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Accumulating evidence indicates that environmental temperature substantially affects economic outcomes
and violence, but the reasons for this linkage are only partially understood. We study whether temperature
directly influences behaviour by evaluating the effect of thermal stress on multiple dimensions of economic
decision-making, judgement and destructive behaviour with 2,000 participants in Kenya and the United States
who were randomly assigned to different temperatures in a laboratory. The main finding is that most major
dimensions of economic decision-making are unaffected by temperature. We also find that heat significantly
increases willingness to voluntarily destroy other participants’ assets in the Kenyan sample.

Scholars have long attempted to understand the role that climate plays in human societies
(Huntington, 1922; Montesquieu, 1949; Lee, 1962). We have seen a recent acceleration of
findings enabled by improved data, computing and statistical techniques (Carleton and Hsiang,
2016). This research has established an empirical link between high temperature and heightened
risk of violence and conflict (Hsiang ez al., 2013), as well as a link between extreme temperatures
and worse economic and societal outcomes (Jones and Olken, 2010; Graff Zivin and Neidell,
2014; Burke et al., 2015b; Obradovich et al., 2018). In addition, high temperatures are found to
reduce physical activity (Obradovich and Fowler, 2017), exam performance (Park et al., 2020;
2021; Zivin et al., 2020; Park, 2022) and manufacturing productivity (Somanathan et al., 2021),
and increase the incidence of suicide (Baysan et al., 2019) and interpersonal violence.'
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1 High temperatures are also found to reduce fertility (Barreca et al., 2018) and increase HIV transmission (Burke et al.,
2015a), domestic migration (Bohra-Mishra ef al., 2014) and electricity use (Wenz et al., 2017). Recent literature makes
further advances in mechanisms behind the temperature-crime relationship (Blakeslee and Fishman, 2018; Blakeslee
etal., 2018; Garg et al., 2020; Rothler et al., 2024).
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The most pressing and challenging task remains to identify the causal mechanisms underlying
this array of reduced-form findings (Dell et al., 2014). Two hypotheses are typically proposed,
at least informally. First, it is possible that factors external to human beings respond to high
temperature, which then directly or indirectly affect outcomes. For example, climate-induced
loss of agricultural income has been proposed as a mechanism linking extreme climatic events
with decisions to engage in political conflict (Miguel et al., 2004; Schlenker and Roberts, 2009),
but also to suicide (Carleton, 2017), transactional sex (Burke ef al., 2015a) and migration (Feng
et al., 2010; Missirian and Schlenker, 2017).

Alternatively (and not mutually exclusively), extreme temperatures could directly influence the
internal mental processes governing decision-making. In this vein, the medical and psychological
literature has posited that heat increases aggression due to its negative impact on emotional affect,
because lowered affect is misattributed to anger, or because of a physiological effect of heat that
triggers aggression (Bell and Baron, 1976; Zillmann, 2006), though experimental evidence of a
heat-aggression relationship is mixed (Anderson et al., 2000). In the economics literature, it has
been suggested that violent crime and group conflicts become more likely at high temperatures
at least in part because individual decision-making is altered—for instance, through diminished
consideration for future consequences, lowered risk aversion or heightened risk of strategic
miscalculation (Anderson, 1989; Baysan et al., 2019).? Beyond scholarly interest in these issues,
determining the relative influence of these various external factors and internal mental processes is
crucial to developing policies or technologies to address the damage caused by high temperatures.
One explanation would suggest directing resources towards adaptation of external factors such
as infrastructure and agricultural biotechnology, while the other might favour investments in
cooling indoor environments at home and work.

This study conducts the first systematic laboratory evaluation to our knowledge of high tem-
perature on the internal mental processes that govern economic decision-making, judgement and
destructive behaviour. We randomly assign subjects to Hot (30 °C/86 °F target) or Control in-
door environments (22 °C/72 °F target) in two parallel and simultaneous experiments conducted
in Berkeley, California, and in Nairobi, Kenya, from September 2017 to February 2018. The
experiment lasted for about one hour, and the participants were exposed to the temperature they
were assigned for twenty minutes before they started making choices. We deploy a battery of
assessments designed to measure components of individual cognition, private preferences and
decision-making quality, as well as social preferences and destructive behaviour. For the cogni-
tion domain, we measure the effects of temperature manipulation on precision, fluid intelligence
and cognitive reflection (Penrose and Raven, 1936; Frederick, 2005; Gill and Prowse, 2012). In
the domain of private preferences, we measure risk-faking and patience (Eckel and Grossman,
2008; Andreoni et al., 2015). Decision-making quality is assessed by checking the transitivity
of risk preferences and consistency of time preferences (Eckel and Grossman, 2008; Andreoni
et al., 2015). We measure social preferences through behaviour in fairness (altruism), trust,
public goods provision and charity games (Fischbacher et al., 2001; Andreoni, 2006; Almas
et al., 2010; Johnson and Mislin, 2011) and destructive behaviour in a joy-of-destruction game
(Abbink and Sadrieh, 2009). Finally, we record individual affect and arousal, namely, happiness
and alertness (Russell and Barrett, 1999).

We find that nearly all dimensions of judgement and decision-making are largely unaffected
by exposure to high temperatures in the laboratory. This is true for our main exposure duration of

2 Decision-making can also be altered by high temperature that disrupts sleep (Obradovich ez al., 2017; Bessone et al.,
2021).
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about one hour, and it does not change in an additional lab round in California (conducted in late
2022 and early 2023) when we roughly double participants’ duration within the laboratory setting.
The precisely estimated null results provide evidence against the hypothesis that high-temperature
exposure of this magnitude (30 °C) and duration (one to two hours) meaningfully affects internal
decision-making. These findings suggest that key dimensions of economic preferences and
choices largely withstand such changes in temperature.

A second set of results provides novel evidence for a decision-making channel linking high
temperatures to destructive or violent outcomes, albeit one that is context specific. Specifically,
we estimate that exposure to high temperatures increases destructive behaviour among Kenyan
participants by +0.30 of an SD on average, providing support for prior theories that cognitive
responses to thermal stress could contribute to the systematic rise in violence observed due to
warming. Among California participants, on the other hand, if anything, we document a moderate
reduction in destruction in the treatment condition.

The analysis reported in this paper aims to attain high standards for transparency in study de-
sign, implementation and analysis. The replicability of social science research has recently been
questioned, with a number of studies showing that publication bias and specification searching
may produce misleading bodies of research, including in economics lab experiments (Camerer
et al., 2018; Christensen and Miguel, 2018; Andrews and Kasy, 2019). This has motivated pro-
posals for better and more transparent research practices, such as pre-registration of experi-
ments and analysis and adjusting p-values for multiple hypothesis testing (Miguel et al., 2014;
Christensen et al., 2019). This study’s data analysis was pre-registered to limit researcher bias.
The finding of a direct link from temperature to destruction in Kenya was part of this pre-
registered analysis, is significant even relative to the more stringent p-value level of < 0.005
proposed (Benjamin er al., 2018) and survives adjustment for multiple hypothesis testing. For
transparency, we also note whenever the analysis goes beyond the originally specified plan. We
also view our complete reporting of all findings, including null results, obtained on the wide range
of pre-specified outcomes as important for avoiding the publication bias that has characterised
some bodies of research evidence.

