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Abstract 

Background: Childhood anaemia is highly prevalent in Nigeria. According to the 2015 Nigeria 

Malaria Indicator Survey (NMIS) report, more than 68% of children aged 6-59 months were found 
to be anaemic. This estimate is far above the World Health Organization’s 40% cut off point which 
classifies anaemia a severe public health challenge in the country. Identifying environmental, 
health, socioeconomic and demographic influential factors and mapping the prevalence of anaemia 
can help guide geographically targeted intervention programmes to reduce the risk of anaemia 
associated morbidity among vulnerable children in Nigeria.  

 Methods: Geographically linked national level datasets obtained from the 2015 Nigeria 
Demographic and Health Survey (NDHS) and Malaria Indicator Survey (NMIS) programmes were 
used for this study. For the analysis, a binary structured additive regression (BSAR) model was 
explored. This model incorporated a Markov Random Field (MRF) prior, with posterior 
parameters estimated via Bayesian framework.  
 
Results: After accounting for the spatial heterogeneity, we found a strong negative association 
between the odds of anaemia and the child’s demographic variables in terms of increasing age and 
being female. Increased odds of anaemia were also associated with child’s malaria and fever status, 
living in a rural environment, lower household wealth quintile, having younger and illiterate 
mothers. We also found that a decreased distance to vegetated areas was associated with increased 
childhood anaemia risk, while the odds of anaemia decreased as cluster altitude increased at 95% 
credible interval. The maps of the posterior means of the spatial random effects revealed evidence 
of spatial variation in the odds of childhood anaemia, while accounting for the model covariates 
(Fig. 4). Greater risk of anaemia was observed for children who resided in Adamawa, Ebonyi, Edo, 
Cross river, FCT, Jigawa, Kaduna, Kano and Kebbi states in Nigeria.  

Conclusions: In this study, a binary structured additive regression model was utilized, allowing 
for a flexible semiparametric predictor that accounted for the effects of different types of 
covariates, while simultaneously incorporating spatial variables directly. Our results revealed 
significant spatial variability of childhood anaemia, suggesting that spatially targeted interventions 
could result in efficiency gains for anaemia control in Nigeria. 
 
 Keywords: Empirical Bayesian method, Childhood anaemia, Markov random field models, 
Structured additive, Spatial epidemiology  
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Background 

Anaemia is considered a severe public health problem in sub-Saharan African countries, including 

Nigeria, where it primarily affects preschool children under the age of five years (Under-5s) as 

well as pregnant women [1]. Anaemia is challenging to address due to the endemicity of 

malnutrition and malaria in most of these countries [1]. For children under 5 years of age (under-

5s), anaemia disease is a major cause of morbidity and mortality [1]. According to the 2015 Malaria 

Indicator Survey report, the prevalence of anaemia is extremely high in Nigeria, about 68% of the 

children aged 6-59 months were found to be anaemic [2]. This estimate is far above the World 

Health Organization’s 40% cutoff point, which classifies anaemia as a severe public health 

problem in the country [1, 2]. Anaemia has continued to threaten the health and wellbeing of 

millions of Nigerian children, inducing heavy economic burden to the nation  [1-5]. Among the 

well documented consequences of childhood anaemia include impaired cognitive development, 

impaired immune functions, increased susceptibility to infectious diseases, impaired motor 

development, poor performance in pre-school, and short or long term mortality in acute severe 

cases of anaemia [1, 6-12]. 

The causes of anaemia are multifactorial and interlinked, over 45% of anaemia cases are 

due to iron deficiency, although, the proportion varies among population, location  as well the 

prevailing local conditions [1, 6, 11].  The non-communicable (e.g., malnutrition) and 

communicable diseases (e.g., malaria and neglected tropical diseases) are also main known 

contributors [1, 4, 13-18]. In Uganda,  population based cross-sectional studies revealed  that low-

level of iron intake and malaria were the two major causes of childhood anaemia [9, 19]. Studies 

from other African countries have also demonstrated that the likely cause of childhood anaemia 

varies depending on the area of the world in which the child lives, although infectious diseases 
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such as malaria, helminth infections, HIV, and tuberculosis are also important causes of anaemia 

[3, 8, 9, 16, 20, 21]. It was revealed that the prevalence of anaemia is highly  associated with 

changes in malaria transmission, that malaria and anaemia are inextricably related,  so children 

who are anaemic are at a great risk of death, and greater risk if it is combined with malaria [4, 15, 

22-24]. A combination of malnutrition [19, 21, 25, 26] and other infectious diseases such as 

diarrhea, fever and intestine helminth [23, 24, 27-32], as well  differences in socioeconomic, 

environmental and genetic factors  have been found to influence anaemia and its etiology [4, 25, 

28, 33].  Several authors have also established a link between the childhood anaemia outcome and  

household socioeconomic status, low maternal education attainment, less nurturing child-rearing 

environments, younger maternal age, non-exposure to mass media as well as number of household 

members  [3-5, 8, 10, 20, 28, 30, 33-36]. Studies have consistently reported that children who 

reside in rural areas, belonging to poorer family and whose mothers have no formal education are 

at a greater risk of anaemia [4, 10, 25, 28, 35].   

Severe anaemia cases can be influenced not only by individual and household factors, but 

also by environmental determinants [25, 28]. The exposure to many of these conditions may be 

determined by anthropogenic environmental factors (i.e., human impacted habitat conditions) such 

as sanitation, urbanisation, and overcrowding as well natural environmental factors such as 

elevation, rainfall, enhanced vegetation index, cluster altitude, temperature, and water availability 

[25]. Anaemia indicators are likely to vary between locations given the geographical variability of 

its major determinants. This property instigates a challenge to decisions around efficient allocation 

of public health services and resources to reduce the burden of disease in high risk populations 

[33]. The application of spatial epidemiological approaches has been useful for identifying areas 

where the risk of diseases is very high and for highlighting areas where interventions must be 
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enhanced. Spatial epidemiological approaches have been utilized to investigate childhood anaemia 

prevalence in many of the sub-Sharan African countries [10, 14, 25, 28, 32-34].  

Mapping of anaemia prevalence based on Bayesian spatial models that include 

environmental drivers of the disease has not been widely studied in Nigeria. Previous studies in 

Nigeria have well documented the nonspatial factors affecting  childhood anemia, the studies were 

limited to small sample data using hospital-based data and community-based surveys, which do 

not generally represent national level information on childhood anaemia prevalence [15, 23, 37-

39], others were majorly on the prevalence of anaemia among pregnant women [29, 40-46]. 

