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Abstract

Vaccination is one of the most effective, affordable, and life-saving medical interventions ever created. Child vaccination
is fundamental to building a healthy and welfare society, which is crucial in 2063 African and 2030 global agendas. This
study combines the 2019 Mini Ethiopian Demographic and Health Survey (EDHS) with the 2007 population and housing
census datasets to employ the hierarchical Bayes (HB) small area estimation (SAE) approach for estimating local-level child
vaccination rates. In the HB SAE framework, the deviance information criterion (DIC) was used to select the best candidate
model among the three different models fitted. The logistic normal mixed model with known sampling variance was
chosen over the other two models (Fay-Herriot model and log-normal mixed model). The mean coefficient of variation
(CV) for direct survey-based estimates is 44.41, which is higher than that for the model-based HB estimates at 36.40.
Similarly, the root mean square errors (RMSE) of direct survey estimates are greater than those of the corresponding
model-based estimates. Therefore, the results suggest that the HB estimates show improvement over the survey-based
estimates. This finding also contributes to the sustainable development goal for health (SDG3), which aims to ensure
healthy lives and promote well-being for people around the globe.
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1 Introduction

A vaccine-derived poliovirus is a strain that is connected to the attenuated live poliovirus found in the oral polio vaccine
(OPV). If it persists in under or unimmunized populations or replicates in an individual with a weakened immune system
for an extended period, the weakened virus can mutate into a form that leads to sickness and paralysis [37]. Both the
live attenuated OPV and the inactivated polio vaccine (IPV) are efficient means of controlling and curing poliomyelitis,
an acute viral disease of the human central nervous system [2, 63].

Vaccination is one of the most effective, affordable, and life-saving medical interventions ever created. Child
vaccination is the cornerstone for building healthy and thriving societies. Immunizations and vaccines save the lives
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of almost 4 million people globally each year [16]. An estimated 1.5 million children worldwide die from diseases
that can be prevented with vaccinations each year [81]. The common goal of nations and partners worldwide is to
accomplish much more with these life-saving tools. As per the African Health Strategy [29], Africans have good health
and well-being, a high standard of living, and a high quality of life, which is an African aspiration on agenda 2063 [77].
According to Africa’s agenda for children, every child is vaccinated against vaccine-preventable diseases, including
polio, by 2040 [3]. However, the COVID-19 pandemic has significantly influenced immunization initiatives, which has
negatively impacted the implementation of IA2030 [4]. The Polio Eradication Strategy 2022-2026 of the Global Polio
Eradication Initiative (GPEI) is also specifically in line with IA2030, which aims to protect millions of lives from death.

The total coverage of IPV in sub-Saharan Africa is 73%, and the current global coverage of polio immunization is
85%, falling short of the 90% target [7]. As per the criteria set forth by the World Health Organization (WHO), children
who have received all prescribed immunization doses by the age of 12-23 months are deemed fully immunized
against polio [1, 22].

Like the rest of the world, in Ethiopia, infectious and transmissible diseases are a public problem, which accounts
for about 60-80% of the health problems [35]. In addition, 16% of under-five mortality has been attributed to vaccine-
preventable diseases [32]. The percentage of children aged 12 to 23 months who are fully vaccinated increased by
15%, from 24% in 2011 to 39% in 2016 [38]. In Ethiopia, only 30% of children living in rural areas were fully vaccinated
at the appropriate ages. Furthermore, only 53% of children in rural areas had received the full recommended three
doses of oral polio vaccine (OPV 3) [78].

The Ethiopian Demographic and Health Survey (DHS) collected data at both regional and national levels, providing
crucial socioeconomic indicators [26]. However, there is a need for socioeconomic indicators at the sub-regional
government levels and within the third administration layers, also known as zones, in Ethiopia. These indicators are
essential for identifying specific population subgroups that may not be benefiting from particular development
targets. Using more detailed and precise statistics can lead to the development of more effective policies and
interventions [61, 74].

Conducting surveys in the lower administrative areas of developing countries can be difficult due to logistical
issues such as transportation problems, challenging roads, and long distances between homes [36]. Additionally,
resource constraints such as limited administrative, financial, time, human, and technical resources can hinder data
collection at lower administrative levels, especially in developing countries. These challenges vary across and within
countries and regions, with variations in management practices even within local governments in a single state [15].

