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Abstract

Malaria remains a major public health challenge, causing an estimated 600,000 deaths and 250
million infections annually. Most malaria control efforts focus on freshwater mosquito vectors,
leaving saltwater-tolerant vector mosquitoes inhabiting coastal ecosystems like mangrove forests to
remain studied. Historically, the role of mangrove forests as breeding grounds for malaria vectors
often motivated their destruction. However, mangroves provide crucial ecosystem services, and their

impact on malaria transmission remains poorly understood. This study presents the first multi-
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country analysis linking African mangrove forests to prevalence of malaria (Plasmodium falciparum).
We employed piecewise structural equation models to examine the relationships among mangrove
land cover and mangrove vegetation greenness across coastal settlements in 27 African countries.
We combined satellite-derived land cover, vegetation, and weather data with malaria prevalence
records from 11 years, ranging from 1996 to 2020. We found two key associations. First, increasing
mangrove land cover is associated with decreasing malaria prevalence at coarse spatial resolution,
refuting the traditional view of mangroves as disease-promoting environments. We hypothesise that
this relationship may reflect ecological factors such as reduced larval development due to shading, or
the presence of predators. Second, at fine and coarse spatial resolutions, increasing mangrove health
(i.e. greener vegetation) is associated with increasing malaria prevalence. This trend may be driven
by higher mosquito abundance and biodiversity in vegetation-rich mangrove areas, consistent with
studies showing vegetation as a positive predictor of mosquito population density. Our findings
constitute continent-wide patterns derived from observational data, whereas the precise impact of
mangrove vegetation likely depends on the geographic location, configuration of the forests, and the
identity and competence of host and vector species. We conclude that mangrove conservation needs

to be integrated with locally adapted, context-specific vector management strategies.
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Introduction

Understanding how environmental conditions influence disease transmission is essential for effective
public health and conservation strategies (Adisasmito et al., 2022; Lambin et al., 2010). Malaria kills
approximately 600,000 people every year and infects 250 million (WHO, 2024). Substantial effort has
been invested into controlling malaria and its mosquito vectors (Duffy et al., 2024; Mbanefo &
Kumar, 2020; Messenger et al., 2023). Most vector mosquitoes lay eggs in freshwaters, but several
malaria vector species also inhabit brackish and saltwater environments in coastal areas (Ramasamy

& Surendran, 2012).

Mangrove forests are one of the most widespread ecosystems along tropical and subtropical
coastlines (Dahdouh-Guebas et al., 2022). Mangrove forests, like many wetlands, have historically
been believed to promote disease transmission (Dahdouh-Guebas et al., 2021; Friess, 2016), for
example, through the facilitation of saltwater-tolerant mosquitoes (Diop et al., 2002; Pock Tsy et al.,
2003; Sy et al., 2023). However, the real impact of mangroves on malaria prevalence remains
unresolved, due to a lack of quantitative, multi-country studies on the mangrove—malaria
relationship. Their perceived role in disease transmission has led to the purposeful destruction of
mangroves (Valiela et al., 2001). Over the past decades, researchers have highlighted ecological and
social benefits of mangroves, including fisheries (zu Ermgassen et al., 2021, 2025), timber (Dahdouh-
Guebas et al., 2026), firewood (Satyanarayana et al., 2021), coastal protection (Barbier et al., 2011,
Strain et al., 2022), carbon storage (Wolswijk et al., 2026), cultural significance (Gnansounou et al.,
2024; Moore et al., 2022), and tourism (Spalding & Parrett, 2019). Mangrove ecosystems have been
managed, restored, or protected to maximise these benefits (Dabala et al., 2023, 2026). However, no
multi-country analysis has yet evaluated the associations of mangrove loss, conservation, or
restoration with malaria burden, nor studied how geographic resolution may affect the mangrove—

malaria relationship.
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Human malaria is a major public health issue in sub-Saharan Africa, the region with the world’s
highest malaria burden (WHO, 2024). The role of African saltwater-tolerant mosquitoes (Anopheles
merus Donitz, 1902 and A. melas (Theobald, 1903)) in malaria transmission is poorly understood
(Bartilol et al., 2021), although these species have been confirmed as relevant vectors at the local
level (Bartilol et al., 2021; Cuamba & Mendis, 2009). Disease transmission through saltwater-tolerant
mosquitoes might further be exacerbated by global warming and rising sea levels, which may
increase the impact of saltwater-tolerant vectors through flooding (Ramasamy & Surendran, 2012).
These trends underscore the need to better understand how coastal environments such as mangrove

forests shape disease risks.

Counter to the potential threat posed by saltwater-tolerant mosquitoes, biodiverse mangrove
ecosystems might also limit malaria infections. Increasing biodiversity can reduce disease
transmission by introducing natural predators or less-competent hosts and vectors to ecosystems
(Wood & Lafferty, 2013). However, the generality of these negative biodiversity—disease
relationships has been questioned, as biodiversity destruction has reduced disease transmission in
many systems — including for malaria, which can be eradicated through wetland draining (Hudson et
al., 2006; Rohr et al., 2019; Wood, 2025; Wood et al., 2014; Wood & Johnson, 2015). Furthermore,
the dilution or amplification of diseases through biodiversity may be context-dependent (S. Chen &
McFarlane, 2025), influenced by host and vector community composition (Garrido et al., 2021; Miller
& Huppert, 2013), ecosystem type (X. Liu et al., 2020), and spatial resolution (Gilbert et al., 2025).
The contexts in which biodiversity in mangrove forests may contribute to a dilution effect remains
unknown. Some factors have been hypothesised to play a role. Natural predation on adult and larval
mosquitoes can directly reduce mosquito abundance (Arthiyan et al., 2024; Griffin & Knight, 2012;
Kaura et al., 2023; Kumar & Hwang, 2006; Louca et al., 2009; Tranchida et al., 2009), while shading

could slow down larval emergence by reducing water temperatures (Burkett-Cadena & Vittor, 2018).
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How mangrove forests affect malaria infections probably also depends on the spatial resolution at
which this relationship is studied. In previous studies, disease burden correlated most strongly with
biotic factors at fine spatial resolution (‘local scales’), whereas abiotic factors correlated most
strongly at coarse spatial resolution (‘regional scales’) (Brock et al., 2019; Cohen et al., 2016; Rohr et
al., 2019) [but see also evidence to the contrary in Magnusson et al. (2020)]. The rationale is that
species interactions occur at fine spatial resolutions. For instance, mosquitoes rarely travel beyond 5
km from their breeding sites (Jansson et al., 2021; Thomas et al., 2013). Therefore, if malaria
transmission in mangrove forests is influenced by biotic interactions like predation, these effects are

probably strongest when measured at fine spatial resolution.

In this study, we examined how malaria prevalence (Plasmodium falciparum (Welch, 1897)) is
directly or indirectly associated with mangrove land cover and mangrove vegetation greenness. We
also tested at which spatial resolution these relationships are the strongest. To this end, we
conducted a multi-country analysis of satellite-derived land cover, vegetation, and weather data
alongside malaria incidence records from 1996 to 2020. Using piecewise structural equation models
(SEMs), we disentangled the direct and indirect effects that influence the mangrove—malaria
relationships. This study is the first continent-scale analysis of the relationship between mangrove

forests and malaria burden.

Methods

Overview

Classical statistical methods in ecology, such as linear and mixed models, test for direct effects
between variables. The mangrove—malaria relationship might, however, be shaped by many indirect
relationships, which these models cannot fully capture. Therefore, we opted to use structural
equation models (SEMs), an approach designed to detect direct and indirect relationships. We point
out that SEMs are confirmatory analyses, i.e. the model structure is built based on postulations about

causal relationships among the variables of interest (Lefcheck, 2016). Therefore, no direct
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conclusions about causality can be drawn. Model structures are then tested against the data. We
emphasise that we did not aim to model all possible variables influencing malaria prevalence, but
rather to test whether the postulated mangrove—malaria relationship is confirmed or rejected by our
data. To account for potentially missing or superfluous causal connections, the model building was
followed by an optimisation procedure. The final optimised models were used for interpreting the

support for the individual connections.

