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Abstract

Background Malaria is a major worldwide health concern that impacts many individuals worldwide. P falciparum

is Africa’'s main malaria cause. However, P vivax share a large number in Ethiopia than any other countries in Africa, fol-
lowed by the closest countries. This research aims to examine the spatiotemporal trends in the risk of malaria caused
by P falciparum and P vivax in Ethiopia and other countries that share borders between 2011 and 2020.

Methods This study was carried-out in seven East African countries in 115 administration level 1 (region) set-
tings. We used secondary data on two plasmodium parasites, P, falciparum, and P, vivax, between 2011 and 2020
from the Malaria Atlas Project. This study used a Bayesian setup with an integrated nested Laplace approximation
to adopt spatiotemporal models.

Results We analyzed P, falciparum and P, vivax malaria incidence data from 2011 to 2020 in 115 regions. Between
2011 and 2020, all of South Sudan'’s areas, Ethiopia's Gambella region, and Kenya's Homa Bay, Siaya, Busia, Kakamega,
and Vihita regions were at a higher risk of contracting P, falciparum malaria than their neighbors in seven East African
nations. However, the Southern Nations, nationalities, and people, as well as the Oromia, Harari, Afar, and Amhara
areas in Ethiopia, and the Blue Nile in Sudan, are the regions with a higher risk of P vivax malaria than their bordering
regions. For both P, falciparum and P vivax, the spatially coordinated main effect and the unstructured spatial effect
show minimal fluctuation across and within 115 regions during the study period. Through a random walk across 115
regions, the time-structured effect of P, falciparum malaria risk shows linear increases, whereas the temporally struc-
tured effect of P vivax shows increases from 2011 to 2014 and decreases from 2017 to 2020.

Conclusions The global malaria control and eradication effort should concentrate particularly on the South Sudan
and Ethiopia regions to provide more intervention control to lower the risk of malaria incidence in East African coun-
tries, as both countries have high levels of P falciparum and P, vivax, respectively.
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Background

Malaria is a serious global health issue that affects a large
number of people globally. Malaria claimed the lives of
approximately 627,000 individuals in 2020, with an esti-
mated 241 million cases occurring primarily in global [1].
Infection with single-celled parasites from the Plasmo-
dium genus causes malaria. Human sickness is known to
be caused by five species of Plasmodium: P. falciparum,
P vivax, P. ovale, P. malariae, and P. knowlesi. P. falcipa-
rum and P. vivax cause the vast majority of malaria cases
around the world. P, vivax is the most prevalent malaria
parasite, causing severe, even fatal infections and con-
tributing considerably to global morbidity and mortality,
while P, falciparum is the deadliest.

Different evolutionary lineages, or clades, comprise the
Plasmodium species that infect humans; these lineages
independently produced human parasites that recently
shared common ancestors with other nonhuman primate
species [2, 3]. Unsurprisingly, at practically every stage
of their life cycles, the five parasites that cause malaria in
humans exhibit biological variations [4, 5]. The ecologi-
cal settings and geographic ranges of the parasite species
that can infect humans differ and some regions may have
a dominating species or all of them [2, 6, 7].

P, falciparum is the main cause of malaria infection in
Sub-Saharan Africa (SSA) countries, whereas Ethiopia
has a higher number of P vivax than any SSA countries,
followed by nearest East African countries [8, 9]. Even
though the human P vivax parasite is thought to have
originated in Africa [10], its presence on the continent
has been unevenly distributed, and its clinical effects are
regarded as being minimal outside of Eastern Africa [11].
South Sudan, the island of Madagascar, and the Horn of
Africa (Ethiopia, Djibouti, Eritrea, and Somalia) appear
to be the only countries where P vivax is endemic and
consistently causes serious clinical illness. However,
reports from numerous other African nations attest to
the parasite’s widespread distribution.

Given that this species is believed to require the Dufty
receptor to invade reticulocytes and cause disease, the
higher prevalence of Duffy-positive individuals in these
countries (and its widespread absence in the rest of the
continent) is likely linked to such disparate distribution
of clinical disease [12]. Nonetheless, over the last decade,
there has been an increase in the number of P vivax-
related infections and illnesses in Duffy-negative people
from diverse West African countries [13, 14]. This sup-
ports the species'widespread presence in other malaria-
endemic areas of Africa and raises the possibility that
P. vivax has evolved to infect reticulocytes in different
ways and cause disease [15]. Even though this condition
is uncommon, it may make it more difficult to meet the
continent’s current malaria elimination targets [14]. The
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parasite populations of East Africa are widely recognized
to form a genetic cluster when compared to those of
other regions of Africa. East African parasite groups’close
closeness to one another typically facilitates their trans-
mission relationship and strong genetic ancestry [16—18].

The two primary methods for managing mosquito pop-
ulations that transmit malaria are indoor residual spray-
ing (IRS) and insecticide-treated mosquitoes (ITNs). The
use of IRS has decreased after 2000, whereas the use of
ITN has grown rapidly. In SSA, ITNs serve as the corner-
stone of efforts to control malaria [1]. The proportion of
pregnant women and children under five who slept under
an ITN rose from 3 to 49% between 2000 and 2020.
Between 2000 and 2020, 43% of the overall at-risk popu-
lation slept under an ITN, up from 2% in 2000. In SSA,
the overall utilization of ITNs has somewhat decreased
since 2017. IRS is the process of applying insecticides
to a home’s interior walls and ceilings in order to eradi-
cate mosquitoes that come into contact with them. The
IRS-protected population fell from 5.8% in 2010 to 2.6%
in 2020 on a global scale. During the same time period,
Africa’s protected population fell from 11.2% to 5.3%.
Those covered by IRS worldwide decreased from 161
million in 2010 to 127 million in 2015 and then to 87 mil-
lion in 2020 [1]. Between 2010 and 2020, manufacturers
sold 3.1 billion RDTs worldwide, with SSA accounting for
almost 81% of sales. 2.2 billion RDTs were provided dur-
ing that time by national malaria programs, with 88% of
those distributions occurring in sub-Saharan Africa [1].

The World Health Organization’s (WHO) Global
Malaria Programme (GMP) High Burden High Impact
(HBHI) strategy urges nations to employ a variety of data
sources to provide them with a better understanding of
the sub-national malaria risk. To optimize the impact of
malaria control and make the most of limited resources,
these national epidemiological frameworks ought to be
employed [1, 19]. To promote health equity, data should
ideally be stacked to give meaningful stratification based
on the epidemiology of malaria risk and burden, vulner-
ability, marginalization, and locations with inadequate
intervention coverage. To direct sub-national stratifica-
tion, policies, and resource allocation, National Malaria
Control Programmed (NMCPs) require that information
be resolved in administrative areas [20, 21]. Accurate
diagnosis of every P. species is necessary for elimination
and eradication efforts. P. malariae, P. ovale (P. ovale cur-
tisi and P. ovale wallikeri), and P. vivax have been docu-
mented. Nevertheless, P, falciparum is the most common
species in SSA [22].

Using highly specific technologies such as Next Gen-
eration Sequencing (NGS) could exceed the detection
limit of current malaria diagnosis tools, which are
prone to missing low-density parasitemia, which is
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common in silent malaria infection at the community
level. Sequencing enables the detection of both P. fal-
ciparum and non-falciparum species at all parasitemia
levels, as well as the capture of new cases undetected
by the current surveillance system. More precise sta-
tistics could disclose the true malaria burden and
inform measures for malaria control, elimination, and,
eventually, eradication. This study proposes a Bayes-
ian spatiotemporal analysis of malaria parasite infec-
tion in Ethiopia and other international border nations
between 2011 and 2020.
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Methods

Settings

This study was carried out in Ethiopia and the nations
that share an international border with it. Ethiopia is
in the Horn of Africa region and borders six countries:
Somalia, Sudan, South Sudan, Eritrea, Kenya, and Dji-
bouti (Fig. 1). We conducted this study in 115 adminis-
tration level 1 (sub-national) settings across seven East
African countries. For the purposes of this study, the
seven nations are all referred to as regions, even if they
have different names for administration level 1. The name

900 Miles
]

Fig. 1 Map of the study area. Source of shapefile: Database of Global Administrative Areas v.4.1 (www.gadm.org), own map output from ArcGIS

(v.10.8)
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of the regions and data of the study area were provided in
the supplemental file (Table S2 and Table S3).

