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ABSTRACT 

Ecological studies naturally result in correlated data. Ignoring these correlations can result in 

biased estimation of ecological effects jeopardizing the integrity of the scientific inference. 

Mixed effects models are likely to appeal to ecologists for handling correlated data (e.g. 

Sileshi, 2008), however careful consideration must be given to the interpretation of the 

parameter estimates from generalized linear mixed effects models with non-identity link 

functions. The objective of this study was to compare the generalized estimating equations 

(GEE) under different correlation structures and suggest appropriate models to describe the 

relationship between soil animal counts and covariates. The GEE with independence, 

exchangeable and AR1 correlation structures were compared using count data set of ants from 

soils under the agroforestry systems in eastern Zambia. The GEE model with AR1 correlation 

structure gave a better description of the data than did the independence and exchangeable 

correlation structures.  

 

1. INTRODUCTION 

 

The most common analyses used for soil animals count consisted of either non-parametric 

tests (Jabin et al., 2004), log-normal least squares regression (e.g. ANOVA), or generalised 

linear model (GLM) with Poisson distribution (Sileshi, 2008). However, such analyses violate 

the independence assumption if the response variable, the number of soil animals, is measured 

repeatedly over time at the same site. Statistical methods that assume independence among 

observations result in optimistic estimates of uncertainty when applied to correlated data, 

which are ubiquitous in applied ecological research (Fieberg et al., 2009). The log-normal 

regression is generally inappropriate for modelling a discrete process. When testing for 
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habitat, land-use or treatment effects, the distributional assumptions made about the response 

variable can have a critical impact on the conclusions drawn. Often data do not support only 

one model as clearly best for analysis (Johnson and Omland, 2004). This raises the issue of 

using appropriate models to assess which ones are adequate for the data and which one could 

be chosen as the basis for interpretation, prediction, or other subsequent use. Liang and Zeger 

(1986) introduced a generalized estimating equation (GEE) approach based on a working 

correlation matrix to obtain efficient estimators of regression parameters in the class of 

generalized linear models for repeated measures data. While GEE allows for specification of a 

working matrix for modelling within-subject correlations, it is very important to correctly 

specify the variance and correlation structure for efficient estimation (Leung et al., 2009; 

Wang and Carey, 2003; Wang and Lin, 2005). According to Wang and Lin (2005) correct 

specification of the variance function can improve the estimation efficiency even if the 

correlation structure is misspecified. According to Leung et al. (2009) the efficiency of a GEE 

estimate can be seriously affected by the choice of the working correlation model. Therefore, 

the objective of this study was to compare the generalized estimating equations (GEE) under 

different correlation structures and suggest appropriate models for the analysis of soil animal 

count data. 

 

2. MATERIALS and METHODS 

 

2.1. Sources of data 

 

The data used in this study were collected from agroforestry systems in eastern Zambia. 

These were reported elsewhere (Sileshi and Mafongoya, 2007; Sileshi, 2008). The data 

collected were used to quantify temporal variations in macrofauna in relation to different 

land-use categories (Sileshi and Mafongoya, 2006). A total of 356 soil samples were collected 

from maize grown using leguminous agroforestry species and continuous monoculture maize 

four times between December 2003 and February 2005 at Msekera and Kalunga sites. A 

stratified-random sampling procedure was followed when sampling the agroforestry 

according to tree species, which differed in the quality and quantity of their organic inputs. 

Five treatments were compared in the agroforestry system: maize monoculture, maize grown 

after pure species fallows of four legume species, namely, Gliricidia sepium, Acacia 

anguistissima, Leucaena collinsi and Calliandra calothyrsus. The treatments were replicated 

three times. The samples were collected using a soil monolith (25 cm   25 cm and 25 cm 
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depth) placed over a randomly selected spot (Swift and Bignell, 2001), and driven into the 

soil to ground level using a metallic mallet. From each soil monolith, macrofauna were hand-

sorted to a family or order level and numbers recorded. The data collected contains six 

different soil animals, however in this paper only the results of ants will be discussed. 

Because repeated observations were recorded on the same site, one might expect observations 

from the same site to be more similar than observations from different sites. 

