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Abstract
Exposure to extreme weather events and other adverse shocks has led to an increas-
ing number of humanitarian crises in developing countries. These events cause acute
su!ering and compromise future welfare by adversely impacting human capital forma-
tion among vulnerable populations. Early and accurate detection of adverse shocks
to food security, health, and schooling is critical for timely, targeted humanitarian
interventions. Yet monitoring data are rarely available with the frequency and spa-
tial granularity needed. Here, we use high frequency household survey data from the
Rapid Feedback Monitoring System (2020-2023) in southern Malawi, to explore whether
combining monthly data with publicly available remote-sensing features improves the
accuracy of machine learning extrapolations across time and space, thereby enhancing
monitoring e!orts. In our sample, illnesses and schooling disruptions are not reliably
predicted. When both lagged outcome data and geospatial features are available, inter-
temporal and spatio-temporal prediction of food insecurity indicators is promising.
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1 Introduction

Rural households in low- and middle-income countries (LMICs) are exposed to a wide variety

of adverse shocks, including weather extremes, disease and pest outbreaks, price fluctuations,

and job losses. These events cause acute su!ering and often compromise future welfare by

disrupting human capital formation among vulnerable populations who lack the resources

or social safety nets to cushion these shocks. There is strong evidence that even short- to

medium-duration disruptions to nutrition, health, and education—such as those induced by

droughts, winds, or flooding—can have lasting and even inter-generational consequences for

human capital, thereby adversely a!ecting long-run prospects for inclusive economic growth

(Hoddinott and Kinsey, 2001; Victora et al., 2008; Adair et al., 2013; Acemoglu et al., 2014;

Fishman et al., 2019; Rossi, 2020; Anttila-Hughes et al., 2021; Blom et al., 2022; Rossi and

Weber, 2024).

Improved real-time monitoring of food security, health, and education indicators can

assist in detecting when and where human capital formation might be disrupted, helping to

guide interventions that prevent unnecessary su!ering and long-term harm. When combined

with information on current human capital stocks and the infrastructure that supports their

development—such as food systems, health services, and education—this can help to guide

interventions that prevent unnecessary su!ering and long-term harm. However, high-quality,

up-to-date household survey data with broad geographic coverage are rare. Established

household surveys, such as the Demographic and Health Surveys (DHS) and the Living

Standards Measurement Study (LSMS), provide a rich picture of health and well-being, but

are collected infrequently and published with significant lags. These data may therefore

overlook critical periods or be published too late for use in responding to crises as they

unfold. High-frequency household surveys are emerging as one way to more nimbly detect

trends in socioeconomic indicators, but such data remain scarce and methods for using them

are still developing (Gourlay et al., 2021; Abay et al., 2022; Abate et al., 2023; Dillon et al.,

2025).
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Where costs, capacity, or access constrain the availability of survey-based data, one

way forward is data fusion: integrating complementary data streams to construct a more

complete picture. Global institutions routinely employ temporal forecasting to fill data gaps,

for instance, using aggregate macroeconomic indicators and statistical models to interpolate

or extrapolate national labor trends or poverty rates when annual surveys are lacking (Mahler

et al., 2022; ILO, 2026).

A growing literature seeks to fill gaps at a much higher spatial resolution by training

models to predict well-being indicators, such as poverty, asset wealth, food security, or

malnutrition, from remotely sensed or other alternative data sources (Burke et al., 2021;

McBride et al., 2021; Aiken et al., 2022; Newhouse, 2024). Most micro modeling e!orts

concentrate on spatial rather than temporal out-of-sample prediction. The few exceptions

that attempt inter-temporal prediction find that predicting change is more di"cult than

predicting spatial variation, and predominantly train on low-frequency household surveys

examining changes over periods of a year or more (Lentz et al., 2019; Browne et al., 2021;

Tang et al., 2022; Yeh et al., 2020; Marty and Duhaut, 2024; Zheng et al., 2025). However,

this is changing as high-frequency survey data become more available (Mude et al., 2009;

Constenla-Villoslada et al., 2025).

Existing cross-sectional modeling shows that the capability of data fusion models varies

with the type of outcomes predicted. Asset wealth indices are typically more predictable

than measures of malnutrition (Browne et al., 2021) or the flows of consumption expenditures

(Yeh et al., 2020; Tennant et al., 2025). Head et al. (2017) used neural networks to predict

asset wealth with an out-of-sample R2 of about 0.70, but the same approach only predicts

education levels with R2 = 0.47 and poorly predicts (R2 = 0.06) the child weight-to-height

percentile. Performance may also depend on the intended use and evaluation metric. For

example, remote-sensing-based poverty mapping in Malawi has been shown to capture broad

spatial patterns of poverty but to provide less reliable estimates for individual small areas

(van der Weide et al., 2024).
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The predictability of asset wealth follows from the relative stability of durable assets and

our ability to detect or proxy these features using remote sensing. For example, durable assets

such as buildings are directly detectable in satellite imagery, while features like nighttime

lights proxy wealth by capturing the extent of electrification and urbanization. Stability is

advantageous when our goal is to understand structural di!erences (Tennant et al., 2025).

But it can be a disadvantage for monitoring and early warning, especially during moments

of disequilibrium brought on by shocks, when the goal is to intervene before people disinvest

in human capital and resort to distress sales of their productive assets. E!orts to date have

achieved some success at aggregate scales (Andree et al., 2020) or when models incorporate

lagged survey data (Lentz et al., 2019; Constenla-Villoslada et al., 2025). Predicting at high

spatial resolution for un-surveyed areas remains an unresolved challenge. Here, the modeler

must capture aspects of well-being that are inherently less stable, more sensitive to seasonal

stressors and stochastic shocks, and that arise from underlying processes that may be more

di"cult to proxy with satellite imagery. These di"cult-to-predict outcomes are among the

most critical to early warning systems.

1.1 Early Warning and Human Capital in Malawi

In Malawi and many LMICs, the mobilization of national safety nets and international hu-

manitarian assistance for food crises is heavily dependent on the Integrated Phase Classifica-

tion (IPC) system. While coordinated globally, this framework is operationalized locally—in

Malawi, under the leadership of the national Vulnerability Assessment Committee (MVAC)

in close coordination with the Famine Early Warning Systems Network (FEWS NET) and

other national and international partners. To assess and forecast the severity of acute and

chronic food insecurity, multi-stakeholder working groups rely on a convergence-of-evidence

approach to triangulate available data and models, including field surveys, market assess-

ments, and seasonal crop estimates. This system has led to critical improvements in the

detection of broad regional crises and the coordination of humanitarian responses. However,
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IPC assessments and their underlying data systems operate primarily at the livelihood-zone

or district level, are published with limited frequency, and may systematically under-estimate

true levels of food insecurity—possibly due to political elements of the consensus process

(Maxwell and Hailey, 2021; Lentz and Maxwell, 2022; Barrett, 2025; Lentz et al., 2025).

Furthermore, because these systems focus predominantly on food security—with illnesses

and schooling falling under the purview of separate, though coordinated, response systems—

decision-makers often lack current, comprehensive, and spatially granular estimates of shocks

to human capital formation.

The need for timely and localized monitoring is underscored by the fragility of human

capital formation in the region. Children born in Malawi in 2020 are expected to achieve only

41% of their full productive potential by adulthood (World Bank, 2021). While Malawi’s

Human Capital Index (HCI) has improved over the past decade through gains in infant

health services, 39% of children under five are stunted, 5% do not survive to age five, and

the average child is expected to complete just 5.5 learning-adjusted years of schooling (World

Bank, 2021).

Progress in health and learning su!ers frequent disruption from predictable seasonal

stressors and idiosyncratic shocks. Food security is closely linked to the seasonality of rainfed

agriculture, as 85% of Malawians engage in smallholder cultivation of maize (NSO, 2020).

