1/nvar)*sum((means[,72]-expected[12,6])**2) 
 
variance=c(variance1,variance11,variance21,variance31,variance41,variance51, 
variance61,variance71,variance81,variance91,variance101,variance111,variance121, 
variance12,variance22,variance32,variance42,variance52, 
variance62,variance72,variance82,variance92,variance102,variance112,variance122, 
variance13,variance23,variance33,variance43,variance53, 
variance63,variance73,variance83,variance93,variance103,variance113,variance123, 
variance14,variance24,variance34,variance44,variance54, 
variance64,variance74,variance84,variance94,variance104,variance114,variance124, 
variance15,variance25,variance35,variance45,variance55, 
variance65,variance75,variance85,variance95,variance105,variance115,variance125, 
variance16,variance26,variance36,variance46,variance56, 
variance66,variance76,variance86,variance96,variance106,variance116,variance126) 
 
 
bias= expectedcol-popmean 
 
relbias=(bias/expectedcol)*100 
 
mse= variance + bias**2 
 
cv= (sqrt(variance)/expectedcol)*100 
 
s.e= (sqrt(variance)/sqrt(nvar)) 
 
LB= expectedcol - 1.96*s.e 
UB= expectedcol + 1.96*s.e 
 
result=cbind(popmean,expectedcol,relbias,s.e,cv,LB,UB,mse) 
 
write.table(result,"result_at3_scenario1.txt",sep="\t") 
write.table(meff_var,"meff_at3_scenario1.txt",sep="\t")  
 