To improve the accuracy of estimates from surveys for lower administrative areas, various researchers employed
Small Area Estimation techniques [12, 19, 42, 45, 49, 53, 59]. These techniques involve borrowing strength from
neighboring areas to improve the precision of estimates for target variables in areas with limited sample sizes [23,
59, 64, 86]. In other words, utilizing SAE methods can provide valuable insights at the lower levels of government
officials and policymakers by integrating data from various sources [27, 30]. The demand for SAE is high in both
developed and developing countries because it provides essential information for policymaking at the local level.
SAE approaches are crucial for estimating socioeconomic indicators such as health, education, and environmental
indicators, especially in smaller geographic areas like zones and districts [34, 53, 61] For example, the World Health
Organization (WHO), the World Bank Group, and the International Monetary Fund (IMF) collaborate to disaggregate
DHS data to the third level of government administration [13, 24, 57]. Host countries often ask the DHS Program for
sub-regional indicator estimates to aid development planning and policymaking [62].

The importance of small area estimates for policymakers at smaller administrative levels cannot be overstated.
There are several reasons why they are crucial:

(i) Small area estimates enable policymakers to target interventions and allocate budgets and resources to
disadvantaged areas [79]. For example, our study aimed to identify zones with the highest child vaccination needs.

(ii) They provide detailed estimates for monitoring Sustainable Development Goals (SDGs) [13].

(iii) Small area estimation (SAE) techniques are essential for producing estimates for smaller geographic areas, such
as zones in our case, that surveys are not designed to cover. This is achieved by using auxiliary variables from
census and other administrative data sources [13, 60]. This information is particularly vital for making decisions
at the local level, for example, in our case, zones.

Per our understanding, there is a research gap on applying SAE techniques for fully polio vaccination at the lower
administration level in Ethiopia. While some studies have estimated undernutrition rates among children under the age
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of five [85, 87, 88], there are also studies on food insecurity and mortality rates [67, 68]. Therefore, obtaining information
at the local level is crucial for policy planning and intervention. Our main objective is to estimate fully polio vaccination
of children at the zone level using the HB SAE approach.

2 Method and materials
2.1 Data source and study variables

Ethiopia is divided into nine regions and two administration cities, which are further divided into 83 zones (see
supplementary file S1). Sample survey design only considers the regional and national levels, with no specific allowance
for data collection at the zonal level. This study focuses on the full polio vaccination status of children aged between 12
and 23 months, which was obtained from the 2019 Mini EDHS. The survey used a nationally representative sample to
provide estimates of the vaccination status of children in both urban and rural areas, at the national and regional levels
[26].

To analyze the data, we followed the WHO protocol. The target variable, which is vaccination status, was categorized
as binary. Children were classified as either incompletely vaccinated (missing one or more of the four vaccines or not
receiving any vaccines) or fully vaccinated [28, 52].

Suppose Yj; is a binary outcome (zero for no or incomplete vaccine and one for fully vaccinated child) for individual
childj(j=1,2,...,N)inzonei (i = 1,2,...,m) with N; the population size in zone i. Let the sampled values be denoted

m m
by y;, where n; is the sample size drawn each zone i. Suppose N = Y N;and n = Y n;denote the total population and
i=1 i=1

Ni
total sample sizes, respectively. The aim is to estimate the true area proportions P; in the zone i. Where P, = — ) Y that
j=1

i

N;

in this case, can be estimated from the EDHS data using the direct survey estimator as follows p;, = E”;w Z/L W,y
j=1 "V

where w; represents the survey weight.
The target variable is defined as follows

v, — 1,  If achildis fully vaccinated
i)Yo,  Otherwise

The 2007 census data and the 2019 MDHS data are combined for the applications of SAE techniques. For the analysis
of SAE, auxiliary covariates are taken from the census data to borrow the strength of the estimates [25]. The proportion
of full polio vaccination is the variable of interest at the zones level. The auxiliary variables have been taken in two ways
from the census data via variables related to 12-23 months and parents. For instance, sex (male and female) and ages
(1-2 and 4-5 years) have been taken from children under age five. On the other hand, the auxiliary variables of parents
were sex (male and female), place of residence (urban and rural), age (15-24, 25-34, 35-44 and 45-49), source of drinking
water (improved and unimproved), educational levels (non-educated, primary and secondary and above), literacy (literate
and illiterate), marital status (married, never married and others), type of toilet facility (have toilet facility and doesn’t
have toilet facility), the number of sons died (no died, one died and two and more died), the number of daughters died
(no died, one died and two and more died), the number of families in the household (less than five, and five and more),
and disability (disabled and not disabled), and employment status (government-employed, privately employed, self-
employed, employer, unemployed and other employment) [85].

