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Abstract

We estimate the effects of climate change on individual risk preferences, using global
cross-sectional preference data linked to personal climate histories. We find that a 1°C
increase in mean lifetime temperature is associated with a 0.318-unit decrease in relative
risk aversion globally. We replicate the results in panel datasets from four countries
containing longitudinal measures of risk preferences. Historical projections indicate
that climate change between 1981 and 2026 decreased median global risk aversion by
16%. Our results suggest that climate change may be shaping economic preferences in
ways that could erode support for its own mitigation.
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1 Introduction

Climate change is reshaping the world in which we live. Could it also be reshaping us?
Standard economic analyses assume the answer is no: they treat climate change as a process
that affects the options agents face, but not their preferences over those options. In this paper
we provide empirical evidence that the answer is yes: climate change is decreasing individual
risk aversion globally. We find that its cumulative effects on risk aversion have been negative
in almost every country for which we have data (Figure 1), and that their magnitude is
substantial. Historical projections indicate that rising temperatures between 1981 and 2026
decreased global median relative risk aversion by 0.22 points (95% CI: [0:16; 0:26]), a 16%
decline.

Risk preferences are at the heart of economic behavior across many domains, including
investment decisions (Merton (1969), Choukhmane and de Silva (2026)), insurance choices
(Mossin (1968), Einav et al. (2012)), and entrepreneurship (Kihlstrom and Laffont (1979),
Hvide and Panos (2014)). Our estimates suggest that climate change could be systematically
increasing worldwide risk-taking across these domains. For risky behaviors that are known to
be impacted by climate change — such as migration (Cattanco and Peri (2016), Missirian
and Schlenker (2017)), agricultural production (Burke and Emerick (2016), Ortiz-Bobea
et al. (2021)), and conflict (Burke et al. (2015a), Mach et al. (2019)) — we identify a novel
mechanism through which those effects may be operating.

These findings are also relevant to the study and practice of climate change mitigation.
Many of the most serious costs of climate change take the form of tail risks, and preferences
for climate action necessarily involve the weighing of those risks against the costs of mitigation
(Cologna et al. (2025), Dechezleprétre et al. (2025)). The results indicate that climate change
could be driving a behavioral feedback loop, whereby societies become more tolerant of the
risks it creates as it progresses, and are therefore slower to act to stop it. They also bear
on the Social Cost of Carbon, the cornerstone policy tool that estimates the current welfare

cost of emission damages using fixed social preferences. Our findings suggest its methodology



Figure 1: Estimated change in risk aversion due to climate change, 1981 — 2026
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Notes: Results based on historical projections from our preferred specification, using the methodology
in Section 3.3. Orange and red indicate increased median risk-seeking, blue and green increased median
risk aversion. Afghanistan (-0.721) and Guatemala (-0.534) are bottom-coded in the map.

may need to be revised to account for preference adaptation along the warming path.*
To establish these findings, our primary analysis combines global cross-sectional preference

data with individual climate histories covering the last century. We use preference data

1The Social Cost of Carbon (Nordhaus (2017)) measures the present welfare cost of an additional ton of
COg emitted. It is used in benefit-cost calculations for climate mitigation policies, and as a benchmark for the
optimal level of carbon taxes. In standard implementations, welfare is aggregated using representative-agent
utility and discounted with a Ramsey formula, so its value depends on the pure rate of time preference
and the curvature of utility with respect to consumption. Under the CRRA utility function the EPA has
used, which we also employ in our analysis, that curvature parameter is also the coefficient of relative risk
aversion. The SCC therefore depends directly on how the model values consumption loss from climate risk
(U.S. Environmental Protection Agency (2023)). Because the chosen parameters substantially affect the
estimate (Anthoff et al. (2009), Nath et al. (2023)), there is a long-running debate in the literature about the
right values to use, including the proper way to integrate the costs of climate tail risks into the calculation
(Weitzman (2007), Weitzman (2014)). But regardless of which values are chosen, current practice treats them
as fixed and exogenous. Allowing preferences to endogenously evolve in response to warming would be a
qualitative change in the SCC framework.



from the Global Preference Survey (GPS), a landmark study that collected experimentally
validated economic preference measures as part of the 2012 wave of the Gallup World Poll.
Its sample contains approximately 80,000 subjects across 76 countries, and is representative
of 90% of the world's population and GDP (Falk et al. (2018)).

The GPS risk aversion measure is a weighted composite of two sub-scales: a lottery-choice
based scale (a 32-bin adaptive staircase measure), and a self-reported risk aversion scale.
The staircase measure is required for estimating subjects' risk preference parameters, and
for deriving quantitative (and not just qualitative) results. Unfortunately, data from the
sub-scales have never been published, and they cannot be readily reconstructed from the
public release of the GPS. To overcome this issue, we design an algorithm that successfully
decodes the two sub-scales from the composite, by exploiting its latent lattice structure and
value frequency distribution. We verify the delity of the reconstructed sub-scales by showing
that they recover the full latent lattice, closely reproduce the published GPS weights, and
precisely reconstruct the original composite.