To contextualise the performance of our SEM approach, we also benchmarked the results by running
a series of supervised machine learning algorithms (Supplementary File S1) on the same input data
(Bailly et al., 2022; T. Chen & Guestrin, 2016; Chollet, 2015; Pedregosa et al., 2011; Python Software
Foundation, 2023; Richardson et al., 2024). The comparison aims to highlight how well the SEM
approach performs at fitting models compared with the predictive performance of the machine
learning approach, which does not explicitly test for indirect effects. Furthermore, we performed
several robustness checks (see ‘Robustness tests’) to assess the stability of the predictions produced

by our final models.

Malaria prevalence data were obtained through the MalariaAtlas project, which is the most extensive
malaria database currently available (Guerra et al., 2007). MalariaAtlas is a curated collection of
georeferenced malaria surveys from peer-reviewed sources and the Demographic and Health
Surveys (DHS) Programme (ICF, 2007). Observations include information on the number of tested
and infected individuals, survey methodology (microscopy or rapid diagnostic testing — RDT), and
start and end dates (month and year) of the survey. We focused on infections of P. falciparum

because it is the deadliest human malaria agent and the most prevalent one in Africa (WHO, 2024).

For the other variables, we included only those variables that could plausibly modulate the
relationship between malaria and mangrove forests based on hypotheses posited in previous
publications. Four sets of independent variables were collected: mangrove-related, human impact,

weather, and geographical variables. We extracted and assembled data from vector and square-
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shaped raster layers for each georeferenced malaria survey site (see Data collection, extraction, and
assembly). The mangrove-related variables were only available for specific years (1996, 2007-2010,
and 2014-2020). Therefore, malaria surveys outside these time intervals were excluded from the

analysis.

Variable selection

The mangrove variables included mangrove land cover and mangrove vegetation greenness,
measured by NDVI (normalised difference vegetation index). Mangrove land cover captures the

potential malaria-promoting effect of mangrove suggested in historical documents (Friess, 2016).

Mangrove NDVI was selected as a proxy for mangrove health to test the negative biodiversity—
disease relationship suggested in recent literature. We hypothesised that greener and, therefore,
healthier mangrove vegetation might buffer the transmission of malaria to humans by, for example,
by facilitating the predation of mosquito larvae and adults. We selected NDVI over similar indices as a
trade-off between the availability of long-term and spatially resolved data layers (Didan, 2021).
However, the relationships between vegetation greenness, ecosystem health, and biodiversity are
inherently complex. Previous studies show that mangrove NDVI is strongly correlated with
environmental stressors (Satyanarayana et al., 2011), biophysical parameters (e.g. altitude, crown &
tree density) (Wani et al., 2021), and biomass (Pandey et al., 2019), which makes it one of the most
widely used indicators of mangrove health (Ruan et al., 2022; T. V. Tran et al., 2022). NDVI also
strongly correlates with biodiversity of plants (Bawa et al., 2002) and animals (Nieto et al., 2015; R.
Wang et al., 2016) in different ecosystems. In mangrove forests, NDVI has been associated with
higher diversity of macrobenthic organisms (Arfan et al., 2024) and plants (D. Wang et al., 2022).
Mangrove health has been associated with greater biodiversity of fishes (L. X. Tran & Fischer, 2017),
birds (Mohd-Azlan et al., 2015; Wolswijk et al., 2025), and macrobenthic organisms (Leung & Cheung,
2017). Nonetheless, we emphasise that the NDVI-biodiversity relationship in mangrove forests is

currently not sufficiently tested in an African setting. For instance, the diversity of mangrove species
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in the Atlantic is lower than in the Indo-Pacific (Spalding, 2010), where most of the studies cited in

this paragraph have been performed.

We selected two human impact variables to capture anthropogenic pressure. The use of population
density alone as an indicator of human impact on mangrove forests (Chien et al., 2024) and malaria
prevalence (Mbouna et al., 2019) has previously been questioned. Therefore, we also included
agricultural land cover, which is one of the main drivers of mangrove loss (Goldberg et al., 2020) and

is also associated with increased malaria in African children (Shah et al., 2022).

For the weather variables, temperature and precipitation are known to affect mosquito biology.
However, these effects might occur with a time lag (Craig et al., 1999; Donkor et al., 2021; Ikeda et
al., 2017) — that is, rainfall initially lowers temperature and reduces mosquito activity, but triggers
subsequent egg-laying activity. To account for this seasonal context, we included mean temperature
and sum of precipitation both during the malaria survey period (P, T) and the means over six months
leading up to the survey (P.s, Ts) as a coarse proxy. Some studies have suggested time lags of one to
two months as best predictors (Donkor et al., 2021). However, as many data layers were only
available at annual resolution, we opted to use a six-month average to harmonise the coarser
temporal resolution of our key parameters (such as mangrove land cover) with the more granular
weather variables. Beyond baseline weather conditions, weather anomalies have increasingly been
linked to mosquito abundance (Nosrat et al., 2021; Sorenson et al., 2025) and the health of
mangrove forests (Duke et al., 2017; Servino et al., 2018). Therefore, we also calculated the deviation
of temperature and precipitation from the long-term average, both during (Panomaly, Tanomaty) and prior

to (Panomaly-6, Tanomaly-6) the malaria survey period.

As additional geographic variable, we included the distance to the coastline to account for the area
covered by open sea, which does not host mosquito populations. This was done to incorporate the
possible effect of salinity on mosquito abundance. Coastline distance was calculated as the shortest

geodesic distance to the high-resolution (10-m) coastline polygon (Table 1) (see ‘Data collection,
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extraction, and assembly’ for information on coordinate reference systems and spatial operations).
Given the high resolution of the coastline polygons, estuaries were not treated differently (but see

the treatment of island nations in next section).

Data collection, extraction, and assembly

The resulting dataset was compiled from existing sources for malaria prevalence, mangrove, human
impact, and weather variables (Table 1). We also extracted additional variables that are traditionally
used to predict malaria infection rates, but these data (Supplementary Table S2) (Bertozzi-Villa et al.,
2021; Rathmes et al., 2020; Smits & Permanyer, 2019; Tangena et al., 2020; Weiss et al., 2018, 2020;
Wiebe et al., 2017) were only used for imputing missing values, and two of these variables were also
included in a robustness check (see ‘Robustness tests’). Malaria prevalence data with associated
geocoordinates were downloaded using the package MalariaAtlas v1.6.3 (Pfeffer et al., 2018) in R
v4.4.0 (R Core Team, 2024). We filtered data to include only those in sites located within 50 km of
the coastline and surveyed in years with available mangrove land cover data (1996, 2007-2010,
2014-2020) (Bunting et al., 2022). Egypt was excluded as no relevant malaria data were available
within these temporal and geographical restrictions. We also excluded small island nations (Cape
Verde, Sdo Tomé and Principe, and the Comoros) because of their unique geographical features (e.g.

disproportionately large ocean surface area and lack of inland data points).

Mangrove variables were derived for each georeferenced malaria survey location in the selected
years. We calculated mangrove land cover both for the year of the malaria survey and the preceding
year. In both cases, mangrove land cover was computed for different spatial resolutions r, from 1 to
50 km at 1-km intervals (Fig. 1A). Mangrove NDVI was calculated as the mean NDVI within the
mangrove-covered area for each r during the year of the malaria survey (Fig.1B). In the absence of
mangrove forests (mangrove land cover = 0%), data points were excluded from subsequent analyses

as mangrove NDVI could not be computed.
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All other variables were assembled using a fixed r of 10 km to manage computational constraints
(Fig. 1C). For raster layers with annual values (= 1 year), we took the mean (weather variables,
population density) or total value (agricultural land cover) inside the 10-km radius. For variables with
multiple observations per year, we averaged the values corresponding to the malaria survey dates.
The fixed r represents a trade-off between accuracy and sensitivity as the exact geographic location
of malaria transmission is unknown due to human travel. A smaller r might, therefore, result in a
higher number of inaccurate estimates (Marshall et al., 2018), while a larger r risks masking
differences between nearby locations. We recognise that the fixed r might be an oversimplified
approximation of human travel distance. However, global human mobility estimates are currently
only available for a single year (Kraemer et al., 2020) and are, therefore, challenging to harmonise
with our multi-annual final dataset. Therefore, we also calculated values for an r of 5 and 20 km for a

robustness check (see ‘Robustness tests’).