The Fay-Herriot model being considered in this study is an aggregate level (or area level) model that connects small
area proportions to area-specific auxiliary variables. These models are crucial when unit-level data is not available. As a
result, itis common practice to include area-level aggregated auxiliary variables (such as the proportions of individuals
in each category within specific zones) derived from population census data and administrative records in the process
of fitting SAE models. As highlighted by Rao and Molina [61] and other SAE literatures [34, 74], the success of any model-
based method relies on the availability of good auxiliary data.

To ensure the success of our model-based method, we focused on gathering zonal level predictor auxiliary data. We
first conducted a correlation analysis to identify any covariates that were significantly correlated with children full polio
vaccination, such as proportions of rural place of residence, married marital status, literate, access to improved drinking
water, lack of toilet facilities, private and self-employed employment status, age group (15-24 years), and more than five
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household sizes at zones level. We then used stepwise regression analysis to select relevant auxiliary variables within
the HB-SAE framework for further analysis [41]. To present further evidence of the use of stepwise regression, Chandra
[21] conducted a stepwise regression analysis, while Rao and Molina [61] examined the selection of auxiliary predictor
variables from a set of 42 census variables using backward stepwise regression analysis.

2.2 Small area models
2.2.1 Fay-Herriot model

The Fay-Herriot (FH) model is a fundamental area-level model that relies on direct aggregate area-level survey estimates.
It also includes accessible auxiliary variables that are derived from various secondary sources, primarily census data sets
[20, 30, 34]. As a result, the FH model consists of two components [34, 61]:

1. Sampling model for the direct survey estimates, which accounts for the sampling variability of direct survey estimates
(p;,) of the population parameter P;, which is given by

Piw =Pi+e, i=12-,m (1)

where, p;, is the direct survey-based estimator of P; with E(p,, |P;) = P, and Var(p;, |P;) = D;, P; denotes the true
small area proportion that is to be estimated, €; ~ N(0, D;) are independent and normally distributed sampling error
associated with p;,,

2. Linking model to incorporate area-specific auxiliary variables through a linear regression framework.

The linking model, the second component, connects the population parameter P; to a vector of auxiliary variables
(X)) X;is a k x 1area-specific covariates, often obtained from administrative records or population census. The linking
model is expressed as follows

where, = (4, ---,ﬁp)T is a p X 1unknown regression coefficients and v; ~ N(O, o-f) are independent and identically
distributed area-specific random effects. Random area-specific effects are included in the linking model to account for
dissimilarities between areas. It is common to assume that two random error components follow a normal distribution
and are independent within and across areas (zones). However, a possible limitation of the model (1) is that assuming a
linear linking model with normal random effects may lead to unreliable and unrealistic estimates when the target variable
is proportion. Therefore, the logistic or logit link is preferred to overcome these challenges.

Thus, the linking model is expressed as,

logit(P) =Xp+v (3)
With P; = 2xeXptv) \yhen the small area proportion P; is modeled using the logit function, the estimates always fall

T+exp(X p+v)’
within the permissible range of (0, 1].

2.2.2 Hierarchical Bayes Fay-Herriot (FH) model

Many studies have previously focused on frequentist approaches to SAE model [56, 62, 71, 85]. However, we aim to
compare the performance of different HB estimators to the direct survey estimator using a Bayesian perspective.
In the Bayesian paradigm, model parameters are treated as random variables instead of fixed, unknown values [47,
48]. By applying Bayes' Theorem, we can use prior knowledge about the parameter of interest and model parameters
to obtain a posterior distribution for the parameters based on the likelihood function derived from the data [9, 33,
69, 80]. The HB approach can effectively handle complex small area models using the Monte Carlo Markov Chain
(MCMQ), which overcomes the computational difficulties of high-dimensional integrations of posterior densities.
We explored three models for HB estimations: Model 1, which employed the FH model; Model 2, the FH log-normal
mixed model; and Model 3, the FH logistic-normal mixed model, under the umbrella of the FH model [10, 69, 72, 76].
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The standard SAE under the Fay-Herriot model assumes continuous gaussian response variables, however the
outcome variable in this study is whether or not a child has received full polio vaccinations. Therefore, instead of
using linear modeling that assumes a gaussian normal, a logistic link function is more suited. To capture variability
across the small areas (zones in this case), the HB-SAE method works well for managing logit predictors that can
contain random effects in the link function. For binary outcomes, HB-SAE model is used, developed and built upon
by the previous studies that used the logit link function [74, 75, 90].The binary outcome variable is suitably modeled
using the transformation (logit) function to express the likelihood of success on the log-odds scale. The sampling
and unmatching modeling were also adopted and utilized by the researchers [74, 75, 84, 90].