 

2.2. Generalized estimating equations 

 

Since the seminal publication of Liang and Zeger (1986) several approaches have been 

developed to improve the technique. The literature on GEE is extensive and the basic ideas 

can be found in Ziegler et al. (1996), Greene (1997), Hardin and Hilbe (2002), Fitzmaurice et 

al. (2004) and (Molenberghs and Verbeke, 2005, Chapter 8) . 

 

Let ijY be the average number of ants in site i  at month (i.e. time) j , n.1i ;m1j i ,,,,    

Assume ~ijY  Poisson ( ij ), and therefore the mean and variance of ijY  are equal to ij . 

Following Fitzmaurice et al. (2004), in the matrix notation the systematic part of the model is 

given by 

βXη ii         (1) 

where β is a 1p vector of regression parameters and iX  is an pmi   matrix holding the i th 

individual covariate values at each of im response times. The relationship between the 

conditional mean with respect to the explanatory variables, iX (i.e. the expected value of ijY  

for a given iX ), and the systematic component has the same form as in GLM models and 

hence we use 

ijiij )|E(Y X  and ,iβX )g( ij      (2) 

where (.)g  is the link function. The conditional variance structure of ijY is given by 

),v()Var(Y ijiij X|       (3) 

where v(.)  is the variance function and   is the scale parameter or overdispersion parameter 

which we need to estimate. Choosing 1  and ijij)v(   gives the variance structure of 

Poisson GLM. The next step for GEE analysis is to specify an association structure between 
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ijY  and ikY , where j  and k  are two different sampling months on the same site. Depending 

upon the type of data, continuous, count or binary, there are many ways of defining the 

structure such as unstructured correlation, auto-regressive correlation and exchangeable 

correlation structure. 

 

The estimates for regression parameters in β  are obtained by solving  

,
i

0μYΣD  



n

1
ii

1
ii ))((       (4) 

where the )'
iimY,,i2Y,i1(Yi Y  denotes the response vector for subject (site) i (at each 

of im observation times) and contains all the longitudinal data from site i , βμD  ii is an 

pmi   matrix of first-order derivatives of the iμ  (= ),f( i βX  represents the mean response as 

a function of covariates) with respect to β , 21
ii

21
ii )()( ARAΣ   is the variance-

covariance matrix of subject i  and iA  are diagonal matrices containing the variances. The 

working correlation matrix )(i R  describes within-subject dependencies. The )(i Σ  is 

usually modelled by adopting a common form for the variance based on an appropriate 

member of the exponential family. Therefore, when the distribution of the response variable is 

a member of the exponential family we do not need all the details of the probability 

distribution in order to estimate the regression parameters β , only its mean and variance. 

However, we have to determine what form )(i R  takes, this means that we choose a 

correlation structure (e.g. exchangeable correlation or auto-regressive correlation) that closely 

describes what is observed in the response data.  

 

The equation in (4) is solved numerically by iteration that consists of the following steps: 

Step 1: For a given   and   (and therefore )(iΣ̂ , an estimate of )(iΣ ), obtain an estimate 

for the regression parameters. 

Step 2: Given the regression parameters, update   and   (and therefore )(i Σ̂ ). 

Step 3: Iterate between steps 1 and 2 until convergence. 

 

At convergence, the estimated regression parameters are nearly equal to the population 

parameters, i.e. consistent, and identically normally distributed with mean β (see 

Molenberghs and Verbeke, 2005, page 159) and has a covariance matrix 
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where  



n

1i
i

1
ii )( DΣDB  and i

1
i

n

1i
i

1
ii )()Cov()( DΣYΣDM   



 . The 

empirically corrected estimate for )Var(β̂  is obtained from replacing in (5) )(i Σ  by its 

estimate )(i Σ̂  and )Cov( iY  by the covariance matrix )')(( iiii βXYβXY ˆˆ  . The chosen 

correlation structure )(i R  is then used in the covariance matrix, resulting in the sandwich 

estimate or the robust variance estimate. The diagonal element of this matrix can be used to 

obtain the standard errors of the regression parameter estimates. For many statistical packages 

this is the default estimate that is displayed in the standard error column of the summary table 

of the model. 

