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Abstract

Introduction: Anemia is defined as a low hemoglobin level in human blood cells, and

among pregnant women. In low- and middle-income countries, including Ethiopia, it re-

mains a major public health problem. It has a high impact on pregnant women’s health,

such as increased morbidity and mortality rates, and poor health-related quality of life. The

prevalence of anemia in Ethiopia has varied across regions. This study aimed to conduct

a model-based spacial analysis of hemoglobin concentration among pregnant women aged

15–49 years in Ethiopia and to select the new locations that could be added to the existing

sample for the follow-up studies.

Methodology: Data from 645 locations across the 11 regions of Ethiopia in the Ethiopian

demography and health survey database were extracted. A linear geostatistical model was

used to assess the association of predictors such as body mass index, age, residence, and

wealth index with the redaction of hemoglobin concentration levels among pregnant women.

Spatial risk maps were constructed using the exceedance probability of a hemoglobin con-

centration level less than 110g/l. We utilized a spatially adaptive sampling technique for

unsampled household locations in the study area.

Results: The average hemoglobin concentration among pregnant women in Ethiopia was

131g/l. Based on the geostatistical model that included important covariates, significant

hot spot areas with risk of anemia were found in east, north, and central Afar, Somalia,

Dire Dawa, Harari, and west Tigray regions of Ethiopia. Pregnant adolescents, pregnant

women who lived in rural areas, pregnant women who were heads of households, those with

low body mass index, and those coming from poorer families were significantly associated

with the reduction of hemoglobin concentration levels among pregnant women in Ethiopia.

Conclusion: The risk of anemia among pregnant women aged 15–49 years varied across

the country. Environmental, clinical, and socio-economic related variables were key deter-

minants of hemoglobin level reduction among pregnant women in Ethiopia. To improve

the certainty of model-based prediction of anemia among pregnant women in Ethiopia,

additional sample locations from Afar, Dire Diwa, Harari, and Somalia region could be

considered for the follow-up studies. This helps to develop and provide effective anemia

intervention programs for pregnant women in Ethiopia.

Keywords: Adaptive sampling; Aneamia; Geostatistics; Linear geostatistical model
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1 Introduction

Anemia, characterized by low hemoglobin concentration (Hgb) insufficient to meet an individual’s

physiological requirements, is a common blood disorder affecting about one-third of the global

population [32, 48]. The World Health Organization (WHO) Hgb cutoffs to define anemia are

different for pregnant and non-pregnant women; for pregnant women, it is described as Hgb less

than 110g/L and less than 120g/L for non-pregnant women [47].

Anemia during pregnancy causes decreased physical functioning and birth weight, preterm births,

and maternal and perinatal deaths [39]. It is a severe public health burden in developed and

developing countries, causing high morbidity and mortality rates in pregnant women. Pregnant

women and children are more susceptible to this hematological abnormality than other human

populations [13].

Anemia during pregnancy can decrease the Hgb concentration levels, affecting placental blood

vessel formation, which may limit oxygen supply to the fetus and potentially lead to restricted

fetal growth [5]. It is assessed by measuring Hgb concentration levels in the body rather than

clinical symptoms, which are less observable than those associated with vitamin A deficiency

and iodine deficiency disorders [23].

Menstrual bleeding, nutritional deficiencies of iron, acute or chronic blood loss, chronic disease,

vitamin B12 deficiency, parasitic disease, and frequent pregnancy are the main causes of ane-

mia during pregnancy. The types of anemia are more than 400; iron deficiency anemia, folate

deficiency anemia, vitamin B12 deficiency anemia, and hemolytic anemia are the most common

types of anemia during pregnancy [36, 22].

From the world population, around 1.62 billion people are anemic, and 46.3% of them live in

low and middle-income countries (LMICs), specifically African and Asian countries. Pregnant

women also contribute 38% of the global magnitude of anemia [33]. Due to differences in lifestyle,

health-seeking behaviors, cultures, and socioeconomic status, anemia prevalence significantly

differs among pregnant women. The evidence also showed that about 20% of maternal mortality

was because of anemia during pregnancy [18].

In low and middle-income countries, lack of balanced nutrients contributes to the majority cause
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of anemia among pregnant women, as the global data shows [49]. It is a main and widespread

health burden in developing countries, including Ethiopia, leading to various maternal compli-

cations and low birth weight, particularly during the 1st trimester of pregnancy [8].

According to an Ethiopian Demography and Health Survey (EDHS) report, the magnitude of

anemia among pregnant women in Ethiopia decreased by 10% from 2005 to 2011, however, it

increased by 7% from 2011 to 2016, which indicates that the prevalence of anemia in Ethiopia

is still growing more than expected [7].

It is important to assess this evolving landscape by defining patterns and associated factors of

the spatiotemporal distribution of anemia during pregnancy at the zonal, regional, and national

levels for optimal targeting of public health interventional policies. To the best of our knowledge,

no previous studies have examined the changes in the anemia burden across Ethiopia over time

by including important socio-demographic, environmental, and clinical-related variables.

The most important spatially-related variables that examine the effect of geographical locations

on anemia like maternal, biometric measurements, and socioeconomic variables were included in

the statistical analysis.

The EDHS data were collected using two stage sampling procedure by dividing the region of

the country into 21 strata. However, the collected data was unbalanced across different regions,

with insufficient data from the eastern part of the country. This imbalance of data affects the

certainty of geostatistical model-based prediction of anemia.

Considering additional sample locations will improve the uncertainty of the geostatistical model-

based prediction of anemia in this eastern part of Ethiopia. The most widely used sampling

design in the application of risk disease mapping in a limited resource context for such inaccurate

registry data is the adaptive sampling technique. Collecting data using adaptive sampling design

helps identify target areas with high prevalence and identify which community and household

level covariates influence these properties. Understanding these characteristics can guide the

development of area-wide public health policymaking [16]. Based on the prediction geostatistical

model framework, we select new locations in areas where representative data is not available using

adaptive sampling design.