Data sources

The data used in this study are secondary data sources
gathered from the Malaria Atlas Project (MAP) website
(https://malariaatlas.org) [23]. Between 2011 and 2020,
we used data on malaria cases caused by two plasmo-
dium parasites, P, falciparum and P. vivax, in 115 regions
across seven countries in SSA. The MAP is a collabora-
tive research and advocacy platform that provides com-
plete and current information on malaria distribution,
burden, and control. For more than ten years, the MAP
has worked to create and maintain a global open-access
database of spatial malariometric data. At the global,
regional, national, subnational (in our case, region), and
5-square-kilometer levels, MAP examines the risk and
burden of two Plasmodium parasites. We downloaded P.
falciparium and P. vivax data at subnational levels from
MAP in 115 regions across 7 East African nations in excel
file format. This data comes in a variety of formats and
themes, including geo-located surveys of malaria para-
site rates, global administrative boundary shapefiles, and
global and regional raster depicting the distribution of
malaria and related illnesses, blood disorders, and inter-
vention coverage [24]. We used shape files from the Data-
base of Global Administrative Areas dataset version 4.1
(www.gadm.org) to aggregate data by averaging at the
first administrative level within 115 regions in the seven
East African countries between 2011 and 2020. We used
UN population estimates [25] to calculate the number of
people at risk of malaria. The number of malaria cases in
the population at risk each year is known as the malaria
case count. People who reside in malaria-infested areas
are considered part of the at-risk population.

Statistical analytic models

Testing for spatial autocorrelation and detecting malaria
cluster

It is crucial to implement or even create techniques that
can accurately and consistently identify malaria clusters
in both geography and time in order to ascertain the spa-
tial pattern of malaria clustering. Numerous methods,
including Anselin Local Moran’s [ statistic (local indica-
tors of spatial association [LISA]) [26], Getis-Ord Gi* sta-
tistics [27], SaT'Scan [28], and Flex Scan [29], have been
used to identify spatial and space—time clusters.

Spatial scan statistics, particularly SaTScan version
10.0, CDC Foundation, New York City, USA and Flex
Scan 600 PPM, nextScan, 719 N. Principle Place, Suite
130|Meridian, ID 83642, have been employed in a wide
range of epidemiological investigations and disease sur-
veillance. However, it does not appear to be well known
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that these spatial scan statistics, particularly SaTScan,
tend to find the most likely cluster, which is considerably
larger than the true cluster, by absorbing nearby regions
with a low likelihood of disease occurrence. As a result,
if researchers revealed the observed most likely cluster
as is, they may face criticism because it includes some
places with no higher risk [30].

In this study, we proposed LISA and the Getis-Ord Gi*
statistics to prevent finding such undesired and mislead-
ing clusters that may generate public worry. The Moran’s /
statistic was used to investigate spatial autocorrelation on
a global scale, while the LISA and the Getis-Ord Gi* sta-
tistics were used to quantify it on a local scale. The global
Moran’s I statistic was used to analyze the presence and
intensity of spatial autocorrelation over the entire study
area, as well as to test the spatial independence assump-
tion utilized in the spatial pattern analysis. The LISA
and Getis-Ord Gi* statistics were used to detect malaria
clustering and locate hotspots. These investigations were
carried out using capabilities available in ArcMap soft-
ware version 10.8, developed by Environmental Systems
Research Institute, Inc. For further information on spatial
autocorrelation statistics, refer to the supplemental file
(Text S1).

Spatiotemporal models

Spatiotemporal disease mapping models are widely used
in disease surveillance studies where the interest is to
identify the spatial and temporal pattern of a disease [31,
32]. In this study, we used counts of P. falciparum and
P, vivax malaria incidence for 115 regions in the 7 East
African countries of SSA during 2011 —2020 to build a
space—time disease mapping. We are interested in inves-
tigating the P, falciparum and P. vivax malaria risk in 115
regions from 2011 to 2020.

Let y;; be the P falciparum or P vivax malaria cases
in the it region at timez, and #n;; be the size of the cor-
responding population at risk, for ii =1,2,...,45) and
t(t = 2011,...,2020). For the i area and timet, the
number of P. falciparum or P. vivax malaria incidence y;
is modeled as

Yit ~ Po(Zit)

where the mean A; is defined in terms of a rate p;; and
the expected number of P, falciparum or P. vivax malaria
incidence Ej. In this case, the linear predictor is defined
on the logarithmic scale

nie = log(pi) = o + u; + v; + Temporal, (1)

witht = 2011, ..,,2020. On Temporal, a parametric or
non-parametric structure can be specified. Here, a rep-
resents the overall risk in the East African countries,
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w; is a random effect specific to area i to model spatial
dependence between risks, and v; is an unstructured
exchangeable component that models uncorrelated
noise, v; ~ N(O, avz).

Parametric trend 'The classical parametric formulation
was introduced by Bernardinelli et al. (1995) [33], and
assume that the linear predictor can be written as

ne=a+u;+vi+(B+68)xt (2)

Here « is the intercept quantifying the average P fal-
ciparum or P vivax malaria incidence rate in all 115
regions, & = u; + v; is the spatial and random effect of
the areas; a main linear trend B, which represents the
global time effect; and a differential trend §;, which iden-
tifies the interaction between time and space.

We assume a Besag-York-Mollie (BYM) specification
[34], so u; is the spatially structured residual, modeled
using an intrinsic conditional autoregressive structure
(iCAR)

Zjen(i) Ui 2= a?
NG ' ONG )

ui|uj¢i ~ N(

where N(i) is the number of regions that share bounda-
ries with the i region (i.e. its neighbour), as presented
in Banerjee et al. (2017) [35]. The parameter v; represents
the unstructured residual, modeled using an exchange-
able prior: v; ~ N (O, GVZ), Since, for identifiability pur-
poses, a sum-to-zero constraint is imposed on § andv, the
terms §; represent the difference between the global trend
B and the area-specific trend. If §; < O then the area-spe-
cific trend is less steep than the mean trend, whilst §; > 0
implies that the area-specific trend is steeper than the
mean trend. We assume §; ~ N (0, 1/75), but other speci-
fications can be used, e.g. a conditional autoregressive
structure [33].

Non-parametric dynamic trend Every component in
the model put forward by Bernardinelli et al. (1995), is
assumed to have a linear temporal trend [33]. Alternative
models that do not require linearity and assume a non-
parametric model for the time trend have also been pro-
posed [36]. The assumption of linearity in the §; can be
released [37], using a dynamic non-parametric formula-
tion for the linear predictor

Nie =0 +u;i+vi+y + ¢ (3)

Here « u; and v; have the same parametrization as in
(2); however, the term y; represents the temporal struc-
tured effect, modeled dynamically (in our case, using a
random walk-in time of second order) through a neigh-
boring structure:

Page 5 of 18

Vel Vi1, Ve—2 ~ N(ZVH — V-2, ci)

Finally, ¢; is specified using a Gaussian exchangeable
prior:¢; ~ N(O, 1/r¢)

Space—time interaction It is easy to expand the non-par-
ametric dynamic trend model to allow for an interaction
between space and time, which would explain differences
in the time trend of P, falciparum or P. vivax malaria inci-
dence to different areas, e.g. using the following specifica-
tion:

Nit =& +u;j +vi+ v+ ¢ + it (4)

Herew, i, and v; have the same parametrization as in
(2), whereas y; and ¢; have the same parametrizations
as in (3). The parameter vector § follows a Gaussian dis-
tribution with a precision matrix given by tsHs, where
75 is the unknown scalar, and Hg is the structure matrix,
identifying the types of temporal and spatial dependence
between the element of §. Hs may be factorized as the
Kronecker product of the structural matrix of the respec-
tive primary effects that interact, by Clayton (1996) [38].
There are four ways to define the structure matrix, as pre-
sented in Knorr-Held (2000) [37].

