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Background Results
Ambient air pollution (PMz.s) and temperature extremes are Cross-country validation was performed training country
major maternal and child health risks in sub-Saharan Africa specific models on one country and testing them on another.
Sparse monitoring and label-limited LMIC datasets lead to Results reveals showed severe performance collapse between
exposure misclassification and constrain  traditional the two sets. PM,.5s models and temperature models.
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To assess the explanatory value of the environment and KEY TAKEAWAYS
geography in exposure prediction and identify key predictors B Climate Factors O 460510 D S G i iS5 b (ot gasore)
PP (Temperature, Humidity, and Mozambique (wet). Higher humidity/precipitation increase exposure in wet seasons.
4 Precipitation, Wind) Lower wind speeds increase exposure (Gambia wet; Mozambique dry).

Methods

Environmental & Spattsl Eactors Key drivers in Kenya (dry) and Mozambique (both seasons).

(Liarid Uss  Environaient) Includes land use diversity, proximity to industries, deforestation,
o DATA SOURCES N N = and land-use change.

1. DEMOGRAPHIC DATA 2. GEOSPATIAL & 4. AIR QUALITY DATA
@ IMAGERY DATA e Temperature (mean, max, min) a .« PM ®. Socioeconomic & Demographic ~ Consistent but moderate impact across countries and seasons.
Survey & A i e S o () Factors Includes poverty, education, household characteristics, and occupation.
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Results o Projectiethodolooy PM.,.s prediction patterns are highly location-specific,
limiting model generalization across countries.

Combining labelled and unlabelled data substantially improves

cross-validation performance and stability, reducing error C”mate and enVirQnmenta| \{aria.b|es strongly
(RMSE) and increasing R2 compared to labelled-only models. iInfluence exposure, with effects differing by country
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Fig 2 : 5-fold cross-validation on (1) labelled data only, and (2) labelled data + pseudo-labels (semi-supervised).
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