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Abstract

Understanding how climate hazards like extreme heat, drought, and flooding influ-
ence human wellbeing is critical for preparing societies for extreme weather and climate
change. Yet empirical estimates of how vulnerability to climate hazards differs across
space is limited by both a lack of knowledge about and data on determinants of climate
vulnerability. Here, we leverage the rich and diverse information within high-resolution
optical satellite imagery to predict local climate vulnerability in the U.S. and globally.
Including imagery information into empirical models of how temperature and mois-
ture influence agricultural productivity, how temperature influences human mortality
and how flood depth damages buildings, reveals substantial local differences in climate
vulnerability and resilience and improves predictions of historic and future damages
from climate hazards.
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Introduction
Quantifying how the climate influences human societies and ecosystems is critical for man-
aging current climate hazards, adapting to future climate changes, and designing climate
policy (Carleton and Hsiang, 2016; Carleton and Greenstone, 2021). While substantial
progress has been made in understanding how a diversity of social outcomes respond, on
average, to changes in climatic conditions, it it remains less understood how responses differ
from one location to another. Better quantification of local vulnerability to climate hazards
would improve predictions of climate-related damages and their distribution across popula-
tions. This would, in turn, benefit climate change adaptation and disaster response efforts,
including improving insurance design and other risk management strategies.

Here, we develop an approach to estimate local climate vulnerability using satellite im-
agery and apply it to a diverse set of social outcomes. We use satellite imagery because is
a universally available and rich source of information about socio-environmental variables
(Rolf et al., 2021; Burke et al., 2021; Jean et al., 2016; Head et al., 2017; Khachiyan et al.,
2022) that could determine climate vulnerability. Using our approach, the determinants of
climate vulnerability can be learned and measured directly from the imagery, social outcome
data and weather data, rather than having to be specified and collected by the researcher.
This allows models to capture additional determinants of vulnerability, which improves vul-
nerability estimates.

Modern empirical approaches for quantifying the influence of climate variables on so-
cial systems at scale use high performance computing to combine statistical methods for
causal inference with large datasets on human outcomes and climate variables (Carleton and
Hsiang, 2016). A primary product of this body of work are dose-response functions, which
measure how the social outcome (e.g. mortality rate) responds to changes in the climate
variable (e.g. temperature). The steepness of the response curve indicates the sensitivity of
the social outcome to the climate variable, with steeper response curves indicating greater
vulnerability (Fig. 1A). A key challenge in the empirical climate impacts literature is the
difficulty resolving differences in climate vulnerability across populations, and studies tend
to estimate a single average response for the entire population (e.g., Schlenker and Roberts
(2009); Hsiang, Meng and Cane (2011); Burke, Hsiang and Miguel (2015); Missirian and
Schlenker (2017); Carleton (2017); Proctor et al. (2018); Proctor (2021); Opper, Park and
Husted (2023)).

Two main approaches have been developed to estimate local climate vulnerability. The
first estimates how vulnerability differs across populations using observable variables, such
as irrigation (Zaveri and B. Lobell, 2019; Proctor et al., 2022), income (Carleton et al., 2022),
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air conditioning (Park et al., 2020), or previous exposure to heat and cold (Heutel, Miller and
Molitor, 2021; Auffhammer, 2022; Baylis, 2020; Rode et al., 2021). This approach, however,
is limited by the need for a priori knowledge of and data on the drivers of vulnerability, which
can be difficult to obtain. The second approach estimates local vulnerability using spatial
information – for example, estimating a separate dose response curve in each county or state
(e.g., Butler and Huybers (2013); Rising and Devineni (2020); Baylis (2020); Auffhammer
(2022)). Such models, however, are unable to pool the influence of climate in areas that are
spatially distant but similar in adaptive characteristics, leading to relatively high parameter
uncertainty and low predictive performance. Further, they are unable to make predictions
of climate vulnerability outside the areas where they were trained.

Our approach predicts local climate vulnerability based on what an area looks like in
high-resolution optical satellite imagery (Fig. 1B). Instead of having to specify and obtain
data on the determinants of climate vulnerability, it learns and measures these determinants
directly, incorporating all drivers of vulnerability visible in the imagery. The use of satellite
imagery also enables the approach to pool information from locations that look similarly
vulnerable, even if they are far from each other, which provides greater statistical power and
predictive performance than independent estimations of vulnerability at each location. This
approach complements existing approaches, as information from satellite imagery, known
determinants, and spatial features can all be used together to explain local climate vulnera-
bility.

While we apply this approach to estimate local climate vulnerability, the same tools
could in principle be used to estimate local treatment effects in any panel data setting where
the determinants of effect heterogeneity are visible in the imagery. This contributes to the
literature on estimation of conditional average treatment effects (e.g., Künzel et al., 2019;
Wager and Athey, 2018) by allowing heterogeneity in treatment effects to be estimated using
satellite imagery. Incorporating imagery information into existing approaches for estimating
conditional average treatment effects is challenging because it is high-dimensionality and
lacks structure. Jerzak, Johansson and Daoud (2023) address this using a Bayesian convolu-
tional neural network and apply their method to estimate imagery-based treatment effects
in a randomized control trial. Methodologically, we complement and extend this work by de-
veloping an approach that is: compatible with panel fixed-effect regression research designs;
compatible with irregularly shaped imagery like that of countries, provinces, or municipal-
ities; relatively simple to understand and easy to implement; computationally efficient to
facilitate uncertainty quantification through bootstrapping; and amenable to methods for
interpreting the potential drivers of effect heterogeneity.

3



Predicting local climate vulnerability using satellite imagery

The vulnerability of social outcomes, Y to changes in climate variables, C, is commonly
estimated using a panel fixed effect linear regression framework (Carleton and Hsiang, 2016;
Hsiang, 2016):

Yit = βCit + controls + ϵit (1)

where i indexes location and t indexes time. Differences in climate vulnerability, β, across
populations due to known determinants of vulnerability such as irrigation capacity, or proxies
thereof such as historical climate or income, are commonly estimated using interaction terms
in the regression model (e.g., Carleton et al. (2022); Rode et al. (2021); Proctor et al. (2022)):

βi = β0 + γ1irrigationi + γ2climatei + γ3incomei + ...+ γncovariateni (2)

A similar approach is used to model vulnerability as a function of location: βi = αiλi, where
λi is a vector of indicator variables for each location (e.g., Butler and Huybers (2013); Rising
and Devineni (2020); Baylis (2020)).

Here, we use a similar regression model structure to estimate local climate vulnerability
using the rich information within satellite imagery. We focus our analysis on differences
in vulnerability across space, but not over time. To extract the information on climate
vulnerability contained in the imagery, we use the Multi-task Observation using Satellite
Imagery and Kitchen Sinks (MOSAIKS) approach. MOSAIKS image features, X, have been
shown to predict a wide range of social and environmental outcomes with skill competitive
with more expensive computer vision algorithms like convolutional neural networks (Rolf
et al., 2021). Here, we use these satellite image features to capture information on the
determinants of climate vulnerability:

climatei = α1X+ ϵ1

incomei = α2X+ ϵ2

irrigationi = α3X+ ϵ3
...

covariateni = αnX+ ϵn.

(3)

Substituting Equations 3 into Equation 2 shows how predicting climate vulnerability using
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image information can be conducted in a single step:

βi = β0 + γ1(α1Xi) + γ2(α2Xi) + γ3(α3Xi) + ...γn(αnXi)

= β0 + (γ1α1 + γ2α2 + γ3α3 + ...γnαn)︸ ︷︷ ︸
ψ

Xi

= β0 + ψXi

Substituting into Equation 1, gives the general specification of our regression model that we
apply to each social outcome:

Yit = β0Cit︸ ︷︷ ︸
homogeneous response

+ ψXiCit︸ ︷︷ ︸
satellite-based heterogeneity

+controls + ϵit (4)

A benefit of this approach is that it predicts vulnerability based on all determinants of
vulnerability that are visible in the imagery, including those that may not be known a
priori, or for which traditional sources of data do not exist.

Intuition for the information on the determinants of climate vulnerability contained in
the imagery can be gleaned from visual analysis. Figure S1 shows three examples of maize
growing counties across the U.S. with differing agricultural practices and natural endowments
that are visible in the imagery and could influence climate vulnerability. These include farm
infrastructure including roads, buildings and plot size; the presence and type of surrounding
vegetation, which could inform climatologic and soil conditions as well as pest pressure or
control; and hydrologic features like rivers and lakes which could indicate a high water table
or surface water irrigation. Information on these features are extracted from the imagery
and contained in X. Model estimation learns from the data what aspects of the imagery
indicate greater vulnerability or resilience (ψ).

Model training and evaluation By combining methods from econometrics, computer
vision, and machine learning our approach is able to deliver causal estimates of local vul-
nerability with high predictive performance. We evaluate whether using satellite imagery
improves estimates of climate vulnerability by testing whether 1) it accurately recovers pre-
scribed local climate vulnerability in simulation experiments and 2) it increases model predic-
tive performance in empirical applications. Predictive performance is evaluated on a held-out
test set using the coefficient of determination (R2) (Fig. S2). To flexibly control model com-
plexity and avoid over-fitting to the training data, models of local climate vulnerability are
estimated using ridge regression rather than ordinary least squares regression. To obtain
an unbiased average treatment effect but allow for heterogeneity in effect to the degree it
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improves performance, we impose a ridge penalty on the coefficients for the satellite features
(ψ) and other drivers of heterogeneity, but not the coefficients for the average treatment
effect (β0). We tune model hyperparameters using five-fold cross-validation on 80% of the
data and test on the remaining 20%. For model tuning and evaluation we split the data
randomly, by spatial groups, and by temporal groups to test performance under different
types of extrapolation. Model variables are residualized with respect to controls prior to
model training and evaluation to isolate plausibly random variation in climate variables that
is used to estimate effects on the social outcome that can be interpreted as causal (Proctor
et al., 2022; Hsiang, 2016). For example, yield and temperature data are demeaned and
detrended by spatial and temporal fixed effects in our application to U.S. agriculture. Un-
certainty of local climate vulnerability is estimated by calculating the sampling distribution
of estimates using a block bootstrap procedure (Fig. S3). MOSAIKS satellite image features
are calculated from a global cross-section of 2019 Planet Labs optical (i.e., red, green, and
blue) imagery with a pixel resolution of 4.77m×4.77m at the equator. The image features
are time-invariant and thus predict climate vulnerability over space (βi), but do not directly
predict the temporal variation in the social outcome (Y ) that is used for model evaluation.
The linear model structure enables the model to be trained on and make predictions for
irregularly shaped spatial units (Sherman et al., 2023). Model training and evaluation is
described in greater detail in the methods and supplement.

Results
We estimate the local vulnerability of agricultural productivity to temperature and soil
moisture shocks, human mortality to temperature shocks and buildings to flooding. In each
setting, we first replicate prior estimates of the average climate vulnerability across the entire
population. We then, holding other aspects of the model fixed, extend the model to predict
local climate vulnerability using information from the satellite imagery. We also predict local
climate vulnerability using conventionally modeled determinants of vulnerability including
average temperature, income, irrigation, or location, and compare these estimates with the
imagery-based estimates. Across settings, allowing the local response to vary according to
information in the satellite imagery improves model predictive performance relative to the
homogeneous model by 15-180% (Fig. 1C). We detail each setting below, beginning with a
set of synthetic data experiments.

Synthetic data experiments While ground truth estimates of local climate vulnerability
do not exist for comparison with our estimates, simulation experiments indicate that our ap-
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proach successfully predicts local climate vulnerability to the degree that the image features
are able to predict the determinants of vulnerability (see Supplementary Information A for
details).