The following are descriptions of the three models:

Model 1: Fay-Herriot model with known sampling variance.

Sampling model: p,,, /P; ~™ N(P;, 62),i = 1,2, -, m.

Linking model: P;/B, 62 ~™ N(x,p,062),i = 1,2, -, m.

Model 2: Log-normal mixed model with known sampling variance.

Sampling model: p;,, /P; ~" N(P;,62),i = 1,2, -, m.

Linking model: log(P,)/B, o2 ~™ N(x;8,62),i =1,2,++,m.

Model 3: Logistic-normal mixed model with known sampling variance.

Sampling model: p,,, /P; ~™ N(P;, 62),i = 1,2, -, m.

Linking model: logit(P,)/B, c* ~@ N(x;8,62),i = 1,2, ,m.

Both Model 2 and Model 3 are considered unmatched models [54]. The Fay-Herriot model relies on a linear mixed
model that assumes a linear relationship between auxiliary variables, which are borrowed from census datasets, and
direct survey estimates. However, in the two models examined, which use log and logit links, the actual relationship
between these auxiliary variables and the direct estimates is nonlinear. Consequently, these models are referred
to as unmatched [55, 61]. In models 1-3, the sampling model accounts for the sampling variability of the survey
estimates, while the linking model combines the survey estimates with the auxiliary variables.

In the SAE approach, it is known that direct survey-based estimates at the lower administrative level (such as
zones) are often unreliable due to small sample sizes. SAE approaches are typically used to enhance the precision
of these estimates by combining survey data with census or administrative records to leverage information from
related areas. In the HB SAE approach, the HB posterior samples benefit from the prior parameter specification. This
is because priors can help stabilize estimates, particularly in cases where data is limited or noisy, as in SAE. Moreover,
priors enable information to be shared across different areas, thereby enhancing the precision of estimates in areas
with limited data.

Furthermore, conclusions reached from the posterior densities depend on a wide range of prior distributions, it
is important to note that prior distribution selection is a key component of Bayesian analysis. The purpose of non-
informative prior distributions is to enable Bayesian inference for parameters that are largely unknown outside of
the data used in the current research [70, 89, 92]. In accordance with [39] concept, we have taken into consideration
the uniform prior for 0'5, that is Uniform (0, 1000) and distribution of p has been taken to be N(0, 1,000,000) [11].

The rationale for using a normal prior with a large variance (0% = 10°) for the regression coefficients () is that this
large variance effectively flattens the prior distribution. This approach approximates a “no prior knowledge” scenario
while still ensuring computational stability. Additionally, we opted for a prior for the random effects variance (of)
that follows a uniform distribution over a wide interval (0, 1000). This choice ensures that all plausible values of o,
are considered equally likely a priori, avoiding any artificial constraints. This method of selecting diffuse priors is
standard in Bayesian SAE when strong prior information is not available [11].

The posterior distributions of B, cf and vy, v,, -+, v, generated from the MCMC. The HB small area proportion
estimates are computed for all three models using the MCMC techniques, drawing random samples from the
full conditional distributions of posterior quantities [89]. To acquire the results of each HB estimate of the true
proportions P;, we employ 50,000 sampling iterations (the length of each Markov Chain) [89, 91]. The deviance
information criterion (DIC) is used when selecting the best candidate model. The smaller the DIC value, the better
the model. The analysis is performed using the BayesSAE R software package [66].
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2.2.3 Generalized variance function

The generalized variance function (GVF) is used to reduce the uncertainty of the design-based variance estimate in
complex situations [31, 34, 82, 83]. Generally, the usual designed-based estimators have as big variabilities because of
the small sample sizes. For smaller domains (zones), stable estimators play a crucial role. Compared to direct design-
based variance estimators, the GVF produces domain-level variance estimators that are more trustworthy [68]. The bias-
corrected GVF was taken into account for this study by fitting the simple linear regression model which is given as follows:

Yi =By + Bix;+e,i=1,2,---,m, where the dependent variable y; is log(Var(P,)), and the independent variable x; is,
the log(P;) success probability at the zone level. f, and f, are the constant and slope parameters estimates, and

e, ~14 N(0, %) and therefore, the GVF function is GVF = exp(%z)exp(/?1 + Fix;) 167, 68, 82, 83, 85].

