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Abstract

Background Despite the successful efforts in controlling malaria in Vietnam, the disease remains a significant health
concern, particularly in Central Vietnam. This study aimed to assess correlations between environmental, climatic,
and socio-economic factors in the district with malaria cases.

Methods The study was conducted in 15 provinces in Central Vietnam from January 2018 to December 2022.
Monthly malaria cases were obtained from the Institute of Malariology, Parasitology, and Entomology Quy Nhon, Viet-
nam. Environmental, climatic, and socio-economic data were retrieved using a Google Earth Engine script. A multi-
variable Zero-inflated Poisson regression was undertaken using a Bayesian framework with spatial and spatiotemporal
random effects with a conditional autoregressive prior structure. The posterior random effects were estimated using
Bayesian Markov Chain Monte Carlo simulation with Gibbs sampling.

Results There was a total of 5,985 Plasmodium falciparum and 2,623 Plasmodium vivax cases during the study period.
Plasmodium falciparum risk increased by five times (95% credible interval [Crl] 437, 6.74) for each 1-unit increase

of normalized difference vegetation index (NDVI) without lag and by 8% (95% Crl 7%, 9%) for every 1°C increase

in maximum temperature (TMAX) at a 6-month lag. While a decrease in risk of 1% (95% Crl 0%, 1%) fora 1 mm
increase in precipitation with a 6-month lag was observed. A 1-unit increase in NDVI at a 1-month lag was associ-
ated with a four-fold increase (95% Crl 2.95, 4.90) in risk of P vivax. In addition, the risk increased by 6% (95% Crl 5%,
7%) and 3% (95% Crl 1%, 5%) for each 1°C increase in land surface temperature during daytime with a 6-month

lag and TMAX at a 4-month lag, respectively. Spatial analysis showed a higher mean malaria risk of both species

in the Central Highlands and southeast parts of Central Vietnam and a lower risk in the northern and north-western
areas.

Conclusion Identification of environmental, climatic, and socio-economic risk factors and spatial malaria clusters are
crucial for designing adaptive strategies to maximize the impact of limited public health resources toward eliminating
malaria in Vietnam.
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Background

Malaria, a vector-borne disease, continues to pose a sig-
nificant public health challenge, affecting millions of
people worldwide [1]. Despite the successful efforts in
controlling malaria in Vietnam, some provinces situ-
ated in the Central Highlands region of the country have
reported an increase in malaria cases in 2021. Central
Vietnam, with its diverse geography and complex envi-
ronmental dynamics, is one such region where malaria
transmission remains a concern [2, 3]. This resurgence
can be attributed to several factors including poor acces-
sibility as a result of being mountainous and forested,
rendering control measures challenging [4]. Additionally,
forest-related activities of the population [2] and poverty
[5] are other social factors contributing to continuing
malaria transmission in the region. Finally, the presence
of the endophagic and anthropophilic vector Anopheles
dirus [6], makes control measures difficult.

Malaria transmission is not solely determined by the
presence of the Plasmodium parasite and its Anopheles
mosquito vectors; it is also intricately linked to a com-
plex interplay of factors. These include temperature,
rainfall, land cover, human population density, and socio-
economic conditions, which influence the spatial distri-
bution and temporal intensity of malaria cases [7-12].
Temperature impacts mosquito populations, their biting
rates, and the development of the malaria parasite within
them [13, 14]. Temperature also affects the sporogonic
cycle of these mosquitoes [15]. Increased rainfall can
create more aquatic habitats, which support the growth
of mosquito vectors and increase malaria transmis-
sion. Heavy rains, however, can have a negative effect
on malaria transmission by killing mosquito larvae and
pupae [16]. In water-limited environments, the temporal
pattern of rainfall within a season affects the persistence
of standing water, which in turn influences mosquito
population dynamics [9].

In addition to climatic factors, environmental fac-
tors also play an equally important role in the spread of
malaria. These factors include normalized difference
vegetation index (NDVI), normalized difference water
index (NDWI), and land surface temperature (LST).
NDVI is crucial for monitoring vegetation that influences
Anopheles density and malaria transmission, showing
strong correlations with malaria incidence rates in Yun-
nan Province, China [17]. High NDVI values are linked
to increased malaria rates, particularly noticeable during
the rainy season due to its impact on Anopheles density
[17, 18]. Also, NDVI changes related to land cover shifts,
such as forest to non-forest, correlate with malaria case
fluctuations [19]. NDWT helps identify potential mos-
quito breeding grounds by indicating higher water con-
tent areas, though it’s indirectly related to malaria. LST
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is directly associated with malaria transmission, affecting
mosquito development and parasite growth, with higher
LST areas experiencing more malaria [20, 21]. Nighttime
lights (NTL) reflect human activity and urbanization,
attracting mosquitoes and potentially increasing malaria
transmission by altering mosquito behaviour and extend-
ing human activity into the night [22, 23].