However, very few studies that did venture into spatial analysis using national level data did not 

explore the impacts of  geospatial-environmental covariates on childhood anaemia prevalence [4, 

5]. Despite the public health significance of anaemia in Nigerian children, its broader study and 

important preventable risk factors remain largely unexplored using nationally representative data.     

To gain a more comprehensive understanding of the distribution of childhood anaemia in 

Nigeria and to examine its important determinants, nationally representative data must be used. It 

is imperative to assess the combined effect of geographic, environmental, health and 

sociodemographic factors that may explain the distribution of anaemia using geographical 

information system (GIS) and model-based Bayesian geostatistical methods [47-49]. Given the 

relationships between environmental factors in malaria transmission, along with the indirect 

associations of many environmental factors with anemia through malaria transmission, anaemia 

can as well be strongly influenced by environmental conditions [17, 25, 28].  

In this study, we used nationally representative NMIS and NDHS datasets to-quantify the 

geographical disparities in childhood anaemia prevalence in Nigeria and to investigate the role of 

environmental, health, socioeconomic and demographic factors on the anaemia prevalence among 
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children aged under 5 years. Geospatial-environmental covariates such as population density, 

enhanced vegetation index (EVI) and proximity to the permanent waters (coast or large lakes), 

were included in our study, specifically due to the relative lack of literature that explores their 

impact on anemia prevalence. We employed a structured additive regression (STAR) models for 

the anaemia binary response, that allowed for a flexible semiparametric predictor in order to 

account for the effects of different types of covariates. Using this model, the study simultaneously 

accounted for the nonlinear effects of continuous covariates, spatial effects of state of child’s 

residence as well as usual linear effects of the covariates in a unified model framework. The 

outcomes of this research can help inform the design intervention and control programmes that 

may be required to address not only anaemia prevalence, but also malaria prevalence across all the 

states of Nigeria.  

Methods 

Study area and data 

Nigeria is a very large landlocked country located in sub-Saharan Africa, comprising of 37 

geographical states with Abuja as the Federal Capital Territory (Fig.1). These states are within the 

six main geographical regions (Fig 1). According to the  last census (2006), Nigeria has a total 

population of 140,431,790 inhabitants, and an area of  923, 768 square kilometers with a 

population density of 226 inhabit./km2 [2, 50]. The country has a tropical climate of wet and dry 

seasons driven by the movement of the two dominant-winds; the rain-bearing southwesterly winds 

and the cold, dry, and dusty northeasterly winds, normally called the Harmattan [2]. The country 

is characterized with a diverse climate and topography, encompassing uplands of 600m - 1,300m 

in the North Central Zone, east highlands, and lowlands 20m   in the coastal areas, additional 

lowlands extend through the Sokoto plains to the Borno plains in the north, the coastal lowlands 
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in western Nigeria, and the Cross-River basin in the east. The highland areas of the country include,  

the Jos, and Adamawa highlands in the north, which expand down to the Obudu Plateau and Oban 

Hills in the South-South Zone [2]. Other topographic features include the Niger-Benue Trough 

and Chad Basin.   

The 2015 Nigeria Malaria Indicator Survey (NMIS) 

 The anaemia data on children aged 6-59 months used in this study were collected  from the 2015 

Nigeria Malaria Indicator Survey (NMIS) programme within the Demographic and Health Survey 

(DHS) programme [2, 50]. The 2015 NMIS  is the latest  national level survey that was designed 

to provide information on basic indicators of child health, prevalence of anaemia as well as malaria 

[2]. The enumeration areas (EAs) based on the 2006 population census of the Federal Republic of 

Nigeria, were the primary sampling units (PSUs) for the survey. The PSUs were designed to 

provide separate estimates for the key indicators for each of the 37 states in Nigeria including the 

Federal Capital, Abuja (Fig.1). The survey adopted a stratified two-stage cluster design, where a 

total of 333 clusters (including 138 clusters in urban and 195 clusters in the rural areas) was chosen 

in stage 1 [2]. In the second stage of sampling, a systematic sample of 25 households (HHs) was 

selected on the average for each cluster [2]. The survey provided geocoded data for individual 

survey clusters (enumeration areas (EAs)) and using the GPS coordinates for the DHS survey 

clusters, the observed anaemia prevalence for each cluster was subsequently linked to the 

geographical information provided by a map object in boundary [50]. But, for the respondent’s 

privacy, the coordinates of the 333 Nigeria’s DHS clusters were randomly displaced by 5km in 

rural areas and 2km in urban areas [2, 50]. Detailed information about the NMI and DHS survey 

can be found online (http://www.measuredhs.com). 

Study variables 

http://www.measuredhs.com/
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Response variable 

The  response variable is the anaemia status of children  under the age of 5 years in Nigeria 

extracted from the  2015 Nigeria Malaria Indicator Survey (NMIS) [2]. During the Survey, all 

children aged 6-59 months were eligible for anaemia test [2]. Blood samples were collected by a 

child’s finger or heel-prick to estimate the level of hemoglobin level via the HaemoCue system 

and the results obtained after the test was  recorded in the Biomarker Questionnaire [2]. The 

World Health Organization (WHO) recommended specific Hb levels at which a child is classified 

as having anaemia, children aged 6 to 59 months old are considered anaemic if  the Hemoglobin 

(Hb) concentration levels are below 11.0 g/dL [1]. For the purpose of this research, the anaemia 

outcome  was re-coded as a binary variable where 1 signifies positive outcome and 0 otherwise for 

6065n   children aged 6-59 months [2]. More detailed information on the anaemia testing data 

can be obtained from (http://www.measuredhs.com). 

Explanatory variables 

Health, socioeconomic and demographic covariates 

The NMI survey used a Household Questionnaire to obtain basic demographic information on 

the characteristics of each person listed in the household, including age, sex, education, and 

relationship to the head of the household [2]. Data on age and sex were used to identify women 

who were eligible for the individual interview. Other information collected under this 

questionnaire were the socioeconomic, health information and characteristics of the household 

possessions, including household wealth index, type of toilet facilities, housing material, 

availability of mosquito net, use of mosquito nets and many more. Additionally, the Woman’s 

Questionnaire obtained information on all women aged 15-49 [2]. The information under this 

category comprised information on the following main topics (1) education, (2)  child malaria 

http://www.measuredhs.com/
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status (3) child fever status and (4) information on malaria treatment and many more [2]. Due to 

the strong association between malaria and anaemia, the 2015 NMIS included malaria testing for 

children aged 6 to 59 months using finger or heel prick blood samples, the information was also 

recorded using Biomarker Questionnaire [2]. 

