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Abstract

Introduction: Malaria, childhood acute respiratory infection, and child undernutrition® are
leading causes of preventable mortality in children under five, concentrated in low and middle-
income countries where climate variability directly modulates transmission, exposure, and nu-
tritional outcomes [1-3].. Routine health surveillance in these settings remains sparse, and
the utility of satellite-derived representations of the Earth’s surface as predictors of population
health outcomes is poorly characterised.

Methods: We evaluate AlphaEarth Foundations 64-dimensional satellite embeddings as pre-
dictors of population health outcomes using LSTM and Transformer ensembles across three
pathologies: malaria, acute respiratory infection, and stunting.

Results: Embeddings provide meaningful predictive value when merged at sufficient spatial
granularity: (i) in malaria case prediction, they raise test R? from 0.623 to 0.777 in Nigeria
and from 0.867 to 0.881 in India; (ii) in childhood ARI prediction across 11 DHS countries,
pooled R? rises from 0.098 to 0.164, with XGBoost reaching R? = 0.210; (iii) in child weight-
for-height z-score prediction across 35 DHS countries, gains are within seed variance, consistent
with country fixed effects already absorbing the between-country variance the static embedding
can express.

Interpretation and conclusion: Together, these data show that AlphaEarth satellite em-
beddings consistently add a predictive value when applied at a location or cluster level across
distinct population health outcomes. We close with a request: direct access to the Google Earth
AT foundation-model suite, including Population Dynamics embeddings that incorporate health
indicators, would substantially accelerate this line of work across all three outcomes.

1 Introduction

Globally, infectious diseases remain the leading cause of mortality in children under the age of
five [1], with one in three preventable deaths being attributable to malaria or acute respiratory
infection in children aged under five [3]. This is further exacerbated by undernutrition, another
significant cause of preventable morbidity and mortality in this age group [2, 3]. The burden of
these diseases disproportionately affects low and middle income countries (LMICs), predominantly
in sub-Saharan Africa and South Asia [3].

Climate variability is a well established driver of all three of these pathologies. There is a
wealth of biological evidence on the impact of climate on disease transmission and vector biology

!Following common usage in the child-nutrition community, we use “stunting” as the umbrella term for chronic
child undernutrition. The specific outcome modelled in Case 3 is the Weight-for-Height Z-score (WHZ), which is the
continuous variable from which the binary wasting indicator (WHZ < —2) is derived. Stunting (low height-for-age)
and wasting (low weight-for-height) are related but distinct dimensions of undernutrition; our pipeline is agnostic to
which of the two is selected as the target.



in malaria [4-9], and malaria incidence has been increasing in recent years [10], and is forecast
to continue to do so as the climate changes [11]. Changes in air temperature and air quality are
also thought to have a substantial and complex impact on infectious and non-infectious respiratory
pathology [12-16]. Finally, climate variability threatening food security is a key factor influencing
maternal, fetal and child nutritional status [17-21]. As climate change intensifies these exposures,
the need for scalable, near-real-time environmental monitoring tools for health is increasingly ur-
gent.

Satellite and climatic data are an invaluable resource for modelling and prediction, as unfor-
tunately these diseases disproportionately affect resource poor settings with primary survey-based
data being sparse and otherwise prone to error. These data have been increasing in popularity in
recent years to guide machine learning [9, 11, 22-24]. Here, we go further to see whether embed-
dings from the geospatial foundation model AlphaEarth [25] further improve forecasting accuracy.
We evaluate AlphaEarth Foundations V1 (64-dim, 10-m annual unit-norm embeddings via Google
Earth Engine) on three distinct LMIC outcomes spanning three health domains:

e Malaria (vector-borne infectious disease): Nigeria and India, 2000-2024.
e Childhood ARI (respiratory infectious disease): 11 DHS countries, 2017-2022.

e Child undernutrition (WHZ) (chronic / stunting): 35 DHS countries, 2015+.

Each study uses an appropriate baseline (climate-only, pollution-only, or regression-based tab-
ular respectively), and tests whether adding AlphaEarth embeddings improves test-set prediction.
The three case studies are presented sequentially below.

2 Case 1 — Malaria Prediction in Nigeria and India

2.1 Covariates

Each training example is a 24-month input sequence x;; = (X;;—23,...,X;) for 5 x 5km MAP
pixel 7 ending at month t of the prediction year. At every month, the feature vector concatenates
three blocks:

e Dynamic environmental (monthly). Total rainfall from CHIRPS [26] (~5 km, aggregated
from daily totals), NDVI from MODIS [27] (rescaled by 10~%), and mean 2m air temperature
from ERA5-Land [28] (~11km, converted from Kelvin to degrees Celsius), all sampled at
the pixel centroid. These three channels carry the seasonal signal and drive the baseline
configuration.