The impact of environmental, climatic and socio-eco-
nomic factors on malaria transmission often involves
time lags, reflecting the life cycles of both mosquito vec-
tors and Plasmodium parasites [24, 25]. These lag effects
are crucial for understanding and predicting malaria
incidence patterns [26]. Rainfall typically affects malaria
transmission with a lag of 1-2 months [27]. This delay
accounts for mosquito breeding, larval development, and
the parasite’s incubation period in both mosquitoes and
humans [28]. Temperature changes can influence malaria
incidence with longer lags, often spanning several
months [29]. These extended lags reflect the time needed
for temperature to affect mosquito population dynam-
ics, parasite development rates, and subsequent changes
in human infection patterns [30]. Vegetation changes,
measured by NDVI, may impact malaria cases with lags
of 1-3 months, affecting mosquito habitats [31]. Socio-
economic factors, such as urbanization (often proxied by
NTL), can have even longer lag effects, sometimes up to
6 months, as they influence human settlement patterns
and vector ecology [32, 33].

Bayesian spatio-temporal analysis is an advanced
and comprehensive methodological approach for
modelling complex disease patterns, such as those
observed in malaria transmission [34, 35]. This ana-
lytical framework offers several significant advantages
in epidemiological research [36, 37]. It facilitates the
integration of both spatial and temporal components
of disease transmission, allowing for a more nuanced
understanding of epidemiological dynamics [38]. The
method accommodates the incorporation of diverse
data types, including environmental, climatic, and
socio-economic factors, thereby providing a more
comprehensive elucidation of disease dynamics [39]. It
presents a flexible framework for quantifying predic-
tion uncertainty, which is crucial for informed deci-
sion-making in public health interventions [38, 39].
While some Bayesian methods utilize Markov chain
Monte Carlo (MCMC) techniques, others employ
alternative approaches such as variational inference or
approximate Bayesian computation, depending on the
specific model requirements and computational con-
straints [38—40]. The application of these methods is
particularly pertinent in the context of Central Viet-
nam due to several region-specific factors. The area’s
heterogeneous topography, encompassing coastal
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regions and highland areas, engenders microclimates
that can significantly influence malaria transmission
patterns [41-44]. The region is characterized by com-
plex seasonal climatic variations, which can be effec-
tively captured and analysed through spatio-temporal
models [45, 46]. Significant socio-economic dispari-
ties exist within the region, including varying levels
of healthcare accessibility and economic development
[47-50]. These factors may impact malaria transmis-
sion in ways that can be elucidated through Bayesian
analysis. Furthermore, the presence of forest-fringe
areas and associated anthropogenic activities in Cen-
tral Vietnam creates unique spatial patterns of malaria
risk that can be effectively modelled using Bayesian
spatio-temporal approaches [2, 51].

Despite the potential benefits of this analytical
approach, to date, there has been a paucity of com-
prehensive studies in Vietnam employing Bayesian
spatio-temporal analysis that incorporate environmen-
tal, climatic, and socio-economic factors as covariates
to analyze their association with malaria transmission
[34, 52]. This gap in the literature underscores the need
for further research utilizing these advanced statisti-
cal methods to better understand and predict malaria
transmission patterns in this region [53].

Understanding the spatio-temporal patterns of
malaria clusters in this region is essential for develop-
ing targeted and effective control strategies. This study
was undertaken to understand the role of local environ-
mental factors in malaria transmission. Additional aim
was to investigate the spatial and temporal patterns of
malaria in Central Vietnam.

Methods

Study site

The study was conducted in 15 provinces in Central
Vietnam, which consists of 161 districts, and 2,267
communes. In 2019, it had an estimated population of
17.9 million [54]. A map of Vietnam’s administrative
boundaries and neighbouring countries was created in
Quantum GIS (QGIS) version 3.30 ‘s-Hertogenbosch
[55] using shape files from the Database of Global
Administrative Areas (GADM), version 4.1, available at
https://www.gadm.org. (Fig. 1).

