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Malaria risk mapping 
among children under five in Togo
Gountante Kombate 1,2*, Issouf Kone 3, Bili Douti 4, Kamba André‑Marie Soubeiga 5, 
Diederick E. Grobbee 6 & Marianne A. B. van der Sande 6,7

Malaria is a major health threat in sub‑Sahara Africa, especially for children under five. However, there 
is considerable heterogeneity between areas in malaria risk reported, associated with environmental 
and climatic. We used data from Togo to explore spatial patterns of malaria incidence. Geospatial 
covariate datasets, including climatic and environmental variables from the 2017 Malaria Indicator 
Survey in Togo, were used for this study. The association between malaria incidence and ecological 
predictors was assessed using three regression techniques, namely the Ordinary Least Squares (OLS), 
spatial lag model (SLM), and spatial error model (SEM). A total of 171 clusters were included in the 
survey and provided data on environmental and climate variables. Spatial autocorrelation showed 
that the distribution of malaria incidence was not random and revealed significant spatial clustering. 
Mean temperature, precipitation, aridity and proximity to water bodies showed a significant and 
direct association with malaria incidence rate in the SLM model, which best fitted the data according 
to AIC. Five malaria incidence hotspots were identified. Malaria incidence is spatially clustered in Togo 
associated with climatic and environmental factors. The results can contribute to the development 
of specific malaria control plans taking geographical variation into consideration and targeting 
transmission hotspots.

Malaria in children under the age of five is a major cause of morbidity and mortality worldwide. Despite efforts 
to combat the disease, the number of cases is rising, and has been estimated at around 232 million in 2019, 245 
million in 2020 and 247 million in 2021. Sub-Saharan African countries have the highest rates of infection, with 
children under the age of five most  affected1.

For example, in Togo, 2,136,877 confirmed cases and 1275 deaths were recorded in 2020 on a population 
of about 8 million inhabitants. Children under five years of age represented 31.6% of  cases2,3. According to the 
distribution of cases reported in the country by the National Malaria Control Program (PNLP), malaria infec-
tion is regionally heterogeneous: in 2019, malaria prevalence was 18% in the Lomé commune region, 39% in the 
Plateaux region and 42% in the Kara  region4. A recent study in Togo on spatio-temporal analysis used district-
level health system data (2008–2017) to analyze the trend and change in malaria  incidence5. Other studies have 
explored the burden of malaria in children under  five6–9 at the regional  level4 using individual and household 
level factors, but contextual factors such as the climate and environmental may play an important role in malaria 
transmission  also10. Thus, the spatial variation observed may be related to different ecological conditions, vari-
ations in health care systems, and socioeconomic differences or intervention  coverage11. Effective interventions 
and prevention efforts could be improved by deepening our understanding of the spatial variation and related 
ecological factors underlying malaria transmission and risk of  disease12.

Several environmental and ecological factors are known to influence malaria transmission; of which the 
main ones are precipitation and  temperature12,13. Precipitation is directly related to rainfall and influences the 
biological dynamics of the Anopheles mosquito vectors of malaria parasites. Rainfall, especially when it is heavy, 
washes away much of the breeding sites of these mosquitoes, while temperature determines during how much 
time mosquito larvae can develop in the environment and parasites in the vector. Environmental change caused 
by the construction of dams and irrigation systems can influence the type and distribution of  mosquitoes13,14. 
Environmental and ecological factors can lead to local transmission hotspots, defined as geographical areas 
within a larger transmission zone in which the intensity incidence is significantly higher than the average level 
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in the surrounding area. In contrast, there are cold spots of malaria, defined as a location of cases where the 
intensity of transmission incidence is significantly lower than  expected15.

Hotspots are the main reservoirs of persistent malaria transmission and are associated with higher vector 
density, sporozoite prevalence, and malaria incidence than in neighboring  areas16. Malaria hotspots occur mostly 
in poor, tropical and subtropical areas of the world, with Africa being the most affected. The main risk factors of 
malaria hotspots are associated with local climatic and environmental conditions, such as proximity to vector 
breeding sites,  precipitation15, vegetation cover, temperatures, housing  conditions17,18, net use and household 
 occupancy19. Nevertheless, the exact role of these factors in the formation of malaria hotspots is still under 
 debate20–22. Several African countries have observed the persistence of malaria hotspots after an overall reduction 
in malaria  transmission21,22. Lack of knowledge about malaria hotspots can therefore undermine the effectiveness 
of intervention programs. Identifying these hotspots is crucial to achieving the sustainable development goal of 
zero malaria incidence in a given area by  203023,24 particularly in Togo.

