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Abstract 

Anemia is a very serious global health issue, particularly in sub-Saharan African countries, where it has significant implications 

for both human health and economic development. This study aims to identify the socioeconomic, demographic and climatic 

factors as well as geographical variations linked to the prevalence of anaemia in young children in Nigeria, based on the results 

of the 2018 Nigeria demographic and health survey. The association between various types of covariates and possible spatial 

variations was explored using a hierarchical Bayesian geo-additive modelling approach. In particular, the study focused on a 

binary response variable.  Out of the four formulated semi-parametric models, geo-additive model with both structured and 

unstructured random effects was found to be the best fitted. The findings of the study reveal significant spatial variation in anemia 

risk, with the highest risk observed in the states of Sokoto, Niger, Akwa Ibom, Ebonyi and Bauchi. Besides, educational level of a 

child’s mother, wealth status of household, a child’s area of residence, prevalence of malaria and land surface temperature were 

all associated with childhood anemia. The prevalence of infant anemia decreased with increasing child's age. Mother’s Body 

Mass Index also has inverse relationship with the risk of childhood anaemia. Given the observed state-level patterns of anemia 

risk, it is important to implement targeted programs that address the specific needs of vulnerable children in each state. This 

could help reduce the prevalence of childhood anemia in the Nigeria. 
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1. Introduction 

Anaemia is a major health problem among young children in Africa, especially those under the age of five, and has been 

linked to increased rates of morbidity and mortality. Anaemia is a condition marked by low hemoglobin levels, resulting in 

reduced oxygen supply to the body's tissues and organs [1]. Approximately 800 million children and women around the world 

are affected by anaemia and the highest prevalence of anemia was found in Sub-Saharan Africa [2]. According to WHO estimates, 

Nigeria is among the countries with a high burden of anemia, with over 40% of the population affected by the condition [3].  

Anemia can have multiple causes, and previous studies have shown that approximately half of all incidents of anemia globally 

are caused by iron deficiency. However, many other factors can also contribute to anemia, including nutritional deficiencies, 

infectious diseases, and genetic disorders [4]. Countries with a high burden of anemia tend to have a lower proportion of anemia 

cases that are attributable to iron deficiency, likely due to the higher prevalence of other causes of anemia, such as infection and 

inflammation [5]. These findings highlight the need for a multifaceted approach to anemia prevention and control, which should 

consider the specific causes of anemia in each country. Variations in the causes of anaemia can be linked to differences in 

environmental factors across different regions. The environmental factors that contribute to anaemia often occur in clusters, with 

certain areas having more cases of anaemia than others. For instance, there is a strong relationship between altitude and 

temperature and the prevalence of malaria, a major contributor to anaemia [6-9]. Understanding the geographical variation in the 

prevalence of anaemia and its underlying causes is essential for directing health resources to effectively prevent and control the 

disease [10]. By accounting for this geographical heterogeneity, we can ensure that interventions are targeted to the areas that 

need them the most.  

Many studies have found that the distribution of anaemia cases follows a pattern of geographical clustering hence 

Geostatistical models are well-suited for analyzing spatial data such as the distribution of anaemia cases, since they account for 

spatial autocorrelation by incorporating random effects that are specific to each location [11-12].  Health experts have observed 

that levels of socio-economic development are linked to the prevalence of anaemia in a population [13-18].  In traditional 

statistical models, the assumption of independent observations can lead to biased estimates and inaccurate conclusions when the 

data are spatially correlated. Geostatistical models address this issue by incorporating random effects that account for the 

correlation between nearby locations. 

 Bayesian models have the advantage of allowing the effects of covariates and spatial clustering to be modeled together, 

while also providing a way to quantify the uncertainty in the predictions. In addition to its ability to incorporate prior information 

and its computational efficiency, the Bayesian approach provides the advantage of posterior probability, which allows for more 
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robust estimates of spatially correlated data. This makes the Bayesian Geo-statistical model a preferred method for analyzing 

spatially correlated data. Previous studies on the prevalence of anemia in Nigeria have focused primarily on individual-level risk 

factors, with little consideration of the influence of environmental factors.  