U.S. Agriculture Analyzing county-level maize yields from 2000 to 2019 using an exper-
imental design similar to Schlenker and Roberts (2009) (Eqn. 5), we find that allowing the
temperature response of yields to differ across counties based on the satellite imagery of each
county increases the amount of interannual variability in yield explained by temperature and
precipitation by 26% for maize and 11% for soybeans, relative to the standard model with a
single homogeneous effect (Fig. 2 A-B, Table S1). Specifically, model R2 predicting annual
county yield anomalies from trend increases from 0.34 to 0.42 for maize and 0.23 to 0.26
for soybeans. The spatial distribution of this improved performance is shown in Fig. S4.
Predicting local vulnerability using satellite imagery performs better than using irrigation,
average temperature, or spatial features, such as the state or county of the observation, for
maize yields (Table S1, Fig. S5). For soybean yields, modeling local vulnerability by state
outperforms the satellite-based model (Fig. S6). For both crops, the best performing model
predicts local vulnerability using a combination of satellite imagery, spatial features, and
irrigation, and explains 43% of the year-to-year variance of maize yields and 27% of soybean
yields.

The importance of using ridge regression to adjust model complexity is shown by the
relatively poor performance of models that do not impose a ridge penalty when estimating
local climate vulnerability using spatial features (R2 is 0.35 for maize and 0.23 for soybeans
with the ridge penalty and 0.28 and 0.09 without when using county-level spatial features,
Table S1). This unpenalized approach is equivalent to estimating a separate regression for
each spatial unit (e.g., Butler and Huybers, 2013). The relatively small sample sizes of
unit-level regressions leads to more variable coefficients (Fig. S7) which reduces predictive
performance; penalizing these coefficients reduces their variance, leading to increased model
performance because model error stems from a combination of model bias and variance
(Hastie, Tibshirani and Friedman, 2009).

Response curves and maps of how changes in temperature influence maize and soybean
yields estimated using satellite imagery indicate substantial differences in agricultural climate
vulnerability across U.S. counties (Fig. 2 A-B). This estimated local vulnerability both
increases predictive performance and the local impact of high heat day differs significantly
from the homogeneous effect for 87% of the counties for maize, and 77% for soybean (p<0.05,
Fig. 2 and S3). Across counties, 18% have an estimated yield sensitivity to extreme heat (i.e.,
increases in temperature above 28◦C) that is more than twice the average sensitivity, and
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9% have an estimated sensitivity that is less than half the average sensitivity. This lack of
symmetry can be understood by the fact that the estimated average sensitivity is a variance-
weighted average of the local sensitivity (Goodman-Bacon, 2021) and that more sensitive
counties tend to have lower variance in extreme heat. Consistent with previous results,
irrigated farmlands – such as those in Mississippi, Louisiana, and Arkansas irrigated by the
Mississippi river, and in Nebraska irrigated by the Ogallala aquifer – are estimated to be less
vulnerable to extreme heat (p<0.01, Fig. S8), despite the fact that irrigation was not directly
specified as a determinant of vulnerability in the satellite-based model. Farmlands with
higher average temperatures are also, on average, estimated to be less sensitive to extreme
heat (p<0.01, Fig. S8). Importantly, however, there are also substantial differences in
climate vulnerability predicted by the satellite model that are not explained by either of these
previously studied determinants of agricultural climate vulnerability; average temperature
and irrigation together explain 21% of the variation in county-level climate vulnerability
predicted by the satellite-based model for maize, and 7% for soybeans. And maps of local
vulnerability estimated using satellite imagery differ substantially from maps of estimated
sensitivity using average temperature, irrigation, or spatial features (Figs. S5, S6). These
findings are robust to using alternative functional forms for the temperature response (Fig.
S9). The improved predictive performance and additional identification of local vulnerability
compared with previous approaches demonstrates the value of using satellite imagery to
predict local agricultural climate vulnerability.

The above results show model performance when splitting the data randomly into train-
ing, validation, and test sets. Evaluation using random splits is useful when one is interested
in understanding historical climate vulnerability within the same counties and years on which
the model is trained. A potential concern when evaluating performance using random splits,
however, is that correlation between observations in the training and tests sets could allow
even non-informative features to improve performance. To test for this possibility we conduct
a placebo test where we randomly shuffle the satellite image features, and find substantially
reduced performance very similar to that of the homogeneous effect (Table S1 model 5s).
This indicates that, rather than fitting to noise, the satellite image features contain substan-
tial information about climate vulnerability that improves model performance.

To evaluate the ability of the model to perform the more challenging tasks of extrap-
olating over space or time, we hold out observations in groups by county, state, or years.
Such extrapolation reduces the predictive performance of all models, and tends to reduce
the predictive performance of imagery-based model more than that of simpler models, due
to their greater complexity. In all extrapolation exercises, however, performance of the
satellite-based model remains higher than the homogeneous model. Qualitative results are
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the same when extrapolating to randomly held out observations and to observations held-out
by county. When extrapolating to held out states, models based on irrigation and average
temperature have higher performance than the satellite-based model. When extrapolating
to held-out 2-year time periods, satellite-based models and location-based models perform
equally well for maize; for soy, irrigation-based models perform best in this setting. Es-
timates of local climate vulnerability using these different cross-validation approaches are
similar (Fig. S10,S11). With few exceptions across all evaluation approaches, models using
the combination of satellite imagery, location, and irrigation perform the best.

U.S. Human Mortality We estimate the local vulnerability of human mortality to tem-
perature shocks across the U.S. using state-by-month observations of mortality and temper-
ature from 1930 to 2015, building on the approach of Young and Hsiang (2024) (Eqn. 11).
Allowing the influence of temperature on U.S. state-level mortality rates to differ based on
imagery increases the amount of month-to-month variability in mortality explained by 26%,
relative to the homogeneous model (R2 increases from 0.034 to 0.043, Table S2). Predicting
local vulnerability using imagery performs better than using average temperature, median in-
come or spatial features. And these findings hold when observations are held-out randomly,
spatially or temporally during cross-validation. A placebo test where the satellite image
features are randomly shuffled shows substantially reduced performance (Table S2), again
indicating that the satellite image features contain substantial information about climate
vulnerability that improves model performance. Interestingly, the model using the shuffled
image features performs close to as well as the model using spatial features, indicating that
the shuffled satellite image features are able to act as a mathematical indicator for the state
of interest. Accordingly, performance using the shuffled satellite features drops substantially
when the model is evaluated on data from states not used for model training, rather than
on randomly held out observations.

Estimated response curves and maps of mortality sensitivity to cold and heat indicate
that the increase in performance when using the imagery-based model is driven by substan-
tial local vulnerability and resilience predicted by the image features (Fig. 2C) that is not
fully recovered using average temperature, median income or spatial features (Fig. S12).
Consistent with prior findings (Heutel, Miller and Molitor, 2021; Carleton et al., 2022), mor-
tality has a U-shape response to monthly average temperature, with hotter places generally
less sensitive to heat waves but more sensitive to cold spells, and colder places generally
less sensitive to cold spells but more sensitive to extreme heat. Accordingly, the temper-
ature leading to the lowest mortality rates is substantially higher in the South than the
North, potentially indicating adaptive responses in these areas to their hotter climatology
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(Fig. S12). Importantly, there is also substantial variation in local vulnerability estimated
using the satellite imagery that improves model performance but is not explained by tem-
perature or income, which together explain only 48% of the variation in predicted local
sensitivity to cold spells (i.e., decreasing monthly temperature under 20◦C) and 21% to heat
waves (i.e., increasing monthly temperature over 20◦C). For example, New Mexico, Colorado
and Wyoming are estimated to be relatively resilient to extreme heat using satellite imagery,
whereas estimates of vulnerability using average temperature indicate the opposite, and have
lower predictive performance. Across states, nearly a quarter have an estimated sensitivity
to heat waves that is more than 50% greater than the average sensitivity, and one tenth
have an estimated sensitivity that is less than half the average sensitivity to heat. With
respect to cold spells, over a third of states have an estimated sensitivity that is over 50%
larger than the average, and a tenth of states have an estimated sensitivity that is less than
half the average. Collectively, these results indicate that human mortality vulnerability to
changes in temperature differ substantially across U.S. states, and that satellite imagery can
be used to estimate this vulnerability at a local level, with performance exceeding that of
commonly used approaches.

U.S. Flooding We estimate how floods of differing depths damage structures using mil-
lions of claims from the National Flood Insurance Program aggregated to the county-by-day
level in the United States from 1970 to 2020, building on the approach in Wing et al. (2020)
(Eqn. 13). Allowing the influence of flood depth to differ based on imagery increases the
amount of temporal variability in building damage explained by 31%, relative to the homo-
geneous model (Table S3, R2 increases from 0.075 to 0.098). Like agriculture and mortality,
satellite imagery reveals substantial differences in local vulnerability, with 8% of counties
having 1.5 times the average damages from an increased foot of flooding, and 30% of counties
having half the average damages.

In the case of building damages from flooding, while satellite imagery improves perfor-
mance relative to the homogeneous model, other variables are stronger predictors of local
vulnerability than satellite imagery (Table S3, Fig. S13). For randomly held-out evaluation
sets, county-level spatial features deliver the highest performance of all models (R2 = 0.099).
And for evaluation sets held-out by county , state, or years, models based on historical aver-
age flood depth exposure outperform satellite and other features. The difficulty of satellite
models to predict and extrapolate local vulnerability in this setting could be because many
of the determinants of vulnerability, such the building materials or the presence of below-
ground living spaces, are not directly visible in the imagery, and so the satellite-based model
must instead use visible proxies. Accordingly, placebo tests using shuffled satellite image
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features lose little performance relative to the unshuffled features. In combination with the
high performance of the spatial features, this indicates that the satellite image features may
be largely capturing spatial information, which indirectly determines vulnerability, rather
than directly capturing the determinants of vulnerability themselves. Though imagery is
not the strongest predictor of local vulnerability to flooding it does still complement mod-
els using other features – models using both historical flood exposure and satellite features
have the best performance out of all models for both spatial and temporal extrapolation.
Collectively, these results indicate that there are substantial differences across space in local
vulnerability to flooding, and that this vulnerability can be partially estimated using satellite
imagery, but that other variables are stronger predictors and can be used in combination
with satellite imagery for the best performance.

Global Agriculture A strength of using satellite imagery to predict climate vulnerability
is that it can be used anywhere, even where traditional sources of data on the determinants
of vulnerability are inaccurate or unavailable. We estimate the local vulnerability of maize
and soybean yields globally to temperature and soil moisture shocks using country-by-year
observations of crop yields from 2007-2018, building on the analysis in Proctor et al. (2022)
(Eqn. 9). We find that allowing the effects of temperature and soil moisture on agricultural
productivity to differ across space according to satellite imagery increases the amount of
interannual variability in yield explained by 66% for maize and 85% for soybeans (Table S4).
The R2 predicting yield anomalies with temperature and soil moisture increases from 0.09
to 0.15 for maize and 0.11 to 0.19 for soybeans.