The type I interaction assumes that the two unstruc-
tured effects v;and¢; interact. We write the structure
matrix as Hs; =H, ® Hy =1 ®I =1, because both
v and ¢ do not have a spatial and temporal structure.
Consequently, we assume no spatial and/or tempo-
ral structure on the interaction either and therefore,
8;+ ~ Normal(O0, 052 = 1/15. The type II interaction com-
bines the structured temporal main effect y; and unstruc-
tured spatial effectv;, We write the structure matrix
asHs = H, ® H,, where H, = I and H, is the neighbor-
hood structure specified for instance through a first-or-
second random walk (RW). This leads to the assumption
that for the i area, the parameter vector {3;1,...,8;}
has an autoregressive structure on the time component,
which is independent of the ones of the other areas. The
matrix Hg has a rank of #(T — 1) for a first-order RW and
n(T — 2) for a second-order RW. The type III interaction
combines the unstructured temporal effects ¢, and the
spatially structured main effectuy;. We write the structure
matrix as Hs = Hy ® Hy, where Hy =1 and H,, is the
neighboring structure defined through the CAR specifi-
cation. This leads to the assumption that the parameters
of the " time point {31, ...,8,} have a spatial structure
independent from the other time points. The matrix Hs
has a rank ofl'(n — 1). Type IV interaction is the most
complex type of interaction, assuming that the spatially
and temporally structured effects u; and y; interact. The
structure matrix can be written as the Kronecker product
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of Hs = H, ® H, and has a rank of (n — 1)(T — 1) for a
RW of order 1, and of (n — 1)(T — 2) for a RW of order 2.

Estimation methods and model comparison R-INLA
in R software (Version 4.4.2) was used in this work for
the model parameter and hyper-parameter estimation
since it provides Bayesian estimates faster than Markov
Chain Monte Carlo Methods (MCMC) [39]. In this study,
minimally informative priorities are specified. In the
six models (parametric trend, non-parametric dynamic
trend, and four space-time interaction), we assume
specification of R-INLA for the distribution of the hyper-
parameters; therefore, minimally informative priors are
specified on the log of the structured effect precision
logt, ~ logGamma(1,0.001) and the log of the unstruc-
tured effect precision logt, ~ logGamma(1,0.001). In
addition, we specify a Gamma(1,0.001) prior the pre-
cision of the random walk and of the two unstructured
and two structured effects. We defined the precision as
1= 1/02 To compare the models studied, we use the
Deviance Information Criterion (DIC) proposed by
Spiegehalter et al. (2002) [40]. The DIC is a generaliza-
tion of the Akaike information criterion (AIC), which
was designed to compare Bayesian models. It consists of
two parts: measurements of model fit and an assessment
of the model’s complexity. This is a criterion that aims to
achieve a balance between the adequacy of a model and its
complexity. It is defined by DIC = D + 2p where D is the
posterior mean deviance of the model and p is the effec-
tive number of parameters. The model with the smallest
value of DIC has a better balance between the model’s
adjustment and complexity.

Results

Descriptive statistics results

The observed P, falciparum malaria incidence rates (MIR)
per 1000 people for 115 regions across 7 Eastern African
nations between 2011 and 2020 are shown in Fig. 2 and
supplemental file (Table S2). The results showed that dur-
ing the study period, the MIR of P. falciparum was highest
in the areas around the nation of South Sudan (Table S2).
Furthermore, a few areas in Southwest Ethiopia, West
Ethiopia, and West Kenya have a high MIR. Additionally,
during the study period, the areas around Somalia and
Sudan exhibit an increase. However, between 2015 and
2019, the observed value of P. falciparum MIR decreased
in many Ethiopian spots.

From 2011 to 2020, Fig. 3 and supplementary file
(Table S3) showed the estimated value for P vivax MIR
per 1000 population, spatially and temporally distrib-
uted. The results of the study indicate that there were
no cases of P vivax malaria in any of the areas around
South Sudan and Kenya during the study period. The
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areas surrounding Ethiopia have the highest P vivax
MIR per 1000 people between 2011 and 2017 (Table S3).
Furthermore, compared to other places in the research
area, the Obock and Tadjourah regions of Djibouti faced
higher MIR caused by P. vivax between 2017 and 2020
(Table S3).

The results of the temporal trend for the observed val-
ues of P falciparum and P. vivax MIR per 1000 people
between 2011 and 2020 are shown in Fig. 4 (a) and (b),
respectively. This research showed that, between 2011
and 2020, the MIR of P. falciparum and P. vivax varied at
random in every region of the study area. Between 2012
and 2020, the recorded levels of P vivax MIR in the areas
surrounding Ethiopia decreased. However, the greatest
increases in P vivax MIR from 2015 to 2020 are found
in Obock and Tadjourah in Djibouti. Plasmodium vivax
levels were found to have moderately increased in various
Somalia regions in 2017. Additionally, during the study
period, the P vivax MIR in the areas surrounding Kenya,
South Sudan, and Eritrea stays stable.

To determine whether the pattern expressed is clus-
tered, diffused, or random for both P. falciparum and P
vivax malaria incidence, we estimated the Global Moran’s
L P, falciparum and P. vivax Global Moran’s I values over
the study period were 0.512385 (z-score= 12.378825,
P-value< 0.001) and 0.337284 (z-score= 8.428096,
P-value< 0.001), respectively. These values show a sig-
nificant spatial clustering of the regions in seven East
African countries of the incidence of malaria. The Sup-
plemental file (Table S1) contains the Global Moran’s [
autocorrelation value for the yearly incidence of P. falci-
parum and P. vivax malaria cases in East African nations
from 2011 to 2020.

To determine the hot and cold areas of 115 regions
throughout seven East African countries, Fig. 5 (a) and (c)
displayed the findings of Getis-Ord Gi* statistics regard-
ing the incidence of P. falciparum and P. vivax malaria,
respectively. However, Anselins Local Moran’s [ findings
for P, falciparum and P. vivax, respectively, were shown in
Fig. 5 (b) and (d) to identify places with either a greater or
lower incidence of malaria than the regions around them.

Due to the findings of our study, the incidence of P, fal-
ciparum malaria throughout the study period has placed
all of South Sudan, Gambella, and the Southern Nations,
Nationalities, and Peoples (SNNP) regions in Ethiopia
and East Darfur in Sudan in hot spots. However, dur-
ing the study period, the Northeast and Southeast parts
of Kenya, all of Eritrea, Kassala in Sudan, Tigray, and the
Afar region of Ethiopia are cold spots for the occurrence
of P, falciparum malaria (Fig. 5 (a)).

The Gambella region in Ethiopia, Homa Bay, Siaya,
Busia, Kakamega, and Vihiga regions in Kenya, as well
as all of South Sudan, have higher rates of P. falciparum
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Fig. 2 Observed value of the Plasmodium falciparum (PF) MIR between 2011 and 2020. Source of shapefile: Database of Global Administrative Areas
v4.1 (www.gadm.org), own map output from ArcGIS (v.10.8). MIR Malaria incidence rate

malaria than their bordering regions, as illustrated in
Fig. 5 (b). However, compared to their neighbors, who
have a high incidence of P, falciparum malaria, East Dar-
fur in Sudan has a low incidence.

Based on the results of our study, the occurrence of P,
vivax malaria in the study area caused all parts of Ethio-
pia-aside from the Tigray region, all regions of Djibouti,
the Blue Nile, and Al Qadarif in Sudan, the Upper Nile
in South Sudan, and Debubawi Keyih Bahri in Eritrea to
become hot spots throughout the study period. Nonethe-
less, throughout the study period in seven East African
countries, every region of Kenya was in a cold zone with
the occurrence of P, vivax malaria (Fig. 5 (c)).