Additionally, we note that the study was designed in advance to be highly statistically powered
(N = 2,000) in case the analysis recovered null results, a decision that turned out to be crucial
in allowing us to reject substantive effect sizes. Specifically, the study had 80% power to detect
non-trivial effects (0.16 of an SD) for the whole battery of laboratory experimental modules, and
at least 80% power to detect small to medium effect sizes (0.26 of an SD) even with a fairly
conservative multiple testing adjustment.

In terms of the broader literature, some previous work has suggested a link between temper-
ature and internal mental processes. First, scholars have established a link between high tem-
perature and cognitive performance, specifically, deciphering Morse code (Mackworth, 1946)
and solving maths problems (Graff Zivin ef al., 2018). Second, there is evidence that ‘aggres-
sive’ behaviours—such as sports violence (Larrick et al., 2011), horn honking (Kenrick and
MacFarlane, 1986) and swearing on social media (Baylis et al., 2018)—increase with tem-
perature. In fully controlled laboratory environments, the evidence is decidedly more mixed,
as discussed by Anderson et al. (2000). We hope to contribute to this body of work through
(i) experiments conducted in a tightly controlled laboratory environment (most of the studies
noted above are non-experimental), (ii) a wide range of standard economic outcome measures,
(iii) large samples at two sites, which allow us to detect modest effect sizes and establish precise
null results where appropriate, and (iv) a pre-registered econometric analysis.

© The Author(s) 2025.
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In general, there are useful complementarities between studying behaviour in the field and in a
more controlled laboratory setting. Field experiments have the advantage of examining naturally
occurring settings, but often struggle to pin down causal mechanisms. A leading strength of an
experimental laboratory setting like ours, relative to most field experiments or observational data,
is the ability to ‘shut down’ other factors that might confound the relationship between higher
temperatures and the outcomes we consider, in order to better establish underlying channels.
A possible weakness of the laboratory setting, however, is that it limits both the intensity and
duration of temperature increases (only up to 30 °C and to a maximum of two hours). Despite
these limitations, we believe that the results of this study add valuable evidence to an ongoing
debate, especially in light of the dearth of empirical evidence on the mechanisms underlying the
well-established reduced-form link between extreme temperatures and societal outcomes.

It is also important to note the relevance of our findings to the understanding of how climate
change affects economic outcomes. Climate change will drastically increase the frequency of
hot and very hot days (Field et al., 2012). The most direct avenue humans will use to adapt
to hotter ambient temperatures is to cool down the indoor environment to a more comfortable
temperature, which has been shown to lead to significant improvements in health outcomes—
though at a cost. Increased operation of existing cooling equipment and possible purchasing
of new air conditioners will lead to increased fixed and variable expenditures for households
and firms (Davis and Gertler, 2015). Our findings are most directly relevant to decision-making
in a counterfactual cooled versus a non-cooled room setting, as the laboratory experiments
were conducted indoors. This would include many settings where humans make economically
consequential decisions, including the home, offices, shops and factory floor. Decisions made
indoors may have consequences for what happens outdoors, including the choice to engage in
organised political or criminal violence.

1. Research Design
1.1. Sample and Timeline

The main laboratory experiment took place during the period September 2017—February 2018 in
two sites, Berkeley, California and Nairobi, Kenya (and a second smaller experiment was con-
ducted during 2022-3 in Berkeley, as we discuss below). During this main period, we conducted
144 experimental sessions with twelve participants each, and each participant was randomly
assigned to either the heat treatment (described below) or the control group.?

Participants were drawn from the student body of the University of California, Berkeley for
the California sample and the University of Nairobi for the Kenya sample.* Although one should
bear in mind that university students are not necessarily representative of the population as a
whole (Sears, 1986), the use of student subjects should not pose a problem for the study’s external
validity per se (Druckman and Kam, 2011).

3 In practice, while we over-recruited at 50% to better ensure twelve participants per session, we were not always able
to secure twelve participants. In Nairobi, we had 79 full sessions of 12, 5 sessions of 11 and 2 sessions of 6. In California,
we had 65 sessions of 12, 9 sessions of 11 and 4 sessions of 6. For the sessions with six participants, we randomised all
into either the heat treatment or the control group. For the sessions with eleven, we randomised which treatment group
would have five participants.

4 Because of the University of Nairobi temporarily closing because of political events, students were also recruited
from Strathmore University for a period of time. See Almas ef al. (2025a, Section K) for more details.

© The Author(s) 2025.
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To be able to detect moderate and even relatively small standardised differences between
treatment and control groups, we aimed for a sample of at least 1,600 participants, with 800 at each
site.” A test with size @ = 0.05 and power (1 — B) = 0.80 would allow us to detect differences
of 0.158 SDs in the pooled sample, and of 0.223 SDs in each site separately (see Figures 1, 3
and 5 in the pre-analysis plan).® Since we want to compare many outcomes between treatment
and control, we also account for the fact that the false discovery rate increases mechanically
with the number of comparisons. We therefore adjust the minimum detectable effect (MDE)
sizes for multiple comparisons under two scenarios: (i) the proportion of tested null hypotheses
that are true is 0.50, and (i) the proportion of tested null hypotheses that are true is 0.80. In
the first scenario, the MDE is essentially unchanged by the adjustment. In the second scenario,
it rises to 0.188 of an SD in the pooled sample, and to 0.264 of anSD in each site separately.
Because of successful participant recruiting, the eventual sample size exceeded the target with
903 participants in Berkeley and 1,015 participants in Nairobi.

1.2. Experimental Temperature Manipulation and Measurement

The experimental treatment consisted of a temperature manipulation. Each session was randomly
selected to take place in either a ‘hot’ treatment room or in a ‘cool’ control room. The target
temperature in the control room was 22 °C, while the target temperature in the treatment room
was 30 °C. To expose participants to the treatment, they were placed in the temperature-controlled
laboratory rooms for a twenty-minute waiting period before beginning the experimental modules.
The entire lab lasted for roughly one hour (further information and photos of the experimental
setup are included in Almas er al. (2025a, Section I).

In California, temperature in the treatment room was manipulated by a combination of two
radiator heaters and an air conditioning (A/C) unit. The control room contained an identical A/C
unit. In Nairobi, the temperature was controlled via a joint heating plus A/C wall unit in both
treatment and control rooms, plus an additional heater in the treatment room.”

