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Geostatistical modelling of the socioeconomic variables
As described in the main paper, six socioeconomic indicators were obtained from the 2022 Kenya Demographic and Health Survey (KDHS)1. The KDHS is a nationally representative household survey conducted by the DHS program approximately every 5 years to provide data on key health indicators, particularly in the low-and middle-income countries (LMICs). More information on the 2022 KDHS methodology, sampling procedures and data collection can be obtained from the DHS program website (https://dhsprogram.com). 
The indicators included household wealth (lowest wealth quantile), floor and wall material (earth or dung floors, bamboo or dirt walls), and livestock ownership, all defined for de jure household members. Access to insecticide-treated nets (ITNs) was assessed among de facto household members and defined as whether an individual could have slept under an ITN night before the survey, calculated as the minimum of the number of household members and twice the number of ITNs. Household crowding was measured as the number of de jure household members per sleeping room.
Survey weights were applied to household-level data to account for the DHS multi-stage sampling design1. Household-level estimates were aggregated to the cluster level, where for proportion-based indicators, we calculated the weighted number of individuals with the characteristic of interest, total number of individuals, and the weighted proportion. Household crowding was summarized separately as the weighted mean number of de jure household members per sleeping room (figure S1(a-f)).
Covariates and pre-processing
We assembled a suite of gridded covariates, including the aridity index, built-up volume (), distance to major roads, elevation, Enhanced Vegetation Index (EVI), population count, Normalized Difference Vegetation Index (NDVI), nighttime lights, precipitation, rural-urban stratification, temperature, and travel time to cities (Table 2). All covariates were processed and standardized to a common 5 × 5 km grid resolution, corresponding to the resolution used to generate the predicted estimates.
To extract covariate values for each DHS cluster while accounting for the intentional displacement of cluster coordinates, we applied the displacement-adjustment approach described by Perez-Haydrich et al2. Because pixel-level urban–rural classification data were not available, urban–rural stratification was derived following the method proposed by Dong et al3.
We further applied the algorithm described in the main paper to identify highly correlated predictors (Pearson correlation coefficient  ). The flagged variables were removed based on their relevance to the response variables. The remaining covariates were then centered and scaled to have a mean zero and unit variance. 
Geostatistical modelling
Let  denote the geographic extent of Kenya and let  denote the cluster locations, given by longitude and latitude. For livestock ownership and ITN access, we modelled the number of individuals with the characteristic  out of total individuals  at each cluster  such that:

Wealth quantile, floor materials, and wall materials exhibited excess zeros, therefore, we employed a Zero-Adjusted Binomial model (hurdle Binomial) model, specifically,

 where, is the probability of observing zero and represents the underlying true proportion at location , modelled on the logit scale as:

For the household crowding, let  denote the mean number of members per sleeping room at cluster , we assumed:

where:

Here, is the intercept,  are the pre-processed geo-spatial covariates, and  are the covariates coefficients.  is a spatially correlated Gaussian random effect that captures the unexplained spatial variation in the characteristic of interest and is assumed to follow a Matérn covariance function.  is an independently and identically distributed (i.i.d) gaussian random effect that accounts for non-spatial residual variation or between cluster heterogeneity. 
Inference
We adopted a Bayesian approach to fit the models using the Integrated Nested Laplace Approximation (INLA) implemented in the R-INLA package4–6. Vague priors were specified for the regression coefficients, . A Penalized Complexity (PC) prior was applied to the standard deviation of the i.i.d gaussian random effect , with the specification that . For the spatial random effect  a joint PC prior was used for its covariance structure specified so that  and , with  chosen to be 5% of the extent  of Kenya in the north-south direction.
We evaluated the performance of the six models using a 47-fold Leave-One-County-Out cross-validation. In each fold, all clusters within a single county were held out as a validation set, while the remaining 46 counties were used for training. Model performance was assessed using the Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), Mean Squared Error (MSE), and bias (defined as the mean difference between predicted and observed values) for each county. These metrics were then averaged across all counties to provide an overall assessment of the model performance (Table S3).
Aggregation to Ward level
The predictions were first generated at 5x5km square grid (figure S1(h-l))., which were then aggregated to ward level using population-weighted averages. We generated 1,000 posterior samples at each grid location, and for each  posterior sample in each ward , the population weighted prediction  was computed as:

Where  is the proportion of the population at grid cell , and is the number of grid cells within ward . We then computed the posterior mean across the 1,000 samples which was then used as the ward-level covariate in the VL model. 





