Each year during the rainy season, food insecurity climbs as maize stocks are exhausted and

prices peak before the main harvest (Ellis and Manda, 2012; Gilbert et al., 2017; Anderson

et al., 2018). Figure 1 depicts how, on average, households in our sample exhibit peak food

insecurity, with low dietary diversity (panel a) and an increase in adverse coping strategies

(panel b) in January and February before the start of the green harvest in March (see Online

Appendix Figures S2 and S3 for trends in illness and schooling disruptions).

The impact of these cyclical stressors varies depending on vulnerability and unpredictable

shocks, such as extreme weather. As a result, Malawi exhibits not only seasonal fluctuations

but also significant year-to-year, seasonally-adjusted variation in food insecurity and disease
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(a) dietary diversity (b) adverse coping strategies

Figure 1: Average food (in)security over time in the survey sample. Panel (a) plots the Food
Consumption Score, an indicator of dietary diversity for which higher scores are ‘better’
(more food secure). Panel (b) plots the Household Hunger Scale, a measure of households’
use of adverse coping strategies for which lower is ‘better’ (more food secure).

burden. Maize is drought-sensitive, yet few Malawian smallholders have access to irrigation.

Dry spells can dramatically reduce yields, while heavy rainfall late in the growing season can

damage promising harvests.

Disease patterns and schooling disruptions may be particularly challenging to predict

because they reflect complex interactions of climate, infrastructure, and human behavior,

and may be pathogen specific. Tuberculosis, malaria, and cholera exhibit distinct seasonal

or weather-driven patterns (Kirolos et al., 2021; Hajison et al., 2017; Miggo et al., 2023).

These complex drivers may help explain why self-reports of illness show no single clear

seasonal pattern (Online Appendix Figure S2) and why overall disease prevalence proves

di"cult to model accurately. A further complication is that our training period overlaps

with COVID-19 border and school closures (2020–2021), which likely introduced atypical

variance into our illness and schooling disruption metrics (Upton et al., 2023).

Adverse weather shocks in Malawi and neighboring countries have been shown to reduce

school enrollment, though e!ects may be partially o!set by safety nets such as school feeding

programs (Sta"eri et al., 2023; Beegle et al., 2006; Agamile and Lawson, 2021; Glick et al.,

2016). These findings are based on low-frequency surveys and cannot identify seasonal com-
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ponents. The survey data (described below) show more inter-annual than seasonal variation

in schooling interruptions due to shocks (Online Appendix Figure S3).

How households choose to allocate resources during times of scarcity shapes the down-

stream e!ects of shocks on human capital investment, which may explain the heterogeneous

findings regarding how shocks impact the health and education of di!erent sub-groups (Mac-

cini and Yang, 2009; Anttila-Hughes and Hsiang, 2013; Björkman-Nyqvist, 2013; Glick et al.,

2016; Sta"eri et al., 2023). In a data fusion context, these highly context-dependent cop-

ing strategies introduce significant statistical noise; more heterogeneous relationships may

be inherently di"cult for an algorithm to learn from geospatial features—particularly when

training samples are limited.

1.2 Nowcasting disruptions to human capital formation

The motivation for this paper is to improve real-time monitoring and early warning systems

in Malawi and in other rural, low-income settings. We investigate whether high frequency

surveys and publicly available geospatial data improve predictions of when and where com-

munities experience adverse impacts on human capital accumulation at the village level:

periods of food insecurity, illness, and schooling disruptions. Our approach combines high-

frequency longitudinal household survey data from southern Malawi, interpretable and con-

textual Earth Observation (EO) based features, and machine learning models to nowcast

these outcomes. We simulate model performance under di!erent configurations of survey

data availability—each analogous to a real-world decision context—by varying the spatial

overlap between training and testing samples and the temporal forecasting horizons.

The training and testing data are drawn from a novel 28 (to 39) month panel dataset of

4,500 households in ten districts of rural southern Malawi, collected from 2020 to 2023 as

part of the Rapid Feedback Monitoring System (RFMS) project. The data are collected by

trained local enumerators and include monthly measures of food insecurity (including dietary

diversity and negative coping strategies), illness, and disruptions to children’s schooling.
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We match the RFMS data to two sets of geospatial features. The first is a set of inter-

pretable features that correlate with or condition shocks to human capital formation, such

as weather, vegetation indices, nighttime luminosity, and measures of building size and den-

sity. For example, we hypothesize that anomalous precipitation, heat stress, and cyclone

winds a!ect outcomes through variation in agricultural yields, while building density and

nighttime lights proxy economic activity. The second set of geospatial features are more

abstract contextual features that statistically quantify edge patterns, textures, and spectral

signatures (Graesser et al., 2012; Chao et al., 2021; Engstrom et al., 2015). In a rural setting,

these have not previously been tested: we hypothesize that they may help identify physical

shocks that a!ect household outcomes, including crop failure or flood damage.

Using model and cross-validation variants, we explore a range of policy-informed ‘infor-

mation scenarios’ that simulate variations in the spatial and temporal availability of survey-

based data. First, we predict temporally out-of-sample, testing whether we can forecast into

periods for which we have only remotely-sensed data and lagged, but not current, survey

data. This approach is useful when up-to-date estimates are needed but the most recent

survey data are outdated, for example, in the aftermath of an unexpected disruption. Sec-

ond, we predict spatially out-of-sample, simulating a scenario in which we have only a single

round of survey data and wish to extrapolate results to non-sampled enumeration areas

(EAs). This is analogous to a setting where high-frequency survey data are entirely absent,

and outcomes are predicted purely from geospatial data. Our final set of models test whether

we can predict both spatially and temporally outside the training sample, nowcasting into

non-sampled districts for which remotely-sensed data are available but household survey data

are either unavailable or limited. This simulates the task of predicting outcomes in villages

with only a single round of older data, such as from a previous monitoring or household

budget survey, using a model trained on high-frequency data from adjacent districts. For all

three questions, we explore the sensitivity of predictive accuracy to the duration and recency

of the training data, and to the season of prediction.
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These models shed light on the data requirements for e!ective nowcasting, including the

extent to which data fusion e!orts can leverage an emerging resource: short, monthly house-

hold surveys that monitor food insecurity and other indicators of human capital formation.

A key contribution of this work is to assess the predictive value of remote sensing indicators

for short-term, dynamic outcomes—an application distinct from their more common use in

predicting structural or long-term aspects of well-being. We show how these geospatial fea-

tures, when combined with high-frequency survey data, can support village-level prediction

of human capital dynamics in poor, rural settings.

2 Data

2.1 The Rapid Feedback Monitoring System (RFMS)

Outcome indicators are constructed from the RFMS monthly household panel survey, col-

lected in-person by local enumerators from 2020-2023. We utilize data that are representative

of 10 districts that cover most of Malawi’s southern region, selected based on their classifica-

tion as the most food insecure. Data collection started first with six districts in August 2020,

with four additional districts added in July 2021. Our final sample includes 178 enumeration

areas (EAs) of 25 households each, for a total of sample of approximately 4,450 households.

The sampling frame was designed in collaboration with the Government of Malawi National

Statistics o"ce, to be consistent with national panel surveys. The details of the RFMS

sampling frame, regional coverage, attrition, and our sample selection, as well as graphic

descriptions of our outcome indicators, are provided in Section 6.1 of the Online Appendix.

To align with the goal of monitoring community-level crises rather than targeting indi-

vidual households (McBride et al., 2021), we aggregate all household-level survey responses

to the EA level (approximately the traditional village group) prior to model training. This

aggregation focuses the predictive models on covariate spatial and temporal shocks.

The monthly surveys track food security indicators, both dietary diversity and coping
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strategies, and reports of shocks experienced. Shock reports include illnesses within the

household, with follow up questions as to the nature of the illness and which household

member(s) was(were) sick. We also ask what responses or coping strategies were used in

response to shocks, including withdrawing children from school. In Table 1, we describe how

the five outcome indicators in this analysis are derived from these monthly questions, with

further detail on the methodology provided in Appendix Table S1.