Based on this study, SNNP, Oromia, Harari, Dire Dawa,
Afar, and Ambhara in Ethiopia, Obock and Tadjourah
in Djibouti, and Blue Nile in Sudan had higher rates of
P vivax malaria than their bordering regions. However,
the incidence of P vivax malaria is low in Addis Ababa,
Ethiopia; the Upper Nile, South Sudan; Debubawi Keyih

Babhri, Eritrea; Dikhil and Ali Sabieh, Djibouti; and Awdal
and Woqoyi Galbeed, Somalia, while it is high in their
neighbors during the study period (Fig. 5 (d)).

We provided the cluster and outlier analysis of the P
falciparum at regional level in Eastern Africa countries
from 2011 to 2020 in supplemental file (Fig. S1), clus-
ter and outlier analysis result of the P vivax at regional
level in Eastern Africa countries from 2011 to 2020 in
supplemental file (Fig. S2), Hot Spot Analysis of the P
falciparum at regional level in Eastern Africa countries
from 2011 to 2020 in supplemental file (Fig. S3), Hot Spot
Analysis of the P, vivax at regional level in Eastern Africa
countries from 2011 to 2020 in supplemental file (Fig.
S4).

Bayesian spatiotemporal model results

To determine the optimum model fit for estimating the
incidence of P. falciparum and P. vivax malaria, we fitted
and evaluated six spatiotemporal models with various
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Fig. 3 Observed value of the Plasmodium vivax (PV) MIR between 2011 and 2020. Source of shapefile: Database of Global Administrative Areas v.4.1
(www.gadm.org), own map output from ArcGIS (v.10.8). MIR Malaria incidence rate

distributions. While we employed Poisson, negative
binomial, and zero-inflated Poisson distributions for
P, vivax malaria incidence data, we offered Poisson and
negative binomial distributions for P, falciparum malaria
incidence. We fitted the P. vivax malaria incidence data
with a zero-inflated Poisson distribution because the
data contained zero values. To select the best model for
P. falciparum and P. vivax malaria incidence, we fitted a
parametric trend (Model par), a non-parametric dynamic
trend (Model ST), two unstructured effects interact-
ing viand¢; (Model int 1), the structured temporal main
effect y; and unstructured spatial effect v; (Model int II),
the unstructured temporal effect ¢; and the spatial main
effect u; (Model I1I), and the spatial and temporally struc-
tured effects interacting u; and y; (Model int IV).

The results of this study revealed that the Poisson
distribution was chosen for both P falciparum and P
vivax malaria incidence data models. Furthermore,
the results suggest that the spatial and temporally

structured effect interact (Model int IV) was the best
model fit for P falciparum malaria incidence, with a
DIC of 16,518.10, the lowest DIC among the models
tested. However, the structured temporal main effect
and unstructured spatial effect (Model int II) was the
best model pit for P vivax malaria incidence with a
DIC of 6889.11 which is the smallest compared to other
models (Table 1).

In this study, the R-INLA result for both model
fit: Model II for P vivax and Model IV for P fal-
ciparum reveal that the parameters estimated by
INLA are 0 ={o, & u,p,¢,8} with hyper-parameters
VY= {‘L’u, Tys Tys Teps Ts }

For parameter estimation, « is the mean of P. falcipa-
rum or P. vivax MIR across 115 regions in 7 East Afri-
can countries of SSA, is the area-specific residual, u is
the spatially structured residuals, y is the temporally
structured effect, ¢ is the temporally unstructured effect,
and § is the spatially and temporally structured effects
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Fig. 4 Temporal trend for observed values of yearly MIR in the study area at each region of 115 regions in 7 East African countries of SSA from 2011
to0 2020: (a) Plasmodium falciparum (PF) and (b) Plasmodium vivax (PV) MIR Malaria incidence rate

interaction for P falciparum or temporal structured
effect and unstructured spatial effects interaction for P
vivax.

Table 2 shows the results of the posterior mean and
95% credible interval for the intercept o and hyper-
parameter for P falciparum and P. vivax malaria inci-
dence in 115 regions across the study period. The results
of this study reveal that the intercept (¢ = —0.662) of P
falciparum malaria incidence is statistically significant

with credibility interval of (—0.679, —0.564), however,
the P, vivax malaria incidence intercept (¢ = 0.320) with
credibility interval of (—0.446, 1.085) is not statistically
significant since the credibility interval does not include
zero. In the present research, the posterior mean of the
exponentiated intercept « for P falciparum indicates a
46.31% reduction in MIR across 7 East African nations,
with a 95% confidence interval ranging from 43.07% to
49.29% across the study period.
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Table 1 Model comparisons of Plasmodium falciparum and P, vivax malaria incidence

Model P. falciparum P. vivax
Poisson Negative Binomial Poisson Negative Binomial Zero-inflated Poisson
DIC DIC DIC DIC DIC

Model Par 219,782.72 24,993.69 195,309.46 12,420.54 163,737.70

Model ST 234,491.28 2597712 287,222.96 1142222 343,151.57

Model int | 16,596.10 24,785.34 7137.96 11,059.03 8959.45

Model int II* 16,567.14 23,195.17 6889.11 10,797.21 8405.86

Model int Ill 16,560.25 25,908.88 708547 11,170.08 8834.09

Model int IV** 16,518.10 18,254.96 7772.85 10,901.31 9267.17

" indicates the best model fit for P. falciparum and *for P. vivax; and the bold value indicates the selected distribution for the model of P. falciparum and P. vivax malaria

incidence. DIC Deviance information criterion
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Table 2 Posterior mean and 95% credibility interval for the parameters and hyper-parameters of Poisson for Plasmodium falciparum

and P vivax
Parameter P. falciparum P.vivax
Coeff (95% Crl) Coeff (95% Crl)
Fixed effect
Intercept (e) —0.622 (-0.679, —0.564) 0.320 (—0.446, 1.085)

Precision of hyper-parameters random effects
BYM Spatial ()
BYMIID (zy)
Temporal random effect ()
Unstructured temporal effect ()

Space and time interaction (zs)

2223.68 (146.65, 8828.27)
1102.09 (73.64,4304.15)
952.77 (91.33,3729.64)
165.81 (49.68, 405.85)
0.764 (0.689, 0.844)

2202.94 (150.34, 8444.02)
1113.06 (74.89,4372.10)
27.09 (1.60, 140.58)
13.29(247,40.22)
0.151(0.130,0.174)

Coeff: coefficients, Crl: credible interval, BYM: Besag, York, and Mollie

We recall that the precision of hyper-parameters is
specified ast = 1/0?, whereas the variance is 02 = 1/7.
In this study, the spatial structured effect and spatial
unstructured effect of the P falciparum MIR exhibit
low spatial variability within and between 115 regions,
with posterior means of 2224.68 and 1102.09, respec-
tively. Furthermore, the temporally structured effect for
P. falciparum showed a low significant temporal vari-
ance of posterior mean of 952.77, temporal unstruc-
tured effect suggested a moderate temporal variation
with a posterior mean of 165.81 across 115 regions.
Moreover, the interaction combines spatial and tem-
poral structured effects for P falciparum MIR reveal-
ing that there is positive variability for each region, the
parameter vector has an autoregressive structure on the
time component, which is dependent on the ones of the
other regions in 115 regions with a posterior mean of
0.764 over the study period (Table 2).

Besides, the study’s findings demonstrated that the
spatially structured effect of P. vivax MIR has a low spa-
tial variability, dependent on one of the other regions
in 115 regions across the study period with a posterior
mean of 2202.94. Additionally, the spatial unstructured
effect of P. vivax MIR has a modest spatial variation and
is independent of the other regions with a posterior
mean of 1113.06. Moreover, the temporal structured
effect of P vivax MIR has a relatively low significant
temporal variation on time component, with a pos-
terior mean of 27.09 whereas, the temporal unstruc-
tured effect has a slightly significant temporal variance
on time independent, with a posterior mean of 13.29
in 115 regions. Nevertheless, the combination of the
structured temporal main effect and the unstructured
spatial effect of P. vivax MIR has a substantial variance
on the neighborhood structure specified using an RW
in the 115 regions between 2011 and 2020, with a pos-
terior mean of 0.151 (Table 2).

