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Abstract

within each country should be focused on.

effect

Background: The causes of childhood anaemia are multifactorial, interrelated and complex. Such causes vary from
country to country, and within a country. Thus, strategies for anaemia control should be tailored to local conditions
and take into account the specific etiology and prevalence of anaemia in a given setting and sub-population. In
addition, policies and programmes for anaemia control that do not account for the spatial heterogeneity of anaemia
in children may result in certain sub-populations being excluded, limiting the effectiveness of the programmes. This
study investigated the demographic and socio-economic determinants as well as the spatial variation of anaemia in
children aged 6 to 59 months in Kenya, Malawi, Tanzania and Uganda.

Methods: The study made use of data collected from nationally representative Malaria Indicator Surveys (MIS) and
Demographic and Health Surveys (DHS) conducted in all four countries between 2015 and 2017. During these
surveys, all children under the age of five years old in the sampled households were tested for malaria and anaemia. A
child’s anaemia status was based on the World Health Organization’s cut-off points where a child was considered
anaemic if their altitude adjusted haemoglobin (Hb) level was less than 11 g/dL. The explanatory variables considered
comprised of individual, household and cluster level factors, including the child’s malaria status. A multivariable
hierarchical Bayesian geoadditive model was used which included a spatial effect for district of child’s residence.

Results: Prevalence of childhood anaemia ranged from 36.4% to 61.9% across the four countries. Children with a
positive malaria result had a significantly higher odds of anaemia [AOR = 4.401; 95% Crl: (3.979, 4.871)]. After adjusting
for a child's malaria status and other demographic, socio-economic and environmental factors, the study revealed
distinct spatial variation in childhood anaemia within and between Malawi, Uganda and Tanzania. The spatial variation
appeared predominantly due to unmeasured district-specific factors that do not transcend boundaries.

Conclusions: Anaemia control measures in Malawi, Tanzania and Uganda need to account for internal spatial
heterogeneity evident in these countries. Efforts in assessing the local district-specific causes of childhood anaemia
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Background

Anaemia, which is a condition in which the haemoglobin
(Hb) concentration is lower than that required by the
body to meet its physiological needs, is a major cause
of morbidity and mortality among pregnant women and
young children in most Low and Middle Income coun-
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tries (LMIC), particularly those in sub-Saharan Africa
(SSA) [1]. Anaemia contributes to adverse health prob-
lems in children, and affects their cognitive, behavioural
and physical development [2, 3]. If left untreated, the
long-term effects and consequences of anaemia in early
childhood are irreversible, if mortality has not occurred
[3]. According to the most recent estimates of the World
Health Organization (WHO), the highest anaemia preva-
lence of 42.6% in 2011 occurred in children under the age
of five years old, which translated to just over 273 million
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children suffering from anaemia globally [4]. In Africa, the
prevalence of anaemia in children was estimated at 62.3%
in 2011 [5]. The causes of anaemia in childhood are mul-
tifactorial and interrelate in a complex way. Such causes
include iron deficiency, other micronutrient deficiencies
such as folate, vitamin B12 and vitamin A; intestinal
parasites such as soil-transmitted helminths (STH) and
Schistosoma; malaria, HIV infection, and chronic diseases
such as sickle cell disease [6]. While iron deficiency is the
most common cause of anaemia in high-income coun-
tries (HIC), there are many other contributing factors in
LMIC. In countries that are highly malaria-endemic, par-
ticularly in SSA, malaria is a significant contributing factor
to childhood anaemia [7].

While the WHO strives for goals of achieving a 50%
reduction of anaemia in women of reproductive age by
2025, childhood anaemia has no such direct goals in place
and thus has not received adequate attention [6]. Rather,
goals for anaemia reduction in children currently coincide
with Sustainable Development Goals of ending all forms
of malnutrition and preventable deaths of children under
5 years of age by 2030 [8]. Furthermore, the WHO and
UNICEF recommend that strategies for anaemia control
be built into a country’s primary health care system and
existing programmes such as maternal and child health,
integrated management of childhood illness, roll-back
malaria and deworming [9]. These control strategies are
expected to be tailored to local conditions by taking into
account the specific etiology and prevalence of anaemia in
a given setting and population group. Accordingly, stud-
ies on anaemia control should be cognisant of and account
for the spatial variation of anaemia in a given population.
Failure to account for the spatial heterogeneity of anaemia
and the possible causes of the spatial heterogeneity can
result in ecological confounding and thus mislead policy
makers [10].

This study investigates the spatial variation of anaemia
in children aged 6 to 59 months and identifies significant
risk factors associated with anaemia in these children in
Kenya, Malawi, Tanzania and Uganda.

Methods

Study area and data

This study utilised data collected in the Demographic
and Health Surveys (DHS) and Malaria Indicator Surveys
(MIS) carried out in four contiguous countries in eastern
sub-Saharan Africa (Additional file 1: Figure S1), namely
Kenya, Malawi, mainland Tanzania and Uganda between
2015 and 2017. These include the 2015 Kenya Malaria
Indicator Survey (KMIS2015), the 2017 Malawi Malaria
Indicator Survey (MMIS2017), the 2015-2016 Tanzania
Demographic and Health Survey and Malaria Indicator
Survey (TDHS2015) and the 2016 Uganda Demographic
and Health Survey (UDHS2016). The DHS and MIS were
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designed to provide national, regional, urban and rural
estimates of key health indicators [11]. Both types of sur-
veys followed the DHS Program’s standard procedures
and methodologies. The surveys were nationally repre-
sented and utilised a stratified two-stage cluster design
in which each country was stratified into their respective
administrative areas and then further stratified into urban
and rural areas. The first stage of sampling involved selec-
tion of the enumeration areas (EAs) or clusters from each
of the urban/rural strata. In the second stage, households
were systematically selected. The selected households
were visited and interviewed by trained staff. A thor-
ough review of the sampling methodology is presented
in the DHS Sampling Manual [12]. Three questionnaires,
namely, the household, women and men questionnaires,
were carried out in the sampled households. These ques-
tionnaires were designed to collect information regarding
the characteristics of the household and eligible women,
men and children. In both the DHS and MIS, all children
under the age of five years old in the sampled households
were tested for malaria and anaemia, with the consent of
a parent or guardian.