In Fig. 1, we can see the comparison between the estimated sampling variance and predicted variances (based on
GVF) versus the direct survey estimates for full polio vaccination rates across the Ethiopian zones. The plot illustrates that
the GVF effectively smooths out the unreliable and noisy estimated variance by reducing the direct survey estimates.
The GVF variance estimates (blue color) and the direct survey variance estimates (red color) shows that the GVF variance
estimates are smaller than the direct survey variance estimates.

2.3 Ethical review

The research used data from the DHS Program. The DHS surveys are conducted following rigorous ethical standards
and protocols. Specifically, the survey instruments and methodologies employed by the DHS have been thoroughly
reviewed and approved by the ICF Institutional Review Board (IRB). Additionally, the IRB of the host country ensures
that these methods comply with local laws and the U.S. Department of Health and Human Services’ requirements for
the protection of human subjects (45 CFR 46). Given that this data has already undergone ethical review, no additional
IRB approval was required for our analysis.

3 Results

The auxiliary variables for the HB-FH model were derived from the 2007 Ethiopian population and housing census
datasets. The response variable used was the proportion of children that had received full polio vaccination obtained
from the 2019 mini-EDHS. The mixed logistic model with known sampling variance was found to be the best model with
the smallest DIC value according to the goodness-of-fit statistics displayed in Table 1.

Table 2 shows the posterior mean, standard deviations and 95% credible intervals for the model parameters of the
mixed logistic model with HB inference. The auxiliary variables, such as the proportions having more than five families
in the household and families living in rural areas were significant predictors for children full polio vaccination.

Fig. 1 GVF for stabilizing the Smoothing the variabilities using GVF
variabilities of direct estimates

— Direct
—— GVF predicted

Variances
000 005 010 015 020 025 030 035

I I I I
0 20 40 60 80

Dispersion plots for GVF fit for polio estimates for smoothing the variabilities
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Table 1 DIC values for the Model DIC
three models

FH model 40.66

log FH model 38.65

Logit FH model 36.560
Ta.ble 2 The poste.rio.r means Auxiliary variables Posterior mean Std. dev Credible interval
with standard deviations and
95% credible intervals for Lower (2.5%) Upper (97.5%)
the model parameters of the
mixed logistic model with HB Intercept —-6.69 4.27 -14.65 2.68
inference Rural 1.99 1.06 0.14 4.31

Improved 1.59 1.50 -1.19 4.08

Literate 4.29 3.81 -4.63 10.97

Married -1.14 1.53 -4.14 1.81

No toilet -0.17 1.54 -3.24 3.05

Private employed 2.34 2.05 -1.54 6.40

Self employed 0.91 1.67 —2.44 3.95

15-24 years age 3.1 2.51 -1.83 7.62

More than five family size —2.64 1.47 —5.88 -1.16

Variance of residual in the linking model 62

0.043 0.033 0.006 0.13

This study used the goodness of fit diagnostic test to determine the statistical significance of HB and survey-based
direct estimates. The null hypothesis was that HB estimates are not significantly different from the direct estimates. The
alternative hypothesis stated that HB and direct survey estimates are statistically different. The goodness of fit diagnostic
test was computed using the Wald statistic (W) test for estimating children full polio vaccination [14, 17]. The Wald statistic
can be calculated as follows:

W Z (directestimate; — HBestimate;)? )
- - Var(directestimate;) + mse(HBestimate;) Am

where mse(HBestimate) is the mean square error (posterior variance estimate). The Wald statistic has a chi-square
distribution (;(jq) with m degrees of freedom (m is the number of zones). The p-value obtained from the Wald statistic
(W) is 0.199, which suggests that we don't have enough evidence to reject the null hypothesis. Hence, the HB and the
direct survey estimates are statistically equivalent, which indicates that the fitted HB SAE model is considered to have
a good fit. When the two estimates, particularly the mean HB estimates and direct survey estimates, are considered
statistically equivalent, it typically means that their statistical mean attributes are comparable. This often indicates that
there should be a reasonable amount of agreement between the direct estimates and the HB estimates.