For both crops, predicting local climate vulnerability using satellite imagery outperforms
the use of spatial features, irrigation, or climatological temperature and soil moisture when
evaluating on randomly held-out test sets. When extrapolating to new countries, the perfor-
mance of the imagery-based model remains highest for both crops. When extrapolating to
new years of data, the satellite-based model remains the best performing for maize, but for
soybeans, modeling vulnerability using climatological temperature and soil moisture has the
highest performance. Placebo tests using shuffled image features have substantially lowered
performance for all crops and evaluation settings with performance generally similar to the
homogeneous response. This indicates that the satellite image features are contributing sub-
stantially to model performance. The one exception is temporal extrapolation for soybeans
where the shuffled model has a relatively high, but also highly uncertain, performance that
is not statistically distinguishable from the unshuffled performance. The ability of satellite
imagery to complement directly specified determinants of vulnerability is again indicated
by the increased performance of using imagery and irrigation together, compared with each
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individually. In many but not all evaluation settings this is the best performing model.
The increase in predictive performance when using the satellite image features is driven

by substantial differences in local vulnerability to temperature and soil moisture shocks
across populations (Fig 3 A,C). For maize, 35% of countries have a sensitivity to extreme
heat that is greater than twice the population average and 32% have one that is less than half
the homogeneous response; 66% have a sensitivity to drought that is twice the population
average and 25% have a sensitivity that is half the population average; and 73% show an
impact of sodden conditions that is negative, whereas the population average response is
positive. The impacts of heat, drought and sodden conditions on soybean yields similarly
differ strongly across global agricultural lands.

We find a latitudinal gradient in vulnerability to extreme heat for both crops (Fig 3A, S14,
S16) that is driven in part by hotter areas having lower sensitivity to extreme heat (p< 0.01

for both crops), consistent with prior estimates (Hultgren et al., 2025). We also find greater
sensitivity to oversupply of water in irrigated areas (p< 0.1 for both crops), likewise con-
sistent with prior work (Proctor et al., 2022). Importantly, however, the satellite-recovered
local vulnerability cannot be fully explained by these commonly used determinants of local
vulnerability (Fig. S14, S15, S16, S17). For maize, 47% of the variability in local vulnerabil-
ity to extreme heat, 19% of local vulnerability to drought, and 52% of local vulnerability to
sodden conditions can be explained by average temperature, average soil moisture, and irri-
gation; the remaining estimated differences in vulnerability may be explained by differences
in agricultural practices, infrastructure, or environmental services across farmlands that are
visible in the imagery. For soy these commonly used determinants can explain 37%, 47%,
and 38% of the local vulnerability to extreme heat, drought, and sodden conditions measured
by the imagery. Collectively, these results demonstrate that satellite imagery can be used to
predict local climate vulnerability at global scale. Given that poor regions tend to be both
data scarce and particularly vulnerable to climate change, it is encouraging that satellite
imagery delivers the largest increase in performance for predictions of climate vulnerability
when applied at global scale. This result is also intuitive, given the diversity of agricultural
practices across global croplands that could lead to different levels of climate vulnerability.

Predictions of vulnerability at fine resolution Many use cases would benefit from
predictions of vulnerability at finer resolution than the social outcome data used for training.
Here, we build from prior theoretical and empirical demonstrations of the ability of the
MOSAIKS approach to make predictions at finer resolution than the training data (Rolf
et al., 2021; Sherman et al., 2023) to make predictions of climate vulnerability at sub-
national resolution globally. The MOSAIKS approach can make predictions at various spatial
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resolutions because it captures information about small sub-regions of the imagery and then
averages that information to the image scale. This, combined with the linearity of the
regression model used to relate these image features to climate vulnerability, means that the
coefficients learned at the image scale can also theoretically be used to predict vulnerability at
the sub-image scale. We evaluate the ability of the MOSAIKS approach to make predictions
of climate vulnerability at finer resolution than the training data both empirically (Fig. S18)
and in simulation (Fig. S19) and find that it is able to capture substantial information on
vulnerability, though not all, within the spatial units on which it was trained.

We use our trained model to make predictions of maize yield vulnerability across global
cropped areas at 0.25◦ × 0.25◦ resolution (Fig. 3). In contrast with the aggregation of these
estimates at the national level, the fine-resolution local predictions of climate vulnerability to
extreme heat, drought, and flooding vary more smoothly across space. These results indicate
that while country-level vulnerability assessments improve substantially upon global average
estimates, there is also substantial variation in vulnerability within countries.

Example applications Improved predictions of climate vulnerability could be used to
improve management of climate hazards, inform investment in adaptation to climate change,
and design climate policy. One specific way to improve hazard management is through better
prediction of damages, such as those of the 2012 North American heat-wave. This heat-wave
increased average growing season temperatures by over 1◦C and decreased observed maize
yields by roughly a fifth on average across counties east of the 100th meridian (Fig. 4 A-B).
We find that predictions of yield losses in 2012 that incorporate satellite imagery to predict
local temperature vulnerability perform 16% better than models assuming a homogeneous
population-average effect (Fig. 4 C-D, R2 increases from 0.43 to 0.50; model not trained
on data from 2012). Importantly, satellite-based predictions of local vulnerability improve
predicted 2012 crop losses by improving estimates for those who incurred the largest yield
losses; the maximum predicted county-level yield loss is 42% under the homogeneous model,
58% under the satellite-based model, and 62% in observations.

Another application of local climate vulnerability estimates is to project how social out-
comes might be affected by climate change. Projections of yield impacts from 1 ◦C of
warming on U.S. maize yields substantially differ when using the traditional homogeneous
model compared with the imagery-based model (Figure 5A). Projected damages are overes-
timated using the traditional model in the South, particularly in irrigated areas around the
Mississippi River, and underestimated in the Eastern U.S. from Virginia to Georgia. Our
results thus suggest a substantial spatial re-distribution of projected climate damages to U.S.
agriculture. While average projected yields are relatively similar using the homogeneous and
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satellite-based models for 1◦C of warming, at higher levels of warming the satellite-based
model projects relatively larger yield losses due to its greater estimated climate vulnerability
in historically cooler locations (Figure S20).

Projected impacts of 1 ◦C of warming on U.S. mortality rates also substantially differ
when using the homogeneous model compared with the imagery-based model. Instead of
substantial reductions in mortality rates in the North and increases in the South, the imagery-
based model generally projects relatively moderated effects of climate change. The satellite-
based model suggests that the central U.S. will have increased mortality rates with warming
but that the coasts will see reductions in mortality.

Discussion
Populations differ substantially in their vulnerability to climate hazards, and satellite im-
agery offers a generalizable and universally available source of information to predict this
vulnerability. Models of climate vulnerability using satellite imagery generally outperform
traditional approaches using hand-selected covariates or spatial features, and their combina-
tion offers the best estimates. Improved predictions of local climate vulnerability are useful
for better estimating damages from extreme weather events and climate change, especially for
the most vulnerable populations. The additional information provided by satellite imagery
is likely to be of most use in traditionally data poor regions, where data on the determinants
of climate vulnerability from traditional sources are lacking. The developed approach to
estimate local vulnerability using satellite imagery is relatively easy to use and can likely be
applied to a broad range of panel fixed effects regression settings where the determinants of
effect heterogeneity are visible in satellite imagery. To estimate satellite-based local effects,
a user would need to download publicly available MOSAIKS features from mosaiks.org,
spatially merge them with with their panel dataset, add an interaction term between the
satellite features and the treatment effect of interest, and re-run their analysis using ridge
regression rather than ordinary least squares regression.

In addition to obtaining skillful estimates of local climate vulnerability, it would be use-
ful to understand how the model is making these estimates and what specific variables are
responsible. One interpretation of how the model works is that it effectively groups together
locations that look similar, and then estimates separate effects in each of these groups.
Consistent with this interpretation, grouping U.S. counties by their satellite-estimated vul-
nerability of maize yields to extreme heat and then re-estimating vulnerability within each
group using traditional ordinary least squares regression gives similar estimates (Pearson’s
ρ2=0.94, Figure S21). These groups share visual similarities. For example, counties in the

14

mosaiks.org


Mississippi River delta from Arkansas, Mississippi and Louisiana share a characteristic look
of rivers winding through farmlands and are collectively less sensitive to extreme heat (Fig.
2A). In contrast, Northeastern Mississippi appears more mountainous and woody and, like
much of visually similar Appalachia, has much higher sensitivity to extreme heat. Southwest-
ern Georgia and southeastern Alabama are also particularly resistant to extreme heat and
share visibly distinctive central pivot irrigation systems that are fed by the Floridian Aquifer.
To further understand the drivers of climate vulnerability represented in the imagery we can
visually inspect fine-resolution predictions of vulnerability made using the same approach as
in Fig. 3 B,D. In Morehouse County, Lousiana we can see that, within the county, the areas
surrounding the river and with low background vegetation – characteristic of the Mississippi
River delta – are predicted to have low maize-yield sensitivity to extreme heat, whereas
non-riverine areas with higher background vegetation are predicted to be more vulnerable
(Fig. S22). While it is not possible to fully interpret what variables are driving predicted
vulnerability, these approaches provide a rich entry-point for understanding determinants of
vulnerability beyond what are able to be measured using traditional data sources.

While this approach using satellite imagery provides additional predictive power for un-
derstanding differences in local climate vulnerability across space, additional work is needed
to adapt the method to estimate changes in vulnerability over time. Estimates suggest, how-
ever, that adaptation efforts have not been largely successful in reducing vulnerability over
time in aggregate (Burke et al., 2024), indicating that spatial differences in local vulnerability
may be larger than temporal differences.

Simulation experiment results indicating that the method captures local vulnerability
to the degree to which determinants of vulnerability are visible in imagery suggest the ap-
proach will be more effective for some social outcomes than others. Improved approaches
for extracting information from imagery, or use of additional spectral image bands beyond
red, green, and blue, could potentially improve performance and is a valuable direction for
future research.

Improved estimation of local vulnerability contributes to understanding of the degree to
which populations have adapted to their local climate, which is useful for understanding
the degree to which populations could adapt to future climate changes. However, local
vulnerability can also be driven by factors not necessarily related to human adaptation,
such as the type or quality of agricultural soils, the availability of groundwater, or the
influence of local landscape topology on flooding vulnerability. Our hope is that better
measurements of local vulnerability can facilitate improved understanding of its determinants
and, in turn, allow for more efficient investments in increased climate change resilience and
disaster response.
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Our results indicate that the average treatment effect is often a poor representation of
how weather shocks and climate change influence various dimensions of human wellbeing.
While estimating local dose-response functions substantially increases the complexity of the
model, we see here that we are able to control model complexity – through the use of ridge
regression and cross-validation – to be only as high as is supported by the data. And by
paring these tools with panel fixed effect methods, this approach provides causal estimates
with substantially improved predictive power. It is likely that this combination of (1) fixed
effects to set the experimental design, (2) satellite imagery – or other descriptive features – to
allow for heterogeneity in treatment effects across space, and (3) ridge regression paired with
cross validation to select the model that best fits the data can be used across a broad range
of studies. Doing so will improve understanding of not only the average effect of treatments,
but also their local effects and how these effects are distributed across the population of
interest.
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Figures

