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Abstract
Survey estimates play a vital role in policy decision-making at the national and regional levels. Small area
estimation (SAE) for aggregated area-level data is commonly employed under the Fay–Herriot model with
independently and identically distributed area effect assumption. However, the presence of a spatial
in�uence between adjacent or surrounding regions cannot be ignored in various applications, which is not
handled by this approach. Simultaneous autoregressive speci�cations take into account spatial
connection as well as spatial correlation effects between neighboring areas. In addition, the prior
parameter information is required to maximize the e�ciency of direct survey estimations. The study
aimed to use Bayesian spatial statistics under the Fay-Herriot model to improve direct survey estimates
of undernutrition in Ethiopia. Markov Chain Monte Carlo (MCMC) algorithms were applied for
implementing the Bayesian spatial FH model. The diagnostic measures are demonstrated to examine the
model assumptions and reliability and validity of the generated model-based small area
estimates. Bayesian spatial SAE has a lower percent coe�cient of variation (CV) than the corresponding
direct survey estimates of undernutrition. Therefore, model-based estimates are more precise, e�cient,
and adequate than the corresponding estimates for all target variables (stunting, wasting, and
underweight) in almost all zones for children under �ve. The zonal level undernutrition estimates
produced by the Bayesian spatial SAE methods provide invaluable information to policy analysts and
decision-makers. 

1. Introduction
Small area estimation (SAE) is typically developed to challenge unreliable and large variances of direct
survey estimates due to small sample sizes (Rao and Molina 2015). Because SAEs are widely used in the
public and private sectors, the demand for appropriate disaggregated level statistics from sample surveys
has risen in recent decades. The SAE technique is designed primarily to generate reasonable estimates of
target variables for small domains and reduced unreasonably large sampling errors. Because of the
sample size issue, direct survey estimation methodologies are insu�cient for generating disaggregated
or small domain level estimates. As a result, SAE approaches offer a practical solution to generate
credible estimates at a disaggregated level by borrowing strength from other relevant sources such as the
census (Jin et al. 2018; Chandra, Salvati, and Chambers 2018; Pfeffermann and Ben-Hur 2018; Anjoy and
Chandra 2019). The SAE approaches given prior information for the parameters, called Bayesian
approaches, are studied by different scholars (Jin et al. 2018; Zhang and Bryant 2020; Moura and Migon
2002; Kubacki and Jedrzejczak 2016; Ghosh 1992).

The hierarchical Bayesian methods of the Fay-Herriot model were proposed by (Ghosh 1992), and the
Bayesian spatial SAE framework was further studied by (Anjoy and Chandra 2019; Kubacki and
Jedrzejczak 2016; Moura and Migon 2002; Anjoy and Chandra 2021; You and Zhou 2011). It has been
found that Bayesian spatial approaches of SAE to the problem of small sample sizes for unplanned
domains have several advantages over direct survey estimates (Anjoy and Chandra 2019). In model-
based estimations, Bayesian spatial Fay-Herriot model, random area effects are signi�cant in capturing
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the residual uncertainty of the small area estimates; the synthetic regression model does not explain that.
Independent assumptions may not always be valid when random effects are linked. We considered the
spatial random-effects models, including the popular simultaneous autoregressive models, as
alternatives to the Fay-Herriot model. We implement Bayesian spatial SAE on non-informative priors for
model parameters to overcome the problems of small sample sizes (Anjoy and Chandra 2021; You and
Zhou 2011).

In this study, the 2016 Ethiopian demographic health survey (DHS) z scores of undernutrition (stunting,
wasting, and underweight) in children under �ve were taken. The World Health Organization (WHO)
established new child growth standards, including standardized measurements of stunting (height-for-
age), wasting (weight-for-age), and underweight (weight-for-height) (De Onis 2006).

According to works of literature, an estimated 144 million and 47 million children under the age of �ve are
stunted and wasting, respectively (De Onis 2006). Asia and Africa were home to most of the world's
stunted, underweight, and wasted children under �ve (UNICEF, WHO, and World Bank 2020). In Ethiopia,
38%, 10%, and 24% of children under �ve were stunted, wasted, or underweight (CSA and ICF 2016; Tekile,
Woya, and Basha 2019).