Spatial operations were performed through R packages sf v1.0.19 (Pebesma, 2018; Pebesma &
Bivand, 2023), terra v1.8.15 (Hijmans, 2025), and exactextractr v0.10.0 (Baston, 2023), using country-

specific coordinate reference systems (Supplementary Table S3).

Missing data

We applied k-nearest neighbour (kNN) imputation to replace missing values with the mean of the
closest matching observations (‘nearest neighbours’), with k determining the number of nearest
neighbours. We implemented this approach in the R package caret (Kuhn, 2008), with k set to 10.
Prior to the imputation, the values were also centred and scaled to prevent large eigenvalues from
hampering model convergence. Imputation was performed globally across the 27 countries using
geographical coordinates and the full set of variables (Table 1 and Supplementary Table S2), which
includes many variables frequently used for modelling malaria prevalence. Including a broad set of

variables improves the selection of nearest neighbours and results in more accurate kNN estimates.
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Weather variables accounted for the bulk of the variables included in our analyses (8 of 15). To avoid
overfitting models with collinear variables, we assessed pairwise relationships in the dataset
resulting from kNN imputation using Pearson’s pairwise correlation coefficient p using GGally v2.2.1
(Schloerke et al., 2024) in R. We considered p > 0.7 as indicative of collinearity (Dormann et al.,
2013), but as no such case (see Supplementary Fig. S4) was found, we proceeded with the resulting

dataset as it was.

Structural equation models

We used structural equation models (SEMs) to test whether the final dataset fit to the hypothesised
relationships. SEMs have been successfully used to understand direct and indirect factors influencing
the structure of ecological communities (Ali et al., 2022; Byrnes et al., 2011; Roland et al., 2019).
Several studies have also employed SEMs to model the role of environmental change on host—
pathogen interactions, including for human malaria (Duo-quan et al., 2013), bacterial infections
(Ferguson et al., 2023), and fungal diseases (Vacher et al., 2008). Because our data included binary
prevalence metrics and required random effects and autocorrelation terms, we employed local

estimation (piecewise SEMs) rather than global estimation (Lefcheck, 2016; Shipley, 2000).

All SEM operations were performed using piecewiseSEM v2.3.0.1 (Lefcheck, 2016) and gimmPQL in
MASS v7.3.64 (Venables & Ripley, 2002) in R. Model fits were assessed using Shipley’s test of
directed separation (d-test) (Shipley, 2000) by comparing Fisher’s C statistic. The d-test indicates
whether adding omitted relationships to the SEM structure improves the model fit, with p < 0.05
implying a significant improvement. A p value above 0.05 implies that the d-test fails to reject the
model. To drop relationships from the models, we assessed the significance of single relationships

through the type Il analyses of variance (ANOVA) integrated in piecewiseSEM (Lefcheck, 2016).

We developed an initial hypothesised SEM structure based on prior knowledge of the relationships
among variables (Fig. 2). We do not claim that this structure fully reflects the true relationships
among all variables; it served as an informed starting point for further model optimisation, which
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tested for missing or superfluous relationships (see next paragraph). For each value of r, we
implemented this initial SEM structure using three generalised linear mixed models (GLMMs) (Table
2). Malaria prevalence (binomial distribution weighted by malaria survey size), and mangrove NDVI

and mangrove land cover (both with Gaussian distributions) were used as dependent variables.

As we expected autocorrelation structure in our dataset, we dealt with these challenges by following
examples by Lefcheck (2016). We also considered random effects alongside spatial and temporal
autocorrelation. However, gimmPQL has only limited capabilities to implement crossed effects.
Therefore, we merged the hypothesised random effect variables into a composite variable (‘group’)
including time — coded as year and month of the malaria survey — to account for temporal
autocorrelation and the malaria survey technique (microscopy vs RDT, see ‘Overview’). This
composite variable was used as a single random intercept (~ 1 | group) in all three GLMMs (Table 2).
We concede that this approach is a suboptimal representation of the data structure, which may
weaken associations in our resulting models. However, gimmPQL was the only package that enabled
us to run GLMMs with non-Gaussian distributions as well as autocorrelation structures and random
effects inside the piecewiseSEM framework. To account for spatial autocorrelation, an exponential

autocorrelation term across the latitude and longitude data was modelled.

To optimise the SEMs, relationships that were not significant (p < 0.05) across all 50 models were all
removed in a single step. Simultaneously, we applied Shipley’s test of directed separation (d-test) to
detect potentially missing relationships. We added relationships if the d-test suggested their
inclusion for more than 5 of the 50 models (10%). This threshold was based on informed selection, as
below this value the model optimisation procedure was unstable, leading to the repeated addition
and removal of the same paths. The optimisation was continued until no further relationships
needed to be removed or added according to these criteria. Path diagrams were visualised using the
package DiagrammeR v1.0.11 (lannone & Roy, 2024). Other graphs were plotted using the package

ggplot2 v3.5.1 (Wickham, 2016).
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We used standardised effect sizes (Bsts) of each relationship to compare the influence of the
relationships on the model fit. According to the manual of the package, the 8. are calculated based
on the standard latent-theoretic approach for the binomial GLMMs (prevalence models) and based
on the standard observed-empirical approach for the Gaussian GLMMs (mangrove NDVI and

mangrove cover models) (Grace et al., 2018).

For interpreting the real relationships between the variables, we studied the non-standardised
estimates (Bscaeq). We obtained 95% confidence intervals (Cls) for Bscaes through a cluster-resampling
bootstrapping approach with 1,000 iterations. Bootstrapping was conducted at the cluster level (the
‘group’ variable) with replacement to ensure that the underlying hierarchy of the data was preserved
during resampling. Bootstrapping logistic models (e.g., the binomial sub-model for prevalence)
occasionally results in complete or quasi-complete separation due to the random nature of
resampling, which produces extreme, non-converged estimates. To ensure that compound path
summations were mathematically sound, a filtering step was applied; that is any iteration yielding an

extreme, biologically implausible Bscaied (| Bscared| > 20) was classified as non-convergent and dropped.

Because the variables were scaled prior to imputation, 8scqeqs €stimates and their Cls were back-
transformed to meaningful units. We implemented this back-transformation for continuous

independent variables as follows:

SD
(1) ,Bunscaled = ﬁscaled X (#) X Ax
X

Where Bunscaled is the unscaled (back-transformed) estimate, Bscqeq is the non-standardised coefficient
output by piecewiseSEM, SD, is the standard deviation of the unscaled dependent variable, SDy is the
standard deviation of the unscaled independent variable, and Ax is a comparative unit of interest for
the predictor (e.g. 100 people/km? for population density) (Table 3). The comparative unit was used
because 1 unit (e.g. 1 person/km? for population density) was not always the most practical size to
assess coefficients. For malaria prevalence, the back-transformation was adapted to resolve the logit

link function. Therefore, odds ratios (OR) were calculated as:

13



Bscaled)XAx

315 (2) OR = NG x

316 Finally, indirect effect sizes were calculated as the products of B:.eqs along the compound paths. The
317 total effect size of a variable on prevalence was calculated as the sum of direct and indirect effect
318 sizes. These calculations were performed as recommended by the authors of piecewiseSEM (see
319  https://jslefche.github.io/sem_book/global-estimation.html). The resulting compound coefficients

320  were corrected for scaling as mentioned above and reported alongside their respective Cls.

321 Robustness tests

322  We performed four robustness tests on the SEMs. For all four tests, we applied the same

323 optimisation procedure detailed above.

324 e Reduced. We checked the robustness to the kNN imputation by producing a separate input

325 dataset (‘reduced’ dataset), where all observations with missing values were excluded.

326 e 5-km and 20-km. We changed the radius for the human impact and weather variables to 5 and
327 20 km to assess the impact of using a constant r of 10 km for these variables, unlike the variable r
328 for the mangrove variables.