The aim of this study was to use geospatial techniques to identify malaria hotspots on the basis of environ-
mental and climatic factors in a Togolese context, as availability of national data from the 2017 Malaria Indicators 
Survey provided a unique opportunity to assess spatial and temporal patterns of malaria transmission.

Methods
Study areas
Togo is a country located in West Africa, on the coast of the Gulf of Guinea. It is bordered to the north by Burkina 
Faso, to the south by the Atlantic Ocean, to the east by Benin and to the west by Ghana (Fig. 1). In 2022, Togo 
had a population about 8 million inhabitants with a density of 152 inhabitants/km2. It covers an area of 56,785 
 km2 with 95.8% land and 4.2% water. It stretches over a length of 600 km and a width varying between 50 and 
150 km. The highest altitude is at 986 m.

Study design and data source
Cross-sectional data were collected as part of the Togo Malaria Indicator Survey (MIS) 2017–2018, which is 
a national representative survey. The main objective of this MIS was to obtain population-based estimates for 

Figure 1.  Study clusters (n = 171) of the 2017 Togo MIS. Source: Region level country shapefiles obtained from 
spatial reference; https:// spati alref erence. org/.

https://spatialreference.org/
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malaria indicators such as prevalence and risk factors. Standardized household cluster sampling methods were 
applied. Figure 1 presents the map of the 171 study clusters where data were collected.

The distribution of study clusters reflected a higher concentration in more densely populated areas as sam-
pling was proportional to population size. The data collected included geospatial covariates such as temperature, 
aridity, rainfall, precipitation, proximity to water and vegetation derived from various sources, at different levels 
of national  coverage25.

Malaria incidence data were calculated as the mean number of people per year with fever, in the 2 km (urban) 
or 10 km (rural) buffer zone surrounding the survey cluster location. Cases obtained from each country sur-
veillance system are reported by the National Malaria Control Program (NMCP). This includes among others 
information on the number of suspected cases, number of tested cases, Number of positive cases by method of 
detection and by species as well as number of health facilities that report those cases. This information is summa-
rized in a District Health Information Software (DHIS2)  application25,26. The DHS experts made a link between 
DHS data with routine health data, health facility locations, local infrastructure such as roads and rivers, and 
environmental conditions. Aside from this, data on malaria incidence was obtained from all 171 MIS clusters in 
the country with a 5 year interval (2000, 2005, 2010 and 2015). The Table 1 below presents the descriptions of 
the different variables included in the study.

Statistical analysis
Analyses of malaria incidence and climatic and environmental factors was performed through the computa-
tion of mean difference, frequency counts, percentages, independent t-test, and one-factor analysis of variance 
(ANOVA). Geospatial modelling exploring malaria incidence in relation to environmental and climatic vari-
ables, including temperature, rainfall, precipitation, distance to water bodies, aridity and population density were 
performed using the Ordinary Least Squares (OLS), the Spatial Lag Model (SLM), and the Spatial Error Model 
(SEM). The non-spatial OLS model provides a global model of the variable or process one is trying to understand 
or  predict27; it describes the relationship between one or more quantitative variables and a dependent variable 
provides the covariate adjustment and prediction of mean risk of malaria in an  area28. The spatial SLM model 
can accommodate a spatial dependency between the dependent variable and explanatory variables by incorpo-
rating a “spatially-lagged dependent variable” in the regression model. This model accounts for autocorrelation 
in the model with the weight matrix. The spatial SEM model is a model that considers corrective measures for 
residual spatial autocorrelation. For this model, the residuals were not assumed to be independent; instead, they 
exhibited a moving average map  pattern27,29. The aim of using both spatial and non-spatial models is to compare 
the best-fitting models for predicting malaria incidence in children, using Akaike Information Criterion (AIC) 
to decide, and also to produce the most plausible risk  maps19,27,29. The AIC allows us to select the model that 
minimizes the loss of information. We chose these models since we it to provide unbiased point estimates of the 
parameters. They offer the possibility to estimate spatial overlap coefficients, thus informing about correlation 
or spatial influence  processes30.

