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Background Multi-input model Results

Test set performance: R2 = 0.5, MAE = 0.12

Maps of an infectious disease are integral to guiding public
health policy. Typically, prevalence data is collected through
time-consuming and resource-intensive household surveys,
which cannot be as regular as routinely collected data from
health facilities. Statistical models are therefore critical to fill
in the data gaps. Although the use of satellite imagery has
been a long-standing topic in epidemiological studies,
practitioners rely on manually extracting the predictors such
as temperature from the image and rarely consider very high
resolutions (pixel sizes > 1km).
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» Set of climate, socioeconomic, geographical and other band. . We presented a novel multi-input framework for
covariates of varied resolution [3] predicting malaria, leveraging satellite imagery
Fig.1 Multi-input Deep Learning framework for predicting malaria and numeric covariates and Deep Learning.
prevalence. The left branch of the model takes in a multi-band satellite
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layers. The final layer returns predicted prevalence of malaria.
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