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Abstract

Eswatini is on the brink of malaria elimination and had however, had to shift its target year to eliminate malaria on several
occasions since 2015 as the country struggled to achieve its zero malaria goal. We conducted a Bayesian geostatistical
modeling study using malaria case data. A Bayesian distributed lags model (DLM) was implemented to assess the effects
of seasonality on cases. A second Bayesian model based on polynomial distributed lags was implemented on the dataset to
improve understanding of the lag effect of environmental factors on cases. Results showed that malaria increased during the
dry season with proportion 0.051 compared to the rainy season with proportion 0.047 while rainfall of the preceding month
(Lag2) had negative effect on malaria as it decreased by proportion —0.25 (BCI: — 0.46, —0.05). Night temperatures of the
preceding first and second month were significantly associated with increased malaria in the following proportions: at Lagl
0.53 (BCI: 0.23, 0.84) and at Lag2 0.26 (BCI: 0.01, 0.51). Seasonality was an important predictor of malaria with proportion
0.72 (BCI: 0.40, 0.98). High malaria rates were identified for the months of July to October, moderate rates in the months of
November to February and low rates in the months of March to June. The maps produced support-targeted malaria control
interventions. The Bayesian geostatistical models could be extended for short-term and long-term forecasting of malaria
supporting-targeted response both in space and time for effective elimination.
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1 Introduction

Malaria transmission has until recently continued to decline
in Southern Africa thus encouraging national control pro-
grams in the region to focus on elimination [1, 2]. However
due to disruptions during the COVID-19 pandemic, the
World Health Organization (WHO) globally reported 241
million cases in 2020, a slight increase from those reported
in 2019 which stood at 227 million. A total of 627 000
deaths were attributed to malaria in 2020 compared to about
558 000 in 2019 [3]. About 93% of these cases and deaths
occur in sub-Saharan Africa. Interestingly, in the same year
2020, about 26 countries reported fewer than 100 indigenous
cases of the disease, an increase from 6 countries in 2000. To
be eligible for WHO certification as malaria free, countries
must achieve at least 3 consecutive years of zero indigenous
cases. Since 2015, about 9 countries have been certified by
the WHO Director-General as malaria-free and they include
Maldives (2015), Sri Lanka (2016), Kyrgyzstan (2016), Par-
aguay (2018), Uzbekistan (2018), Argentina (2019), Algeria
(2019), China (2021) and El Salvador (2021) [4].
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Eswatini (formerly known by its English name as Swazi-
land), is a country on the brink of elimination and had how-
ever had to shift its target year on several occasions since
2015 due to persistent cases that continued to be reported
albeit sporadic in some parts of the country. Ever since
2015, the country had been setting new targets each year
as it struggled to maintain zero cases. Recently, in 2019,
Eswatini launched a domestic malaria fund to strengthen
efforts towards its elimination initiative (Eswatini Gov-
ernment, 2019). Reaching and maintaining zero cases had
been a challenge for most countries including Eswatini [5].
Eswatini with a population of 1.16 million had seen a fluc-
tuation in malaria cases with a high degree of uncertainty
as there were 460 cases in 2012 and rising to a peak of 1198
cases in 2017 while 693 were reported in 2019 [6].

Indeed, with recent domestic funding initiatives the coun-
try has demonstrated its political will to unrelentingly push
towards malaria elimination. Such political will requires
scientific evidence to guide the path towards elimination in
terms of both the necessary strategies and tools [7]. Con-
sequently, strong surveillance and sustained control inter-
vention strategies are needed in the critical phase prior to
elimination [8, 9]. Bayesian geostatistical models using envi-
ronmental covariates had been applied in malaria mapping
in various endemic settings and countries [10-13]. In addi-
tion, distributed lag models (DLMs) are ideal for estimating
epidemic build-up whereby certain weather conditions and
elapsed time before onset of epidemics could be estimated
[14, 15]. The application of DLMs has a potential to sup-
port control programmes in timely deployment of control
interventions, thereby effectively aid malaria surveillance
and control efforts [16-18].

Eswatini had not only rebranded itself from a National
Malaria Control Programme (NMCP) to a National Malaria
Programme (NMP) but according to [19] has already halted
endemic transmission and is currently relentlessly pursu-
ing elimination [20]. Nonetheless, recent malaria cases
trend showed that the country would likely continue to
struggle with bringing cases to zero especially due to the
ever-present threat of importation from neighboring regions
adding to seasonal case load uncertainties. For instance, a
study by [21] showed that importation from Mozambique
accounted for over 90% of malaria transmission in Eswatini,
thus retarding ongoing control efforts. Furthermore, data
from the Eswatini Malaria Programme continued to show
unpredictable seasonal fluctuations in cases. Such seasonal
fluctuations and upsurges in cases reemphasize the need for
stronger surveillance systems and watchfulness even when
endemic transmission had been halted [19, 21].

Eswatini has its historic malaria transmission occurring
in the eastern part of the country where until recently low
unstable transmission characterizes the malaria situation in
the area [22]. Its seasonal peaks had been associated with

episodes of high rainfall during the summer season which
occurs between November and May each year [23]. We
applied Bayesian geostatistical modeling [24] to predict
heightened transmission seasons by quantifying the elapsed
time prior to onset of cases. The elapsed time refers to the
amount of time that passes from the start of an event to its
finish and in this case it refers to the cumulative environ-
mental conditions that result to reported local cases. Geo-
statistical models link the disease data with potential envi-
ronmental predictors and quantify spatial dependence via the
covariance matrix of Gaussian process facilitated by adding
random effects at the observed locations [25]. Knowledge
of the elapsed time and space location of cases could aid
the Malaria Programme to accurately deploy malaria pre-
vention measures in advance. Furthermore, these models
could be used as tools to guide both primary and secondary
response measures i.e. prior to onset of cases by estimat-
ing the elapsed time and after onset by predicting malaria
risk thus assisting malaria programmes to prevent onward
transmission.