  The literature review helped us to choose typical individual-level child and maternal 

demographic factors, socioeconomic status, health status of the children and other household level 

covariates used as predictor variables in our analysis. These variables include: (1) Child-specific 

factors such as: sex of the children (male=Ref or female), the age of children in months 

(continuous), child has malaria (yes=Ref or no) and the child’s fever status (yes=Ref, or no). For 

maternal and household characteristics, we included: Mother’s education attainment coded as (no 

education=Ref, primary, secondary or higher education), the mother’s age (continuous), ethnicity 

(Hausa/Fulani, Yoruba, Igbo and Others= Ref), type of place of residence (urban=Ref, or rural) 

and household wealth index. We adopted the DHS standard household wealth index factor 

obtained through principal component analysis (PCA) and categorized into Quintiles as 

(lowest=Ref, second, middle, fourth and highest). More information on the 2015 NMIS survey 

data may be obtained from [2, 50].    

Environmental data (the DHS’s geospatial covariates) 

We examined effects of environmental factors on the distribution of childhood anaemia in Nigeria 

using geospatial covariates data obtained from the 2015 NDHS Spatial Analysis repository [50], 

these are a standardized set of datasets extracted from publicly available remote sensing sources 

[50, 51]. From the literature, there is an indirect association of the environmental factors with 

anemia through the malaria transmission and a relative scarcity of literature examining such 

covariates in the context of anemia prevalence in Nigeria. For example, rainfall creates conditions 
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that allow enough surface water for mosquito breeding and is often studied for its effects on the 

transmission of malaria [52]. However, research on direct interactions between rainfall and anemia 

is limited. Like rainfall, vegetation cover linked to population data has been identified as a 

predictor for malarial transmission, studies have shown that the risk of dense vegetation cover near 

households as a facilitates malaria transmission [52, 53]. Moreover, intestinal parasites and 

helminth infections thrive under good environmental conditions such as temperature and adequate 

soil moisture, these infections cause blood loss and development of iron deficiency anaemia in 

children if not properly treated [25, 28]. Based on the combined results from a wide range of 

literature [14, 24, 25, 28, 33, 34], we felt that it is necessary to include geospatial environmental 

covariates as part of our analysis and these covariates included the DHS Program’s rainfall 

covariate, defined as the average rainfall of the cells whose centroid falls within a radius of 10 km 

(for rural points) or 2 km (for urban points), Enhanced Vegetation Index (EVI) covariate, Cluster 

altitude, land surface temperature (LST) and proximity to water bodies (rivers, coast or large 

lakes). Table 1 shows information on the data sources and the description of the selected variables, 

further definitions for the  covariates can  be found in the DHS geospatial covariate report [54]. 

Statistical methods 

Model description  

This study investigates the effects of covariates on the childhood anaemia prevalence and describes 

the spatial patterns of the childhood anaemia, given that the anaemia observations were clustered 

in a connected geographical state where each of the children reside. 

  Let iy  be the anaemia status of  the child i  at geographical location , 1, 2,3....,37is s  . 

We define the response 1
i

y   if a child’s anaemia outcome is positive and 0iy   otherwise. Thus, 



10 

 

iy  is a Bernoulli outcome with an expected probability of positive anaemia outcome as ip . This 

outcome can be modelled using the logistic regression model of the form; 

| ~ ( )
i i i

y Bernoulli p                                                                                                          (1) 

where, the probability of positive anaemia outcome   exp( )
1|

1 exp( )
i

i i i

i

p p y



 
     

 and i  

represents the predictors.  

However, to model the effects of different types of covariates, we employed a structured 

additive regression model to extend the common linear predictors in Equation (1)  to a more 

general and flexible, semiparametric predictor [49, 55]. This allows us to account for the effects 

of different types of covariates,  such as plausible nonlinear effect of continuous covariates, the 

usual linear effects as well as the spatial effects in this form [55]; 

0
1

log ( ) ( ),
1

q

i
i i j ij spat i

ji

p
f f s

p
    



 
      
                                                                (2) 

where, 0  denotes the overall intercept,   represent the vector of fixed effects covariates, 

including: child’s malaria RDT outcome, child’s fever status, type of toilet facility, land surface 

temperature, wealth index, mothers’ level of education, ethnicity and type of place of residence. 

These variables correspond to the usual parametric linear part of the predictors 

1 2( , ,......., )
i i i ip

     . The j
f  components represent possible smooth functions for the nonlinear 

effects of  the continuous covariates ij
 which includes: the child’s age, the mother’s age, the 

cluster altitude, proximity to water bodies, population density, enhanced vegetation index and 

rainfall, modelled nonparametrically using P-splines, while spat
f  represents the possible nonlinear 

spatial effect parameter used to capture the unobserved spatial heterogeneity in the geographical 

location 
i

s . These spatial components can be viewed as proxies for  many important unobserved 
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influential covariates, some of them have strong spatial structures (correlated) and some may only 

be present locally within the states (uncorrelated) [56]. The spatial effect spat
f   can be decomposed 

into spatially  structured (correlated) and spatially unstructured (uncorrelated)  random effects 

known as convolution-prior in disease mapping literature, and can be incorporated simultaneously 

in the model as ( ) ( ) ( )
spat i spatstr i spatunstr i

f s f s f s  [55-57]. The spatially structured  effect spatstr
f aims 

at capturing the spatially dependent heterogeneity and can be modelled by a Markov random field 

(MRF), while the spatially unstructured spatial effect spatunstr
f  aims at capturing the local effects 

and can be modelled using a random effect term for the states in Nigeria [56].  

 The fundamental idea of the structured additive regression model is to approximate any of 

the nonlinear effects using the linear combination of basic functions (B-spline), such that;  

1

( ) ( )
L

l l

l

f B  


                                                                                                                   (3) 

where  ( )
l

B    represent the basis functions and l   is the corresponding basis coefficients. For 

better implementation of the model, we cast all the effects into a generic form such that all the 

unknown functions can be appropriately expressed as a product of regression coefficients [58]. 