During the experiment, we recorded both indoor air temperature, as well as operative tem-
perature, since the latter is considered the main driver of indoor thermal comfort. Indoor air
temperature was measured by two sensors in each of the rooms, installed at either end of the
room. Operative temperature, which is essentially an average of air temperature and mean radiant
temperature, was measured using a sensor placed inside a ping pong ball coated in paint hanging
in the middle of the room.®

In addition to temperature, we also measured a number of other environmental characteristics
that have been shown to potentially affect cognitive performance (see Wargocki et al., 2006). To
select the list of indicators, we draw upon extensive research in building science on the effects
of indoor environment on cognitive performance and workplace productivity. Specifically, we
recorded relative humidity, carbon dioxide, lighting and background noise (see Almas et al.
(2025a, Sections H.3—H.5) for details). All temperature equipment and sensors except for the
operative temperature sensor were hidden from participants’ view.

3> As noted above, the experimental design, protocol and core analyses were pre-registered in a pre-analysis plan on
the American Economic Association RCT registry, at https://www.socialscienceregistry.org/trials/1361.

6 In these calculations, we assumed equal sample sizes, as well as equal variance across treatment arms. SEs were
clustered by estimating the intra-session correlation of the outcomes of interest from early experimental pilot data.

7 For a more detailed description of the laboratory environment and the types and brands of temperature equipment
used, see Almas ef al. (2025a, Section H.1).

8 For the types and brands of sensors used in the experiment, see Almas et al. (2025a, Section H.2).

© The Author(s) 2025.
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To be able to describe and control for the ambient climate at each experimental site as a
robustness check, we also recorded daily outdoor temperature and relative humidity directly at
both sites for the duration of the experiment.

1.3. Study Sites

The two experimental sites, Kenya and California, were intentionally selected because their
socio-economic characteristics are distinct and might indicate whether or not the response to
thermal stress differs across locations and contexts. Kenya is a lower middle-income country in
East Africa, which had a Gross National Income (GNI) per capita of 3,970 in purchasing power
parity dollars (PPP$) and was ranked 142 out of 189 countries on the Human Development Index
at the time of the experiment. California is a federal state of the United States, a high-income
country with a GNI per capita almost fifteen times that of Kenya (61,020 PPP$) and that was
ranked thirteenth on the Human Development Index (all statistics from 2017).

Both sites are located in temperate climate zones. The daily temperature in Nairobi was fairly
tightly distributed around a median of 20 °C for the duration of the experiment (Figure 1(b)),
while the temperature in Berkeley, California, was more variable and at a lower median of 15.4°C
(Figure 1(d)). Daily median relative humidity was 65.4% in Nairobi and 57.8% in California (see
Online Appendices A.2 and B.2, as well as Online Appendix Table C.1.1, panel C for further
details).

The political environment in the two sites also differs in ways germane to our experiment. The
United States is considered a relatively stable and mature—albeit imperfect—democracy, while
Kenya is more politically volatile with a recent history of controversial national elections marred
by election fraud accusations and resulting ethnic violence (Mebane, 2017). Our experiment
occurred during a period of heightened instability in Kenya immediately following the presi-
dential election between Raila Odinga (a member of the Luo ethnic group) and the incumbent
Uhuru Kenyatta (a member of the Kikuyu ethnic group) on 8 August 2017. Kenyatta won the
general election, followed by an annulment of the results by the Supreme Court due to election
discrepancies (September 1). Kenyatta won a second round of voting that was boycotted by
the opposition (October 26) and generated accusations of voter intimidation and fraud. Violent
clashes resulted, including in Nairobi, with many victims reported to be ethnic Luos supporting
Odinga (The Economist, 2017; Kiruga, 2018). This political context was salient during our study,
as many experimental sessions in October were postponed because violence caused university
closures. No similar disruption occurred in Berkeley, California during the study (see Figure 2
for a timeline of events and Online Appendices A.l and B.1 for details).

Beyond these broad differences between sites, there are also differences specific to the two
student samples. Subjects in California are on average slightly younger (20.0 &£ 2.7 years versus
22.0 £ 2.4 years in Nairobi), more likely to be female (60% versus 35%), more likely to have
at least one parent with university education (79% versus 25%) and higher income levels (89%
versus 8% earn > $24,000 US, PPP adjusted; see Online Appendix Table C.1.1). They also
generally completed experimental tasks somewhat faster in the lab.

1.4. Design of the Laboratory Experimental Modules

We measure the effect of temperature on a broad range of economic preferences, social behaviour
and cognition outcomes. We use experimental modules that are standard and well known in the

© The Author(s) 2025.
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5 afdegh b icj afdeghbicj
0 20 40 60 80 100 0 20 40 60 80 100
Time (min since session start) Time (min since session start)
(e)
Group Label Measurement Description
Economic d Risk-taking (Eckel and Grossman, 2008) Participant-chosen variance in outcome from a coin toss, where
Preferences choosing a higher variance outcome is risk-loving
d Rational choice violation | When coin toss A is preferred to coin toss B, and coin toss B is
(Eckel and Grossman, 2008) preferred to coin toss C, but coin toss A is not preferred to coin toss C
e Patience (Andreoni et al., 2015) How one weighs two future periods (time discounting)
e Time inconsistency (Andreoni et al., 2015) How one weighs the present versus the future (present bias)
Social f Fairness (Almas et al., 2010) Share of tokens earned from precision task given freely to partner
Behaviour g Trust (Johnson and Mislin, 2011) Share of endowed tokens entrusted to partner, as a measure of trust
h Public contribution (Fischbacher et al., 2001)  Share of endowed tokens placed into the group fund, as a measure of
willingness to contribute to a public good
i Destruction (Abbink and Sadrieh, 2009) Share of partner’s vouchers or gift cards voluntarily and
anonymously destroyed, as a measure of ill-will
j Charitable donation (Andreoni, 2006) Amount of tokens donated to charity, as a measure of charitableness
Affect c Happiness (Russell and Barrett, 1999) Self-expressed degree of happiness at the end of the experiment
c Alertness (Russell and Barrett, 1999) Self-expressed degree of alertness at the end of the experiment
Cognition a Precision (Gill and Prowse, 2012) Productivity, measured through moving sliders
b Fluid intelligence (Penrose and Raven, 1936) Reasoning ability, measured through Raven’s matrices
c Cognitive reflection (Frederick, 2005) Ability to override gut response, measured through five questions

Fig. 1. Experimental Temperatures, Timeline and Description.