Several researchers studied undernutrition at the regional and national levels (Amare et al. 2016; Endris,
Asefa, and Dube 2017; Gebre et al. 2019; Tadesse and Alemu 2015; Teshome et al. 2010; Woodruff et al.
2017; Yeshaw et al. 2020; Tekile, Woya, and Basha 2019). Only planned domains at the national and
regional levels were considered in these studies. Estimates of undernutrition in the unplanned domains
such as zones (the third administrative layer) in Ethiopia can be helpful for the government, policymakers,
stakeholders, and so on. Due to the small sample size, the usual direct estimates obtained from the
sample surveys cannot be employed at the zonal level (Rao and Molina 2015).

Over the previous two decades, periodic surveys in Ethiopia have been undertaken over broad
geographical areas to meet the goals, resulting in precise direct survey estimates (national and regional
levels). However, the survey overlooked smaller geographical areas such as zones, which are crucial for
policy formulations. Therefore, zones are unplanned domains that have a small sample size. The zones
are the third administrative layer of the Ethiopian government, where operational planning, resource
allocation, and health care execution occur (Woldie, Jirra, and Azene 2011; Kitaw et al. 2012). Zonal
governments serve as a bridge for woredas (districts) and higher governmental structures. As a result,
addressing the problem of undernutrition and its variations among administrative zones will better
understand the country's health priorities for children under the age of �ve (Kitaw et al. 2012; Fenta,
Zewotir, and Muluneh 2021). These would signi�cantly aid zonal health departments in making informed
decisions and taking action in planning, monitoring, and evaluating health initiatives at the zonal level
(Corsi et al. 2010; Chandra, Salvati, and Chambers 2015). As a result, estimates of undernutrition
indicators at the zonal level are a considerable bene�t for legislative bodies, policymakers, and monitors
at all levels of government. This study aims to improve the direct survey estimates of the z scores of
undernutrition for under-�ve children in Ethiopian zones using Bayesian spatial Fay-Herriot models. In this
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study, the Bayesian spatial FH model estimates of undernutrition are applied for the �rst time in Ethiopia.
The approach is based on survey data from Ethiopia's 2016 DHS program, linked to the 2007 population
census.

2. Methods And Materials

2.1. Data Sources and Study Variables
Ethiopia is organized into nine regions and two administrative cities, which in turn are divided into 83
zones. By integrating the features of interest from the 2016 survey with the 2007 census data, we used
the Bayesian spatial Fay-Herriot model to estimate the z scores of undernutrition (stunting, wasting, and
underweight). The DHS is a nationwide household survey that includes critical demographic and health
indicators to monitor and assess population, health, and nutrition initiatives. DHS data is collected using
standardized questionnaires that produce various data �les (CSA and ICF 2016). This study combined
the 2016 Ethiopian DHS and 2007 census data. The census is a big data source since it is a total
enumerations of the population and housing census data (Ghosh, Nangia, and Kim 1996; Maples 2017;
Checchi et al. 2022; Marchetti et al. 2015). These datasets are collected by Ethiopia's central statistical
agency (CSA 2007; CSA and ICF 2016).

2.1.1 Spatial data
We matched all household characteristics to the global positioning system (GPS) point data for each
sampled urban-rural cluster household. For con�dentiality reasons, the GPS urban/rural locations have
been masked (Burgert et al. 2013). Urban household clusters were displaced up to 2 km and rural
residence clusters up to 5 km in small-area administrative units, with 1% of rural clusters displaced up to
10 km (Burgert et al. 2013).

2.1.2 Sampling design
In the 2016 Ethiopian DHS sample, a two-stage stratifying sampling method was used to reach all nine
regions, two administration cities, and urban and rural areas. A total of 21 sampling strata were identi�ed.
In two stages, samples of enumeration areas were selected independently from each stratum. At each
lower administrative level, implicit strati�cation and proportional allocation were achieved (CSA and ICF
2016)

645 enumeration areas were chosen randomly in the �rst stage in each stratum with a probability
proportional to the size of the enumeration area. There were 202 enumeration areas planned for urban
and 443 enumeration areas for rural areas. In the second stage, an equal probability systematic selection
was used to choose 28 households per cluster from newly formed household lists. Height and weight
measurements for z scores of undernutrition were obtained from children aged 0 to 59 months (CSA and
ICF 2016).