Figure 6 (a) and (b) show the results of the relative risk
of the area-specific and spatial structured effects for P
falciparum MIR, respectively, whereas Figs. 5 (c) and 6
(d) show the findings of the relative risk of each region
specific and spatial structured effects for P vivax MIR
in 115 regions in 7 East African countries of SSA over
the study period (2011-2020). The data shows that the
MIR impacts of P. falciparum and P. vivax were lowest
in certain areas and across 115 regions during the study
period. In this study, the relative risk of P. falciparum for
each region across the study period was higher in various
areas of South Sudan, Sudan, Ethiopia, Kenya, and the
Bari region of Somalia. In contrast, the relative risk of P
falciparum MIR for specific regions was lowest in River
Nile in Sudan, Semenawi Keyih Bahri in Eritrea, Obock
in Djibouti, Oromia and Harari in Ethiopia, Nugaal and
Bay in Somalia, Makueni, Madera, and Taita Taveta in
Kenya (Fig. 6 (a)). However, the relative risk of P. falcipa-
rum MIR for spatial structured effects was higher in the
following regions: North, North Darfur, North Kurdufan,
West Darfur, Central Darfur, South Darfur, East Darfur,
West Kurdufan, South Kurdurfan, White Nile and Sen-
nar in Sudan, West Equatoria and Upper Nile in South
Sudan, and Gambella in Ethiopia (Fig. 6 (b)). The find-
ings of this study demonstrated that the relative risk of
P vivax MIR in both specific regions and across regions
was highest in the Amhara, Oromia, and SSNP regions
of Ethiopia during the study period. However, the relative
risk of P. vivax MIR is lowest in regions such as South
Sudan, Kenya, Northwest and Southwest Sudan, and
Central and Southern Somalia (Fig. 6. (c) and (d)).

Figure 7 depicted the relative risk results of tempo-
ral trends for temporal structured effect and tempo-
ral unstructured effect using an RW and independent
identically distributed normal random effect specifica-
tions, respectively, for both P. falciparum and P. vivax
MIR between 2011 and 2020 in the study area. In this
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Fig. 6 Spatial distribution of the posterior means of area-specific effects exp(&;) and spatial structured effects exp(u;) from models in the Eastern
Africa region, SSA, 2011 —2020. a area-specific effects and (b) spatially random effects of Plasmodium falciparum (PF). ¢ area-specific effects and (d)
spatially random effects of Plasmodium vivax (PV). Source of shapefile: Database of Global Administrative Areas v4.1 (www.gadm.org), own map

output from ArcGIS (v.10.8). BYM Besag, York, and Mollie

study, the temporal structured effect of P falciparum
malaria relative risk (blue) is shown as linear increases
through RW across 115 regions from 2011 to 2020. The
temporal unstructured effect of P. falciparum malaria
relative risk (red) shows falls from 2011 to 2013 and
increases in 2014. Nevertheless, it suggests a uniform
relative risk between 2015 and 2020 for time independ-
ence across 115 regions. Furthermore, the malaria
relative risk for the temporal structured effect of P
vivax (green) indicates that the malaria relative risk
increased from 2011 to 2014 before decreasing in 2015.
However, it increased slightly between 2015 and 2017
and decreased from 2017 to 2020 via RW across 115
regions. Between 2011 and 2020, the temporal unstruc-
tured effect of P vivax malaria relative risk (orange)
jiggles more through time-independence across 115
regions.

Figure 8 depicts the malaria relative risk of the regional
and temporal structured effect interaction for P. falcipa-
rum malaria incidence in 115 regions across 7 East Afri-
can nations of SSA from 2011 to 2020. In this study, ten
regions in South Sudan have a higher malaria risk due to
the geographical and temporal structured effect interac-
tion than other regions in terms of P. falciparum malaria
incidence between 2011 and 2020. Furthermore, the ter-
ritories around Ethiopia had a high malaria risk for P, fal-
ciparum between 2011 and 2013, while it declined from
2014 to 2020. However, Gambella and Benishagul Gumuz
in Ethiopia, as well as Bungoma, Busia, Kakamega,
Nandji, Vihiga, Siaya, Kisumu, Homa Bay, Migori, Kilifia,
and Kwale in Kenya, have the highest malaria risk of P
falciparum between 2011 and 2020 in the study area, due
to the interaction of geographical and temporal struc-
tured effects.
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Figure 9 depicts the relative risk of the combined tem-
poral structured effect and unstructured spatial effect for
P vivax malaria incidence in 115 regions between 2011
and 2020. The study’s findings revealed that regions in
Ethiopia had a high risk of P vivax malaria during the
study period. In 2011, all regions of Ethiopia except Addis
Ababa had a high risk of P vivax malaria in this study
area. Furthermore, Benishagul Gumuz in Ethiopia had
a higher malaria risk from P. vivax than other regions in
2012 and 2014. In 2013, Benishagul Gumuz, Gambella,
and Oromia were at high risk of P vivax malaria. In 2015,
Benishagul Gumuz, Gambella, Oromia, SNNP, Somalia,
Dire Dawa, and Harari in Ethiopia were at high risk of
P vivax malaria transmission. Furthermore, Obock and
Tadjourah in Djibouti, as well as Benishagul Gumuz and
Gambella in Ethiopia, are at high risk for Plasmodium
vivax malaria in 2016 and 2017. Moreover, North Darfur,
West Darfur, Central Darfur, South Darfur, East Darfur,
North Kurdufan, West Kurdufan, South Kurdufan, White
Nile, Sennar, Blue Nile, and Kassala in Sudan, Benishagul
Gumuz and Gambella in Ethiopia, and Obock and Tad-
jourah in Djibouti are at high risk of P vivax malaria in
2018. Nevertheless, West Darfur, Central Darfur, South
Darfur, East Darfur, West Kurdufan, South Kurdufan, and
Blue Nile in Sudan, Benishagul Gumuz in Ethiopia, and
Obock and Tadjourah in Djibouti have a high P vivax
malaria risk in 2019. Finally, North Darfur, West Darfur,
Central Darfur, South Darfur, East Darfur, North Kurdu-
fan, West Kurdufan, South Kurdufan, White Nile, Sennar,

Blue Nile, Al Jazirah, Al Qadarif, and Kassala in Sudan,
Ambhara, Afar, Oromia, Somalia, SNNP, Benishagul
Gumuz, Gambella, and Dire Dawa in Ethiopia, Obock,
Ali Sabieh, Dikhil, and Tadjourah in Djibouti, have a high
malaria risk of P vivax in 2020.

Discussion

The regions surrounding South Sudan had the highest
MIR observed value of P falciparum in the present study.
Additionally, there are some regions with a high MIR
in West Ethiopia, West Kenya, and Southwest Ethiopia.
Furthermore, the regions surrounding Sudan and Soma-
lia show an increase during the study period. However,
in several Ethiopian locations, the observed value of P
falciparum MIR declined between 2015 and 2019. In
this study, no P vivax malaria cases were reported in
any regions around South Sudan and Kenya during the
research period. Between 2011 and 2017, the highest
number of P. vivax MIR per 1000 people was found in
the regions surrounding Ethiopia. Apart from that, the
Obock and Tadjourah regions of Djibouti have higher
MIR from P vivax between 2017 and 2020 than other
regions in the research area. According to [11], P vivax
is endemic and consistently causes major clinical illness
in the Horn of Africa (Ethiopia, Djibouti, Eritrea, and
Somalia), South Sudan, and the island of Madagascar.
This study found that between 2011 and 2020, the MIR
detected values of P. falciparum and P. vivax fluctuated
randomly in each study area. P vivax MIR levels in the
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Fig. 8 Posterior means of the spatial and temporal structured effect interact exp(8;) for P, falciparum malaria incidence of 115 regions from 2011
to 2020. Source of shapefile: Database of Global Administrative Areas v.4.1 (www.gadm.org), own map output from ArcGIS (v.10.8)

regions surrounding Ethiopia declined between 2012 and
2020. Nonetheless, Obock and Tadjourah in Djibouti
have shown the higher increases in P. vivax MIR between
2015 and 2020. In 2017, it was discovered that levels of
P vivax have somewhat increased in different parts of
Somalia. Furthermore, the P vivax MIR remains con-
stant during the study period in the regions surrounding
Kenya, South Sudan, and Eritrea.