Overall spatial autocorrelation between an ecological predictor and the incidence of malaria was assessed with 
Moran’s I statistical  test27. The Moran scatter plot was used to quickly obtain an overview of the global spatial 
autocorrelation of malaria incidences, and a Local Indicators of Spatial Association (LISA) analysis was used to 
identify hot and cold spots of cluster  location27,28. The analyses were performed using R software.

Ethics approval and consent to participate
For this study, ethics approval was not sought since our analysis was based on publicly available data. However, 
DHS reports that informed consent, both written and verbal, was obtained from all participants by the Institu-
tional Review Board of ICF International and the Bioethics Committee for Health Research (BCRS) of Togo. Prior 
to the start of the investigation, all ethical guidelines governing the use of human subjects were strictly adhered 
to and the methods were applied in accordance with the relevant guidelines and regulations of the Declaration 
of Helsinki. The data set and permission to conduct secondary data analysis were granted by the DHS program.

Table 1.  Overview of data sources for the climatic and environmental variables.

Variables Description Source

Temperature Mean monthly temperature in °C Global climate data; https:// www. world clim. org/

Aridity Aridity index from driest to wettest Global climate data; https:// www. world clim. org/

Rainfall Average monthly rainfall in mm https:// www. world clim. org/ Climate hazards group infrared precipitation with stations (CHIRPS) https:// 
www. chc. ucsb. edu/ data/ chirps

Precipitation Precipitation seasonality Global climate data; https:// www. world clim. org/

Proximity to water Distance to water bodies in (km) Food and agriculture organization http:// www. fao. org/ geone twork/ srv/ en/ main. 
home

Enhanced vegetation index (EVI) Mean vegetation index value US Geological Survey ; https:// early warni ng. usgs. gov/

population density Density related to count per square km Gridded population of the world ; https:// sedac. ciesin. colum bia. edu/ data/ colle 
ction/ gpw- v3

Altitude Cluster altitude in meters Gridded population of the world ; https:// sedac. ciesin. colum bia. edu/ data/ colle 
ction/ gpw- v3

https://www.worldclim.org/
https://www.worldclim.org/
https://www.worldclim.org/
https://www.chc.ucsb.edu/data/chirps
https://www.chc.ucsb.edu/data/chirps
https://www.worldclim.org/
http://www.fao.org/geonetwork/srv/en/main.home
http://www.fao.org/geonetwork/srv/en/main.home
https://earlywarning.usgs.gov/
https://sedac.ciesin.columbia.edu/data/collection/gpw-v3
https://sedac.ciesin.columbia.edu/data/collection/gpw-v3
https://sedac.ciesin.columbia.edu/data/collection/gpw-v3
https://sedac.ciesin.columbia.edu/data/collection/gpw-v3
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Results
Spatial and temporal distribution of the mean malaria incidence (per 1000 population at risk)
The spatial distribution of the mean malaria incidence in Togo in 2000, 2005, 2010 and 2015 is presented in 
Fig. 2 below. Overall, between 2000 and 2015, the mean malaria incidence decreased, although an increase in 
the average malaria incidence was observed in the Savanes region until 2010. The Savanes and Central health 
regions had a higher average malaria incidence than the Plateaux and Kara regions in 2000. The evolution of 
the incidence of malaria in 2010 shows an aggravation in the Savannah and Kara regions. The Lomé commune 
region recorded the lowest average malaria incidence rates in 2000, 2005, 2010 and 2015.

Spatial autocorrelation analysis of malaria incidence
The effects of the most important environmental and climate factors as described in the methods are presented in 
Table 2. Both climatic and environmental factors, in particular temperature, aridity, precipitation and proximity 
to water, were related to the mean malaria incidence in each of the three analysis models.