e Static context. Distance to the nearest waterway [29] (100 m), under-18 population count
[30] (~100m), the harmonised DMSP-VIIRS nighttime-lights composite [31] (~1km), and
the admin-1 geopolitical zone from GADM [32] (Nigeria: six DHS zones; India: five Zonal
Council zones, with Maharashtra and Dadra & Nagar Haveli centroids assigned to South
India). All raster sources are sampled at the MAP pixel centroid; the WorldPop products are
released only to 2023 and the DMSP-VIIRS composite is annual, so the entire static block is
treated as time-invariant and broadcast across the 24 time steps. For India, raster-to-point
sampling with 500 m downsampling replaced polygonization to keep extraction tractable at
scale.



e Static AlphaEarth fingerprint (+AFE only). The 64-dimensional AlphaEarth Founda-
tions embedding sampled at the pixel centroid for the prediction year on Google Earth Engine
[33]. The fingerprint is unit-norm by construction (||-||2 = 1 per pixel-year) and is broadcast
across all 24 time steps. The baseline configuration omits this block; +AE appends it to the
environmental and context channels.

For India only, two additional autoregressive channels are appended to the feature vector: lag-1
and lag-2 annual case counts at the same pixel, log-transformed and per-location z-scored on the
training window. Without these, the per-location target normalisation cannot be inverted at test
time on low-incidence zones.

The target v;; is the annual malaria case count from the Malaria Atlas Project [34]. It is
transformed to z;; = (log(1+y;¢)—pz)/0z, with p1., 0, computed on the training window. For India
the log-target is in addition z-scored per pixel, so the model predicts a within-location deviation
from the location’s own historical mean rather than an absolute count. Predictions are inverted to
the count scale with a non-negativity clamp as in Eq. (2).

2.2 Training and testing setup

Models are trained on annual data for 2000-2023 and evaluated on the held-out 2024 year. The
one-year forward gap is deliberate: it stresses the model’s ability to extrapolate beyond its training
window, rather than interpolate inside it, and prevents any test-time leakage from autoregressive
lag features. Within the training window, 15% of pixel-years are held out as an internal validation
slice for early stopping (patience 5 epochs, maximum 25 epochs).

The same train/validation/test partition is shared exactly between baseline (climate + context)
and +AFE (climate 4+ context + AlphaEarth) configurations, so AR? isolates the contribution of
the embedding rather than split variance. The pipeline is then re-run with S = 5 random seeds
controlling weight initialisation, dropout masks, and the order of mini-batches; reported metrics are
the seed-mean of the five runs, and per-zone seed standard deviations are reported in the choropleth
captions.

Numeric channels are mean-imputed and z-scored using statistics computed on the training
window only; categorical channels (geopolitical zone) are pinned to the levels observed in training.
Optimisation uses AdamW (learning rate 2x1073, weight decay 10~%), batch size 256, and gradient
clipping at ||g|l2 < 5. The ensemble averages the standardised predictions of a single-layer LSTM
and a two-layer Transformer encoder, both with dy,oqe1 = 64 followed by an MLP head (64 — 64— 1),
as detailed in Eq. (1).

2.3 Methodology

We train two encoders on the concatenated input sequence x;; = (z¢—23,..., i), where each
time step concatenates monthly ERA5-Land climate covariates (temperature, rainfall, NDVI), the
contextual covariates listed in Section 2.2, and, where applicable, the 64-dimensional AlphaEarth
fingerprint broadcast across the 24 time steps.The target y;; is the annual malaria case count,
transformed by z = (log(1 + y) — pz)/0, with u, and o, computed on the training set. For India,
the log-target is additionally normalised per location, and lag-1 and lag-2 case counts are appended
to the input vector.

The two encoders are a single-layer LSTM with hidden size 64, and a two-layer Transformer
encoder with dpoge1 = 64. Each encoder is followed by an MLP head (64 — 64 — 1) that produces
a scalar prediction Z; ;. The final standardized prediction averages the two models:

Ga= 5 (BT + 2. (1)



Predictions are mapped back to the count scale by inverting the z-score and log transforms, with
a non-negativity clamp:
@i,t e max((), eZi,tUz‘hu'z _ 1) c ZZO (2)

Models are trained for 25 epochs and the pipeline is run with five random seeds, with reported
metrics taken as the seed mean. Training uses 2000-2023; 2024 is held out for evaluation. Folds
are shared across the baseline and +AlphaEarth configurations, so AR? isolates the contribution
of the embedding rather than seed or split variance.