Figure 1: Predicting vulnerability to climate hazards using satellite imagery A)
Empirical approaches combine social outcome data and weather data to estimate climate-
outcome dose-response functions. Steeper response functions indicate greater vulnerability
and flatter response functions indicate lesser vulnerability. B) Our approach uses satellite
imagery to estimate local climate vulnerability – i.e. local dose-response function between
social outcomes and climate variables. C) When applied to a variety of social outcomes
our approach improves predictive performance relative to models using a single homoge-
neous effect (circles), spatial features such as the county, state, or country of an observation
(triangles), and climatological features such as the average temperature of an observation
(squares). For spatial features, here we compare to an indicator for the panel unit of obser-
vation; performance using coarser spatial units is shown Tables S1,S2,S3,S4.
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Figure 2: Local vulnerability of U.S. crop yields to temperature, human mortality
to temperature, and buildings to flooding predicted using satellite imagery. Each
response function indicates the vulnerability for a given county (for agriculture and buildings)
or state (for mortality). Response functions are shown across the historic range of local
exposure for each administrative unit. Maps show how the predicted benefits of warming
and damages from extreme heat, as well as flooding, differ across space.
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Figure 3: Local sensitivity of maize yields to temperature and soil moisture glob-
ally predicted by satellite imagery. Panels A and B show estimated maize yield sen-
sitivity to extreme heat using satellite imagery at the national and subnational resolution.
Panels C and D show estimated maize yield sensitivity to dry soils at national and subna-
tional resolution.
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Figure 4: Improved prediction of yield losses from the 2012 North American
heatwave using satellite-based predictions of local vulnerability. A) The maize
growing season temperature anomaly. B) The observed yield anomaly. C) Observed and
predicted yield anomalies; each point represents values for a county and year. Model results
come from the 2 Year OOS model (Table S1), where observations from 2012 and 2013 are
not included in model training.
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Figure 5: Imagery-based predictions of local vulnerability indicate different pro-
jected effects of 1 ◦C of warming on U.S. annual maize yields and mortality rates.
Projected effects of 1◦C warming using the homogeneous model, the satellite-based model,
and their difference for maize yields and mortality.
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Methods

1.1 Data and model specifications

1.1.1 Satellite image features

We use pre-computed MOSAIKS satellite image features produced from Planet’s Surface
Reflectance Basemaps product from 2019, which has a pixel resolution of 4.77m x 4.77m at
the equator (Carleton, Chong, Druckenmiller, Noda, Proctor, Rolf and Hsiang, 2022). The
features are produced using the random convolutional features method described in Rolf et al.
(2021). Features are available on a global 0.01◦ x 0.01◦ equal-angle grid for all land tiles with
available imagery, amounting to ≈ 151 million feature vectors in total. Features are often
unavailable above 60◦ latitude, due to a lack of available imagery. We use 4000 task-agnostic
daytime image features. Half of these features use a patch size of 4 x 4 x 3 pixels, and the
other half use a patch size of 6 x 6 x 3 pixels. The third dimension of the patch size refers to
the color bands (i.e., red, green, and blue) available in Planet imagery. Daytime quarterly
image mosaics are processed by Planet to minimize cloud cover, balance color across seasons,
and remove seams from images (Planet Team, 2017; Carleton, Chong, Druckenmiller, Noda,
Proctor, Rolf and Hsiang, 2022). Data from quarter 3 is used to produce the features because
it corresponds with less ice coverage in the northern hemisphere and less cloud cover in the
tropics.

Aggregating satellite image features to administrative polygons To connect the
satellite image features to the tabular data on crop yields, mortality rates, and flooding
damage, we aggregate MOSAIKS features from their 0.01◦ x 0.01◦ source resolution to the
administrative polygon level (i.e., county, state, country) by taking a weighted average of
the feature values, following Sherman et al. (2023). Flood and mortality data are aggregated
using population weights from the Gridded Population of the World (Center for International
Earth Science Information Network , CIESIN). U.S. and global agricultural yield data are
aggregated using cropped area weights from EarthStat (EarthStat, N.d.).

1.1.2 U.S. agriculture: model specification and data

Following Schlenker and Roberts (2009), we estimate the homogeneous nonlinear influence
of temperature on crop yields by regressing the logarithm of yields, Y , in a given county, i,
and year, t, on features representing the distribution of temperature and rainfall during the
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growing season:

Yit = β1GDDit + β2KDDit︸ ︷︷ ︸
temperature response

+ β3P + β4P
2 + αi + δst︸ ︷︷ ︸

controls

+ϵit (5)

Effects are estimated separately for maize and soybeans. To estimate the nonlinear effect
of daily temperature on yields we calculate the number of growing degree days (GDD) and
killing degree days (KDD) across the growing season from the daily temperature data in
each county over cropped areas, following e.g., Schlenker and Roberts (2009); Butler and
Huybers (2013). We use June, July and August as the growing season; results are consistent
using state-specific usual planting and harvesting dates (of Agriculture National Agriculture
Statistics Service, 2010). We model precipitation, P , quadratically using as features the
growing season average of linear and squared daily precipitation values. The model includes
flexible spatio-temporal controls: county-specific fixed effects, αi, and state-specific linear
time trends δs · t. These account for any time-invariant differences between counties such
as soil type, and for county-specific trending variables such as technological adoption. β1

and β2 are the coefficients of interest for this homogeneous model and form the response
functions shown in black lines in Fig. 2 A-B.

To estimate local nonlinear response functions using satellite imagery, we add interaction
terms to the model, following Equation 4:

Yit = β1GDDit + β2KDDit︸ ︷︷ ︸
homogeneous response

+ψGDDXiGDDit + ψKDDXiKDDit︸ ︷︷ ︸
satellite-based heterogeneity

(6)

+ β3P + β4P
2 + αi + δi∈state · t︸ ︷︷ ︸
controls

+ϵit

where Xi represents the satellite image features for county i. Note that ψGDD and ψGDD

are 4000-dimensional vectors, not scalars, with a coefficient for each dimension of the image
features (X). β1 and β2 give the average response across all counties and ψGDDXi and
ψKDDXi tell how the response for county i differs from that average response. Thus, the
response curve for each county is the determined by β1, β2, ψGDDXi, and ψKDDXi.

To estimate local response functions using spatial features, Si, we similarly interact these
with the temperature features:

Yit = β1GDDit + β2KDDit︸ ︷︷ ︸
homogeneous response

+κGDDSiGDDit + κKDDSiKDDit︸ ︷︷ ︸
spatial-based heterogeneity

(7)

+ β3P + β4P
2 + αi + δi∈state · t︸ ︷︷ ︸
controls

+ϵit (8)
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where, like a county fixed effect, Si is a set of indicators for whether county i is in a given
state or county, depending on the set of spatial features used. To estimate heterogeneity
in response with respect to irrigation or average temperature, these variables are similarly
added as interaction terms with the temperature features, following, for example, Proctor
et al. (2022).

Yield and irrigation data Yield data come from the United States Department of Agri-
culture National Agricultural Statistics Service (USDA NASS) (National Agricultural Statist-
cis Service - Quick Stats, N.d.). We use county-level annual yield observations from 2000
to 2020 in this analysis. We analyze counties with a centroid east of the 100th meridian
to exclude the qualitatively distinct arid portions of the western United States, following
e.g., Schlenker and Roberts (2009); Butler and Huybers (2013). The panel contains 29,405
county by year observations for maize from 1,684 counties and 26,723 observations for soy-
beans from 1,496 counties. Irrigation data are also from USDA NASS. We take irrigation
data from 2012 because it is roughly the middle of our panel; we assume that irrigation does
not change over time. The irrigation feature we use in the model is the fraction of total
harvested acres that is equipped for irrigation; this feature is not crop-specific.

Temperature and precipitation data Surface (2m) air temperature data for the U.S. at
4km by 4km resolution are from the Parameter-elevation Regressions on Independent Slopes
Model (PRISM) (Daly, Taylor and Gibson, 1997). Following Schlenker and Roberts (2009)
we construct GDD and KDD variables using a daily sinusoidal temperature approximation
from the observed daily minimum and maximum temperature using a kink point of 28◦C.
These GDDs and KDDs are summed over the length of the growing season, which we assume
to be June 1 to Aug 30 for all US counties.

1.1.3 Global agriculture: model specification and data

Following Proctor et al. (2022), we estimate the influence of temperature, T , and soil mois-
ture, S, on crop yields by regressing the logarithm of yields, Y , in a given country, i, and
year, t, on features representing the distribution of temperature and soil moisture during the
growing season:

Yit =
3∑

k=1

βTk Rk(T )it︸ ︷︷ ︸
temperature response

+
3∑

k=1

βSkRk(S)it︸ ︷︷ ︸
soil moisture response

+αi + δit︸ ︷︷ ︸
controls

+ϵit (9)
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The climate variable features are restricted cubic spline transformations of daily maximum
surface air temperature (Rk(T )it) and surface soil moisture (Rk(S)it) over the growing season.
Like GDD and KDD, which form a piecewise linear spline, restricted cubic splines allow for a
nonlinear response of yield to daily temperatures; see Proctor et al. (2022) for details. We also
include country fixed effects (αi) linear time trends for each country δit. The homogeneous
response function for temperature is determined by βT1 , βT2 , and βT3 .

To estimate local response functions using satellite imagery, we add interaction terms to
the model:

Yit =
3∑

k=1

βTk Rk(T )it︸ ︷︷ ︸
homogeneous temperature response

+
3∑

k=1

ψTkXiRk(T )it︸ ︷︷ ︸
satellite-based heterogeneity

+ (10)

3∑
k=1

βSkRk(S)it︸ ︷︷ ︸
homogeneous soil moisture response

+
3∑

k=1

ψSkXiRk(S)it︸ ︷︷ ︸
satellite-based heterogeneity

+

αi + δit+ ϵitαi + δit︸ ︷︷ ︸
controls

+ϵit

where Xi represents the satellite image features for country i, which is interacted with the
features for temperature to allow the nonlinear response of temperature to differ across coun-
tries according to the imagery. Interactions with spatial features, irrigation, and climatology
are specified similarly to those for U.S. agriculture.

Yield, temperature, soil moisture and irrigation data Data are obtained from Proc-
tor et al. (2022) – see the data description therein for details. In brief, we use national level
annual yield data for maize and soybeans from the Food and Agricultural Organization of
the United Nations from 2007-2018 (FAOSTAT Crops and Livestock Products, N.d.). Daily
temperature data comes from the Climate Prediction Center (CPC Global Daily Tempera-
ture, N.d.) and daily soil moisture data comes from the European Spaces Agency Climate
Change Initiative Plus Soil Moisture Project v.06.1 dataset (Dorigo et al., 2017; Gruber
et al., 2019). To match the national yield data to the distribution of daily temperature
and soil moisture during the growing season, we take the cropped-fraction-weighted mean of
each variable’s restricted cubic spline features over year 2000 cropped area (Monfreda, Ra-
mankutty and Foley, 2008) and the growing season (Sacks et al., 2010). The sample contains
1,047 country-year observations for maize and 693 for soybeans. Irrigation is specified as
the fraction of crop-specific cropped area in each country equipped for irrigation. Irrigation
data is for the year 2005 from the Global Map of Irrigation Areas v.5 (Stefan et al., 2013).
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1.1.4 US Mortality: model specification and data

Following Young and Hsiang (2024), but not including tropical cyclone effects, we estimate
the influence of temperature, T , on the mortality rate (deaths per 100k individuals per
month), M , in a given state, i, and month-of-sample, t using the following specification:

Yit =
4∑

k=1

βkT
k
it︸ ︷︷ ︸

temperature response

+µ1mit +
8∑

n=1

(ηnsit
n) + µ2mitt+ µ3ht︸ ︷︷ ︸

controls

+ϵit. (11)

The temperature response is modeled using a fourth-order polynomial in monthly average
surface air temperature. We include the same spatiotemporal controls as Young and Hsiang
(2024): mit are state-by-month-of-year fixed effects,

∑8
n=1(si · tn) are state-specific eighth-

order polynomial time trends, mit ·t are state and month fixed effects interacted with a linear
trend in month-of-sample, and ht are national month-of-sample fixed effects.

To estimate local temperature response functions using satellite imagery we add interac-
tion terms to the regression model:

Yit =
4∑

k=1

βkT
k
it︸ ︷︷ ︸

homogeneous response

+
4∑

k=1

ψkXiT
k
it︸ ︷︷ ︸

satellite-based response

+

µ1 ·mit +
8∑

n=1

(ηn · si · tn) + µ2 ·mit · t+ µ3 · ht︸ ︷︷ ︸
controls

+ϵit

(12)

where Xi represents the satellite image features for state i. Interactions with spatial features,
income, and climatology are specified similarly to those for U.S. agriculture.