The SLM model with the lowest AIC (− 65.906) was the best model with the best fit. For mean temperature, 
there was a positive significant association with malaria incidence in children under five. Each additional one-
degree Celsius increase in mean temperature (26–29 °C) being associated with an increase in incidence of about 
0.55%. For precipitation, with every millimeter of additional water precipitated, there was an associated increase 
in malaria incidence of the order of 0.392% in Togo. Malaria incidence also increased with an increase in arid-
ity index and with proximity to water. In contrast, annual rainfall and population density might bean inversely 
associated with mean malaria incidence.

Figure 2.  Spatio-temporal variation of malaria incidence in children under 5 years old in Togo: (a) Malaria 
incidence in 2000, (b) Malaria incidence in 2005, (c) Malaria incidence in 2010, (d) Malaria incidence in 2015. 
(Source: Region level country shapefiles obtained from spatial reference; https:// spati alref erence. org/).

https://spatialreference.org/
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Spatial autocorrelation: global moran’s I
The global Moran’s I test (Moran I = 0.469, p < 0.05) showed significant spatial dependence in the observed 
malaria incidences. Figure 3 depicts a scatter plot of mean malaria incidence.

Spatial autocorrelation: local indicators of spatial association (lisa)
The LISA results are shown in Fig. 4 below.

The areas shown in red in Fig. 4a are the locations of clusters representing hot spots. The areas shown in blue 
are the locations of clusters representing cold spots. Figure 4b shows the significance levels, with different colors 
representing different p-value ranges. Dark green represents areas with significant (p-value less than 0.001) 
local spatial autocorrelation in malaria incidence; simple green represents areas with significant (p-value less 
than 0.01) local spatial autocorrelation in malaria incidence; and bright green represents areas with significant 
(p-value < 0.05) local spatial autocorrelation in malaria incidence.

Table 2.  Spatial models showing correlation between the mean malaria incidence and climatic and 
environmental variables. Significant values are in bold.

Predictor

Ordinary least square 
(OLS) Spatial lag model (SLM) Spatial error model (SEM)

Coefficient (%) P-value Coefficient (%) P-value Coefficient (%) P-value

Intercept − 5.433 0.021 − 5.433 0.000 − 5.589 0.000

Mean temperature 0.552 0.032 0.544 0.001 0.564 0.000

Aridity 0.650 0.014 0.693 0.000 0.706 0.000

Rainfall − 0.024 0.366 − 0.026 0.134 − 0.026 0.145

Annual precipitation 0.392 0.002 0.414 0.000 0.423 0.000

Proximity to water 0.007 0.062 0.010 0.001 0.006 0.012

Enhanced vegetation index 0.010 0.690 0.011 0.868 − 0.004 0.948

Population density − 0.026 0.511 − 0.019 0.041 − 0.027 0.341

Cluster altitude 0.013 0.981 0.015 0.882 − 0.013 0.975

AIC − 51.436 − 65.906 − 48.437

Adjusted  R2 0.675 0.827 0.813

Figure 3.  Mean Moran’s I values for local spatial autocorrelation for malaria incidence at varying spatial lags.
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Discussion
Malaria remains a serious threat in sub-Saharan Africa, including Togo, even if incidence has decreased overall, 
with significant differences in incidence between regions over the years. This study used spatial and non-spatial 
regression models to identify hotspots of malaria infection transmission in Togo through ecological analysis. 
Spatial heterogeneity could be explained by the precipitation seasonality, mean temperature, aridity index and 
proximity to water which were all positively correlated with malaria incidence in our analyses. All these factors 
are predominant environmental factors that characterized the Plateaux region where the highest incidence was 
observed and favour malaria transmission in the  region10.

