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DHS indicators 
[bookmark: _Ref55987870]Table S2. DHS indicators used as covariates and their characteristics  
	Category
	Indicator 
	Data type

	Socio-economic 
	Malaria-related anaemia in children
	Proportion

	
	Access to basic sanitation service
	Proportion

	
	Wealth index
	Standardised factor score 

	
	Literacy rate in women 
	Proportion

	
	Stunting in children 
	Proportion 

	Malaria prevention
	Proportion of households with at least one Insecticide-treated net (ITN)
	Proportion

	
	Proportion of households with at least one ITN for every two people that slept at the house the night before the survey
	Proportion

	
	Proportion of population with access to an ITN in their household
	Proportion

	
	Indoor residual spraying (IRS) coverage 
	Proportion

	
	Use of intermittent preventive treatment (IPT) by women during pregnancy
	Proportion 


Malaria-related anaemia in children 
Anemia refers to the lack of haemoglobin in blood, and it is measured by DHS using prick blood tests. It is defined here as the proportion of children aged 6 months to 5 years with less than 8 grams of haemoglobin per blood decilitre [1,2], which indicates malaria-related anaemia (as anaemia can have causes other than malaria, e.g. malnutrition). Note that children less than six months old are not included in this indicator as they have higher levels of haemoglobin at birth and up to 6 months, which could lead to overestimated anaemia prevalence estimates [1]. 
Access to basic sanitation service  
This indicator is defined as the proportion of households having access to a basic sanitation service. According to the WHO/UNICEF Joint Monitoring Programme classification standards for Water Supply and Sanitation, basic sanitation services are characterised as the use of improved sanitation facilities that are not shared with any other households [3]. Improved sanitation facilities are toilet facilities that hygienically separate excreta from human contact (ie. flush to piped sewer system/septic tank/pit latrine, ventilated improved pit latrine, pit latrine with slab and composting toilet) [1,2].
Wealth index   
The DHS wealth index is a composite indicator of household ownership of a range of assets and services, such as ownership of a television, car or land, the type of drinking water source and sanitation facilities, and dwelling characteristics such as flooring materials and number of people sleeping per room, among others. Using a Principal Component Analysis, households are assigned scores according to their assets and services and accounting for urban/rural specificities, with higher scores meaning wealthier households. At the national scale, urban and rural scores are combined into a single standardised score with mean 0 and standard deviation of 1 [1]. In this study, following [4], we used this combined score, averaged at the cluster level, as household wealth index. 
Literacy rate in women 
[bookmark: _Hlk117173104]The literacy rate in women is the proportion of women aged 15 to 49 who are literate. In DHS, literacy is assessed by the interviewer by asking the respondent to read a sentence or part of a sentence in English or in the respondent native language. In this study, we defined literate women as those with more than secondary school education or women who can read at least part of a sentence, following [1,5]. 
Stunting in children 	
Stunting is a measure of chronic (ie. repeated) nutritional deficiency. For children, it is measured based on the children height for a specific age and sex. This indicator is defined as the proportion of children under 5 years old that are moderately or severely stunted, ie. children whose height-for-age is below 2 standard deviations from the median defined by the Child Growth Standards of the World Health Organisation (WHO) [1,2,5]. 
Insecticide-treated nets coverage 
Insecticide-treated nets (ITN) include all types of mosquito nets, including those that need to be treated/retreated and those that are factory treated with an efficacy of about three years (known as long-lasting insecticidal nets (LLIN)), which are the most recommended [7]. Here we use ITN to refer to LLIN only. In this study, we used the following indicators of ITN coverage, as recommended by the Roll Back Malaria [6] and following previous work [7,8]: (1) the proportion of households with at least one ITN, (2) the proportion of households with at least one ITN for every two people that slept at the house the night before the survey, and (3) the proportion of population with access to an ITN in their household (i.e. proportion of household population who slept under an ITN if each ITN in the household were used by up to two people).
Indoor residual spraying coverage 
Following the Roll Back Malaria [6] and previous work [9,10], we computed the proportion of households that were sprayed with a residual insecticide in the last 12 months prior to the survey. 
Use of intermittent preventive treatment 
This indicator is defined as the proportion of women aged 15 to 49 with a live birth in the 2 years preceding the survey who, during the pregnancy that resulted in the last live birth, received one or more doses of SP/Fansidar.
Environmental and socio-demographic gridded covariates
Table S3. Geospatial gridded covariates and their characteristics 
	Dataset 
	Variables
	Date
	Spatial resolution (m)
	Type
	Source