Figure 2 shows the direct survey and model-based estimates of the children full polio vaccination rates in Ethiopian
zones. The bias diagnostic measure validates the accuracy of the model-based estimates, as outlined by different
literatures [14, 17, 21]. We performed a regression of direct estimates on model-based small area estimates to conduct
the bias diagnostic. This helps us assess the similarity of the model-based estimates (i.e., HB SAE-based estimate) to the
true population values. By placing the model-based estimates on the y-axis and the direct estimates on the x-axis, we
can observe how the small area estimates deviate from the values that the regression line predicts.

As shown in Fig. 2, the small area estimates from the HB model are not as extreme as the direct estimates, which is
the expected result of HB-SAE that tends to reduce extreme values towards the average. Compared to direct estimates,
HB estimates are intended to be consistently unbiased estimate.

Figure 3 displays the credible interval and HB estimates across the Ethiopian administrative zones with increasing
the HB estimates. There is a high degree of assurance in the HB estimations since the HB credible interval for children’s
full polio vaccination is not very wide throughout the zones. This result also shows that there are significant variances
between the administrative zones given that there are no intervals that coincide.
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Fig.2 The direct (red line)

and model-based HB (blue
lines) estimates of children full
polio vaccination coverage

to indicate the consistency of
the two estimates

Fig. 3 Plots of HB estimates
with 95% credible intervals
across the Ethiopian
administrative zones, where
the upper boundary of the
credible interval is marked in
red, the HB estimates in green,
and the lower boundary in
blue

Table 3 Summary statistics of
the CV and root mean square
error for full polio vaccination
coverage among children,
comparing direct and HB
estimates

— y=xline
— Regression line (Direct vs HB estimates)
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Sample size Root mean square error cv
Direct HB Direct HB
Min 5 0.00201 0.0009 447 0.99
1st Q1 16 0.00270 0.0018 31.52 13.54
Median 31 0.00551 0.0021 44.90 14.81
Mean 41 0.00930 0.0023 43.87 14.71
3rd Q3 53 0.01167 0.0028 55.60 16.89
Max 251 0.11103 0.0083 79.61 28.78

The CVs are used to compare the accuracy of different estimates. The CVs display the sampling variability as a
percentage of the estimate. Smaller CVs are preferable and estimates with larger CVs are considered untrustworthy.
However, there are no universally recognized guidelines for determining what is "too large" or "too small." Different
organizations use varying cut-off points for CVs when releasing estimates for public use. For example, the UK’s Office
for National Statistics considers estimates with a CV value of 20% or less to be appropriate [18]. The CV values for the
HB and the direct children full polio vaccination percentage estimations were calculated.

We examined the accuracy of small area estimates generated by the HB-SAE method for children full polio
vaccination. Table 3 summarizes the percentage coefficient of variations (CVs) for both the direct and HB estimates.
In addition, we presented the zonal-wise CVs for both the direct and HB estimates of children full polio vaccination in
Fig. 4 (left). These findings indicate that the CVs of the direct estimates are higher than the CVs of the HB estimates.

Therefore, the estimates acquired through HB are deemed to be more reliable than the direct estimates.
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Fig.4 The model-based HB estimates (blue) and direct estimates (red) for CV and root means square errors across the zones for measuring
the precisions of the estimates

Table 3 and Fig. 4 show that direct survey estimates of the target variables are unstable, with CVs ranging from 4.47 to
79.61%% and an average of 44.90% for direct estimates. However, the CVs for HB estimates have a slight narrow range,
varying from 0.99 to 28.78%. These results suggest that HB estimates are more precise than direct survey estimates.

The root mean square error in the HB-SAE method is used to quantify the uncertainty of model-based estimates. The
smaller root means square error presented in Fig. 4 (right) shows the HB estimates are smaller than the corresponding
direct estimates across the zones. Therefore, the HB estimates are more precise and reliable over the direct estimates,
The model-based HB-SAE methods successfully reduced the uncertainty by using auxiliary variables from the census
data. Therefore, the HB-SAE model estimates has improved in precision compared to the direct survey estimates. The
detailed zonal wise SAE estimations are presented in the supplementary file (52).