Spatially explicit model-based maps on micro epidemio-
logical heterogeneities are important for malaria elimination
as endemic transmission declines to residual foci [26]. These
maps aid surveillance and vector control efforts in better
targeting and in deployment of planned interventions [27,
28]. In this study, Eswatini malaria incidence data were fit-
ted into a Bayesian geostatistical negative binomial model
using a polynomial distributed lag function. We chose DLMs
because they are useful when the outcome of interest is a
result of a cumulative effect from previous time periods [29].
The DLM function can be used to assess if the effect of risk
factors on the outcome is either immediate or rather slowly
as a result of a build up from previous climatic conditions.
We then produced smoothed maps of incidence risk during
rainy and dry season as well as monthly risk maps for the
entire country.

2 Methods
2.1 Study area

Eswatini is a country located in southern Africa, specifically
in the north eastern part of South Africa and close to the
southern part of the Mozambican border by about 90 km.
The country is 100% landlocked, whereby over 90% of its
borders are shared with South Africa while the north-eastern
side is bordered by Mozambique [30]. Eswatini is a develop-
ing country and is about 70% rural and a majority of its rural
folks derive their livelihoods from substance agriculture.
Those that reside in urban centers and towns are mostly sus-
tained by formal employment and small to medium formal
and informal businesses. In Eswatini, malaria transmission is

@ Springer



342

Journal of Epidemiology and Global Health (2022) 12:340-361

seasonal and dependent on the prevailing weather conditions
especially with regards to temperature and rainfall [31]. The
local malaria epidemiology also shows that malaria trans-
mission is highly affected by variations in altitude [32]. The
country is comprised of four agro-ecological zones which
vary by altitude, climate, soil type and vegetation. The vari-
ations in the agro-ecological zones have also influenced
population distribution and settlement within the country.

2.2 Malaria Incidence Data

Georeferenced malaria incidence data for a 5 year period
(2012-2017) were obtained from the National Malaria Pro-
gramme (NMP) of Eswatini. The data comprised of reac-
tively investigated symptomatic cases that have presented
at health facility. Cases were already classified into either
imported or local based on travel history of patients by
investigating officers from the NMP. Local cases with valid
geographic coordinates were aggregated by enumeration
area (EA) which is the lowest census unit ranging from an
area of about 0.013 km? to about 194 km?. The country is
made up of a total of 2326 EAs and only those EAs with
reported cases were used during analysis (Fig. 1). In addi-
tion, cases identified via active case detection in the neigh-
boring households of an index case were also included in the
analysis. The population in each of the EAs was used as an
offset in the negative binomial model to implement weight-
ing by number of people. The data were organized according
to the malaria transmission season which is July to June each
year. A total of 1230 georeferenced malaria cases, both local
and imported were used in the analysis. Local malaria cases
were reported in 529 household locations which were aggre-
gated into 145 EAs taking into account the time resolution.
Reported georeferenced cases were analysed using ArcGIS
software version 10.8.1 and STATA statistical software ver-
sion 13 [33]. Bayesian modeling was done using OpenBUGS
software, copyright (C) 2007 Free Software Foundation, Inc.
(http://fsf.org/).

2.3 Environmental Data

Remotely sensed climatic data covariates were downloaded
from NASA earth data website (https://search.earthdata.
nasa.gov/). These data included a 250 m resolution nor-
malized difference vegetation indices (NDVI) available
biweekly and 250 m day and night land surface temperature
(LST) emissivity indices both available weekly. The LST
was added as LST day and LST night in the modeling to
capture the effect of day and night temperatures on malaria
cases. The data were products of the Moderate Resolution
Imaging Spectroradiometer (MODIS). Eight km resolution
dekadal rainfall was obtained from the Africa Data Dissemi-
nation Service (ADDS), a data portal for the Famine Early
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Warning Systems (FEWS) network. In addition, a 30 m
resolution Digital Elevation Model (DEM) from ASTER
(Advanced Spaceborne Thermal Emission and Reflection
Radiometer) was obtained for Eswatini. Water bodies were
digitized from a 2016 Google Earth Image. The environmen-
tal data used are presented in Table 1 below.

2.4 Fitting a Distributed Lag Model

We formulated and implemented a Bayesian distributed lag
model (DLM) to better understand the association between
certain environmental conditions favourable to malaria
transmission (i.e. precipitation, temperature and vegetation)
and an increased number of malaria reported cases at lag of
0, 1 or 2 months to account for previous conditions prior
to malaria incidence as well as quantify the elapsed time
(lag) prior to onset of malaria reported cases. Other factors
included consisted of fixed terms (i.e. altitude and distance
to water bodies) in the following fashion:

Let Y}, be the number of malaria cases reported at loca-

tion i during month ¢, modelled using a Negative Binomial
distribution to take into account the overdispersion of the
counts as cases in the country were already diminishing:
Y, ~ NBin(py.r;) Vi=1,...,n Vi=1,..,T (1)
where T = 60monthsfortheSyearperiod and
p;y = r;/(r; + u;). The parameter y;, represents the mean
counts and r; is the overdispersion parameter. The regression
equation that links the mean counts to the space and time
variables takes the form of a log-linear equation:

L
log (,uit) = log (popil) + Z a;Rainfall;, ,
=0
L L
+ ) BDayLST,,_, + ) yNightLST, _,
=0 =0
L
+ Y &NDVI,,_, + ¢ Altitude,
=0

@

+ 7 Distance_Water;