Using the decoded staircase measure, we structurally estimate the coe cient of relative risk
aversion” for each subject under CRRA utility. We employ a random preference model with a
tremble parameter (Apesteguia and Ballester (2018), Harless and Camerer (1994)), combined
with broad bracketing over a data-driven income horizon. We then apply classical empirical
Bayes shrinkage (Chetty and Hendren (2018)) within-country to the estimates to account for
heterogeneity in their precision. This yields the rst individual-level, globally-representative
distribution of risk preference parameters in the literature. We nd that the median global
individual is moderately risk averse { = 1.27 in 2012), with substantial heterogeneity within
and across countries. The reduced-form staircase measure and the structuralerve as the
dependent variables in our global analysis.

To link the survey data to spatial climate data, we match GPS survey regions to ad-

ministrative boundaries from global GIS data using a multistage pipeline. The procedure

2Global and country-level risk aversion statistics are reported in Appendix A.2. We recommend that
researchers use country medians as summary statistics, as they are less sensitive to extreme outliers.
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successfully matches 99% of GPS regions (1,144 of 1,148) to their geographic boundaries.
This allows us to analyze the preference data at a spatial resolution and scope at which it
has rarely been employed.

We combine three gridded climate datasets to construct a monthly temperature and
precipitation record on a 05 latitude{longitude grid, from January 1900 through 2025
(Willmott and Matsuura (2001), Harris et al. (2020), Fan and van den Dool (2008)). These
data are aggregated to GPS regions using area weighting over their geographic boundaries.
For each subject, we then construct lifetime mean temperature, the main independent variable
in the analysis, by averaging monthly temperatures in their survey region from birth until
the survey. This allows us to study the role of long-run climate experiences, accumulated
over decades, rather than the e ects of short-run weather uctuations.

Our baseline speci cation includes region and cohort (i.e. birth year) xed e ects, as
well as controls for gender, language, lifetime mean precipitation, and survey seasonality.
Identifying variation comes from di erences in warming across birth cohorts within regions,
net of time-invariant regional di erences and global cohort e ects. The identifying assumption
is that, conditional on xed e ects and controls, variation in climate experiences is orthogonal
to unobserved determinants of risk preferences. We examine the most plausible threats to
this assumption from the experience e ects literature | macroeconomic conditions, con ict,
and natural disasters | and argue that they are unlikely to drive the observed relationship.
We also present the results of a speci cation with region and cohort-by-country xed e ects,
the most demanding that can be estimated with these data.

We nd consistent negative e ects of lifetime mean temperature on risk aversion. In
our preferred speci cation, a 1C increase in lifetime mean temperature is associated with
a 0.318-unit decrease it (95% CI: [-0.419, -0.218]p < 0:01). The staircase coe cient is
also negative in this speci cation, though not signi cant. The” coe cient is marginally

signi cant even in the country-by-cohort speci cation (-0.177,p < 0:10), where identi cation

3The only other paper to analyze the GPS at the region level, to our knowledge, is Sunde et al. (2022),
who match 61.3% of GPS regions in 55 countries to the region dataset in Gennaioli et al. (2013).
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is restricted to di erential warming rates across regions within the same country and cohort.
Here the staircase coe cient is also negative and statistically signi cant (-0.722, p < 0:05).

These results are robust to six categories of sensitivity checks: alternative shrinkage
regimes, restricting the sample to the interior of the staircase scale, alternative sets of
individual controls (including controlling for all other GPS preferences), alternative climate
and weather controls (including lifetime climate variability and interview-day temperature
anomalies), alternative seasonality controls, and alternative clustering schemes.

To extrapolate from the marginal e ect to the cumulative e ect of climate change to
date, we conduct a historical counterfactual exercise in the spirit of Burke et al. (2015b)
and Carleton et al. (2022). We reassign the GPS sample counterfactual lifetime climate
experiences as if they had been measured at the same age and in the same region in 1981 and
in 2026, then use our preferred estimates to project their risk preferences in those years. The
resulting counterfactual preference distributions shift substantially towards risk-seeking over
time. At the country level, the projected change in mediar is negative in all but three of 76
countries, with an average country-median change of -0.208. At the global level, we estimate
that the median of the globally-representative preference distribution, ceteris paribus, was
1.381in 1981 and 1.161 in 2026, a decrease of 0.22 units or 15.9% over 45 years. Roughly half
of the warming over the period occurred between 1981 and 2012, and the other half between
2012 and 2026. Our results suggest that as global warming has accelerated over the last few
decades, so has the decrease in risk aversion worldwide.

A concern with the global analysis is that, since the public GPS data does not contain
information on subjects' region of birth, our estimates may partly re ect endogenous migration
that is plausibly correlated with both climate experiences and risk preferences. To address
this concern, and to support our global estimates with evidence from within-person changes
in risk preferences, we assemble data from four national panel surveys with longitudinal risk
aversion measures: the Indonesian Family Life Survey, the Mexican Family Life Survey, the

Chilean Social Protection Survey, and the Japanese Preference Parameters Study. Each of



the four surveys contains multiple measurements of risk aversion for the same subjects taken
years apart, using instruments that are similar to the staircase instrument in the GPS. We
regress these measures on lifetime mean temperature in subjects' birth region, from birth to
measurement in the survey, as well as precipitation experiences and individual and survey
year xed e ects.