Mortality, temperature, and income data We use U.S. mortality and temperature
data from Young and Hsiang (2024). Their dataset provides N = 37,044 observations of
temperature and mortality at the state-year-month level from 1950-2012. Young and Hsiang
(2024) compile all-cause mortality data from Barreca et al. (2016) and the public Center for
Disease Control and Prevention Underlying Cause of Death database. The authors spatially
aggregate average monthly temperature data from Berkeley Earth Surface Temperatures
(BEST) to the state-level; see Young and Hsiang (2024) for details. For estimating hetero-
geneous effects of temperature by income, we use median household income data by state
from the 2020 American Community Survey.
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1.1.5 US Flood Damages: model specification and data

We estimate the homogeneous influence of flood depth, D, on the fraction of property value
damaged, Y as follows:

Ycit = β1Dit︸ ︷︷ ︸
flood depth response

+αi + δst︸ ︷︷ ︸
controls

+ϵit (13)

where c indexes each NFIP claim, i indexes the county for each claim, t indexes the year
of each claim’s date of loss, and s indexes state. The outcome, Y , is relative damage, i.e.,
building damages from flooding divided by the property value. The county fixed effects,
αi, and state-specific linear time trends, δst, account for potential unobserved confounding
factors.

To estimate local building vulnerability to flooding we add interaction terms to the model:

Ycit = β1Dit︸ ︷︷ ︸
homogeneous response

+ ψXiDit︸ ︷︷ ︸
satellite-based heterogeneity

+αi + δst︸ ︷︷ ︸
controls

+ϵit (14)

where Xi represents the satellite image features for county i.

Flood depth and building damage data We obtain National Flood Insurance Program
(NFIP) claims data from the U.S. Federal Emergency Management Agency (FEMA) for the
years 1970 through 2020. These include both the flood depth data and the damages data.
We follow the data cleaning steps outlined in Wing et al. (2020), focusing on claims for one-
story residential buildings without a basement and with flood depths between one and eight
feet. Of these, our analysis includes only claims with corresponding county information. The
full, cleaned dataset contains 433,679 claims from 1970 to 2020.

1.2 Model training and evaluation

1.2.1 Estimating causal effects using panel fixed effects regression models

Following the climate econometrics literature, the regression models used here aim to esti-
mate causal effects of climate variables on social outcomes. They do so by isolating variation
in the climate variable that is arguably as good as randomly assigned using a set of model
“fixed effects.” These spatiotemporal controls generally account for average differences across
space and time in the social outcome and climate variable. After accounting for these con-
trols, causal effects are estimated by analyzing anomalies in the climate variable with respect
to anomalies in the social outcome variable. For a detailed discussion of these methods see
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Hsiang (2016).

1.2.2 Residualizing data to estimate causal effects

The estimation of these panel fixed effects regression models can be viewed in two steps
(Proctor et al., 2022; Hultgren et al., 2025). In the first step, the social outcome variable and
climate variable are “residualized” with respect to the model controls, generating anomalies
(Y ′ and C ′). This step sets the experimental design by isolating variation that is plausibly
as good as randomly assigned enabling estimated effects to be interpreted as causal. This
step is implemented by regressing both the outcome variable and the climate variable on
the controls and then computing the the residuals. In the second step, these anomalies (i.e.,
residuals) are used to identify the response function of interest by regressing the anomalies
of the social outcome variable on the anomalies of the climate variable. Importantly, this
two step process of residualizing and then regressing gives the same estimated response
curve as a single regression of the social outcome variable on the climate variable plus the
controls, according to the Frisch-Waugh-Lovell Theorem (Wooldridge (2010)). Here, the two
step procedure is useful because it allows us to conduct model evaluation using only the
identifying variation of interest (i.e., Y ′ and C ′). The fraction of the identifying variation
in the social outcome explained by the identifying variation in the climate variable is called
the “within-R2”.

When residualizing the interation terms in the model specification (e.g., ψXiCit from
Equation 4) we implement a double-residualizing procedure following Giesselmann and Schmidt-
Catran (2022). Specifically, we residualize the treatment variable (e.g., temperature) with
respect to the model fixed effects prior to creating the interaction terms and then we also
residualize the interaction terms. We do not also residualize the satellite features in the
first step because they are time constant and could have no variation remaining after being
residualized by location fixed effects.

1.2.3 Including a ridge regression penalty to avoid overfitting

Homogeneous models are trained using ordinary least squares regression meaning that the
coefficients are chosen to minimize the squared difference between predicted and observed
values. Models of local vulnerability that include heterogeneous effects using satellite, spatial,
or other features are trained using ridge regression. A ridge penalty term is useful in this
setting for controlling model complexity, which could otherwise be too high given the large
number of satellite (k=4,000) or spatial (e.g., k=1,684 U.S. counties) features. A ridge
penalty is applied only to these terms that drive heterogeneity (i.e., ψ in Equation 4).

33



This means that the coefficients are chosen to minimize the squared difference between the
predicted and observed values plus a penalty term related to the magnitude of ψ. The
magnitude of this penalty is chosen to maximize out-of-sample predictive performance as
measured by cross validation in the training and validation set, discussed below. If there is
no useful heterogeneity in response captured by the satellite features (X), then ψ will be
shrunk to zero by the penalty term. And if there is plenty of useful heterogeneity in response
captured by the satellite features, then ψ will be relatively large and contribute to model
predictive performance (i.e., reducing the difference between predicted and observed values
despite incurring a penalty for its size).

In some models we combine multiple types of features when estimating local climate
vulnerability. When we do so, we include and tune a separate ridge penalty for each set of
features. For example, in Model (7) of Table S1 we include a separate penalty value for the
state, satellite, and irrigation interaction terms. These multiple hyperparameters are tuned
sequentially. In the global agriculture models, we allow for separate hyperparameters for the
soil moisture and temperature response curves. This means, for example, that in Model (5)
of Table S4 we tune the hyperparameter for the temperature × satellite image interactions
and then tune a second hyperparameter for the soil moisture × satellite image interactions.

1.2.4 Cross-validation for model selection and out-of-sample performance esti-
mation

Models are trained and evaluated using a two-stage cross-validation procedure. The so-
cial outcome variable and climate variable are residualized with respect to the model con-
trols before cross-validation to isolate the identifying variation. During the two-stage cross-
validation procedure the data is first split into five folds. The first fold (20% of the data)
is assigned to be the test set and the remaining four folds (80% of the data) is assigned to
be the training and validation set (see Fig. S2). The model is trained in the training and
validation set and then used to make predictions in the held-out test set. For the models
with a ridge penalty, the ridge penalty is selected by conducting an inner round of 5-fold
cross-validation in the training and validation set. The ridge model is then re-estimated
using the selected penalty value and full training and validation set before being applied to
the test set. After this first round of training and testing is complete, the second fold is
assigned to be the test set and the remaining four folds are assigned to be the training and
validation sets. The process repeats until all five folds have been used as a test set. The
model performance is the within-R2 calculated on the predicted and true values for the five
combined tests sets.
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1.2.5 Data splitting for cross-validation

Generally, the type of extrapolation evaluated in cross-validation should match the way
the model is used in practice. We use three types of data splitting when conducting cross
validation to understand model performance when extrapolating in different contexts.

Uniform at random splits Evaluation using random splits is useful when one is inter-
ested in understanding model performance within the same context in which the model was
trained, and is common practice in the climate impacts literature (Proctor et al., 2022; Hult-
gren et al., 2025). This is useful, for example, for understanding how well a model trained
on national yield data globally could predict damages from a drought in a given country and
year. And for understanding, historically, what the relationship between extreme heat and
crop yields has been.

Spatial splits We conduct spatial cross-validation by splitting data into folds by admin-
istrative units (i.e., county, state, or country). This forces models to make prediction on, for
example, data from states on which the model was never trained. This is useful for testing
the degree to which a model can extrapolate well to new regions on which it was not trained.

Temporal splits We conduct temporal cross-validation by splitting data into folds by
consecutive two-year periods. Note that rather than 5-folds, this generates a number of folds
equal to the number of years in the dataset divided by two. Testing is still conducted on a
single fold and training on the remaining folds.

1.3 Uncertainty estimation

We use a block bootstrapping approach to estimate sampling uncertainty of model perfor-
mance, response functions, and related values (Fig. S2). To implement this block bootstrap-
ping approach, we resample with replacement from the training dataset 50 times to generate
50 new training datasets of equal size. We repeat this for each held-out test set. We then
train models in each of these resampled datasets in the same way as done using the non-
bootstrapped data. For computational feasibility, we use the same ridge penalty across all
bootstrapped datasets for a given outcome variable, setting the value to that optimized using
the non-bootstrapped data. We then evaluate model performance by comparing predicted
values to those in the held-out test set.

When resampling from the training and validation dataset we sample data using the same
type of splits (i.e., uniform, spatial, temporal) as used for cross-validation. For example,
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when resampling with replacement to estimate uncertainty for a model evaluated using
spatial cross-validation by states, samples of entire state time series are taken.

Uncertainty of model performance We use this approach to estimate the uncertainty of
model performance (e.g., Table S1). For each held-out test set we generate 50 bootstrapped
samples from the training data, train models, and make predictions on the test set. After
concatenating the test sets across folds, we calculate 50 R2 values. These values indicate the
sampling distribution of model performance. Tables show the standard deviation of these 50
R2 values. When calculating 95% confidence intervals for model performance, we take the
R2 estimated using the non-bootstrapped data and add/subtract 1.96 times this standard
deviation of the R2, following a normal approximation of the distribution.

Uncertainty of estimated climate vulnerability To estimate the uncertainty of esti-
mated response curves (e.g., Fig. S3), we use a similar approach. For each held-out test
set, we generate 50 bootstrapped samples from the training data and train models using
these samples. Note that when calculating the distribution of response functions for a given
location, we use all models that were used to make predictions for that location. When using
spatial cross-validation, this is the set of 50 bootstrapped models trained when the location
is in the held-out test set. For uniform at random and temporal splits, this is all of the 50
boostraps × N-folds models.

We also use a similar approach to estimate whether satellite-based estimates of local
climate vulnerability differ significantly from homogeneous estimates (Fig. 2 and 3). Specif-
ically, for each held-out test set and for each bootstrap sample from the respective training
data, we train both homogeneous and satellite-based models. Then, for a given location
of interest, we calculate the local climate vulnerability using each of the two model types
(Methods 1.5.1) and take their difference. We then calculate the 2.5th and 97.5th percentiles
of this distribution of differences and check whether this interval includes zero. If zero is
not within this 95% interval then the null that the two models have the same local climate
vulnerability (i.e., that their difference is zero) is rejected using a 5% confidence level. Note
that when calculating the distribution of differences in local climate vulnerability between
the homogeneous and satellite-based model for a given location, we use all models that
were used to make predictions for that location. Further, because we use only 50 bootstrap
samples to limit computation, we use a normal approximation to estimate the 2.5th and
97.5th percentiles of the distribution of vulnerability differences between the homogeneous
and satellite-based models; we do so by taking the mean plus/minus 1.96 times the standard
deviation of the values.
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1.4 Model performance evaluation estimating local vulnerability

The primary goal of this analysis is to estimate local climate vulnerability (β0 + ψXi in
Equation 4). A challenge with evaluation of estimates of local climate vulnerability, how-
ever, is that the true local climate vulnerability is unobserved. Nonetheless we use three
approaches to understand the ability of our estimates to recover local climate vulnerability.
First, we evaluate the degree to which estimating local vulnerability using satellite image
features improves model performance. The satellite image features are time-constant, and
we evaluate the performance of models to predict variation in social outcomes over time, so
the image features can improve performance only by better predicting local vulnerability. It
is not possible for the features to directly predict temporal variation in the social outcome
(Yit). Second, we evaluate the performance of a model using shuffled features, which removes
all informational content from the image features. Decreases in performance using shuffled
features indicate that the imagery contains information useful for estimating local vulner-
ability. We note, however, that model performance using shuffled satellite features should
not necessarily return to the performance of the homogeneous model when evaluated using
uniform at random cross-validation because the shuffled satellite features can collectively act
similarly to a location-specific intercept and thus allow for useful predictive heterogeneity
in effect across spatial units. In accordance with this interpretation, however, models that
use shuffled satellite features should have performance similar to the homogeneous model
when evaluated using spatial cross-validation, where the the location-specific effect cannot
be identified for locations not included in model training. Third, we conduct a simulation ex-
periment where we prescribe local climate vulnerability as a function of observable variables
and then estimate the degree to which our approach using satellite imagery can recover the
prescribed values. See Supplementary Information A for a description of these experiments
and their results.