Central Vietnam is geographically delineated by the
Northwest region, the Red River Delta to the North,
and the Southeast region to the South. It is bordered
by Laos and Cambodia to the West and the East Sea to
the East. The topography of the Central Region is char-
acterized by three primary regions: the North Central
Coast, the Central Highlands, and the South Central
Coast.
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Data source

Malaria cases

Monthly reports of confirmed malaria cases, categorized
by species and district, from January 2018 to Decem-
ber 2022, sourced from Institute of Malariology, Para-
sitology, and Entomology (IMPE) Quy Nhon, Vietnam
were obtained. A confirmed malaria case is defined as a
malaria case (or infection) in which the parasite has been
detected in a diagnostic test, i.e. microscopy, a rapid diag-
nostic test, or a molecular diagnostic test [56].

Population

Population estimates for each year were calculated by
extrapolating from the 2019 Population and Hous-
ing Census [54], using annual population growth rates
sourced from the United Nations database [57].

Environmental, climatic, and socio-economic data

A Google Earth Engine (GEE) script was developed to
extract monthly environmental, climatic, and socio-eco-
nomic proxy data for a region of interest encompassing
Central Vietnam from 2018 to 2022. These data were
used for Bayesian spatio-temporal analysis.

The data collection process encompassed multiple fac-
ets. Land surface temperature information was acquired
from the MODIS MYDI11Al Version 6.1 product,
sourced from the Aqua satellite, offering daily LST data
at a 1-km resolution within a 1,200 by 1,200 km grid, cov-
ering both daytime and nighttime periods. Two-metre
air temperature data, crucial for reflecting human-expe-
rienced conditions, was drawn from ERA5-Land, part of
the ECMWF ERA5 climate reanalysis, providing monthly
minimum (TMIN) and maximum (TMAX) air tempera-
ture readings that were subsequently converted from Kel-
vin to degrees Celsius (°C). NDVI was calculated through
Landsat 8 Collection 2 Tier 1 imagery, with monthly
median values computed in GEE using the NDVI for-
mula. Missing NDVI data resulting from high cloud
cover was remedied via linear interpolation. Similarly,
NDWT data, responsive to changes in vegetation canopy
moisture content, were obtained, and calculated using
Near-Infrared (Near-IR) and Infrared (IR) bands. Pre-
cipitation (PREC) data was acquired monthly from the
Climate Hazards Group InfraRed Precipitation with Sta-
tion data (CHIRPS), an amalgamation of high-resolution
satellite imagery and ground station data spanning over
three decades. Furthermore, NTL data, essential for radi-
ance assessments, was collected in the form of monthly
composite images using the Visible Infrared Imaging
Radiometer Suite (VIIRS) Day/Night Band (DNB), with
datasets provided by the Earth Observation Group at
the Payne Institute for Public Policy, Colorado School of
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Mines. Lastly, altitude (ALT) data were sourced from the
WorldClim database, offering spatial resolution at 30 arc-
seconds, roughly equivalent to 1 km.

Raw standardized morbidity ratios

An initial descriptive analysis of malaria incidence was
conducted. To calculate the raw standardized morbidity
ratios (SMR) for each district, this study applied the fol-
lowing formula:

where Y is the overall SMR in district i, O is the total
number of observed malaria cases in the district and E
is the expected number of malaria cases in the district
across the study period. The expected number was calcu-
lated by multiplying the average population for each dis-
trict by the national incidence over the study period [34].

Independent variable selection

The independent variables were selected based on Akai-
ke’s information criterion (AIC) and Bayesian infor-
mation criterion (BIC). The dependent variable was
the number of malaria cases for each species, while the
independent variables encompass environmental factors
(NDVI, NDWI, LST daytime/nighttime), climatic vari-
ables (TMAX, TMIN, PREC), and a socio-economic vari-
able (NTL). These variables were assessed both without
lag and with 1, 2, 3, 4, 5, and 6-month lag times, incor-
porated into univariate models. Significant variables
(p<0.05) from the univariate models, with the lowest
AIC and BIC values, were chosen for the final models.
Additionally, Pearson correlation analyses were per-
formed to evaluate collinearity among all the included
variables. All preliminary statistical analyses were carried
out using STATA software version 18.0 (Stata Corpora-
tion, College Station, TX, USA).

Exploration of seasonal patterns and temporal trends

The average monthly malaria cases were calculated by
Plasmodium species from January 2018 to December
2022 and visualized temporal patterns alongside climate
data. To analyse malaria incidence trends, this study
used seasonal trend decomposition with locally weighted
regression, which separated data into seasonal patterns
(S,), temporal trends (T,), and residual variability (R,)
components. This enabled the acquisition of insights into
how malaria cases evolved over time:

Yt:St+Tt+Rt

The seasonal extraction was performed using the
"periodic” parameter setting while leaving all other
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parameters at their default values using RStudio version
4.3.1. The time series data was log transformed for this
analysis [58].