In each of the four panels we nd signi cant results consistent with the global analysis:
increases in lifetime mean temperature lead to decreases in subjects' risk aversion. These
results are especially notable given the diversity of this set of countries, which spans low,
medium, and high income; very di erent climates; and di erent cultures, religions, histories,
and demographics. The similarity of the ndings across all four bolsters the evidence for
both the internal consistency and external consistency of our analysis as a whole.

We also examine heterogeneity in the e ects along three dimensions we can measure across
settings: age, income, and gender. The e ects are broadly stronger for younger individuals,
and are generally larger for lower-income individuals, who have the fewest resources to adapt
and who are typically most exposed to the physical costs of climate change. The gender
patterns are more mixed: in the global data, e ects are larger for women. This implies gender
convergence in risk preferences under warming, consistent with evidence in Falk and Hermle
(2018). In most of the national panels the opposite pattern holds, in line with panel evidence
from natural-disaster settings (Hanaoka et al. (2018), Beine et al. (2025)).

Our results contribute to several strands of the literature. First, we contribute to the
aforementioned literature on the impacts and mitigation of climate change. At the micro level,
the ndings may help explain observed climate impacts across multiple domains involving
risk-taking behavior. At the macro level, they point to a broad behavioral shift driven by
warming that could be dampening international support for its mitigation, given that climate
risk perceptions are a major determinant of that support (O'Connor et al. (1999), Zahran
et al. (2006), Viscusi and Zeckhauser (2006), Drews and van den Bergh (2016), Cologna et al.

(2025)). Our results also bolster a recent theoretical literature on the role of endogenous



preferences in shaping the welfare calculus of the Social Cost of Carbon and carbon taxes
(Konc et al. (2021), Mattauch et al. (2022), Besley and Persson (2023), Beck (2026)). We
provide direct empirical evidence that economic preferences worldwide are endogenous to
warming. Notably, whereas most of this literature assumes that preference endogeneity will
increase the welfare costs of climate damages, our results suggest that the opposite may be
true, at least with regards to risk preferences under current climate trends.

Second, this paper contributes to the fast-growing literature on the role of lifetime
experiences in shaping risk preferences (Malmendier and Wachter (2024)). Prior work has
shown that risk aversion responds to lifetime macroeconomic experiences (Malmendier and
Nagel (2011), Guiso et al. (2018), Levin and Vidart (2026)), experiences of violence (Voors
et al. (2012), Jakiela and Ozier (2019), Brown et al. (2019b)), and natural disasters (Cameron
and Shah (2015), Cassar et al. (2017), Hanaoka et al. (2018), Reynaud and Aubert (2019)).
Most closely related to our work is the subset of the literature that studies the e ects of
rainfall shocks on risk preferences, especially Di Falco and Vieider (2022) who nd risk
preference adaptation to the natural environment in Ethiopia, as well as Liebenehm et al.
(2023) who document parallel results in Thailand and Vietnam, and Jaramillo et al. (2025)
who do so in Indonesia.

This paper is the rst in the literature to show that lifetime increases in average tem-
peratures shape individual risk preferences. This is also the rst study to present evidence
that lifetime experiences of any kind produce consistent causal e ects on risk preferences
globally, rather than in particular times and places. Our use of four country panels combined
with global cross-sectional data is a signi cant expansion in scope for the experience e ects
literature, which is dominated by single panel studies. The results suggest that preference
adaptation to lived experience and environmental change may be a more universal phe-
nomenon than has previously been appreciated. As such, our ndings broaden the challenge
that the experience e ects literature poses to economic analyses that employ xed and

exogenous risk preferences.



Third, we provide the most comprehensive quantitative estimates of risk aversion parame-
ters across countries to date. Using lottery-choice data we recover representative distributions
of structurally-estimated risk preferences in 76 countries, covering 90% of the world's popula-
tion and GDP.* These data should be of value to researchers conducting microeconomic and
macroeconomic analyses in international settings.

The remainder of the paper is organized as follows. Section 2 details the data and
empirical methodology of the global analysis. Section 3 presents the global results, including
the descriptive characteristics of the global risk preference distribution, the main regression
results, and the results of the historical projection exercise. Section 4 covers robustness
analyses for the main regression results. In Section 5 we describe the data, methodology, and
results of the four national panel analyses. Section 6 presents the results of the heterogeneity

analysis in the panels and the global data. Section 7 concludes.