329 e New variables. We added the ‘motorised travel time to health care’ and ‘insecticide-treated net
330 access’ (with r = 10 km) as additional variables to the GLMM with prevalence as the dependent
331 variable to assess the impact of ‘typical’ malaria-related variables on the SEM structure.

332 o Weather-qdr. Weather extremes might decrease values of mangrove and malaria variables,

333 which might indicate a non-linear relationship. Therefore, we tested whether using a quadratic
334 term for weather variables improved model fits.
335  Results

336 Data assembly

337  We assembled 79,005 individual observations from 1,898 unique malaria survey locations (Fig. 3A)

338  across 27 African countries in the years 1996, 2007-2010, and 2015-2020. Depending on the spatial
14
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scale (Fig. 3B), the number of observations ranged from 289 values at 1 km to 2,069 values at 50 km.
Mangrove land cover in the previous year (‘mangrove land cover (year—1)’) and mangrove NDVI had
19% and 8% missing values, respectively. The missing values were non-random, as no values for
mangrove land cover (year-1) could be calculated for 1996, 2007, and 2015 due to a lack of mangrove
land cover data for the previous year. No NDVI data were available for the year 1996. All other
variables had no missing values. We detected only low levels of collinearity in the weather variables,

with no variable pairs exceeding a correlation coefficient of 0.7 (Supplementary Fig. S4).

Structural equation modelling: main models

Two optimisation steps were performed for the main models. A total of ten causal relationships were
dropped and three paths were added following optimisation (Table 2). The final optimised models
supported 29 relationships and most models (48 of 50) were supported, meaning that the d-test
failed to reject the models (p > 0.05). As standardised estimates (Bs:s) varied across the spatial
resolution r that was used to calculate mangrove variables, we show the path diagrams of the best
supported model overall (40 km), as well as a well-supported model (28 km) in the middle range
(between 10 and 30 km) and another model (3 km) in the lower range (< 10 km) in Figure 4. In
addition, a Shiny application is provided on GitHub (https://github.com/HU-
AquaticBiodiversity/MangroveMalaria-SpatialAnalysis/src/Mangrove-Malaria_ShinyApp) to explore
changes of the causal relationships for each r (1-50 km). We visualised changes in the standardised
effect sizes of key relationships across r (Fig. 5A). We also plotted the malaria prevalence data against
mangrove NDVI at a 3-km resolution (Fig. 5B) and against mangrove land cover at a 40-km resolution

(Fig. 5C), including the distribution predicted by the respective SEM sets.

All estimates of Bscaled, Bunscaled, 0dds ratios (OR), and confidence intervals (Cls) are provided in
Supplementary Table S5-513. Within our models, the weather variables accounted for the largest
share of the sum of values of 85, for any value of r, when accounting for their absolute values (non-

negative distance from zero) (Fig. 5A). However, their direct influence on malaria prevalence and
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mangrove NDVI was much smaller at fine spatial resolution (Fig. 4C). Mangrove land cover also
contributed substantially, albeit only at coarse and intermediate spatial resolution (Fig. 5A, B). All

other variables contributed relatively little to the sum of values of 84 (Fig. 5A).

Mangrove land cover showed no significant effect on malaria prevalence at fine spatial resolution
(e.g. OR1gpp = 1.008, p = 0.849 at 3 km) (Fig. 4C), whereas at coarse resolution, mangrove land cover

decreased malaria odds (Fig. 4A) — for example, by 27%/10 pp at 40 km (OR10pp = 0.73, p < 0.05).

At fine spatial resolution, mangrove NDVI strongly increased malaria odds — for example by 21% per
0.1 increment at 3 km (ORo1 =1.21, p < 0.001). At coarse spatial resolution, this effect was weaker
(Fig. 4A, C; 5B, C) — for example, 8.7% at 40 km (ORo.1 = 1.09, p < 0.05). At intermediate resolution, no
significant effect was found (Fig. 4B) (for example, at 28 km: ORo1 = 1.015, p = 0.711). At coarse
spatial resolution, mangrove land cover indirectly decreased malaria odds by reducing mangrove
NDVI — for example, by 12.7%/10 pp at 40 km (OR10pp = 0.873) via a NDVI reduction of 0.16/10 pp
(Bunscated = -0.163, p < 0.001) (Fig. 4A). This indirect relationship resulted in a total reduction of malaria
odds at 40 km by 35%/10 pp of mangrove cover (OR1op, = 0.636). ‘Mangrove land cover (year-1)
increased mangrove NDVI (for example at 40 km: Bunscated, 100p = 2.86E-5, p < 0.001) and, therefore,
indirectly increased malaria odds, albeit only marginally — for example, by 0.02%/10 pp at 40
km(OR10pp = 1.00002). This indirect relationship was, however, sensitive to modelling choices (Fig. 7;

Supplementary Files S14 and S16).

Malaria odds significantly increased by 1.4%/km of coastline distance at coarse spatial resolution (for
example, at 40 km: ORym = 1.014, p < 0.001) (Fig. 4A, Fig. 5A). Coastline distance indirectly decreased
malaria prevalence via mangrove NDVI (for example, at 40 km: OR1xm = 0.9986) and increased it via

mangrove land cover (for example, at 40 km: ORixm = 1.0004), resulting in a total increase from direct

and indirect relationships — for example, of 1.3%/km at 40 km (ORym = 1.013).

Among the human impact variables, population density marginally but significantly decreased
malaria odds via mangrove NDVI (for example, at 3 km: ORq1 = 0.9982), but decreased it via
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mangrove land cover (for example, at 28 km: OR1gpp = 1.00002) at fine and intermediate spatial
resolution, respectively (Fig. 4B,C). At coarse spatial resolution (Fig. 4A), both indirect relationships
were supported, resulting in a total negative association (for example, at 40 km: OR10g/km2 = 0.9827),
because of the more impactful negative direct association (8ss = -0.454, OR = 0.9828) (Fig. 5A). The
effect size of population density on malaria prevalence remained relatively constant across all spatial

resolutions (Fig. 5A).

Agricultural land cover was associated with a very small but significant decrease in mangrove land
cover at fine spatial resolution — for example, 0.0027%/10 pp at 3km (Bunscaled = -2.70E-5, p < 0.05)
(Fig. 4A; Fig. 5A) — but its indirect effect on malaria prevalence (via mangrove land cover) was not

well-supported.

Robustness tests

Up to five optimisation steps were performed for the different model sets (Fig. 6). The ‘new
variables’ models required no optimisation; meanwhile the 20-km and ‘weather-qdr’ models
required five steps. Most relationships were relatively stable across the model sets (Fig. 7). The
‘reduced’ (Fig. 7A), 5-km (Fig. 7B), and 20-km (Fig. 7C) models showed few changes (see next
paragraph for detailed results). A selection of path diagrams of these models for the same values of r
as the main models are provided in Supplementary Fig. S14-S16. The ‘new variables’ and ‘weather-
gdr’ models deviated more strongly from the main models. However, the d-test was rejected for all
‘new variables’ models, meaning that the effect sizes could not be taken into consideration.
Meanwhile, the ‘weather-qdr’ models proved to be unstable, as evidenced by the malaria prevalence
(MP) submodels, where effect sizes switched between being larger or smaller than the respective

main model for every increment of r (Fig. 7E).

The relationships of malaria prevalence with mangrove NDVI and population density were somewhat
less stable to the robustness tests. The former slightly decreased for the 20-km models (Fig. 7C),
particularly at intermediate values of r for the mangrove variables. The latter decreased for the 5-km
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414 (Fig. 7B) but increased for the 20-km (Fig. 7C) models. Strong deviations for the robustness tests
415  were detected for the mangrove NDVI-mangrove cover relationship. This relationship further
416 decreased for the ‘reduced’ dataset (Fig. 7A) and the 5-km models (Fig. 7B). As the relationship
417 between these variables was already negative, the effect size was, therefore, larger in absolute

418 terms.

419 Benchmarking with supervised machine learning detected no links between malaria prevalence and
420  the other variables (Supplementary File S1), highlighting the importance of accounting for indirect

421 effects.