2.2. Small Area Estimation under Fay Herriot Model
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Let be the number of small areas (zones in our cases), yi be the direct survey estimates of the population
parameter θi for the area . Moreover, let xibe a p × 1 vector of auxiliary variables for the area often taken
from the census records (Rao and Molina 2015; Yilema et al. 2022b). The general Fay-Herriot model,
which is proposed by (Fay and Herriot 1979), is given as follows

The �rst model (1) is the sampling model, which accounts for the sampling variability of the direct survey
estimates yi of the population parametersθi. The second model (2) is the linking model, which links the
population parameter θito the known auxiliary variables. The Fay-Herriot model is a small-area
estimation model at the area level that combines the two models described below.

yi = xt
iβ + νi + ϵi………..……………………………………. (3)

Where β are the regression coe�cients of the auxiliary variables, νi being the area of random effects that

are independently and identically distributed (i. i. d) with E(νi) = 0 andvar(νi) = σ2
νIm, and the

sampling variance ϵi are independently distributed with mean zero and variance σ2
ϵi

, ϵi ∼ N(0, σ2
ϵi

).

The two random errors ϵi and νi are independent of each other within and across the areas (Fay and

Herriot 1979; Rao and Molina 2015; You and Zhou 2011; Yilema et al. 2022a). The sampling σ2
ϵi

(

i = 1, ⋯, m) is known but practically calculated from the survey data. The matrix notation of the Fay-
Herriot model is given by

y = θ + ϵ = xβ + ν + ϵ⋯⋯⋯⋯⋯⋯⋯⋯⋯⋯⋯⋯⋯⋯⋯⋯(4)

Where y = (y1, ⋯, θm)T is the m × 1 vector of direct survey estimates, θ = (θ1, ⋯, θm)Tis the m × 1
vector of population parameters, x = (x1, ⋯, xm)T is the m × p matrix of auxiliary variables, 

ν = (ν1, ⋯, νm)Tis the m × 1 vector of random area effects with mean zero and variance σ2
νIm, and 

ϵ = (ϵ1, ⋯, ϵm) is m × 1 vector of sampling errors with ϵ ∼ N(0, Σϵ), where Σϵ= 

diag{σ2
ϵi

, 1 ⩽ i ⩽ m} is the design variance. Therefore, the variance-covariance matrix of the vector y is 

Var(y) = V = σ2
νIm + Σϵ, Im is m × m the identity matrix.

2.3. Bayesian Spatial Small Area Estimation
The underlying assumption in the Fay-Herriot model is that direct survey estimates from diverse local
areas are uncorrelated (Anjoy and Chandra 2021). In practice, however, the boundaries that constitute a
small region are often arbitrary, and there appears to be no convincing reason why neighboring areas
should not be correlated. As a result, it is common to presume that the effects of nearby small areas, as



Page 6/22

determined by a contiguity requirement, are correlated (Chandra, Salvati, and Chambers 2015; Pratesi and
Salvati 2008; Petrucci et al. 2006). Small area modeling enhances model accuracy by including spatial
information between surrounding areas. As a result, the so-called SAR error process is frequently used to
combine spatial data into a linking model with spatial dependence in error structure. Let us de�ne the
random area impact that we want to achieve.