Table 1: Dependent variables constructed from the RFMS data

Variable Description

Food Consumption Score (FCS) Food groups consumed in past 7 days, weighted by quality and fre-
quency (Wiesmann et al., 2009)

Household Hunger Scale (HHS) Weighted sum of three extreme coping strategies, e.g. going a full
day without food (Ballard et al., 2011)

Illness, household Presence of any illness in household

Illness, children 0-5 Presence of child 0-5 with illness in household

Schooling disruption Household reported removing child from school (short or long term)
due to shock of any kind

Notes: For analysis, all indicators are aggregated by taking the EA level mean.

2.2 Geospatial features

The geospatial features are derived entirely from publicly available data and methods. These

include interpretable features that capture or proxy phenomena that we expect to correlate

with or condition shocks to human capital. We also include more abstract contextual features

that statistically quantify the “edge patterns, pixel groups, gaps, textures, and the raw

spectral signatures [...] over groups of pixels or neighborhoods” (Chao et al., 2021). All

features were extracted at the EA level; the construction and data sources are detailed in

the Online Appendix (Tables S3 and S4).

A key challenge when analyzing monthly or quarterly geospatial data is cloud cover.
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Malawi experiences persistent cloud cover during the rainy season (especially December to

March). The secondary products we utilize account for this in di!erent ways; when direct

image quality data is available we include these measures of cloud cover directly in our

models. For the contextual features, many of which are sensitive to missing values, we

linearly interpolate missing pixels and also include a cloud cover variable.

2.2.1 Interpretable features

We include monthly, interpretable features selected for their potential to either causally

influence or proxy the levels and changes to agriculture and livestock conditions, disease

environments, and other sources of change or disruption. Our interpretable features are

designed to reflect key mechanisms linking geospatial characteristics to outcomes of interest,

with a primary focus on inputs and proxies for agricultural productivity. In rural Malawi,

households depend heavily on rainfed agriculture—particularly the drought-sensitive staple

maize—for both subsistence and income. This reliance makes them highly vulnerable to

weather shocks such as dry spells, heat stress, floods, and cyclone winds, which may also be

proxied by vegetation indices. Including indicators of di!erential vulnerability, such as local

geography, hydrology, and climatology, can help the model learn and predict the impacts of

these shocks on production more e!ectively.

A detailed description of the variables and the data sources from which they were ob-

tained are described in Panel A of Online Appendix Table S3. We include monthly absolute

and relative (local, seasonally adjusted z-scores) measures of rainfall and heat stress, as

well as time-invariant indicators of the historical climatology of rainfall and temperature at

each location. The Normalized Di!erence Vegetation Index (NDVI), which has previously

demonstrated predictive capacity for inter-temporal changes in consumption in low-income

countries including Malawi (Tang et al., 2022), is computed from three di!erent imagery

sources: the Moderate Resolution Imaging Spectroradiometer (MODIS), publicly available

mosaics by Planet Labs (Pandey et al., 2023), and from Sentinel-2 (see contextual features).
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We also include nighttime luminosity, among the first adopted satellite-based proxies of lev-

els of wealth or development (Noor et al., 2008; Elvidge et al., 2009), capable of capturing

changes in buildings and infrastructure, population, and the severe weather impacts.

We also include slow-moving or time-invariant features likely to be predictive of well-

being in cross-section and to condition the relationship between monthly features and human

capital flows and shocks. Detailed in Panel B of Online Appendix Table S3, these include

features of the topography and hydrology, including a flow accumulation measure to proxy

flood risk. We also include measures of the built environment, including the number of

buildings and their average size.

2.2.2 Contextual features

Contextual features capture spatial attributes derived from the arrangement and interac-

tion of pixels within an image, allowing them to represent the physical layout and potential

functions of those features. While in urban landscapes these features have proven e!ec-

tive at capturing morphological variations and distinguishing socio-economically deprived

regions (Graesser et al., 2012; Duque et al., 2015; Engstrom et al., 2015; Chao et al., 2021;

D. Matarira and Naidu, 2022), their utility in rural, agricultural contexts using moderate-

resolution imagery remains largely untested. We include these features, which we derive from

the European Space Agency Sentinel-2 (Level 2A) imagery, to provide initial evidence on

their value-add for nowcasting human capital outcomes in rural areas (see Online Appendix

Section 6.3 for details on imagery processing and variable construction).

A drawback of contextual features is that they are not interpretable and policy-makers

may therefore be hesitant to trust their predictions. However, previous work demonstrates

the value of combining interpretable and imagery-based features, including for inter-temporal

tasks, to increase the reliability of predictions (Marty and Duhaut, 2024; Zhou et al., 2022).

Models can be run both with and without contextual features, allowing practitioners to

compare predictions and identify divergences.
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3 Methods

How well can we predict adverse shocks to human capital accumulation using machine-

learning models trained on a combination of high-frequency (monthly) household panel sur-

veys and publicly available geospatial data? To address this question, we train OLS, Post-

LASSO, and XGBoost models to nowcast food insecurity, illness, and schooling disruptions

using three di!erent cross-validation strategies designed to assess capacity for spatial and

temporal extrapolation from the survey sample. We test predictions for surveyed areas and

areas simulated to be un-surveyed (by excluding them from the training data), varying the

duration of the training data as well as the lag structure of the models. Our cross-validation

strategy aims to replicate three di!erent information scenarios: testing spatial, temporal,

and spatio-temporal out of sample performance.

In the following section, we describe how our models and cross-validation strategies relate

to the objectives and data constraints that a practitioner might face.

3.1 Models and cross-validation

We begin with a simple cross-sectional model. This allows us to test the extent to which

contemporaneous geospatial features Zit (see Section 2.2) predict variation across enumera-

tion areas in each of our human capital inflow measures of food insecurity, illness, and school

disruption yit (see 2.1). Using the algorithms described in Section 3.2, for cluster i in a given

time period t we estimate a model:

yit = f(Zit) + ωit. (1)

We estimate model (1) separately for each monthly period to simulate a scenario where

high-frequency data is unavailable. For each period, we evaluate performance using ‘leave-

one-district-out” (LODO) (or “leave-one-out”, LOO, in which each enumeration area is left

out in-turn) spatial cross-validation. This tests our basic ability to capture relationships
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between our survey-based measures of adverse shocks to human capital and our geospatial

feature set in a cross-sectional context.

Next we model the dynamics of our human capital measures, taking advantage of our

rich high-frequency panel data to train the models. Model (2) serves as our baseline model.

For each outcome indicator yit, we estimate a model of the basic form:

yit = f(yi,t→s, Zi,t...t→k, Dm) + ωit, (2)

where yi,t→s is a single s-month lag of the outcome variable; Zi,t...t→k is a vector of earth

observation features for the prediction period and each of the prior k months; and a calendar

monthly dummy Dm accounts for seasonality. In the baseline analysis, we set s = 6 and

k = 6. This means that we are predicting outcome y six months forward from the last

period for which we observe y in the data; put another way, we simulate ‘nowcasting’ six

months ahead of the latest survey data. We also consider s = 3 and s = 12 month lags to test

whether model performance degrades over time. We do not include a cluster-level fixed e!ect

εi, which would limit spatial extrapolation and, in combination with the lagged outcome,

introduce bias due a mechanical correlation between yi,t→s and the residual (Nickell, 1981).

Model (2) is first evaluated using a temporal cross-validation strategy, which simulates

prediction for surveyed areas six months beyond any available survey data. Temporal now-

casts may be a useful monitoring tool when high-frequency survey data collection is in-

terrupted, discontinued, or if survey data processing is delayed. In settings with ongoing

survey-based monitoring in place (such as the RFMS), survey-based estimates are preferred.