+ € Season, + ¢ Imported;, + @

ea(i)

where Season, is a binary variable indicating whether
the case was reported during rainy season (November to
April) or dry season (May to October) and Imported,, is a
a binary variable representing the presence of at least one
case classified as imported in the same EA in the preced-
ing 2 months. It is important to note that here we assume
the seasonal pattern that characterize malaria transmission
not to change through the years. To take into account the
spatial correlation between locations, we add a Gaussian
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Fig.1 Study area showing enumeration areas with reported cases

spatial process @,,;, ~ N(0, X) where the element (ij) of the
variance—covariance matrix for two locations at distance
d; is of the formX; = o?exp(—pd;). We indicate with ¢?
the spatial variance and with p the correlation decay. We

need to specify prior distributions for the parameters we
want to estimate, since we are specifying the model under
a Bayesian framework. We assign uninformative priors on
the coefficientse, 7,€, { such as N(0,0.01). The coefficients
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Table 1 Environmental data Factors Spatial resolution Temporal resolution Period Source
analysed
NDVI 250 m 16 days 2012-2016 MODIS
LST 250 m 8 days 2012-2016 MODIS
Rainfall 8 km Dekadal 2012-2016 ADDS
Water bodies 30m Yearly 2016 Google earth
Altitude 30m Yearly - ASTER
Population - - 2017 Eswatini census

identifying the lagged effect need to be constrained
a ~ N(O, O-Ruirgfull)’ b~ N(O’ O-DuyLST>’ N~ N(O’ GNigthST)a
6, ~ N(0,0u5py,)VI=0,...,L. Inverse-gamma priors were
assumed for the variances.

2.5 Fitting a Polynomial Distributed Lag Model

A second Bayesian model based on polynomial distributed
lags was again formulated and implemented on the same
dataset to improve understanding of the lag effect of environ-
mental factors on the number of malaria cases at distributed
lags of up to two months (0,1 and 2 months). Data were
aggregated bi-weekly (using full calendar weeks for each
month which generated16 days per lag) up to two months.
This was done to determine the best combination of lags that
predicted malaria incidence risk. The data was then fitted
into the Negative Binomial model with a polynomial func-
tion constrained to power x* in the following fashion:

Let Y;, be the mean number of malaria cases at a given
location s=1,....n at time ¢ with likelihood Y;, ~NBin (P;, r)
where P, is the proportion of malaria cases in a defined
location in time and r is the overdispersion parameter and
Wiy = rlp;p while 67 = r(1 — p)p~2. The model then takes a

log-linear equation as:

Logit(ﬂi,) = log it(Popu,—) + By + 01X ... PX; + Eittay,

(3)

where y;, is the number of malaria cases in each location

i at bi-week time ¢ and f are the regression coefficients, X

are the model covariates, € and w are temporal (bi-week) and

spatial random effects (EA). The individual f coefficients

of the distributed lag model were restricted to a polynomial
function of x* which was specified as:

4
b= ai “
k=0

where k is the categorical variable for the covariate cor-
responding to f; coefficient and a is the intercept for loca-
tions 1 ... .n. The model describes the association between
an independent value of X; and the corresponding dependent
mean Y;. This is summarized asE(y|x). The model gives the
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expected y; of malaria cases given the corresponding value
of each categorical variable at location s.

2.6 Determining Important Lags Using Bayesian
Variable Selection

We applied Bayesian variable selection to determine the
most important lag time between environmental factors and
the onset of malaria cases. We used a 95% Bayesian credible
interval to find those independent variables that were signifi-
cantly associated with the outcome variable of interest thus
allowing us to fit the model only for those variables that were
significant in the final model. The set of f; predictors were
fixed into a polynomial function describing the distribu-
tion of each set of predictors where the third power (x*) was
selected following first stage testing of the different polyno-
mials (i.e. from x' to x7). The model was then restricted to x*
for all the predictors comprising of LST, NDVI and Rainfall.

For each of the polynomial functions x; we introduced a
binary indicator with 50% chance of inclusion into the final
model by restricting the variable selection to a Bernoulli
distribution [34] with probability of inclusion whereby the
best set of covariates was indicated by the model with the
highest posterior probability ranging from O to 1. Any vari-
able with coefficient above 50% was selected to the final
model. To enable prediction, we used an inverse gamma
prior and thenwe ran the model using Markov Chain Monte
Carlo (MCMC) [35]. Uninformative prior distributions were
also assigned to the parameters to complete the model for-
mulation. We then applied Bayesian kriging [36] to predict
the malaria incidence risk at unsampled locations and pro-
duced monthly malaria incidence risk maps of the entire
country. The input point count in the kriging for the fixed
count search was set at 10 points while the search radius was
50 m to identify clusters associated with local malaria cases
as mosquitoes are believed to fly a minimum of 50 m [37].
This way we were able to identify months with low, moder-
ate and high transmission periods. To validate the model,
we used a randomly selected sample of 150 locations as a
training set for fitting the final prediction model.
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Fig.2 Malaria incidence during dry season

3 Results
3.1 Estimated Parameters Of The Fitted DLM Model

Results showed that rainfall of the preceding month
(Lag2) had negative effect on malaria incidence rate as it
decreased by proportion — 0.25 (BCI: —0.46, — 0.05). This
was also shown in the accompanying maps (Fig. 2) which
showed that malaria incidence increased during the dry
season by proportion 0.051 (5.1%) compared to the wet
season where it was 0.047 (4.7%) (Fig. 3). Interestingly
the night temperatures of the preceding first and second
month were also significantly associated with increased
malaria incidence rate at proportions: Lagl 0.53 (BCI:

Malaria Incidence rate
during dry season

High : 0.051
o

Low:0.012

0.23, 0.84) and at Lag2 0.26 (BCI: 0.01, 0.51). In addi-
tion, seasonality was also important predictor of malaria
incidence rate with proportion 0.72 (BCI: 0.40, 0.98).
Other predictors such as NDVI, LSTday, Distance to
Water bodies, Altitude as well as Imported cases were not
significant. However, it is important to note that except
for NDVI and LSTday which were fitted into the distrib-
uted lag model the rest were fixed parameters. Table 2
presents the results of the model predictors adjusted for
seasonality and the effects of importation on malaria inci-
dence rate.
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Malaria incidence rate
during rainy season

- High : 0.047

Low : 0.001
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O e Kilometers
Fig.3 Malaria incidence during rainy season
Table 2 Results of fitted distributed lag model
Covariates Lag0 Median (95% CI) Lagl Median (95% CI) Lag2 Median (95% CI) Median (95% CI)
Rainfall —0.14 (- 0.35, 0.06) —0.21 (- 0.42, 0.00) —0.25 (- 0.46,—0.05) -
LSTday —0.21 (—0.53, 0.09) —0.03 (—0.35,0.28) —0.12 (- 0.40, 0.14) -
LSTnight 0.24 (-0.08, 0.57) 0.53 (0.23, 0.84) 0.26 (0.01, 0.51) -
NDVI —0.14 (-0.49, 0.20) —0.11 (-=0.59, 0.37) 0.13 (= 0.19, 0.46) -
Altitude - - - 0.04 (-0.13,0.21)
Distance to Water - - - 0.02 (-0.12,0.16)

bodies

Season - - - 0.72 (0.40, 0.98)
Imported - - - —0.11 (-0.63,

0.41)
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July,

Malaria incidence rates (per 1000 popu

08-18
1.9-29
3.0-39
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72-82
® 83-93

[ Tinkhundia

Fig.4 Malaria incidence during the month of July

3.2 Estimated Parameters Of The Fitted Polynomial
DLM Model

Spatial heterogeneities of malaria incidence due to cli-
matic and environmental factors were identified for each

40
Kiometers

full transmission season in Eswatini. Monthly variations
in malaria incidence made it possible to visualize months
of low, moderate and high incidence rates in the country.
High incidence rates were identified for the months of July
to October (Figs. 4, 5, 6 and 7), moderate incidence rates
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August

Malaria incidence rates (per 1000 popu
08-1.7
1.8-26
27-35
36-44
45-53
54-6.1
6.2-7.0
® 71.79
' 1inkhundia

Fig.5 Malaria incidence during the month of August

in the months of November to February (Figs. 8, 9, 10
and 11) and low incidence rates in the months of March
to June (Figs. 12, 13, 14 and 15). There was a positive
association between temperature, rainfall and NDVI and
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an increase in malaria cases at polynomial lags of up to
two months (8 weeks). For instance the current bi-week
of (LST day[1]) was positively associated with malaria
incidence [2.18 (BCI: 0.98-3.19)] while, the first lag or
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September,

Malaria incidence rates (per 1000 popu
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Fig.6 Malaria incidence during the month of September

power x ! (LST day[2]) was negatively associated with
malaria as cases decreased by —2.63 (BCI: — 2.89——2.34).

Interestingly, third bi-week or power x 2 (LST day[3]) and
fourth bi-week or power x * (LST day[4]) were positively

associated with malaria cases with proportion 0.1 (BCI:
0.05-0.17) and proportion 0.22 (BCI: 0.22-0.2357) respec-
tively. The increase in malaria cases changes in the fifth
bi-week or power x 4(LST day[5]) where the proportion of
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October,

Malaria incidence rates (per 1000 popu)
08-18
1.9-28

29-37 0 510 20 30 40
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48-57
58-66
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Fig.7 Malaria incidence during the month of October
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November,

Malaria incidence rates (per 1000 popu

08-20
21-31
32-4.2
43-53
54-64
65-75
76-87

® 88-98
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Fig.8 Malaria incidence during the month of November

cases begin to decrease. For night temperatures (LST night),
the effects of the polynomial distributed lags was different in
the sense that the current bi-week and the first lag were not
associated with malaria incidence until the second bi-week

0 5 10 20 30 40

Kilometers

or power x> (LST night [3]) which was negatively associated
with malaria at proportion —0.12 (BCI: —0.13——0.10). The
third bi-week or power x* was positively associated with
malaria which changed in bi-week of power x* where there

@ Springer



352

Journal of Epidemiology and Global Health (2022) 12:340-361

December,

Malaria incidence rates (per 1000 popu
0.9-20
2.1-31
32-43
44-54
55-6.5
66-7.7
7.8-88
® 89-99
Eﬂnkhundla

Fig. 9 Malaria incidence during the month of December

was a negative association. On the other hand NDVI had less
effect on malaria for the first two lags until power x> (NDVI
[4]) which showed increase in malaria cases with proportion
0.06359 (BCI: 0.05515-0.06808). Similarly to the first DLM
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model, malaria cases decreased with increasing rainfall as
shown in power x! (Rain[2]) and power x* (Rain [4] with
proportion -0.78 (BCI: —0.95—-—0.19) and proportion —0.01
(BCI: —0.017-—0.005) respectively. Interestingly rainfall
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January,

Malaria incidence rates (per 1000 popu

3 Tinkhundia

Fig. 10 Malaria incidence during the month of January

was positively associated with malaria in power x* (Rain [3])
with proportion 0.23 (BCI: 0.22-0.25). The results are sum-
marized in Table 3 which shows the posterior probabilities

of the polynomial DLM.