Study variables

Outcome variable

In all the surveys, a child’s haemoglobin concentration was
measured by finger- or heel-prick blood specimens using
a portable HemoCue analyser. For this study, a binary
outcome variable was used, and children with an alti-
tude adjusted Hb level less than 11 g/dL were classified
as anaemic, in accordance with the WHO definition of
anaemia in children aged 6 to 59 months [13].

Explanatory variables

The explanatory variables considered in this study com-
prised of a number of demographic, socio-economic and
environmental factors (Fig. 1). Such factors included the
gender and age of the child, the child’s malaria Rapid
Diagnostic Test (RDT) result, the mother’s highest edu-
cation level, the number of members in the household
(size of the household), the type of place of residence:
rural or urban; the cluster altitude, the household wealth
index, the type of toilet facility, and the age and gender
of the head of the household. In addition, the DHS pro-
gram has now made available standardised files of the
most commonly used geospatial covariates up to the year
2015, which can be linked to DHS datasets via the cluster
ID [14]. Therefore, as no information regarding intesti-
nal parasites (a known risk factor for anaemia [15]) was
collected in the surveys used in this study, selected spa-
tially indexed environmental covariates were considered
as a proxy [16, 17]. Specifically, the cluster level average
day land surface temperature (LST) and the cluster level
average Enhanced Vegetation Index (EVI) for 2015. These
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Fig. 1 Potential risk factors of childhood anaemia considered in this study

explanatory variables considered in Fig. 1 were selected
based on the literature as well as those available in the
DHS and MIS data sets.

Furthermore, the spatial variation of childhood anaemia
across the administrative levels of the countries was inves-
tigated. The administrative levels of each of the countries
were chosen based on the levels for which public health
decisions are made within each country. Accordingly, all
47 counties or districts for Kenya; 26 out of 28 districts for
which data was available for Malawi; 176 out of 184 dis-
tricts for which data was available for mainland Tanzania;
and 121 out of 122 districts for which data was available
for Uganda; a total of 370 districts were considered.

Statistical methods

Non-spatial univariate logistic regression models were
used to test for associations between each covariate and
the child’s anaemia status. Covariates with associations
that were significant at a 10% level were included in a hier-
archical multivariable geoadditive logit model to control
for the confounding effects of the covariates [18]. This for-
mulation is a structured additive regression model that
includes a spatial effect and is based on the generalised lin-
ear model (GLM) and generalised additive model (GAM)
frameworks [19]. For this study, Y}, follows a Bernoulli
distribution where P(Yy;x = 1) = my;j is the probability
that child & in household j within cluster i and district &
is anaemic and P(Yy;x = 0) = 1 — 7y is the probability
that the child is not anaemic. The hierarchical geoadditive
model is given by

logit (k) = %8 + fi Zwijer) + fo(Zhijea) + - -
+ foZhijip) + fspat (sn)

where the left side of the Equation (1) is the logit link
function and the right side is the geoadditive predictor.
The parameter 8 is the vector of the linear fixed effects
of the covariates that are modelled parametrically, and
fr(),r = 1,...,p, are the unknown smooth functions
that represent the non-linear effects of the continuous
covariates which are modelled non-parametrically, thus
Equation (1) is a semi-parametric model. The spatial effect
of district s; in which the child resides, s € (1,...,370),
is given by fipa: (s;) which represents the effects of unob-
served covariates that are not included in the model and
also accounts for spatial autocorrelation [20]. This spa-
tial effect may be partitioned into a spatially correlated
(structured) and an uncorrelated (unstructured) effect as
follows:

fspat(sh) = fstr($i) + funser(Sn) (2)

The structured spatial effect fi(s;) accounts for the
assumption that districts close in proximity are more
likely to be correlated with regards to their out-
comes. However, the unstructured spatial effect f,;;5-(sy,)
accounts for the spatial variation due to effects of unmea-
sured district-level factors that are not spatially related
[21].

In this study, inference was fully Bayesian, hence
all parameters and functions were treated as ran-
dom variables. The fixed effect parameters in 8 were

1)
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assigned vague Gaussian priors N(0,1000), with preci-
sion = 0.001 = 1/variance. The Bayesian perspec-
tive of penalised splines (P-splines) was adopted for
the unknown smooth functions f. [22]. This approach
assumes that the unknown functions can be approximated
by a polynomial spline of degree / with equally spaced
knots zMM = g0 < 1 < ... < Gmpe1 < Cm, =
z;"® which are within the domain of the covariate z,. The
Bayesian spline can be written in terms of a linear combi-
nation of M, = n,+1[ polynomial B-spline basis functions,
B,,, as follows

M,
fr(z) = E rmBrm(zr) (3)
m=1
Thus, o, = (1, ..., %) are unknown regression coef-
ficients which are assigned first- or second-order random
walk priors given by oy, = @pm—1 + U and oy, =
20y, m—1 — Or,m—2 + Urm, respectively, with Gaussian errors
1
Urm ~ N |0, )
T}"
as constants for initial values, respectively. The variance

component 72 controls the smoothness of f,. In this study,
second-order random walk smoothness priors and third
degree splines were used.