2 Data and methodology

2.1 Global preference data

Our source for risk preference data is the Global Preference Survey (GPS). The GPS is a
landmark study that, for the rst time, measured risk, time, and social preferences using
experimentally validated instruments for a large global sample (Falk et al. (2018), Falk et al.
(2022)). The global preference module was attached to the 2012 wave of the Gallup World
Poll, and collected data for a sample of approximately 80,000 individuals across 76 countries.
The survey's sample is representative for 90% of the world's population and GDP. Data from

the GPS has been used in several prominent papers describing the distribution and correlates

“4Falk et al. (2018) and Bouchouicha and Vieider (2019) provide measures of risk aversion for international
samples with similar scopes to ours, but using qualitative instruments that cannot be used for quantitative
analyses. Vieider et al. (2015), Rieger et al. (2014), L'Haridon and Vieider (2019), and Meissner et al. (2023)
present international quantitative estimates of risk aversion, but for much smaller samples of subjects and
countries. Gandelman and Herrandez-Murillo (2014) provide a quantitative estimate for a representative
sample from 75 countries, but only for a single country-level CRRA parameter, using subjective life satisfaction
and income data, and missing major economies that our data covers, such as China and ltaly.

9



of preferences worldwide (Falk et al. (2018), Falk and Hermle (2018), Enke (2019), Becker
et al. (2020), Sunde et al. (2022)).

In this paper we use data exclusively from the public release version of the GPS. This
dataset is composed of six measured preference indices (risk aversion, patience, positive
reciprocity, negative reciprocity, altruism, and trust), three additional individual variables
(gender, age, and self-reported subjective math ability), and six survey variables (interview

country, region, date, and language, as well as Gallup subject ID and survey weight).

2.2 Decoding the GPS risk preference sub-scales

The risk preference measure in the GPS is a composite index of two underlying items: a
32-bin measure derived from a series of ve adaptive, hypothetical choices between a sure
amount of money and a monetary lottery (the staircase measure); and an 11-bin self-reported
measure of the subject's propensity to take risks (the Likert scale). The staircase measure is
a standard experimental measure of risk preferences used in economics, particularly in eld
settings (Barsky et al. (1997), Hackethal et al. (2023)), while the Likert scale is a commonly
used survey instrument to measure attitudes towards risk (Caliendo et al. (2010), Dohmen
et al. (2011)). To obtain the composite index (the combined measure), each sub-scale bin was
normalized to its respective z-score in the empirical distribution after data collection. The
two normalized measures were then added together, using weights derived from a validation
procedure that tested the power of di erent linear combinations of the sub-scales to predict
risky choices (i.e. revealed preference) in incentivized laboratory experiments amongst a
sample of German university students. The combined scale loads at approximately 47.3% on

the normalized staircase scale, and 52.7% on the normalized Likert scale.

SComprehensive details on the development process of the GPS and construction of the combined scale
are available in the online appendix of Falk et al. (2018), and in Falk et al. (2022). We represent the GPS
staircase instrument in Appendix A.1. The monetary amounts in the staircase instrument were adjusted
across countries using the ratio of country median wages to the median wage in Germany at the time of the
survey. For the Likert instrument, subjects were asked to indicate \in general, how willing or unwilling you
are to take risks," on a scale from 0 to 10.
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The sub-scale data underlying the GPS preference measures have never been published,
nor can they be readily reconstructed from the combined scales, because the sub-scale z-scores
are unavailable and the imputation procedure for missing data introduces additional noise.
This creates two important limitations. First, a validation and identi cation concern: the
underlying sub-scales rely on well-established, carefully translated instruments, whereas the
weighting scheme used to aggregate them into a single index was validated in laboratory
experiments on a narrow subject pool (a single cohort of students at one German university),
and follow-up evidence on its external validity is mixed (Kosfeld and Shara (2024), Bittner
et al. (2024), Kosfeld et al. (2025)). Access to the unweighted sub-scales would let researchers
assess whether ndings are driven disproportionately by one component or are artifacts of the
aggregation procedure. Second, a limitation of interpretation and quanti cation: because the
combined measures are composite indices of qualitatively di erent sub-scales, their units lack
a clear economic interpretation, so that analyses using them can at best estimate only the sign
of an e ect and not its magnitude, often the policy-relevant object. Moreover, the composite
indices cannot be mapped into structural preference parameters such as risk aversion or
discount rates. The staircase components are designed to recover precisely these objects, but
without access to them the GPS data cannot be directly integrated with standard economic
models or structural empirical analyses.

To address these issues, we design an algorithm for decoding the risk preference sub-scales
from the public combined measure alone. Our procedure exploits the latent lattice structure
of the composite for complete-case respondents: because z-scoring is linear, one-step changes
in the Likert and staircase responses shift the composite by constant step sizAsand B), so
that true (L; S) combinations must lie on a 32 11 grid of at most 352 exact values, with

imputed observations falling o the lattice. We identify A and B directly from the data by

6Additional individual data from the 2012 World Poll are only available through purchase of institutional
access to all Gallup data. Unlike the Gallup World Poll data, however, there is no known legal or contractual
restriction on the publication of the GPS sub-scales.