2.4 Geographic distribution of zonal performance

The country-level R? and NRMSE numbers and the per-zone radial / radar charts already report
what each zone looks like in isolation, but neither view makes the spatial distribution of performance
immediately legible. We therefore project the per-zone metrics onto the country map: each zone
polygon is built by dissolving Natural Earth admin-1 state polygons via a state — zone lookup,
and is filled with the five-seed mean of the metric. India’s zone polygons follow the same lat/lon
banding scheme used at evaluation time, so the choropleth zone boundaries match the zones the
model is actually scored on. Fig. 1 shows Nigeria; Fig. 2 shows India.
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Figure 1: Nigeria ensemble on the held-out 2024 test year, dissolved onto the six DHS geopolitical
zones. Top row: test R?. Bottom row: test NRMSE = RMSE/fs; (lower is better). Left:
baseline. Right: + AlphaFEarth. Cell colour is the five-seed mean, on a shared scale per row. Every
zone improves under + AlphaEarth on both metrics, with the largest R? gains in the North East
and South East and the largest NRMSE reductions in the North East and South South.
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Figure 2: India ensemble (per-location embedding + lag-1/lag-2 + per-location target normalisa-
tion) on the held-out 2024 test year, dissolved onto the five Zonal Council zones (Maharashtra and
Dadra & Nagar Haveli centroids resolve to South India). Top row: test R2, clipped to [—1,1]
for legibility. Bottom row: test NRMSE. Left: baseline. Right: + AlphaEarth. The gain is
concentrated in the low-incidence zones where the panel-only baseline fails: North and West India
swing from strongly negative R? to positive under + AlphaEarth, Central India follows the same
direction at smaller magnitude, and South and East India — already at R2~0.8 at baseline — are
essentially unchanged.

2.5 Result.

On the 2024 test year, adding AlphaEarth embeddings raises test R? from 0.623 to 0.777 for Nigeria
and 0.867 to 0.881 for India. All Nigerian and Indian regions show positive AR? in Figure 1 and
Figure 2 respectively.

Both choropleths (see Figure 1 and Figure 2) display the five-seed mean of the metric. On
Nigeria the seed standard deviations are small (within-zone <~0.07 for R?, <~0.19 for NRMSE)
and the choropleth mean is a faithful summary; on India’s North and West zones the seed standard
deviation is large, and the means in Fig. 2 are dominated by which clusters happen to overshoot
under each random initialisation.

3 Case 2 —Childhood ARI, 11 DHS Countries

3.1 Covariates

Each DHS cluster contributes a single cross-sectional feature vector x;. Three feature sets are
compared (Table 1): a tabular baseline; an embedding-only configuration (emb_only) that drops
the tabular channels and retains only the AlphaEarth fingerprint; and the combined emb_plus
configuration. The emb_only set is included as a sanity check: it shows what the embedding can
predict on its own, without help from pollutants or controls.



Table 1: Feature sets used in the Case 2 ensemble experiments. The denominator of the rate target,
population_in buffer, is excluded from all three feature sets so the network never sees the target
denominator at training time.

Feature set Variables # features
baseline (without AE) CO_mean, NO2_mean, SO2_mean, ALT_DEM, mean 2m temper- 6
ature (100m buffer), URBAN BIN (derived from URBAN_RURA
P "U")
emb_only AlphaEarth embedding bands A0O... A63, sampled at the 64

cluster centroid for the survey year over a 2-5km buffer
matching the DHS privacy displacement radius

emb_plus (with AE) baseline U emb_only 70

The target is the per-cluster ARI rate

NO_ART_CASES;
population_in buffer;’

Yi =

rescaled and log-transformed for training as g; = log(1l + 1000y;) to give the network a usable
gradient range; predictions are inverted via 7; = max(0, (exp(g;) — 1)/1000) before computing
RMSE and R? on the original rate scale. Using a rate rather than a raw count removes the trivial
signal of cluster size, so the model must explain prevalence of ARI from the environmental and
satellite channels.

Each scalar feature is tokenised by a learnable Linear(l — 32) projection plus a learnable
per-feature positional embedding before being passed to the sequence encoders; the length of the
resulting token sequence equals the number of features in the active feature set (6, 64, or 70).

3.2 Training and testing setup

Evaluation uses a stratified 5-fold cross-validation (KFold(n_splits=5, shuffle=True, random_state=42)),
so each fold trains on 4/5 of the rows and tests on the held-out 1/5. Folds are constructed once and
re-used identically across the three feature sets, so AR? between baseline, emb_only and emb_plus
reflects the contribution of the feature set rather than fold variance. Within each training fold, a
further VAL_FRAC = 0.15 slice is held out as an internal validation set for early stopping (patience

8 epochs, maximum 60 epochs). Numeric channels are mean-imputed and z-scored using statistics
computed on the training fold only.

Two evaluation regimes are reported:

e Per-country. The 5-fold CV is run independently on each country’s clusters, so countries
cannot share clusters between train and test. For India (n = 7,042) this produces folds of
roughly 5,634 train and 1,408 test clusters; for the five smallest countries (n < 139) the fold
size is small enough that the 64-dimensional embedding approaches the per-fold training size,
which the headline analysis treats as a known overfitting regime (see Section 3.3 and the
small-sample penalty in Fig. 3).

e Global (pooled). The same 5-fold CV is applied to the full pooled cohort of 9,271 clusters
from all 11 countries, without country stratification. Folds can mix countries, which we accept
as a limitation: the i.i.d. split is not spatially blocked and does not hold out whole countries



or regions, so within-country and within-region spatial autocorrelation is not controlled for.
A leave-one-country-out or spatial-block CV would give a more conservative estimate of gen-
eralisation, but the consistency of the headline gain across the three estimators in Appendix 7
indicates that the pooled signal is not an artefact of a single fold split.