ν = (Im − ρW) −1μ……………………………………………………(5)

Here μ = (μ1, …, μm)T is a vector with E(μ) = 0 and covariance matrix σ2
μIm, which Im indicates the 

m × m identity matrix and σ2
μ is an unknown parameter. With the assumption that the matrix (Im − ρW)

is non-singular and {\mathbf{\nu }} is mean E({\mathbf{\nu }})={\mathbf{0}} and variance
var({\mathbf{\nu }})= G = \sigma _{\nu }^{2}{[({{\mathbf{I}}_m} - \rho {{\mathbf{W}}^T})({{\mathbf{I}}_m} -
\rho {{\mathbf{W}}^T})]^{ - 1}}. The proximity matrix W is de�ned in row standardized form, i.e., W is row
stochastic in \rho \in ( - 1,1) the SAR parameter (Petrucci et al. 2006; Yilema et al. 2022c). \rhois the
spatial autoregressive coe�cient, which quanti�es the intensity of the geographical link, and
{\mathbf{W}} is the proximity or contiguity matrix that speci�es the relation of random effects from
surrounding areas. The simplest way to de�ne spatial interaction between areas neighboring domains is
to use a contiguity matrix W. The choice of proximity matrix has been employed in a number of studies
(Chandra 2013; Anjoy and Chandra 2019).

The following two-stage models are given the Bayesian spatial FH model version of the general FH model
(Fay and Herriot 1979).

Sampling model: {\mathbf{y}}|{\mathbf{\theta }},{\mathbf{\beta }},\rho ,\sigma _{\nu }^{2}\sim
N({\mathbf{\theta }},{{\mathbf{\Sigma }}_\epsilon }) ……………………………………………. (6)

Linking model: {\mathbf{\theta }}|{\mathbf{\beta }},\rho ,\sigma _{\nu }^{2}\sim N({\mathbf{X\beta }},
{\mathbf{G}})……………………………………………… (7)

Where β is the -component regression coe�cient vector \sigma _{\nu }^{2} is the model-based random
component variance and \rhois the spatial autocorrelation that captures the strength of spatial
dependence. The matrix notation of the Bayesian spatial Fay-Herriot model is given in analogs to the Fay
Herriot model in model (4) as

{\mathbf{y}}={\mathbf{x\beta }}+{({{\mathbf{I}}_m} - \rho {\mathbf{W}})^{ - 1}}{\mathbf{\nu }}+\epsilon
\cdots \cdots \cdots \cdots \cdots \cdots \cdots \cdots \cdots \cdots \cdots \cdots \cdots \cdots
\cdots \cdots (9)
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Where the notations {\mathbf{y}},{\mathbf{x}},{\mathbf{\beta }},{\mathbf{\nu }},\epsilon are the same as
the notation in model (4), \rho is the simultaneous autoregression parameters, and
{{\mathbf{I}}_{\mathbf{m}}} are the m \times m identity matrix.

2.3.1 Parameter estimations using MCMC
To estimate the characteristics parameter of interest (undernutrition), we apply a hierarchical Bayes (HB)
approach using the Gibbs sampling method for the Bayesian spatial FH model. Accordingly, the potential
Bayesian analog of the FH model can be suitably considered rather than its frequentist version (Gelman
et al. 2006). This article mainly used the HB spatial method to employ the Gibbs sampling method. In the
HB spatial method, together with the prior distribution of the parameters, prior of the hyper-parameters
(model parameters) are also speci�ed. Inferences are made from the posterior distributions. In estimating
a parameter, posterior means are computed, and posterior variance is used to measure errors or
uncertainties. HB spatial method can effectively deal with complex small area models using the Monte
Carlo Markov Chain (MCMC) method, which overcomes the computational di�culties of high-
dimensional integrations of posterior densities (Anjoy and Chandra 2021; Gelman et al. 2021; Anjoy and
Chandra 2019; Moura and Migon 2002).

The priors are also another crucial component in Bayesian analysis. The uniform prior (8) on the model
parameters is a popular non-informative prior (Chung and Datta 2020; Shi 2018). The priors are chosen
based on works of literature as standard normal distributions for {\mathbf{\beta }} uniform distribution
for \rhoand \sigma _{\nu }^{2} (You and Chapman 2006; Shi 2018; Arima et al. 2017). Bayesian spatial
small area predictors of {\mathbf{\theta }}and {\mathbf{\beta }} can provide good starting values for the
MCMC procedure (Shi 2018; Gelman et al. 2021). In this work, the coe�cients of the synthetic regression
model are used as the initial values {\mathbf{\beta }}, where the response vector is the direct survey
estimates regressed on the design matrix in the linking model (Gelman et al. 2021).