Next, we implement spatio-temporal cross-validation to evaluate our ability to nowcast

into EAs or districts that are not currently covered by high-frequency household surveys,

using the LODO (or LOO) approach described above. These models assume that a (single)

lagged measure of y is available from s months prior to the prediction period: a comparable

real-world scenario would arise if we wanted to nowcast into a location where high-frequency
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data becomes unavailable, but we do have a recent snapshot of outcome data from a cross-

sectional survey. In Malawi, this might include prediction for districts outside the RFMS

sample but represented in lower frequency surveys, such as the LSMS, DHS, Multiple Indi-

cator Cluster Survey, or the cross-sectional surveys implemented by the MVAC.

Finally, we train a model that does not rely on prior outcome data, and another that relies

only on lagged outcomes. The first simulates prediction into areas for which yi,t→s is not ob-

served, and therefore cannot be on the right-hand side, by estimating yit = f(Zi,t...t→k, Dm)+

ωit (3). We then test how well the high-frequency data performs alone, excluding the geospa-

tial predictors (Zi,t...t→k) and estimating yit = f(yi,t→s, Dm) + ωit (4). Importantly, because

model (4) relies solely on lagged survey data, the results are indicative of forecasting skill

in contexts where recent lagged outcome data is available. Comparing the results of model

(2) and model (4) indicates how much the full set of geospatial indicators contribute to the

accuracy of nowcasts.

Our main results depict average outcomes based on di!erent data splits that vary the

duration and timing of the training and testing data. This ensures the robustness of our

findings, and also allows us to observe if predictive accuracy changes with the duration of

the training data or across specific periods of prediction. Figure 2 illustrates the three main

typologies that we test for the temporal cross-validation case. In panel (a) we fix the training

period at up to 24 months with the test set increasing from 6 to 17 months. Panel (b) is

similar to (a), but with a smaller training size of one year. In panel (c) we maintain one year

of training data and add an additional gap of three months between training and prediction.

In all three cases, we vary the exact timing of the training and prediction periods across

eleven folds.

3.2 Algorithms

Before the features are input into each model, they are preprocessed and normalized. Fea-

tures are imputed using K-nearest neighbor imputation and then scaled by their mean and
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(a) Up to Two Years Training,
Increasing Test, No Gap

(b) One Year Training, In-
creasing Test, No Gap

(c) One Year Training, In-
creasing Test, 3 Month Gap

Figure 2: Temporal Cross-validation Strategies. These panels show the partitioning of train-
ing (blue) and testing (red) data under three di!erent temporal cross-validation strategies.
In Panel (a), up to two years of temporally-adjacent training data are used; in Panel (b),
one year. Panel (c) introduces a temporal gap between training and testing. Note that, as
illustrated, the full 1–2 years of training data are not always available for all enumeration
areas due to the staggered rollout of the survey.

Table 2: Summary of models and cross-validation variants

Model Algorithm(s) Data split(s) Cross-validation

Cross-sectional (1): OLS District (Alt: EA) Spatial
yit = f(Zit) + ωit Post-LASSO training period:

XGBoost T = 1

Dynamic, geospatial & lag (2): OLS District (Alt: EA) Temporal
yit = f(yi,t→s, Zi,t...t→k, Dm) + ωit, Post-LASSO training period: Spatio-temporal
where: s = 6 (3, 12) and k = 6 XGBoost T = 24, 12, 12+gap

Dynamic, geospatial only (3): OLS District (Alt: EA) Temporal
yit = f(Zi,t...t→k, Dm) + ωit Post-LASSO training period: Spatio-temporal
where: s = 6 and k = 6 XGBoost T = 24, 12, 12+gap

Dynamic, lag only (4): OLS District (Alt: EA) Temporal
yit = f(yi,t→s, Dm) + ωit Post-LASSO training period: Spatio-temporal
where: s = 6 and k = 6 XGBoost T = 24, 12, 12+gap

Notes: In the above models, described further in the text, yit is the outcome of interest for enumeration
area i in time t; yi,t→s is a single s-month lag of the same outcome variable; Zi,t...t→k is a vector of earth
observation features for the prediction period and each of the prior k months; and a calendar monthly dummy
Dm accounts for seasonality.
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variance. Any features with zero variance or at least 80% correlated are dropped.

We estimate the models using ordinary least squares (OLS), post least absolute shrinkage

and selection operator (Post-LASSO), and gradient boosting regression, specifically extreme

gradient boosting (XGboost). Each model represents a point on the spectrum between

interpretability and the ability to capture non-linearity.1

The OLS technique for estimating a standard linear regression model is ubiquitous and

acts as a suitable baseline method for prediction. OLS is linear in parameters, unable to

easily capture complex non-linearity. Additionally, OLS results depend on the choice of model

predictors and the method is not suited for ill-conditioned problems, where the number of

features exceeds the number of observations.

We also implement the LASSO (and ultimately use it as a part of a Post-LASSO es-

timation) which is linear, but is robust to ill-conditioning, due to its added regularization

constraint. The LASSO algorithm regularizes coe"cients in the model using the L1-norm,

thus reducing the coe"cient on features with limited explanatory power to exactly zero.

The LASSO algorithm introduces an added parameter ϑ which controls how stringently to

regularize the coe"cients and is tuned from the data. To tune the regularization parameter

in the LASSO algorithm we follow Zhang et al. (2010) and choose the ϑ that minimizes the

Bayesian Information Criterion.

After estimating the LASSO algorithm, we re-estimate an OLS model using only the

non-regularized features, which are then used for prediction. This regularization and re-

estimation procedure is known as Post-LASSO estimation (Belloni and Chernozhukov, 2013).

In both of these cases, parameter estimates provide a cursory understanding of how each

feature contributes to prediction.2 Our main results are based on the Post-LASSO specifi-

cation; however, as a robustness check, we also estimate the LASSO model. The results are
1Algorithms were implemented in the Python programming language. OLS was implemented in the

scikit-learn library. Post-LASSO was implemented in Stata. XGBoost was implemented using the
xgboost library.

2We do not use coe!cient magnitudes as a final measure of feature importance, opting instead for calcu-
lating Shapley values for each feature and decomposing the values into R2 contributions (Tallón-Ballesteros
and Chen, 2020).
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highly similar (Online Appendix Section 8.13).

Finally, we use extreme gradient boosting (XGBoost) as an implementation of gradient

boosting trees (Chen and Guestrin, 2016). XGBoost (and gradient boosting more generally)

combines the ability of decision tree algorithms to capture non-linearity, and the power of

model ensembling for improved and robust prediction. Decision or regression trees learn the

data by finding the optimal data “splits” that lead to a correct prediction. Boosting creates

high predictive accuracy by starting with a decision tree and iteratively improving accuracy

by learning the pseudo-residuals of the tree in the previous iteration. In a sense, boosting

helps a machine learning algorithm to “learn” from its mistakes (Friedman, 2002). While

gradient tree boosting is a powerful algorithm for machine learning, given that it is a set of

decision trees, it has many parameters that need to be tuned to avoid overfitting to the data.

See Sections 3.1 and Online Appendix Section 7 for overviews of our approach to training

and tuning.

4 Results

Model performance varies substantially depending on the algorithm used, the outcome type,

and data availability. The XGBoost and Post-LASSO models show considerable promise for

food insecurity monitoring applications. In contrast, predictive performance is consistently

weaker for outcomes related to illness and schooling disruptions. Accordingly, we present

the results for these categories separately.

On average, Post-LASSO appears to have a slight edge over XGBoost. Smaller sample size

may lead to overfitting in the XGBoost models, even after tuning. Although high frequency

data provide larger sample sizes than are usually available from household surveys, it may

still provide too little data to reliably train a complex tree model such as XGBoost. Since

OLS does not include any regularization, the large feature set relative to the smaller sample

size results in poorly specified models and inaccurate predictions.
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4.1 Nowcasting Food Security Outcomes

In this section, we report model performance in predicting two indicators of food security:

the FCS, which captures dietary diversity, and the HHS, which reflects the use of adverse

coping strategies. The results indicate that algorithmic regularization and the incorporation

of prior location-specific survey data are essential to achieve predictions that are su"ciently

accurate for practical applications.