The ensemble averages the predictions, in log-rate space, of a TokenLSTM (per-feature to-
kenisation — single-layer bidirectional LSTM with hidden size 32 — mean pool — MLP head
64 — 32— 1 with ReLU and dropout 0.1) and a TokenTransformer (per-feature tokenisation —
2-layer Transformer encoder with dy,oqe1 = 32, 4 heads, FFN 128, GELU, dropout 0.1 — mean pool
— MLP head 32— 32— 1). Optimisation uses AdamW (Ir 2x1073, weight decay 10~%), batch size
256, and gradient clipping at ||g|l2 < 5. Reported metrics are mean + standard deviation across
the five outer folds.

3.3 Methodology

Each DHS cluster ¢ contributes the cross-sectional feature vector x; defined in Section 3.1, presented
as a length-one sequence to both encoders of the ensemble specified in Section 3.2. Writing giLSTM

and ﬁ;ﬁf for the two encoders’ predictions in log-rate space, the ensemble averages them as
2 ALSTM | ATef
Yi = %(yz + Y )7 (3)

and predictions are inverted to the rate scale via §; = max(0, (exp(y:) —1)/ 1000) before computing
RMSE and R?. Reusing the same ensemble across all three case studies isolates spatial granularity
and embedding utility, rather than architectural choice, as the variable under test.

To check that the headline AR? is not an artefact of the inductive bias of a single estimator
family, we fit three tree-based regressors — Random Forest, HistGradientBoosting, and XGBoost —
to the same three feature sets and the same 5-fold splits used by the ensemble. Results are reported
in Appendix C (Fig. 7). All three estimators recover the same ordering, baseline < emb_only <
emb_plus, with XGBoost reaching the highest pooled R? of 0.210 and Random Forest the lowest
pooled RMSE. The cross-model agreement on the direction and magnitude of AR? indicates that
the signal lies in the AlphaFEarth features rather than in the architecture of any single estimator.

3.4 Geographic distribution of model performance

Figure 3 maps the per-country metrics onto the 11 study countries, making the geographic structure
of the gain—and the small-sample penalty—visible at a glance. The top row shows that absolute
R? is positive in only a handful of countries under either feature set, but turns greener (improves)
in several countries once embeddings are added. The bottom-left panel isolates this shift as AR?,
with the largest green polygons over sub-Saharan Africa and South Asia (Mozambique, Nigeria,
Nepal, Pakistan, India), and red polygons concentrated in the smaller samples (BD, LB, TJ, PH,
KH). The bottom-right ANRMSE panel tells a consistent story on a scale-free error metric: the
same large-n countries see green (lower error with AlphaEarth), and the same small-n countries
see red.



Geographic distribution of per-country ARI model performance (baseline vs AlphaEarth)
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Figure 3: Per-country ARI prediction performance shown as a 2 x 2 choropleth over the
11 study countries. Top-left: test R? for the baseline model (gaseous pollutants + controls).
Top-right: test R? for the AlphaEarth model (64-dim embeddings + gaseous + controls). The
two top panels share a diverging colormap centered at R? = 0, so green indicates positive predic-
tive skill and red indicates a model that performs worse than the per-country mean. Bottom-left:
change in R? when AlphaEarth embeddings are added to the baseline (AR? = R]%Dmb +gas _R%aseline);
green countries are those where AlphaEarth helps. Bottom-right: change in normalized RMSE
(ANRMSE, where NRMSE is RMSE divided by the country’s mean ARI case count, for cross-
country comparability); green countries are those where AlphaEarth reduces error. Both bottom
panels use diverging scales centered at zero with their own inline colorbars. Country labels follow
DHS two-letter codes. The geographic pattern matches the sample-size split discussed in Sec-
tion 3.4: large-sample countries (IA, NG, PK, NP, MZ) are green in both delta panels, while the
five small-sample countries (BD, LB, TJ, PH, KH) are red, consistent with overfitting when the
64-dimensional embedding approaches the per-fold training size.

3.5 Results

Adding AlphaEarth embeddings to the gaseous-pollutant baseline raises pooled test R? from 0.098
t0 0.164 (AR? = +0.065) across the 9,271-cluster sample under the LSTM + Transformer ensemble
(Table 4 (synthesis)). The effect is geographically structured (Fig. 3): large-sample countries (India,
Nigeria, Pakistan, Nepal, Mozambique) are green in both the AR? and ANRMSE panels, indicating
that AlphaEarth both improves predictive skill and reduces error in these settings. The five small-
sample countries (Bangladesh, Lebanon, Tajikistan, the Philippines, Cambodia) are red in both
panels, consistent with overfitting when the 64-dimensional embedding approaches the per-fold
training size.



4 Case 3 — Stunting (WHZ), 35 DHS Countries

4.1 Covariates

The analysis cohort comprises 363,353 DHS children under five nested within 47,154 geocoded
primary sampling units (isocluster) across 35 LMICs surveyed from 2015 onwards, obtained
after dropping rows with any missing value in the target, the modelling covariates, the cluster
identifier, or geocoordinates, and restricting to the DHS plausibility range |WHZ| < 5. Each child
carries the original DHS sample weight, which is propagated into all model training and evaluation
as a per-row weight.