However, our study aims to have this gap bridged by examining the impact of climatic factors, such as temperature, rainfall, and 

aridity, on the spatial distribution of anemia in Nigeria. This will enable us unveil areas that are particularly vulnerable to anemia 

due to climatic and ecological factors. The novelty of this study is the use of a spatial mixed model to investigate the impact of 

geographic location, individual-level factors as well as heterogenous regional climatic factors on childhood anaemia, taking into 

account the correlation between regions considered as neighbors. The bivariate spline approach used in this study allows for 

greater flexibility and improved parameter estimates. As far as we know, previous studies have not evaluated geographical 

differences in childhood anaemia with respect to the three main factors we considered in this study [4, 13, 16, 19-20]. 

 

2. Material and Methods 

Source of data for the study 

This study used 2018 Demographic and Health Survey data. The Demographic and Health Surveys (DHS) data was 

obtained by submitting an online proposal to the DHS program website, which was subsequently approved. The data on climate 

were obtained from DHS special data repository. Anaemia status of a child has a dichotomous outcome taking 1 for an anemic 

child and 0 for a child who is not anaemic. The independent variables consist of a variety of covariates, both categorical and 

metrical. The categorical covariates include demographic factors (such as the child's parent's area of residence) and 

socioeconomic factors (such as wealth index, mother's education level, and child's sex). The climatic factors which include 

average cluster temperature, rainfall and altitude. The metrical covariates include the age of the child, the age of the mother and 

the mother’s Body Mass Index. The spatial covariates include the 36 states of Nigeria and the Federal Capital Territory (FCT). 

Data cleaning and descriptive analysis were performed using R software, while Bayesian analysis was conducted using BayesX 

(version 2.1). 

Model specification 

Let the disease status of a child 𝑖 in state 𝑗 be denoted as 𝑌𝑖𝑗, 𝑗 = 1,2, .  .   37, 𝑖 = 1, 2 .  .  . , 𝑛𝑗. 𝑛𝑗  gives the number of 

children in state j. Anaemia has dichotomous response as a child is either anaemic with outcome 1, or not anaemic with 

outcome 0 as represented below 

𝑌𝑖𝑗 = {
1
0 

 𝑖𝑓 𝑎 𝑐ℎ𝑖𝑙𝑑 𝑖𝑛 𝑠𝑡𝑎𝑡𝑒 𝑖 𝑖𝑠 𝑎𝑛𝑒𝑚𝑖𝑐
𝑖𝑓 𝑎 𝑐ℎ𝑖𝑙𝑑 𝑖𝑛 𝑠𝑡𝑎𝑡𝑒 𝑖 𝑖𝑠 𝑛𝑜𝑡 𝑎𝑛𝑒𝑚𝑖𝑐

     (1) 

The outcome variable 𝑌𝑖𝑗,is assumed in this study to follow a Bernoulli distribution given as 𝑌𝑖𝑗,|𝑝𝑖𝑗~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖(𝑝𝑖𝑗). 𝐸(𝑌𝑖𝑗) =

𝑝𝑖𝑗  is the unknown mean. 

Model 1:   𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑗) = 𝑙𝑜𝑔 (
𝑝(𝑌𝑖𝑗 = 1|𝑋)

1−𝑝(𝑌𝑖𝑗 = 1|𝑋)
) 

                               = 𝑋𝑖
𝑇𝜔                                (2) 

Model 2:   𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑗)  = 𝑙𝑜𝑔 (
𝑝(𝑌𝑖𝑗 = 1|𝑋, 𝑍)

1−𝑝(𝑌𝑖𝑗 = 1|𝑋, 𝑍)
) 

= 𝑋𝑖
𝑇𝜔 + 𝑓1(𝑧1𝑖) + 𝑓2(𝑧2𝑖)+ .  . . + 𝑓𝑝(𝑧𝑝𝑖)   (3) 

Model 3:     𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑗) = 𝑙𝑜𝑔 (
𝑝(𝑌𝑖𝑗 = 1|𝑋, 𝑣𝑗 , 𝑢𝑗)

1−𝑝(𝑌𝑖𝑗 = 1|𝑋, 𝑣𝑗 , 𝑢𝑗)
) 

= 𝑋𝑖
𝑇𝜔 + 𝑣𝑗 + 𝑢𝑗       (4) 