Table 3: Summary of Results: Food Security Outcomes

A. Food Consumption Score R2
MAE MSE Rank Corr.

Cross-sectional (model 1) Spatial OLS <-1 11.269 Very Large -0.004

Post-LASSO <-1 8.993 Very Large 0.021

XGBOOST undefined 9.256 165.142 undefined

Dynamic (model 2) Temporal OLS 0.306 6.469 103.591 0.725

Post-LASSO 0.670 4.037 49.002 0.814

XGBOOST 0.666 4.058 49.607 0.813

Spatio-temporal OLS 0.130 6.443 108.495 0.691

Post-LASSO 0.612 4.116 49.652 0.768

XGBOOST 0.552 4.783 59.281 0.742

Dynamic, geospatial only (3) Spatio-temporal OLS <-1 12.096 311.122 0.050

Post-LASSO -0.166 8.726 158.572 0.073

XGBOOST undefined 9.728 179.058 -0.050

Dynamic, lag only (4) Temporal Post-LASSO 0.620 4.613 56.427 0.781

XGBOOST 0.622 4.385 56.211 0.778

Spatio-temporal Post-LASSO 0.561 4.661 56.569 0.731

XGBOOST 0.560 4.473 56.810 0.730

B. Household Hunger Scale R2
MAE MSE Rank Corr.

Cross-sectional (model 1) Spatial OLS <-1 0.936 Very Large 0.051

Post-LASSO <-1 0.801 Very Large 0.051

XGBOOST undefined 0.784 1.121 undefined

Dynamic (model 2) Temporal OLS 0.136 0.737 1.242 0.565

Post-LASSO 0.538 0.465 0.662 0.712

XGBOOST 0.495 0.514 0.724 0.662

Spatio-temporal OLS -0.243 0.796 1.581 0.521

Post-LASSO 0.454 0.474 0.674 0.689

XGBOOST 0.346 0.574 0.857 0.594

Dynamic, geospatial only (3) Spatio-temporal OLS -0.794 1.035 2.316 0.084

Post-LASSO -0.077 0.816 1.468 0.207

XGBOOST undefined 0.882 1.618 0.095

Dynamic, lag only (4) Temporal Post-LASSO 0.426 0.523 0.821 0.602

XGBOOST 0.416 0.555 0.836 0.594

Spatio-temporal Post-LASSO 0.337 0.531 0.824 0.566

XGBOOST 0.317 0.565 0.860 0.559

Notes: For the two focus outcomes, we report the mean across all prediction folds for each
metric: R2, median absolute error (MAE), mean square error (MSE) and the Rank correlation
coe!cient. Numbers larger than 1000 or less than -1 are marked where appropriate. The R2
and rank correlation are undefined in the case of zero-variance predictions.
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Summary results are shown in Table 3, which reports predictive performance across four

metrics: the out-of-sample coe"cient of determination (R2), median absolute error (MAE),

mean square error (MSE), and the rank correlation coe"cient. We emphasize R2 in the text

because it is intuitive and the most commonly reported measure of predictive performance

in the related literature. The R2 is calculated relative to the mean of the observed test data;

this requires the model to not only capture relative rankings between districts but also to

adapt to shifts in the distribution over space and/or time. An R2 of 1 indicates perfect

prediction, a value of 0 indicates the model performs no better than predicting the mean of

the test set, and negative values would indicate that the model performs worse than the test

set mean.

Drawbacks of the R2 are its sensitivity to variability and measurement error in the data

(Corral et al., 2025), and that it does not distinguish between bias and relative ranking

accuracy. In contrast, the rank correlation isolates the model’s ability to correctly order

communities from “best o!” to “worst o!,” regardless of prediction bias. Another relative

measure, we assess how well di!erent quartiles of the food insecurity distribution are correctly

classified in each period. Complementing these, the MAE and MSE quantify the magnitude

of prediction errors in the units of the outcome, providing intuition for how far predicted

food security scores deviate from reality.

4.1.1 Temporal Prediction

Temporal cross-validation simulates prediction for populations subject to ongoing monitor-

ing, where historical data are available for training but real-time estimates are needed to

bridge the gap between survey rounds or account for data collection or processing delays.

To simulate a six-month monitoring gap, we withhold the target month’s survey data and

predict the outcome using contemporaneous remote sensing features and the 6-month-lagged

outcome value (results for 3- and 12-month lags are reported in the appendices).

We find that dietary diversity (FCS) is the most predictable outcome, with both XGBoost

19



(a) R2 Heatmaps of Time Models

(b) Shapley-R2 Values of Time Models for XGBoost & Post-LASSO for FCS & HHS Score

Figure 3: Performance of Time Models

Notes: Figures show results of Time models. In Panel (a), colors range from red to green; redder corre-
sponding to negative R2 and greener corresponding to higher R2. Colors correspond to the mean R2 across
all folds in the month-year observations. Results shown are the average scores across block cross-validation
corresponding to Figure 2. As illustrated in Figure 2, higher folds use older (sometimes less) training data
and are used to predict further forward in time. Panel (b) shows bar plots of the absolute value of Shapley-
decomposed R2 values for XGBoost and Post-LASSO methods averaged across all time cross-validation
variants. Higher values represent more importance. Shapley values were calculated using the shap library in
Python using a tree explanation with XGBoost and linear explanation for Post-LASSO. Shapley values for
each feature group are the sum of Shapley values for each feature in the group. The SPFEAS group includes
all SPFEAS features, excluding NDVI, which overlaps with the interpretable feature set. R2 decomposition
was calculated based on Redell (2019).

20



and Post-LASSO achieving an average R2 of 0.67. Predictive accuracy for the HHS is slightly

lower, with R2 values of 0.54 for Post-LASSO and 0.50 for XGBoost. While simple OLS

models achieve positive R2 values, they tend to perform poorly in higher folds, when more

periods of testing data are predicted. Panel (a) of Figure 3 displays variation in the average

R2 for these models across the temporal cross-validation folds.

Additional metrics reinforce and clarify these findings. Our XGBoost and Post-LASSO

models achieve MAEs equivalent to approximately one-third to one-half of the typical stan-

dard deviation for each outcome.3 These models achieve rank correlations of 0.81 for FCS and

0.66–0.71 for HHS, indicating a moderate to strong ability to correctly distinguish relative

levels of food insecurity.

To visualize how well these models identify the most vulnerable communities in any

given period, we conduct a quartile analysis comparing true observed versus predicted food

insecurity quartiles. Enumeration areas (EAs) in the bottom quartile for dietary diversity

(FCS) are consistently identified with high accuracy (83% mean, 8% SD across periods).

While classification accuracy is lower and more variable for household hunger (HHS) (50%

mean, 20% SD), both models substantially outperform the 25% baseline expected from

random classification.

The relatively strong model performance in predicting food insecurity over time highlights

the potential of these methods for food insecurity monitoring. However, model performance

depends heavily on the inclusion of the lagged outcome. When we estimate a “geospatial-

only” temporal model (equation 3), predictive performance declines precipitously. We explore

this pattern further in Section 4.1.4 through an analysis of feature importance.

While temporal prediction is most relevant for early warning in areas with established

data monitoring systems, humanitarian decision-makers frequently face the challenge of tar-

geting resources to locations where historical data are unavailable or more limited. To

address this, we next evaluate the models’ ability to extrapolate to new locations under
3See Online Appendix Table S2 for descriptive statistics, including the quarterly mean and standard

deviation of FCS and HHS.
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two constraints: predicting into districts with no survey data at all (“spatial models”) and

predicting into districts excluded from training, where historical data is limited to a single

lagged outcome (“spatio-temporal models”).