Note: Panels (a) and (c) display the median indoor temperature trend during the experiment (black) and the
distribution of temperatures across different experimental sessions (coloured shading). The opacity of the
median line is correlated with the number of experimental sessions that had a measurement recorded at a

given time, and the opacity of the shading is correlated with the number of experimental sessions that
recorded a temperature measurement falling within a given range. The edge of the shading indicates the

minimum and maximum temperatures across experimental sessions at each point in time. The mean

temperature experienced by Hot and Control groups was 31.2°C (¢ = 0.3°C, n = 79) and 21.7°C
(0.1°C, 79) in Nairobi, respectively, and 30.3 °C (0.2 °C, 76) and 21.8 °C (0.2 °C, 76) in California. The
midpoints of the median start and end times of participation in each experimental module are indicated at
the bottom of panels (a) and (c) for treatment (pink) and control (blue) groups, with labels corresponding
to those in panel (e). The vertical green line shows the median experiment length in each location. Panels

(b) and (d) contain session-weighted histograms of daily mean outdoor temperatures on days in which we

ran sessions. On average, the mean daily outdoor temperature was 20.0°C (o = 0.9 °C) in Nairobi and
15.7°C (3.7°C) in California. Panel (e) contains a table of the fourteen measurements (outcomes) and
brief descriptions of each. These measurements consist of the twelve primary outcomes from the
pre-analysis plan plus happiness and alertness.

literature (see Figure 1(e)).” We elicit standard economic preferences in both risk and time
settings. We observe social behaviours such as fairness, cooperation, trust and destruction;

9 The ordering of modules was fixed across treatments and sites; see Figure 1, panels (a) and (c).

© The Author(s) 2025.
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round presidential
election for October

Second round presidential election held,
following annulment of August 2017 results

|IEBC declares Kenyatta QOdinga boycotts second round
victor; violent clashes presidential election; Government
follow nationwide bans opposition protests

Fig. 2. Experimental Timelines for Nairobi (Dark Orange) and California (Light Green).
Note: The coloured bars display the cumulative number of experiment participants. Events directly
relating to the Nairobi site are included above the timeline, while events relating to the Nairobi political
context are included below the timeline (see Almas et al. (2025a, Section K.1) and Online Appendix A.1).

additionally, we measure participants’ inclination for charitable giving. We also elicit subjects’
emotional state or affect using self-reports. We measure cognitive performance with incentivised
tasks on precision, fluid intelligence and cognitive reflection.

The setup here is standard in economics: subjects are never deceived and their performance
and choices during the laboratory experiment determine their monetary earnings. In the social
behaviour modules, individual earnings depend on interactions with other participants in the
same room, anonymised and mediated through a computer terminal. The experimental interface
incentivises decisions with tokens, which are converted into local currency at the end of the
experiment. The exchange rate is 3.5 tokens to 1 Kenyan shilling in Nairobi and 2.1 tokens to 1
cent in Berkeley.!? After all experimental modules were completed, average earnings in California
were around $35, while average earnings in Nairobi were around 2,000 Kenyan shillings.

In describing the modules and their outcomes, we follow our pre-analysis plan and distinguish
between ‘primary outcomes’ and ‘secondary outcomes’ of interest. Below is an overview of the
experimental outcomes; further information about the design of each module (including the full
transcript of the instructions) can be found in Almas et al. (2025a, Sections 1.1-1.4).

1.4.1. Economic preferences

The risk module elicits risk preferences using choices over lotteries from two different menus,
which allows us to measure two of our primary outcomes, namely, risk preferences and tran-
sitivity violations, and a secondary outcome, namely, first-order stochastic dominance (Eckel
and Grossman, 2008). Risk preferences are measured by the outcome variance in the chosen

10 For context, 1 US dollar was equal to about 100 Kenyan shillings in 2017. Note that the exchange rate was previously
1.75 tokens to 1 cent in Berkeley, but was changed early in the experimental timeline (on 28 September 2017), both to
keep at the original target payment of $25 an hour and to sustain recruitment.
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lottery from the first menu. The higher this variance, the more risk-taking the participant.!'!
Comparing a participant’s choices from both menus, the outcome of interest is an indicator for a
transitivity violation, which proxies for decision-making quality. Analysing the first menu allows
us to identify choices that are first-order stochastically dominated.

The time preferences module consists of the standard protocol for eliciting so-called ‘beta-
delta’ preferences, namely, a convex time budget design following Andreoni et al. (2015). The
primary outcomes of interest from the time preferences module include aggregate estimates
of time inconsistency (parameter beta) and patience (discounting parameter delta). Secondary
outcomes include an indicator for a violation of rational choice (i.e. violation of the Generalized
Axiom of Revealed Preference (GARP)), as well as individual rankings of choices from each
menu.

1.4.2. Social behaviour

The fairness module uses a real effort dictator game to measure preferences between oneself
and another. Participants first earn tokens from a precision task (see Gill and Prowse, 2012 and
the short description below). They are then paired with an anonymous partner who earns the
same amount, and decide how to distribute the shared earnings. Such earned income generates
clear entitlements for the dictator game (Kahneman ez al., 1986; Forsythe et al., 1994), and the
fair outcome given by entitlements is always an equal split. All participants act as dictators and
know that their decision is implemented with 50% probability (Almas et al., 2010). The primary
outcome of interest is fairness measured as the share of the total initial amount of tokens that is
allocated to the other participant.

The cooperation module consists of a public goods game with three players, which encourages
cooperation by doubling all contributions to a common pool (Fischbacher et al., 2001). The
primary outcome of interest is public contribution, defined as the amount of tokens the individual
placed into the group fund. A secondary outcome is having correct beliefs, which is defined
through an indicator variable for whether the individual guesses correctly another’s contribution
within the group.

In the trust module, one player in a pair is given an initial amount of tokens that can be sent
to the other player. As in the public goods game, pro-social behaviour is encouraged through a
multiplier: any transfer sent is multiplied by three. The other player then decides to return any
share of the amount received back to the first mover, including zero (see Johnson and Mislin,
2011 for a similar design). The primary outcome of interest is frust, defined as the share of the
total initial amount sent to the other participant. A secondary outcome is trustworthiness, defined
as the share of tokens sent back to the first participant. As an exploratory outcome, we also
measure trust elicited from a non-incentivised survey question asking whether other people in
general can be trusted; this subjective measure of trust is given as a value coming from a 0 to 10
scale (see also Falk et al., 2018).

To measure anti-social preferences—which are less commonly studied—we include a de-
struction module. The prevalence of destruction of others’ assets has been established by the
use of the joy-of-destruction (JOD) game (Abbink and Sadrieh, 2009; Abbink and Herrmann,
2011).'? Participants are anonymously matched in pairs and told how much their partner has

I These are also sometimes called risk-tolerant or risk-loving preferences.