For the structured spatial effect, f;;(sy,), intrinsic Gaus-
sian Markov random field (IGMRF) priors specified by
Besag et al. (1991) were used [23]. Two districts s;, and s;
are defined as neighbours if they share a common bound-
ary. The spatial extension of random walk models leads to
the conditional, spatially autoregressive specification:

and diffuse priors a,1 or oy and o9

1 1
Srwlfur(sih i~ N == 3 farts—— | @)

Sh si€d, Sh “str

where 7, is the number of neighbours of district s;,, and
s; € 8, denotes that district s; is a neighbour of district sj,.
Therefore, the conditional mean of f,(s) is an average of
the function evaluations fi(s,) of neighbouring districts.
Furthermore, the variance component 72, controls the
smoothness of the spatial effect and accounts for spatial
variation between the districts, it is also used to capture
the amount of variation explained by the spatial structure.
The unstructured spatial effect f,,,,s(s,) was assigned i.i.d.
Gaussian priors and specified as follows:

Sunstr(sp) ~ N (0, 21> (5)
Tunstr
The variance components, 72, of the random and spa-
tial effects are unknown precision parameters that require
estimation. Therefore, hyperpriors were assigned in a sec-
ond stage of hierarchy. These hyperpriors are defined on a
logarithmic scale and thus a log-gamma(a, b) distribution
with hyper-parameters ¢ = 1 and » = 0.001 was used.
A sum-to-zero constraint was imposed on the non-linear
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and spatial effects to ensure model identifiability between
the intercept and these effects.

Three types of models were fitted:
Model 1: GLM model: Linear fixed effects of all variables,
categorical and continuous.
Model 2: GAM model: Linear fixed effects of categorical
variables and some continuous variables, and non-linear
effect of the child’s age in months.
Model 3: Geoadditive Model: Model 2 with the inclusion
of the spatial effects.

The posterior distributions of the parameters in the
models were estimated using Integrated Nested Laplace
Approximation (INLA) using the INLA package in R
(http://www.r-inla.org/) [24]. INLA provides a faster alter-
native to Markov Chain Monte Carlo sampling (MCMC)
and is a deterministic approach to approximate Bayesian
inference [25]. The final geoadditive model was selected
based on the Deviance Information Criteria (DIC), where
the model with the smallest DIC was considered a bet-
ter fit [26]. The sensitivity to the choice of the hyper-
parameter values a and b was investigated by fitting the
model with different hyper-parameter values [27]. How-
ever, the estimates had little sensitivity to these choices.
QGIS 3.4 (https://qgis.org/en/site/index.html) was used
to create maps displaying the posterior mean estimates
of the spatial effects for the different districts of the
countries.

Results

Sample characteristics

The final data set for this study consisted of 18247 chil-
dren. Table S1 in Additional file 2 provides the sam-
ple sizes and percentage of anaemic children with the
95% confidence intervals according to the categorical
predictors within each country and overall. These sam-
ple sizes and prevalence of anaemia were weighted to
reflect the survey sampling weights. The observed preva-
lence of anaemia was lowest in Kenya at 36.4% (95% CI
34.3-38.5) with the other countries having much higher
prevalences ranging from 53.0% to 61.9% (Uganda: 53.0%,
95% CI 51.3-54.5; Tanzania: 57.8%, 95% CI 56.6—59.0;
Malawi: 61.9%, 95% CI 59.5-64.2). The overall prevalence
of anaemia was 53.7% (95% CI 52.8—54.5). In all four coun-
tries there was a decrease in the observed prevalence of
anaemia with an increase in mother’s education level and
an improvement in toilet facilities. The observed preva-
lence of anaemia for those that tested positive for malaria
according to the RDT (Kenya: 63.4%, 95% CI 57.2-69.2;
Malawi: 77.7%, 95% CI1 73.9—-81.1; Tanzania: 82.7%, 95% CI
80.2-85.0; Uganda: 75.6%, 95% CI 73.1-77.9) was much
higher than that of those who tested negative for malaria
across all the countries (Kenya: 33.9%, 95% CI 31.1-36.8;
Malawi: 52.8%, 95% CI 49.8—55.8; Tanzania: 53.5%, 95%
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CI 52.1-54.8; Uganda: 41.0%, 95% CI 41.0-45.0). Fur-
thermore, children residing in rural areas had a higher
observed prevalence of anaemia (Kenya: 39.2%, 95% CI
36.8—41.6; Malawi: 63.1%, 95% CI 60.4—65.7; Tanzania:
59.1%, 95% CI 57.7-60.5; Uganda: 54.1%, 95% CI 52.3—
55.8) compared to those residing in urban areas in each
of the countries (Kenya: 30.0%, 95% CI 26.3—-34.0; Malawi:
53.9%, 95% CI 50.0-57.8; Tanzania: 53.9%, 95% CI 52.3—
56.5; Uganda: 48.4%, 95% CI 44.4-52.5). Across all four
countries, the observed prevalence of anaemia was fairly
similar between children whose head of household was
male or female.