422 Discussion

423 We examined the relationship between African mangrove forests and malaria prevalence across
424 coastal communities, in the first multi-country to do so. For this purpose, we assembled a dataset
425 combining satellite-derived mangrove land cover and vegetation greenness with malaria prevalence
426  records spanning 11 years —the most comprehensive collection of malaria data near mangrove

427  forests to date. Our results provide empirical evidence to evaluate the historical perception of

428  mangrove forests as a source of disease.

429  Increasing mangrove land cover is associated with decreasing malaria transmission at coarse spatial

430 resolution

431  We showed that increasing mangrove land cover was indirectly (Fig. 4A) or directly (Fig. 4A, B)

432 associated with a reduction in malaria prevalence at coarse spatial resolution. This finding is

433 consequential as it not only counters long-held beliefs of mangrove forests as sources of infectious
434 diseases (Friess, 2016) but also has practical implications for ecosystem managers. Malaria

435  transmission continues to be listed as an ecosystem disservice of mangrove forests (Awuku-Sowah et
436 al., 2022). However, we show that, at least in Africa, the presence of mangroves alone does not

437  coincide with higher malaria prevalence.
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Previous studies reported that increased mangrove cover led to an increased abundance of
mosquitoes locally, but these findings were based on much smaller spatial resolutions to calculate
mangrove land cover (500 m, Claflin & Webb, 2017) or raster data (30-m resolution, Pope et al.,
1994). As such, these observations may not be directly comparable to the negative mangrove land
cover—malaria relationship at coarse spatial resolution found in our study. However, they might align
with the positive relationship between mangrove NDVI and malaria prevalence we observed (see
below). While our models do not account for all non-mangrove landscape types, they do indicate
that the presence of mangrove forests may benefit malaria control. We hypothesise that malaria may
be less frequently transmitted in mangrove forests than other landscape types. For example,
agricultural land cover increased malaria prevalence in our models (directly: Fig. 4A; indirectly:
Supplementary Fig. 14A), a positive relationship that has been reported before (Shah et al., 2022).
Further studies are needed to compare the impact of different coastal landscape types on malaria
prevalence, but here we show that mangrove forests are among those landscapes that may reduce

malaria transmission.

The low levels of malaria near mangrove forests raise the question of why mangrove forests may be
less suitable habitats for malaria vectors than other landscapes. One reason might be that the
number of malaria-transmitting mosquito species that lay their eggs in brackish or saltwater
environment is limited (Ramasamy & Surendran, 2012) compared to freshwater-adapted species.
Saltwater-tolerant mosquitoes might also have a lower ability to carry malaria parasites (vectorial
capacity) than their freshwater relatives. Some surveys in Africa found lower infection rates in coastal
malaria mosquitoes than their freshwater relatives (Bryan, 1983; Cuamba & Mendis, 2009), although
similar rates have been observed in other cases (Temu et al., 1998). However, until vector density
and competence near mangrove forests are more extensively studied at the continent-wide scale,

linking these factors to the low malaria prevalence remains speculative.
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Importantly, saltwater alone does not explain reduced malaria levels near mangrove forests in our
models. Coastline distance as a factor did not eliminate the mangrove land cover—malaria
relationship. Instead, increasing distance from the coast was associated with reduced prevalence due
to decreasing mangrove land cover. Low malaria transmission in mangrove forests might, therefore,

be more than just a phenomenon of proximity to the coast.

Coastal wetlands, like mangrove forests, provide refuge for a range of predators that might control
mosquito populations, including fishes, crustaceans, and insects (Arthiyan et al., 2024; Griffin &
Knight, 2012; Louca et al., 2009; Roberts, 1995). Unfortunately, the role of vector predation in
mosquito control remains poorly studied in mangrove ecosystems, particularly in Africa, because
measuring these effects is difficult due to the heterogeneity of mangrove ecosystems and complexity
of predator—prey relationships [see detailed discussion by Griffin & Knight (2012)]. In addition,
shading of mangrove trees may slow down larval development by reducing water temperatures
(Wamae et al., 2010). This effect has been suggested as an ecosystem service of forested landscapes
(Burkett-Cadena & Vittor, 2018), although a recent analysis found no correlation between malaria
prevalence and deforestation in Africa (Bauhoff & Busch, 2020). Similarly, we found no support for
such an effect of mangrove vegetation as NDVI was generally positively associated with malaria
prevalence. Therefore, neither vector predation nor shading has been proven to directly lower

malaria prevalence in humans.

Increasing NDVI in mangrove forests is associated with increasing malaria prevalence at fine and

coarse spatial resolutions

We found that increasing greenness of mangrove forests (i.e., higher NDVI) was associated with
increasing malaria prevalence at fine and coarse spatial resolutions. At first glance, this observation
appears to contradict our earlier finding. If higher mangrove land cover coincides with lower malaria
prevalence, why would greener and, therefore, healthier mangrove ecosystems be associated with

higher prevalence?
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We hypothesise that the answer lies in the ecological realities that the variables mangrove land cover
and NDVI represent. While mangrove land cover dictates the physical availability of the habitat, NDVI
acts as a biological proxy for vegetation health (T. V. Tran et al., 2022), plant biomass (Ruan et al.,
2022), and structural complexity (LaRue et al., 2018). Previous studies have reported positive
correlations between NDVI and malaria across sub-Saharan Africa (summarised in Ebhuoma &
Gebreslasie, 2016), often attributing this relationship to local precipitation (Amadi et al., 2018;
Fastring & Griffith, 2009). Our results suggest that weather variables alone were not enough to
account for the mangrove NDVI-malaria relationship. The strongest associations were observed at
fine spatial resolution (Fig. 4C; Supplementary Fig. 14C), indicating that this trend may reflect

processes other than precipitation.

We propose that the NDVI-malaria relationship may be rooted in biotic interactions. Higher NDVI is
associated with species richness of macrobenthos, fishes, and plants (Arfan et al., 2024; Ram et al.,
2025; R. Wang et al., 2016). Therefore, the relationship between mangrove NDVI and malaria at fine
spatial resolution may indicate a role for biodiversity on malaria transmission, but not in the direction
that is typically presumed. Instead, we hypothesise that our results may indicate a positive
relationship between biodiversity in mangrove forests and malaria prevalence. This trend would be
consistent with studies showing that canopy height in North American mangrove forests coincides
with higher mosquito abundance (Pope et al., 1994), possibly linked to decreasing water flow and
increasing water retention rates through dense mangrove vegetation (Knight, 2011; Partani et al.,
2024). Furthermore, a positive correlation between NDVI and mosquito numbers and diversity has
been well documented in the literature (Ferraguti et al., 2024), although this relationship varies
among mosquito species (Roiz et al., 2015). African mosquitoes in mangrove forests may, therefore,
follow the broad pattern where a biodiverse ecosystem is also one that is richer in parasites and their
vectors (Hudson et al., 2006; Wood, 2025; Wood & Johnson, 2015). However, we emphasise that we

did not directly measure biodiversity in the present study but used mangrove vegetation as a proxy
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for diverse ecosystems. Whether a dilution or amplification effect is present in mangrove ecosystem
will ultimately depend on the identity and competence of host and vector species (Garrido et al.,
2021; Miller & Huppert, 2013). Therefore, the biodiversity—disease relationship in mangroves will

have to be further tested in targeted field and entomological studies.

Why, then, is the NDVI-malaria relationship significant only at fine and coarse but not intermediate
spatial resolution? We speculate that, at fine resolution, this association may be explained by the
spatial resolution of biotic interactions (Dattilo et al., 2023). Mosquitoes rarely travel more than 5 km
(Jansson et al., 2021; Thomas et al., 2013), making local habitat conditions particularly relevant. At
coarse resolution, the effect of NDVI appears to be linked to several indirect effects. For instance, the
positive relationship of mangrove NDVI with lagged mangrove land cover (year-1) suggests that
older, more established mangrove forests (with higher NDVI) may be linked to a higher malaria
burden (Fig. 4A, B) (although this relationship was sensitive to specific modelling choices, see Fig. 7;
Supplementary Files S14 and S16). Therefore, the direct association of mangrove-associated
mosquitoes with malaria prevalence is probably strongest at fine spatial resolution, whereas the
indirect associations of mangrove land cover, weather variables, and coastline distance become
detectable at coarse spatial resolution (Fig. 5C). At intermediate spatial resolution, the NDVI signal
may be diluted by the noise introduced by adding more distant data points, in which case local biotic
effects become less distinct, while broader indirect effects are not yet strong enough to be

detectable.