12" Anti-social behaviour and punishment of others have by now been studied quite extensively, both in competitive
settings where people cheat and sabotage competitors (Charness ef al., 2013) and in studies of cooperation where
participants punish non-cooperators (Dreber et al., 2008; Géchter and Herrmann, 2008; Wu et al., 2009; Ambrus and
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earned from a fluid intelligence task (described below). Each participant can destroy any amount
of their assigned partner’s earnings, including 0. The computer can also destroy some of the
remaining earnings: it destroys nothing with 50% probability, and any amount of the remaining
earnings with equal probability. The partner does not know whether her earnings are destroyed
because of the computer or because of the participant’s decision. Thus, a participant’s purposeful
destruction is partially concealed by the computer’s random destruction. Destruction of currency
in both Kenya and the United States is illegal so earnings are in units of vouchers or gift cards,
so that actual destruction can take place.!® The primary outcome of interest is a measure of joy
of destruction, defined as the proportion of the partner’s earnings purposely destroyed.

The final experimental module measures charitable donation outside the lab, which is con-
ducted after participants have been informed about their monetary earnings. This module asks
the participant if they want to donate some of their payment to a charity organisation of their
choice. The primary outcome from this module is the amount of tokens participants choose to
donate.

1.4.3. Affect

We measured self-reported emotional state using core affect, a combination of happiness and
alertness (referred to in the literature as valence and arousal, respectively; see Russell and Barrett,
1999). We measure happiness by asking ‘On a scale from 1-7, with 1 being sad and 7 being
happy, how do you feel right now?” We also measure alertness by including the question ‘On a
scale from 1-7, with 1 being tired and 7 being alert, how do you feel right now?’ Both measures
were included as secondary outcomes.

1.4.4. Cognition

The experiment also includes modules to measure individual cognition and precision. First,
we use a slider task in which participants are asked to place a slider on an assigned number
on a line ranging from 1-100 (Gill and Prowse, 2012). The primary outcome of interest is
precision, measured by the number of sliders correctly placed within three minutes. Second,
fluid intelligence is measured using Raven’s matrices and the primary outcome of interest is
the proportion of puzzles solved correctly (Penrose and Raven, 1936). Finally, we use a (non-
incentivised) cognitive reflection test (CRT) consisting of five survey questions (Frederick, 2005).
The primary outcome of interest from the CRT is the share of survey questions answered correctly,
and the secondary outcome is the time spent answering the questions.

1.5. Survey Data

In addition to the data generated in the experimental modules, we conduct a non-incentivised
demographic survey, which collects information on each participant’s age, gender, height, weight
and ethnicity (Kenya) or in-state residence status (California), as well as information about their

Greiner, 2012). Sanjaya (2023) compiled results from forty-six experiments published between 2001 and 2020 using a
JOD game (or the closely related money-burning task) to study anti-social behaviour. More broadly, a literature search
on Google Scholar indicates that more than 230 articles have made reference to ‘joy-of-destruction” games in the last
ten years.

13 In Berkeley we physically destroy $1 Amazon gift cards, while in Nairobi we destroy Airtime vouchers each worth
50 Ksh.
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parents’ employment, income and education.'# The survey also collects a subjective trust measure
(see Almas et al. (2025a, Section 1.5) for the full demographic survey).

We also use a post-experiment debriefing survey, which asks participants about their per-
ceptions of the laboratory environment (Almas er al. (2025a, Section 1.6) contains the full
post-experiment survey). An additional purpose is to gauge whether participants in the treat-
ment condition could infer that room temperature is the study’s treatment. The survey includes
questions asking about the comfort of their seats, computer screen brightness, air quality, room
lighting, space, noise and room temperature. Discomfort is measured by asking participants
whether they experience the temperature in the room as ‘too cold’, ‘comfortable’ or ‘too hot’.
This is followed by measuring treatment salience where participants are asked which topics they
think the experiment is studying. Here, respondents could choose from the aforementioned list,
as well as ‘generosity’ and ‘gender discrimination’. The post-experiment debriefing survey was
introduced half-way through the study and data are thus available for 913 of the 1,918 study
participants.

1.6. Balance

At each site, subjects are randomly assigned to the Hot or Control condition, such that within-site
treatment effect estimates are not confounded by differences in individual-level characteristics.
As pre-specified, we check for successful randomisation by comparing demographic survey
averages between treatment and control in each site using a two-sided -test.!> Randomisation
was successful in that subject populations in the Hot condition are statistically indistinguishable
from the Control population in California along all dimensions, and differ in Nairobi only by
being slightly heavier on average (63.0 & 9.3 kg versus 61.3 = 7.8 kg, significant at the 5% level;
see Online Appendix Table C.1.1). Panel B of the same table shows that treatment and control
sessions were also balanced in terms of outdoor temperature and relative humidity, which is to
be expected since we almost always ran treatment and control sessions simultaneously.

2. Estimation

The main specification estimates the treatment effect of temperature on the outcome of interest
as

Y¥ = B + Bl Heat; + piMale; + BXNairobi; + ef, (1)

where Y is an outcome of interest, i refers to the individual, k£ to the module outcome (e.g.,
trust, time preference, etc.), Heat; is the treatment indicator for being placed in the hot room,
Male; is an indicator for the individual’s self-reported gender being male, Nairobi; is a fixed
effect for the experimental location being Nairobi and ¢; is an idiosyncratic error term. SEs are
clustered at the session level in all regressions and tests.'® The specification described in (1)

14 Online Appendix Table C.1.2 displays response rates to survey questions. For the pooled sample, we cannot reject
balanced non-response rates to the demographic questions across treatment arms at traditional confidence levels.

15 The following variables from the survey are tested for balance: the participant’s age, gender, weight, height, in-state
residency (Berkeley) or ethnicity (Nairobi), father’s occupation status, mother’s occupation status, combined parental
income, father’s highest level of education and mother’s highest level of education.

16 The main specification in the pre-analysis plan includes X;, a vector of covariates that differ significantly (at the
5% level) between treatment and control. Only self-reported weight in the Nairobi sample is unbalanced. However, we
chose not to include weight as a regressor in the results reported in Section 3 below because of a non-trivial amount
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is employed to estimate the treatment effect of heat on precision (number of correct sliders),
fairness (share of tokens earned from the precision task given freely to the participant’s partner),
risk preferences (variance of the chosen coin toss and rational choice violation), trust (share of
tokens sent by individual A), public contribution (amount transferred to the public fund in the
public goods game), fluid intelligence (number of Raven’s matrices correctly solved), cognitive
reflection (share of correct answers and time spent on the cognitive reflection test) and destruction
(share of gift cards purposefully destroyed in the JOD game). The treatment effect of heat on
self-reported alertness, happiness and willingness to trust others is also estimated in this way.