Results of the geoadditive model for anaemia

Model selection

Based on the non-spatial univariate logistic regression
with 10% level of significance for inclusion, the only inde-
pendent variable not entered into the multivariable model
was the age of the head of household. The variance infla-
tion factor (VIF) was used to check for collinearity among
the remaining continuous independent variables and all
variables had a VIF <4 and thus it was assumed that
multicollinearity was not significantly present [28]. The
non-linear effect of all continuous variables was investi-
gated, however the only variable to display a significant
non-linear effect on the log-odds of a child’s anaemia
status was their age in months. Thus, this was the only
non-linear effect considered in the models fitted, while
the remaining independent variables were included as lin-
ear fixed effects. Table 1 presents the results of the DIC
and effective number of parameters, pp, for each of the
fitted models. Model 3 (Equation (1)) produced the low-
est DIC, and thus the results of this study are based on
this model, which includes both linear and non-linear
effects as well as the spatial effects. It should be noted
that the estimates of the fixed effects in the three models
did not differ substantially, however the significance of the
variables differed. Model 3, which accounted for spatial
autocorrelation, resulted in two less statistically signifi-
cant variables (EVI and LST) compared to models 1 and 2.
Thus, failure to account for spatial autocorrelation would
have produced misleading results.

Fixed effects

Table 2 displays the adjusted posterior odds ratio esti-
mates (AOR) with their 95% credible intervals for the
linear fixed effects included in the multivariable model.
Female children had a significantly lower odds of anaemia

Table 1 Model comparisons

Model 1 Model 2 Model 3
DIC 22181.94 22086.94 2142461
o) 16.01 2296 263.45
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compared to males [AOR = 0.873; 95% CrI 0.818—0.932].
Similarly, there was a significant decrease in the odds
of anaemia with an increase in mother’s education, clus-
ter altitude and household wealth index. Furthermore,
a significantly lower odds of anaemia was suggested for
children living in households with improved toilet facil-
ities (PIT latrine and flush toilet). Children residing in
urban areas had a lower odds of anaemia compared to
those residing in rural areas, however these odds were
not significantly different [AOR = 0.926; 95% CrI 0.835-
1.027]. Children with a positive malaria RDT result had
a significantly higher odds of anaemia compared to those
who had a negative malaria RDT result [AOR = 4.401;
95% Crl 3.979-4.871], as did those children living in
households with increasing number of residents [AOR =
1.019; 95% Crl 1.008—1.030]. While the odds of anaemia
decreased with an increase in EVI [AOR = 0.987; 95%
Crl 0.927-1.051] and increased with an increase in LST
[AOR = 1.008; 95% CrI 0.994-1.022], these factors did not
appear to be significantly associated with a child’s anaemia
status.

Non-linear and spatial effects

Table 3 provides the posterior mean and 95% credible
interval for the smooth term variance components (the
precisions) for the non-linear and spatial effects. The pre-
cision of an effect is the inverse of its variance. Thus,
the larger the precision, the smaller the variance of the
effect. The precision corresponding to the structured spa-
tial effect (853.58) was much higher compared to that of
the unstructured spatial effect (3.84), thus suggesting that
the unstructured spatial effect was more dominant [29].

Figure 2 shows the non-linear effect that a child’s age
in months has on the log-odds of being anaemic as
well as the 95% credible interval. There was an increase
in effect from 6 to 10 months, after which the effect
declined. If a linear effect was used, it would have
overestimated the effect of ages 30 to 50 months on
anaemia.

Figure 3 displays the estimated means of the struc-
tured and unstructured spatial effects on the log-odds of
anaemia, where the blue districts have a negative spa-
tial effect and are therefore associated with a lower odds
of anaemia, and the red districts have a positive spatial
effect and are therefore associated with a higher odds
of anaemia. The structured spatial effect, which ranged
from —0.0368 to 0.0316, was weak in comparison to the
unstructured spatial effect, which ranged from —1.3061
to 0.9780. Furthermore, the 95% CrI of the log-odds for
the structured spatial effect in each district overlapped
with the null of 0 (results not shown), thus the effects
of spatially correlated factors contributing to childhood
anaemia in all the districts were not statistically signif-
icant. However, 36 districts had a significantly positive
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Table 2 Adjusted posterior odds ratio estimates (AOR) and 95% credible intervals
Variable AOR 95% Cred. Interval
Individual and Household Level

Gender (ref = Male)

Female 0.873* (0.818,0.932)
Malaria RDT Result (ref = Negative)

Positive 4401* (3.979,4.871)
Household Size 1.019* (1.008, 1.030)
Type of Place of Residence (ref = Urban)

Rural 0.926 (0.835, 1.027)
Mother's Education Level (ref = No Education)

Primary 0.857* (0.773,0.950)

Secondary and Higher 0.795* (0.694,0.911)

Unknown 0.845* (0.742,0.963)
Gender of Household Head (ref = Male)

Female 1.003 (0.927,1.086)
Type of Toilet Facility (ref = No Facilities)

PIT Latrine 0.813* (0.723,0.914)

Flush Toilet 0.749* (0612,0.916)

Other 0711 (0.382,1.325)
Wealth Index 0.858* (0.807,0.911)

Cluster Level
Cluster Altitude (in 100 metres) 0.974* (0.962,0.987)
EVI 0.987 (0.927,1.051)
LST 1.008 (0.994, 1.022)

*significant at 5% level of significance

unstructured spatial effect and 34 districts had a signifi-
cantly negative unstructured spatial effect (see Figure S2
in Additional file 1).

Discussion

This study utilised a hierarchical geoadditive logistic
model to investigate the risk factors and spatial variation
of anaemia in children aged 6 to 59 months in Kenya,
Malawi, Tanzania and Uganda. This type of model allows
one to assess and visualise the residual spatial effects on
childhood anaemia while controlling for the effects of
other covariates. Furthermore, it allows for the non-linear
relationship of continuous covariates to be explored. In
this study, incorporating the spatial effect in the model
reduced the model’s DIC.