4.1.2 Spatial Prediction

The cross-sectional “spatial models” simulate a scenario where the practitioner has a single

cross-sectional survey of about 150 communities and wants to extrapolate outcomes for the

same period to communities in neighboring districts. The data is subset to a particular

month-year and the model evaluated using LODO cross-validation. In this setting, we find

that predicting into other districts using purely geospatial data is not feasible for these food

security outcomes. Using OLS, Post-LASSO, or XGBoost, there is little signal between

geospatial features and measures of food security. The XGBoost algorithm often breaks

down and predicts the mean value of the training set, resulting in zero variance prediction

across clusters.4 The heatmap of R2 values by fold for spatial prediction is shown in Online

Appendix Figure S8.

4.1.3 Spatio-Temporal Prediction

Next, we consider the “spatio-temporal” models. This involves constraining the training data

so that the model has not ‘seen’ any data from the predicted district or the predicted time

period. This exercise simulates real constraints that are faced by development organizations:

ongoing data collection may occur in some districts (e.g., the RFMS collects data in 10 of

Malawi’s 28 districts), while others will not be included in the survey but could have lagged

outcome data available from another data source.

Compared to the temporal models, the Post-LASSO model performance only decreases

slightly when trained on out-of-district data, to an average R2 of 0.61 for FCS and 0.45 for

HHS. The XGBoost is more sensitive to the change, with an R2 of about 0.55 for FCS and
4In such cases the R2 and rank correlation coe!cients are undefined. In summary statistics and visual-

izations, models with zero variance prediction are assigned an R2 = 0.
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0.35 for HHS. This pattern is consistent across the additional performance metrics (MAE,

MSE, and rank correlation); the Post-LASSO models generally maintain similar performance

to the temporal case, while XGBoost performance noticeably decreases. This suggests that

the XGBoost models overfit to the specific context of the training districts. Consistent with

this, learning curves reveal a persistent gap between training and testing performance for

XGBoost models, even at the full sample size, whereas Post-LASSO models exhibit smaller

gaps and approach convergence (Online Appendix Figure S25).

Variation in performance across cross-validation folds is depicted in Panel (a) of Figure

4. The structure of these heatmaps again corresponds to Panel (a) of Figure 3, but with the

added district dimension: for each held out district, we test the full set of cross-validation

folds as in the “temporal” cross-validation.

4.1.4 Feature Importance for Predicting Food Insecurity

To understand the drivers of model performance, we first consider the feature importance for

our highest-performing “temporal” models. Panel (b) of Figure 3 presents feature contribu-

tions calculated using Shapley-decomposed R2 values.5 Importantly, Shapley values explain

the behavior of the model rather than the true underlying data-generating process, and must

be interpreted with caution. Consequently, we focus our analysis on FCS and HHS; because

illness and schooling outcomes were not successfully predicted, their Shapley values would

largely reflect the model fitting to statistical noise (Section 4.2).

Feature importance varies by outcome and model, but in all cases the most important

feature is the lagged outcome. Both our interpretable features (i.e., vegetation, weather,

and geography) and contextual features (the SpFeas excluding NDVI, which is considered

separately) contribute to prediction, with the interpretable features contributing more overall
5Shapley values provide a way to gauge the importance of a feature used in prediction, by treating each

feature as a player in a cooperative game and calculating their share of the gain in a coalition, where the
“gain” is the explained variance of the model. The units of these Shapley values are in the units of the outcome
of interest. We use a Shapley value variance decomposition and re-calculate these values as per-feature R2

contributions to the prediction (Redell, 2019).
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(a) R2 Heatmaps of Space-Time Models

(b) Shapley-R2 Values of Space-Time Models, XGBoost & Post-LASSO for FCS & HHS Score

Figure 4: Performance of Space-Time Models

Notes: Figures show results of Space-Time models. In Panel (a), colors range from red to green; redder
corresponding to negative R2 and greener corresponding to higher R2. Colors correspond to the mean R2

across all folds in the district-month-year observations. Results shown are the average scores across block
cross-validation (Figure 2), but further divided to display variation by the test district within each temporal
fold. As illustrated in Figure 2, higher folds use older (sometimes less) training data and are used to predict
further forward in time. Panel (b) shows bar plots of the absolute value of Shapley-decomposed R2 values for
XGBoost and Post-LASSO methods averaged across all space-time cross-validation variants. Higher values
represent more importance. Shapley values were calculated using the shap library in Python using a tree
explanation with XGBoost and linear explanation for Post-LASSO. The SPFEAS group includes all SPFEAS
features, excluding NDVI, which overlaps with the interpretable feature set. Shapley values for each feature
group are the sum of Shapley values for each feature in the group. R2 decomposition was calculated based
on Redell (2019).
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across all models. Appendix Figures S26–S29 report the stability of feature importance.

While there is some variability across folds, the leading features—lagged outcomes, the

contextual feature group, and NDVI—consistently contribute to prediction across models

and folds.6

For the FCS XGBoost model, NDVI features are the third most important feature; they

rank second for Post-LASSO HHS Score. NDVI is correlated (albeit imperfectly) to biomass

growth and, therefore, may capture seasonality and/or inter-annual variation in food supply.

Time variant weather variables, including levels and anomalies in rainfall, temperature, and

cyclone winds, contribute to prediction – particularly in the Post-LASSO models. Features

that identify buildings are sometimes important, particularly for FCS, which may point to

the relationship between food security, building size and density as a proxy for household

wealth or income. For HHS, slope, elevation, and flow accumulation are relatively impor-

tant predictors, which are related to agricultural productivity as well as an area’s potential

vulnerability in the case of a shock. A greater flow accumulation can result in standing wa-

ter and flooding during heavy rainfall, which may increase household vulnerability to shock

events. On the other hand, leveraging residual moisture in floodplains for planting may

be an important secondary source of food, especially in years when rains are insu"cient or

unpredictable during the primary growing season.

Time invariant features are overall less important, but contribute more to the XGBoost

models. This may be because XGBoost creates nonlinear interactions to boost performance.

The Post-LASSO, however, did not include interactions with other features in order test the

predictive power of each feature separately.

Shapley values are not computed for the poorly performing “spatial” models. Results

for the “spatio-temporal” models are shown in Panel (b) of Figure 4. Despite these mod-

els needing predictive power both from the time-series and cross-sectional dimension, they

look broadly similar to the Shapley graphs in Figure 3. However, spatial features such as
6The exception is when the Post-LASSO model does not select contextual features (Figures S26 and S27).
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the SpFeas and NDVI features are more important to the predictions, particularly in the

XGBoost models.

4.2 Nowcasting Illness and Schooling Disruptions

In contrast to food insecurity, our models fail to reliably predict illness and schooling disrup-

tions (Appendix Tables S6 and S7 report summary results). XGBoost models consistently

collapse to the mean of the training data, resulting in undefined R2 and rank correlation co-

e"cients. While Post-LASSO specifications outperform OLS, they fall short of the accuracy

and reliability needed for practical application in the temporal, spatial, or spatio-temporal

scenarios tested. For the “temporal” models the average R2 for the Post-LASSO models was

0.08 for illness, 0.11 for illness under five, and 0.07 for schooling disruptions. In the “spatio-

temporal” case the average R2 are slightly negative; in the “spatial” case, even more-so.

While predictive accuracy is poor in terms of explained variance, the Post-LASSO illness

and child illness models achieve moderate rank correlation coe"cients of 0.32 to 0.49. At first

glance, this suggests the model confers some ability to distinguish relative disease burden.

However, when compared to a lag-only Post-LASSO baseline, we find that both R2 and rank

correlation increase when geospatial features are removed. This suggests that the models

fail to capture meaningful signal from the remote sensing features, yet it highlights that the

high-frequency survey data may still have inherent value for monitoring such outcomes.