"For example, while the combined risk preference scale should, in theory, contain at most 352 (1132)
unique values, the published data contains 735.
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Figure 2: Distributions and correlations of GPS risk aversion sub-scales

(a) Combined risk aversion (b) Likert risk aversion

(c) Staircase risk aversion (d) Pairwise correlations

Notes: All measures are scaled so that higher values correspond to greater risk aversion, the reverse of

the ordering in the GPS. Panel (a) is the combined risk aversion measure in the GPS. Panels (b) and

(c) display the decoded sub-scales of the GPS risk preference measure, using the procedure outlined in

Section 2.2, and detailed in Appendix B.1. Dashed lines indicate subject medians. Panel (d) reports

Spearman rank correlations (N = 79;703); all correlations are signi cant at p < 0:001.
searching among the most frequent composite values for highly discriminating symmetric
distance patterns that imputed values are extremely unlikely to satisfy. We then iteratively
expand outward from endpoint anchors to recover a connected component of exactly 352
lattice points. Since the recovered is substantially larger thanB (A=B  4.:26), we can
con dently assign A to the Likert scale (which has fewer bins and therefore larger z-score
steps) andB to the staircase. We then propagate coordinate labels alo#g and B -steps to

assign a unique I(; S) pair to each lattice value, and assign o -lattice (imputed) composites

the coordinates of the nearest lattice point.

12



We verify the decoding in several ways. The recovered lattice contains exactly 352 unique
composite values forming a complete 32 11 grid with no duplicate (S;L) assignments,
covers 89.6% of respondents, and reconstructs on-lattice composites within oating-point
tolerance (max error 91 108 ). A placebo test starting from o -lattice points reveals no
other substantial connected components. The implied sub-scale weights @477 staircase,

0:523 Likert) closely match the published GPS weights ( 0:473-0:527). Rebuilding the
composite from the decoded z-scores yields perfect correlation on-lattice< 1:000000)
and near-perfect correlation in the full sample, including nearest-neighbor assignments for
o -lattice values (r = 0:999998), with 99.4% of observations reconstructed within 0.01 of
the original. Complete details of the decoding and veri cation procedure are available in
Appendix B.1.

Histograms and correlations for the combined scale and its sub-scales are in Figure 2,
normalized so that higher values indicate greater risk aversion (ipped relative to the GPS
scale). As found in other settings, the staircase instrument loads heavily on extreme values,
while the Likert instrument is more normally distributed, with clustering at extremes and
the midpoint.® The combined measure correlates strongly with both sub-scales (staircase:
Spearman'srs = 0:663; Likert: rs = 0:773), indicating that neither dominates its variation.
However, the two sub-scales are only marginally correlated with each otheg & 0:092), which
is surprising given that both target the same underlying trait and jointly predict risk-taking
in experimental validations. The most likely explanations are that either the scales capture
di erent aspects of risk aversion, or that one or both are measured with substantial noise.

In the rest of the paper we focus on the staircase instrument, as it is the one most closely
tied to economic theory, and can be used to derive a structural estimate of the underlying

risk aversion parameter.

8We show that our results are robust to excluding FOSD violators and subjects in end bins in Section 4.
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2.3 Structural estimation of the relative risk aversion parameter

Next, we use subject choices in the staircase task to structurally estimate their coe cient of
relative risk aversion. Complete details of our procedure are available in Appendix B.2. The
rst step in this process is recovering country-speci c lottery prizes and subject income. The
GPS scaled all monetary lottery amounts by country-speci ¢ factor&. equal to a rounded
ratio of national median incomes relative to Germany, but the speci c factors used were never
published. We construct several proxies for these factors using multiple vintages of data from
the World Bank Poverty and Inequality Platform (PIP) with di erent PPP adjustments, as

well as published data from Gallup on median household income. We validate these measures
against ve ground-truth country observations where implementation errors in the GPS
inadvertently reveal the true k. (Falk et al. (2018) online Appendix 8AG.1), and select the
near-contemporaneous PIP 2011 vintage measure based on overall t. For subject income,
since individual-level income variables are not available in the public release of the GPS, we
construct a proxy w using the regional GNI per capita from Chrisendo et al. (2025), matched
to GPS survey regions via centroid-in-polygon spatial join (using the matching procedure in
Section 2.4), and assign it to all subjects in the region.

As is standard, we assume CRRA utility g(c) = ¢t =1 )) with background incomew.
Under narrow bracketing (v = 0), the staircase maps to a compressed range ( 0:1; 0:8)
that cannot distinguish among moderate-to-high risk aversion (Cox and Sadiraj, 2006). Under
broad bracketing (v > 0), subjects are assumed to integrate lottery prizes with background
income. This yields cardinal risk aversion parameters more consistent with macroeconomics
and nance analyses, but leaving the bracketing horizon as a free parameter (Read et al.,
1999). We use broad bracketing in our analysis, and take a data-driven approach to the
bracketing horizon by estimating the model under ve candidates | daily, weekly, monthly,
yearly, and a heterogeneous patience-based horizon | and selecting the one that best ts the
choice data based on model t and monotonicity of »

At each of the 31 staircase boundaries, we solve the CRRA indi erence equation for the
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p at which a respondent with background incomev is exactly indi erent between the lottery
and the safe payment. These boundary values are fed into an RPM+Tremble estimator. This
models the ve binary choices that each subject makes via the Random Preference Model

(Apesteguia and Ballester, 2018) with a tremble parameter (Harless and Camerer, 1994):

P(ottery) =(1 ) [( v )=]+!=2

where captures noise in -space and is the probability of a random coin- ip choice. The
tremble component accommodates FOSD violators and unsolvable-boundary respondents,
resulting in coverage of approximately 79,000 subjects (98.5%). We estimatd () at the
population level via maximum likelihood, and each subject'§ is then obtained by maximizing
their personal 5-choice likelihood at the optimal (4} 1).