As pre-specified, we depart from this specification for two families of outcomes: (i) when
estimating the treatment effect of heat on charitable donations, we include an additional indicator
variable in (1) that takes the value 1 if the individual donates to an organisation based locally for
the California sample or based in their home region for the Nairobi sample, and we additionally
control for total lab earnings; and (ii) for the time preference module, we structurally estimate
time inconsistency (aggregate estimate of beta and its SE) and discounting (aggregate estimate
of delta and its SE) using non-linear least squares, as in Andreoni et al. (2015). Differences in
treatment and control are then compared using a 7-test.

To understand whether treatment effects differ by gender or by site, we also estimate a
specification with heterogeneous effects:

Y, = ,B(’; + ,BfHeat,- + ,3§Male,~ + ﬂé‘Malei x Heat; + ,BffNairobii
+ ﬂé‘Nairobii x Heat; + sf‘. )

Here, the regressors and outcome variables are the same as above and ‘X’ denotes an interaction
between two variables.!” Again, the charitable donation regression includes additional covari-
ates controlling for in-group bias. The heterogeneous treatment effect for time inconsistency
and discounting is estimated by comparing (i) differences in means between treatment and con-
trol among males to differences in means between treatment and control among females, and
(i) differences in means between treatment and control among Berkeley participants to differ-
ences in means between treatment and control among Nairobi participants.

Finally, in addition to the main specification and the heterogeneity specification, we also
employ a ‘California specification’ and a ‘Nairobi specification’ that simply carry out the main
specification among participants at each site. Several regressions involving more exploratory
outcomes, which we discuss below, include additional covariates to the main and heterogeneity
specifications.

As pre-specified, we adjust statistical significance levels accounting for the total number of null
hypotheses considered. Specifically, alongside traditional p-values, we present false discovery
rate—adjusted ‘g-values’ that limit the expected proportion of false rejections of a true null within a
family of hypotheses, as in Benjamin et al. (2018). Rather than specifying a particular ¢g-value (and
thus false discovery rate), we report the minimum g-value at which each hypothesis is rejected
(see Anderson, 2008). The first family of hypotheses for which we perform multiple hypothesis

of missing data for the weight variable. We examine robustness of the results with respect to inclusion of weight as a
regressor in Almas et al. (2025b, Section F.2) for primary outcomes and Online Appendix F.3 for additional outcomes,
and demonstrate that its inclusion does not alter the results.

17" As in the main specification, the pre-analysis plan specified the regression equation in (2) to include additional
covariates that differ significantly between treatment and control at the 5% level. Since the results are robust to exclusion
of these covariates, we relegate the heterogeneity specification with these additional controls to Almas er al. (2025b,
Sections F.2 and F.3).
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adjustments are the set of p-values associated with the treatment effect of heat ,3{‘ in the main
specification across all k£ primary outcomes of interest (Figure 1(e)) for the pooled sample, as well
as each site sample. The second family of hypotheses comes from the heterogeneity specification,
where we report sharpened g-values for heterogeneous treatment effects of temperature related
to gender (,3§ ) and site (,3§ ) over all k primary outcomes of interest in the pooled sample.

3. Results

Here, we present the treatment effects of heat on the primary outcomes of interest, as well
as the secondary exploratory outcomes. To preview, we find substantial ‘first-stage’ effects as
the heat treatment had a meaningful effect on actual measured room temperature, as well as
on participants’ happiness and alertness (Section 3.1). Yet nearly all components of economic
decision-making and judgement are unaffected by the increase in thermal stress, with the excep-
tion of destructive behaviour, which increases significantly in the heat treatment in Nairobi and
decreases somewhat in California (Section 3.2). Section 3.3 demonstrates robustness of the core
results with respect to an array of sensitivity checks. We then present results from an additional
experiment carried out in California in 2022-3 in the final subsection.

3.1. Was the Temperature Treatment Meaningful?

Whether a study design is powered to detect statistically significant effects of a temperature
manipulation on participants’ behaviour depends on the ‘dosage’ of heat and on participant
sample size. We now discuss where on the dosage-sample size spectrum our study is located, and
argue that the design leaves us well powered statistically.

Regarding the temperature manipulation, our treatment lies towards the higher end of the ranges
of temperature examined in related research. On one extreme, the temperature and aggression
studies by Paul Bell and Robert Barron (see, e.g., Bell and Baron, 1976) range from hot treatments
between 32 °C to 35°C to control treatments of roughly 23 °C. However, in the experimental
heat-productivity literature, temperature ranges are often much narrower, examining ranges of
a few degrees between 20 °C and 30 °C, although there are several exceptions, with one study
examining temperature up to 39.4 °C (Ye et al., 2010). Temperatures in our study are also similar
to those examined in recent observational studies. For example, Park (2022) studied the effect
of temperature on exam performance and Jacob et al. (2007) studied the impact on crime rates.
In the former, 90% of temperature observations lie between 21 °C and 35 °C, and in the latter
there is a larger variation only because they also examined colder temperatures. Similarly, the
length and coarseness of treatment in our study are also in line with the relevant literature: like
us, most experimental studies consider just one heat treatment condition, with exposure times
varying from less than an hour up to 2-3 hours.

The chosen level and duration of the temperature treatment are also supported by a medical
literature, which documents the onset of physiological changes due to temperature increases. For
example, an experiment with outdoor temperatures of 35 °C concluded that both heart rates and
core temperatures experience significant (and continuous) rises from the 0-to-120-minute mark
(Meade et al., 2015). In a recent report, Kenny ef al. demonstrated the attainment of a heat storage
equilibrium at approximately 120 minutes of extreme heat exposure (44 °C; Kenny ef al., 2016).
These findings make us confident that our main 2017-18 experiment, with a ‘hot’ temperature
of approximately 30 °C and a duration of one hour, and a follow-up experiment in 2022-3, with
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the same temperature and a duration of two hours (see Section 3.4 below for details), are able to
induce meaningful physiological effects.

Regarding sample size, the study is a clear outlier (in a good way) relative to most of the
existing experimental literature: the lab studies referred to above generally have sample sizes in
the range of 10—60 participants, while we have nearly a thousand participants in each of our two
main study sites (plus another 400 participants in the follow-up experiment), leaving us far better
powered statistically (see the calculations in Section 1.1).

Importantly, we find that the temperature manipulation was successful in impacting actual
measured room temperature, as well as individual affect, which could be thought of as prerequi-
sites for subsequent behavioural responses. Specifically, mean measured temperature in the hot
room was 31.2°C in Nairobi and 30.3 °C in Berkeley, while mean temperature in the control
rooms were roughly 10 °C lower, at 21.7 °C in Nairobi and 21.8 °C in Berkeley. Consistent with
this, in the post-experiment survey 91% of participants in Berkeley and 52% of participants
in Nairobi described temperature in the treatment room as ‘too hot’, while effectively no one
in the control room gave this description (see Online Appendix Table C.1.3). The temperature
treatment also had an effect on self-reported alertness, which decreases by a significant 0.24 SDs
both in the pooled sample and in each of the sites. Respondents in Nairobi additionally reported
significantly lower happiness levels (see Online Appendix Tables D.2.11 and D.2.12).