The main objectives of this study are: 1) geostatistical mapping of the distribution of hemoglobin

2
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concentration among pregnant women in Ethiopia; 2) identifying variables that are important

for estimation in location for which the EDHS program does not collate enough data; and 3)

identify potential new locations that could be added adaptively to existing sample for the follow-

up studies.
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2 Methods and Materials

2.1 Study area

Our research was conducted in Ethiopia, situated between 33° and 48° longitude 3° and 14.8°

latitude in sub-Saharan Africa. It has the second-largest population in Africa next to Nigeria

and, is categorized as a low and middle-income country. It is currently facing social, economic,

political, and natural disasters. Recently, the Ethiopian House of Parliament approved the

creation of three new regional states. Presently, Ethiopia is administered by 12 regional states

and two city administrations, Addis Ababa, the capital city, and Dire Dawa. Furthermore, each

regional state is organized into many zonal administrations.

2.2 Source of data

This study used the most recent 2016 EDHS data. We note that data from EDHS 2005 and 2011

were also available but not included in this study because data were not collected in all areas of

the country. Several individual and community-level data were collected in the EDHS survey.

The data were collected using two-stage sampling techniques and the 2007 and 1994 Population

and Housing Census were used as a sampling frame for EDHS 2016 2011, and 2005 respectively.

21 strata were created by dividing each region into rural and urban areas. In the first stage

from 21 strata, 645 Enumeration Areas (EAs) for EDHS 2016, 624 EAs for EDHS 2011, and

540 EAs for EDHS 2005 were selected. The selected EAs are proportional to each stratum and

independent of each other. From the selected EAs households were selected using a systematic

sampling technique in the second sampling stage.

2.3 Variables of the study

2.3.1 Dependent variable

Hemoglobin level of the pregnant women aged 15–49 years was used as the response variable in

this study. It was measured using the ”Hemocue blood hemoglobin testing system” after blood

was collected using a finger prick [27].
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2.3.2 Independent variables

Based on the available literature, numbers of covariates that have potential relationships with

Hgb concentration of pregnant women were identified to be included in our study [60, 43, 44,

2, 34, 40, 23, 31, 62, 32]. Based on those studies, variables that affect the Hgb concentration

of pregnant women were household wealth index (poor, middle, and rich), type of residence

(Urban or rural), toilet type (pit, flush, and unsanitary), drinking water source (bottled water,

tanker water, piped water, rainwater, and other), number of children aged 1 − 5 years in the

household, kitchen fuel type (gas/electric, wood, and animal/plant waste), length of current

pregnancy in months, iron supplementation, number of ANC visits, educational level, parity, sex

of household head, body mass index, malaria prevalence, drought episodes, temperature, and

current working status of pregnant women. Some of the above variables, like malaria prevalence,

drought episodes, and temperature, were collected at community levels, so we did not include

those variables in this study.

2.4 Data collection procedure

The data for our study were accessed from the DHS website (www.measuredhs.com). We got

permission to access the data after explaining the objective of the study and writing the mini pro-

posal of our study. Data related to mothers’ socio-economic status, health, nutrition, household

income, household structure, biomarkers, demographic information, weather-related informa-

tion, latitude and longitude, environmental factors, and other behavioral-related information of

the pregnant women were collected across the area of Ethiopia.

2.5 Ethical issues, societal relevance, and stakeholder awareness

The data do not contain any personal identifying information that could be linked to the study

participants and confidentiality was maintained anonymously, as outlined in the DHS report.

Furthermore, the exact location of the study participants was displaced to maintain their confi-

dentiality, sometimes known as ‘geo-masked’ or ‘geo-scrambled’. During the data collection, the

clusters were displaced by 2 kilometers for urban areas and 10 kilometers for rural areas from

their actual locations [14]. Utilizing the estimated Hgb distribution to pinpoint local regions

5
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at risk of anemia allows the government to focus on addressing this issue. It facilitates the

identification of anemia-related factors necessitating preventive measures. Mothers residing in

high-risk anemia areas can gain awareness and be alerted to potential causes of anemia. Our

study findings have significant implications for responsible bodies. The Ethiopian Ministry of

Health, Ethiopian Public Health Institute, and regional health offices are key stakeholders in

uncovering locations with high anemia risk. Additionally, as the study addresses anemia distri-

bution across different zonal levels, stakeholders at lower levels, such as district health officers,

can also be engaged.

2.6 Spatial exploratory analysis

Visualizing the spatial data analysis based on the raw outcome data can give the first insight.

Assessing spatial correlation visually from a plot can be challenging. To obtain a better assess-

ment, the empirical variogram is a valuable exploratory tool [53]. We used a variogram to test

for residual correlation after we fit the linear regression model. It describes how the data are

correlated with distance [24]. The concept of the variogram is based on the assumption that

when there is no spatial correlation, the squared differences between pairs of predicted residuals,

(Ẑi, Ẑj)
2, should vary around a constant value. This constant value is equal to twice the variance

of the ẑi because ẑi and ẑj are independent regardless of the distance h between their respective

locations. We would expect the squared differences to be smaller on average at shorter distances

h in the presence of residual spatial correlation in our data, as a result of the stronger correlation

between ẑh and ẑk [55]. Therefore, the empirical variogram can be calculated as:

ρ̂(h) =
1

2|N(h)|
∑
N(h)

(Zi − Zj)
2 (1)

whereN(h) = (i, j) : ||xi − xj || = h, i.e., it is the set of all pairs of data points whose locations are

a distance h apart, and |N(h)| is the set of all pairwise distances. We first fitted the theoretical

variogram model with covariates to the empirical variogram and used estimates from the fitted

model as the initial value for the spatial component of the linear geostatistics model.
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2.7 Statistical models

2.7.1 Linear geostatistical model

“Geostatistics” is commonly used to refer to statistical models and methods used to analyze the

finite realization of a continuous spatial phenomenon [26]. This methodology has been applied

in several scientific areas and currently, it is a widely used method for spatial data analysis

[20]. The descriptive The term “model-based geostatistics” was introduced by Diggle, Tawn,

and Moyeed in 1998 [26] to refer to the introduction of geostatistics to the general framework of

statistical modeling and likelihood-based inferences for analyzing continuous spatial data. Most

geostatistical models focus on spatial predictions rather than parameter estimation. In terms of

model-based geostatistics terminology, it can be expressed as: { (yi, xi): i = 1...n} are random

variables, Yi related with locations xi ∈ R2. Yi are assumed dependent random variables, S(x):

x ∈ R2, can be described in statistical model [S, Y] = [S][Y][Y], where [.]= the distribution of Y

and S. It is a conditional distribution and has a direct application of Bayes’ theorem, which can

be written as;