Spatio-temporal model

After accounting for the large number of zero cases
(8,486 [87.9%]) in the study, Zero-inflated Poisson (ZIP)
regression model was selected over Poisson regression.
ZIP models were developed in the Bayesian statistical
software WinBUGS version 1.4 (Medical Research Coun-
cil, Cambridge, UK and Imperial College London, UK)
for P falciparum and P. vivax, respectively. Alternative
models were tested for each species, including models
that include environmental, climatic, and socio-economic
variables, which were selected in the independent vari-
able selection section as explanatory variables, and spa-
tially structured and unstructured random effects. In
total, four models were designed to serve for this analy-
sis. Specifically, Model I incorporated only independent
variables as explanatory factors. Model II introduced spa-
tially structured random effects. Model III encompassed
both explanatory factors and spatially structured random
effects. Model IV was the same as Model III with a com-
bination of a spatiotemporal random effect that esti-
mated spatial variability in district temporal trends. The
final model for each species was selected with the lowest
Deviance Information Criterion (DIC) value.

The most comprehensive model, aiming to predict
observed malaria counts, Y, for i district (i=1...161) in
the j# month (from January 2018 to December 2022) was
structured as follows:

w+11—-w)e Hy; =0
PG =y5) =3 (1 - w)e 1w /354,y > 0
Yij ~ Poisson (,U«z/)
log (/,Lij) = log(Egj) + 0
0 = a + B1 x trend; + B2 x Varly
+ ...+ By x Varnij—l— u; + vi+ wj

where E is the expected number of cases (acting as an
offset to control for population size) and 6 is the mean
log relative risk (RR); « is the intercept, and S, S55..., 5,
the coefficients for selected covariates; Varl; to Varn;
represents co-variates in districts i and month j; u; is the
unstructured random effect (assumed to have a mean of
zero and variance %), v; is the spatially structured ran-
dom effect (assumed to have a mean of zero and variance
0, and w; is the spatiotemporal random effect (assumed
to have a mean of zero and variance of ¢, ?).

A conditional autoregressive (CAR) prior structure was
employed to model the spatially structured random effect
and the spatiotemporal random effect (allowing for the
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smoothing of temporal trends at the district level). This
approach involves using an adjacency weights matrix to
quantify the spatial relationships among the districts.
A weight of "1" was assigned when two districts share
a border, and "0" when they do not. For the intercept, a
flat prior distribution was set, while for the coefficients,
a normal prior distribution was specified. In terms of
the priors for the precision of the unstructured and spa-
tially structured random effects and the spatiotemporal
random effects, non-informative gamma distributions
were employed with shape and scale parameters set to
0.01. In the modelling process, models were also devel-
oped excluding the structured and unstructured random
effects. This was done to assess the model fitness.

To ensure the stability of the modelling process, a
burn-in phase was initiated comprising 10,000 itera-
tions to stabilize the model, discarding the outcomes
from this phase. Following this, consecutive blocks of
20,000 iterations were performed, scrutinizing them for
convergence. Model convergence was done through vis-
ual examination of posterior density, history plots, and
Gelman-Rubin statistics. In this study, convergence was
achieved after 100,000 iterations for each model. After
convergence (at 100,000 iterations) posterior distribu-
tions of each model parameter were stored and summa-
rized as posterior mean and a 95% credible interval (CrI),
posterior maps and trend.

Throughout all analyses, an a-level of 0.05 was adopted
to indicate statistical significance (as indicated by 95%
Crl for relative risks [RR] that excluded 1). The poste-
rior means of the unstructured and structured random
effects, and trends were created with ArcGIS Pro 3.2
software (ESRI, Redlands, CA).

Results

Descriptive analysis

There was a total of 5,985 Plasmodium falciparum and
2,623 Plasmodium vivax cases during the study period.
The ratio of P. falciparum to P. vivax increased from 2.0

Page 6 of 14

(67.0% P. falciparum; 2,011 cases) in 2018 to 4.55 (82.0%
P, falciparum; 220 cases) in 2022. The incidence rate of P
falciparum declined from 1.21 per 10,000 in 2018 to 0.13
per 10,000 in 2022, while the incidence rate of P vivax
varied throughout the same time with 0.60 and 0.03 per
10,000 (range 0.03 to 0.66 per 10,000) in 2018 and 2022,
respectively (Table 1).