Taken together, the study design featured a meaningful dosage of high temperature and large
participant sample sizes, and we find that important intermediate variables were impacted, as
intended. We conclude that the study is well designed to detect significant behavioural responses
to high temperature, if they exist.

3.2. Main Results

Despite the ‘first-stage’ effects on room temperature and individual affect, we find that nearly
all components of economic decision-making and judgement are largely unchanged by the
randomly administered thermal stress (Table 1; Figure 3 displays standardised treatment effects
and g-values graphically). The effect sizes themselves are also generally small and precisely
estimated. Thus, failure to detect statistically significant and substantive impacts does not appear
to be a consequence of small sample sizes or an insufficient temperature manipulation, as the
study is well powered. Furthermore, we cannot reject the hypothesis that subjects in Nairobi and
California respond similarly to high temperature across nearly all outcomes. Below, we discuss
the findings across primary outcomes and in the different sites in detail.

We find a small positive impact of temperature on participant precision in the main specifi-
cation (1). Subjects in the hot treatment increase their precision slightly—they complete half an
additional slider task relative to a baseline of eighteen completed sliders in the control group—but
the effect is small (0.07 of an SD) and no longer significant once we adjust for multiple hypothesis
testing. The treatment effects of temperature on fluid intelligence and cognitive reflection follow
a similar pattern: there is no negative effect of temperature on either of these measures and the
point estimates in the pooled sample are precisely estimated zeros (0.08 of an SD for the former
and —0.01 for the latter). We examine heterogeneity in these patterns by estimating (2), and find
no significant differences in the treatment effects by gender or study site.

We find no evidence that higher temperatures affect most social preferences, and estimate
treatment effects of negligible size on all outcomes of interest in this domain. In the real-effort
dictator game, participants transfer on average 32% of joint earnings to their anonymous partner
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Table 1. Experimental Results.

Standardized

Module Treatment - Standard treatment -value g-value Control
effect error p a Mean (SD)
effect
Pooled 0.516 0.261 0.072 0.049 0.384 17.9 (7.1)
1. Precision task Nairobi 0.451 0.391 0.083 0.253  0.722 13.0 (5.4)
-0.017 0.012 -0.069 0.170  0.618 0.32 (0.24)
2. Fairness -0.010 0.018 -0.039 0.586 1.000 0.33 (0.26)
-1.835 20.643 -0.004 0.929 1.000 366.3 (449.8)
3. Risk-taking 1.926 27.568 0.005 0.944 1.000 329.1 (421.5)
-0.004 0.007 -0.026 0.561 1.000 0.03 (0.16)
4. Rational choice violation | -0.004 0.010 -0.025 0.678 1.000 0.03 (0.16)
-0.000058 0.000316 -0.061 0.854  1.000 0.994 (0.006)
5. Patience 0.000961 0.000888 -0.077 0.279  0.722 0.994 (0.013)
0.000480 0.009721 -0.033 0.961 1.000 1.001 (0.202)
6. Time inconsistency 0.0179 0.02575 0.003 0.487 1.000 1.053 (0.400)
0.008 0.016 0.024 0.617  1.000 0.42 (0.32)
7. Trust 0.033 0.020 0.118 0.096  0.471 0.35 (0.28)
-8.923 19.444 -0.021 0.647  1.000 529.7 (426.2)
8. Public contribution 15.316 25.846 0.038 0.555 1.000 442.5(401.1)
0.015 0.008 0.082 0.061 0.384 0.86 (0.18)
9. Fluid intelligence 0.027 0.013 0.133 0.037  0.256 0.80 (0.21)
0.023 0.013 0.092 0.069 0.384 0.11 (0.25)
10. Joy of Destruction 0.079 0.019 0.303 <0.001 0.001** 0.14 (0.26)
-0.002 0.011 -0.008 0.837  1.000 0.33 (0.29)
11. Cognitive reflection 0.016 0.013 0.081 0.218 0.722 0.21 (0.20)
-4.443 31.228 -0.007 0.887  1.000 410.4 (628.0)
12. Charitable donation 0.412 52.675 0.001 0.994 1.000 561.8 (675.3)
-0.079 0.062 -0.055 0.208 0.116 5.31 (1.42)
Happiness -0.190 0.087 -0.164 0.031 0.016* 5.91(1.16)
-0.420 0.073 -0.243 <0.001 0.001** 5.25(1.72)
Alertness -0.322 0.096 -0.243 0.001 0.003** 6.09 (1.32)

Note: Treatment effects, as well as associated SEs, standardised treatment effects, p-values, ¢g-values, control means and
control SDs from the main specification in the pooled sample (black; n = 1,878 participants), as well as from the Nairobi
(dark orange; 1,004) and California (light green; 874) specifications. These tests were pre-specified in the pre-analysis
plan. Individuals who did not respond ‘Female’ or ‘Male’ to the gender survey question were dropped from the analysis
(40 out of 1,918 participants, or 2%). Multiple hypothesis testing adjustments are performed on the set of per comparison
p-values associated with the treatment across pre-specified primary outcomes, for each specification. Multiple hypothesis
testing adjustments are also performed on the set of p-values associated with the treatment for happiness and alertness
(not pre-specified), for each specification. Rows highlighted bold refer to cases where ¢ < 0.05. To standardise outcomes,
sample control means are subtracted from outcome values, and the result is divided by the sample control SD. The
treatment effect for time inconsistency is flipped so that a positive treatment effect means more time inconsistency.
Individual-level estimates are used to derive the standardised treatment effect values for patience and time inconsistency,
while pre-specified aggregate estimates are used to derive the treatment effects and other statistics that feature in the
core results. Individuals who responded solely with corner cases were dropped (8% of the sample), as well as those who
exhibited GARP violations (4% of the sample) for the calculations of aggregate beta and delta (the outcomes for patience
and time inconsistency, respectively). *p < .05,** p < .01.
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Fig. 3. Experimental Results.