Two feature blocks are fed to every model (Table 2). The numeric block is standardised to zero
mean and unit variance using statistics computed on the training fold only; the categorical block is
pinned to the levels observed in training to prevent leakage of test-fold categories. Country enters
every model as a learned 8-dimensional embedding (and as a native categorical in the tree-based
robustness check).

Table 2: Case 3 covariates. The 64 AlphaEarth bands are present only in the +AF variants.
Cleaning drops any row with a missing value in any listed column.

Block Variable Description
tmax61 61-day maximum 2 m temperature at the cluster (°C).
agemo Child age in months.
alt Cluster elevation above sea level (m).
Numeric income Household income indicator (DHS-derived).
(standardised) cci Composite Coverage Indicator ([0, 1]).
sanitation Household sanitation indicator (DHS-derived).
sex Child sex (encoded 1/2).
wiq Wealth index quintile (1 poorest — 5 richest).
breastfeeding  Breastfeeding status indicator.
Categorical area Urban / rural classification.
& classification Climate zone € {tropical, arid, temperate}.
Geographic country 35 LMIC ISO codes; learned 8-d embedding.
Satellite (+AFE only) A00—A63 64-band AlphaFarth fingerprint sampled at the clus-

ter centroid over a 2-5km buffer matching the DHS
privacy displacement radius, year-matched to the sur-
vey (clamped > 2017). Ly-normalised per row in the
neural models.

The target is the child’s weight-for-height z-score, country-demeaned as y; . = WHZ; . — WHZ,
where WHZ, is the training-fold mean for country ¢ (Eq. (4)). Country fixed effects dominate raw
WHZ variance, so the embedding is asked to explain within-country variation rather than between-
country differences in nutritional status; this is the analytical choice that makes the Case 3 null
result a clean test of spatial granularity rather than of the embedding itself.

4.2 Training and testing setup

We use a single cluster-stratified 5-fold partition built with sklearn.model_selection.GroupKFold,
with isocluster as the grouping variable, so that no DHS cluster appears in more than one of
the train, validation and test folds. This rules out the dominant source of leakage in DHS data —



co-located children sharing the same primary sampling unit — that an i.i.d. row-level split would
otherwise admit. Fold 0 is held out as the test fold; fold 1 serves as the validation fold for early
stopping and residual-stack blend weights; the remaining three folds form the training set (Table 3).

Table 3: Cluster-stratified train/validation/test partition for Case 3, shared by every model. Cluster
counts are disjoint across the three folds; child counts sum to the cleaned cohort of 363,353.

Fold Children (n) DHS clusters Share of cohort
Train 218,011 =~ 28,910 60.0%
Validation 72,671 ~ 9,122 20.0%
Test 72,671 9,122 20.0%
Total 363,353 47,154 100.0%

The test fold spans all 35 cohort countries, ranging from South Africa (ngs; = 151) to India
(ntest = 34,336), and is never seen during training, validation, hyperparameter selection, or blend
tuning. The feature scaler, the categorical level set, the training-fold country means used for
demeaning in Eq. (4), and the AlphaEarth—cluster join are all fitted once on the training fold and
applied identically to validation and test. Survey weights are normalised within each fold so that
the mean weight equals one, preserving relative weighting while keeping the optimiser’s effective
step size comparable across folds. The same fold assignment is used for the baseline and +AFE
configurations, so AR? in Table 1 and Fig. 4 isolates the contribution of the embedding rather than
fold variance, and all splits are seeded with seed = 42 for reproducibility.

The ensemble architecture matches Cases 1 and 2: each child’s cluster-level feature vector
is presented as a length-one sequence to both a single-layer LSTM and a two-layer Transformer
encoder with dpedel = 64, each followed by an MLP head (64 — 64 — 1), and the two predictions
are averaged on the country-demeaned WHZ scale. Reusing the same ensemble across all three
case studies isolates spatial granularity and embedding utility, rather than architectural choice, as
the variable under test.

4.3 Methodology

Each of the 363,353 children contributes one observation, linked to its DHS cluster’s covariates: am-
bient temperature, child age, altitude, household income, Composite Coverage Indicator, sanitation
access, and sex. The target y; . for child 7 in country c is the country-demeaned Weight-for-Height
Z-score:

Yie = WHZi,c - WH207 (4)

so the embedding is asked to explain residual within-country variation rather than between-country
differences in nutritional status. For each of the 47,154 unique DHS clusters, a 64-dimensional
AlphaFEarth fingerprint is sampled at the survey year over a 2-5 km buffer matching the DHS
privacy displacement radius, and broadcast to every child in that cluster.
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4.4 Geographic distribution of model performance

Geographic distribution of per-country WHZ LSTM+TX Ensemble performance (held-out test fold)
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Figure 4: Geographic distribution of per-country weight-for-height z-score (WHZ)
model performance on the held-out test fold. Top row: per-country test R? for the neural-
network baseline without AlphaEarth features (left, “NN (no AE)”) and the same architecture aug-
mented with AlphaEarth satellite embeddings (right, “NN 4+ AE”), plotted on a shared viridis scale
so countries can be compared directly across models. Bottom row: per-country differences be-
tween the two models, AR? = Ry ap — Ry (left) and ANRMSE = NRMSEnn;ar — NRMSEnN
(right), shown on diverging red—yellow—green scales centred at zero. In both bottom panels, green
indicates that adding AlphaEarth improves the model (higher R? or lower NRMSE), while red
indicates degradation. Countries included in the study are outlined and coloured; surrounding
countries are shown in light grey for geographic context. Hatched fill denotes a country present in
our cohort for which a metric was not available.