The analysis of this study encompassed a range of
environmental, climatic, and socio-economic variables
across Central Vietnam from 2018 to 2022 (Supplemen-
tary Table 1). ALT in the study area ranged from 5.14 to
1339.56 m above sea level (median: 291.72 m, interquar-
tile range [IQR]: 105.30—526.80 m). LST varied consid-
erably, with daytime temperatures (LSTd) ranging from
18.02 °C to 47.53 °C (median: 30.70 °C) and nighttime
temperatures (LSTn) from 5.67 °C to 27.48 °C (median:
20.21 °C). TMAX ranged from 21.77 °C to 39.89 °C
(median: 31.38 °C). PREC showed high variability, rang-
ing from 0.06 mm to 298.51 mm per month (median:
21.63 mm, IQR: 7.71—43.48 mm).

For the P. falciparum model (Supplementary Table 2),
key variables included NDVI without lag (median: 0.02,
range: -0.13 to 0.12), NTL with a 3-month lag (median:
0.49 nanowatts/cm?/sr, range: -0.04 to 187.65), and
TMAX with a 6-month lag (median: 31.44 °C, range:
22.64 °C to 39.89 °C). For the P vivax model (Supple-
mentary Table 3), notable variables included LSTd with
a 6-month lag (median: 30.71 °C, range: 10.39 °C to
47.53 °C) and NDVI with a 1-month lag (median: 0.45,
range: — 0.01 to 0.78). Both models incorporated altitude
and PREC with a 6-month lag as common factors.

Raw standardized morbidity ratios of malaria

A common trend evident from the spatial distribution
map of P. falciparum’s SMR indicates high-risk regions
in the Southeast, Central Highlands, and South-Cen-
tral Coast regions, while lower-risk areas are observed
in the northern part of the Central region. Similarly,
the distribution of P vivax SMR mirrors that of P

Table 1 Malaria incidence during the study period (year 2018—2022)

Year Plasmodium falciparum Plasmodium vivax
Case Proportion by year Incidence per 10,000 Case Proportion by year Incidence
per 10,000

2018 2,011 0.67 1.21 996 033 0.60

2019 2,823 0.72 1.69 1,100 0.28 0.66

2020 740 0.67 0.44 367 033 022

2021 191 0.63 0.11 113 037 0.07

2022 220 0.82 0.13 47 0.18 0.03

Total 5,985 2,623
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Fig. 2 Raw standardized morbidity ratios of A Plasmodium falciparum and B Plasmodium vivax, classified by districts in Central Vietnam, 2018-2022

falciparum, but with an additional expansion of high-
risk regions to the Northwest, particularly along the
international border shared with Laos and Cambodia
(Fig. 2).

Time-series decompositions

Time-series decompositions of the raw data during the
period of study revealed a conspicuous seasonal pat-
tern for both P. falciparum and P. vivax. When exam-
ining P. falciparum, the seasonal pattern reveals up to
three distinct peaks: one large peak and two smaller
ones before and after this main peak (Fig. 3). In con-
trast, when observing P vivax, the data shows just
two peaks, a significant one and a smaller counter-
part (Fig. 4). It’s worth noting that both species exhibit
their primary seasonal peaks during the final months
of the year. The inter-annual pattern showed malaria
incidence gradually increased and peaked in 2019 then
gradually decreased in the following years for both P
falciparum and P. vivax species (Figs. 3 and 4).

1 Kilometers
140 280

Spatio-temporal model

Among the four models assessed for spatio-temporal
modelling, Model 1V, incorporating the unstructured and
the spatially structured random effect, and the spatio-
temporal random effect had the best-fit model for both
P. falciparum and P. vivax, because of having the lowest
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Fig. 3 Decomposed monthly Plasmodium falciparum incidence
in Central Vietnam from 2018 to 2022
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Fig. 4 Decomposed monthly Plasmodium vivax incidence in Central
Vietnam from 2018 to 2022

DIC. Plasmodium falciparum risk increased by 5.42-fold
(95% CrI 4.37, 6.74) for each 1-unit increase of NDVI
without lag. There was a protective effect with a decrease
in risk of 1% (95% CrI 0%, 1%) for a 1 mm increase in
PREC with a 6-month lag. Risk increased by 8% (95% Crl
7%, 9%) for every 1°C increase in TMAX at a 6-month
lag. There was no statistically significant association
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between the risk of P falciparum infection and NTL
(Table 2).