3. Results
In this model, 41 auxiliary variables (proportions) taken from the 2007 population census of Ethiopia
were considered (Ghosh, Nangia, and Kim 1996; Marchetti et al. 2015; Checchi et al. 2022). However,
suitable variables were chosen using stepwise regression analysis. For z scores of stunting, age groups
of 15–24 years, children aged 4–5 years, non-disabled parents, other marital status (divorced or
widowed), unemployed, illiterate, and no death of a family's females were chosen. The z scores of
wasting were age groups 15–24 years, children aged 4–5 years, other marital status (divorced or
widowed), children aged 2–3 years, government employment, and death of just one daughter in a
household. For z scores of underweight, the number of children under the age of �ve, other marital status
(divorced or widowed), married, employer, government employee, and better water facility were chosen.

3.1. Model Diagnostics
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Even though the diagnostic measures in the Fay-Herriot model are not advanced, two diagnostic criteria
are commonly used: the model diagnostic and the small area estimates diagnostic (Anjoy and Chandra
2021; Anjoy, Chandra, and Basak 2019). The �rst diagnostic method is used to prove the model
assumptions. In contrast, the second diagnostic method is used to validate the reliability of model-based
small area estimations of undernutrition produced by the Bayesian spatial Fay-Herriot model. Random
area effects should have an independent and identical normal distribution with mean zero and constant
variance in the commonly used Fay-Herriot model. However, in spatial models, random area effects (i.e.,
m-zonal effects) are randomly correlated.

The bias scatter plots of undernutrition indicators for the direct survey and model-based estimates are
shown in Fig. 1. Bias diagnostics are used to determine if model-based estimations of undernutrition are
more or less extreme than direct survey undernutrition estimates. Plots showing direct survey estimates
on the vertical axis against Bayesian spatial small area estimates on the horizontal axis, with the �tted
regression line safe for divergence and tested for intercept =0 and slope =1 (Brown et al. 2001; Chandra,
Salvati, and Chambers 2015). The results in Fig. 1 reveal that the Bayesian spatial small area estimates
are not as extreme as the direct survey estimates, implying that the Bayesian spatial Fay-Herriot model
approach reduced more extreme values toward the average. The regression line is linear and parallel to
the identity line (y=x) for actual values. As a result, if the small area estimates are near-real values, the
regression of the direct survey estimates on the Bayesian spatial Fay-Herriot model estimates is
essentially identical. For most zones, Bayesian spatial small area estimates of undernutrition are aligned
with the line, showing that they are designed unbiased (Guha and Chandra 2021b; 2021a).

The direct survey estimates and Bayesian spatial small area estimates of undernutrition under the
Bayesian spatial Fay-Herriot model are shown in Fig. 2. We can observe that the model-based estimates
are slightly smoother than the direct survey estimates. This is because of the auxiliary variables linked to
the direct survey estimates using the Bayesian spatial Fay-Herriot model (Molina and Marhuenda 2015).
According to the outcomes of both estimations, the direct survey estimates are compatible with the
Bayesian spatial small area estimates of undernutrition under Bayesian spatial Fay-Herriot models
(Molina and Marhuenda 2015).

3.2. Improvements in Direct Survey Estimates
Table 1 shows the Bayesian spatial SAE and direct survey estimates of undernutrition for children under
�ve. The Bayesian spatial Fay-Herriot model technique is used in this study to produce Bayesian spatial
small area estimates of undernutrition for several zones in Ethiopia. Direct survey undernutrition
estimates are produced to compare with Bayesian spatial small area estimates of undernutrition.

The coe�cient of variation (percent CV) is one of the key criteria for determining which model has the
best performance and the most reliable estimates. Estimates with a lower percent CV are more precise
and reliable than those with a higher percent CV. However, estimates with a higher percent CV are
unreliable (Hossain et al. 2020; Chandra, Aditya, and Sud 2018). The percent CV of direct survey
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estimates for stunting, wasting, and underweight varies from 3.26 to 22.30, 3.40 to 24.32, and 3.84 to
34.02, respectively. The percent CV of Bayesian spatial small area estimates for stunting, wasting, and
underweight varied from 0.79 to 6.02, 0.74 to 4.47, and 0.84 to 5.56, respectively, according to the
summary data in Table 1.