4.5 Results

Under the LSTM + Transformer ensemble at the cluster level (n = 47,154), test R? moves from
0.0408 (baseline) to 0.0418 (+ AlphaEarth), a AR? of +0.00100 that lies within seed variance
(Table 4 (synthesis), Fig. 4). The per-country choropleth (Fig. 4, bottom row) shows the differences
scattered symmetrically around zero with no coherent geographic structure — the green and red
countries do not cluster by region, sample size, or baseline performance, in contrast to the spatially
structured gains seen in Cases 1 and 2. This null result is the expected behaviour when AlphaEarth
features cannot express within-country variation beyond what country fixed effects already capture,
and it isolates spatial granularity — rather than the embedding itself — as the binding constraint
on this outcome.

5 Synthesis: Where AlphaEarth Helps

Across these three outcomes a consistent pattern emerges, summarised in Table 4.
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Table 4: AlphaEarth contributions across the three studies. The spatial grain of the merge de-
termines whether the embedding can contribute: country-level broadcast is collinear with country
identity, while pixel- or cluster-level merges are informative. Cases 1a and 1b use the MAP 5 x 5km
pixel as the unit of observation; Cases 2 and 3 use the DHS cluster.

Outcome Method Grain Baseline R?  + AE R? AR?
Malaria (Nigeria) Ensemble (LSTM + Transformer) Pixel (5 x 5 km, n =4,233)  0.623 0.777 +0.154
Malaria (India) Ensemble (LSTM + Transformer) Pixel (5 x 5 km, n = 28,264) 0.867 0.881 +0.014
ARI (11 LMICs, pooled) Ensemble (LSTM + Transformer) Cluster (n=9,271) 0.098 0.164 —+0.065
WHZ, 35 LMICs Ensemble (LSTM + Transformer)  Cluster (n = 47,154) 0.0408 0.0418 -+0.00100

Cases 1, 2, and 3 all operate at pixel or cluster granularity and all show the expected gains, with
the magnitude of AR? scaling with the headroom left by the baseline: largest in malaria (Nigeria)
and ARI, where baseline R? is modest, and smallest in WHZ.

6 Conclusion

Across three physiologically distinct health outcomes in LMICs, AlphaEarth Foundations satellite
embeddings consistently add predictive value when applied at cluster or location level. The gains
in malaria prediction (A R2=+0.154, Nigeria; A R?=+40.014, India) and childhood ARI prediction
(A R?=+0.065) are geographically uniform and robust. For childhood stunting, the improvement
at cluster granularity is modest (AR? = +0.001) and lies within seed variance. We interpret this
as the expected behaviour when country fixed effects already absorb the between-country variance
the static AlphaFarth fingerprint can express, leaving within-country variation in WHZ — driven
by household-level structural determinants such as income, sanitation, and breastfeeding — as
the residual the embedding is asked to explain. This isolates spatial granularity, rather than the
embedding itself, as the binding constraint on this outcome, and motivates the Population Dynamics
extension proposed in Appendix Section D.

Taken together, these results establish AlphaEarth embeddings as a promising and generalisable
feature class for population health modelling in low-resource settings, with clear implications for
disease surveillance, early warning systems, and the targeting of public health interventions.

7 Limitations

Several limitations should be noted. First, DHS cluster coordinates are displaced by up to 5
km (urban) or 10 km (rural) for privacy protection [35]; this introduces measurement error in
the spatial merge that is likely to attenuate, rather than inflate, the observed embedding effects.
Second, AlphaEarth embeddings are static annual composites and cannot capture intra-annual
environmental dynamics; monthly or seasonal embeddings would be needed to model outbreak-
scale variation.
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A Methodological choices across the three case studies

The three case studies share an ensemble architecture (LSTM + Transformer), a feature-merge pro-
tocol (AlphaEarth fingerprint appended to a per-case baseline), and a fairness convention (identical
folds and seeds between the baseline and the +AE configuration, so AR? isolates the contribution
of the embedding rather than split variance). Several other design choices differ across cases. The
differences are not arbitrary: each is dictated by the structure of the underlying data, and choos-
ing a single common setting across all three would have introduced a worse problem than the
inconsistency it removed. Table 5 summarises the differences; the rest of this section justifies each
TOW.

Table 5: Methodological choices that differ across the three case studies, and the data-structural
reason for each difference. All other modelling choices — ensemble architecture, AlphaEarth merge
protocol, identical folds/seeds across baseline and +AE — are held fixed.