	CHELSA
	Precipitation, temperature at 2 m, potential evapotranspiration, near-surface relative humidity
	1988 – 2018
	1000
	Continuous
	CHELSA (https://chelsa-climate.org/)

	MODIS LST
	Day LST, night LST, daily LST range
	2017 (DHS)
2020 (MIS)
	1000
	Continuous
	MODIS (http://modis.gsfc.nasa.gov/)

	Vegetation indices
	NDVI, NDWI, NDMI
	2017 (DHS)
2020 (MIS)
	10
	Continuous
	Computed from Sentinel-2 L1C composites of the JRC (https://forobs.jrc.ec.europa.eu/sentinel/sentinel2_composite)

	WSF
	Settlements
	2015 (DHS)
2019 (MIS)
	10
	Categorical
	German Aerospace Center (https://geoservice.dlr.de/) 

	GHSL  
	Residential built-up surface
	2018
	10
	Continuous
	JRC (https://ghsl.jrc.ec.europa.eu/download.php)

	
	Building height 
	
	100
	
	

	Dynamic World
	Water, trees, flooded vegetation, crops, grass, bare ground, shrubland
	2017 (DHS)
2020 (MIS)
	10
	Categorical
	Google and the World Resources Institute (https://dynamicworld.app/)

	VIIRS nighttime lights
	Average nighttime lights
	2017 (DHS)
2020 (MIS)
	500
	Continuous
	Earth Observation Group (https://eogdata.mines.edu/products/vnl/#annual_v2)

	Distances to OSM features
	Distance to major roads
	2023
	100
	Continuous
	OSM (www.openstreetmap.org) 

	Accessibility maps
	Travel time to major cities
	2015
	1000
	Continuous
	MAP (https://malariaatlas.org/project-resources/accessibility-to-healthcare/) 

	
	Walking-only and motorized travel time to health facilities
	2019
	
	
	

	WorldPop products
	Population counts, under-five children 
	2017 (DHS)
2020 (MIS)
	100
	Continuous
	WorldPop Project (https://www.worldpop.org/)

	
	Pregnancies
	2015
	1000
	
	

	SIDE 
	Proportion of Wolof, Pulaar, Serer, Diola, Mandingue, Soninke, not Senegalese and other ethnic groups 
	2013
	1000
	Continuous
	ETH Zurich (https://icr.ethz.ch/data/side/)

	SRTM 
	Elevation 
	2000
	30
	Continuous
	US Geological Survey (USGS) (http://eros.usgs.gov/elevation-products)

	GLW
	Density of goat, cattle, pig, poultry, sheep
	2010
	1000
	Continuous
	FAO in collaboration with ILRI, the University of Oxford and the Université Libre de Bruxelles (http://www.fao.org)