1.5 Analysis of results

1.5.1 Calculating average slopes from response curves

To depict the estimated local climate vulnerability in maps (e.g., Fig. 2,3) we calculate
average response function slopes over different ranges of the climate variable. We do so by
taking the difference of the response function value at the beginning and end of the range
and dividing by the length of the range. For the piecewise linear response functions used
for U.S. agriculture, this is identical to the slopes on the GDD and KDD features. For the
quartic response function used for U.S. mortality and the restricted cublic spline response
function used for global agriculture this is the average slope across the given range.
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Summarizing slopes across ranges requires designation of ranges. For both U.S. and global
yield responses to temperature, we use 17◦C to 28◦C to quantify the benefits of warming
and 28◦C to 38 ◦C to quantify the damages of extreme heat; the cutoff of 28 ◦C was selected
to be between the estimated optimal temperatures found previously in the U.S. and globally
(Schlenker and Roberts, 2009; Proctor et al., 2022). [RCS similar results]. 17 and 38C
are the minima and maxima of the growing season average values for the global
panel. For global yield responses to soil moisture we use 0.1 to 0.25 to calculate benefits
of moisture and 0.25 to 0.35 to calculate damages from sodden conditions; the cuttoff was
chosen based on the observed median value. For human mortality responses to temperature,
we use -7◦C to 20◦C to quantify benefits of warming and 20◦C to 27◦C to quantify damages
from extreme heat; the cutoff of 20◦C was chosen based on the optimum of the homogeneous
response curve, and -7 and 27 are the 2.5th and 97.5th percentiles of the state-by-month
temperature distribution in our sample. For building damages from flooding, the response
is linear and thus no calculation is required.

Maps show the average of slopes calculated for each model used to predict a given spatial
unit. For example, for the model of U.S. maize yields trained using uniform at random splits
and 5-fold cross validation, the mapped KDD slope is the average of the KDD slope used
to predict each of the 5 held out tests sets. And for the model trained using county splits
the mapped slope is the value from the model trained to predict that county. We take this
approach – rather than re-estimating the model using the full dataset – because re-estimation
would require definition of a single ridge penalty parameter, which varies across the folds.
Re-estimation using the geometric mean of the fold hyperparameters gives consistent results.

1.5.2 Predictions of local climate vulnerability at the level of the training data
and finer

The outcome-climate response function for any spatial unit is calculated as the product of the
estimated model parameters and that location’s features. For the satellite based model, the
response function for any location, i, is given by β̂0 + ψ̂Xi (where β0 and ψ have additional
dimensions if the response is nonlinear).

Using the global maize yield model, we use this approach to make predictions at the
national and 0.1 x 0.1 degree resolutions (Fig. 3). To generate the sub-national estimates,
we aggregate the satellite features to a 0.1◦ × 0.1◦ resolution global grid using cropped
area weights from Earthstat EarthStat (N.d.); these are the same weights used to aggregate
features to the national level for model training. We make predictions only for grid cells that
have at least 10% of their area cropped. Predictions are made using the model trained with
uniform at random splits because the model is not being used to extrapolate to countries or
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time periods not used in model training.

Evaluation of local climate vulnerability predicted at finer resolution than the
model was trained We evaluate the ability of our approach to make fine resolution
predictions of climate vulnerability in two ways. First, we compare local vulnerability to
extreme heat (28◦C to 38◦C) predicted using the model trained on U.S. county-level data
(Fig. 2A) to that predicted using the model trained on global national-level data (Fig. 3).
For this comparison, we update the model specification of the global national-level model
to control for precipitation, rather than soil moisture, when estimating temperature impacts
to match the specification of the U.S. county-level model. The findings of this evaluation
are discussed in the main text. A challenge for this evaluation procedure is that the true
county-level vulnerability is unknown, and so the evaluation is comparing two estimated
values, each of which is likely to have error. Further, this form of evaluation evaluates the
global model in only a single country.

Our second form of evaluation uses synthetic data to evaluate the ability of the approach
to make predictions of climate vulnerability at finer resolution than the model was trained.
This approach complements the first form evaluation because in this setting the true local
climate vulnerability is known, and evaluation can be conducted at global scale. This ap-
proach and its findings are discussed in the main text and in Supplementary Discussion 1:
Synthetic Data Experiments.

1.5.3 Warming experiments for U.S. maize yields and mortality rates

To estimate the influence of 1◦C of warming on U.S. maize yields (Fig. 5) we first add
1◦C to the county-level daily maximum and minimum temperature values in our sample,
which consists of data from the years 2000-2020. We then calculate growing season GDD
and KDD values from the warmed data, identically to our calculation of these values for
the observed data. We then predict yield for each growing season and take the average
over the 21 years of data for both the observed and warmed data. We do so using both a
homogeneous model (Equation 5) and the satellite-based model (Equation 7) trained using
uniform at random splits. We calculate the effect of warming by differencing the average
predicted yields between the warmed and observed data. We estimate effects of greater
degrees of warming using an identical procedure (Fig. S20).

To estimate the influence of warming on U.S. mortality rates we use a similar approach.
We add 1 ◦C to the temperature for each state-by-month observation, compute the quartic
terms used to estimate the model, and then predict mortality rates using the trained model.
We then compare average mortality rates predicted using the warmed and observed data.
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A Supplementary Discussion 1: Synthetic Data Exper-
iments

Here, we conduct synthetic data experiments where we prescribe the local vulnerability
(βi), and then evaluate the ability of our approach to recover the prescribed value. This
complements evaluation of our approach to predict local vulnerability based on its ability to
improve predictions of the outcome variable (Yit) using observed data, where the true local
climate vulnerability is unknown (Methods 1.4).

These synthetic data experiments explore the following five questions: (1) what is the
performance of our approach predicting local climate vulnerability, βi? (2) How does per-
formance predicting local climate vulnerability related to performance predicting the deter-
minants of vulnerability? (3) How does performance predicting local climate vulnerability
relate to performance predicting the outcome, Yit? (4) How often do estimated 95% con-
fidence intervals for local climate vulnerability contain the true value? (5) What is the
performance of our approach predicting local climate vulnerability at finer resolution than
the training data?

We find that: (1) the approach using satellite features explains a substantial fraction
of local climate vulnerability, (2) the approach predicts local climate vulnerability roughly
as well as the satellite features it uses predict the determinants of vulnerability, (3) per-
formance predicting local vulnerability correlates with performance predicting the outcome
but is generally higher, (4) estimated 95% confidence intervals contain the true local climate
vulnerability less than 95% of the time, largely because the satellite features don’t capture
all of the variance in the determinants of vulnerability; though this does not necessarily in-
dicate that sampling uncertainty is incorrectly estimated, and (5) our approach can explain
substantial variation in local vulnerability at resolutions finer than the data on which it was
trained, though performance is lower than at the original resolution.

A.1 Synthetic data experiments: experimental design

We conduct synthetic data experiments for U.S. maize yields, global maize yields, and U.S.
mortality to span a range of outcomes and spatial scales. For each dataset we prescribe a
pattern of local vulnerability by setting vulnerability, β, in a given location, i, equal to a
linear function of observed covariates for that location. For U.S and global agriculture, we
prescribe vulnerability as a function of the observed fraction of cropped area equipped for
irrigation, average growing season precipitation, average growing season temperature, and
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population density:

βi = β0 + γ1irrigationi + γ2precipitationi + γ3temperaturei + γ4populationi

For U.S. mortality, we prescribe vulnerability as a function of income, average temperature,
average precipitation, and average population density.

We using these prescribed values of local climate vulnerability, we then simulate the
outcome of interest, Y s, using the panel of observed weather for each spatial unit i and time
period t:

Y s
it = βiTit + controls + eit

where eit represents variation in yields not due to weather, which we assume has a
normal distribution with mean zero and variance σ. For simplicity, we assume a linear
response function. To simulate the fact that different locations have different means, we
add a constant (“controls”) to the simulated values in each location based on the location’s
irrigation, precipitation, temperature and population; these values, however, are all removed
by the fixed effects used in model estimation.

Once the outcome values are simulated and matched with the observed weather and
satellite features, we then apply our satellite-based approach to estimate local vulnerabil-
ity. Specifically, we assume that we cannot directly observe the determinants of climate
vulnerability instead and use our satellite image features (Xi) in place of these prescribed
determinants. We estimate the model:

Y s
it = β0Tit + ψXiTit + controls + ϵit

where the controls are the same set of fixed effects used in the estimation using observations
(Methods 1.1). We train and evaluate models in the same was as when using observations.
We use spatial splits for cross-validation so that local climate vulnerability for each location
is estimated using data not from that location.

When simulating outcome values we set prescribed coefficients and the variance of the
error term such that the predictive performance of the homogeneous model and satellite-
based model match what was found in observations. We implement this by tuning β0 and eit
while setting γ1 = γ2 = γ3 = γ4 = 1 and standardizing (i.e., subtracting the mean and divid-
ing by the standard deviation) area equipped for irrigation, average precipitation, average
temperature, and population. With standardized variables and the γs all equal to 1, each
covariate contributes relatively evenly to the spatial differences in simulated vulnerability.
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A.2 Synthetic data experiments: results

Approach using satellite features predicts substantial variation in local climate
vulnerability. We find, consistent with the empirical results based on the observations
and with the prescribed model tuning approach, that the satellite-based approach improves
predictive performance relative to the homogeneous model in this simulated data (e.g., R2

for synthetic US maize yield increases from 0.38 to 0.48). Unlike when we use actual outcome
data, in this experiment we are able to compare the estimated β̂i to the true βi (Fig. S23).
We find that our satellite-based approach is able to explain 70% of the variation in simulated
US Maize vulnerability at the county level.

Approach using satellite features predicts local climate vulnerability to the de-
gree that the satellite features predict the determinants of vulnerability. We next
test how the ability of the satellite image features to predict the determinants of vulnerabil-
ity affects the ability of our approach to predict vulnerability by repeating the experiment
above four times. In each iteration, we prescribe US maize vulnerability to be a function
of just one of irrigation, precipitation, temperature, or population. We see that, our ap-
proach can predict local vulnerability to the extent that it can predict the local drivers of
vulnerability (Table S5). For example, the satellite-based features can predict 69% of the
variation in county-level average precipitation across U.S. counties, and 65% of the variation
in simulated vulnerability when it is fully driven by precipitation.