The results of this study confirm that of other stud-
ies, where girls are less at risk of anaemia, and a child’s
risk decreases with an increase in mother’s education level
and wealth [21, 30-32]. This may be due to more edu-
cated individuals being more aware and having more of
an understanding of health related issues. Similarly, this
could be said of individuals with more wealth. However,

a lack of wealth also restricts an individual’s ability to
access good health care and nutritional food sources. Hav-
ing malaria was associated with a significantly higher risk
of anaemia, thus suggesting much of the burden of child-
hood anaemia in these countries is contributed by malaria.
The type of toilet facilities was significantly associated
with a child’s anaemia status. Poor sanitation is a known
risk factor of the intestinal parasite hookworm which
causes anaemia in infected children [33]. While a study
by Soares Magalhdes and Clements (2011) [34] found
environmental factors LST and the normalized difference

Table 3 Posterior mean and 95% credible interval (Crl) for the
smooth term variance components

Variable Mean 95% Crl
Non-linear Effect

Child's Age in Months (r,z) 1648.49 (485.52,3938.21)
Spatial Effect

Structured Spatial Effect (z7,) 853.58 (44.69,3252.82)

Unstructured Spatial Effect (rfm,) 3.84 (3.041,4.78)
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Fig. 2 Estimated non-linear effects of child’s age in months on the log-odds of anaemia. The posterior mean together with the 95% credible

vegetation index (NDVI) to be significantly associated
with an increased risk of anaemia in preschool-age chil-
dren, the environmental factors LST and EVI considered
in this study were not found to be significantly associated
with anaemia. However, such environmental factors, espe-
cially EVI, are known to be highly correlated with malaria,
and thus the inclusion of the child’s malaria status may

account for much of the effects that these environmental
factors have on childhood anaemia [35, 36].

The non-linear effect of the child’s age on anaemia dis-
played an increase from 6 to 10 months, after which the
effect declined. Multiple factors could be contributing to
this increased risk of anaemia in children aged 6 to 10
months. Either these children are not receiving adequate

0.0316

-0.0368

-1.3061

Fig. 3 Estimated posterior means of the structured spatial effect (left) and the unstructured spatial effect (right) on the log-odds of anaemia
(criss-cross pattern indicates water bodies; diagonal lines indicate districts with no data available) This figure is based on the results of this study and
makes use of shapefiles freely available from the Spatial Data Repository (https://spatialdata.dhsprogram.com/boundaries)
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nutrients or they are experiencing a decrease in their Hb
concentrations due to other factors. Infants are born with
a reserve of iron which is responsible for growth and pro-
tection from iron deficiency in the first 4 to 6 months of
life [37]. After 6 months of age, the iron store is depleted,
and thus it is common for milk supplements to be intro-
duced into a child’s diet to complement breastfeeding as
breast milk alone may not provide sufficient iron to meet
the demand of the rapid growth experienced in children
during this period [30, 38]. However, safe complementary
feeding in children from 6 months is not always practised,
where the feeding of unmodified cow’s milk in children
less than 12 months of age is common in some SSA coun-
tries despite evidence of increased risk of iron-deficiency
anaemia and other adverse health outcomes [39, 40].
Wijndaele et al. (2009) [41] found that low maternal edu-
cation and low socio-economic status are associated with
feeding of unmodified cow’s milk in children less than
a year old. In addition, malaria in mothers may also be
a contributing factor to the increased risk of anaemia in
children aged 6 to 10 months, where White (2018) [7]
states that the effects of maternal anaemia due to malaria
can cause a physiological decline in Hb concentrations in
infants from birth up to 9 months of age, after which there
is a slow but steady rise in Hb concentrations. Other stud-
ies on young children from Kenya, Malawi, Tanzania and
Uganda have also reported similar patterns of decreased
Hb concentrations in children less than 10 months of age
[21, 42-45].

The benefit of focusing on more than one country at
a time is that one is able to consider whether factors
that transcend boundaries are significantly contributing
to childhood anaemia, such as environmental and geo-
graphical factors. This study revealed that the structured
spatially correlated effect was fairly weak in comparison to
the unstructured spatial effect, suggesting that the contri-
bution that a particular district has on the risk of anaemia
is not similar among neighbouring districts. This is an
indication that environmental and geographical factors
that transcend boundaries of the districts may not play a
significant role in childhood anaemia. With the unstruc-
tured spatial effect being more prominent in this study,
it can be concluded that there are unmeasured district-
specific factors that are not spatially structured (that are
not correlated with that of neighbouring districts) con-
tributing to childhood anaemia. In addition, there was a
distinct pattern of variation in the spatial effects across
the districts within each country, except for Kenya which
was fairly homogeneous in both types of spatial effects.
Kenya has made substantial progress in the reduction
of malaria, however this has resulted in a heteroge-
neous risk of malaria across the country [46]. Thus, the
homogeneous results of the spatial effects on childhood
anaemia in Kenya could be due to the strong correlation
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between malaria and anaemia in the country, which is
being accounted for by the inclusion of the child’s malaria
status. However, the spatial effects in Uganda, Tanzania
and Malawi remain heterogeneous even after controlling
for the child’s malaria status, thus there are other sig-
nificant drivers of childhood anaemia in these countries.
On the whole, the spatial effects do not appear to tran-
scend the borders between the countries as the pattern of
effects differed around the borders, barring Longido dis-
trict in Tanzania and Kajiado county in Kenya which share
a border. This indicates that there are country-specific
factors contributing to anaemia in children. Such factors
may include the cost and quality of health care, and the
cost of living, which can vary considerably between and
within countries, the effects of which have been known
to contribute to the spatial variation of other childhood
diseases [20].