CHELSA 
We computed the mean year-monthly precipitation, temperature at 2 m, potential evapotranspiration and near-surface relative humidity over period 1988 – 2018 from CHELSA (Climatologies at high resolution for the earth’s land surface areas) v2.1 climate data [11]. CHELSA are statistically downscaled model output estimates at 30 arc sec (~1 km). While showing a similar accuracy with WorldClim temperature estimates, previous work shows that CHELSA precipitation data are more accurate [11] and should be preferred over interpolated data (i.e. WorldClim) in areas where weather stations are sparsely distributed [11,12]. Hence, for replicability of this work beyond Senegal, we used CHELSA climate data over other existing products. 
MODIS LST  
From MODIS Aqua and Terra data collections (MYD11A1 v006 and MOD11A1 v006) [13,14], we also extracted the mean monthly day and night land surface temperature (LST), and the mean daily LST range (the difference between the maximum and minimum daily LST) at 1 km resolution over 2017 (DHS) and 2020 (MIS). 
Vegetation indices 
Normalized difference vegetation, water and moisture indices (NDVI, NDWI, NDMI) were computed from the 2017 (DHS) and 2020 (MIS) Sentinel-2 L1C cloud-free composites (10 m resolution) of the Joint Research Centre (JRC) [15]. The methodology to create these Sentinel-2 L1C composites is tailored to the pan-tropical zone (e.g. Senegal) where the large cloud cover sometimes leads to the lack of cloud-free images for months [15]. Although not atmospherically corrected, these composites can be used directly for extracting vegetation indices, as done in [16], as these are less influenced by atmospheric effects [15,16]. So far, existing Sentinel-2 L2A composites (e.g. the Sentinel-2 Global Mosaic service) are often prone to errors due to the quality of the scene classification of Sentinel-2 L2A data and cloud masks provided by the Copernicus service [15]. 
World Settlement Footprint 
The World Settlement Footprint (WSF) is a global binary mask of human settlements available at 10 m spatial resolution [17]. Here we used the WSF from the years 2015 (DHS) and 2019 (MIS). These datasets were created by the German Aerospace Center from Sentinel-1 radar and Landsat-8 optical imagery (2015) and Sentinel-1 and Sentinel-2 imagery (2019). 
Global Human Settlement Layer 
As other human settlement data, we also used the 2018 Global Human Settlement Layer (GHSL) depicted as the built-up surfaces in terms of square meters for residential areas (GHS-BUILT-S (RES)). These data are derived from Sentinel-2 L1C cloud-free composites, and it is hence available at 10 m spatial resolution [18]. In addition, we also used the averaged building height (GHS-BUILT-H) from the same project, which is available at 100 m spatial resolution and is derived from digital elevation models (AW3D30, 2006-2011 and SRTM30, 2000) and Sentinel-2 cloud-free composites [19]. 
Dynamic World 
Land use land cover (LULC) data were extracted from the Dynamic World global LULC dataset available in near-real time at 10 m spatial resolution. This dataset is derived from Sentinel-2 satellite imagery using deep learning algorithms. It provides the classification probability of nine LULC categories: water, trees, flooded vegetation, crops, grass, built area, bare ground, shrubland, and snow [20]. In this study, the snow category was discarded, as well as the built area, due to overlap with other covariates (i.e. GHSL and WSF). All LULC data were aggregated over 2017 (DHS) and 2020 (MIS) using the most frequent LULC class on average. Classification validation shows an overall agreement of 73.8 % with experts, outperforming current global LULC products such as ESA CCI 2018 and ESA CGLS ProbaV 2019 [20]. 
VIIRS nighttime lights 
The average VIIRS nighttime lights over 2017 (DHS) and 2020 (MIS) were obtained from the Earth Observation Group (Annual VNL v2.1) [21]. They are based on monthly cloud-free radiance averages made from NASA/NOAA VIIRS data. Compared to other existing nightlights products such as DMSP-OLS, VIIRS nighttime lights offer several improvements, including a higher radiometric and spatial resolution (500 m) [22]. 
Distances to OpenStreetMap features 
Distance (100 m resolution) to major roads (i.e. motorways, trunks, primary, secondary, and tertiary roads) was calculated using the most recent OpenStreetMap (OSM) data available at the time of the study. 
Accessibility maps 
The Malaria Atlas Project (MAP) provides an accessibility map for 2015 in terms of travel time to the nearest city, defined as a contiguous area with at least 1,500 inhabitants per square kilometer or a majority of built-up land cover coincident with a population centre of at least 50,000 inhabitants [23]. Additionally, they also provide maps of the travel time to healthcare facilities for 2019, with and without access (i.e. walking-only) to motorized transport [24]. These datasets are based on friction surfaces; maps of the overall speed required to cross any pixel, given several factors that influence the cost of moving through the landscape, i.e. roads, water channels, topography, landcover and national borders among others. These accessibility datasets are all available at 1 km spatial resolution. 
WorldPop products 
Gridded data on population counts and children under-five years of age were acquired from the WorldPop project for Senegal in 2017 (DHS) and 2020 (MIS). These grids available at 100 m spatial resolution are derived from the disaggregation of census data using Random Forest-based dasymetric redistribution with various geospatial covariates (e.g. land use and land cover, nighttime lights, etc.) [25,26]. In addition, we also used gridded data on pregnancies available at 1 km spatial resolution [27].  
Spatially Interpolated Data on Ethnicity
Spatially Interpolated Data on Ethnicity (SIDE) is a collection of 1 km spatial resolution gridded maps of ethnic and religious settlement patterns in 47 low- and middle-income countries [28]. This dataset constitutes an improvement over the GeoEPR vector data, as it shows variations in ethnic settlements at a finer scale within regions [28]. SIDE maps are based on spatial interpolation of ethnic/religious composition data from the Demographic and Health Surveys. Grid cells contain the proportion of people belonging to each ethnic or religious group for a specific country. Here, we used gridded maps of the different ethnic groups in Senegal for 2013, i.e. Wolof, Pulaar, Serer, Diola, Mandingue, Soninke, not Senegalese and other ethnic groups. 
SRTM 
A Digital Elevation Model at 30 m spatial resolution was obtained from the NASA Shuttle Radar Topography Mission (SRTM) [29]. 
Gridded Livestock of the World
We acquired gridded maps on the distribution of goats, cattle, pigs, poultry, and sheep at 1 km spatial resolution for 2010 from the Gridded Livestock of the World (v2.01) project (GLW). These maps are based on the disaggregation of sub-national census data using machine learning and correlated environmental factors in similar agro-ecological zones [30].
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