09-19
20-29
30-39
40-49
50-59
6.0-6.9
70-80
8.1-9.1

0 5 10 20 30 40
O Kilometers

4 Discussion and Conclusions

The influence of climatic and environmental factors on
malaria risk had been well investigated however, this study
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February,

Malaria incidence rates (per 1000 popu
0.8-23

24-37
38-52
53-66
6.7-8.0
8.1-95
9.6-10.9
® 11.0-123
[ Tinkhundia

Fig. 11 Malaria incidence during the month of February

is the first to produce monthly predictions of malaria inci-
dence risk distribution using DLM in Eswatini. The maps
produced in the current work depict a considerable month to
month fluctuation in malaria incidence rates in the country
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and the best predictors in the DLM model included rainfall
of the preceding month (Lag2), night temperature of the first
and second preceding months. A similar result was found in
a study by [38] where the best predictors including NDVI,
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March,

Malaria incidence rates (per 1000 popu
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23-36
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Fig. 12 Malaria incidence during the month of March

mean maximum temperature and rainfall of the preceding
month increased the number of malaria cases.

The current study provides useful information for tim-
ing and guiding deployment of malaria control measures

0 5 10 20 30 40
O Kilometers

as the country continues to fight sporadic cases. The dry
season was associated with an increased number of malaria
reported cases and this was not surprising as similar studies
had already shown that persistent rainfall associated with
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April,

Malaria incidence rates (per 1000 popu
0.8-1.9
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Fig. 13 Malaria incidence during the month of April

the wet season have a tendency to wash out mosquito larvae
thus hindering reproduction. For instance, a study by [39]
found that increasing rainfall reduced malaria incidence in
Nigeria. This then calls for intensification of surveillance
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efforts during the dry season or ideally immediately at the
end of the wet season.

The results also showed that decrease in the amount
of rainfall for over a two-month period was a precursor
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Fig. 14 Malaria incidence during the month of May

for cases in the next coming days. A study by [40] found
strong positive correlations for malaria time series lag-
ging zero to three months behind rainfall, and negative
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O — s Kilometers

correlations were found for malaria time series lagging
four to nine months behind rainfall. This study has also
clearly demonstrated that polynomial distributed rainfall
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Fig. 15 Malaria incidence during the month of June

lags at least beyond two months were negatively corre-
lated with malaria reported cases. Knowing this could
enable the malaria control programme to be on alert and
anticipate epidemics and astutely deploy the necessary
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prevention strategies. It was noted that the location of
nearby imported cases was an important determinant of
secondary infections and subsequently local transmission.
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Table 3 Posterior estimates of polynomial distributed lags

Variable(x *) Mean Sd BCIL: 2.5 Median BCI: 97.5
LST day [1] 2.1800 0.6570  0.9857 2.3260 3.1900
LST day [2] —2.6310 0.1884 —2.8900 —-2.6620 —2.3410
LST day [3] 0.1064 0.0339  0.0561 0.0987 0.1741
LST day[4] 0.2284 0.0046  0.2206 0.2295 0.2357
LSTday [5] —0.0292 0.0004 -0.0300 -0.0292 -0.0288
LST night 0.0062 0.3635 —0.5658 0.1021 0.5285
(1]
LST night 0.2757 0.2006 —0.0097 0.2314 0.5429
[2]
LST night —0.1240 0.0086 -0.1372 -0.1264 -0.1077
(3]
LST night 0.0287 0.0014  0.0266 0.0293 0.0308
(4]
LST night —0.0027 0.0003 -0.0033 -0.0026 -—0.0022
[5]
NDVI [1] —0.3156 0.3682 —-0.9960 -0.2119  0.2182
NDVI [2] —0.2407 0.1474 -0.4127 -0.2853 0.0081
NDVI [3] 0.0012 0.0162 -0.0197 -0.0024  0.0428
NDVI [4] 0.0636 0.0034  0.0552 0.0644 0.0681
NDVI [5] —0.0088 0.0002 -0.0092 -0.0088 —0.0085
Rain [1] 0.4434 0.4889 —0.9898 0.6221 0.9489
Rain [2] —0.7833 0.1917 -0.9561 -0.8864 —0.1917
Rain [3] 0.2381 0.0102  0.2200 0.2379 0.2587
Rain [4] —0.0104 0.0024 -0.0175 -0.0102 —0.0058
Rain [5] —0.0013 0.0003 -0.0020 -0.0013 —0.0008

Sd standard deviation, BCI Bayesian credible interval

The findings presented in this work provide more criti-
cal considerations as well as an opportunity for the malaria
programme to bolster its surveillance efforts and record
the first elimination of the disease in its entire malaria
history. While sporadic cases remain and importation
continue to thwart and retard ongoing elimination efforts
recent progress especially, the drastic reduction of malaria
cases had shown that elimination was very much achiev-
able and possible for the country.

The monthly incidence risk maps produced in this work
could be useful for the control programme as they provided
an explicit guide for resource optimization by showing the
areas that need to be targeted with malaria intervention to
achieve high impact. The maps could be used as a guide
for timely monthly effective targeting and optimal deploy-
ment of resources for malaria prevention and response [41].
While high incidence risk was predominantly on the eastern
lowlands of the country, its magnitude varied from month
to month and this would be key to understanding the inter-
annual variations and distributions of the disease. Previous
analyses efforts were limited to seasonality in terms of wet
and dry (summer and winter), our work had shown how
malaria cases are distributed by month further unpacking