A limitation of this study is that it is based on sec-
ondary data from cross-sectional surveys, therefore a
causal relationship cannot be established. In addition,
no information on iron levels in the children was avail-
able, however iron deficiency plays a major role in
childhood anaemia [47]. Furthermore, while this study
could not assess the contribution of intestinal para-
sites to the burden of anaemia in children directly,
proxies for this factor was used instead. The strength
of this study lies in utilising individual level malaria
RDT results rather than estimates or indicators of
malaria.

Conclusion

While the WHO recommends daily iron supplementa-
tion in infants and young children aged 6 to 59 months
living in settings where the prevalence of anaemia is
40% or higher in these age groups [48], this should be
accompanied by programs that create awareness about the
causes and consequences of anaemia in children, espe-
cially targeting the parents of children in the younger age
group (6 to 10 months), regardless of the prevalence of
anaemia in this age group. Furthermore, programs that
ensure the introduction of safe and adequate complemen-
tary foods in a child’s diet from the age of 6 months
should be considered. These types of programs would
be beneficial as these children are more susceptible to
anaemia due to the rapid growth during that stage of their
lives.

Anaemia control measures in Malawi, Tanzania and
Uganda need to account for the spatial heterogeneity that
is evident in these countries, as well as take into con-
sideration the potential factors and type of factors (local
or otherwise) contributing to the spatial heterogene-
ity. Efforts in assessing the local district-specific causes
of childhood anaemia within each country should be
focused on.



Roberts et al. BVIC Public Health (2020) 20:126

Supplementary information
Supplementary information accompanies this paper at
https://doi.org/10.1186/512889-020-8189-8.

Additional file 1: Figure S1 (Location of study areas) and Figure S2
(Significance of the unstructured spatial effect).

Additional file 2: Table S1 (weighted sample sizes and observed
prevalence of anaemia within each country and overall).

Abbreviations

95% Crl: 95% credible intervals; AOR: Adjusted odds ratio; DHS: Demographic
and Health Survey; DIC: Deviance Information Criteria; EVI: Enhanced
vegetation index; GAM: Generalised additive model; GLM: Generalised linear
model; Hb: Haemoglobin; HIC: High income countries; LMIC: Low and middle
income countries; LST: Land surface temperature; MIS: Malaria Indicator
Survey; SSA: sub-Saharan Africa

Acknowledgements

The authors thank the DHS Program for providing and granting permission for
the use of the data in this study. DJR gives thanks to SACEMA (South African
DST/NRF Centre for Epidemiological Modelling and Analysis) for the financial
and academic support during this study.

Authors’ contributions

DJR acquired the data, performed the analysis and drafted the manuscript.
GM, RWS, TZ and BS provided valuable edits to the manuscript at several
stages. All authors read and approved the final manuscript.

Funding

Funding to RWS by the Wellcome Trust as part of his Principal Fellowship (#
103602 and # 212176); the UK's Department for International Development
support to the project Strengthening the Use of Data for Malaria Decision
Making in Africa (DFID Programme Code # 203155) and RWS acknowledges
the support of the Wellcome Trust to the Kenya Major Overseas Programme (#
203077). The funding sources had no involvement in the study design, data
collection, analyses, interpretation of data, or the reporting of findings.

Availability of data and materials

This study utilised existing survey datasets that are in the public domain and
freely available from http://www.dhsprogram.com/data/dataset_admin/
login_main.cfm with the permission from the DHS Program.

Ethics approval and consent to participate

The protocol for the 2015 KMIS was approved by the Kenyatta National
Hospital/University of Nairobi Scientific and Ethics Review Committee and ICF
International’s Institutional Review Board. The protocol for the 2017 MMIS was
approved by the National Health Sciences Research Committee in Malawi and
the institutional review board at ICF. The protocol for the 2015-16 TDHS-MIS
was approved by institutional review boards of both the Medical Research
Council of Tanzania and ICF. The protocol for the 2016 UDHS was reviewed
and approved by the ICF Institutional Review Board. Before each interview or
biomarker test was conducted, an verbal informed consent statement was
read to the respondent, who could either accept or decline to participate. A
parent or guardian was required to provide consent prior to participation by a
child. These procedures have been reviewed and approved by ICF Institutional
Review Board (IRB) [49].

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

1School of Mathematics, Statistics and Computer Science, University of
KwaZulu-Natal, Durban South Africa. 2Department of Statistics, Durban
University of Technology, Durban South Africa. >Population Health, Kenya
Medical Research Institute-Wellcome Trust Research Programme, Nairobi,
Kenya. *Centre for Tropical Medicine and Global Health, Nuffield Department

Page 9 0of 10

of Clinical Medicine, University of Oxford, Oxford, United Kingdom. >Faculty of
Infectious and Tropical Diseases, London School of Hygiene and Tropical
Medicine, London United Kingdom.

Received: 15 August 2019 Accepted: 9 January 2020
Published online: 29 January 2020

References

1. Chaparro C, Suchdev P. Anemia epidemiology, pathophysiology, and
etiology in low- and middle-income countries. Ann N'Y Acad Sci. 2019.
https://doi.org/10.1111/nyas.14092.

2. WalkerS, Wachs T, Gardner J, Lozoff B, Wasserman G, et al. Child
development: risk factors for adverse outcomes in developing countries.
Lancet. 2007;369:145-57.

3. WHO. Essential nutrition actions: improving maternal, newborn, infant
and young child health and nutrition. Geneva: World Health Organization;
2013.

4. Stevens G, Finucane M, De-Regil L, Paciorek C, Flaxman'S, Branca F, et
al. Global, regional, and national trends in haemoglobin concentration
and prevalence of total and severe anaemia in children and pregnant and
non-pregnant women for 1995-2011: A systematic analysis of
population-representative data. Lancet Glob Heal. 2013;1(1):16-25.