The daily horizon is the only speci cation that passes the key construct-validity diagnostic
of monotonically increasing mear* across staircase bins (Apesteguia and Ballester, 2018),
with a low tremble estimate (* = 0:09). In contrast, the non-daily horizons exhibit 5{

13 monotonicity violations out of 28 adjacent bin pairs, and progressively higher tremble
parameters (Figure 15 and Table 27). We therefore adopt daily income bracketing | the
most conservative xed horizon given the evidence for narrow bracketing in the literature
(Thaler, 1999; Andersen et al., 2018a) | as our primary speci cation.

To account for heterogeneous noise across subjects in our estimates, we implement
Empirical Bayes shrinkage using the classical Gaussian hierarchical model (James and Stein,
1961; Morris, 1983; Efron and Morris, 1975). Within each countrg, the posterior mean
shrinks each individual toward the precision-weighted country mean bg; = "2=("? + 72),
where 72 is the individual measurement error variance and? is the between-individual
variance of true preferences estimated via DerSimonian and Laird (1986). This follows the
standard approach in the literature on teacher value-added (Kane and Staiger, 2008; Chetty

et al., 2014), neighborhood e ects (Chetty and Hendren, 2018), and school e ectiveness
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(Angrist et al., 2017). We verify the Gaussian error model by estimating a robust alternative
with a heteroskedastict-distribution (Lange et al., 1989; Huber and Ronchetti, 2009). The
MLE over degrees of freedom for the selects = 10;000, the normal limit, con rming that

the pro le-likelihood standard errors fully capture the relevant measurement error structure

from the estimation model®

2.4 Matching GPS regions to geographic boundaries

In order to maximize power in our analysis we conduct it at the GPS region level globally.
With the exception of Sunde et al. (2022), who study the relationship between patience and
income sub-nationally, we are not aware of other papers in the literature that use global
sub-national GPS data in their analysis?

In their paper, Sunde et al. (2022) match regions in the GPS to the regional dataset in
Gennaioli et al. (2013). This approach has two drawbacks. First, geographic overlap between
the two datasets is limited: Sunde et al. (2022) report matching 704 of 1148 regions (61.3%)
in 55 countries. Second, since the Gennaioli et al. (2013) database contains no GIS data or
region boundaries, it is not possible to readily link it to other, external spatial variables. This
makes its use especially limiting for our analysis, which employs gridded climate data.

Our matching procedure instead relies on linking GPS regions to administrative boundary
polygons using global GIS data from GADM 4.1.0. We use a two-pass automated pipeline
followed by extensive manual crosswalks. We successfully match 1,144 of 1,148 GPS regions,
covering over 99% of observations. The procedure is fully deterministic and reproducible. A

comprehensive description of it can be found in Appendix B.3.

%In Section 4 we show that our main estimates are robust to alternative shrinkage regimes, including
no shrinkage, Winsorization, at-distribution empirical Bayes with constrained , and a mixture model that
treats excess end-bin respondents as uninformative.

0Hanushek et al. (2026) study the relationship between patience and student achievement in the United
States and lItaly regionally. However, their primary analysis uses Facebook-derived proxies which are validated
against the GPS, not GPS micro data directly.
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2.5 Lifetime climate experience variables

Our climate data combine three gridded sources to construct a monthly temperature and
precipitation record on a 05 0:5 latitude{longitude grid from January 1900 through
2025. The primary source is the University of Delaware Air Temperature and Precipitation
dataset, version 5.01 (Willmott and Matsuura, 2001), which covers 1900{2017. We extend
the record through 2024 using CRU TS v4.09 (Harris et al., 2020), and through 2025 using
CPC Global Uni ed daily temperature (Fan and van den Dool, 2008), aggregated to monthly
frequency. Splice validity was con rmed over the 2010{2025 overlap period. We aggregate
gridded climate to 1,144 GPS survey regions using area weighting.

For each GPS respondent with survey region and birth year b (computed as survey year
minus age), we construct lifetime mean temperature as the average over monthly values from

January of year b through December 2011:

X

Tr;b = Tr;t ;

1
No t2fJan(b)::::Dec(2011)g
where N, = 12 (2012 b ) is the number of months in the experience window. The

lifetime standard deviation of temperature, and analogous measures for precipitation, are
constructed similarly. We truncate the experience window at December 2011, the last full
calendar year before the 2012 GPS survey, rather than extending it to the interview date
to avoid con ating lifetime climate trends with short-run weather shocks. Lifetime mean

temperature is the main independent variable, and lifetime mean precipitation as a control

in our baseline speci cations. Complete details on the climate data and the construction

process are presented in Appendix B.4.

2.6 Controls and weights

Our analysis uses three additional categories of controls. First, the public GPS data provide

subject-level covariates: age, gender, interview language, self-reported math ability, and ve
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preference indices (patience, positive and negative reciprocity, altruism, trust). Age enters
several speci cations as a birth-year xed e ect. Gender and language, unlikely to be a ected

by climate experiences, are included in baseline regressions for precision. Robustness to
alternative covariate sets is shown in Section 4.