This was realized by rewriting the structured predictor in (2) in the form of; 

1 1 2 2 .... ....
l l spat spat

                                                                                          (4)                                                                                         

which reduces to  P  , where 1 2( , , ,....., )
spat

P      represent suitable design matrices for 

each of the fixed effects, nonlinear effects as well as the spatial effects, while  

1 2( , , ,...., )
spat

       is a high dimensional vector of coefficients [55]. The components 

1 2, ,.... ,....,
l spat

     as well as 1 2, ,.... ,....,
l spat

     are defined such that 
l l l

f   . Similarly, we 

rewrite the spatial component ( )
spat i

f s  to represent ( )
spat i spatstr spatstr spatunstr spatunstr

f s      [58].  
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Prior assumptions on functions and model parameters 

For the fixed effect parameter ,  we assumed an independent diffuse prior ( ) .p const    

For the continuous covariates, we employed a Bayesian P-splines introduced by [55, 59], 

as a Bayesian analogue of the P-splines [60]. A P-spline is basically a polynomial spline 

approximation of smoothing functions [60]. For each of the continuous covariates ,l an x  degree 

P-splines approximation  is given by; 

1

( ) ( )
lc

l l lc lc l

c

f B  


                                                                                                             (5)                                                                                                                        

where, ,min 0 1 , 1 ,max...
l l l l k lk l

           are equally spaced knots of l  domain. Following 

[59] specification, such P-splines can be presented as a linear combination of the lC k x   basis 

functions cB , such that the estimation of the function lf  can be reduced to the estimation of vector 

1( ,...., )
l l l l

c  β  of unknown regression parameters [61]. In this study, we employed a cubic 

spline with 29 knots combined with the second order random walk (RW2) model for estimating 

the regression coefficients 1( ,...., )
l l l l

c  β . The second order random walk can be expressed as: 

, 1 , 22
lc l c l c lc

m                                                                                                             (6) 

where , 2~ (0, )lc lm N   for 0c   and the diffuse priors 1l  and 2l  are used as initial values, 

respectively .    

 For the spatial effect ( )
spatstr i

f s , a Gaussian Markov Random Field (MRF) prior was 

adopted [61-63]. The specification of MRF assumes that two geographical states 
i

s  and j
s  are 

neighbors if they share a common boundary [64]. Defining ( ), 1,2,....
spat spat i

f s s S   , the MRF 

prior for the evaluation of the structured spatial effect can be defined as; 
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2( )
( ) | ( ), ( ) | ( ), ~ ,

i

j s i ii

spatstr j spatstr

spatstr i spatstr j i j spatstr i spatstr j j s

s s s

s
s s s s s s s N

N N

 
   



 
     

 
    (7)                                 

where, 2
spatstr

 is the spatial dispersion parameter, 
is

N  is the number of neighboring states, and 

ij s
s   denotes that state j

s  is a neighbor of state 
i

s  [56]. For the unstructured heterogeneity, an 

exchangeable Gaussian prior was assumed, where 2~ (0, )
spatunstr spatunstr

N   [56, 61].  

General structure of the priors 

To establish specific estimation of the functional properties of the model such as smoothness 

function in the case of nonlinear and spatial effects, we adopted a Bayesian approach where 

suitable prior distributions are assigned to the vectors of the regression parameters in (4). 

Generally, this can be realized in the form of global smoothness prior for l  in this form; 

2 '

2

1
( | ) exp

2
l l l l l

l

p K   


 
  

 
                                                                                         (8) 

where, 2
l represents the prior variance that acts as an inverse smoothing parameter and  determines 

the tradeoff between flexibility and smoothness, while 
l

K  is the prior precision or penalty matrix 

that shrinks the parameters towards zero. The penalty matrix also penalizes large abrupt jumps 

between neighboring coefficients of l . In some cases, the penalty matrix 
l

K  may be rank 

insufficient. The prior distribution of the vector l  will be partially improper, but for the empirical 

Bayesian inference, the prior variance 2
l  will be considered to be an unknown constant which 

may be determined using penalized likelihood estimate or restricted maximum likelihood (REML) 

[65]. 

Empirical Bayesian inference 
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For our analysis, we relied on the empirical Bayesian approach that  treats the smoothness variance 

2
l  as a fixed unknown parameter and to be computed from the corresponding marginal posterior 

[58]. Estimation was thus inherently reduced to an iteration  between optimizing a penalized 

logistic likelihood, including variable selection [55, 58, 61, 66, 67] and numerical determination 

of the smoothing variances by an approximate restricted maximum likelihood estimation (REML) 

[55, 58, 68]. The penalized likelihood estimation of the  structured additive regression coefficients 

was implemented in R2BayesX-in R software, a public domain software for Bayesian analysis [55, 

58, 67, 69] and the computation of conditional confidence bands was based on the Markov chain 

Monte Carlo (MCMC) algorithm subsequent to variable selection procedure [58]. 

The model comparison using the goodness of fit criterion 

To decide whether the spatial effects are needed, and which models fitted our data better, two 

different models were constructed and compared. Model I included all the selected covariates with 

no spatial effect and Model II accommodated all the selected covariates with both spatially 

structured and unstructured random effects (convolution model). The models were compared using 

two goodness of fit criterion, including the Akaike’s Information Criterion (AIC) and the 

Generalized Cross-Validation (GIC) model based on the residual sum of squares, where smaller 

values of AIC  or GIC signifies a better model  [55, 61, 70, 71].  

Results  

Sociodemographic Information: 

Table 2 summarizes the sociodemographic characteristics of all the 6065 Nigerian children aged 

6-59 months included in the study. The mean age of the children was 33.0 months with a standard 

deviation (SD) of 15.49.  Both genders were equally presented with 3079 (50.7%) being boys 

and 2992 (49.3%) being girls. Most of the children were above 25 months of age, and more than 
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half of them were living in the rural areas at the time of the survey. In terms of mother’s educational 

level, almost half of the mothers had no previous education. The household income distribution 

showed that 1244 (20.5%) of the children belonged to lowest wealth Quintiles and in overall, 4150 

(68.4%) children aged 6-59 months of the 6065 children were found to be anaemic.   