[S|Y ] =
[S][Y |S]

[
∫
[S][Y |S]dS]

(2)

The linear Gaussian modal is the most tractable model so far, for which Yi|S ∼ N(S(xi), τ
2)

and S follows a Gaussian process. A linear geostatistical model can be defined as:

Y = t′β + S(x) + Z (3)

where Y: hemoglobin concentration measured at location xi, t: a set of independent variables, β:

regression coefficients associated with the independent variables, S(x): isotropic and stationary

spatial process, and it has Matèern covariance function with scale parameters ϕ, shape parame-

ters κ, and variance σ2 [42]. The shape parameter κ is treated as fixed in the estimation. The

variance of the nugget effect is also included in our parameter estimation by fixing its effect on

relative variance, ν2= τ2

σ2 . In our study, multiple households were selected at single sample loca-

tions. The model described above was modified in the following way; let Yij represent the random

variable related to jth individual hemoglobin concentration level at location xi. Therefore, the

linear geostatistical model can be modified as;

Yij = t′ijβ + S(xi) + zi + Uij (4)

7
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where Ui are independent and identically normally distributed with mean zero and variance

ω2, S(xi and Zi are as described in the previous geostatistical model. We fitted this model by

specifying an ID vector for unique set locations in prevmap R package.

2.7.2 Initial selection of covariates

We selected a set of uncorrelated independent variables using a forward stepwise selection pro-

cedure for use in a linear geostatistics model. This approach expands the method developed

by Austin and Tu [9] by fitting bi-variable linear geostatistical models of the initial predictor

covariates. The likelihood ratio test (LRT), a likelihood-based test, was used to assess the effec-

tiveness of each predictor variable in the prediction of the hemoglobin level of pregnant women

at specific validation locations.

2.7.3 Sensitivity analysis

Sensitivity analysis (SA) in the geostatistical analysis is focused on examining how uncertainty

in the estimated model parameters can be attributed to various uncertainties in the model inputs

[4]. We examined how variations in the covariance sill and covariance nugget affect the spatial

correlation within our model. This assessment involved fitting the model using different values

of the range parameter (ϕ) and the nugget variance. We found that the model results remained

consistent by systematically varying ϕ while keeping the nugget variance fixed, and vice versa.

This indicates that choosing different values for these parameters does not impact the spatial

correlation result in our model.

2.7.4 Spatial prediction

We used simple kriging to predict the spatially continuous elevation surface, which is the simplest

geostatistical prediction method. It is based on a stationary Gaussian model for minimum mean

square error (MSE) prediction without accounting for parameter uncertainty. All geostatistical

model parameter estimates were plugged into the prediction model. Let Ŝ(x) be the minimum

MSE predictor of S(x) at an arbitrary location x. It is the function of the data y = y1, y2, ...., yn,

which minimizes the expected value of the MSE predictor. Since we are assuming a spatial

8
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Gaussian process, we can write this predicted value as a linear function of data as follows:

Ŝ(x) = µ+

N∑
i=1

wi(x)(xi − µ) (5)

where wi are covariance parameters, namely, σ2, τ2, and ϕ.

2.7.5 Exceedance probability

Exceedance probabilities are vital to assess the localized spatial behavior of the model and to

identify the unusual elevation of disease risk [9]. The set of p(w) = p(x) : x ∈ Z represents

the surface of hemoglobin concentration covering the area of interest Z. We first simulate 1000

samples from the predictive distribution of W to predict p. Exceedance probabilities surfaces

give a map of uncertainty in the hemoglobin concentration level estimates. In this study, we

created a map of exceedance probability at a certain threshold, which we have set at Hgb level

of 110 g/l in pregnant women in Ethiopia, as shown in equation 6. This threshold was based on

the evidence that pregnant women with Hgb concentration levels below 110 g/l are considered

to be anemic.

θ(x) = p(x) < 110|y : x ∈ Z (6)

Areas with exceedance probability θ close to 1 indicate that the Hgb concentration of the preg-

nant women is highly likely to be below 110 g/l, and the other way around. In this study, we

used exceedance probability surface as a good predictive summary, since we aimed to pinpoint

areas at risk of anemia that need immediate intervention, as they are expected to exceed the

threshold (110 g/l). The set of areas with p(x) < 110g/l are therefore considered ”hotspot”

areas of anemia among pregnant women in Ethiopia.

2.7.6 Spatially adaptive sampling

Adaptive sampling designs utilize existing data to guide the selection of additional sample lo-

cations during each stage of the sampling procedure [50]. Sampled locations are grouped into

batches over a series of time intervals, and the locations within each batch leverage data from

previous batches to enhance data collection in line with the study objective. The criterion for

adaptive sampling design ensures that data is only collected from locations that will provide

valuable additional information [17]. Depending on the objective of the geostatistical analysis,

9
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the first step in adaptive sampling design is deciding and implementing the initial sampling

design. After the data has been collected from the selected locations using the chosen design,

the next step is to estimate the model parameters using the linear geostatistical model [25].

Prediction of p additional locations where representative sample have not been taken denote as

T ∗ = (T (x(n+1)), ...., T (x(n+p)))
T involves at the third step of the adaptive sampling procedure.

This prediction is known as “plug-in prediction”. Because all model parameter estimates are

plugged in the prediction model.

We used 645 EAs from the EDHS 2016 dataset as the initial inhibitory sample to select additional

locations adaptively for the follow-up studies. Based on the exceedance probabilities obtained

from the previous prediction model, 50 additional locations were selected adaptively. We have

set the minimum distance to be 1500 meters to ensure that sampling locations are not less than

1500 meters apart. This prevents sampling locations from multiple locations where x is highly

correlated with corresponding S(x).