the conventionally known seasonality thus, bringing more
clarity and elucidating uncertainties in seasonality modeling
[42]. Malaria transmission in Eswatini had been known to
occur in the wet season of November to May with very fewer
cases occurring in the dry season of June to October. This
study has for the first time produced a new monthly pattern
of malaria incidence rates comprising of three transmission
seasons which were: July to October (high), November to
February (moderate) and March to June (low). These identi-
fied seasons could be used to guide ongoing malaria surveil-
lance efforts as the country pushes towards elimination. High
malaria incidence rates were identified in the eastern part of
the country especially in the Lowveld ecological zone which
has higher average temperatures compared to the western
part of the country which has higher elevation and lower
average temperatures. This was followed by the Middleveld
and the Lubombo Plateau ecological zones which have lower
average temperatures and higher altitude compared to the
Lowveld. The western part of the country which comprises
of the Highveld zone had the lowest malaria incidence rates
mainly due to high altitude and lower average temperatures.
The high transmission season may be attributed to the fact
that this is usually the period after the rainy season when
mosquitoes may be able to lay eggs and breed compared to
the rainy season when the eggs and larvae may be washed
away [43]. The November month which marks the begin-
ning of the moderate transmission season coincide with the
beginning of the rainy season in Eswatini as the country
approaches summer. Also, the highest amount of summer
rainfall in the country is mostly received around February
to March which in our study was identified as the low trans-
mission season probably due to the excess runoff that flushes
away mosquito larvae thus hindering breeding [44].

Day temperatures of the preceding first month were found
to be important predictors for malaria incidence while the
first monthly lag had a negative effect as it reduced malaria
incidence. A study by [45] also found that monthly mean
minimum temperature, mean maximum temperature, mean
average temperature, were significantly and positively corre-
lated with monthly malaria cases. This means that increased
surveillance and vigilance would be needed at least after
four consecutive weeks of high day temperatures especially
during the identified transmission seasons. Vegetation was
positively associated with malaria incidence after a fourth
bi-week lag indicating that malaria incidence only increased
after at least two months as a result of vegetation cover. Sim-
ilarly, [46] also found that NDVI lagging by 1 and 2 months
had a significant influence on malaria incidence. This is
because thick shrubs and smaller plants can create or alter
the surrounding microclimate in which mosquitoes can rest
outdoor. Therefore, vegetation around a home is likely to
be an important determinant of malaria breeding and even
transmission [47].
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The Bayesian geostatistical models developed in this
study could be extended and applied in the development
of rapid short-term and long-term forecasting algorithms
that could assist the country with targeted prevention and
response to effectively eliminate local transmission. We
developed a polynomial DLM model which showed monthly
distributions of malaria incidence rates, an important step
for very low malaria endemic settings like Eswatini. This
could help the NMP to understand the micro epidemiology
of the disease in space and time and thereby target and opti-
mally deploy malaria interventions in accordance with the
severity of the observed malaria episodes. In order for the
country to successfully eliminate malaria more scientifically
based surveillance efforts need to be used. The current work
provides a strategic guide for the ongoing malaria elimina-
tion efforts in Eswatini. The main limitation of this study
was that the data used were not adequate in some months
as cases drastically decreased at the height of the elimina-
tion efforts. This may have affected the temporal analyses
in this study as some months had very few cases and made
it difficult to accurately estimate the parameters. Also, the
effects of climate change may alter the seasonal and monthly
malaria incidence forecasts made in this study as the weather
and environmental conditions changes.

Acknowledgements We wish to thank profusely the NMP programme
for sharing their data and allowing us to conduct the study. We thank
the late Mr Simon Kunene, the then Programme Manager as well as Mr
Quinton Dlamini the incumbent Programme Manager for their support
and assistance during the data acquisition process.

Authors Contributions SND conceived the manuscript, conducted
methodology, formal analysis and wrote the manuscript, ISF and SDM
interpreted the data, revised and extensively edited the manuscript. All
authors read and approved the final version of the manuscript.

Funding No funding was received for this study.

Availability of Data and Material Data was obtained from the NMP
Programme and permission was granted by the Programme Manager
to use the data in the study.

Declarations

Conflict of Interests All authors declare no competing interests.
Ethics Approval and Consent to Participate Exempted.

Consent for Publication Not applicable.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated

@ Springer

otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Cohen JM, Dlamini S, Novotny JM, Kandula D, Kunene S, Tatem
AJ. Rapid case-based mapping of seasonal malaria transmission
risk for strategic elimination planning in Swaziland. Malar J.
2013;12(1):61.

2. Hsiang MS, Hwang J, Kunene S, Drakeley C, Kandula D, Novo-
tny J, et al. Surveillance for malaria elimination in swaziland:
a national cross-sectional study using pooled pcr and serology.
PLoS ONE. 2012;7(1):e29550.

3. World Health Organization. World malaria report 2021 [Internet].
World Health Organization; 2021 [cited 2022 Aug 4]. liv, 263.
Available from: https://apps.who.int/iris/handle/10665/350147

4. Public health round-up. Bull World Health Organ.
2021;99(8):544-5.

5. Moonen B, Cohen JM, Snow RW, Slutsker L, Drakeley C, Smith
DL, et al. Operational strategies to achieve and maintain malaria
elimination. Lancet. 2010;376(9752):1592-603.

6. Nkya TE, Fillinger U, Dlamini M, Sangoro OP, Marubu R, Zulu Z,
et al. Malaria in Eswatini, 2012-2019: a case study of the elimina-
tion effort. Malar J. 2021;20(1):159.

7. Gonzélez-Silva M, Bassat Q, Alonso PL. Getting ready for malaria
elimination: a check list of critical issues to consider. Mem Inst
Oswaldo Cruz. 2014;109(5):517-21.

8. Henderson DA. The development of surveillance systems. Am J
Epidemiol. 2016;183(5):381-6.

9. Aide P, Candrinho B, Galatas B, Munguambe K, Guinovart C,
Luis F, et al. Setting the scene and generating evidence for malaria
elimination in Southern Mozambique. Malar J [Internet]. 2019 Jun
6 [cited 2019 Jun 20];18. Available from: https://www.ncbi.nlm.
nih.gov/pmc/articles/PMC6554892/

10. Alegana VA, Atkinson PM, Wright JA, Kamwi R, Uusiku P,
Katokele S, et al. Estimation of malaria incidence in northern
Namibia in 2009 using Bayesian conditional-autoregressive
spatial-temporal models. Spat Spatio-Temporal Epidemiol.
2013;7:25-36.