For P. vivax, a 1-unit increase in NDVI at a 1-month
lag was significantly associated with a 3.79-fold increase
(95% CrlI 2.95, 4.90) in risk of P. vivax. In addition, the
risk increased by 6% (95% Crl 5%, 7%) and 3% (95% Crl
1%, 5%) for each 1°C increase in LSTd with a 6-month lag
and TMAX at a 4-month lag, respectively. No statistically
significant association between the risk of P. vivax infec-
tion and PREC with a 6-month lag (Table 3).

Estimation of the spatially auto-correlated random
effect (vi) showed a higher mean malaria risk of both
species in the Central Highland and southeast parts of
Central Vietnam and a lower risk in the northern and
north-western areas (Fig. 5).

According to trend analysis, Model IV showed a sig-
nificant, positive temporal trend in counts of cases of
both types of malaria over the study period. For P. falci-
parum, there was>95% probability of a higher than the
regional average trend of P, falciparum in 26/161 districts
and 57/161 districts have>50% probability of a higher
than the regional average trend, mostly located in the
east-central part and the southern part of Central region.

Table 2 Parameters estimate from Bayesian Zero-Inflated Poisson regression models of Plasmodium falciparum cases reported by

month and district, Central Vietnam, 2018—2022

Variables Model | Model Il Model lll Model IV
RR (95%Crl) RR (95%Crl) RR (95%Crl) RR (95%Crl)
Intercept (a)* -1.19 -1.29 -1.31 -2.07
(—1.48,0.92) (=149, 1.10) (=1.60, 1.04) (=242,1.73)
Mean monthly trend 0.52 0.51 0.52 0.26
(0.50,0.53) (0.47,0.56) (0.48,0.55) (0.22,0.30)
ALT 1.00 1.00 1.00 1.01
(masl) (0.15,6.37) (0.15,6.45) (0.15,6.51) (0.16, 6.46)
NDVI (unit) (without lag) 469 476 472 542
(4.01,5.49) (3.66,6.22) (3.84, 5.85) (4.37,6.74)
NTL 1.00 1.00 1.00 1.00
(nanowatts/cm? /sr) (0.99, 1.00) (0.99, 1.00) (0.99, 1.00) (0.99, 1.00)
(3-month lag)
PREC (mm) 0.99 0.99 0.99 0.99
(6-month lag) (0.99, 1.00) (0.99, 1.00) (0.99, 1.00) (0.99, 1.00)
TMAX (°C) 1.07 1.07 1.07 1.08
(6-month lag) (1.06,1.08) (1.06, 1.09) (1.06, 1.09) (1.07,1.09)
Probability of extra zero 1.58 1.58 1.58 145
(1.54,1.62) (1.51,1.65) (1.52,1.63) (140, 1.50)
Heterogeneity*
Unstructured 0.24 0.55 044
(0.18,0.30) (0.29,1.11) (0.27,0.71)
Structured 0.08 0.34 0.33
(0.06,0.10) (0.11,0.77) (0.12,0.72)
Structured (trend) 144
(0.90,2.13)
DIC 11,6604 11,771.5 11,696 11,259.8

" Co-efficient, RR—Relative Risk, Crl—Credible Interval, DIC—Deviation Information Criteria, ALT - Altitude, NDVI—Normalized difference vegetation index, NTL -

Nighttime lights, PREC - Precipitation, TMAX — Maximum air temperature
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Table 3 Parameters estimate from Bayesian Zero-inflated Poisson regression models of Plasmodium vivax cases reported by month

and district, Central Vietnam, 2018—2022

Variables Model | Model Il Model llI Model IV
RR (95%Crl) RR (95%Crl) RR (95%Crl) RR (95%Crl)
Intercept (a)* -0.94 -1.04 -0.96 -1.26
(-1.25,-0.64) (-1.26,-0.83) (-1.27,-0.64) (=159, -
0.93)
Mean monthly trend 042 042 042 0.34
(0.40,0.44) (0.37,047) (0.39,0.44) (0.30,0.39)
ALT 0.99 1.00 1.00 1.01
(masl) (0.16,6.30) (0.16,6.43) (0.15,6.53) (0.16, 6.46)
NDVI (Unit) 334 341 3.36 3.79
(1-month lag) (2.66,4.21) (2.54,4.63) (2.66,4.25) (2.95,4.90)
LSTd (°C) 1.05 1.05 1.05 1.06
(6-month lag) (1.04,1.06) (1.04, 1.06) (1.04,1.06) (1.05,1.07)
PREC (mm) 1.00 1.00 1.00 1.00
(6-month lag) (1.00, 1.00) (1.00, 1.00) (1.00, 1.00) (1.00, 1.00)
TMAX (°C) 1.04 1.04 1.04 1.03
(4-month lag) (1.02,1.05) (1.02, 1.06) (1.02, 1.05) (1.01,1.05)
Probability of extra zero 143 143 143 142
(1.39,1.48) (1.36,1.51) (1.38,1.48) (1.37,147)
Heterogeneity*
Unstructured 0.29 0.38 037
(0.22,0.37) (0.24, 0.66) (0.23,0.66)
Structured 0.08 302.60 23.12
(0.06,0.11) (0.22,1,600) (0.17,136.80)
Structured (trend) 0.91
(060, 1.33)
DIC 7540.7 7585.2 7543.7 7389.2