10
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3 Results

3.1 Exploratory analysis

3.1.1 Socio-demographic, environmental and behavioral characteristics of study

participants

From 645 enumeration areas, 9,361 pregnant women aged 15–49 years were included in the

analysis. The average Hgb concentration of the study participants was 131g/l and the average

age of pregnant women was 35 years old. 72.9% of the pregnant mothers were not heads of

household, and 6,911 (73.8%) lived in rural areas. More than half of the mothers (64.1%) did

not have current work, and 5,684 (60.0%) pregnant women did not have formal education.

Approximately, 4,141 (44.2%) of the mothers are in the poorest household index quantile, while

3,907 (41.7%) fall within the richest quantile.

Regarding sanitation-related characteristics, about 36.1%, 34.8%, 15.6, 11.6, and 1.9% of the

pregnant women drank piped, well, water truck, surface/river, and bottled water, respectively.

The majority (56.2%) of the pregnant women used unsanitary toilets (Table1).

11
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Table 1: Socio-demographic, environmental, and personal characteristics of the study partici-

pants in Ethiopia.

Variable Category Frequency (n=9361) Proportion (%)

Sex household
Male 6825 72.9

Female 2536 27.1

Residency
Urban 2450 26.2

Rural 6911 73.8

Wealth Index

Middle 1313 14.1

Poor 4141 44.2

Riche 3907 41.7

Educational Status

No education 5615 60.0

Primary education 2540 27.1

Secondary education 784 8.4

Higher education 422 4.5

Source of water

Surface/River 1086 11.6

Piped 3375 36.1

Bottled water 182 1.9

Well 3259 34.8

Water truck 1459 15.6

Type of toilet

Flush 513 5.5

Pit 5262 56.2

Unsanitary 3586 38.3

Current working status
Yes 3360 35.8

No 6001 64.2

12
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3.1.2 Spatial distribution of Hgb among pregnant mothers aged 15–49 years in

Ethiopia, EDHS 2016

The lower level of hemoglobin concentration among pregnant mothers aged 15–49 years was

observed in Somalia, Harari, Afar, Dire Dawa, and Tigray regions of Ethiopia (Figure 1). Fur-

thermore, there is an imbalance of spatial data within the region of Ethiopia. Most of the data

were collected in Amhara, Oromia, and the central region of Ethiopia.

Figure 1: Point-map of hemoglobin concentration among pregnant women in Ethiopia

3.2 Variogram analysis

Figure 2 and 3 show the empirical variogram of Hgb concentrations together with a 95% tolerance

band derived from 1,000 random permutations. Diagnostic check results using the variogram to

test the presence of spatial correlation without covariates (figure 2) and with covariates (figure

3). The empirical variogram of the data is represented by the solid line, while the shaded areas

indicate 95% tolerance bands assuming spatial independence. The empirical variogram falls

outside this tolerance region, indicating the presence of a significant spatial correlation within

13
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the data. The variogram shown in Figure 3 was fitted to the residuals obtained from the model

with predictors. Compared to the variogram from the null model, it shows a reduction in range

parameters. This indicates that the covariates included in the model explain a portion of the

spatial variation. Some of this variation still falls outside 95% tolerance bands, which indicates

the existence of spatial correlation, with the empirical variogram falling outside the tolerance

envelope at distances up to about 5 kilometers.

Figure 2: Semi-variogram for the null model
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Figure 3: Semi-variogram for the models with covariates

3.3 Linear geostatistical model

We fitted the model for each variable and kept the variables with nominal p-values less than 0.25

to be included in the multivariable analysis. Table 2 reports MCML estimates with corresponding

p-values for model parameters. The results showed that residence, sex of household, wealth

index, BMI, and age of pregnant women were significantly associated with a reduction in Hgb at

a 5% level of significance. Regarding the explanation of spatial dependence, the residence of the

respondents explains more than the other variables in the bi-variable analysis. However, the sex

of the household and toilet type explain less spatial correlation. The variance of the Gaussian

process (σ2) and the variance of the individual unexplained variation (ω2) are almost the same

for all variables. In the bivariable analysis, the corresponding estimates for each variable are not

adjusted to the effect of other variables on pregnant women’s hemoglobin concentration levels.
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Therefore, multivariable analysis was used to adjust the effect of other covariates. we started

from the null model and then added the most significant variables one after the other based on

the bi-variable analysis. We determined the better model based on the likelihood ratio test.

Table 2: Maximum likelihood estimates for the bi-variable model fitted to the 2016 EDHS data.

In the model column, we presented the list of variables included in each analysis.

Model log(σ2)(Se) log(ϕ)(Se) log(ω2)(Se) p-value

Age 5.2777 (0.2172) 2.5688 (0.2486) 5.6275 (0.4347) < 0.0001

BMI 5.2843 (0.2316) 2.6633 (0.2626) 5.6261 (0.4635) < 0.0001

wealth index 5.1098 (0.1377) 2.7076 (0.2719) 5.6300 (0.4804) < 0.0001

Source water 5.10976 (0.1377) 2.6500 (0.2607) 5.68418(0.2755) 0.093

Residence 5.2971 (0.2571) 2.8190 (0.2860) 5.6270 (0.5144) < 0.0001

Education 5.10682 (0.1345) 2.6105 (0.2544 ) 5.68366 (0.2691) 0.467

Toilet Type 5.0821 (0.1363) 1.8917 (0.1693) 5.6837 (0.2728) 0.645

Sex of household 5.1339 (0.1329) 1.8576(0.1656) 5.6835 (0.2660) < 0.0001

The maximum likelihood estimates of the model parameters are in Table 3. The results include

point estimates, standard errors, and confidence intervals of the regression coefficients. Among

the pregnant women in Ethiopia, residence, head of the household, wealth index, and BMI were

identified as the most important variables associated with reducing Hgb concentration levels.