Model 4:     𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑗) = 𝑙𝑜𝑔 (
𝑝(𝑌𝑖𝑗 = 1|𝑋, 𝑍, 𝑣𝑗 , 𝑢𝑗)

1−𝑝(𝑌𝑖𝑗 = 1|𝑋, 𝑍, 𝑣𝑗 , 𝑢𝑗)
)   

                     = 𝑋𝑖
𝑇𝜔 + 𝑓2(𝑧2𝑖)+ .  . . + 𝑓𝑝(𝑧𝑝𝑖) +  𝑣𝑗 +  𝑢𝑗         (5) 

𝑖 = 1, 2,    .   .   .   , 𝑛𝑗 , 𝑗 = 1,2,    .   .  37 

In model 1, all categorical variables (child sex, mothers highest educational level, wealth index of parent, smoking status, child 

slept under mosquito bed net) are considered as fixed effects. 

In model 2, all categorical variables are considered as fixed effects while continuous variables (child’s age, mothers age, and 

mothers BMI) are modelled by smooth function. 
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In model 3; both the region-specific random effect (unstructured random effects) and spatial random affects (structured random 

effects) are included in model 1 in what is known as convolution model. 

In model 4; also, both the region-specific random effect (unstructured random effects) and spatial random affects (structured 

random effects) are included in model 2 in what is known as convolution model. 

In model 1 – 4, 𝑋𝑇 is p-dimentional vector of covariates with 𝜔 as the associated vector of regression coefficient. 𝑣𝑗 which denotes 

the non- spatial or unstructured random effects are modelled using the normal distribution priors with mean 0, and variance 1. 

The 𝑢𝑗  is the spatial random effects or structured random effects. 𝑢𝑗 accounts for the spatial autocorrelation that occurs when 

regions that are close together are more similar to each other than regions that are further apart. 𝑧𝑗 is the vector of continuous 

variables which will be modelled by a smooth function, 𝑓𝑗 approximated by a Bayesian polynomial spline of degree l at equally 

spaced knots [21, 22] given within the domain of the 𝑧𝑗 covariates as  

𝑧𝑗
𝑚𝑖𝑛 = 𝜉𝑗0 + 𝜉𝑗1 +   .  .  .  𝜉𝑗𝑠 = 𝑧𝑗

𝑚𝑎𝑥      (6) 

We express the Bayesian spline as a linear combination of 𝑑 = 𝑠 + 𝑙 basis function 𝐵𝑚 given as  

𝑓𝑗(𝑧𝑗) = ∑ 𝜀𝑗𝑚𝐵𝑚(𝑧𝑗)𝑑
𝑚=1        (7) 

the spatial effect 𝑢𝑗 is modeled by Markov Gaussian field or conditional Gaussian autoregressive model prior [23]. given 𝑢−𝑗 as 

random effect vector excluding the 𝑗𝑡ℎ region, then the spatial effects prior 𝑢𝑗 given all other effects is expressed as: 

𝑢𝑗|𝑢−𝑗  ~𝑁 (
1

𝑚𝑖
∑ 𝑢−𝑖−𝑗~𝑗 ,

𝜎𝑢
2

𝑚𝑖
)      (8) 

𝑚𝑖 is the number of neighbors of region 𝑖,  𝜎𝑢
2 is the variance parameter of the random effects, and inverse gamma hyper-prior 

is assumed for the normal prior variance.   

The posterior distribution is proportional to the product of the likelihood and priors and as given below. 

𝑝(𝜔, 𝑢, 𝑣, 𝜀, 𝜎𝜔
2 ,  𝜎𝑢

2, 𝜎𝑣
2|𝑌) ∝ 𝑝(𝑌| 𝜔, 𝑢, 𝑣, 𝜀). 𝑝(𝜔|𝜎𝜔

2). 𝑝(𝑢|𝜎𝑢
2). 𝑝(𝑣|𝜎𝑣

2). 𝑝(𝜀). 𝑝(𝜎𝜔
2). 𝑝(𝜎𝑢

2). 𝑝(𝜎𝑣
2)   (9) 

Breaking down equation (9) 

The likelihood is given by: 

𝑝(𝜔, 𝑢, 𝑣, 𝜀) = ∏(𝑝𝑖𝑗
𝑌𝑖𝑗(1 − 𝑝𝑖𝑗)1−𝑌𝑖𝑗)