Does this result mean that mangrove forests pose a health hazard? Not necessarily. Rather, our
findings should be interpreted in the context of the mangrove land cover—malaria relationship.
Mangrove forests are associated with a lower risk of malaria compared to alternative coastal or
inland landscape types. From this relatively low baseline, malaria transmission may be higher near
greener mangrove forests than near degraded ones. How large this difference is will depend on

locality and mangrove forest type.
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Limitations

Our pan-African approach aimed at identifying broader trends across a wide geographical range,
rather than site-specific risks of malaria. However, the study highlights the need for more surveys of
malaria and its vectors in mangrove ecosystems. Further attention should also be given to regions
outside of Africa, where saltwater-tolerant mosquitoes are already important malaria vectors, such
as in parts of the Americas (Pévoa et al., 2003) and Asia (Sugiarto et al., 2016). Because parasite
prevalence and vectorial capacity can shift over time due to human intervention and vector control
measures (Musiime et al., 2019; Mwangangi et al., 2013; Russell et al., 2013), regions outside of
Africa may hold valuable information to help understand the specific mechanisms that maintain the

low malaria transmission in African mangrove forests today.

All scale-dependent patterns we detected are conditional on specific modelling choices. While our
main associations listed above remained generally resilient to changes in these conditions (Fig. 7),
our analyses did not account for other variables known to affect malaria prevalence, such as data on
healthcare access and vector control programmes (Guerra et al., 2007), which were not included in
our main models. The models with added variables (Fig. 7D) showed how the addition of these
variables destabilised the hypothesised SEM structure, possibly due to overfitting. This observation
does not invalidate our results. Rather, we conclude that the links between variables that are
traditionally associated with malaria and the ecological parameters assessed here may require

further in-depth studies, with models specifically designed to assess these relationships.

Concluding remarks: managing malaria in mangrove forests

What do our results imply for managing mangrove ecosystems in the context of malaria? Our study
clearly refutes the long-held beliefs that associate mangroves with infectious diseases, and,
therefore, the indiscriminate destruction of these ecosystems to control malaria transmission.
Mangrove restoration programmes have been expanded successfully in recent years (Friess et al.,
2022), with neighbouring communities participating and benefitting in many cases (Del Cid-Alvarado
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562 et al., 2024; Lhosupasirirat et al., 2023). But are these projects necessarily going to reduce malaria?
563  Our results constitute continent-level averages. Whether changes to a mangrove ecosystem will
564  increase or decrease malaria risk may depend on local conditions, including the tidal regime,

565 mangrove species, topography, the presence of stagnant pools, human behaviour, and vector

566 species.

567 We argue that any integration of mangrove conservation and vector management will have to be
568 grounded in local entomological and epidemiological evidence as well as stakeholder participation
569 (Cruz-Laufer et al., 2026). These measures may lead to disease management strategies such as

570 reducing human exposure to mangrove-associated mosquitoes (Ismail et al., 2018; Kipyab et al.,

571 2013; Tuno et al., 2010), managing coastal ecosystems to reduce mosquito breeding (Breitfuss et al.,
572 2003; Brockmeyer et al., 2022; Dale & Knight, 2012; Jones et al., 2004), or promoting predation on
573 mosquitoes (Griffin & Knight, 2012). Furthermore, as malaria control programmes become more
574  successful in human settlements, mangrove forests and other less disturbed ecosystems may

575 increasingly act as reservoirs of malaria transmission (Mwangangi et al., 2013).

576 Lastly, given the importance of mangroves to coastal communities in Africa and worldwide, any
577 malaria-related management strategies should also carefully consider their impact on other

578 ecosystem services. Understanding the mechanisms of malaria transmission in coastal Africa and
579 developing appropriate management strategies for these regions remains vital, even when

580 transmission levels are currently low compared to other landscapes.
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Figure 1. Example of the calculation of mangrove variables (Senegal, Saloum Delta). A, mangrove land
cover was calculated as the share of land covered by mangrove forests for each spatial resolution r
from 1 to 50 km in 1-km intervals (only selected values of r are shown). B, mangrove NDVI was
calculated as the mean value of NDVI inside the mangrove area and each r. Data sources: mangrove

land cover (Bunting et al., 2022), NDVI (Didan, 2021), coastline (http:// naturalearthdata.com).

Figure 2. Path diagram of initially hypothesised SEM structure with each hypothesised relationship of

variables marked with an arrow. T: temperature variables, P: precipitation variables.

Figure 3. Overview of malaria survey data used in the final dataset. A: Geographic locations indicated
in red. B: Number of observations per radius r at which mangrove variables (cf. Table 1) were

calculated.

Figure 4. Selected structural equation models with different spatial resolution r explaining the causal
relationship (arrows) between mangrove ecosystems and malaria prevalence. A: r = 40 km, the best
supported model, B: r = 28 km, a well-supported model at intermediate spatial resolution, and C: r =
3 km, a well-supported model at fine spatial resolution. Statistical support of models: result of
Shipley’s test of directed separation (d-test) including Fisher’s C statistic and p values; with p > 0.05
the d-test is rejected and, therefore, model is considered a good fit. Arrow colour: blue — significant
positive effect, red — significant negative effect, grey and dashed — non-significant effect. Arrow
thickness: number of models (r between 1 and 50 km) that supported each causal relationship.
Values on arrows: effect sizes of the causal relationship, indicating the directionality of the causal
relationships. The effect sizes serve to compare the relative influence of the relationships on the
dependent variable, but should not be interpreted as absolute values due to standardisation and
centring of the input dataset. Variable names in B and C are abbreviated: MP — malaria prevalence,

MN — mangrove NDVI, MC — mangrove land cover (current year), MC(-1) — mangrove land cover
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(previous year), PD — population density, AL — agricultural land cover, CD — coastline distance. Other

abbreviations: T — temperature, P — precipitation.

Figure 5. Relationships of different variables in the optimised structural equation models. (A) Sum of
absolute standardised effect sizes of causal relationships as function of spatial resolutions r (1-50
km) at which mangrove variables (mangrove land cover, mangrove NDVI) were calculated, grouped
by independent variables in optimised SEMs. Only significant causal relationships were included. The
mean prevalence predicted by the respective SEMs are visualised as trendlines, with ribbons
indicating 95% confidence intervals: (B) Malaria prevalence as a function of mangrove NDVI showing
an increasing trend at fine spatial resolution (r = 3 km). (C) Malaria prevalence as a function of
mangrove land cover at coarse spatial resolution showing an decreasing trend at coarse spatial

resolution (r = 40 km), with contributions of direct and indirect relationships indicated.

Figure 6. Distribution of Fisher’s C for piecewise structural equation models (SEMs) with mangrove
variables (land cover and NDVI) calculated at spatial resolutions r of 1-50 km and model optimisation

steps (1-6) for the main model sets as well as the five additional model sets run as robustness tests.