In the linear geostatistical regression analysis, the proportion of pregnant women who lived in

rural areas, the proportion of pregnant women who had been head of household, the proportion

of women with low BMI, and younger pregnant women were considered important predictors

for Hgb reduction in the linear geostatistical model, as it was statistically significant in the

multivariable linear geostatistical analysis. We found that pregnant women from the wealthiest

and middle-income households had a lower risk of anemia compared to women from the poorest

households, although the difference for the middle-income group was not statistically significant.
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Table 3: Maximum likelihood estimates with corresponding standard errors and confidence in-

tervals for coefficients of the geostatistical model

Parameter Estimate Standard error 95%CI

β0 116.49 4.96 (106.77,126.21)

β1 -5.85 0.74 (-7.29, -4.34)

β2 1.49 0.42 (0.67, 2.31)

β3 0.075 0.02 (0.04, 0.11)

β4 0.31 0.05 (0.21, 0.41)

β5 -1.16 0.59 (-2.32,-0.004)

β6 1.10 0.63 (-0.14,2.33)

log(σ2) 5.31 0.27 (4.78, 5.84)

log(ϕ) 2.88 0.30 (2.29 3.47)

log(ω2) 5.62 0.54 (4.56,6.68)

Notes: β0: Intercept; β1: Residence (=1 if rural; =0 urban (ref)); β2: Sex of household (=1 if female;

=0 male (ref)); β3: Age in years; β4: body mass index (kg/m2); β5 and β6; wealth index (=0 middle(ref);

1=poor; 2=rich) σ2: variance of Gaussian process; ϕ: scale of spatial correlation; ω2: variance of the

individual unexplained variation; CI: confidence interval.

3.4 Spatial predictions for the target population

In Figure 4, spatial predictions were carried out based on the null model (without covariates).

Upper panel: predicted surfaces of Hemoglobin concentration. Lower panel; maps of the predic-

tive probability that Hgb lies below the threshold of 110 g/l (risk of anemia).
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Figure 4: Maps of the predicted Hgb concentration (upper panel) and exceedance probability of

Hgb< 110g/l (lower panel) in Ethiopia from the null model
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Our fitted model for these data includes covariates that are properties of a person at a location,

rather than of a location itself. It follows that predictive maps can only be constructed under

hypothetical scenarios about the people who live at an unsampled location.

We suppose that our target population for prediction, T(x), are Hgb of 35 (average) years

pregnant women, living in rural areas, having 20 kg/m2 BMI (average), from a poor household,

and being head of household. Hence,

T (x) = β0 + β1 + β2 + β3 ∗ 35 + β4 ∗ 20 + S(x), x ∈ G (7)

where G is a regular grid covering the whole area of Ethiopia. The contour plot in figure 5 shows

the probability of Hgb is below 110 g/l, taking into account significant covariates in the model,

formally expressed as we observe the presence of a small hotspot of anemia risk in northeastern

Ethiopia and a high risk of anemia in eastern Ethiopia. where ρ(x) reaches a maximum value of

about 90%, while in the rest of the country ρ(x) is close to zero.
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Figure 5: Maps of predicted Hgb concentration (upper panel) and exceedance probability of

Hgb< 110g/l (lower panel) in Ethiopia from the model with covariates. Contours of Hgb <

110g/l (Anemia) and of 25% and 75% exceedance probabilities are also shown.20
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3.5 Spatially adaptive sampling

Complete enumeration of households in the study area and recording their geographic coordinates

using GPS are involved in the first stage of geostatistical design. The data collected from EAs

households in 2016 EDHS data act as initial sampling. The locations of all households included

in the analysis to select new locations are shown in figure 6.

Figure 6: Locations of the all available household in Ethiopia, 2016 EDHS dataset

The maps of exceedance probabilities with 110g/l low Hgb concentration probabilities in Ethiopia

and contours of 25% and 75% exceedance probabilities for regular grid were shown in figure 5

to show if and where areas with high risk are located in Ethiopia using 2016 EDHS data. The

map shows the areas in the northeast, southeast, and east, as highlighted green have low Hgb

concentration probabilities of less than 110g/l. Therefore, these areas are considered high-risk

areas of anemia. On the other hand, the exceedance probabilities between 25% and 75% are
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considered a zone of uncertainty in which the stakeholders could collect additional data for

further investigation.

Based on the exceedance probabilities from section 3.4, we select an adaptive sample of 50

additional areas. The results are presented in figure 7 with δ= 1500 meters. Blue dots (n0 =

645) are the selected areas from the EDHS 2016 data set, for visualization we select only 100 of

them, and red dots (na = 50) are additional samples selected adaptively after analyzing the data

from the initial design. Therefore, the stakeholders can collect an additional 50 new locations

depending on these results.
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Figure 7: Adaptive sampling design δ = 1500m and initial sampling household are represented

by blue dots (only 100 locations from the EDHS dataset are visualized), red dots (na = 50) are

adaptive samples
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4 Discussion

DHS reports that in 2016 the prevalence of anemia among pregnant women aged 15–49 years

was 28.55%, with the highest prevalences found in the Afar (44.7%) and Somalia (59.5%) regions

of Ethiopia. These values are higher than those reported in studies from Ghana [1] and China

[30].

Anemia significantly burdens the health care system in Ethiopia, despite the WHO’s combined

strategies to reduce anemia, such as infectious disease management and iron supplementation

during pregnancy, and improving personal and community hygiene [28, 57].

Among the pregnant women aged 15–49 years, there was systematic (non-random) spatial distri-

bution of anemia across Ethiopia. We found the hotspot areas (high risk of anemia) in Somalia,

Dire Dawa, Harari, Tigray, and Afar regions of Ethiopia. This may be explained by the high

prevalence of chronic diseases like chronic kidney disease and autoimmune disorders, excessive

bleeding during pregnancy, iron and folate deficiencies, and inadequate nutrient intake of preg-

nant women in Ethiopia [21]. Due to poor sanitation, and environmental conditions in the

eastern part of the country, many people are affected by infectious diseases like hookworms,

Schistosoma, malaria, and visceral leishmaniasis that facilitate the transmission and spread of

parasites [29, 61, 46, 54].

Using geostatistical modeling, we estimated the mean Hgb concentration for pregnant women and

examined spatial variation in Hgb concentration and the risk of anemia. Residence, household

sex, wealth index, BMI, and age of respondents were significant covariates associated with the

reduction of Hgb concentration levels of pregnant mothers. As opposed to other studies [60, 10],

our study found that drinking water sources and toilet facilities were not significantly associated

with reducing Hgb concentration among pregnant women in Ethiopia.

Anemia in pregnant women is often associated with poor nutritional status, wasting, and stunt-

ing. This has predominantly happened with pregnant mothers in the context of endemic infec-

tions and unfavorable socioeconomic conditions [58].