As we explore further in the Discussion, we attribute the failure of geospatial features

to enhance prediction for these outcomes to three likely factors. First, measurement error

may be significant; unlike the well-validated food security indices, our illness and schooling

measures are simple self-reports that have not been validated against more robust indicators

of disease burden. Second, data limitations may matter. Given the stochastic nature of

disease outbreaks, predictions may be particularly sensitive to the modest sample size. Third,

these outcomes may su!er from a weak structural link to geospatial features. For example,

school attendance is ultimately a household decision. While these choices may be influenced
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by detectable phenomena like drought or flooding, the relationship is not deterministic and

correlations may therefore be weak.

Finally, we consider whether our overall illness outcome may obscure more predictable

patterns in specific types of illness. While the self-reported nature of the data prohibits

us from identifying specific pathogens, respondents do distinguish between di!erent symp-

toms. Testing these narrower definitions, we find that the performance of the Post-LASSO

model increases very slightly, from an R2 of 0.08 for overall illness to 0.12 for fever, 0.15

for respiratory illness, and 0.15 for digestive illness (Appendix Table S8). Because broad

symptom categories may obscure the environmental drivers of specific diseases, and because

self-reports introduce measurement error, future models trained on verified clinical data for

specific pathogens might yield better predictions.

Similarly, modeling schooling disruptions may benefit from the incorporation of adminis-

trative records on enrollment, attendance, or school operating status. Furthermore, because

shock-induced school absences are relatively rare events in our sample, algorithms may strug-

gle to learn to predict these events. In such cases of severe class imbalance, specialized data

sampling techniques might o!er modest predictive gains (Zhou et al., 2022).

4.3 Heterogeneity and Robustness

Given the dependence on lagged outcomes for predictions, it is particularly important to

consider heterogeneity in predictive performance. Even if the average R2 is high enough to

predict average trends for a specific district, performance may be uneven across the year,

especially when an adverse shock renders past food security a less useful predictor of current

conditions. Online Appendix Figures S17-S20 plot period-specific performance (the main

results are summary statistics at the fold-level). We find that while model performance does

vary by period, consistency is improved by the addition of geospatial variables. To visualize

this, one can compare the full models (equation 2) in Online Appendix Section 8.9 to the

equivalent lag-only models (equation 4) in Online Appendix Section 8.10.
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We also plot realized versus average predicted values of FCS and HHS across time periods

(Appendix Figure S16). We find that training models on data from the first year of collection,

when COVID-19-related policies were most likely to introduce structural di!erences, does

not substantially a!ect model performance and we do not observe a consistent seasonal

pattern in predictive accuracy.7 While modeled predictions broadly capture the average

dynamics of food insecurity in the study area, both Post-LASSO and XGBoost models on

average over-predict dietary diversity during the 2023 post-harvest (May-October) season

and under-predict a spike in HHS in the late fall of 2023 (October-November). This period

was characterized by high maize prices following an exceptionally weak harvest in southern

Malawi. This prediction bias serves as a critical caution for early warning applications:

severe shocks that lack common support in the model’s historical training are likely to result

in an under-estimation of acute food insecurity.

Our primary models use a 6-month lag, but we also assess prediction 3 to 12 months

forward in time from the lagged survey observation. We find that performance degrades

slightly as this temporal lag increases. For temporal predictions of dietary diversity (FCS),

XGBoost (Post-LASSO) models achieve average R2 values of about 0.70 (0.73) at 3 months,

0.67 (0.67) at 6 months and 0.54 (0.61) at 12 months. The pattern is similar for HHS adverse

coping strategies, but with lower overall R2 values of 0.57 (0.56) at 3 months, 0.49 (0.54) at

6 months and 0.38 (0.40) at 12 months.

While Shapley values are a useful tool for comparing the relative contributions of di!erent

variables to our nowcasts, we interpret them with caution due to the limited accuracy of those

predictions. As a robustness check on the value addition of geospatial features, we re-estimate

models excluding the lagged outcome data (Equation 3) as well as only lagged outcome data

(Equation 4) using spatio-temporal cross-validation. Summary results are reported in Table

3 for food security outcomes (in Appendix Tables S6 and S7 and for illness and schooling).

The lag-only results confirm that the addition of the geo-spatial features modestly im-
7However, our testing set spans too short a period to confidently assess seasonal variation in predictive

performance and we cannot rule out a COVID-19 bias.
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proves the accuracy of nowcasts. This is most pronounced for the Post-LASSO models–our

strongest predictors. Without the geospatial features, our R2 decreases by approximately 5

percentage points for FCS and 11 to 12 percentage points for HHS. For XGBoost, accuracy

generally improves with the addition of the geospatial features to the models; the excep-

tion is the spatio-temporal FCS models, which explain a similar share of variation with and

without the geospatial features.

Consistent with the results from the cross-sectional models, the purely geospatial spatio-

temporal models do not reliably predict any of our five outcome variables; the R2 values

are frequently negative and the XGBoost models often break down. The heat maps for the

no-lag results are plotted in Appendix Figure S11.

Data reduction might mitigate the overfitting we observe, particularly in the case of the

XGBoost food insecurity models. So we apply principal component analysis (PCA) to the

contextual features to test this approach. However, it does not meaningfully improve XG-

Boost or Post-LASSO performance. OLS models improve, but still perform poorly overall.

These PCA results are reported in Online Appendix (Tables S12 and S13).

In sum, predicting the time series of unsampled districts becomes significantly more

achievable when there is some prior outcome information available for those unsampled

districts. This need not be from high-frequency data and need not be current. However,

having some lagged data is crucial, even with the inclusion of remote sensing and geographic

information.

5 Discussion

Enhanced real-time monitoring of food insecurity, health, and education can guide timely

interventions to alleviate unnecessary su!ering and prevent lasting damage to human cap-

ital. To this end, we design and test an approach to nowcast outcomes that may sig-

nal disruption—or even reversal—of human capital accumulation. This builds on a litera-
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ture highlighting how short-term shocks can have lasting impacts, especially in vulnerable

low-income, rain-fed agricultural settings where coping resources are limited across house-

holds, markets, and the public sector (Hoddinott and Kinsey, 2001; Alderman et al., 2006;

Björkman-Nyqvist, 2013; Blom et al., 2022).

Our approach leverages temporal autocorrelation from high-frequency household survey

data, together with indicators of causal drivers, real-time outcome proxies, and (less inter-

pretable) contextual features, all integrated at a monthly time step within flexible machine-

learning models. The results underscore both the potential and the limitations of these

methods when combining monthly household panel data with geospatial features to nowcast

human capital outcomes.

First, we find that machine learning models can successfully predict community-level

food insecurity forward in time and into neighboring districts, provided that at least one

survey round from up to twelve months prior is available. These models are trained on

as little as one year of historical high-frequency data. Second, remotely sensed feature

sets are not well-suited for stand-alone prediction across space in this context. However,

when integrated with lagged survey data, geospatial features meaningfully improve both the

overall accuracy and the consistency of food security nowcasts. In Post-LASSO models,

which on average explain the most variation in our measures of food security, the addition

of geospatial features increases the R2 value of nowcasts by approximately 0.05 for dietary

diversity (FCS) and 0.11 to 0.12 for household hunger (HHS). Third, in contrast to food

insecurity, this data fusion approach fails to reliably predict measures of self-reported illnesses

and schooling disruptions. This is likely due to a combination of measurement error, the

stochastic nature of these variables, and the fact that idiosyncratic household decisions lack

strong, deterministic links to geospatial features. Finally, methodologically, we find that

regularized linear models (Post-LASSO) generally match or slightly outperform the tree-

based XGBoost algorithm, which tends to overfit at the sample size (178 village clusters) of

our high-frequency household survey.
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5.1 Key Challenges and Limitations

Data fusion has increasingly diverse policy applications, ranging from understanding long-

standing structural inequalities of wealth and development to anticipating and responding

to rapidly unfolding crises. Not all tasks will be equally served by a single set of train-

ing data, algorithms, or project structure. Nowcasting shocks to human capital formation

di!ers fundamentally from predicting spatial variation in stable stocks of asset wealth or

health, knowledge, skills, and abilities, which accumulate over lifetimes and may require dif-

ferent data and methods. Consequently, predicting these dynamic outcomes presents unique

methodological and practical hurdles. While the precise drivers of variable model perfor-

mance are complex, several structural factors may limit predictive accuracy in this context

and inform directions for future research.