Second, we construct controls to address noise and potential bias from survey seasonality.
If the timing of survey deployment was correlated with local climate | for instance, if hot
regions were surveyed in their cold months and cold regions in their hot months, when the
e ect of long-run heat exposure is potentially magni ed | this may attenuate the estimated
e ects. Conversely, if the correlation between local temperature and seasonal timing is
positive, our results might be biased away from zero. We test this directly by regressing each
region's mean interview-month temperature percentile on mean annual temperature, nding
a signi cant negative correlation fs = 0:105p = 0:0002): colder regions were surveyed in
relatively warmer months and vice versa. To absorb this variation, we construct seasonality
xed e ects, by interacting survey month with the subject's hemisphere. We include these in
the baseline speci cation.

Third, we control in robustness checks for short-run temperature shocks on the interview
day and preceding night. These could a ect cognitive and emotional outcomes, including
through sleep quality (Obradovich et al., 2018; Mullins and White, 2019; Minor et al., 2022,
Romanello et al., 2023), but re ect weather rather than climate variation. For each survey
region r, interview date d, and k 2 fday of, night beforeg we compute a z-score anomaly:

Tr;d;k Tr;d;k .
SD(T)r;d;k ,

Zrgk =
whereT,qx and SD(T)q.« are the historical mean and standard deviation of temperature for
that day of year in regionr, computed over the standard WMO 1981{2010 reference period.

We employ three subject weighting schemes in the analysis. To identify the causal e ects

of the treatment, we maintain an equal weight for each subject. For results at the country
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level, we weight subjects by the survey weights provided by Gallup, in order to derive a
representative sample in each country. When estimating e ects at the global level, we further
weight subjects by the ratio of their country's population in 2012 to its survey sample size.
The results of the weighting schemes on the preference distribution and the estimated e ects

are small, as can be seen in Section 3.1 and Section 4.

2.7 ldenti cation

The aim of our analysis is to estimate the causal e ect of climate change on individual risk
preferences globally. The ideal experiment would randomly assign climate experiences over
decades and measure preferences before and after. In its absence, we exploit between-person
variation in experienced lifetime mean temperature linked to a global cross-sectional measure
of risk preferences. The lifetime mean captures experiences over the time scale of climate,
and generates between-subject variation even within region through non-shared climate
experiences and di erential weighting of shared experiences by age.

The dominant dimension of variation in lifetime temperature is cross-sectional: some
regions are generally hot and others are cold. The e ects of these cross-sectional di erences
are clearly confounded with persistent di erences between hot and cold places such as culture,
institutions, or development. Cross-sectional di erences in climate are also mostly orthogonal
to the treatment of interest, which is the change in climate. In our rst speci cation we
control for cross-sectional di erences in climate by including survey region xed e ects. These
net out permanent location-based di erences, and isolate within-region across-cohort variation
that arises from cohorts being born into di erent segments of their region's climate history.

The region xed e ects speci cation identi es o the primary component of climate change,

a relatively uniform increasing trend in global temperature. However, these estimates may
still be confounded with other global trends that are correlated with both lifetime temperature
and risk preferences. Based on current evidence in the experience e ects literature, there are

four major possible confounds: economic growth, violence, natural disasters, and age. The
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rst three are unlikely to be driving our results. Since we nd that risk aversion is negatively
correlated with lifetime temperature, confounders would need to be positively correlated
with temperature and negatively with risk aversion, or vice versa. Macroeconomic growth
has been found to be negatively correlated with both risk aversion (Malmendier and Nagel
(2011), Levin and Vidart (2025)) and warming (Dell et al. (2012), Burke et al. (2015b)).
Conict is positively correlated with both (Brown et al. (2019a), Hsiang et al. (2013), Ash
and Obradovich (2019)). The most signi cant disaster-driven changes in risk preferences
stem from events like earthquakes, whose occurrence is mostly orthogonal to warming trends
(Cameron and Shah (2015), Hanaoka et al. (2018)).

Confounding with subject age is far and away the most serious threat in the region xed
e ects speci cation: young people are on average less risk averse (Dohmen et al. (2017))
and have lived through a hotter climate than their elders. To address this, our preferred
speci cation additionally includes cohort (i.e. birth year) xed e ects. These net out age
e ects common across all regions. We also estimate a speci cation with region and cohort-
by-country xed e ects, the most demanding we can estimate with our data, which further
controls for country-speci ¢ age e ects.

To bolster the evidence for our global estimates, we also assemble data from four panel
surveys containing longitudinal elicited measures of risk preferences, for the same individuals
years apart. This allows us to estimate the e ects of within-person changes in climate
experiences on risk preferences, and to address other concerns in the global analysis such as

endogenous migration. We discuss these further in Section 5.