*Co-efficient, RR Relative Risk, Crl Credible Interval, DIC Deviation Information Criteria, ALT Altitude, NDVI Normalized difference vegetation index, LSTd Land surface

temperature at daytime, PREC Precipitation, TMAX Maximum air temperature

While there were 10/161 and 68/161 districts have>95%
and >50% probability of a lower than the regional average
trend, respectively, distributed mostly in the north, the
west and southwestern parts of Central Vietnam. In con-
trast, districts had increasing and decreasing probability
trends comparable to regional trends of P vivax scat-
tered throughout the region. There were 12/161 districts
have >95% probability of a higher than the regional aver-
age trend, whereas 6/161 districts have>95% probability
of a lower than the regional average trend. (Fig. 6).

Discussion
The findings of this study provide valuable insights into
the spatial and temporal dynamics of P, falciparum and P
vivax malaria in Central Vietnam from 2018 to 2022. This
analysis showed reduction in overall cases and annual
seasonal peaks in malaria incidence and spatial varia-
tions in distribution. There was a significant association
between malaria infection with TMAX, NDVI, PREC,
and LST during the daytime.

Despite an overall decline in malaria cases, a notable
shift in the ratio of P. falciparum to P. vivax was observed,
increasing from 2.0 in 2018 to 4.55 in 2022. This trend

suggests a disproportionate reduction in P vivax cases
compared to P. falciparum. One of the possible reasons
is P. falciparum is more sensitive to climatic conditions
compared to P vivax as reported by some other studies
[59-62]. A plausible reason could be, P. vivax is known
for relapse when the dormant (in hypnozoite form) is
reactivated. In the dormant state, infection can hide in the
liver, lying and protected from the external environment.
However, P. vivax infection was positively associated with
climatic and environmental factors in this study. Other
factors might be related to drug resistance, dihydroarte-
misinin-piperaquine (DHA-PPQ), a malaria treatment,
is becoming less effective in the eastern Greater Mekong
Subregion, particularly in Thailand, Cambodia, and Viet-
nam [63]. This ineffectiveness is related to increased
treatment failures. Van der Pluijm et al. [63] identified
the rise of specific genetic markers associated with resist-
ance to artemisinin and piperaquine, indicating growing
drug resistance in the region. Treatment failures with
DHA-PPQ are linked to the presence of plasmepsin-2/3
amplifications and specific mutations in the crt gene.
This suggests that a highly drug-resistant lineage of the
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Fig. 5 Spatial distribution of the posterior means of structured random effects for (A) Plasmodium falciparum and (B) Plasmodium vivax

malaria parasite P. falciparum is emerging in the region
and developing new resistance mechanisms [63].

The results of this study showed that an increase in
the NDVI was significantly associated with the increase
in malaria risk in both P falciparum and P. vivax. Sev-
eral potential mechanisms could explain this association.
Firstly, dense vegetation can provide breeding sites and
resting places for Anopheles mosquitoes. Higher NDVI
values may indicate more abundant vegetation, which
could lead to increased mosquito populations and, con-
sequently, a higher risk of malaria transmission. Veg-
etation can influence local microclimates, potentially
creating conditions more favorable for mosquito survival
and reproduction [64]. Dense vegetation can retain mois-
ture and shade, creating cooler and more humid envi-
ronments that are preferred by Anopheles mosquitoes
[65]. Changes in vegetation cover, often associated with
deforestation or agricultural expansion, can alter human
behaviour and land use patterns, potentially increasing
exposure to mosquito bites. Deforestation may lead to
increased human contact with mosquitoes in previously
undisturbed areas [66]. Dense vegetation can also influ-
ence the abundance and distribution of other organisms,
including predators and competitors of Anopheles mos-
quitoes [67]. Changes in these ecological interactions

could indirectly affect mosquito populations and malaria
transmission risk.