𝑖𝑗

                    (10) 

With:  

𝑙𝑜𝑔𝑖𝑡(𝑝𝑖𝑗)  = 𝑋𝑖
𝑇𝜔 + 𝑓2(𝑧2𝑖)+ .  . . + 𝑓𝑝(𝑧𝑝𝑖) +  𝑣𝑗 + 𝑢𝑗                 (11) 

And priors 

𝜔~ exp (−
1

2
𝜎𝜔

2𝜔𝑇𝜔) 𝑢𝑗~ exp (−
1

2
𝜎𝑢

2𝑢𝑇𝑢𝑄) ;  𝑣~ exp (−
1

2
𝜎𝑣

2𝑣𝑇𝑣)     (12) 

the precision matrix 𝑄 defines the spatial structure and the hyper-priors on the variance components 𝜎𝜔
2 , 𝜎𝑢

2, 𝜎𝑣
2 are modelled as 

𝑝(𝜎𝜔
2), 𝑝(𝜎𝑢

2), 𝑝(𝜎𝑣
2) ~Inverse Gamma. Distribution.    

The model parameters were estimated using fully integrated Bayesian procedures which use techniques of Markov Chain 

Monte-Carlo (MCMC). The estimated posterior odd ratio is interpreted in terms of the odd ratio obtained from the logistic 

regression. Model comparison was done using the Deviance information criterion as established by [23]. 

𝐷𝐼𝐶 = �̅� + 𝜌𝐷        (13) 

The model posterior mean deviance is denoted by �̅� while 𝜌𝐷 establish the effective number of parameters in the model. 

According to [24], the better model is the one with the least value of DIC. 
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3.  Results and Discussion 

The children with complete information of covariates were used for the study. This study involves 11284 children.  

Table 1: Variable description and Pearson Chi-square test 

Covariates Total (% anaemic) Pearson Chi-square  

(P-value) 

Sex 

Male 

Female 

 

5718 (58.8) 

3311(59.5) 

 

0.05(0.48) 

Residence 

Urban 

Rural 

 

4374 (54.3) 

6910 (62.2) 

 

68.4(0.00) 

Working Status 

No 

Yes 

 

3421 (62.4) 

7863 (57.7) 

 

21.5 (0.00) 

Geopolitical Zone 

North Central 

North East 

North West 

South East 

South South 

South West 

 

1966(56.4) 

2028 (60.8) 

2712 (59.6) 

1649 (66.3) 

1264 (60.9) 

1635 (51.3) 

 

 

 

87.6 (0.00) 

Smoking Status 

Yes 

No 

 

26 (50.0) 

11258 (59.2) 

 

0.904 (0.225) 

Highest Educational Level 

No education 

Primary education 

Secondary education 

Tertiary education 

 

4285 (63.9) 

1899 (59.3) 

4057 (57.1) 

1043 (47.6) 

 

 

104.96 (0.00) 

Wealth index 

Poorest 

Poor 

Rich 

Richer 

Richest 

 

2245 (66.3) 

2246 (61.8) 

2504 (60.5) 

2384 (57.6) 

1905 (47.8) 

 

 

 

160.77 (0.00) 

 

Table 1 shows that 58.8% and 59.5% of male and female children respectively who participated in the survey were anaemic. 

Classification by the residence of a child’s parent reveals that 54.3% and 62.3% of children whose parent reside in urban and 

rural areas respectively are also positive to anaemia. Working status analysis shows that 62.4% of children whose parents are not 

working are anaemia while 57.7% of children with working parents are also anaemic. Classification by geopolitical zone reveals 

that South East with a total of 1649 recorded the highest percentage of anaemic children considering the population of anemic 

children within each zone. Analysis of smoking status of parents shows that out of 26 parents who are smoker, half of their 

children are positive to anaemia while 59.2% of children whose parents are not smokers are also anaemic. Classification by 

highest level of education attained by mothers shows that 63.9%, 59.3%, 57.1% and 47.6% of children whose mothers have no 

qualification, primary, secondary and higher education respectively are tested positive to anaemia. Wealth index analysis also 

show that the percentage of anaemic children decreases with increasing social status of the parents as 63.3% of children from 

poorest parents are anaemic while only 47.8% of parents whose parents are in excellent socio-economic standing are anaemic. 