For all the ecological predictors, some, as mentioned above (the mean temperature, aridity, precipitation 
seasonality and proximity to water), showed positive correlations and significant associations with malaria inci-
dence. The daily survival rate of mosquitoes is optimal at about 90% with temperatures between 16°C and 36°C 
(Craig 1999). Increasing temperature reduces the blood meal-seeking behaviour of female Anopheles mosqui-
toes, resulting in a corresponding decrease in ovulation and juvenile mosquito production, and consequently a 
decrease in the number of new malaria cases. Increased precipitation was also positively associated with malaria 
incidence and can have both a direct and indirect effect, particularly where dams are located. Precipitation 
increases reservoir water levels and creates potential breeding grounds for mosquitoes along the banks of the 
 reservoir12,31. The southern regions (Lomé commune, Maritime, Plateaux and Central) benefit from a longer 
duration of rainfall than the northern regions (Kara and Savanes) in  Togo10. Concerning aridity, this very strong 
positive correlation with malaria incidence may be related to the fact that increased aridity influences malaria 
transmission by reducing the mosquito biting rate and adult life span as well as the extrinsic incubation period 
of the malaria  parasite18,31. Thus, the ability of adult vectors to survive long enough and contribute to the spread 
of parasites, and the ability of pre-adult stages to sustain a minimum population, depends on aridity levels and 
species-specific resilience to arid  conditions32. In contrast, a study in northeastern  Benin33 georeferencing all 
mosquito breeding sites in two rural sites showed that aridity had a negative influence on malaria transmission. 
According to the authors, this could be due to the fact that classic anopheles breeding sites have dried up due to 
the very high aridity in these regions, leading gravid females to lay their eggs in unusual habitats already hosting 
larvae of other general species. As for proximity to water bodies, our results corroborate with studies in  Nigeria19 
and The  Gambia34. Using respectively logistic regression methods and post-hoc analyses on mosquitoes catches, 
these studies observed a positive relationship with distance to water bodies up to 4 km before decreasing.

Other ecological predictors showed inverse but non-significant relationships, such as rainfall and population 
density. The inverse correlation with rainfall observed in the three analysis models suggests a negative impact of 
continuous heavy rainfall on malaria parasite vectors and eventual transmission of the disease. Similar previous 
studies conducted in Burkina  Faso10,31,32 also showed a negative correlation of rainfall on malaria incidence. 
Another study in Sri  Lanka35 observed seasonal variation in malaria infection in the country. The varying sea-
sonal effects of rainfall on the number of malaria cases was reflected in the weak correlations observed, in which 
situation rainfall may be of limited use in predicting malaria. An observed linear relationship between rainfall 
and malaria could hide non-linear effects. An important aspect would be to investigate the relationship between 
rainfall and mosquito reproduction and survival. Variables influenced by rainfall, such as soil water saturation 

Figure 4.  (a) LISA map (b) and LISA significance map of Local Moran’s I test show the hot and cold malaria 
spot locations in Togo using GeoDa software.
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and river flow, could be more directly linked to the specific breeding conditions of malaria vectors. However, 
these variables are more costly to measure and are therefore often estimated from  rainfall17.

Prevention measures are also likely to have a significant temporal effect on the time series of malaria cases. E.g. 
a study in urban and peri-urban areas in Africa (Mozambique and Senegal) and in the Indian Ocean (republic 
of Mauritius)36 found a negative association between malaria infection and vector abundance. They attributed 
this to the willingness of people to use mosquito nets or to the stimulated development of immunity during early 
childhood in high-risk  areas37. This variable has not been considered. Moreover, control methods and insecticides 
have changed over time, making it a complex  variable35.

A limitation of spatial statistical models is that disease data can show a great deal of intra-and inter-annual 
variability, while a regression analysis assumes that the association between exposure and outcome is stationary 
over  time29. Generalized linear mixed models (GLMM) could be used to capture transmission dynamics over 
time while controlling for temporal  autocorrelations38.

Nevertheless, the data illustrate the opportunity to identify hotspots for malaria control. With regard to 
seasonal climate forecasts, environmental monitoring and the evolution of malaria morbidity in the country, 
these results can help design an early warning system for the National Malaria Control Program, which will help 
identify areas at risk of epidemic outbreak.

Conclusion
We evaluated the spatial and temporal association in Togo between malaria transmission hotspots and envi-
ronmental and climatic risk factors. Malaria incidence was more related to incidence in nearby clusters than 
to those far away. Mean temperature, precipitation, aridity and proximity to water bodies showed a significant 
and positive association with malaria incidence. These results may help to channel available resources to disease 
hotspots and sustain prevention efforts for better control of malaria infection in children under 5 years of age in 
Togo and in similar sub-Saharan context.

Data availability
DHS datasets are publicly available on www. dhspr ogram. org.
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