11. Diboulo E, Sié A, Diadier DA, Voules DAK, Yé Y, Vounatsou
P. Bayesian variable selection in modelling geographical hetero-
geneity in malaria transmission from sparse data: an application
to Nouna Health and Demographic Surveillance System (HDSS)
data, Burkina Faso. Parasit Vectors [Internet]. 2015 Feb 22 [cited
2019 Jun 25];8. Available from: https://www.ncbi.nlm.nih.gov/
pmc/articles/PMC4365550/

12. Giardina F, Gosoniu L, Konate L, Diouf MB, Perry R, Gaye O,
et al. Estimating the Burden of Malaria in Senegal: Bayesian Zero-
Inflated Binomial Geostatistical Modeling of the MIS 2008 Data.
PLoS ONE [Internet]. 2012 Mar 5 [cited 2019 Jun 25];7(3). Avail-
able from: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC32
93829/

13. Umer MF, Zofeen S, Majeed A, Hu W, Qi X, Zhuang G. Effects
of Socio-Environmental Factors on Malaria Infection in Pakistan:
A Bayesian Spatial Analysis. Int J Environ Res Public Health
[Internet]. 2019 Apr [cited 2019 Jun 25];16(8). Available from:
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6517989/

14. Chuang TW, Soble A, Ntshalintshali N, Mkhonta N, Seyama
E, Mthethwa S, et al. Assessment of climate-driven variations
in malaria incidence in Swaziland: toward malaria elimination.


http://creativecommons.org/licenses/by/4.0/
https://apps.who.int/iris/handle/10665/350147
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6554892/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6554892/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4365550/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4365550/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3293829/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3293829/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6517989/

Journal of Epidemiology and Global Health (2022) 12:340-361

361

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

Malar J [Internet]. 2017 Jun 1 [cited 2019 Jun 25];16. Available
from: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5455096/

. WuY, Qiao Z, Wang N, Yu H, Feng Z, Li X, et al. Describing

interaction effect between lagged rainfalls on malaria: an epide-
miological study in south-west China. Malar J [Internet]. 2017
Jan 31 [cited 2019 Jun 25];16. Available from: https://www.ncbi.
nlm.nih.gov/pmc/articles/PMC5282846/

Chuang TW, Soble A, Ntshalintshali N, Mkhonta N, Seyama
E, Mthethwa S, et al. Assessment of climate-driven variations
in malaria incidence in Swaziland: toward malaria elimination.
Malar J. 2017;16(1):232.

Bi Y, Yu W, Hu W, Lin H, Guo Y, Zhou XN, et al. Impact of
climate variability on Plasmodium vivax and Plasmodium fal-
ciparum malaria in Yunnan Province, China. Parasit Vectors.
2013;6(1):357.

Davis JK, Vincent G, Hildreth MB, Kightlinger L, Carlson C,
Wimberly MC. Integrating environmental monitoring and mos-
quito surveillance to predict vector-borne disease: prospective
forecasts of a west nile virus outbreak. PLoS Curr. 2017;3:9.
Churcher TS, Cohen JM, Novotny J, Ntshalintshali N, Kunene S,
Cauchemez S. Measuring the path toward malaria elimination.
Science. 2014;344(6189):1230-2.

Ohrt C, Roberts KW, Sturrock HIW, Wegbreit J, Lee BY, Gos-
ling RD. Information systems to support surveillance for malaria
elimination. Am J Trop Med Hyg. 2015;93(1):145.

Koita K, Novotny J, Kunene S, Zulu Z, Ntshalintshali N, Gandhi
M, et al. Targeting imported malaria through social networks: a
potential strategy for malaria elimination in Swaziland. Malar J.
2013;12(1):219.

Sturrock HIW, Bennett AF, Midekisa A, Gosling RD, Geth-
ing PW, Greenhouse B. Mapping malaria risk in low transmis-
sion settings: challenges and opportunities. Trends Parasitol.
2016;32(8):635-45.

Dlamini SN, Franke J, Vounatsou P. Assessing the relationship
between environmental factors and malaria vector breeding sites
in Swaziland using multi-scale remotely sensed data. Geospatial
Health [Internet]. 2015 Jun 3 [cited 2019 Jun 25]; Available from:
https://geospatialhealth.net/index.php/gh/article/view/302
Gelfand AE, Banerjee S. Bayesian modeling and analysis of geo-
statistical data. Annu Rev Stat Its Appl. 2017;4:245-66.
Karagiannis-Voules DA, Scholte RGC, Guimaraes LH, Utzinger
J, Vounatsou P. Bayesian geostatistical modeling of leishmaniasis
incidence in Brazil. PLoS Negl Trop Dis. 2013;7(5): e2213.
Reiner RC, Le Menach A, Kunene S, Ntshalintshali N, Hsiang
MS, Perkins TA, et al. 2015 Mapping residual transmission for
malaria elimination. eLife. https://doi.org/10.7554/eLife.09520
Gosoniu L, Msengwa A, Lengeler C, Vounatsou P. Spatially
Explicit Burden Estimates of Malaria in Tanzania: Bayesian Geo-
statistical Modeling of the Malaria Indicator Survey Data. PLoS
ONE [Internet]. 2012 May 23 [cited 2019 Jun 26];7(5). Available
from: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3359352/
Sturrock HJ, Cohen JM, Keil P, Tatem AJ, Le Menach A, Ntshal-
intshali NE, et al. Fine-scale malaria risk mapping from routine
aggregated case data. Malar J. 2014;13(1):421.