This study indicates that all of South Sudan’s areas,
Gambella, and SNNP regions in Ethiopia, as well as East
Darfur in Sudan, are hotspots for P. falciparum malaria
incidence across the study period. However, the Afar
area of Ethiopia, Kassala in Sudan, Tigray, the northeast
and southeast regions of Kenya, and all of Eritrea are
cold places for P. falciparum malaria. Besides, the Gam-
bella region in Ethiopia, Homa Bay, Siaya, Busia, Kaka-
mega, and Vihiga regions in East Kenya, as well as all of
South Sudan regions, have higher rates of P. falciparum
malaria than their bordering regions. Nevertheless, East

Darfur in Sudan has a low incidence compared to its
neighbors, who have a high incidence of P falciparum
malaria. Based on the results of our study, the occurrence
of P vivax malaria in the study area caused all parts of
Ethiopia-aside from the Tigray region, all regions of Dji-
bouti, the Blue Nile, and Al Qadarif in Sudan, the Upper
Nile in South Sudan, and Debubawi Keyih Bahri in Eri-
trea to become hot spots throughout the study period.
Nonetheless, throughout the study period in seven East
African countries, every region of Kenya within a cold
zone of P vivax malaria. However, P vivax is the most
common species outside of Africa [8] and shares the big-
gest burden in a few Sub-Saharan African (SSA) nations,
including Ethiopia [9]. According to Gwitira et al. (2020),
strategies to reduce or control malaria depend on objec-
tive and accurate characterization of its clusters as a first
step towards identifying areas with elevated malaria risk
for intervention prioritization, since malaria occurrence
exhibits spatial heterogeneity [41].
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Based on this study, SNNP, Oromia, Harari, Dire Dawa,
Afar, and Ambhara in Ethiopia, Obock and Tadjourah
in Djibouti, and Blue Nile in Sudan had higher rates of
P vivax malaria than their bordering regions. However,
the incidence of P. vivax malaria is low in Addis Ababa,
Ethiopia; the Upper Nile, South Sudan; Debubawi Keyih
Bahri, Eritrea; Dikhil and Ali Sabieh, Djibouti; and Awdal
and Woqoyi Galbeed, Somalia, while it is high in their
neighbors during the study period.

The Poisson distribution was used for the P, falciparum
and P, vivax malaria incidence data models, according to
the study’s findings based on model comparison. Further-
more, the results suggest that the spatial and temporally
structured effect interact model was the best model fit
for P. falciparum malaria incidence. However, the struc-
tured temporal main effect and unstructured spatial
effect model were the best model pit for P vivax malaria
incidence.

According to the current research, the posterior mean
of the exponentiated intercept for P. falciparum reveals
a 46.31% decrease in the MIR across seven East African
countries, with a 95% confidence interval that extend
from 43.07% to 49.29% across the study period between
2011 and 2020. The decrease in malaria incidence and
mortality is primarily due to malaria control methods
such as indoor residual spraying (IRS) and the usage
of insecticide-treated nets [20]. As malaria transmis-
sion declines, preventative and control strategies will
increasingly rely on precise understanding of the geo-
graphical distribution of high-risk geographic areas to
aid in malaria elimination [42]. In this study, the spatial
structured effect and spatial unstructured effect of the
P, falciparum MIR exhibits low spatial variability within
and between 115 regions. Furthermore, the temporally
structured effect for P, falciparum showed a low signifi-
cant temporal variance, but the temporal unstructured
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effect suggested a moderate temporal variation across
115 regions. Moreover, the interaction combines spa-
tial and temporal structured effects for P falciparum
MIR revealing that there is positive variability for each
region, the parameter vector has an autoregressive
structure on the time component, which is dependent
on the ones of the other regions in 115 regions over the
study period.

Besides, the study’s findings demonstrated that the spa-
tially structured effect of P vivax MIR has a low spatial
variability, dependent on one of the other regions in 115
regions across the study period. Additionally, the spatial
unstructured effect of P vivax MIR has modest spatial
variation and is independent of the other regions. More-
over, the temporal structured effect of P. vivax MIR has a
relatively low significant temporal variation in time-com-
ponent whereas the temporal unstructured effect has a
slightly significant temporal variance on time independ-
ent across 115 regions. Nevertheless, the combination of
the structured temporal main effect and the unstructured
spatial effect of P vivax MIR has a substantial variance
in the neighborhood structure specified using a random
walk in the 115 regions between 2011 and 2020. Accord-
ing to [43], there are still sporadic outbreaks of malaria
that show spatial heterogeneity across various regions
throughout time and space, even though the disease’s
burden is decreasing. It is crucial to map the spatial het-
erogeneity of malaria in order to comprehend the mecha-
nisms of transmission.

The relative risk of P. falciparum for each region across
the study period was higher in various areas of South
Sudan, Sudan, Ethiopia, Kenya, and the Bari region of
Somalia. In contrast, the relative risk of P falciparum
MIR for specific regions was lowest in River Nile in
Sudan, Semenawi Keyih Bahri in Eritrea, Obock in Dji-
bouti, Oromia and Harari in Ethiopia, Nugaal and Bay in
Somalia, Makueni, Madera, and Taita Taveta in Kenya.
However, the relative risk of P falciparum MIR for spa-
tial structured effects was higher in the following regions:
North, North Darfur, North Kurdufan, West Darfur, Cen-
tral Darfur, South Darfur, East Darfur, West Kurdufan,
South Kurdurfan, White Nile and Sennar in Sudan, West
Equatoria and Upper Nile in South Sudan, and Gam-
bella in Ethiopia. The ecological settings and geographic
ranges of the parasite species that can infect humans
differ. A region may have a dominating species or all of
them [2, 6, 7]. According to this study, both specific and
across regions the relative risk of P. vivax MIR was high-
est in the Amhara, Oromia, and SSNP regions of Ethio-
pia during the study period. However, the relative risk of
P, vivax MIR is lowest in regions such as South Sudan,
Kenya, Northwest and Southwest Sudan, and Central and
Southern Somalia.
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In this study, the temporal structured effect of P, falci-
parum malaria relative risk is shown as linear increases
through Random Walk across 115 regions from 2011 to
2020. The temporal unstructured effect of P falciparum
malaria relative risk shows falling from 2011 to 2013
and increases in 2014. It suggests a uniform relative risk
between 2015 and 2020 for time independence across
115 regions. Furthermore, the malaria relative risk for
the temporal structured effect of P vivax indicates that
the malaria relative risk increased from 2011 to 2014
before decreasing in 2015. However, it increased slightly
between 2015 and 2017 and decreased from 2017 to 2020
via Random Walk across 115 regions. Between 2011 and
2020, the temporal unstructured effect of P. vivax malaria
relative risk jiggles more through a time-independent
across 115 regions.

Ten regions in South Sudan and some regions of West
Kenya have a higher malaria risk due to the geographi-
cal and temporal structured effect interaction than other
regions in terms of P falciparum malaria incidence
between 2011 and 2020. Furthermore, the territories
around Ethiopia had a high malaria risk for P. falciparum
between 2011 and 2013, while it declined from 2014 to
2020. This study indicates that between 2011 and 2018,
as well as in 2020, there are a significant risk of P vivax
malaria in various Ethiopian regions. Furthermore,
Obock and Tadjourah experienced high risk of P vivax
between 2016 and 2020 due to the structured temporal
main effect and unstructured spatial effect. Nevertheless,
from 2018 to 2020 many areas in Sudan were a high risk
of P. vivax malaria. According to [44], malaria’s regional
variation is mostly attributable to differences in environ-
mental risk factors at both the macro (temperature, pre-
cipitation) and micro (local elevation, land use) spatial
scales.