Case 1 (Malaria) Case 2 (ARI) Case 3 (WHZ)

Unit of observation

Temporal structure

Target transform
Split
Repetition

Internal validation

Pixel-year (5 x 5km)

24-month sequence

log + z-score; per-
location for IN
Forward holdout (test
= 2024)

5 seeds, one split

15% slice, patience 5

DHS cluster
sectional)

(cross-

Length-1 sequence
log(1 + 1000y) on rate

Random 5-fold KFold
5 outer folds, one seed

15% slice, patience 8

Child (nested in clus-
ter)

Length-1 sequence

Country-demeaned
WHZ

GroupKFold by cluster

Single fold-0 holdout,
one seed

Fold 1 as validation
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Unit of observation. The unit is fixed by the source data, not by a modelling choice. The
Malaria Atlas Project distributes annual case counts on a 5 x 5 km raster, so pixel-year is the natural
row. DHS surveys ask the ARI symptom question at the household level and aggregate cluster-level
counts as a survey product, so the cluster is the natural row. Anthropometric measurements in
DHS are taken on individual children, and using the child as the row preserves the within-cluster
variance in WHZ that the embedding is asked to explain. Forcing a common unit across cases —
for instance, aggregating WHZ to the cluster level to match Case 2 — would have discarded most
of the variance in the only outcome where the AlphaEarth signal is expected to be weakest, and
would have made the Case 3 null result less interpretable rather than more.

Temporal structure. Only malaria has a usable monthly history. ERA5-Land climate is monthly
and malaria transmission is strongly seasonal, so a 24-month sequence ending at the prediction year
is the standard formulation in the malaria forecasting literature and is what carries the seasonal
signal the LSTM and Transformer encoders are designed to capture. The DHS covariates used in
Cases 2 and 3 are recorded once per survey, and the 2-5km AlphaEarth buffer is a static annual
composite at the survey year, so there is no monthly axis for either encoder to act on. Presenting
the cross-sectional feature vector as a length-1 sequence to the same encoders keeps the architecture
fixed across cases while respecting what the data can actually provide.

Target transform. FEach target is transformed to bring it into a range the network can optimise
stably. Annual malaria counts span several orders of magnitude across pixels, so the log 4+ z-score
transform is standard; the per-location refinement for India is necessary because the panel-only
baseline fails on low-incidence Indian zones whose clusters cannot be distinguished by climate or
demographics alone, as shown in Fig. 2. ARI is modelled as a rate (cases/population_in buffer)
so that the model must explain prevalence rather than cluster size; the log(1 + 1000y) rescaling
spreads the rate over a useful gradient range. WHZ is already a z-score by construction, so no log
transform is needed; country demeaning is applied because country fixed effects otherwise dominate
raw WHZ variance and the embedding would be scored mostly on between-country differences in
nutritional status it cannot plausibly explain. Each transform is chosen so the model is asked to
explain a variance component the AlphaEarth fingerprint can plausibly reach, and inverted before
reporting metrics so all R? values in the paper are on the natural scale of the outcome.

Split. The split is the most case-specific choice, because the dominant leakage risk differs between
cases. Malaria is a forecasting problem: the test-time use case is predicting the next annual case
count from a trained model, and the autoregressive lag-1/lag-2 features used for India would leak
future information into the test set under any random split. The 2024 forward holdout enforces
that the model must extrapolate beyond its training window, which is the realistic deployment
regime. ARI in Case 2 is cross-sectional with a single survey year per cluster, so temporal holdout
is not meaningful; i.i.d. 5-fold KFold is what the rate prediction is being evaluated on, and the
limitation that this does not control for spatial autocorrelation is stated explicitly in Section 3.2.
WHZ has many children per cluster (389,035 children in 47,154 clusters), so the dominant leakage
risk is co-located children sharing a primary sampling unit appearing in both train and test under
an i.i.d. row split; GroupKFold with isocluster as the grouping variable is the only split that
rules this out, and the stricter standard is appropriate because Case 3 is also the weakest signal —
a generous split would have made a null result indistinguishable from a small positive one.
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Repetition and reported uncertainty. Repetition strategy follows from the split. Case 1 has
a single forward-holdout test set, so uncertainty is quantified by running the pipeline with 5 random
seeds and reporting the seed-mean and seed standard deviation in the choropleths. Case 2 has 5
outer folds, so uncertainty is quantified across folds. Case 3 uses fold 0 as a held-out test fold under
GroupKFold; the residual-stack blend weight is tuned on fold 1 and the per-country differences in
Fig. 4 carry the geographic interpretation of the result. These different quantities — seed standard
deviation in Case 1, fold standard deviation in Case 2, single-test-fold point estimate in Case 3 —
are not interchangeable, and the paper reports each case on its own terms rather than imposing
a common “+” that would conflate them. The synthesis in Section 5 and Table 4 reports point
estimates of AR? rather than uncertainty intervals for exactly this reason.