Result of the model comparison  

Table 3 presents the results of model comparison. Evidently, based on the Akaike’s Information 

Criterion (AIC) and the Generalized Cross-Validation (GIC) model, Model I have AIC = 2973.41 

and GIC = 1.11302, while Model II have AIC = 2960.69 and GIC = 1.10913, suggesting that the 

combined effects of covariates with both spatially structured and unstructured random effects was 

the best-fitting model that has explained the risk of childhood anaemia prevalence in Nigeria better 

than the model without any spatial effects. Thus, subsequent results were based on the best fitted 

model (Model II) and we used ArcMap software in ArcGIS 10.6.1 (ESRI, Redlands, CA) to 

generate the maps of the posterior means of both spatially structured and unstructured random 

effects from Model II.  

Linear effects 

Linear effects 

Table 4 presents the results of the fixed effects obtained using the spatial semiparametric 

regression model on the association between childhood anemia and possible predictors. The 

statistical significance of the predictors using the Model II was scrutinized using the means and 

the 95% credible intervals (95% Crl), which represents the range of values containing the true 

value with a probability of 95%. From the results, we found that the prevalence of anaemia was 

strongly and linearly associated with land surface temperature at 95% credible interval (OR=1.101; 

95% CrI: 1.019, 0.074). The coefficients of malaria status (OR=3.577; 95% CrI: 1.047, 1.501) and 
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fever (OR=1.260; 95% CrI: 0.047, 0.426) were positive, which means that both malaria disease 

and fever were significantly and positively associated with childhood anaemia risk in Nigeria. 

Children who have a malaria infection were 3 times more likely to be anaemic compared to their 

counterpart who did not have malaria. The results also revealed that female children were less 

likely to be anaemic (OR=0.718; 95% CrI: -514, -150), as compared to their male counterpart. 

This result implies that anaemia risk decreased for a child being female.  

Regarding household socioeconomic status (HSES), increased HSES status was associated 

with reduced risk of childhood anaemia. Children residing in the highest wealth quintile 

households (richest households), fourth and middle quintiles (rich and middle range), respectively, 

were found to be less vulnerable to anaemia more than those residing in the lowest and second 

quintiles (poorest and poorer) households, respectively. The odds of anaemia increased among 

children living in the rural areas (OR=1.424; 95% CrI: 0.102, 0.594), compared to those in the 

urban areas. The use of improved toilet facility was found to be a protect factor against childhood 

anaemia. The odds of anaemia increased among children residing in households with unimproved 

toilet facility (OR=1.240; 95% CrI: 0.106, 0.421), unimproved toilet facilities including no 

facilities, pit latrine or open defecation around a household has a significant positive effect on 

childhood anaemia risk.  

Regarding maternal characteristics, the analysis revealed a negative association between 

higher maternal education status and the odds of childhood anaemia. The risk of anaemia reduced 

for an increased level of mother’s educational attainment. Children from mothers who had 

completed primary (OR= 0.657; 95% CrI: -0.717, -0.122), secondary education (OR=0.628; 95% 

CrI: -0.754, -0.172), more than secondary education (OR=0.463; 95% CrI: -1.155, -0.382), 

respectively, were less likely to be anaemic than children from mothers who had no formal 
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education, which implies that the mother’s higher level of education reduces the risk of childhood 

anaemia at 95% credible interval.  

Nonlinear effects 

The nonlinear effects are shown in Fig. 2 and Fig. 3.  Fig. 2a and Fig 2b showed the posterior 

model estimates of the child’s age and mother’s age as well as the 80% and 95% pointwise credible 

intervals. We found that childhood anaemia outcome decreased nonlinearly with increasing age of 

the children (Fig. 2a), anaemia prevalence was highest among children under 15 months and 

decreased thereafter as the child’s age increased. There was a strong nonlinear effect of mother’s 

age on the odds of childhood anaemia as shown in (Fig. 2b). We observed that the risk of anaemia 

decreased as the mother’s age increased from 15 years up to 24 years, and then start to increase 

again from age 30 to 35 years and then decreased thereafter from 36 years. This shows that lower 

maternal age increased the risk of childhood anaemia, however, the figure has revealed that the 

mothers between ages 30 to 36 years are likely to have anaemic children more than their 

counterpart.  

 Regarding the continuous environmental factors, we found that the environmental factors 

that were significantly and nonlinearly associated with increased risk of childhood anaemia are: 

the decreased distance to the nearest water bodies (Fig. 3c), the decreased distance to vegetated 

areas (Fig 3b) and higher population density (Fig. 3d). It was also found that increased rainfall 

decreased the odds of anaemia (Fig. 3e) and the effect of cluster altitude also indicated a decrease 

in childhood anaemia probability as altitude increased (Fig. 3a).    

Spatial effects 

The spatial random effects were divided into spatially structured random effect (Fig. 4A) and 

spatially unstructured random effect (Fig. 4B). The structured spatial effect plot (Fig. 4A) revealed 
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that Ebonyi, Edo, Cross river, FCT, Jigawa, Kaduna and Kebbi states in Nigeria are higher risk 

areas of childhood anaemia. This implies that children who reside in the above-mentioned states 

are at a higher risk of having anaemia than their counterpart in other states.  As expected, the map 

of the posterior means of the unstructured spatial random effects (Fig. 4B) confirmed that 

childhood anaemia was randomly distributed, although, the map showed similar anaemia spread 

with structured spatial effects except for Adamawa state. The result has shown evidence of possible 

local effects (state specific) on the prevalence of childhood anaemia within Adamawa, Ebonyi, 

Edo, FCT, Jigawa, Ondo, Kaduna and Kano states. Therefore, more detailed studies to ascertain 

the possible causes of local influence on childhood anaemia prevalence, especially in Adamawa 

state may be required. 

Discussion 

 The 2015 Nigeria Demographic and Health Survey (NDHS) and Malaria Indicator Survey (NMIS) 

programme provided extensive information on the childhood anaemia prevalence and the 

geographical coordinates of location clusters, which has allowed us to determine the important 

influencing factors and areas of greater risk. This study employed a binary structured additive 

regression (BSAR) model, allowing for a flexible semiparametric predictor that accounted for the 

effects of different types of covariates, while simultaneously incorporating the spatial random 

effects directly.  The model outputs demonstrated that the odds of childhood anaemia 

predominantly exist in spatial clusters of the neighboring states, as spatial clustering is an intrinsic 

characteristic of an epidemiological data. It is critical to incorporate this phenomenon in a 

statistical analysis to avoid violation of the assumption that anaemia observations are independent 

[33]. Moreover, the identification of childhood anaemia clusters can provide a public health tool 

to explore reasons for the spatial clustering [10].  
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The study witnessed a strong significant association between childhood anaemia and 

child’s infection status, such as malaria and fever. Despite malaria prevention efforts, we found 

that the likelihood of anemia in a child increased with positive malaria and fever status.  The risk 

of anaemia, increased in children who were infected with malaria parasite, and those who had fever 

two weeks prior to the survey, the results are in accordance findings from the published works of  

[4, 8, 27, 28, 32, 72-74], but contrary to the findings of [33]. The  possible significance of the 

results is to be expected because malaria infection can cause both outcomes, malaria parasite 

attacks and destroys the red blood cells, thereby increasing the risk of anaemia among those 

children infected with the malaria parasite [4, 10, 23, 24]. Fever may not be a specific indication 

of malaria, although the illness can lead to an indication of the presence of other hidden childhood 

infections that may cause anaemia, like the presence of bacteremia in a child [4, 10, 11].  