4 Discussion

Over the past 40 years, the DHS has been collecting data at the local level rather than just at the provincial and national
policy levels [34]. This has led to an increased demand from countries looking to access local-level data for policy
interventions [50, 62]. To meet this need, researchers have used Bayesian approaches, which are more computationally
feasible than the maximum likelihood approach due to the complexity of the models used in SAE techniques [8, 66]. This
study utilized the HB approach of SAE to produce reliable and representative zonal-level children full polio vaccination
rates for Ethiopia. The analysis used data from the 2019 DHS linked with the 2007 Population Census.

The primary objective of this study was to estimate the proportion of children full polio vaccinations at the zone level
in Ethiopia using the HB SAE approach. The study combined the 2007 population and household census with the 2019
Ethiopian DHS datasets using the HB-SAE modeling framework [25, 26]. This method offers a cost-effective and state-of-
the-art monitoring system for child vaccinations, which can greatly benefit the Ethiopian government and stakeholders.

Our research has aimed to ensure that the estimates of child vaccination obtained through the HB method are
consistent with those obtained through survey-based methods. To achieve this, we conducted a Wald statistic test,
known as the goodness fit test. The results of the test showed that the estimates obtained through the HB method and
direct survey estimates were statistically equivalent [68, 88].

In small area statistics measuring uncertainty of the estimates are crucial. Uncertainty is the degree of variation within
or between the random area effects (zones in this case). To quantify the uncertainty in SAE the root mean square and
confidence intervals are used based on the literatures [17, 61, 73]. Model-based HB-SAE approaches are encouraged
to be used because direct survey based estimations methods are often unstable and unreliable due to small sample
sizes [17, 61, 73, 74]. To assess the uncertainties of the estimates, we employed the root mean square error and model
diagnostics tests, which are in line with earlier study findings for small area estimates [17, 58, 88]. The HB-SAE is employed
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to reduce the uncertainties and produce more precise estimates by borrowing strength from the auxiliary variables and
neighboring areas [17, 46, 60, 61, 73, 74]. In the current study shown in Fig. 4 (right), the root mean square error for model-
based HB estimates are much lower than the corresponding direct estimates indicating more precise estimates of the
mode-based estimates. This is also indicating that the HB estimates of child vaccination are more precise and stable than
survey-based estimates. Similar findings were found in literatures; Anjoy and Chandra [8] conducted a study to estimate
the incidence of poverty in Odisha at a disaggregated level using an area-level HB-SAE model. The results indicated that
the estimates provided by the HB-SAE approach were more accurate than those obtained from direct survey estimates.
For Ethiopian undernutrition survey data for children under five, similar studies employing multivariate, spatial, and
spatiotemporal SAE techniques showed that these model estimates are more accurate and reliable than the equivalent
traditional SAE estimates [87, 88]. According to other research that closely matched the current study on the HB-SAE
model to estimate Community-Based Health Insurance (CBHI) coverage at the zone levels in Ethiopia, the HB-SAE model
is more reliable and precise than direct survey estimates and traditional SAE estimates [70] since the CV for the HB-SAE
is smaller than the corresponding SAE estimates. Our findings are supported by additional research showing that direct
survey estimates typically had higher CVs and root mean square errors than HB estimations [40, 41, 44, 85]. In general,
using auxiliary variables from the 2007 population census significantly improves the precision and accuracy of HB zonal
level estimates of children anemia [61].

Model-based estimates typically enhance precision; however, they can introduce bias due to factors such as model
misspecification. For example, a model like the FH Model 1, which assumes a linear relationship, may result in bias
if the true relationship is nonlinear. We assessed three linking models: normal, log-normal, and logistic-normal, and
observed consistent results, as detailed in Table 1. Furthermore, our analysis revealed that model-based estimates yielded
lower CVs and RMEs compared to direct estimates. Our results suggest that any potential bias is likely minimal and
is overshadowed by the gains in precision. However, we advise caution in relying solely on point estimates without
considering uncertainty intervals. Therefore, we strongly recommend considering uncertainty intervals, such as 95%
credible intervals (as illustrated in Fig. 3), alongside point estimates in decision-making processes.