Figure 7. Robustness of relationships of main model set of structural equation models (SEMs) tested
against alternative model sets. A: omission of observations with missing values rather than
imputation. B and C: alternative fixed r (5 and 20 km) for calculating human impact and weather
variables. D: addition of two new malaria-related variables (insecticide-treated net use and
motorised travel time to healthcare facility). E: addition of quadratic terms for weather variables.
Rows of matrices represent different relationships between variables in main models and columns r
for calculating mangrove variables. Cell colours indicate the absolute deviation of the standardised
effects from the respective main model, with grey cells constituting relationships that were absent in
the alternative SEMs. The weather variables are coded as P for precipitation and T for temperature,
followed by ‘Anom’ (for anomaly) and ‘6m’ (for the six-month time lag) if applicable. For

abbreviations of the other variables, see Fig. 5.
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Figure 1. Example of the calculation of mangrove variables (Senegal, Saloum Delta). A, mangrove land cover
was calculated as the share of land covered by mangrove forests for each spatial resolution r from 1 to 50 km in
1-km intervals (only selected values of r are shown). B, mangrove NDVI was calculated as the mean value of
NDVI inside the mangrove area and each r. Data sources: mangrove land cover (Bunting et al., 2022), NDVI

(Didan, 2021), coastline (http://naturalearthdata.com).
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1233 Figure 2. Path diagram of initially hypothesised SEM structure with each hypothesised relationship of variables

1234 marked with an arrow. T: temperature variables, P: precipitation variables.
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1236 Figure 3. Overview of malaria survey data used in the final dataset. A: Geographic locations indicated in red. B:

1237 Number of observations per radius r at which mangrove variables (cf. Table 1) were calculated.
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1239 Figure 4. Selected structural equation models with different spatial resolution r explaining the causal relationship (arrows) between mangrove ecosystems and malaria

1240 prevalence. A: r = 40 km, the best supported model, B: r = 28 km, a well-supported model at intermediate spatial resolution, and C: r = 3 km, a well-supported model at fine
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1242

1243

1244

1245

1246

1247

spatial resolution. Statistical support of models: result of Shipley’s test of directed separation (d-test) including Fisher’s C statistic and p values; with p > 0.05 the d-test is
rejected and, therefore, model is considered a good fit. Arrow colour: blue — significant positive effect, red — significant negative effect, grey and dashed — non-significant
effect. Arrow thickness: number of models (r between 1 and 50 km) that supported each causal relationship. Values on arrows: effect sizes of the causal relationship,
indicating the directionality of the causal relationships. The effect sizes serve to compare the relative influence of the relationships on the dependent variable, but should
not be interpreted as absolute values due to standardisation and centring of the input dataset. Variable names in B and C are abbreviated: MP — malaria prevalence, MN —
mangrove NDVI, MC — mangrove land cover (current year), MC(-1) — mangrove land cover (previous year), PD — population density, AL — agricultural land cover, CD -

coastline distance. Other abbreviations: T —temperature, P — precipitation.
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Figure 5. Relationships of different variables in the optimised structural equation models. (A) Sum of absolute
standardised effect sizes of causal relationships as function of spatial resolutions r (1-50 km) at which
mangrove variables (mangrove land cover, mangrove NDVI) were calculated, grouped by independent variables
in optimised SEMs. Only significant causal relationships were included. The mean prevalence predicted by the
respective SEMs are visualised as trendlines, with ribbons indicating 95% confidence intervals: (B) Malaria
prevalence as a function of mangrove NDVI showing an increasing trend at fine spatial resolution (r = 3 km). (C)
Malaria prevalence as a function of mangrove land cover at coarse spatial resolution showing an decreasing

trend at coarse spatial resolution (r = 40 km), with contributions of direct and indirect relationships indicated.
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Figure 6. Distribution of Fisher’s C for piecewise structural equation models (SEMs) with mangrove variables

(land cover and NDVI) calculated at spatial resolutions r of 1-50 km and model optimisation steps (1-6) for the

main model sets as well as the five additional model sets run as robustness tests.
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Figure 7. Robustness of relationships of main model set of structural equation models (SEMs) tested against alternative model sets. A: omission of
observations with missing values rather than imputation. B and C: alternative fixed r (5 and 20 km) for calculating human impact and weather variables. D:
addition of two new malaria-related variables (insecticide-treated net use and motorised travel time to healthcare facility). E: addition of quadratic terms for
weather variables. Rows of matrices represent different relationships between variables in main models and columns r for calculating mangrove variables.
Cell colours indicate the absolute deviation of the standardised effects from the respective main model, with grey cells constituting relationships that were
absent in the alternative SEMs. The weather variables are coded as P for precipitation and T for temperature, followed by ‘Anom’ (for anomaly) and ‘6m’

(for the six-month time lag) if applicable. For abbreviations of the other variables, see Fig. 5.
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1270

Table 1. Information variables and respective data sources for machine learning analysis and structural equation modelling. r, spatial scale at which land cover and other

variables were calculated.

Variable group

Variable

Temporal resolution

Spatial resolution

Explanation

Reference

Disease variables

Geographic variables

Mangrove variables

(per km of radius r: 1-50
km)

Human impact variables

(r=10km)

Weather variables (r = 10
km)

Malaria prevalence (P.
falciparum)

Coastline distance

Mangrove land cover

Mangrove land cover

(year—1)

Mangrove NDVI

Agricultural land cover

Population density

Temperature (survey
period)

1980s—present

1996, 2007-2010,
2014-2020

see above

2000—present

1992-present

1990-2020

1979—-present

max. 25 m

max. 25m

250 m

300 m

0.08° x 0.08°

0.25°x 0.25°

MalariaAtlas project through

the associated R package

Geodesic distance of each

disease data point to coastline

Percentage of mangrove
surface inside r between
1995-2020

Percentage of mangrove

surface inside r preceding the

malaria survey period

Mean NDVI inside of
mangrove polygons

Percentage of agricultural land

cover insider =10 km

Mean population density
inside r =10 km

Weather data are provided in
16-day intervals (mean T and

sum of P)

Pfeffer et al. (2018)

Coastline vectors (large scale: 10
m, v4.1.0), Natural Earth
(https://naturalearthdata.com)

Bunting et al. (2022)

see above

AppEEARS Team, (2024); Didan
(2021)

Copernicus Climate Change Service
(2019)

Liu et al. (2024)

Hersbach et al. (2018)
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1271

Temperature (survey
period)

Precipitation (survey
period)

Temperature (previous 6
months)

Precipitation (previous 6
months)

Temperature anomaly
(survey period)

Precipitation

anomaly (survey period)
Temperature anomaly
(previous 6 months)
Precipitation

anomaly (previous 6
months)

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above

see above
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1272 Table 2. List of dependent and independent variables of the initially hypothesised structure of structural equation models illustrated in Fig. 2, including specification of

1273 respective generalised linear mixed models, and relationships dropped and added in model optimisation steps.

Dependent Independent variables Model specification Independent variables after optimisation, and steps used for optimisations
variable
Malaria . Mangrove NDVI Binomial distribution with logit . Mangrove NDVI
prevalence e Mangrove cover (current link, weighted by malariasurvey e  Mangrove cover (current year)
year) e  Population density

e  Population density e  Agricultural land cover

e Agricultural land cover e  Coastline distance

e  Coastline distance e Weather variables (Tanomaly, Panomaly, T, T-6, P-6)

e  Weather variables

Mangrove NDVI e  Mangrove cover (current Gaussian distribution e  Mangrove cover (current year)
year) e Mangrove cover (year-1)
e  Population density e Population density
e  Weather variables e  Agricultural land cover

e  Coastline distance
e  Weather variables (Tanomaly, Panomaly, T-6)

Mangrove cover e Mangrove cover (year-1) Gaussian distribution, as . Mangrove cover (year-1)
(current year) e  Population density approximation® e  Population density
e Agricultural land cover e  Agricultural land cover
e  (Coastline distance e  Coastline distance
e  Weather variables e Weather variables (Panomaly, T, Tanomaly-6, Panomaly-6, T-6, P-6)

1274 1 Beta or gamma distribution to fit values limited by 0% and 100% are currently not implemented in piecewiseSEM.

64



1275 Table 3. Corrections Ax used to obtain meaningful non-standardised coefficient estimates for interpreting the

1276 effect of scaled independent variables on the response variables.

Independent variables Comparative unit Ax

Mangrove cover (current year) 0.1 = 10 percentage points (pp)
Agricultural land cover
Mangrove cover (year-1)

Mangrove NDVI 01

Population density 100 people/10 km?