We found that the odds of anaemia among the under-5 children decreased with increasing 

age of the children, similar to the findings of [4, 14, 35, 73]. The findings suggest that, children 

between 6-15 months  needs high iron requirements for rapid growth, while older children can 

consume several diets rich in nutrient aside breastfeeding and that may have contributed to the 

reduced risk of anaemia problems among older children [1, 73]. Regarding the effect of gender, 

our analysis revealed that male children have a higher risk of anaemia than their female counterpart 

of the same age group, consistent with the findings of [19, 27, 28, 33, 35]. The results confirmed 

that both sexes have different physiological needs for iron stores, infant iron stores are lower in 

males than in females during the first year of life [18]. Therefore, since both sexes have different 

hemoglobin level thresholds, males appear more likely to have a higher growth rate resulting in 

greater need of iron by their body, not supplied by the diet [1, 18, 35]. Moreover, the African 
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practice of gendered feeding priority may have also contributed to differences in the odds of 

anemia between the male and female children [12, 75].   

The maternal characteristics such as mother’s education and age play a crucial contextual 

role as a protective factor against childhood anaemia, especially for children born in rural areas 

and poor households. It was revealed that low mother’s educational attainment is linked to higher 

odds of the child’s anaemia outcome. The children of more educated mothers were significantly 

less likely to be anaemic. Children of the same age group with mothers who had no formal 

education were more likely to be anaemic than children whose mothers had secondary or more 

than secondary education. Our findings are  in accordance with the results obtained in Kenya and 

Togo  [28, 73], Uganda [19, 36] and in Rwanda [32], which revealed that children from illiterate 

mothers were 3 times more likely to be anaemic as compared to their counterpart.  It is evident 

from our results that education aids the capacity of a woman to grasp the knowledge needed for 

adequate childcare and effectively understand information concerning the nutritional needs of her 

children, which may enable the prevention other diseases. Mothers with higher levels of education 

have improved health knowledge and greater control over food choices for their children. 

Therefore, promoting anaemia education programs that will target illiterate younger and rural 

mothers may help control childhood anaemia prevalence in Nigeria. Similarly, we also found a 

statistically significant nonlinear association between mother age and childhood anaemia risk.  

Analysis revealed that the risk of childhood anaemia decreased for mothers aged between 24-30 

and 36-49 years. Children whose mothers are  24  years and between 30-36 years are of greater 

risk of having anaemic children, similar to the results of  [8, 14, 36, 76]. The findings suggest that, 

women who are 36  years may have given birth to two or more children, therefore, may be more 
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exposed and experienced in childcare and good nutritional practices as compared to younger 

mothers [8].  

The household socioeconomic status is a well-known significant predictor of the child’s 

health status for many of the childhood health outcomes, including anaemia [4]. Our findings 

indicated that the reduction in the prevalence of anaemia varies according to the household wealth-

status, the odds of anaemia reduced greatly among children living in the wealthiest quintile (higher 

quintile). Children who resided in the households with little household income (lower quintile 

families) were more susceptible to anaemia and other consequences [17, 28] and children in this 

age group who reside in households with the highest wealth quintile (richer) were less affected by 

anaemia than those living in the lowest wealth quintile [5, 20]. In Nigeria, for example, children 

in the most deprived socioeconomic quintile of the states have been shown  to have more than 30% 

higher rate of mortality due to anaemia  than children in the higher socioeconomic quintile [2]. 

These findings suggest that higher household socioeconomic status is associated with better 

nutrition, better education and general well-being. Thus, children residing in the highest quintile 

households are likely to afford adequate and diversified food requirements needed for optimum 

growth and development. 

Furthermore, the rural type of place of residence was found to influence the risk of 

childhood anaemia. Children living in rural households are usually more likely to be exposed to 

malaria and anaemia diseases [4, 12, 27].  Similarly, children residing in households that use the 

unimproved toilet facility were found to be at higher risk of anaemia. For example, helminthiasis 

has been shown to significantly contribute to the problem of anaemia, higher prevalence of 

helminth infection, which causes anaemia is associated with household activities that involves 

access to open defecation, open latrines and the manipulation of untreated human faeces in 
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agricultural farms [1, 25]. Even though, it is difficult for under-5 children living in rural areas to 

eat food rich in iron, as such food might be very difficult to preserve in a rural setting, the 

inaccessibility of a good toilet facility is also a strong influencing factor to anaemia prevalence 

due to helminthiasis. Our findings reinforce the need to prioritize anaemia intervention 

programmes in rural areas, especially among the rural poor households [31].  There was non-

significant associations between ethnicity and childhood anaemia prevalence, contrary to the 

findings of  [77]. Our result suggests that, the dietary habit of specific ethnic groups of the 

children’s families does not really matter, children are better nourished if they live in an urban 

environment where there is access to food varieties. Therefore, adequate iron intake, general 

child’s living conditions and access to quality health care services are expected to significantly 

reduce the proportion of anemia prevalence in a population. 

This study contributes towards understanding the role of environmental factors in the 

spatial distribution of childhood anaemia in Nigeria. We found that the risk of anaemia was 

nonlinearly and negatively associated with cluster altitude and rainfall, but positively associated 

with distance to permanent water bodies, population density and enhanced vegetation index (EVI).  