The percent CV of Bayesian spatial SAE techniques is often lower than those of direct survey estimates
of undernutrition. As a result, Bayesian spatial small area estimation strategies increase the precision and
reliability of direct survey estimates (Brakel and Boonstra 2021; Guha and Chandra 2021a; Rahman,
Moloy, and Salan 2021; Guha and Chandra 2021b). Furthermore, the �ndings imply that estimating
undernutrition with a Bayesian spatial Fay-Herriot model signi�cantly improves the e�ciency of the
model-based estimates over direct survey estimates.

Table 1
Percentage CV of Bayesian spatial SAE and direct survey estimates of undernutrition

Statistic stunting Wasting Underweight

Direct

estimate

Bayesian
estimate

Direct
estimate

Bayes
estimate

Direct
estimate

Bayes
estimate

Minimum 3.260 0.79 3.84 0.74 3.40 0.840

1st
quartile

5.295 1.275 5.665 1.220 6.71 1.445

Median 7.300 1.820 7.900 1.710 9.00 1.900

Mean 8.971 2.134 9.034 1.905 10.68 2.254

3rd
quartile

11.110 2.485 10.770 2.250 12.79 2.725

Maximum 22.300 6.020 24.320 4.470 34.02 5.850

Figure 3 shows the percent CV of undernutrition indicators for both model-based and direct estimates.
The percent CV examines the precision of the model-based Bayesian spatial small area estimates. The
percent CV of direct survey estimates in (Fig. 3) is substantially larger than the comparable model-based
Bayesian spatial small area estimates under the Bayesian spatial Fay-Herriot model. Estimates having a
lower percent CV are often thought to be more precise and reliable (Chandra, Aditya, and Sud 2018;
Hossain et al. 2020; Chandra 2013). The maximum percent CV of direct survey estimates is 22, 24 and 34
for stunting, wasting and underweight, respectively. At the same time, Bayesian spatial small area
estimates for stunting, wasting, and underweight have maximum values of about 6, 4.5, and 5.85,
respectively.

Table 2 shows the e�ciency bene�t of Bayesian spatial small area estimates in the percent CV over direct
survey estimates of undernutrition. The e�ciency improvement in percent CV was recorded with minimal
values of 68.73, 73.84, and 69.11 for stunting, wasting, and underweight, respectively. At the same time,
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the maximum e�ciency gains in percent CV were 82.38, 84.65 and 84.55 for stunting wasting and
underweight, respectively. These �ndings reveal that Bayesian spatial Fay-Herriot models signi�cantly
improve direct survey estimates.

Table 2
Summary results of e�ciency gain in the percent CV
of Bayesian spatial SAE over direct survey estimates

of undernutrition
Statistic stunting Wasting underweight

Minimum 68.73 73.84 69.11

1st quartile 75.47 77.89 77.77

Median 76.29 78.61 78.62

Mean 76.13 78.68 78.58

3rd quartile 77.06 79.30 79.70

Maximum 82.38 84.65 84.55

The interpretations of the root MSE of undernutrition are similar to the CV's couterparts. Figure 4
displayed the root MSE of undernutrition with comparisons of direct and Bayesian spatial FH model-
based estimates. The large standard errors of the direct survey estimates are reduced by using the model-
based Bayesian spatial small area estimates. Thus, one of the primary motivations of small area models
is achieved.

Figure 5 shows the map of Bayesian spatial small area estimates of undernutrition using the Fay-Herriot
model. The map shows undernutrition estimates for all stunting, wasting, and underweight throughout
Ethiopian zones. In particular, the maps show the unequal distribution for all three undernutrition
indicators at the zonal level in Ethiopia.

4. Discussion And Conclusion
This article provides the zonal level estimates of undernutrition in Ethiopia using the 2016 DHS survey
and the 2007 population census (CSA and ICF 2016). Bayesian spatial SAE model was applied to
improve the direct survey estimates of undernutrition by combining the two datasets. The demand for
small area estimations is increasing nowadays (Rao and Molina 2015). There is, however, a relatively
little study in Ethiopia on SAEs using the Bayesian spatial SAE approach. As a result, this work intended
to increase direct survey estimates of undernutrition by using Bayesian spatial SAE approaches for
unplanned areas (zones in our instance).