Performance predicting local vulnerability can be substantially higher than per-
formance predicting the social outcome. We next test how performance predicting
local vulnerability β changes with the performance predicting the outcome (Y s). To do so,
we re-estimate the initial simulation experiment many times with different levels of added
noise (i.e., eit with different magnitudes of σ). Higher levels of noise make it more diffi-
cult to recover the signal within the simulated data, and thus makes it more difficult for
the approach to accurately estimate local vulnerability, as well as the outcome (Fig. S24).
Performance predicting the outcome falls much more quickly with added noise than perfor-
mance predicting the local vulnerability. Thus, the ability of the model to accurately recover
variation in local vulnerability across space can be substantially higher than the ability of
the model to predict variation in the outcome. For simulated US Maize, model performance
predicting vulnerability remains relatively high and stable (0.75 to 0.65) for model perfor-
mances predicting the outcome between 1 and 0.2, but the ability to predict vulnerability
vulnerability falls quickly for R2s predicting the outcome below 0.2 (Figure S24A-B).

To explore how such results may differ by dataset we repeat this experiment using the
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mortality data, with the only change that vulnerability is specified as a function of income,
temperature, precipitation, and population. We find similar qualitative results for mortality,
though here the ability to explain variation in vulnerability remains relatively stable even
at lower performance predicting the outcome. At the R2 of 0.04 – which equals that of the
model in the observed data – our approach explains 50% of the variation in local vulnerability
across states. Better ability of the model to separate signal from noise in the mortality setting
relative to the agricultural setting may be because of the relatively longer time series for each
panel unit for mortality (N = 63 per state) relative to global agriculture (N = 10 per county)
which provides more information to estimate the local vulnerability at each location.

Uncertainty quantification and coverage Next we evaluate the degree to which our
approach can construct valid confidence intervals for estimates of local vulnerability. We
construct 95% confidence intervals using a block bootstrap approach, which estimates the
sampling distribution of the estimand of interest (Methods 1.3). We define coverage for the
local vulnerability (β̂i) as the probability that the estimated confidence interval contains
the true local vulnerability (βi). This differs conceptually from the coverage for the average
treatment effect, which is the probability that the average treatment effect falls within its
estimated confidence interval.

We find that the estimated local vulnerability confidence intervals contain the prescribed
true value only 48-71% of the time when the determinants of vulnerability are not observed.
This is consistent with prior results Wager and Athey (2018); Künzel et al. (2019); Dorie et al.
(2018) showing the difficulty of constructing confidence valid intervals when estimating con-
ditional average treatment effects, especially when many variables are driving heterogeneity,
as is the case in our setting.

Local vulnerability confidence intervals can miss the true effect either because of error
in the estimate of local vulnerability or its uncertainty. The primary reason for imperfect
coverage in this setting appears to be the former, which occurs because the satellite image
features do not explain all of the variance in local vulnerability due to the fact that they
cannot perfectly measure the determinants of vulnerability (Fig. S23, Table S5). If, however,
we simulate the outcome such that the determinants of vulnerability can be fully predicted
by the satellite-based features, which we implement by simulating vulnerability function of
the features themselves βi = γXi, then the approach is able to fully explain much more of
the variance in βi and obtain more plausibly valid confidence intervals with 71-85% coverage.
This experimental design is comparable with that of other studies, which similarly provide
algorithms to estimate conditional average treatment effects with the same features used
to simulate the treatment effects and outcomes of interest (e.g., ??). While our approach
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performs very well in this setting, we also take on the challenge of observing not the determi-
nants of heterogeneity themselves, but rather satellite imagery, which are high-dimensional
and un-structured proxies for these determinants.

Performance predicting vulnerability at fine resolution We evaluate the ability
of our model to make predictions of local vulnerability at fine resolution when trained on
coarse data using a similarly structured synthetic data experiment. We again simulate local
vulnerability as a function of irrigation, precipitation, temperature and population, but now
at the global scale at 0.25 degree resolution over cropped areas. We then aggregate this
vulnerability, along with temperature data, to the national level weighting by cropped area,
and then simulate yields as in the previous experiment. We then apply our approach to
estimate local vulnerability using satellite imagery.

For this downscaling experiment, we no longer evaluate country performance out-of-
sample, but instead use a pooled model (e.g., UAR in Table S4). We find that at the
national level we are able to recover 44% of the variance in local vulnerability when the level
of simulated noise is set such that the model R2 predicting simulated yields equals that of
actual yields, as described above (Fig. S19). When predicting vulnerability at 0.25 degree
resolution performance we get R2<0 but are able to explain 26% of the variation in rank
order for 0.25 degree grid tiles (Spearman r2s = 0.26). This metric is useful for comparing
relative vulnerability, even if the predicted variance and mean are incorrect.
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B Supplementary Tables

UAR County OOS State OOS 2 Year OOS
US Maize

(1) Single temperature response 0.335 0.335 0.328 0.314
(0.0) (0.0) (0.007) (0.011)

(2) Local temperature response by state 0.41 0.409 - 0.351
(0.001) (0.001) - (0.016)

(2B) Local temperature response by county (penalized) 0.353 - - 0.351
(0.003) - - (0.016)

(2Bnp) Local temperature response by county (not penalized) 0.284 - - <0
- - - -

(3) Local temperature response by irrigation 0.365 0.365 0.358 0.345
(0.0) (0.0) (0.005) (0.011)

(4) Local temperature response by avg temperature 0.367 0.366 0.359 0.345
(0.0) (0.0) (0.007) (0.012)

(5) Local temperature response by satellite image 0.422 0.417 0.342 0.351
(0.002) (0.002) (0.02) (0.018)

(5s) Local temperature response by shuffled satellite image 0.343 0.335 0.328 0.346
(0.003) (0.0) (0.007) (0.015)

(6) Local temperature response by satellite image & irrigation 0.423 0.42 0.341 0.355
(0.002) (0.002) (0.021) (0.014)

(7) Local temperature response by state, satellite image & irrigation 0.43 0.429 - 0.361
(0.001) (0.002) - (0.014)

UAR County OOS State OOS 2 Year OOS
US Soy

(1) Single temperature response 0.233 0.233 0.229 0.207
(0.0) (0.0) (0.004) (0.015)

(2) Local temperature response by state 0.263 0.264 - 0.209
(0.001) (0.001) - (0.016)

(2B) Local temperature response by county (penalized 0.233 - - 0.213
(0.001) - - (0.017)

(2Bnp) Local temperature response by county (not penalized) 0.091 - - 0.126
- - - -

(3) Local temperature response by irrigation 0.24 0.241 0.238 0.214
(0.0) (0.0) (0.004) (0.015)

(4) Local temperature response by avg temperature 0.238 0.238 0.232 0.211
(0.0) (0.0) (0.004) (0.015)

(5) Local temperature response by satellite image 0.259 0.259 0.241 0.211
(0.001) (0.002) (0.005) (0.018)

(5s) Local temperature response by shuffled satellite image 0.233 0.233 0.229 0.206
(0.0) (0.0) (0.04) (0.015)

(6) Local temperature response by satellite image & irrigation 0.26 0.26 0.242 0.214
(0.001) (0.002) (0.004) (0.017)

(7) Local temperature response by state, satellite image & irrigation 0.268 0.269 - 0.213
(0.001) (0.001) - (0.017)

Table S1: Allowing the influence of temperature on yields to differ locally ac-
cording to satellite imagery increases model performance predicting U.S. maize
and soybean yield shocks. Models are evaluated on their ability to predict yield shocks –
i.e. anomalies from local yield trends. Model performance is measured using the coefficient
of determination, R2. Models are evaluated out-of-sample (OOS) using uniform at random
(UAR) cross-validation, as well as cross-validation splitting training and validation sets by
county, state, and 2-year periods.
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UAR State OOS 2 Year OOS
US Mortality
(1) Single temperature response 0.0341 0.0333 0.0327

(0.0002) (0.0007) (0.001)
(2) Local temperature response by state 0.0398 - 0.0390

(0.0008) - (0.0013)
(2B) Local temperature response by state (not penalized) 0.0370 - 0.0372

(0.0013) - (0.002)
(3) Local temperature response by med household income 0.0360 0.0350 0.0343

(0.0003) (0.0007) (0.0011)
(4) Local temperature response by avg temperature 0.0391 0.0384 0.0376

(0.0003) (0.0006) (0.0011)
(5) Local temperature response by satellite image 0.0431 0.0413 0.0402

(0.0006) (0.0012) (0.0015)
(5s) Local temperature response by shuffled satellite image 0.0390 0.0176 0.0376

(0.0012) (0.0041) (0.0015)
(6) Local temperature response by state & satellite image 0.0419 - 0.0405

(0.0009) - (0.0015)

Table S2: Allowing the influence of temperature on human mortality rates to
differ locally according to satellite imagery increases model performance. Models
are evaluated on their ability to predict mortality rate anomalies. Models are evaluated out-
of-sample (OOS) using uniform at random (UAR) cross-validation, as well as cross-validation
splitting training and validation sets by state and 2-year periods.

UAR County OOS State OOS 2 Year OOS
US Building Damages
(1) Single flood depth response 0.0754 0.0725 0.0691 0.0635

(0.0000) (0.0026) (0.0036) (0.0019)
(2) Local flood depth response by state 0.0832 0.0754 - 0.0704

(0.0000) (0.0047) - (0.0028)
(2B) Local flood depth response by county 0.0989 - - 0.0755

(0.0001) - - (0.0021)
(2C) Local flood depth response by county (not penalized) 0.0978 - - 0.0723

(0.0002) - - (0.0028)
(3) Local flood depth response by avg flood depth 0.0910 0.0908 0.0910 0.0761

(0.0000) (0.0005) (0.0018) (0.0016)
(4) Local flood depth response by satellite image 0.0984 0.0735 0.0694 0.0711

(0.0001) (0.0084) (0.0023) (0.0019)
(4S) Local flood depth response by shuffled satellite image 0.0981 0.0712 0.0658 0.0726

(0.0002) (0.0047) (0.0039) (0.0022)
(5) Local flood depth response by state & satellite image 0.0984 0.0756 - 0.0705

(0.0001) (0.0052) - (0.0019)
(5B) Local flood depth response by county & satellite image 0.0989 - - 0.0756

(0.0001) - - (0.0021)
(5C) Local flood depth response by avg depth & satellite image 0.0983 0.0915 0.0913 0.0766

(0.0001) (0.0017) (0.0014) (0.0018)

Table S3: Allowing the impact of flood depth on relative building damages to
differ locally according to satellite imagery increases model performance. Models
are evaluated on their ability to predict damage anomalies from local property value trends.
Models are evaluated out-of-sample (OOS) using uniform at random (UAR) cross-validation,
as well as cross-validation splitting training and validation sets by state and 2-year periods.
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UAR Country OOS 2 Year OOS
Global Maize

(1) Single temperature & soil moisture response 0.088 0.083 0.081
(0.009) (0.009) (0.008)

(2) Local temperature & soil moisture response by country (penalized 0.126 - 0.101
(0.017) - (0.019)

(2np) Local temperature & soil moisture response by country (not penalized) <0 - <0
- - -

(3) Local temperature & soil moisture response by irrigation 0.1 0.088 0.086
(0.01) (0.01) (0.011)

(4) Local temperature & soil moisture response by avg temperature & avg soil moisture 0.139 0.099 0.127
(0.011) (0.018) (0.011)

(5) Local temperature & soil moisture response by satellite image 0.146 0.123 0.154
(0.029) (0.03) (0.021)

(5s) Local temperature & soil moisture response by shuffled satellite image 0.068 0.081 0.074
(0.01) (0.009) (0.009)

(6) Local temperature & soil moisture response by satellite image & irrigation 0.161 0.144 0.138
(0.028) (0.016) (0.02)

(7) Local temperature & soil moisture response by country, satellite image & irrigation 0.158 - 0.123
(0.027) - (0.026)

UAR Country OOS 2 Year OOS
Global Soy

(1) Single temperature & soil moisture response 0.105 0.097 0.133
(0.013) (0.023) (0.009)

(2) Local temperature & soil moisture response by country 0.172 - 0.154
(0.026) - (0.034)

(2np) Local temperature & soil moisture response by country (not penalized) <0 - <0
- - -

(3) Local temperature & soil moisture response by irrigation 0.127 0.12 0.152
(0.015) (0.023) (0.01)

(4) Local temperature & soil moisture response by avg temperature & avg soil moisture 0.128 0.096 0.155
(0.015) (0.024) (0.011)

(5) Local temperature & soil moisture response by satellite image 0.194 0.143 0.114
(0.026) (0.043) (0.047)

(5s) Local temperature & soil moisture response by shuffled satellite image 0.145 0.075 0.161
(0.096) (0.019) (0.111)

(6) Local temperature & soil moisture response by satellite image & irrigation 0.192 0.149 0.092
(0.022) (0.04) (0.051)

(7) Local temperature & soil moisture response by country, satellite image & irrigation 0.192 - 0.135
(0.027) - (0.053)

Table S4: Allowing the influence of temperature and soil moisture on yields to
differ locally according to satellite imagery increases model performance predict-
ing maize and soybean yield shocks globally. Models are evaluated on their ability to
predict yield shocks – i.e. anomalies from local yield trends. Models are evaluated out-of-
sample (OOS) using uniform at random (UAR) cross-validation, as well as cross-validation
splitting training and validation sets by country and 2-year periods.