First, human capital shocks at the village level are di"cult to detect from satellite im-

agery. Even if we can proxy the geography, built environment, and the timing and quality

of local harvests through weather and vegetation indicators, many important structural,

time-varying determinants of food insecurity remain missing. The availability and price of

food and other essential goods, local labor market conditions, monetary policy, and social

safety nets stand out as important omitted drivers of food insecurity poorly captured by

remotely sensed features. Similarly, we lacked data on the infrastructure that supplies hu-

man capital formation (e.g., schools, health centers). Finally, households’ coping strategies

during periods of scarcity are heterogeneous—especially regarding decisions about health

and schooling—meaning that even a perfectly characterized environmental shock cannot be

easily mapped to outcomes like illness and disrupted schooling.

Second, the training data in this case may be insu"cient to e!ectively identify key re-

lationships between the geospatial features and outcome variables, at least for tree-based

models. Our training data consist of n = 178 clusters over approximately t = 12 or t = 24

time periods, yielding over two thousand observations, and in some model variants, over four

thousand. Each cluster contains an average of approximately 25 households. Although this
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would be large for many regression applications, it is small for machine learning, and the

panel structure means the observations are not independent, reducing the e!ective sample

size. This may explain why Post-LASSO outperforms XGBoost in most models. Although

XGBoost is adept at learning complex relationships from a large and potentially poorly spec-

ified feature set, and may therefore have a higher upper bound on predictive performance, it

typically requires large training datasets to do this well. In contrast, Post-LASSO results ap-

pear reasonably stable, with the test–train performance gap increasing only modestly when

the training sample is reduced by up to 25% (Online Appendix Figure S25). Prediction using

a strictly regularized linear model may be viable even with smaller sample sizes, whereas

tree-based models may be more likely to improve with additional training data.

Relatedly, measurement error in the training data may limit model performance, particu-

larly for the illness and schooling disruption outcomes. While the FCS (for dietary diversity)

and HHS (for adverse coping strategies) are well-validated measures of food (in)security, mea-

sured using established techniques, the illness and schooling outcomes are simple self-reports.

We lack evidence on whether self-reports of illness accurately reflect disease burden or how

reliably individuals report these outcomes.

Third, our study area of southern Malawi is unusual in two important ways. One is that

the sample is relatively homogeneous; RFMS districts were selected specifically based on their

vulnerability and our sample is entirely rural. Often, the overall predictive performance in

geospatial modeling of welfare outcomes relies on the ability of these models to distinguish

rural versus urban areas.8 Food systems and the supply of human capital services di!er

markedly in rural versus urban areas. Another important contextual factor is that Malawi

experiences heavy cloud cover during its rainy season. This introduces noise into publicly

available indicators derived from imagery, as well as the spatial features calculated here.

Using remote sensing in other contexts may yield better results.

Fourth, a general caveat to these results is that while a high R2 may indicate that the
8Predicting asset wealth, Yeh et al. (2020) achieve an overall R2 of about 0.70, while their R2 for rural

areas only is 0.32.
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models can predict average trends for a specific district, they may not be suitable for fore-

casting anomalous or novel events, such as environmental disasters or other shocks that did

not occur during the training period. Although our sample includes periods when enumera-

tion areas endured shocks, they may not have occurred with enough variation and frequency

for the models to “learn” how geospatial indicators reflect these shocks—–a challenge exacer-

bated by the limited sample size here and typical of household surveys. Our results suggest

that these models will tend to under-predict outcomes of concern during shock events that

generate strong downturns in dietary diversity and household hunger.

5.2 Future Research and Policy Implications

Additional training data could plausibly improve predictive accuracy (Gualavisi and New-

house, 2025; Zheng et al., 2025), as well as our ability to understand uncertainty and interpret

results. Future research could usefully investigate the extent to which increasing the number

of villages or the duration of the panel, to learn from more varied constellations of grow-

ing conditions and other shocks, or utilizing a more heterogeneous sample of villages would

enhance model performance and reduce the risk of overfitting.

With a limited training sample, carefully crafted feature sets informed by domain knowledge—

perhaps including data on human capital services like school and health facility maps—could

improve outcomes. Indeed, given that contextual features are computationally intensive, lack

direct interpretability, and ultimately o!ered a lower predictive contribution in our models,

interpretable features may be the more practical pathway forward in the near term. Method-

ologically, training deep neural networks from scratch is likely to be infeasible given the scale

of typical household survey datasets. However, transfer learning and the use of geospatial

foundation models may o!er a promising workaround to this data constraint (Zheng et al.,

2025). Whether such approaches can succeed at the scale of our current sample or similar

monitoring systems remains an important open question for future work.

This paper highlights the value of high-frequency household survey data as both a moni-
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toring tool and to train nowcasting models. A system like the RFMS enables data availability

with approximately a one-month lag, significantly faster than the typical 1–2 year delay as-

sociated with traditional household living standards surveys, making it possible to generate

nowcasts in near-real time. As national statistical institutes and other data collection agen-

cies consider their portfolios, our findings o!er evidence on the potential usefulness of such

data. Phone-based surveys may also be an e!ective source of training data. These became

more common during the COVID-19 pandemic (Gourlay et al., 2021), and can be deployed

where in-person surveys are unsafe, infeasible, or cost-prohibitive. Ongoing work aims to

understand and correct for potential sampling biases in phone-based surveys (Dillon et al.,

2025).

While our study demonstrates the value of high-frequency surveys, it also highlights the

limitations of relying on simple self-reports, particularly when measuring illness and school-

ing disruptions. Harnessing alternative data streams—such as verified records of specific

pathogens, school enrollment, daily attendance, and school operating status—could o!er a

highly productive avenue for future data fusion e!orts. Working with policymakers to con-

struct training datasets around precise, operationally relevant outcomes that measure shocks

to human capital, and evaluating model performance based on the real-world inclusion and

exclusion errors that they care about, represents a critical next step for this line of research.

Expanding the study area to multiple countries and both urban and rural populations,

along with larger training datasets, could improve our understanding of spatial and temporal

extrapolation. This is important because, even with methodological advances and invest-

ment, high-frequency survey coverage is likely to remain limited. Focusing specifically on

predicting the impact of shocks would be another useful area for future research. Our sample

is geographically and temporally limited, but it is encouraging that we do not observe evi-

dence of degradation in model performance as the gap between training and testing periods

increases. Moreover, performance declines only modestly when predicting into neighboring

districts where we simulate that only a single round of lagged data is available.
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To design and target development and humanitarian assistance, policymakers require

information about structural well-being and the shocks that threaten to erode it. Here,

we focus on the latter: our ability to nowcast periods of food insecurity, ill health, and

disrupted schooling, all of which are indicative of acute scarcity and disinvestment in human

capital. From a data fusion perspective, this is a fundamentally di!erent task than down-

scaling estimates of asset wealth or consumption expenditures. Our results suggest that

publicly available geospatial features can meaningfully improve the accuracy of nowcasts for

dietary diversity and household hunger. At the same time, household surveys remain the

backbone of humanitarian monitoring systems. Maintaining large-sample and geographically

heterogeneous household surveys is crucial to fully exploiting the potential of geospatial data

for early warning.
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