The analysis revealed that children who reside at a higher altitudes have lower odds of anaemia 

than those living at lower altitudes, consistent with the findings of [25, 28, 72]. This effect may be 

attributable to the malaria-altitude relationship.  Regarding rainfall, we found a nonlinear negative 

association between rainfall and the odds of childhood anaemia. The analysis revealed that 

increased rainfall decreased the risk of anaemia. This result is not surprising because heavy rainfall 

flushes away the breeding larvae, thereby reducing the number of mosquitoes and the risk of 

malaria, a well-known common cause of anaemia in children [53, 80]. 
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The analysis revealed that living in a more densely populated areas was significantly 

associated with greater odds of a child being anaemic, this implies that the higher the population 

density (expressed as people/km2), the greater the chance of anaemia. High human population act 

as a source of many infections, which could be a representative of other important determinants of 

anaemia, such as poor environmental condition (impoverished area) with low socioeconomic 

status and lack of a diverse range of iron rich foods. Moreover, a higher risk of anaemia was 

observed for a shorter distance to permanent waters such as rivers, lakes, etc. According to the 

literature, closeness of household to permanent water bodies enhances the risk of malaria, 

hookworms and helminth, which are some of the major causes of anaemia, this may be because 

the presence of permanent waters enhances the development of mosquito larvae, hookworms and 

helminth [10, 25, 31]. The transmission of hookworms around the water bodies could be facilitated 

by open defecation or open fecal disposal  because the permanent waters attract open fecal 

disposals from fishermen and other water users, thereby influencing the transmission of hookworm 

and helminth causes of anaemia [16, 25]. The odds of anaemia were significantly higher for shorter 

vegetation areas and increased with the increased vegetation area. The EVI is an important factor 

that induces a suitable condition for the availability of agricultural propagation, which enhances 

the spread of malaria, an important anaemia risk factor [16, 28, 30].  Nevertheless, the effect of 

EVI appears non-monotonic, as seen in Fig. 3e, we observed a sharp decline in EVI values above 

3000, increased again at values up to 4000, presumably the highest values of EVI that reflect very 

bushy vegetation. The very high values of EVI may be assumed to be very thick and bushy, 

therefore, farmers clearing vegetation to gain more productive land can often inadvertently create 

breeding sites for mosquitoes [78]. In addition, increased agricultural development and irrigation, 

such as rice farming, can increase the transmission of malaria due to the creation of large stagnant 
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pools of water that provide breeding habitats favorable to Anopheles gambiae  that causes anaemia 

[78, 79]. Intestinal parasites and helminth infections thrive under good environmental conditions 

such as land surface temperature and adequate soil moisture, and we found a linear relationship 

between the odds of anaemia and the land surface temperature. This result is evident that 

ineffective treatment of such infection as well as hookworm can lead to blood loss and 

development of iron-deficiently anaemia in children [14, 25]. Notably, it is clear that all the 

selected environmental factors included in our analysis were closely tied to adequate conditions 

for  propagation and spread of malaria, helminth infections and intestinal parasites, which are 

strong risk factors for the development of anemia in children [10, 16, 28, 30].  

This study found that there exists a geographical heterogeneity for childhood anaemia 

prevalence in Nigeria, after accounting for the model covariates [4, 5].  The spatial maps (Fig. 4), 

demonstrated that childhood anaemia was clustered around the neighboring states and higher 

clusters were found in Adamawa, Ebonyi, Edo, Cross river, Jigawa, Kaduna, Kano and Kebbi 

states. The result confirms that the odd of childhood anaemia varies depending on the geographical 

area in which a child resides, children residing in the above-mentioned states were found to be at 

the highest risk of anaemia. These states are in areas characterized by high population density as 

well as agriculture practices, hence more susceptible to several infectious diseases like anaemia. 

However, a study in Malawi found that the spatial variation in childhood anaemia was related to 

variation in socioeconomic conditions within the  households where a child reside [14, 25]. The 

observed state-level prevalence of childhood anaemia highlight the potential benefit of identifying 

anaemia hotspot targets for effective public health interventions. Some areas in Nigeria may have 

had a higher burden of anaemia due to high prevalence of multiple risk factors which are 

unobserved. This variability may also be significantly associated with underlying differences in 
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state-level socioeconomic status, knowledge about anaemia and environmental conditions. The 

generated maps of both structured and unstructured spatial distribution of childhood anaemia 

which showed similar pattern could easily support policy makers about the states of needed 

concern for household-level intervention targeting, state-level or beyond state-level intervention 

targeting. However, we recommend that the identified higher risk states should be prioritized to 

obtain financial support, economic and infrastructure development, in-house or community health 

care workforce training and health education on childhood anaemia.   

Few limitations need to be considered when interpreting the results of this study. First, the 

study utilized a cross-sectional data from the most recent NMIS survey, the nature of the survey 

did not allow any causal relationship to be established.  Second, apart from the factors that were 

found to be associated with childhood anaemia in this study, there are a variety of other factors 

that may increase the risk of anaemia in children, but they were not included in our analysis due 

to lack of information on them. Such variables include; sickle cell disease and  -thalassemia, 

infectious diseases such as HIV/AIDS status, soil-transmitted helminths caused by hookworm, 

schistosomiasis, bacteremia and many more. Similarly, information on iron intake is also a major 

limiting factor in this research as we were unable to obtain data on receipt of iron supplement and 

other nutritional indices. However, the strength of this study lies in the ability to  generalize the 

findings to the whole country having used nationally representative survey data that is 

internationally recognized, and being able to incorporate some selected environmental factors [2, 

50]. Despite the limitations of this study, the research adds evidence to the literature concerning 

the spatial analysis and the identification of important risk factors of childhood anaemia using  a 

flexible semiparametric predictor that accounted for  the effects of  different types covariates, while 

also accounting for the spatial structure of the data. We believe that this study could be more useful 
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if other missing variables were considered. Therefore, future studies should attempt to include 

other important factors not included in this study, which may bias results.  

Conclusion  

Due to the increasing availability of complex, geographically linked survey data, flexile 

semiparametric model considered in this study is useful and therefore, essential in empirical 

research.  The utilized model allowed us to account for the effects of different types of covariates 

in determining the role of environmental, health, socioeconomic and demographic factors on 

childhood anaemia prevalence, and to quantify the geographical heterogeneity in childhood 

anaemia risk unaccounted by these measured factors. Findings suggest that the geographical 

variation may be reflection of variations in socioeconomic status, malaria endemicity and 

environmental conditions. The results have generated important anaemia epidemiological 

resource, highlighting national priority areas for childhood anaemia morbidity control in Nigeria, 

and provided public health authorities in the country with useful geographical information for 

developing effective prevention and intervention strategies. Additionally, the study contributes 

towards efforts to understand the role of environmental factors in determining the spatial 

distribution of anaemia and to establish environmental risk assessment of childhood anaemia in 

Nigeria.  
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Figure legends: 

 

Figure 1. Survey data location. Childhood anaemia prevalence data: Locations where the survey 

dataset was collected based on the 2015 NMIS-DHS. The figure shows 37 states including FCT 

used as the geographical clusters in the analysis. 