In our study, the wealth index had a statistically significant effect on the reduction of Hgb

concentration levels in pregnant women aged 15–49 years. The study revealed that respondents
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from wealthier and middle-income households had better hemoglobin concentration (lower risk of

anemia) compared to those from the poorest households. This finding aligns with other studies

conducted in developing countries [51], Ethiopia [10, 38], Tanzania [56], Benin [3], and India

[12, 1]. As it was explained above, poor economic status is strongly associated with various

health-related problems, particularly increasing the risk of intestinal infections like ascariasis,

amoebiasis, and hookworm, which in turn leads to a high risk of anemia among pregnant women

from the poorest households [45]. It may also be possible that pregnant women from the poorest

households cannot afford to buy nutritious foods and maintain a balanced diet [37], leading to

insufficient nutrient intake and poor nutritional status [35].

Based on the CSA report, over 38% of Ethiopians fall into the poor wealth quantile, suggesting

that a high proportion of pregnant women is at risk of anemia due to their poor socioeconomic

status [52].

In this study, the age of the pregnant women was positively associated with their hemoglobin

concentration level, indicating that the reduction of Hgb concentration was higher among adoles-

cent pregnant women compared to young pregnant mothers. Our finding is supported by other

studies conducted in Ethiopia [6, 59]. Though anemia affects the whole population, women are

more prone to it, particularly teenage pregnant girls. Adolescents are particularly vulnerable

due to the high demands of iron for their rapid growth. Consequently, pregnancy increases their

nutritional demand, leading adolescents to be at higher risk of anemia than young pregnant

women [15].

Maternal education has been reported as another important determinant of anemia among preg-

nant women, with a higher prevalence of anemia observed among women who have no formal

education [11, 6, 3]. In this study, maternal education was not statistically associated with

the risk of anemia among pregnant women. This difference may be attributed to the methods

applied to assess predictors associated with anemia among pregnant women in Ethiopia.

The finding of our study revealed that the residence of the respondent was significantly associ-

ated with the reduction of Hgb concentration level of pregnant women in Ethiopia. Pregnant

mothers living in rural areas are at higher risk of anemia as compared to pregnant mothers from

urban areas. Our finding is in agreement with previous studies [7, 6, 10]. This may be due to

pregnant women from rural areas often having inadequate health care services, unsanitary en-
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vironments, and being uneducated, leading to less awareness about the consequences of anemia

during pregnancy. Additionally, these pregnant women are from the poorest households and

unable to maintain a balanced diet, resulting in a high risk of anemia.

Our study also showed that being the head of household increases the risk of anemia among

pregnant women in Ethiopia. Our finding is in agreement with previous studies conducted in

sub-Saharan countries [60]. The possible reason may be, that pregnant mothers who are heads

of households may experience higher stress levels and greater economic and caregiving respon-

sibilities. These factors can adversely affect their nutritional status and overall health, leading

to lower hemoglobin concentrations (higher risk of anemia) [19]. Additionally, these women

might have reduced access to healthcare resources and support, which can further contribute to

decreased hemoglobin levels [41].

5 Strengths and weakness of the study

This study used well-documented EDHS data and utilized a rigorous statistical method, allowing

for the generalization of findings at the national level. The findings of this study can give insights

for Ethiopian public health institutes and other policymakers to design geographically targeted

health interventions to control and prevent anemia among Ethiopian pregnant women.

It is important to note that the study has limitations that should be considered for further

follow-up studies. For instance, essential predictors like temperature, underlying medical condi-

tions, drought, malaria status, HIV/AIDS, etc., were not included in the analysis due to their

unavailability in the EDHS 2016 data at the individual level. Furthermore, Since DHS data were

collected through a cross-sectional study design, we cannot draw causal relationships between the

reduction of Hgb concentration levels and the possible predictor variables included in the study.

Lastly, the exact locations of the EAs areas were displaced by two kilometers for urban areas and

ten kilometers for rural enumeration areas to secure the privacy of the study participants. This

displacement could potentially affect the estimated cluster effect in the geostatistical regression

analysis.
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6 Conclusion and future work

Socio-economic statuses like wealth index, head of household, age of pregnant women, residency,

body mass index, access to pure water, hygiene, and sanitation service were important predictors

that affect the spatial variation of anemia among pregnant women aged 15–49 years in Ethiopia,

and other sub-Saharan countries. In the 2016 DHS program, not enough data were collected

from Afar, Harari, Somalia, Diren Dawa, and the eastern Tigray part of Ethiopia. This omission

impacts the certainty of our exceedance probability predictions. Based on the adaptive sampling

technique, we recommend that stakeholders and researchers in Ethiopia collect data from an

additional location within these regions to improve the accuracy and reliability of future studies.

However, it is important to consider the current socio-political and security issues in Ethiopia

when planning data collection efforts. These challenges may affect accessibility and the safety

of both researchers and participants. Therefore, a comprehensive risk assessment should be

developed to address these issues while ensuring that the data collection process is as inclusive

and representative as possible.
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Adolescent Gynecology. 2012. 22. 302–331.

[16] Chipeta Michael G, Terlouw Dianne J, Phiri Kamija, Diggle Peter J. Adaptive geostatistical

design and analysis for sequential prevalence surveys // arXiv preprint arXiv:1509.04448.

2015.

[17] Chipeta Michael G, Terlouw Dianne J, Phiri Kamija S, Diggle Peter J. Adaptive geosta-

tistical design and analysis for prevalence surveys // Spatial Statistics. 2016. 15. 70–84.

[18] Chowdhury Hasina Akhter, Ahmed Kazi Rumana, Jebunessa Fatema, Akter Jesmin, Hos-

sain Sharmin, Shahjahan Md. Factors associated with maternal anaemia among pregnant

women in Dhaka city // BMC women’s health. 2015. 15. 1–6.

29



Model-Based Geostatistical Mapping of Anemia Among Pregnant Women In Ethiopia

[19] Cohen Sheldon, Janicki-Deverts Denise, Miller Gregory E. Psychological stress and disease

// Jama. 2007. 298, 14. 1685–1687.

[20] Cressie Noel. Statistics for spatial data. 2015.