Different kinds of literature examine the model diagnostics of SAE models (Anjoy and Chandra 2021;
Chandra 2013; Hossain et al. 2020; Chandra, Aditya, and Sud 2018). This study used a similar model
diagnostics approach for the spatial SAE model in a Bayesian framework. Therefore, the model



Page 11/22

assumptions and Bayesian spatial small area estimates are valid (Hossain et al. 2020; Chandra, Aditya,
and Sud 2018; Anjoy and Chandra 2021; 2019; Petrucci et al. 2006; Brown et al. 2001).

The direct survey estimates have a higher percent CV than Bayesian spatial small area estimates. For
stunting, wasting, and underweight, the model-based Bayesian spatial small area estimates reduced the
variability of the direct survey estimates from 22.3 percent to 6.02 percent, 24.32 percent to 4.47 percent,
and 34.02 percent to 5.85 percent, respectively. The spatial random effects, prior information provided,
and auxiliary information from the census data are all explored in the literature (Trevisani and Torelli
2017; Chandra 2013; Fay and Herriot 1979; Trevisani and Torelli 2007) and are responsible for the
reductions in large standard errors. This is one of the bene�ts of using Bayesian spatial SAE to address
the issue of small sample sizes for estimating the extent of unplanned domains (zones). Bayesian
spatial small area models provide a more comprehensive set of tools to handle complex and more
realistic models and get reliable measures of variability (Iriondo-perez, Sukasih, and Harter 2018; Anjoy
and Chandra 2021; 2019; Zhang and Bryant 2020; Kubacki and Jedrzejczak 2016; Moura and Migon
2002).

The precision of direct survey estimates is improved using Bayesian spatial Fay-Herriot models.
Compared to direct survey estimates, the e�ciency increase in percent CV due to the use of Bayesian
spatial small area estimate is relatively substantial. In terms of the percent CV, the Bayesian spatial small
area approaches had a mean e�ciency gain of 76.13 percent, 78.68 percent, and 78.58 percent over
direct estimates for stunting, wasting, and underweight, respectively. As a result, compared to direct
survey estimates of undernutrition for children under �ve, the Bayesian spatial SAE methods deliver the
most precise and suitable estimates.

The maps depict the spatial distribution of all undernutrition indicators at the country's zonal level, based
on the estimates provided. The most stunted children are clustered in the country's North East, North
West, and southern regions. On the other hand, most wasted children are concentrated in the country's
North East, Eastern, and South East regions. Similarly, most of Ethiopia's underweight children live in the
north, North East, Western, and Southern regions.

We can overcome small sample size concerns by obtaining cost-effective and reliable disaggregated level
estimates from existing survey data by combining survey data and adopting SAE techniques under the
Bayesian spatial Fay-Herriot model. This analysis also illustrates the bene�ts of using Bayesian spatial
small area estimations over the direct survey estimates of undernutrition. A disaggregated level estimates
of undernutrition for children under �ve are extremely useful for policy development and resource
allocation to Ethiopian zones and the Ethiopian governments at large. Different stakeholders, government
ministries, and non-governmental organizations can use the estimates and spatial maps provided by the
model-based Bayesian spatial Fay-Herriot model estimates for policy planning and decision making. In
addition, the results can provide for international organizations in their policy planning to formulate
effective action plans to achieve the 2030 sustainable development goals.
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Figure 1

Bias diagnostic plots of stunting, wasting and underweight: Bayesian spatial SAE with y = x line (red
line). 
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Figure 2

Zonal-wise direct and Bayesian spatial small area estimates
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Figure 3

percentage CV of direct and model-based estimates for stunting, wasting and underweight 
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Figure 4

The root MSE of undernutrition with decreasing sample sizes
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Figure 5

Model-based Bayesian spatial Fay-Herriot model undernutrition estimates for Ethiopian zones.