According to Table 2, the 95% credible interval for the coefficient of the proportional auxiliary variable, which is
the proportions of households in zones having higher proportion of big family, indicating a significant effect on the
vaccination rates of children. This implies that the size of a household plays a vital role in determining the proportion of
households that have received full polio vaccination. Other related studies have shown that as a family’s size increases,
the duration of breastfeeding also increases, but there is a decrease in vaccination coverage [6]. In families with three or
more children, the percentage of unvaccinated children, as per the National Preventive Vaccination Schedule, was higher
than that of families with fewer children [6]. Furthermore, the spread of poliovirus within unvaccinated households varied
greatly across communities with differing vaccination coverage. The community with 70% OPV vaccination coverage
had the highest transmissions, while the 10% coverage had the lowest [5]. These findings imply that the number of
children in a household can affect breastfeeding duration and vaccination coverage. Larger households are associated
with lower vaccination rates. Additionally, the coefficient of the auxiliary variables, which is the proportion rural place of
residence has a 95% credible range that does not include zero. This indicates that living in a rural area has a significant
impact on the vaccination rates of children. Therefore, the rural place of residence is a crucial factor in determining the
percentage of households that have completed full polio vaccination. Studies conducted in different regions have shown
significant differences in vaccination coverage based on the place of residence. For instance, in Ethiopia, vaccination
coverage was significantly higher in the Mettu district compared to the Sinana district [51]. Similarly, the northern
states of Uttar Pradesh and Bihar in India had different associations between polio program exposure and children’s
full immunization status [43, 47]. In Malaysia, the actual vaccination coverage in Kuala Lumpur was much higher than
the estimated coverage, reflecting the success of the immunization campaign in that specific place [65]. These findings
suggest that the place of residence plays a crucial role in determining the percentage of households that have received
full polio vaccination, with variations observed across different regions.

5 Conclusion
In this study, we used the HB-SAE area level model to analyze the variation in children full polio vaccination across
different zones of Ethiopia. For this purpose, we were obtained the target variable from the 2019 DHS dataset, while

the auxiliary variables from the 2007 census dataset. The findings of our study reveal that the zonal level HB estimates
outperform direct estimates in terms of the root mean square error and the CVs of children full polio vaccination.

@ Discover



Discover Public Health (2025) 22:292 | https://doi.org/10.1186/512982-025-00695-3
Research

Based on the findings of the study, the HB-SAE approach is significantly more efficient in generating estimates of
children full polio vaccination at the zonal level. Our research has highlighted the usefulness of this approach in tackling
the problem of small sample sizes to produce precise and less expensive estimates at a disaggregated level from the
current survey.

The Ethiopian government places great emphasis on local administrative planning to tackle health-related concerns.
As zones are a crucial planning domain, having statistics at the zonal level is imperative for policy monitoring and
intervention throughout the country. This outcome contributes to the sustainable development goal for health (SDG3),
which aims to ensure healthy lives and promote well-being for people of all ages.

5.1 Policy recommendations

We recommend targeted strategies for policymakers based on our findings, emphasizing areas of low coverage identified
in our model-based estimates as follows:

Geographically targeted interventions: Our model-based estimates (refer to Supplementary File Two (52)) have
pinpointed specific zones in the Somali and Afar regions, including Afder, Nogob, Korahe, Shabelle, Shinile, Degehabur
among others, where full polio vaccination rates consistently fall below 20%. To address this issue, policymakers should
consider establishing temporary clinics in these areas, particularly in remote and hard-to-reach locations, especially
within pastoralist communities that lack adequate health infrastructure. Furthermore, collaborating with local leaders,
such as religious institutions and kebele administrators, will be crucial in overcoming vaccine hesitancy and fostering
trust in vaccination initiatives.

Strengthening health systems: Health extension workers in Ethiopia are vital to the primary healthcare system,
particularly in rural and underserved regions. The government should prioritize these workers to conduct door-to-door
vaccination campaigns in high-risk areas, using our estimates to allocate resources effectively.

Conflict-sensitive approaches: Since 2020, Ethiopia has experienced internal conflicts. In the conflict-affected areas,
such as all of Amhara and parts of Oromia, Tigray, and other regions, the government should collaborate with NGOs like
the Ethiopian Red Cross to ensure the safe delivery of vaccines.

5.2 Limitations of the study

While our study advances the understanding of polio vaccination rates, there are few limitations that warrant caution.
First, the 2007 Ethiopian Census and the 2019 Mini-EDHS may not fully capture recent demographic changes, such as
urbanization and displacement due to conflict. We recommend that future research explore alternative data sources,
including satellite-derived nighttime lights and mobility data, to more accurately assess these population shifts. Second,
vaccination reporting biases within the DHS may influence direct estimates. Future studies should consider integrating
spatial random effects to reduce bias from unobserved spatial heterogeneity.
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