[21] Delie Amare Mebrat, Gezie Lemma Derseh, Gebeyehu Asaye Alamneh, Tarekegn Gebreki-

dan Ewnetu, Muche Achenef Asmamaw. Trend of adherence to iron supplementation during

pregnancy among Ethiopian women based on Ethiopian demographic and health surveys:

A Multivariable decomposition analysis // Frontiers in Nutrition. 2022. 9. 955819.

[22] Deriba Berhanu Senbeta, Bulto Gizachew Abdissa, Bala Elias Teferi, others . Nutritional-

related predictors of anemia among pregnant women attending antenatal care in central

Ethiopia: An unmatched case-control study // BioMed research international. 2020. 2020.

[23] Derso Terefe, Abera Zelalem, Tariku Amare. Magnitude and associated factors of anemia

among pregnant women in Dera District: a cross-sectional study in northwest Ethiopia //

BMC research notes. 2017. 10. 1–8.

[24] Diggle PJ, Ribeiro PJ, Geostatistics Model-based. Springer series in statistics // Springer.

Djelouah K., Frasheri D., Valentini F., D’Onghia AM and Digiaro M.(2014). Direct tissue

blot immunoassay for detection of Xylella fastidiosa in olive trees. Phytopathologia Mediter-

ranea. 2007. 53, 3. 559–564.

[25] Diggle Peter J, Ribeiro Paulo J. Gaussian models for geostatistical data // Model-based

geostatistics. 2007. 46–78.

[26] Diggle Peter J, Tawn Jonathan A, Moyeed Rana A. Model-based geostatistics // Journal

of the Royal Statistical Society Series C: Applied Statistics. 1998. 47, 3. 299–350.

[27] Disease Control (CDC Centers for, others . CDC criteria for anemia in children and

childbearing-aged women // MMWR. Morbidity and mortality weekly report. 2020. 38,

22. 400–404.

[28] Review of the status of malnutrition and trends in Ethiopia. // . 2001.

[29] Greenwood BM. The epidemiology of malaria // Annals of Tropical Medicine & Parasitology.

1997. 91, 7. 763–769.

30



Model-Based Geostatistical Mapping of Anemia Among Pregnant Women In Ethiopia

[30] Hu Huanqing, Huang Aiqun, Yang Qi, Zhao Wei, Ma Yu, Di Jiangli. Prevalence and risk

factors of anemia of pregnant women—6 provinces in China, 2014- 2018 // China CDC

weekly. 2020. 2, 14. 225.

[31] Ikeanyi EM, Ibrahim AI. Does antenatal care attendance prevent anemia in pregnancy at

term? // Nigerian Journal of Clinical Practice. 2015. 18, 3. 323–327.

[32] Kassebaum Nicholas J, Jasrasaria Rashmi, Naghavi Mohsen, Wulf Sarah K, Johns Nicole,

Lozano Rafael, Regan Mathilda, Weatherall David, Chou David P, Eisele Thomas P, others

. A systematic analysis of global anemia burden from 1990 to 2010 // Blood, the Journal

of the American Society of Hematology. 2014. 123, 5. 615–624.

[33] Kay Ariel, Leidman Eva, Lopez Velma, Wilkinson Caroline, Tondeur Melody, Bilukha Oleg.

The burden of anaemia among displaced women and children in refugee settings worldwide,

2013–2016 // BMJ global health. 2019. 4, 6. e001837.

[34] Kothari Monica T, Coile Amanda, Huestis Arja, Pullum Tom, Garrett Dean, Engmann

Cyril. Exploring associations between water, sanitation, and anemia through 47 nationally

representative demographic and health surveys // Annals of the New York Academy of

Sciences. 2019. 1450, 1. 249–267.

[35] Kuche Desalegn, Singh Pragya, Moges Debebe, Belachew Tefera. Nutritional status and

associated factors among pregnant women in Wondo Genet District, Southern Ethiopia //

J Food Sci Eng. 2015. 5, 2. 85–94.

[36] Lebso Meaza, Anato Anchamo, Loha Eskindir. Prevalence of anemia and associated factors

among pregnant women in Southern Ethiopia: A community based cross-sectional study

// PloS one. 2017. 12, 12. e0188783.

[37] Lenz Adriana, Olinto Maria Teresa Anselmo, Costa Juvenal S Dias-da, Alves Ana Luisa,

Balbinotti Marcos, Pattussi Marcos Pascoal, Bassani Diego Garcia. Socioeconomic, demo-

graphic and lifestyle factors associated with dietary patterns of women living in Southern

Brazil // Cadernos de saude publica. 2009. 25. 1297–1306.

[38] Liyew Alemneh Mekuriaw, Teshale Achamyeleh Birhanu. Individual and community level

factors associated with anemia among lactating mothers in Ethiopia using data from

31



Model-Based Geostatistical Mapping of Anemia Among Pregnant Women In Ethiopia

Ethiopian demographic and health survey, 2016; a multilevel analysis // BMC Public

Health. 2020. 20. 1–11.

[39] Lynch Sean, Pfeiffer Christine M, Georgieff Michael K, Brittenham Gary, Fairweather-Tait

Susan, Hurrell Richard F, McArdle Harry J, Raiten Daniel J. Biomarkers of Nutrition for

Development (BOND)—iron review // The Journal of nutrition. 2018. 148. 1001S–1067S.

[40] Machisa Mercilene, Wichmann Janine, Nyasulu Peter S. Biomass fuel use for household

cooking in Swaziland: is there an association with anaemia and stunting in children aged

6–36 months? // Transactions of the Royal Society of Tropical Medicine and Hygiene. 2013.

107, 9. 535–544.

[41] Matthews Karen A, Kelsey Sheryl F, Meilahn Elaine N, Muller Lewis H, Wing Rena R.

Educational attainment and behavioral and biologic risk factors for coronary heart disease

in middle-aged women // American journal of epidemiology. 1989. 129, 6. 1132–1144.

[42] Minasny Budiman, McBratney Alex B. The Matérn function as a general model for soil

variograms // Geoderma. 2005. 128, 3-4. 192–207.

[43] Nankinga Olivia, Aguta Danstan. Determinants of Anemia among women in Uganda: fur-

ther analysis of the Uganda demographic and health surveys // BMC public health. 2019.