 

Figure 2. Nonlinear effects of child’s age (a) and mother’s age (b) on the log-odds of childhood 

anaemia with pointwise 80% and 95% credible intervals. 

 
 

Figure 3. Nonlinear effects of cluster altitude (a), enhanced vegetation index (b), proximity to 

waters (c), population density (d) and Rainfall (e) on childhood malaria prevalence with pointwise 

80% and 95% credible intervals. 

 
 

Figure 4. Estimated posterior means of spatial random effect of childhood anaemia in Nigeria 

using Model II. (A) Spatially structured random effects, together with (B) spatially unstructured 

random effects. The figures were generated from the results of our analysis using shapefiles freely 

https://doi.org/10.1186/s12889-018-6207-x
https://doi.org/10.1016/j.actatropica.2016.11.007
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obtained from the DHS Spatial Data Repository(https://spatialdata.dhsprogram.com/boundaries) 

and imported into ArcGIS software. 

Tables: 

Table 1. Summary of the environmental variables, sources of data and definition of variables 

Covariate  Data sources Definition 

Enhanced Vegetation 
Index (EVI) 

NDHS Spatial Analysis data The average enhanced vegetation 
index obtained by measuring the 
density of green levels in the 
near-infrared and visible bands. 
 

Proximity to Waters 
(Coast/Large Lakes) 

NDHS Spatial Analysis data The geodesic distance to either a 
lake or the coastline. 
 
 

 

Rainfall NDHS Spatial Analysis data Annual mean rainfall (mm). 
 

Population Density NDHS Spatial Analysis data Number of People/Km2. 
 

Land surface temperature 
 

NDHS Spatial Analysis data  Annual land environmental air 
temperature in Degrees Celsius. 

Cluster altitude NDHS Spatial Analysis data Measure of surface altitude (m) 
 

 

Table 2. Sociodemographic information of all the Nigerian children included in the study, 

based on the 2015 NMIS data (n=6065). 

Characteristics                         Frequency 

(Percentage) 

Age of the children    
 6-12 months 721 (11.9%) 
 13-24 months 1283 (21.1%) 
 25-36 months 1309 (21.6%) 
 37-48 months 1417 (23.3%) 
 49-59 months 1341 (22.1%) 

 
Sex of children Male  3079 (50.7%) 
 Female 2992 (49.3%) 

 
Place of residence  Urban 2037 (33.6%) 
 Rural 4033 (66.4%) 

 
Household wealth quintiles  Lowest 1244 (20.5%) 
 Second  1407 (23.2%) 

https://spatialdata.dhsprogram.com/boundaries
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 Middle 1175 (19.4%) 
 Fourth 1115 (18.4%) 
 Highest 1129 (18.6%) 

 
Mother’s education No education 2423 (39.9%) 
 Primary 948 (15.6%) 
 Secondary  1568 (25.8%) 
 More than secondary 412 (6.8%) 
   

 

 

Table 3. Summary of model fit criteria for models with no spatial effect (Model I) and model 

spatial effects (Model II). 

                                   Fit criterion 

Models 2  log likelihood     Df AIC GCV 

Model I -1440.855 45.8505 2973.41 1.11302 

Model II -1419.262 61.0794 2960.69 1.10913 

 

 

 

Table 4.Regression coefficients, odds ratios and 95% credible intervals from the binary 

structured additive regression model for childhood anaemia in Nigeria based on the 2015 

NMIS dataset. 

Variables Posterior mean (95% Crl) Odds ratio (OR) 

Intercept 0.055 (-0.562, 0.630) 1.056 
   
Child has malaria (Ref=NO) 1.000 1.000 

Yes 1.275 (1.047, 1.501) 3.577 
   
Child has fever (Ref=No) 1.000 1.000 

Yes 0.231 (0.047, 0.426) 1.260 
   
Sex of the child (Ref=Male) 1.000 1.000 

Female -0.332 (-0.514, -0.150) 0.718 
   
Residence (Ref=Urban) 1.000 1.000 

Rural 0.353 (0.102, 0.594) 1.424 
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Mothers Educ. (Ref=Non) 1.000 1.000 

Primary -0.421 (-0.717, -0.122) 0.657 
Secondary -0.466 (-0.754, -0.172) 0.628 
More than secondary -0.769 (-1.155, -0.382) 0.463 
   
Wealth quintile (Ref=Lowest) 1.000 1.000 

Second  -0.279 (-0.554, 0.002) 0.757 
Middle -0.375 (-0.547, -0.205) 0.687 
Fourth  -0.767 (-0.949, -0.585) 0.465 
Highest -1.394 (-1.612, -1.192) 0.248 
   
Toilet (Ref=Improved) 1.000 1.000 

Unimproved  0.215 (0.106, 0.421) 1.240 
   
Ethnicity (Ref=Hausa/Fulani) 1.000 1.000 

Yoruba 0.133 (-0.251, 0.518) 1.142 
Igbo -0.092 (-0.462, 0.276) 0.912 
Others -0.062 (-0.255, 0.131) 0.940 
   
Land surface temperature 0.096 (0.019, 0.074) 1.101 

 

 



Figures

Figure 1

Survey data location. Childhood anaemia prevalence data: Locations where the survey dataset was
collected based on the 2015 NMIS-DHS. The �gure shows 37 states including FCT used as the
geographical clusters in the analysis.



Figure 2

Nonlinear effects of child’s age (a) and mother’s age (b) on the log-odds of childhood anaemia with
pointwise 80% and 95% credible intervals.



Figure 3

Nonlinear effects of cluster altitude (a), enhanced vegetation index (b), proximity to waters (c), population
density (d) and Rainfall (e) on childhood malaria prevalence with pointwise 80% and 95% credible
intervals.



Figure 4

Estimated posterior means of spatial random effect of childhood anaemia in Nigeria using Model II. (A)
Spatially structured random effects, together with (B) spatially unstructured random effects. The �gures
were generated from the results of our analysis using shape�les freely obtained from the DHS Spatial
Data Repository(https://spatialdata.dhsprogram.com/boundaries) and imported into ArcGIS software.