2.8 Empirical speci cations

We estimate three speci cations, each for two left hand side variables: (1) staircase risk
aversion from the GPS, and (2) the structurally estimated* based on it. We label both

collectively RA below. For subjecti, in regionr, born in year b, the region xed e ects
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speci cation is

RAirp = Trp+t Pro+ Xi+ pmt ¢+ b (1)

where T, is mean monthly temperature in regiorr from January of yearbto December
2011,P;, is the equivalent measure for precipitationX; are individual controls (gender and
interview language dummies in the baseline),,, is a hemisphere by interview month xed
e ect controlling for seasonality, and , is the region xed e ect. For the main speci cation

we add a cohort xed e ect .

RAip = Tt Prp+ Xi+ pm+ + b+ (2)

while in the third speci cation we instead add a country-by-cohort xed e ect

RAip = Tip+ Prp+ Xi+ pm+ 1+ ot b 3)

Standard errors for all speci cations are clustered two-ways by region and birth year.

3 Results

3.1 The global risk preference distribution

In this section we present the results of our structural estimation of global risk preferences.
These include three distributions of the CRRA” parameter: (1) the unweighted distribution;
(2) the distribution weighted by the Gallup-survey weights, so it is nationally-representative;
and (3) the nationally-representative distribution additionally weighted by countries' popula-
tion sizes (relative to their survey sample size), to yield a globally-representative preference
distribution. We use the unweighted distribution for causal inference (Section 3.2), the
nationally-representative distribution when reporting cross-country results, and the globally-

representative distribution for the counterfactual analysis (Section 3.3).
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Figure 3: Global Distribution of Relative Risk Aversion, 2012

(a) Unweighted ~ (b) Globally-representative
Notes: This gure displays the global cross-sectional distribution of our individual estimates of CRRA
coe cient . Red indicates risk-seeking (< 0), blue indicates risk aversion *> 0). Panel (a)
displays the kernel density of the unweighted” distribution. Panel (b) displays the kernel density of
the globally-representative distribution, which is result of weighting subjects by national Gallup survey
weights and by the ratio of their country's population in 2012 to the country's Gallup World Poll sample

size. Both density plots are trimmed to the range”2 [ 7;7] (comprising 95% of the sample) for
visual clarity. Reported means and medians are computed from the untrimmed distributions.

Kernel density plots of the estimated preference distributions are presented in Figure 3.
The unweighted distribution (Panel a) has a median of 1.12 and a mean of 0.36, with an
interquartile range of -0.33 to 2.10, and an interdecile range of -2.82 to 3.99. The distribution
is left skewed, with a long tail of substantial risk-seeking estimates. It has a primary peak at

= 1:34 (density 0.288) and a secondary peak at risk neutrality = 0:03 (density 0.152).
The nationally-representative distribution is virtually identical, so we do not present it here.
The globally-representative distribution (Panel b) has a median of 1.27, a mean of 0.53, with
IQR =[ 0:352:59] and IDR =[ 2:87;4.54]. Relative to the unweighted distribution, this
distribution is shifted rightward, re ecting the fact that some of the world's most populous
countries | especially India, Indonesia, Bangladesh, and the Philippines | have above
average risk aversion.

Maps of nationally-representative average risk aversion by country are presented in
Figure 4. Panel (a) displays country medians and panel (b) country means. Several patterns

are evident. Across almost all countries, the median individual is moderately risk averse, with
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the exception of a cluster of countries in the Middle East and Africa exhibiting median risk
neutrality or risk-seeking. South and South East Asia contain a cluster of especially risk averse
countries. Turning to the mean, we see a nearly-uniform global shift towards risk-seeking,
indicating substantial left skew in almost every country. We can also see that some country
pairs which have very similar median risk aversion, such as the United and China, or Mexico
and Colombia, have very di erent means, indicating that there are di erential patterns of
preference heterogeneity between countries. We provide complete distributional statistics by

country in Appendix A.2.1

3.2 The e ects of climate change on risk aversion

Table 1 presents our main results. Each column reports the coe cient on lifetime mean
temperature from a regression of risk aversion on experienced climate, with progressively more
demanding xed e ects speci cations. Panel A shows the results for the raw staircase measure
(1{32 scale, normalized so higher values indicate greater risk aversion), a reduced-form ordinal
measure of risky lottery choices. Panel B displays the results for the structurally estimated
CRRA coe cient ~. Speci cations for the three columns are detailed in Section 2.8. All
speci cations include region xed e ects, as well as controls for gender, interview language
dummies, lifetime mean precipitation, and hemisphere-by-interview-month seasonality xed
e ects. Standard errors are clustered two-way by survey region and birth year.

The results are consistent across panels and measures: higher lifetime mean temperature
is associated with lower risk aversion. In the region xed e ects speci cation (Column 1),
a 1 C increase in lifetime mean temperature is associated with a 1.88-point reduction in
staircase risk aversion (p < 0:01) and a 0.622-unit decrease in *(p < 0:01).

In our preferred speci cation (Column 2), we add cohort xed e ects, absorbing both

cross-region di erences in climate and generational shifts in risk tolerance (due to age or

Iwe recommend that researchers employing these data in applications use the country medians for the
average country risk aversion rather than the means, since the means are sensitive to extreme values ofFor
similar reasons, we recommend the interdecile range for cross-country estimates of preference heterogeneity.
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