Gasparrini A. Modeling exposure—lag—response associations with
distributed lag non-linear models. Stat Med. 2014;33(5):881-99.
Dlamini WM, Dlamini SN, Mabaso SD, Simelane SP. Spatial risk
assessment of an emerging pandemic under data scarcity: a case
of COVID-19 in Eswatini. Appl Geogr. 2020;1(125):102358.
Mordecai EA, Paaijmans KP, Johnson LR, Balzer C, Ben-Horin
T, de Moor E, et al. Optimal temperature for malaria transmis-
sion is dramatically lower than previously predicted. Ecol Lett.
2013;16(1):22-30.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

Haile M, Lemma H, Weldu Y. Population movement as a risk
factor for malaria infection in high-altitude villages of tahtay—
maychew district, tigray, northern ethiopia: a case-control study.
Am J Trop Med Hyg. 2017;97(3):726-32.

StataCorp LP. Stata statistical software: release 14. TX: Statacorp
Ip College Station; 2015.

Dutt V, Raturi R, Garcia-Diaz V, Sasubilli S. Two way ber-
noulli distribution for predicting dementia with machine learn-
ing and deep learning methodologies. Solid State Technol.
2020;63(6):9528-46.

Geyer CJ. 2011 Introduction to Markov Chain Monte Carlo. In:
Handbook of Markov Chain Monte Carlo. Chapman and Hall/
CRC.

Zhang Z, Du Q. A bayesian kriging regression method to esti-
mate air temperature using remote sensing data. Remote Sens.
2019;11(7):767.

Sallam MF, Fizer C, Pilant AN, Whung PY. Systematic review:
land cover, meteorological, and socioeconomic determinants of
aedes mosquito habitat for risk mapping. Int J Environ Res Public
Health. 2017;14(10):1230.

Gomez-Elipe A, Otero A, van Herp M, Aguirre-Jaime A. Fore-
casting malaria incidence based on monthly case reports and
environmental factors in Karuzi, Burundi, 1997-2003. Malar J.
2007;6(1):129.

Adigun AB, Gajere EN, Oresanya O, Vounatsou P. Malaria risk in
Nigeria: Bayesian geostatistical modelling of 2010 malaria indica-
tor survey data. Malar J. 2015;14(1):156.

Briét OJ, Vounatsou P, Gunawardena DM, Galappaththy GN,
Amerasinghe PH. Temporal correlation between malaria and
rainfall in Sri Lanka. Malar J. 2008;6(7):77.

Cohen JM, Le Menach A, Pothin E, Eisele TP, Gething PW, Eck-
hoff PA, et al. Mapping multiple components of malaria risk for
improved targeting of elimination interventions. Malar J [Inter-
net]. 2017 Nov 13 [cited 2019 Jun 26];16. Available from: https://
www.ncbi.nlm.nih.gov/pmc/articles/PMC5683539/

Tompkins AM, Thomson MC. Uncertainty in malaria simulations
in the highlands of Kenya: Relative contributions of model param-
eter setting, driving climate and initial condition errors. PLoS
ONE. 2018;13(9):e0200638.

Dlamini SN, Franke J, Vounatsou P. Assessing the relationship
between environmental factors and malaria vector breeding sites
in Swaziland using multi-scale remotely sensed data. Geospatial
Health [Internet]. 2015 Jun 3 [cited 2022 Aug 4];10(1). Available
from: https://geospatialhealth.net/index.php/gh/article/view/302
Benedum CM, Seidahmed OME, Eltahir EAB, Marku-
zon N. Statistical modeling of the effect of rainfall flushing
on dengue transmission in Singapore. PLoS Negl Trop Dis.
2018;12(12):e0006935.

Adeola AM, Botai JO, Rautenbach H, Adisa OM, Ncongwane
KP, Botai CM, et al. Climatic Variables and Malaria Morbidity in
Mutale Local Municipality, South Africa: A 19-Year Data Analy-
sis. Int J Environ Res Public Health [Internet]. 2017 Nov [cited
2019 Jun 26];14(11). Available from: https://www.ncbi.nlm.nih.
gov/pmc/articles/PMC5707999/

Kibret S, Glenn Wilson G, Ryder D, Tekie H, Petros B. Environ-
mental and meteorological factors linked to malaria transmission
around large dams at three ecological settings in Ethiopia. Malar
J.2019;18(1):54.

Afrane YA, Zhou G, Lawson BW, Githeko AK, Yan G. Effects of
microclimatic changes caused by deforestation on the survivorship
and reproductive fitness of Anopheles gambiae in western Kenya
highlands. Am J Trop Med Hyg. 2006;74(5):772-8.

@ Springer


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5455096/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5282846/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5282846/
https://geospatialhealth.net/index.php/gh/article/view/302
https://doi.org/10.7554/eLife.09520
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3359352/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5683539/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5683539/
https://geospatialhealth.net/index.php/gh/article/view/302
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5707999/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5707999/

	Bayesian Geostatistical Modeling to Assess Malaria Seasonality and Monthly Incidence Risk in Eswatini
	Abstract
	1 Introduction
	2 Methods
	2.1 Study area
	2.2 Malaria Incidence Data
	2.3 Environmental Data
	2.4 Fitting a Distributed Lag Model
	2.5 Fitting a Polynomial Distributed Lag Model
	2.6 Determining Important Lags Using Bayesian Variable Selection

	3 Results
	3.1 Estimated Parameters Of The Fitted DLM Model
	3.2 Estimated Parameters Of The Fitted Polynomial DLM Model

	4 Discussion and Conclusions
	Acknowledgements 
	References