19, 1. 1757.

[44] Ncogo Policarpo, Romay-Barja Maria, Benito Agustin, Aparicio Pilar, Nseng Gloria,

Berzosa Pedro, Santana-Morales Maria A, Riloha Matilde, Valladares Basilio, Herrador

Zaida. Prevalence of anemia and associated factors in children living in urban and rural

settings from Bata District, Equatorial Guinea, 2013 // PloS one. 2017. 12, 5. e0176613.

[45] Nyarango Robert M, Aloo Peninah A, Kabiru Ephantus W, Nyanchongi Benson O. The

risk of pathogenic intestinal parasite infections in Kisii Municipality, Kenya // BMC public

health. 2008. 8. 1–6.

[46] O’lorcain P, Holland CV. The public health importance of Ascaris lumbricoides // Para-

sitology. 2000. 121, S1. S51–S71.

[47] Organization World Health, others . Nutritional anaemias: report of a WHO scientific group

[meeting held in Geneva from 13 to 17 March 1967]. 1968.

32



Model-Based Geostatistical Mapping of Anemia Among Pregnant Women In Ethiopia

[48] Organization World Health, others . Haemoglobin concentrations for the diagnosis of

anaemia and assessment of severity. 2011.

[49] Osman Mohamed Omar, Nour Tahir Yousuf, Bashir Hodan Mahamed, Roble Abdurah-

man Kedir, Nur Abdikani Mawlid, Abdilahi Abdilahi Omer. Risk factors for anemia among

pregnant women attending the antenatal care unit in selected jigjiga public health facilities,

somali region, east ethiopia 2019: Unmatched case–control study // Journal of multidisci-

plinary healthcare. 2020. 769–777.

[50] Pacifici Krishna, Reich Brian J, Dorazio Robert M, Conroy Michael J. Occupancy estima-

tion for rare species using a spatially-adaptive sampling design // Methods in Ecology and

Evolution. 2016. 7, 3. 285–293.

[51] Petry Nicolai, Olofin Ibironke, Hurrell Richard F, Boy Erick, Wirth James P, Moursi

Mourad, Donahue Angel Moira, Rohner Fabian. The proportion of anemia associated with

iron deficiency in low, medium, and high human development index countries: a systematic

analysis of national surveys // Nutrients. 2016. 8, 11. 693.

[52] Rockville . Ethiopia and ICF Ethiopia demographic and health Survey 2016. Addis Ababa,

Ethiopia, and Rockville, Maryland, USA: CSA and ICF, 2016 // DHS. 2016. 5, 2. 85–94.

[53] Samui Pijush, Bui Dieu Tien, Chakraborty Subrata, Deo Ravinesh. Handbook of proba-

bilistic models. 2019.

[54] Smits Henk L. Prospects for the control of neglected tropical diseases by mass drug admin-

istration // Expert Review of Anti-infective Therapy. 2009. 7, 1. 37–56.

[55] Sui Daniel Z. Tobler’s first law of geography: A big idea for a small world? // Annals of

the Association of American Geographers. 2004. 94, 2. 269–277.

[56] Sunguya Bruno F, Ge Yue, Mlunde Linda, Mpembeni Rose, Leyna Germana, Huang Ji-

ayan. High burden of anemia among pregnant women in Tanzania: a call to address its

determinants // Nutrition journal. 2021. 20. 1–11.

[57] Tamiru Dessalegn, Argaw Alemayehu, Gerbaba Mulusew, Ayana Girmay, Nigussie Adera-

jew, Jisha Hunduma, Belachew Tefera. Enhancing personal hygiene behavior and compe-

33



Model-Based Geostatistical Mapping of Anemia Among Pregnant Women In Ethiopia

tency of elementary school adolescents through peer-led approach and school-friendly: A

quasi-experimental study // Ethiopian journal of health sciences. 2017. 27, 3. 245–254.

[58] Tanumihardjo Sherry A, Russell Robert M, Stephensen Charles B, Gannon Bryan M, Craft

Neal E, Haskell Marjorie J, Lietz Georg, Schulze Kerry, Raiten Daniel J. Biomarkers of

Nutrition for Development (BOND)—vitamin A review // The Journal of nutrition. 2016.

146, 9. 1816S–1848S.

[59] Umeta Melaku, Haidar Jemal, Demissie Tsegaye, Akalu Girma, Ayana Gonfa. Iron defi-

ciency anaemia among women of reproductive age in nine administrative regions of Ethiopia

// The Ethiopian Journal of Health Development. 2008. 22, 3.

[60] Weze Kelechi, Abioye Ajibola Ibraheem, Obiajunwa Chiagoziem, Omotayo Moshood. Spatio-

temporal trends in anaemia among pregnant women, adolescents and preschool children in

sub-Saharan Africa // Public health nutrition. 2021. 24, 12. 3648–3661.

[61] Wilson Mary E. Geography of infectious diseases // Infectious diseases. 2010. 1055.

[62] Woodruff Bradley A, Wirth James P, Ngnie-Teta Ismael, Beaulière Jean Max, Mamady

Daffe, Ayoya Mohamed Ag, Rohner Fabian. Determinants of stunting, wasting, and anemia

in Guinean preschool-age children: an analysis of DHS data from 1999, 2005, and 2012 //

Food and nutrition bulletin. 2018. 39, 1. 39–53.

34


	Introduction
	Methods and Materials
	Study area
	Source of data
	Variables of the study
	Dependent variable
	Independent variables

	Data collection procedure
	Ethical issues, societal relevance, and stakeholder awareness
	Spatial exploratory analysis
	Statistical models
	Linear geostatistical model
	Initial selection of covariates
	Sensitivity analysis
	Spatial prediction
	Exceedance probability
	Spatially adaptive sampling


	Results
	Exploratory analysis
	Socio-demographic, environmental and behavioral characteristics of study participants
	Spatial distribution of Hgb among pregnant mothers aged 15–49 years in Ethiopia, EDHS 2016 

	Variogram analysis
	Linear geostatistical model
	Spatial predictions for the target population
	Spatially adaptive sampling

	Discussion
	Strengths and weakness of the study
	Conclusion and future work