Table S1 Covariates used in the Visceral Leishmaniasis Small Area Estimation
	Id
	Covariate
	Timeline
	Time extent
	Units
	Resolution
	Source

	1
	Clay content, predicted mean at 0-20 cm depth
	Static
	2001-2017
	%
	5KM
	iSDA [7]

	2
	Annual precipitation
	Temporal
	2016-2025
	Mm/d
	5KM
	CHIRPS [8]

	3
	Annual temperature of air at 2m above the surface of land
	Temporal
	2016-2025
	Kelvin
	5KM
	Google and Copernicus Climate Data Store [9]

	4
	Soil Moisture content 0-10 cm depth
	Temporal
	2016-2025
	
	5KM
	Global Land Data Assimilation System [10]

	5
	Normalized Difference Vegetation Index (NDVI)
	Temporal
	2016-2025
	
	5KM
	MODIS [11]
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	Population
	Temporal
	2016-2025
	Number
	100M
	WordlPop [12]

	6
	Proportion of the population living in households with earth or dung floor materials,
	Static
	2022
	%
	5KM
	2022 KDHS [1]

	7
	Proportion with access to insecticide-treated nets (ITNs)
	Static
	2022
	%
	5KM
	2022 KDHS [1]

	8
	Proportion in households owning livestock
	Static
	2022
	%
	5KM
	2022 KDHS [1]

	9
	Proportion in the lowest wealth quintile
	Static
	2022
	%
	5KM
	2022 KDHS [1]

	10
	Proportion living in households with mud or dirt wall materials
	Static
	2022
	%
	5KM
	2022 KDHS [1]

	11
	Average number of persons per sleeping room
	Static
	2022
	-
	5KM
	2022 KDHS[1]

	12
	Travel time to VL treatment centers
	Static
	-
	-
	1KM
	-




Table S2 Covariates used in Geostatistical modelling of the 6 socioeconomic covariates
	Id
	Covariate
	Timeline
	Time extent
	Units
	Resolution
	Source

	1
	Nighttime lights (flares/volcanoes filtered)
	Static
	2023
	Annual average radiance (in nW/cm2/sr)
	100M
	WorldPop [13]

	2
	Elevation
	Static
	2007
	Metres
	100M
	WorldPop [13]

	3
	Precipitation
	Temporal
	2016-2025
	Mm/d
	5KM
	CHIRPS [8]

	4
	Temperature of air at 2m above the surface of land
	Temporal
	2016-2025
	Kelvin
	5KM
	Google and Copernicus Climate Data Store [9]

	5
	Population
	Temporal
	2016-2025
	Number
	100M
	WorldPop [12]

	6
	Distance to major roads
	Static
	2023
	Kilometres
	100M
	WorldPop [13]

	7
	Built-up volume
	Static
	2025
	built-up volume (in m3)
	100M
	WorldPop [13]

	8
	Travel time to cities (200,000 and above )
	Static
	2015
	minutes
	1KM
	CGIR [14]

	9
	EVI
	Temporal
	2016-2025
	-
	5KM
	MODIS [11]

	10
	NDVI
	Temporal
	2016-2025
	
	-
	MODIS [11]

	11
	Aridity index
	Static
	1970-2000
	-
	-
	CGIAR [15]

	13
	Rural-urban stratification
	Static
	-
	-
	5KM
	-









Table S3 Leave one county cross validation average model performance metrics
	Outcome
	RMSE
	MAE
	MSE
	Bias

	Proportion of population living in house with earth/dung floor material
	0.2107
	0.1620
	0.0470
	-0.0007

	Proportion of population with ITN access
	0.2007
	0.1696
	0.0470
	-0.0161

	Proportion of population in households that own livestock
	0.1827
	0.1439
	0.0351
	0.0030

	Number of people per sleeping room
	1.3876
	1.1505
	2.4886
	0.4325

	Proportion of population in the lowest wealth quantile
	0.1857
	0.1374
	0.0370
	0.0123

	Proportion of population living in house with mud/dirt  wall material
	0.2165
	0.1793
	0.0529
	0.0657
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Figure S 1:Cluster-level empirical estimates from the 2022 Kenya DHS are shown in panels a–f. Panels g–l presents the high-resolution (5x5 km) predictions from the Bayesian geostatistical models. The corresponding prediction uncertainty (95% posterior credible interval widths) are displayed in panels m-r.
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Figure S2: Covariates used in the Bayesian geostatistical modelling of the 6 socioeconomic indicators
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Figure  S3: Covariates used in the joint spatial hurdle model of Visceral Leishmaniasis cases at ward level
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Figure  S4: Credible intervals of the predicted incidence of Visceral Leishmaniasis cases at ward level
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