Coastline distance

1km
Temperature variables 1°C
Precipitation variables 0.01 m/day

1277
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1279

1280

1281

1282

1283

1284

1285

1286

1287

1288

1289

1290

1291

1292

1293

1294

1295

1296

1297

1298

1299

1300

1301

1302

Supplementary File S1: Machine learning analysis

Methods

We applied supervised machine learning (ML) to evaluate whether the selected variables could
successfully predict malaria prevalence, ignoring any indirect effects among the variables. ML
algorithms are established approaches to address statistical classification problems. We selected a
series of different ML approaches to account for differences in the sensitivity to interaction effects

(Bailly et al., 2022).

The dataset was rearranged for use with ML by separating counts of infected and uninfected
individuals using prevalence and sample size. The variables selected above and radius r were used as
model input. Malaria infection status (0 = uninfected, 1 = infected) was used as output and weighted
according to the number of individuals. All ML operation were performed in Python v3.11.5 (Python
Software Foundation, 2023) using the library Scikit-learn (Pedregosa et al., 2011). The dataset was
split into training and test data. The training data (90% of the imputed dataset) were used to
optimise and train the models, whereas test data (the remaining 10%) were used to verify model
performance with new data. We applied three different ML methods: linear regression, decision
trees, and artificial neural networks. Linear regression was already implemented in Scikit-learn. For
tree methods, we used eXtreme Gradient Boosting (XGBoost) as implemented in the library XGBoost
v2.1.3 (T. Chen & Guestrin, 2016). For neural networks, we used deep learning as implemented in
library keras v3.8.0 (Chollet, 2015). Model hyperparameters were tuned through five-fold cross
validation and the best set of parameters was selected based on the area under the receiver
operating characteristic curve (ROC AUC) for its low sensitivity to imbalanced datasets (Richardson et
al., 2024). For details of the hyperparameter tuning procedure, please see provided code
(https://github.com/HU-AquaticBiodiversity/MangroveMalaria-SpatialAnalysis/). Lastly, the model

with the best performing combination of hyperparameters was applied to the test data.

Results and discussion
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1303

1304

1305

1306

1307

1308

1309

1310

1311

All ML models we applied showed low discriminatory power following hyperparameter tuning (ROC

AUC: 0.6—0.7) (Supplementary Table S1.1). Model performance dropped further when the trained

algorithms were applied to the test data (ROC AUC: ~ 0.5). The consistency of this performance

shows that the lack of predictive power is likely not due to poor specification of the ML models, but

the difficulty of inferring predictions from the present data without accounting for indirect effect.

Supplementary Table S1.1: Specifications and performance of machine learning models measured as

the area under the receiver operating characteristic curve (ROC AUC).

Model Specifications Optimised variables ROC AUC after ROC AUC
hyperparameter on test
tuning data

Logistic - C = 0.0001 0.640 0.501

regression solver = ‘sag’

XGBoost learning rate = 0.02 min child weig 0.697 0.510

n_estimators = 600 ht: 5
gamma: 2
colsample bytr
ee: 1.0
max depth: 5
keras Full connected neural batch size: 32 0.677 0.510

network with two layers
optimizer="adam'

loss='binary crossen
tropy'

epochs: 300

unit: 15
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1312

Supplementary File S2: Overview of additional variables used to impute missing data

Variable group  Variable Temporal Spatial Explanation Reference
resolution resolution
Occurence of Probability of Data 5km Modelled occurrence Wiebe et al.
coastal occurrence collated of Anopheles melas or (2017)
mosquito across An. merus: mean and
species multiple standard deviation (SD)
years
Accessibility To city 2019 1km Estimated travel time Weiss et al.
to city in min (mean (2018)
and SD)
To healthcare 2019 1 km Estimated travel time Weiss et al.
(non-motorised) to nearest healthcare (2020)
facility in min by
walking (mean and SD)
To healthcare 2019 1km Estimated travel time Weiss et al.
(motorised) to nearest healthcare (2020)
facility in min by
motorised travel (mean
and SD)
Healthcare Insecticide- 2000-2022 5 km Proportion of Bertozzi-
interventions treated net population with access  Villa et al.
access to an insecticide- (2021)
treated net in their
household (mean and
SD)
Insecticide 2000-2022 5 km Proportion of Bertozzi-
treated net use population that sleeps Villa et al.
under an insecticide- (2021)
treated net (mean and
SD)
Indoor residual 2000-2022 5 km Proportion of Tangena et
spraying households covered al. (2020)
with Indoor Residual
Spraying during a
defined year (mean and
SD)
Antimalarial 2000-2022 5 km Proportion of malaria (Rathmes et
effective cases that receive al., 2020)
treatment effective treatment
with an antimalarial
medicine (mean and
SD)
Human Subnational 1990-2022 Subnational  Translation of the HDI Smits &
development human levels United Nations Permanyer
development Development (UNDP) (2019)

index (nHDI)

to subnational levels
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1313  Supplementary File S3: Coordinate reference systems (CRS) applied for geometric measurements by

1314 country

Name 1SO3 1SO2 EPSG code
Angola AGO AO EPSG:9159
Benin BEN BJ EPSG:25231
Cameroon CMR CM EPSG:2215
Congo (Democratic Republic of the) COD CcD EPSG:5523
Congo (Republic of the) COG CG EPSG:5523
Cote d'lvoire Clv cl EPSG:2041
Djibouti DJI DJ EPSG:20138
Equatorial Guinea GNQ GQ EPSG:5523
Eritrea ERI ER EPSG:20138
Gabon GAB GA EPSG:5523
Gambia (The) GMB GM EPSG:31028
Ghana GHA GH EPSG:25000
Guinea GIN GN EPSG:31528
Guinea-Bissau GNB GW EPSG:2095
Kenya KEN KE EPSG:21097
Liberia LBR LR EPSG:32629
Madagascar MDG MG EPSG:8441
Mauritania MRT MR EPSG:3345
Mozambique MOZ Mz EPSG:5629
Nigeria NGA NG EPSG:26392
Senegal SEN SN EPSG:31028
Sierra Leone SLE SL EPSG:31528
Somalia SOM SO EPSG:20539
South Africa ZAF ZA EPSG:2054
Sudan SDN SD EPSG:20138
Tanzania TZA TZ EPSG:21097
Togo TGO TG EPSG:25231

1315
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1317

1318

1319

1320

1321

Supplementary File S4: Correlation matrix of weather variables, with each column and row
representing a variable pair. Plots below the diagonal are scatterplots of the column variables as a
function of the row variables; above the diagonal the Pearson’s pairwise correlation coefficient of the
variable pairs is shown; the plots on the diagonal show the density of the column variables. The

variables we selected showed no signs of strong multicollinearity.
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1322  Supplementary File S14: Selected structural equation models obtained through ‘reduced’ dataset, for which observations with missing values were excluded,
1323 with r indicating the radius at which mangrove variables were calculated. A: r =40 km, B: r = 28 km, and C: r = 3 km. Values of r were selected to match those in

1324  Fig. 5. For further explanation concerning path diagrams and abbreviation, see Fig. 5.

A
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C,.=45.9,p=0.018

Malaria
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mean

(-6 months) 28 km
anomaly C14 - 1 7 1 85
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(-6 months)

Population
density

mean
(-6 months)

Mangrove cover \&
(current year)

Agricultural
land cover
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(-6 months) 3 km
Cy, =33.2
p =0.227
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(-6 months)

Mangrove cover
(previous year)

anomaly
(-6 months)
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1326  Supplementary File S15: Selected structural equation models obtained through 5-km dataset, for which human impact and weather variables were calculated
1327  at 5 kminstead of 10 km spatial resolution. The value of r indicates the radius at which mangrove variables were calculated. A: r = 40 km, B: r =28 km, and C: r

1328 =3 km. Values of r were selected to match those in Fig. 5. For further explanation concerning path diagrams and abbreviation, see Fig. 5.
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d t
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1330  Supplementary File S16: Selected structural equation models obtained through 20-km dataset, for which human impact and weather variables were calculated
1331  at 20 km instead of 10 km spatial resolution. The value of r indicates the radius at which mangrove variables were calculated. A: r = 40 km, B: r = 28 km, and C:

1332  r=23km. Values of r were selected to match those in Fig. 5. For further explanation concerning path diagrams and abbreviation, see Fig. 5.
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