 

A correlation matrix )(i R  can be selected as follows. Fit a series of models that differ only 

in the choice of correlation matrix )(i R ; all of the remaining features of these models are 

the same. For each model compare the sandwich variance estimates with the model-based 

variance estimates. The model whose sandwich variance estimates most closely resembles its 

model-based variance estimates is the one with the best correlation matrix )(i R . 

The analyses were carried out using the R language and environment for statistical 

computing. 

 

3. RESULTS and DISCUSSION 

 

We have assumed the relationship between the mean ij and the covariates is given by  

  .e ijTreatment3
2
ijMonth2ijMonth10

ijij)E(Y


  

 

Further, we used the variance of the observed data as ijiij )Var(Y X| . We used three 

different working correlation assumptions: independence (equivalent to GLM), exchangeable 

(equal correlation among all observations from the same site) and an auto-regressive with 

order 1 (AR1) structure (i.e. serial dependence). The three GEE models yielded similar 

conclusions regarding the effect of covariates and also agreed well with the relationship 

79



 

 

estimated from the generalized linear mixed model (GLMM). The parameter estimates from 

the fitted GEE models were relatively insensitive to the assumed correlation structure as the 

correlations were close to 0 (Table 1). 

 

Table 1. Estimates of regression parameters and standard errors (SE) for models fit to the ants 

average count data. Generalized estimating equation (GEE) regression models were fitted 

using independence, exchangeable and AR1 working correlation structures (GEE-IND, GEE-

EXC and GEE - AR1, respectively) and the GLMM model was fit using a random intercept 

for site. 

Parameterǂ GEE-IND GEE-EXC GEE-AR1 GLMM 

Intercept 

Treatment 2 

Treatment 3 

Treatment 4 

Treatment 5 

Month 

Month2 

 

Correlation 

CIC 

C.crit 

 0.384 (0.862) 

-1.039 (0.048) 

-1.039 (0.752) 

-0.257 (0.178) 

-0.927 (0.135) 

 1.103 (0.432) 

-0.268 (0.062) 

 

NA 

2.59 

9.04 

 0.394 (0.861) 

-1.035 (0.046) 

-1.035 (0.742) 

-0.256 (0.176) 

-0.923 (0.135) 

 1.098 (0.431) 

-0.267 (0.063) 

 

-0.012 

2.57 

8.80 

 0.440 (0.865) 

-1.046 (0.042) 

-1.005 (0.723) 

-0.252 (0.175) 

-0.878 (0.145) 

 1.037(0.443) 

-0.255 (0.065) 

 

-0.036 

2.50 

8.53 

0.369 (0.401) 

-1.039 (0.220) 

-1.039 (0.220) 

-0.257 (0.170) 

-0.927 (0.211) 

1.103 (0.341) 

-0.268 (0.070) 

 

 

 

 
ǂ 

Treatment 1 = maize, Treatment 2 = Gliricidia sepium, Treatment 3 = Acacia anguistissima, Treatment 4 = Leucaena collinsi Treatment 5 
= Calliandra calothyrsus, and Month2 = Month × Month. 

 

The naïve standard errors of the parameter estimates are slightly greater than the sandwich 

estimates in all three models (the results are not given here). To compare the models we use 

the correlation information criterion (CIC) of Hin and Wang (2009). As was discussed above 

we can also use the naive (i.e. model-based) and robust (i.e. sandwich) variance estimates to 

select a correlation model. The model whose robust variance estimates most closely 

resembles its naive variance estimates is the better correlation model. To obtain a single 

summary statistic for this comparison we use the entire parameter covariance matrix and sum 

the absolute differences between the naive and robust covariance matrices (C.crit in Table 1). 

The sum of the absolute differences between the naive and robust covariance estimates is 

smallest for the AR1 correlation structure. This is consistent with the CIC conclusion.  
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As the AIC of the GLM (i.e. Poisson) regression model (results are not given here) is greater 

than that of the GLMM regression model, it indicates that GLMM should be preferred. Thus 

we have evidence for observational heterogeneity, a conclusion that is consistent with the 

GEE model selection results that favoured an AR1 correlation structure over independence. 
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