The limitations of this study should be considered
when reviewing the results. First, we excluded the
various socioeconomic and environmental factors that
influence the risks of malaria incidence. Second, we
did not include the coverage of malaria vector control
intervention elements, which are crucial in identify-
ing the populations in the research area that may be
less protected. Lastly, the populations of the study area
were projected, which might have resulted in an overes-
timation or an underestimation. To identify the popu-
lations in the research area that may be less protected,
future researchers will use different models such as the
Generalized Linear Model, Multiple Linear Regression
Models, Logistic Regression, Survival Data Analysis,
and Bayesian setting using Markov-chain Monte-Carlo
simulation. These models will combine various socio-
economic and environmental factors that influence the
risks of malaria incidence and the coverage of malaria
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vector control intervention elements. This will give
health sectors solid evidence to eradicate malaria in
high-transmission malaria regions.

Conclusions

According to our study, the best spatiotemporal model
fit for P falciparum malaria incidence data is the spa-
tially and temporally structured effect interact; for P
vivax malaria incidence data were the combination of the
structured temporal main effect and unstructured spatial
effect.

Throughout the study period, there was little varia-
tion in the spatially structured and spatially unstruc-
tured effects of P falciparum malaria incidence within
and between regions. Each region has a high variance in
P. falciparum malaria incidence due to the interaction of
geographical and temporal structured effects, depend-
ent on each other through RW. Additionally, there is lit-
tle variation in the spatially structured and unstructured
spatial effects of P vivax malaria incidence, which are
dependent and independent of those of the other regions,
respectively. The P, vivax malaria incidence varies greatly
depending on the neighborhood structure specified by
an RW in the regions between 2011 and 2020 when the
structured temporal main effect and unstructured spatial
effect are combined.

According to this study, the areas with the highest risk
of P falciparum malaria were Homa Bay, Siaya, Busia,
Kakamega, and Vihita in Kenya; Gambella in Ethiopia;
and all South Sudan regions. However, SNNP, Oromia,
Harari, Afar, and Amhara in Ethiopia, as well as the Blue
Nile in Sudan, had the highest risk of P. vivax malaria.

As a result, we recommend that spatiotemporal mod-
els be used to estimate a regional level trend while taking
spatial-time interaction effects into account to identify
locations that require immediate prevention and con-
trol interventions. Additionally, the global malaria con-
trol and eradication effort should focus especially on the
South Sudan and Ethiopia regions to provide more inter-
vention control to reduce the risk of P. falciparum and P.
vivax malaria incidence, respectively. Finally, the malaria
prevention, control, and eradication program could tar-
get locations with lower or higher malaria rates to eradi-
cate malaria in East African countries.
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DIC Deviance information criterion
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MAP Malaria Atlas project

MIR Malaria incidence rate

RW Random walk

SNNP  Southern nations, nationalities, and peoples
SSA Sub-Saharan Africa

Page 17 of 18

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/540249-025-01320-w.

[ Supplementary file 1 }

Acknowledgements

The Ethiopian Ministry of Education, Bahir Dar University, and Gambella
University are acknowledged by the authors for their administrative assistance.
The authors would also like to thank the South Africa National Research Foun-
dation (NRF) and the South Africa Medical Research Council (SAMRC) (South
Africa DST-NRF-SAMRC SARCHI Research Chair in Biostatistics, Grant number
114613) for their partial support in this study. We would like to thank the
Malaria Atlas Project, especially the Bill and Melinda Gates Foundation, which
is the primary source of funding for this data platform.

Author contributions

CJ.C.analyzed and drafted the manuscript. D.B.B. and H.M.F, supervisors

for CJ.C, designed and supervised from the design to the write-up of the
manuscript. D.G.C. reviewed the manuscript. All authors read and approved of
the final manuscript.

Funding
This research received no specific grant from funding agencies in the public,
commercial, or not-for-profit sectors.

Availability of data and materials
The malaria data used to support the outcome of this paper are available at
the Malaria Atlas website at https://malariaatlas.org/.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

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

Author details

'Department of Statistics, College of Science, Bahir Dar University, Bahir Dar,
Ethiopia. 2Department of Statistics, College of Natural and Computational
Science, Gambella University, Gambella, Ethiopia. *Department of Statis-

tics, University of Pretoria, Pretoria, South Africa. “4Center for Environmental
and Respiratory Health Research, Population Health, University of Oulu, Ouluy,
Finland. *Biocenter Oulu, University of Oulu, Oulu, Finland. ®College of Health
Solutions, Arizona State University, Arizona, USA.

Received: 21 January 2025 Accepted: 27 May 2025
Published online: 11 July 2025

References

1. World Health Organization.World malaria report 2021. https://cdn.who.
int/media/docs/default-source/malaria/world-malaria-reports/world-
malaria-report-2021-global-briefing-kit-eng.pdf?sfvrsn=8e5e915_23&
download=true. Accessed 22 Nov 2024.

2. Escalante AA, Pacheco MA. Malaria molecular epidemiology: an evolu-
tionary genetics perspective. Microbiol Spectr. 2019. https://doi.org/10.
1128/microbiolspec. AME-0010-2019.

3. Primrose SR, Primrose SR. Microbiology of infectious disease. Oxford:
Oxford University Press; 2022.

4. Coatney GR, and A. Primate Malarias. 1st ed. Bethesda: US NIAID; 1971.


https://doi.org/10.1186/s40249-025-01320-w
https://doi.org/10.1186/s40249-025-01320-w
https://malariaatlas.org/
https://cdn.who.int/media/docs/default-source/malaria/world-malaria-reports/world-malaria-report-2021-global-briefing-kit-eng.pdf?sfvrsn=8e5e915_23&download=true
https://cdn.who.int/media/docs/default-source/malaria/world-malaria-reports/world-malaria-report-2021-global-briefing-kit-eng.pdf?sfvrsn=8e5e915_23&download=true
https://cdn.who.int/media/docs/default-source/malaria/world-malaria-reports/world-malaria-report-2021-global-briefing-kit-eng.pdf?sfvrsn=8e5e915_23&download=true
https://cdn.who.int/media/docs/default-source/malaria/world-malaria-reports/world-malaria-report-2021-global-briefing-kit-eng.pdf?sfvrsn=8e5e915_23&download=true
https://doi.org/10.1128/microbiolspec.AME-0010-2019
https://doi.org/10.1128/microbiolspec.AME-0010-2019

Chol et al. Infectious Diseases of Poverty

20.

21

22.

23.

24.

25.
26.

27.

28.

29.

30.

(2025) 14:66

Cyril P. Malaria parasites and other Haemosporidia. Oxford: Blackwell;
1966.

Price RN, Commons RJ, Battle KE, Thriemer K, Mendis K. Plasmodium
vivax in the Era of the Shrinking P falciparum Map. Trends Parasitol.
2020;36:560-70.

Guerra CA, Snow RW, Hay SI. Mapping the global extent of malaria in
2005. Trends Parasitol. 2006;22:353-8.

Gething PW, Elyazar IRF, Moyes CL, Smith DL, Battle KE, Guerra CA, et al.
A long-neglected world malaria map: plasmodium vivax endemicity in
2010. PLoS NTDs. 2012,6: e1814.

Geleta G, Ketema T. Severe malaria associated with plasmodium falcipa-
rum and P vivax among children in Pawe hospital Northwest Ethiopia.
Malar Res Treat. 2016. https://doi.org/10.1155/2016/1240962.

LiuW, Li Y, Shaw KS, Learn GH, Plenderleith LJ, Malenke JA, et al.

African origin of the malaria parasite Plasmodium vivax. Nat Commun.
2014;5:3346.

. World Health Organization. World malaria report 2019. https://www.who.

int/publications/i/item/9789241565721. Accessed 21 Nov 2024.