R2 predicting covariate R2 predicting β̂
Irrigated area 0.49 0.41
Avg precipitation 0.69 0.65
Avg temperature 0.97 0.95
Population 0.67 0.62

Table S5: Performance predicting the determinants of simulated vulnerability and
the performance predicting simulated vulnerability. Observations are at the county
level and the panel data used for the β̂ estimates are structured to mirror that of the US
maize data. Both the R2 for the covariate and the R2 from the β̂i are estimated county
out-of-sample. For each simulation, the total amount of prescribed heterogeneity from each
single covariate is rescaled so that it is approximately consistent with the simulation using
all four covariates.
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C Supplementary Figures
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Figure S1: Three U.S. counties that grow maize with differing agricultural prac-
tices and endowments visible in the satellite imagery. The first row shows county-
scale imagery used to predict local climate vulnerability of maize yields. The second and
third rows zoom into the imagery to show the resolution and examples of the type of agri-
cultural practices that are visible. Imagery is 2019 Planet Labs optical (i.e., red, green, and
blue) imagery with a pixel resolution of 4.77m×4.77m at the equator.
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Figure S2: A depiction of model training, evaluation, and uncertainty quantifica-
tion.
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Figure S3: Estimating uncertainty: the response function sampling distribution
for US maize by cross-validation type. Each of the three columns shows the response
function for a different county. Each shows models trained using a different cross-validation
type. The thick colored line shows the estimated response function for that county. The thin
color lines show 100 response functions estimated using bootstrapped samples. The black
line shows the estimated homogeneous response across the entire U.S. for reference.
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Figure S4: For U.S. maize we examine where inter-annual variance in yield occurs
and where the homogeneous and image-based models are able to explain that
variance. The first map in the top row shows the variance of maize yields after the data
has been demeaned and detrended. This is the identifying variation. The next map shows
the variation in yield left that is not explained by temperature and rainfall using a homoge-
neous model. The top-right map shows the variation in yield left that is not explained by
temperature and rainfall using a satellite-based model. The first map on the bottom shows
the difference between the first two maps – i.e., the variation explained by a homogeneous
temperature effect. And the second map on the bottom shows the difference between the
second and third map in the top row – i.e., the additional variation explained by allowing
for heterogeneity in the temperature effect.
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Figure S5: Local vulnerability of U.S. maize yields to temperature estimated
using traditional and satellite-based approaches. Response curves show the estimated
influence of temperature on yields. The thick line shows the estimated homogeneous effect
and the light grey lines show the local response estimated for each county. Responses are
visually clipped to the range of daily temperature values experienced in each county over
the time of our study. The map on the left shows benefits of warming (the slope of the
response function to the left of the kink) and the map on the right shows damages from
extreme heat (the slope to the right of the kink). Darker blues indicate greater benefits of
warming and darker reds indicate greater damages of extreme heat. Results are shown for 8
different models, with performance evaluated with UAR cross validation indicated in text.
Performance using other cross-validation strategies is given in Table S1.
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Figure S6: Local vulnerability of U.S. soybean yields to temperature estimated
using traditional and satellite-based approaches. Same as Fig. S5.
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Figure S7: The distribution of U.S. maize vulnerability to extreme heat estimated
using four different approaches. The blue histogram shows values estimated using the
satellite-based approach estimated using ridge regression. The pink histogram shows esti-
mates using county-level spatial features without any ridge penalty applied (i.e., standard
OLS), and the orange values show estimates from the same specification but with an optimal
ridge penalty applied. The green histogram shows estimates from the approach described in
Fig. S21 where estimates are grouped according to the satellite-based estimates and then
vulnerability is re-estimated using standard OLS with no ridge penalty.
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Figure S8: Irrigation and average temperature explain some but not all of the
differences in local U.S. maize and soy vulnerability to extreme heat estimated
using satellite imagery. Climate vulnerability estimated using satellite imagery (y-axis)
plotted against area equipped for irrigation (x-axis) (top) and average temperature (x-axis)
(bottom) for each analyzed U.S. county for maize (left) and soybeans (right).
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Figure S9: Results for U.S. maize are consistent when using a restricted cubic
spline feature expansion of temperature rather than than growing degree and
killing degree days. Response curves and maps are similar to those in Fig. S5.
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Figure S10: Comparing local vulnerability of U.S. maize yields to extreme heat
estimated using varying sampling strategies. Each point is the estimated vulnerability
for a given U.S. county.
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Figure S11: Comparing local sensitivity of U.S. maize yields to warming estimated
using varying sampling strategies. Each point is the estimated vulnerability for a given
U.S. county.
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Figure S12: Local vulnerability of human mortality to temperature estimated
using traditional and satellite-based approaches. Response curves show the estimated
influence of temperature on all cause mortality rate per 100k. The thick line shows the
estimated homogeneous effect and the light colored lines show the local response estimated
for each state. Responses are visually clipped to the range of monthly temperature values
experienced in each state over the time of our study. The map on the left shows the estimated
mortality-minimizing temperature. The map in the middle shows the benefits of warming
(the slope of the response function to the left of 20◦C) and the map on the right shows
damages from extreme heat (the slope to the right of 20◦C). Results are shown for 6 different
models, with performance evaluated with UAR cross validation indicated. Performance using
other cross-validation strategies is given in Table S2.
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Figure S13: Local vulnerability of structures to flooding estimated using tradi-
tional and satellite-based approaches. Response lines show the estimated influence of
flood depth on relative building damage (0.1 is 10% of building value damaged). The thick
line shows the estimated homogeneous effect and the light grey lines show the local response
estimated for each county. Responses are visually clipped to the range of flood depth values
experienced in each county over the time of our study. The map shows the estimated local
vulnerability to flooding (the slope of the response line). Results are shown for 8 different
models, with performance evaluated with UAR cross validation indicated. Performance us-
ing other cross-validation strategies is given in Table S3. Here, RCF are the satellite features.
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Figure S14: Local vulnerability of global maize yields to temperature estimated
using traditional and satellite-based approaches. Response curves show the estimated
influence of temperature on yields. The thick line shows the estimated homogeneous effect
and the light grey lines show the local response estimated for each country. Responses
are visually clipped to the range of daily temperature values experienced in each country
over the time of our study. The map on the left shows benefits of warming (the slope
of the response function to the left of 28◦C) and the map in the middle shows damages
from extreme heat (the slope to the right of 28◦C). Darker blues indicate greater benefits of
warming and darker reds indicate greater damages of extreme heat. The map on the right
shows the estimated yield-maximizing temperature. Results are shown for 7 different models,
with performance evaluated with UAR cross validation indicated in text. Performance using
other cross-validation strategies is given in Table S4.63



Figure S15: Local vulnerability of global maize yields to soil moisture estimated
using traditional and satellite-based approaches. Like Fig. S14, but for soil moisture
rather than temperature.
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Figure S16: Local vulnerability of global soy yields to temperature estimated using
traditional and satellite-based approaches. Like Fig. S14, but for soybeans rather than
maize.
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Figure S17: Local vulnerability of global soybean yields to soil moisture estimated
using traditional and satellite-based approaches. Like Fig. S14, but for soybeans
rather than maize and for soil moisture rather than temperature.
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Figure S18: Evaluating predictions of local vulnerability at resolution finer than
the data on which it was trained. a) Predicted sensitivity of maize yields to extreme
heat globally at 10km2 resolution. b) Predicted sensitivity at county resolution using a model
trained on national yield observations globally. c) Predicted sensitivity at county resolution
using a model trained on county yield observations. d) a scatter of the values from b) and
c). The solid black line shows the line of best fit and the dotted line shows the 1:1 line.
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Figure S19: Simulated data experiment to test the ability of the approach to make
predictions of vulnerability at finer resolution than the model was trained. The
top row shows a map of prescribed vulnerability at national resolution used when training the
model. The bottom row shows maps of prescribed vulnerability and estimated vulnerability
at fine resolution. The scatter compares these two.
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Figure S20: Projected average yield damages from increased growing season tem-
perature over U.S. croplands East of the 100th meridian. A climate change simulation
where growing season temperature values are increased by one to seven degrees each day of
the growing season. The y-axis shows average yield losses due to this warming.
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Figure S21: Comparison of local maize vulnerability to extreme heat estimated in
two different ways. Each dot shows the estimated vulnerability of U.S. maize yields to
extreme heat. The value on the y-axis is the local vulnerability estimated using the satellite-
based approach. The value on the x-axis is the local vulnerability estimated by (1) binning
counties into seven bins according to their satellite-estimated local vulnerability and then
(2) re-estimating vulnerability to extreme heat using a standard OLS regression in each bin
with no ridge penalty or satellite features.
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Morehouse County, LouisianaA

B

Figure S22: Imagery and predicted climate vulnerability for Morehouse County,
Louisiana. Panel A shows Planet imagery. Panel B shows the same imagery with predic-
tions of climate vulnerability overlaid. Lighter purples indicate greater resilience to extreme
heat and darker reds indicate greater vulnerability to extreme heat.
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Figure S23: Plot of simulated β (y) against estimated β̂ (x) with panel data in-
tended to mirror the strucure of the US Maize dataset. Each point represents a
county.
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Figure S24: Model performance estimating local vulnerability as a function of
model performance predicting the outcome variable.(A) Results from synthetic US
Maize experiments. As more Gaussian noise is added to the model, model performance
predicting simulated yield declines exponentially. However, the efficacy of estimating vul-
nerability declines approximately linearly. (B) The same information as A but presented so
that the efficacy of estimating heterogeneity in vulnerability is a function of model R2. (C)
The same as B but for synthetic global maize at the country level. (D) The same as B but
for synthetic temperature mortality at the US State level.
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Figure S25: The ability to recover simulated climate vulnerability (β) for US
Maize, Global Maize, and US Mortality. In the first row, vulnerability is set as a
function of unobserved covariates. In the second row, vulnerability is generated from the
image features, meaning that the determinants are perfectly observed. Vulnerability for units
in red fall outside the estimated confidence interval while units colored green fall within the
estimated confidence interval.
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