A one cm increase in PREC with a 6-month lag sig-
nificantly reduced the risk of P. falciparum infection by
10%, while no significant association was observed for
P, vivax infection with the same PREC lag. The potential
protective effect of increased PREC against P. falciparum
malaria risk can be attributed to several mechanisms [68,
69]. Enhanced PREC may dilute mosquito breeding sites,
rendering them less suitable for malaria parasite devel-
opment, consequently reducing the number of infec-
tive mosquitoes and lowering the transmission risk [70].
Heavy PREC can flush out mosquito larvae and pupae
from breeding areas, effectively reducing mosquito popu-
lations [16, 71]. This reduced mosquito density correlates
with a decreased risk of malaria transmission. Moreover,
increased precipitation can impact vegetation growth
and distribution, potentially creating less favourable
conditions for mosquito survival [72]. Changes in PREC
patterns might also influence human behaviour, poten-
tially reducing exposure to mosquito bites, as people
may avoid outdoor activities during heavy rains [70, 73].
Meanwhile, P. vivax has a complex life cycle that includes
a dormant liver stage, which could make it less suscep-
tible to environmental fluctuations than P falciparum.
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Fig. 6 Trend analysis of (A) Plasmodium falciparum and (B) Plasmodium vivax in Central Vietnam, from 2018 to 2022

This difference in parasite biology may contribute to the
observed disparity in the association with PREC. In addi-
tion, the epidemiology of P. vivax infection may be more
influenced by factors other than PREC, such as human
movement and population immunity.

This study also showed that an increase in monthly
TMAX was significantly associated with an increase in
risk for both P. falciparum and P. vivax. It is noted that
higher temperatures will increase the number of cases of
malaria infections because malaria parasites will develop
faster in the mosquitoes and the ability of mosquitoes to
acquire malaria parasites will be increased by increased
blood-sucking activities [74]. However, the latest studies
showed that temperature has a more complicated effect
on malaria transmission. As temperature rises, parasites
develop faster, but fewer of them become infectious.
Therefore, the influence of an increase in temperature on
malaria dynamics and distribution remains controversial.
Wang et al. showed the diverse effects of rising tempera-
tures on malaria epidemic trends in tropical regions with
great heterogenicity in altitude [75].

LST during the daytime has a positive correlation with
P vivax infection risk. This study showed that the P

vivax risk increased by 6% (95% Crl 5%, 7%) for each 1°C
increase in the LSTd with a 6-month lag. Previous stud-
ies also showed that higher LST can increase the risk of
malaria transmission [7], especially in areas with low veg-
etation cover and moisture after the rainy season [21].
This study’s analysis offers significant improvements
over the study by Wangdi et al. [34] by incorporating
climatic, environmental, and socio-economic variables
with extended lag periods. This approach enhances
the model’s capacity to account for the complex and
delayed effects of these factors on malaria transmission,
potentially leading to more accurate predictions and
better-informed public health decisions. A novel aspect
of this study is the inclusion of nighttime light inten-
sity as an indicator of socio-economic development and
urbanization. This addition allows for a more multidi-
mensional analysis, considering not only environmental
and climatic factors but also socio-economic condi-
tions. However, the results of this study indicate that
the association between NTL and malaria infection risk
is not statistically significant. This suggests that while
socio-economic development is an important factor
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in public health, it may not have a direct or immediate
impact on malaria transmission in the study area.
While this study provides valuable insights into the
environmental, climatic, and socio-economic factors
affecting malaria transmission several limitations remain.
Firstly, it does not explicitly consider the impact of vec-
tor control measures, such as insecticide-treated bed
nets and indoor residual spraying, which can significantly
influence malaria transmission. Additionally, population
estimates were extrapolated from census data, potentially
introducing uncertainty due to demographic shifts. The
accuracy and completeness of malaria case records, a
cornerstone of our analysis, can vary and may not cap-
ture the full extent of cases. Furthermore, the study did
not account for the indirect consequences of the COVID-
19 pandemic on healthcare systems and malaria control
efforts during 2020-2021. Moreover, the role of drug
resistance to DHA-PPQ in Vietnam was not accounted in
the model and is recommended to be explored in future
studies. Acknowledging these limitations underscores the
need for more comprehensive data, improved modelling
approaches, and ongoing research to enhance the under-
standing of malaria dynamics and inform more effective
control and elimination strategies in Central Vietnam.

Conclusion

The findings of this study will not only contribute to a
deeper understanding of the determinants of malaria
transmission in Central Vietnam but will also provide
actionable insights for public health officials, policy-
makers, and healthcare practitioners. These insights
can guide resource allocation, the development of tar-
geted interventions, and the design of adaptive strate-
gies to effectively eliminate malaria in this region.
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