Internal validation and early stopping. Patience and maximum-epoch settings (patience 5,
max 25 for malaria; patience 8, max 60 for ARI; the residual-stack blend weight in Case 3) were
chosen per case from the validation-loss curves of the baseline configuration on a small grid, before
any test-set evaluation. The +AE configuration inherits the same settings without re-tuning. This
asymmetry is deliberate: re-tuning the early stopping schedule on the +AE configuration would
give that configuration two sources of advantage — better features and a better schedule — which
would make AR? no longer a clean test of the embedding.

What is held fixed across cases. The ensemble architecture (LSTM + Transformer averaged
in the transformed target space), the AlphaEarth merge protocol (cluster or pixel centroid, year-
matched, 2-5km buffer where applicable), and the fairness convention (identical folds and seeds
between baseline and +AE) are common to all three cases. The cross-estimator robustness check
in Appendix C additionally shows that the Case 2 result holds across three tree-based estimators,
ruling out a single-architecture artefact. The remaining differences in the table above are exactly
those forced by the data; the common elements are those that can be held fixed without distorting
any case.
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B Case 1 — Malaria Incidence Count Prediction in Nigeria and

India

—-®— Ensemble (baseline)
~——e— Ensemble + AlphaEarth

North Central

South Wést North East

South Soyth Nofth West

South East

(a) Per-region 2024 test R? across Nigerian
states. Each spoke is one state; the inner poly-
gon is the climate-only baseline and the outer
polygon is the same model with the 64-dim Al-
phaEarth fingerprint appended. The outer poly-
gon strictly dominates on every spoke, indicating
that the lift is geographically uniform rather than
driven by a few high-burden states.

~®— Ensemble (baseline)
—e— Ensemble + AlphaEarth

North India

East India

Values below R? = -1 are clipped to -1 for display.

(b) Per-region 2024 test R? across Indian
states The very negative baseline B2 on North
India is not a real failure across the zone — the
model gets most clusters about right, but on one
or two clusters it predicts a huge number (e.g.
1,900) when the truth is at most 204, and be-
cause North India has very small malaria counts
overall, that single mistake is enough to drag R?
deep below zero.

Figure 5: Case 1 — Malaria case prediction in Nigeria (NMEP, 2000-2024; train 2000—
2023, test 2024). AlphaEarth embeddings provide a geographically uniform R? gain (left) and
emerge as the dominant feature group in the importance decomposition (right), supporting the
interpretation that static landscape structure carries malaria-transmission signal not captured by

monthly climate covariates.
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C Case 2 — Childhood ARI, 11 DHS Countries

RMSE — relative to baseline (lower is better) R? (higher is better)

—— Baseline (gaseous + controls) - AlphaEarth embedding only = = Embedding + gaseous + controls

Figure 6: Per-country performance for the six large sample DHS countries with n > 139
clusters (India, Pakistan, Nigeria, Kenya, Nepal, Mozambique; 8,696 of 9,271 clusters total).
Left panel: RMSE relative to baseline (lower is better). Right panel: test R? (higher is better).
The three polygons compare the gas+controls baseline (red), AlphaEarth alone (orange), and the
combined model (green). The combined model strictly dominates baseline on every spoke; the
largest absolute gains are in Mozambique (AR? = +0.096) and Nigeria (+0.093).

R? (higher is better) RMSE (lower is better)

HistGBM Random Forest XGBoost HistGBM Random Forest XGBoost

Figure 7: Pooled-model ablation. R? (left) and RMSE (right) for each estimator—feature-set com-
bination. Error bars denote cross-fold standard deviation across 5 folds. All three models agree

that adding embeddings to the gaseous baseline yields a consistent improvement, with XGBoost
reaching the highest R? = 0.210 and Random Forest the lowest RMSE.

D Future work
We see four concrete ways the Google Earth AT model could accelerate this line of work:

1. Population Dynamics Foundation embeddings. The Population Dynamics model in-
cludes health and socio-demographic indicators that would complement the landscape-focused
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AlphaEarth representation. A combined feature set would be particularly valuable for stunt-
ing (where nutritional status depends on both environmental and structural determinants)
and for ARI (where health-system covariates partially compete with pollution features in
the baseline). Direct access to pre-extracted Population Dynamics embeddings matched to
DHS cluster coordinates would enable a three-way ablation (tabular only / + AlphaEarth /
+ AlphaEarth + Population Dynamics) analogous to what Case 1 demonstrates for single-
modality embeddings.

. Multi-temporal embeddings. Moving from static annual composites to quarterly or
monthly would allow models to capture how seasonality, through weather, migration, land-use
changes, etc., correlate with outcomes of interest.

. Cluster-level AlphaEarth at scale. Our cluster-level extraction across ~ 45,775 DHS
clusters with 2-5 km buffers is computationally heavy; A batched extraction pipeline or direct
access to pre-computed cluster-level fingerprints for the DHS program would substantially
shorten the time to a definitive result.

. Methodological feedback. We would value the AE team’s perspective on two specific
choices: (a) whether to weight within-buffer pixels uniformly or by population density during
cluster-level averaging, and (b) whether multi-year embedding composites (e.g. 3-year means)
or survey-year point estimates are preferable for linking to DHS surveys with staggered field-
work.
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