5. WHO. The global prevalence of anaemia in 2011. Geneva: World Health
Organization; 2011.

6. WHO. Global nutrition targets 2025: anaemia policy brief. Geneva: World
Health Organization; 2014. http://apps.who.int/iris/bitstream/ 10665/
148556/1/WHO_NMH_NHD_14.4_eng.pdf?ua=1. Accessed Nov 2018.

7. White N. Anaemia and malaria. Malar J. 2018;17:371.

8. WHO. Health in 2015: From MDGs, Millennium Development Goals to
SDGs, Sustainable Development Goals. Geneva: World Health
Organization; 2015.

9. WHO, UNICEF. Focusing on anaemia; 2004. http://www.who.int/nutrition/
publications/micronutrients/WHOandUNICEF_statement_anaemia/en/.
Accessed Nov 2018.

10. Mainardi S. Modelling spatial heterogeneity and anisotropy: child
anaemia, sanitation and basic infrastructure in sub-Saharan Africa. Int J
Geogr Inf Sci. 2012;26(3):387-411.

11. The DHS Program. What We Do; 2017. https://dhsprogram.com/What-
We-Do/index.cfm. Accessed Oct 2019.

12. ICF International. Demographic and Health Survey Sampling and
Household Listing Manual. Calverton: MEASURE DHS; 2012.

13. WHO. Haemoglobin concentrations for the diagnosis of anaemia and
assessment of severity Vitamin and mineral nutrition information system.
Geneva: World Health Organization; 2011.

14. Mayala B, Fish T, Eitelberg D, Dontamsetti T. The DHS Program
Geospatial Covariate Datasets Manual, 2nd. Rockville: ICF; 2018.

15. Alemu M, Kinfe B, Tadesse D, Mulu W, Hailu T, Yizengaw E. Intestinal
parasitosis and anaemia among patients in a Health Center, North
Ethiopia. BMC Res Notes. 2017;10(1):632.

16. Banhela N, Taylor M, ZuluS, Sund L, Kjetland E, Gundersen S.
Environmental factors influencing the distribution and prevalence of
Schistosoma haematobium in school attenders of ILembe and
uThungulu Health Districts, KwaZulu-Natal Province, South Africa. South
African J Infect Dis. 2017;32(4):132-7.

17. Michael E, Spear R, Remais J. Modelling environmentally-mediated
infectious diseases of humans: transmission dynamics of Schistosomiasis
in China. In: Michael E, Spear R, editors. Modelling parasite transmission
and control. New York: Springer; 2010. p. 79-98.

18. Wand H, Whitaker C, Ramjee G. Geoadditive models to assess spatial
variation of HIV infections among women in local communities of
Durban, South Africa. Int J Health Geogr. 2011;10:28.

19. Umlauf N, Adler D, Kneib T, Lang S, Zeileis A. Structured additive
regression models: An R interface to BayesX. J Stat Softw. 2015;63(21):
1-46.

20. Kandala N, Madise N. The Spatial Epidemiology of Childhood Diseases in
Malawi and Zambia. Afr Popul Stud. 2004;Supplement B:199-226.

21. Ngwira A, Kazembe L. Bayesian random effects modelling with
application to childhood anaemia in Malawi. BMC Public Health. 2015;15:
161.

22. Langs, Brezger A. Bayesian P-Splines. J Comput Graphical Statist.
2004;13:183-212.


https://doi.org/10.1186/s12889-020-8189-8
http://www.dhsprogram.com/data/dataset_admin/login_main.cfm
http://www.dhsprogram.com/data/dataset_admin/login_main.cfm
https://doi.org/10.1111/nyas.14092
http://apps.who.int/iris/bitstream/10665/148556/1/WHO_NMH_ NHD_14.4_eng.pdf?ua=1
http://apps.who.int/iris/bitstream/10665/148556/1/WHO_NMH_ NHD_14.4_eng.pdf?ua=1
http://www.who.int/nutrition/publications/micronutrients/WHOandUNICEF_statement_anaemia/en/
http://www.who.int/nutrition/publications/micronutrients/WHOandUNICEF_statement_anaemia/en/
https://dhsprogram.com/What-We-Do/index.cfm
https://dhsprogram.com/What-We-Do/index.cfm

Roberts et al. BMIC Public Health

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33

34

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

(2020) 20:126

Besag J, York J, Mollie A. Bayesian image restoration, with two
applications in spatial statistics. Ann Inst Stat Math. 1991;343:1-20.

Rue H, Martino S, Chopin N. Approximate Bayesian inference for latent
Gaussian models using integrated nested Laplace approximations (with
discussion). J Royal Stat Soc (Series B). 2009;71(2):319-92.

Martins T, Simpson D, Lindgren F, Rue H. Bayesian computing with INLA:
New features. Comput Stat Data An. 2013;67:68-83.

Spiegelhalter D, Best N, Carlin B, van der Linde A. Bayesian measures of
model complexity and fit (with discussion). J R Statist Soc. 2002;B(64):
583-639.

Adebayo S, Fahrmeir L. Analysing child mortality in Nigeria with
geoadditive discrete-time survival models. Stat Med. 2005;24(5):709-28.
Zuur A, leno E, Walker N, Saveliev A, Smith G. Mixed Effects Models and
Extensions in Ecology with R. New York: Springer Science; 2009.
Kazembe L, Appleton C, Kleinschmidt I. Spatial analysis of the
relationship between early childhood mortality and malaria endemicity in
Malawi. Geospat Health. 2007;2(1):41-50.