According to the p-value of the bivariate Ch-square test, sex of a child and mothers smoking status are not significant determinant 

of childhood anaemia in Nigeria. 

Table 2: Defiance Information Criterion for Model Selection 

Models defiance (𝝆) 𝝆𝑫 DIC 

I 14961.251 15.119367 14991.49 

II 15093.298 15.551321 15124.401 

III 14704.851 44.002882 14792.857 

IV 14621.121 44.069333 14709.26 
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Selection of best fitted models 

Deviance Information Criterion (DIC) is often used in choosing the best fitted among the models considered. As shown 

in Table 2, model IV which contains both structured and unstructured random effects otherwise known as convolution model is 

considered as the best fitted model as it has the least value of DIC.  

 

Table 3: Posterior estimates of fixed effect risk factors of anaemia and their odds ratio with 95% credible intervals 

   COVARITES 𝒆𝒔𝒕 

𝝎 

odds ratio 

𝑬𝒙𝒑(𝝎) 

𝟗𝟓% 𝑪𝑰 𝒇𝒐𝒓 𝑬𝒙𝒑(𝝎)  

Lower              Upper 

Residence 

Rural 

Urban 

 

1 

0.163 

 

1 

1.177 

 

 

1.053 

 

 

1.305 

Sex 

Male 

Female 

 

1 

0.0163 

 

1 

1.016 

 

 

0.939 

 

 

1.101 

Smoking Cigarette 

No 

Yes 

 

1 

-0.314 

 

1 

0.731 

 

 

0.313 

 

 

1.704 

Wealth Index 

Poorest 

Poorer 

Middle 

Richer 

Richest 

 

1 

-0.078 

-0.125 

-0.257 

-0.585 

 

1 

0.925 

0.882 

0.773 

0.557 

 

 

0.812 

0.767 

0.664 

0.467  

 

 

1.055 

1.009 

0.898 

0.668 

Highest education  

No education 

Primary 

Secondary 

Higher 

 

 

1 

-0.203 

-0.215 

-0.369 

 

1 

0.816 

0.807 

0.691 

 

 

0.713  

0.713 

0.578 

 

 

0.925 

0.913 

0.824 

Temperature 0.299 1.349 1.273 1.428 

Aridity 0.61 1.841 0.981 1.036 

Rainfall -3.589e-07 0.996 1.0007 1.00087 

Malaria Prevalence 1.126 3.083 2.726 10.206 

 

 Fixed effects Analysis 

Coefficients of fixed effects are contained in Table 3. The covariates that are significant to childhood anaemia are place 

of residents, wealth index, educational attainment, and temperature. Considering the place of residence, a child whose mother is 

in urban area has a lower likelihood of being anaemic compared to the rural counterpart, 1.177(1.053, 1.305). The odd value of 

1.016 and the credible interval of (0.939, 1.101) reveals that female children have a higher chance of contracting anaemia but the 

sex of a child is not a significant determinant of anaemia. A child from a cigarette smoking mother has a higher odd of testing 

positive to anaemia, though the credible interval shows smoking cigarette as a covariate is also not a significant risk factors of 

anaemia 0.731(0.313, 1.704). regarding the economic status of a child’s parent, the child from a poorer and middle parents have 

lesser odd of being anemic compared to a child from the poorest parent. Although, the wealth status index at this level is not 

significant 0.925(0.812, 1.055), 0.882(0.767, 1.009). A child from the richer and richest parents also has highly reduced odd of 

testing positive to anaemia with their respective odd ratios and credible intervals as 0.773(0.664, 0.898), 0.557(0.467, 0.668). 