Miller LH, Mason SJ, Clyde DF, McGinniss MH. The resistance factor to
plasmodium vivax in blacks. N Engl J Med. 1976;295:302-4.

Ménard D, Barnadas C, Bouchier C, Henry-Halldin C, Gray LR, Rat-
simbasoa A, et al. Plasmodium vivax clinical malaria is commonly
observed in Duffy-negative Malagasy people. Proc Natl Acad Sci U S A.
2010;107:5967-71.

Twohig KA, Pfeffer DA, Baird JK, Price RN, Zimmerman PA, Hay S|, et al.
Growing evidence of Plasmodium vivax across malaria-endemic Africa.
PLOS NTDs. 2019;13: e0007140.

Gunalan K, Niangaly A, Thera M, Doumbo O, Miller L. Plasmodium vivax
infections of Duffy-negative erythrocytes: historically undetected or a
recent adaptation? Trends Parasitol. 2018;34:420-9.

Osborne A, Manko E, Waweru H, Kaneko A, Kita K, Campino S, et al.
Plasmodium falciparum population dynamics in East Africa and genomic
surveillance along the Kenya-Uganda border. Sci Rep. 2024. https://doi.
0rg/10.1038/541598-024-67623-4.

Amambua-Ngwa A, Amenga-Etego L, Kamau E, Amato R, Ghansah A,
Golassa L, et al. Major subpopulations of Plasmodium falciparum in sub-
Saharan Africa. Sci. 2019;365:813-6.

Mueller I, Galinski MR, Baird JK, Carlton JM, Kochar DK, Alonso PL, et al.
Key gaps in the knowledge of Plasmodium vivax, a neglected human
malaria parasite. Lancet Infect Dis The. 2009,9:555-66.

Gaur D, Chitnis C, Chauhan VS. Advances in malaria research. Hoboken:
John Wiley & Sons Inc; 2017.

WHO. WHO Technical Brief for Countries Preparing Malaria Funding
Requests for the Global Fund (2020-2022). https://www.who.int/publi
cations/i/item/9789240004139. Accessed 21 Nov 2024.

Alegana VA, Macharia PM, Muchiri S, Mumo E, Oyugi E, Kamau A, et al.
Plasmodium falciparum parasite prevalence in East Africa: updating data
for malaria stratification. PLOS Glob Public Health. 2021;1: e0000014.

Doderer-Lang C, Atchade PS, Meckert L, Haar E, Perrotey S, Filisetti D, et al.

The ears of the African elephant: unexpected high seroprevalence of
Plasmodium ovale and Plasmodium malariae in healthy populations in
Western Africa. Malar J. 2014. https://doi.org/10.1186/1475-2875-13-240.
MAP. Malaria Atlas Project | Home. MAP. https://malariaatlas.org. Accessed
15 Oct 2024.

Pfeffer DA, Lucas TCD, May D, Harris J, Rozier J, Twohig KA, et al. Malaria
Atlas an R interface to global malariometric data hosted by the Malaria
Atlas Project. Malar J. 2018. https://doi.org/10.1186/512936-018-2500-5.
United Nations. World Population Prospects. United Nations. https://
population.un.org/wpp/. Accessed 16 Oct 2024.

Anselin L. Local indicators of spatial association-LISA. Geogr Anal.
1995;27:93-115.

Getis A, Ord J. Local spatial statistics: an overview. In: Longley P, Batty M,
editors. Spatial analysis: modelling in a GIS environment. New York: John
Wiley & Sons; 1996. p. 261-77.

Wand H, Ramjee G. Targeting the hotspots: investigating spatial and
demographic variations in HIV infection in small communities in South
Africa. J Int AIDS Soc. 2010;13:41-51.

Tango T, Takahashi K. A flexible spatial scan statistic with a restricted likeli-
hood ratio for detecting disease clusters. Stat Med. 2012;31:4207-18.
Tango T. Spatial scan statistics can be dangerous. Stat Methods Med Res.
2021,30:75-86.

31

32.

33

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Page 18 of 18

Abellan JJ, Richardson S, Best N. Use of space-time models to inves-
tigate the stability of patterns of disease. Environ Health Perspect.
2008;116:1111-9.

Lawson A. Bayesian disease mapping: hierarchical modeling in spatial
epidemiology. Boca Raton, Fl: Crc Press; 2018.

Bernardinelli L, Clayton D, Pascutto C, Montomoli C, Ghislandi M, Songini
M. Bayesian analysis of spacetime variation in disease risk. Stat Med.
1995;14:2433-43.

Besag J, York J, Mollie A. Bayesian image restoration, with two applica-
tions in spatial statistics. AISM. 1991;43:1-20.

Soubeyrand S. Review of Hierarchical Modeling and Analysis for Spatial
Data by Banerjee, S., Carlin, B. P, and Gelfand, A. E. Math Geosci. 2017; 49:
677-8

Schrodle B, Knorr-Held L. A primer on disease mapping and ecological
regression using NLA. CompStat. 2010;26:241-58.

Knorr-Held L. Bayesian modelling of inseparable space-time variation in
disease risk. Stat Med. 2000;19:2555-67.

Clayton D. Generalised linear mixed models. Markov Chain Monte Carlo
Pract. 1996;1:275-301.

Blangiardo M, Cameletti M. Spatial and spatio-temporal Bayesian models
with R-INLA. Chichester: John Wiley and Sons, Inc,; 2015.

Spiegelhalter DJ, Best NG, Carlin BP, van der Linde A. Bayesian meas-
ures of model complexity and fit. J R Stat Soc Series B Stat Methodol.
2002;64:583-639.

Gwitira I, Mukonoweshuro M, Mapako G, Shekede MD, Chirenda

J, Mberikunashe J. Spatial and spatio-temporal analysis of malaria

cases in Zimbabwe. Infect Dis Poverty. 2020. https://doi.org/10.1186/
540249-020-00764-6.

Mosha JF, Sturrock HJ, Greenwood B, Sutherland CJ, Gadalla NB, Atwal

S, et al. Hot spot or not a comparison of spatial statistical methods to
predict prospective malaria infections. Malar J. 2014. https://doi.org/10.
1186/1475-2875-13-53.

Landier J, Rebaudet S, Piarroux R, Gaudart J. Spatiotemporal analysis of
malaria for new sustainable control strategies. BMC Med. 2018. https://
doi.org/10.1186/512916-018-1224-2.

Stresman GH. Beyond temperature and precipitation: ecological risk fac-
tors that modify malaria transmission. Acta Trop. 2010;116:167-72.


https://doi.org/10.1155/2016/1240962
https://www.who.int/publications/i/item/9789241565721
https://www.who.int/publications/i/item/9789241565721
https://doi.org/10.1038/s41598-024-67623-4
https://doi.org/10.1038/s41598-024-67623-4
https://www.who.int/publications/i/item/9789240004139
https://www.who.int/publications/i/item/9789240004139
https://doi.org/10.1186/1475-2875-13-240
https://malariaatlas.org
https://doi.org/10.1186/s12936-018-2500-5
https://population.un.org/wpp/
https://population.un.org/wpp/
https://doi.org/10.1186/s40249-020-00764-6
https://doi.org/10.1186/s40249-020-00764-6
https://doi.org/10.1186/1475-2875-13-53
https://doi.org/10.1186/1475-2875-13-53
https://doi.org/10.1186/s12916-018-1224-2
https://doi.org/10.1186/s12916-018-1224-2

	Trend of malaria parasites infection in Ethiopia along an international border: a Bayesian spatio-temporal study
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Background
	Methods
	Settings
	Data sources
	Statistical analytic models
	Testing for spatial autocorrelation and detecting malaria cluster
	Spatiotemporal models
	Parametric trend 
	Non-parametric dynamic trend 
	Space–time interaction 
	Estimation methods and model comparison 



	Results
	Descriptive statistics results
	Bayesian spatiotemporal model results

	Discussion
	Conclusions
	Acknowledgements
	References