Gayawan E, Arogundade E, Adebayo S. Possible determinants and
spatial patterns of anaemia among young children in Nigeria: A bayesian
semi-parametric modelling. Int Health. 2014;6(1):35-45.

Khan J, Awan N, Misu F. Determinants of anemia among 6-59 months
aged children in Bangladesh: evidence from nationally representative
data. BMC Pediatr. 2015;16(1):3.

Soares Magalhdes R, Langa A, Pedro J, Sousa-Figueiredo J, Clements A,
Nery S. Role of malnutrition and parasite infections in the spatial variation
in children’s anaemia risk in northern Angola. Geospat Health. 2013;7(2):
341-54.

Smith J, Brooker S. Impact of hookworm infection and deworming on
anaemia in non-pregnant populations: A systematic review: Systematic
Review. Trop Med Int Heal. 2010;15(7):776-95.

SoaresMagalhdes R, Clements A. Spatial heterogeneity of haemoglobin
concentration in preschool-age children in sub-Saharan Africa. Bull World
Health Orga. 2011,89:459-68.

Cottrell G, Kouwaye B, Pierrat C, le Port A, Bouraima A, Fonton N, et al.
Modeling the Influence of Local Environmental Factors on Malaria
Transmission in Benin and Its Implications for Cohort Study. PLoS ONE.
2012;7(1):e28812.

Nguyen M, Howes R, Lucas T, Battle K, Cameron E, Gibson H, et al.
Mapping malaria seasonality: a case study from Madagascar.
arXiv:1901.10782. 2019.

Ziegler E, Nelson S, Jeter J. Iron stores of breastfed infants during the first
year of life. Nutrients. 2014;6(5):2023-34.

Miller R. Anaemia. Kids Health. 2019. https://kidshealth.org/en/parents/
anemia.html. Accessed Jan 2019.

Ssemukasa E, Kearney J. Health and food safety concerns of early dietary
introduction of unmodified cow milk to infants in developing countries.
African J Food Agric Nutr Dev. 2014;14(1):8504-17.

Saldan P, Venancio S, Saldiva S, Vieira D, de Mello D. Milk Consumption
in Infants Under One Year of Age and Variables Associated with
Non-Maternal Milk Consumption. Rev Paul Pediatr. 2017;35(4):407-14.
Wijndaele K, Lakshman R, Landsbaugh J, Ong K, Ogilvie D.
Determinants of Early Weaning and Use of Unmodified Cow’s Milk in
Infants: A Systematic Review. J Am Diet Assoc. 2009;109(12):2017-28.
Crawley J. Reducing the burden of anemia in infants and young children
in malaria-endemic countries of Africa: From evidence to action. Am J
Trop Med Hyg. 2004;71(2 Suppl):25-34.

Schellenberg D, Armstrong Schellenberg JRM, Mushi A, Savigny de D,
Mgalula L, Mbuya C, et al. The silent burden of anaemia in Tanzania
children:a community-based study. Bull World Health Organ. 2003;81(8):
581-90.

McElroy P, ter Kuile F, Lal A, Bloland P, Hawley W, Oloo A, et al. Effect of
Plasmodium falciparum parasitemia density on hemoglobin
concentrations among full-term, normal birth weight children in western
Kenya, IV. The Asembo Bay Cohort Project. Am J Trop Med Hyg. 2000;62:
504-12.

le Cessie S, Verhoeff F, Mengistie G, Kazembe P, Broadhead R, Brabin B.
Changes in haemoglobin levels in infants in Malawi: effect of low birth
weight and fetal anaemia. Arch Dis Child - Fetal Neonatal Ed. 2002;86(3):
F182-7.

Macharia P, Giorgi E, Noor A, Waqgo E, Kiptui R, Okiro E, et al.
Spatio-temporal analysis of Plasmodium falciparum prevalence to

47.
48.

49.

Page 10 of 10

understand the past and chart the future of malaria control in Kenya.
Malar J. 2018;17(1):1-13.

Thejpal R. Iron deficiency in children. S Afr Med J. 2015;105(7):607.

WHQO. Guideline: Daily iron supplementation in infants and children.
Geneva: World Health Organization; 2016.

The DHS Program. Protecting the Privacy of DHS Survey Respondents.
2019. https://dhsprogram.com/What-We-Do/Protecting-the-Privacy-of-
DHS-Survey-Respondents.cfm. Accessed Dec 2019.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

o fast, convenient online submission

o thorough peer review by experienced researchers in your field

® rapid publication on acceptance

o support for research data, including large and complex data types

e gold Open Access which fosters wider collaboration and increased citations
e maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions


https://kidshealth.org/en/parents/anemia.html
https://kidshealth.org/en/parents/anemia.html
https://dhsprogram.com/What-We-Do/Protecting-the-Privacy-of-DHS-Survey-Respondents.cfm
https://dhsprogram.com/What-We-Do/Protecting-the-Privacy-of-DHS-Survey-Respondents.cfm

	Abstract
	Background
	Methods
	Results
	Conclusions
	Keywords

	Background
	Methods
	Study area and data
	Study variables
	Outcome variable
	Explanatory variables

	Statistical methods

	Results
	Sample characteristics
	Results of the geoadditive model for anaemia
	Model selection
	Fixed effects
	Non-linear and spatial effects


	Discussion
	Conclusion
	Supplementary informationSupplementary information accompanies this paper at https://doi.org/10.1186/s12889-020-8189-8.
	Additional file 1
	Additional file 2

	Abbreviations
	Acknowledgements
	Authors' contributions
	Funding
	Availability of data and materials
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher's Note