Level of education of a child’s parent is also discovered to have significant effects as a risk factor of anaemia. Children from 

parents with primary education, secondary and higher education have reduced odds of testing positive to anaemia infection with 

their respective odd ratios and credible interval as 0.816(0.713, 0.925), 0.807(0.713, 0.824), 0.691(0.578, 0.824).  climatic factor 

such as temperature is also identified as a significant risk factor of childhood anaemia. A child from a region with high temperature 

has a reduced odd of being anaemic with odd ratios and credible interval as 1.349(1.273, 1.428). However, other climatic factors 

considered such as Aridity and Rainfall are not significant factors of childhood anaemia infection. Children from region with high 

malaria prevalence are also identified to have an increased chance of being infected with anaemia given the odd ratio and credible 

interval as 3.083(2.726, 10.206). 
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Figure I: Nonlinear Effect of Child’s age on Anaemia Status 

 

 Figure II: nonlinear effects of mother’s age on a child anaemia status  

 

Figure III: Nonlinear Effect of Mother’s body Mass Index on a child Anaemia Status 
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Figure IV: Nigeria’s map showing posterior mean spatial effects 

 

 

Figure V: Nigeria’s map showing 95% posterior credible interval 
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Effects of non linear covariates 

Geo-additive modelling provides a flexible means of including continuous covariates which has non-linear relationship 

with the response variable. The mother's body mass index (BMI), the child's age, and the mother's age are the continuous 

covariates that were included in this study and are thought to have nonlinear effects.  As revealed in Figure I, a child's early-life 

anemia risk is very high. When the children reach the age of ten years old, it diminishes. The risk considerably reduces when the 

child age is above 40 months old.  Figure II shows that the risk of childhood anaemia is high among mothers within the age of 

15 years to 20 years of age. The risk declines steadily from the age of 21 years to 25 years. The risk continues to increase from 

the age of 30 years to 40 years and finally declines from the ages of 40 years. Also, the BMI of a mother has inverse relationship 

with childhood anaemia status. As shown in Figure III, the risk of a child anaemia reduces as the mother’s body mass increases. 

The risk of childhood anaemia has a noticeable sharp decline as the BMI of mothers reaches 5676g.   

Spatial effects 

Map of Figure IV and V display the residual spatial effects and the 95% posterior credible interval. In Figure V, white 

shows states with high anaemia risk, black shows state with negative or very low anaemia risk while grey shows states with 

indifferent risks. Spatial effects include unobserved effects like environmental conditions, accessibility of good transportation, 

and availability of child health care. As shown in Figures IV and V, most states show notable positive or negative impacts given 

by the map of 95% posterior credible interval. This demonstrates quite well the existing spatial effects of childhood anemia in 

Nigeria. Additionally, the majority of states in the northeast and southwest have very low risk of being tested positive to anaemia. 

Discussion of Findings 

Geo-additive logistic modelling approach was utilized in this study to examine the spatial heterogeneity of anaemia and 

its relationship among under-five children and various important risk factors. Under the additiviness assumption, the geo-additive 

model accounted for non-linear covariate effects and enables the mapping of residual geographical effects to childhood anemia. 

The subtle implications of metrical continuous covariates that were not visible when modeled linearly were discovered by 

nonlinear modeling. It is a matter of conjecture to identify the unobserved factors that may be responsible for the observed 

geographical heterogeneity that are not captured by the covariates in the models. The mother's home location, the wealthiest 

family's category of wealth, and meteorological factors like temperature are the fixed effects factors of childhood anemia that are 

relevant in this study. It has been discovered that the age of a child has a nonlinear influence, compared to older children, younger 

children are more likely to suffer from childhood anemia. This could be explained by the fact that the first year of life is a time 

of high iron demand due to accelerated physical growth, and that mothers and guardians may find it challenging to ensure enough 

consumption of iron after the sixth month of life, when stored iron is exhausted and iron demands must be fulfilled by feeding.  

Children belonging to the wealthier segments of the family have a significantly lower likelihood of being anemic. One possible 

explanation for this could be that the family can afford healthy food. Temperature is one climatic component that significantly 

affects childhood anemia. The amount of rainfall and aridity were shown to be non-significant climatic elements that have an 

impact on childhood anemia. 

 

4. Conclusion 

This study underscores significant geographical heterogeneity in childhood anemia prevalence across Nigeria, with 

hotspots in Sokoto, Niger, Osun, Bauchi, Imo, and Ebonyi states. By employing Bayesian geo-additive modeling approach, key 

determinants of childhood anaemia were identified, including maternal education, household wealth, child’s age, and temperature. 

These findings highlight the need for targeted, region-specific interventions focusing on socioeconomic improvements and 

maternal health. Addressing unmeasured community-level factors and exploring other environmental determinants remain 

essential for future research to provide a more comprehensive understanding of anemia dynamics in Nigeria. 
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