How consistent are Earth Observation-based Machine Learning
models for predicting poverty in sub-Saharan Africa?
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Earth Observation data and machine learning technologies are being increasingly  The 4 models have a very low level of spatial agreement, and tend to disagree more
utilised to develop poverty estimation models to supplement data from censuses In how they classify asset wealth in sub-Saharan Africa (Fig. 2).
and surveys, which are often costly, conducted infrequently, and not sufficiently . Regions of relatively high model consensus are predominantly situated around urban
granular for local scale analyses. regions in most countries, suggesting the influence of geographic and possibly socio-
. . _ . e economic characteristics of the locations on disparities in model agreement.
The models achieve variable levels of prediction accuracy despite utilising the same
primary source of training data (i.e., the Demographic and Health Surveys data).
It is essential for policymakers to understand how and why the outputs of poverty -
mapping models differ, to support implementation of targeted interventions.
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To evaluate the level of consistency of recent EO-ML — based models in estimating
poverty patterns in sub-Saharan Africa.
To understand the contextual characteristics of regions where the models deviate.
0° -
Compared 4 current state-of-the-art EO-ML poverty models developed within the last
five years, which estimate different measures of asset-based poverty/wealth using 10°6 4
EO data either in isolation or as part of an ensemble of geospatial covariates, and Models in agreement
applicable to multiple countries, including those in sub-Saharan Africa (Table 1). ® 4
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Table 1: Summary descriptions of the 4 poverty estimation models compared in this study p)
. : . . . ° 2* (tied)
Model ML Algorithm Model covariates (features) Target Metric Prediction Level 20°5
® 0 (mismatch)
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Figure 2: Spatial agreement map showing the_ number of models ip agre_emc_ent on a wealth c_lass label in each pixel. Blue regions indicate low consensus
Daytime SI, NTL, HRSL, OSM DHS-derived international ‘Village’ level points while orange to red regions highlight high to unanimous agresment.
Lee XGBoost + CNN : ] :
geospatial proxies wealth index (1.6 km?)
McCallum Naive Bayes NTL, WSF DHS-derived wealth class (ksr:g)dEd oDl 22 — 3: i * * | ;
20.4—3% +%1 !@ +% +[%
Generating wealth classes: calculated three wealth class categories (terciles) for — S o @ O
each model from the raw wealth score predictions for 22 SSA countries. 5 Zﬁ; ; * ﬁ; g 'P T ; ; é + 23
Spatial alignment and resampling: spatially aligned raster maps from the 4 models N o] lo . ° 0 "1
for each country and resampled to a common pixel size. Also extracted rural/urban ) —
classification for each pixel based on the Global Human Settlement Layer. j * j j e
Spatial agreement analysis: generated ensemble maps for each country to evaluate Podlg g i * %] i @ * + % * & *
spatial agreement between the models, masking out non-overlapping regions. et Clace ‘ ‘ ‘ ‘
Comparison with latest DHS data: compared each model to the latest DHS data in o]l @ 2 tmeerce W= 1 o] | [
each country at the pixel level. o leen Lo = 1 1 * 1
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Lalest Biris Lee model Yeh model Chi model McCallum
i data model Figure 3: Poverty map from the majority vote ensemble of the 4 models. Figure 4: Boxplots showing the distribution of evaluation
metrics for each model against the reference DHS data.
> Rural/urban —urban (2km) f'e“m !  When compared to the latest DHS, none of the models consistently outperformed the
_ ! Rasterize P others across all examined countries, including the majority vote ensemble (Fig. 3).
Buffer _ _ _ ,
I| s CEE B - * However, McCallum’s model performed better in more metrics (39/88), while Chi’'s
model highlighted significantly consistent performance across all countries for all
] metrics.
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Calculate wealth terciles [1: poor, 2: average, 3: richer] i CO N C LUSIO N S
L
il v Pairiise comparison maps « The assumption of a uniform relationship between visible assets and wealth across
Spatial ali d rast . T . . . . e
P ey diverse societies often leads to conflicts with actual socioeconomic conditions.
clobalHuman | = Extract > LR i) L « The black-box nature of these models complicates the understanding of specific
Settlement Layer urbanisation class §NEaE oed N e _ _ _ _ ‘ :
T amewn e poverty drivers due to their reliance on unexplained, non-transparent ‘features’.
P J( r;' i i'_"r' ' ‘f i ]
FEp T « Despite the advanced methodologies employed, global EO-ML — based poverty
) e models require considerable refinement to improve reliability and applicability in
l U R 74N v diverse geographical and social contexts.
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