Note: Treatment effects from the main specification in the pooled sample (black; N = 1,878 participants),
as well as from the Nairobi (dark orange; 1,004) and California (light green; 874) specifications (see Almas
et al. (2025a, Section L) for details) in the left panel. These tests were pre-specified in the pre-analysis
plan. Treatment effects are presented in terms of SD units for the twelve pre-specified primary outcomes
of interest and for the survey questions on participant happiness and alertness. Thin SE bars correspond to
the 95% confidence interval around the treatment effect off of the regression for the relevant specification,
while thick SE bars refer to those instances where the multiple-testing-adjusted false discovery rate
g-value significance level is less than 0.05. Multiple hypothesis testing adjustments are performed on the
set of per comparison p-values associated with the treatment across pre-specified primary outcomes, for
each specification. Multiple hypothesis testing adjustments are also performed on the set of p-values
associated with the treatment for happiness and alertness (not pre-specified), for each specification. The
right panel records the g-value associated with treatment across each outcome, by specification, where
open triangles record ¢ > 0.05 and filled triangles record ¢ < 0.05. The treatment effect for time
inconsistency is flipped so that a positive treatment effect means more time inconsistency. To graphically
display standardised treatment effects for patience and time inconsistency, individual-level estimates were
developed via non-linear least squares, following Andreoni et al. (2015). Individuals who responded solely
with corner cases were dropped (8% of the sample), as well as those who exhibited GARP violations (4%
of the sample) for the former calculations. Both individual-level estimates for patience and time
inconsistency were bottom and top coded to be between 0 and 1 (inclusive) before standardisation.

in the control group, and this decreases by 1.7 percentage points (1 percentage point in Nairobi
and 2.5 percentage points in California), amounting to a small and non-significant reduction of
0.07 of an SD.'3 Heat does not affect how trusting a participant is towards others in the lab: in

18 We reach a similar conclusion through an additional pre-specified formulation for the fairness module, in which we
include both an indicator for an individual being classified as having high precision from the precision task, as well as
the number of correct sliders. See Almas et al. (2025b, Table F.4.1) for details.
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the trust game control participants entrust on average 42% of their endowment to an anonymous
partner and heat increases this transfer by less than 1 percentage point in the pooled sample
(resulting from a 2-percentage-point decrease in California and a 3-percentage-point increase in
Nairobi), equivalent to an increase of 2% of an SD.

Similarly, heat has no effect on contributions in the public goods game: contributions to the
joint pool decrease by nine tokens in the hot condition (relative to an average of 530 tokens out of
1,200 initial tokens contributed in the control condition). This is equivalent to a decrease of 2% of
an SD in the pooled sample (resulting from a decrease of 0.09 SDs in California and an increase
of 0.04 SDs in Nairobi). Post hoc, we also consider the treatment effect on trustworthiness,
measured as the share of tokens given back to the anonymous partner, and find effectively zero
treatment effects in both the pooled sample and each site separately.

The final outcome of interest in the pro-sociality domain is charitable behaviour, as measured
by donations in the charity module. In the control treatment, participants donate 410 tokens (245
in California and 562 in Nairobi), equivalent to roughly $1 in both sites. Heat reduces donations
by just over 1 percentage point (with a decrease of 0.02 of an SD in California and an increase
of less than 0.01 in Nairobi). We do not find any evidence of heterogeneity of treatment effects
in the pro-social domain either by gender or study site.

Turning to risk and time preferences, we again find no effect of the heat treatment. Risk-taking
decreases by less than 1% of an SD in the hot condition and patience by less than a percent.'”
Similarly, we observe no effect of heat on the frequency of rational choice violations in the risk
module or time inconsistency in the time preference module. Overall, we conclude that many
fundamental elements of economic decision-making and judgement are unaffected by thermal
stress, despite the large observed declines in self-reported alertness (all samples) and happiness
(in Nairobi) (Figure 3, bottom panel).?’

We do, however, find a large positive and highly statistically significant effect of thermal
stress on destructive behaviour in the Kenyan sample. In Nairobi, participants destroyed an
additional 8 percentage points (0.30 of an SD, g-value = 0.001) of other players’ earnings in
the Hot condition relative to Control—equivalent to an increase of roughly 50% relative to the
14% destruction rate in the control group. In contrast, destruction falls at higher temperatures
in California; however, this effect is only marginally statistically significant after adjusting for
multiple hypothesis testing (g-value = 0.053). This heterogeneity in treatment effects across
sites aggregates to a modest positive and marginally significant effect of heat on destruction
in the pooled sample (p-value = 0.069).2! We also find a significant interaction between the

19 The results are robust to measuring risk by (1), assuming a mean-variance utility function, and then using the backed
out lambda parameter as the outcome variable with OLS; and (2) using a categorical indicator of choice with an ordered
logit and ordered probit estimation. Treatment is not statistically significant within these specifications, in line with the
main analysis involving our preferred risk outcome. See Almas er al. (2025b, Section G.2) for details.

20 Tn Online Appendix D.2, we examine the treatment effect on a range of secondary outcomes. Specifically, we
examine the effect of heat on the likelihood of rational choice violations (relating to first-order stochastic dominance in
Online Appendix Table D.2.1 and relating to the generalised axiom of revealed preference in Online Appendix Table
D.2.2), on non-parametric estimates of time preferences (Online Appendix Tables D.2.3-D.2.6), on experimental and
survey measures of others’ trustworthiness (Online Appendix Tables D.2.7 and D.2.8), on forming correct beliefs about
others’ contributions in the public goods game (Online Appendix Table D.2.9) and on time taken to complete the
cognitive reflection test (Online Appendix Table D.2.10). The regressions here follow the format of (1) and (2). We
find no significant treatment effects of heat exposure on any of these additional outcomes. The inclusion of weight as a
regressor does not change this result (see Almas et al. (2025b, Section E.3)).

21 To compare with other studies, we examine the effect of heat on any destruction, finding destruction rates (using
the binary construction) in the control group to be 11% in California and 31% in Nairobi (see Almas et al. (2025b, Table
G.3.1)). This aligns with the main results using the share of gift cards or vouchers purposefully destroyed. Previous
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heat treatment and the male indicator variable in the pooled sample: while men destroy more
vouchers than women in this task overall, the increase in their destruction levels as a result of the
temperature manipulation is smaller than that found among women.

The finding of a large positive effect of heat on destruction in Nairobi without apparent
provocation mirrors results from existing experimental studies on temperature and aggression,
although those documented the effect with far smaller samples. For example, Bell and Baron
(1976) found positive treatment effects of heat on aggression for unprovoked participants (which
exceed those for provoked participants). On the other hand, and in contrast to the prediction of a
U-shaped temperature-aggression relationship in the psychology literature, some small-sample
studies find a negative relationship between temperature and aggression (Baron, 1972; Palamarek
and Rule, 1979), which is consistent with the result in the California sample.

In Online Appendix E, we examine the factors generating the destructive response to heat
in the Nairobi sample and the differential effect in the California sample, exploring potential
mechanisms such as affect, arousal, comfort and salience of treatment, as well as character-
istics associated with heterogeneous treatment effects along three pre-determined individual
characteristics, namely, (i) socio-economic status, (if) cognition and, in the case of Nairobi,
(iii) ethno-political exclusion. Note that these were not specified in the pre-analysis and are thus
more speculative.

In this exploratory analysis, we find evidence that the positive treatment effect in Kenya is
driven by the behaviour among members of ethnic groups who were politically marginalised at
the time, as well as among those participants with below-median cognition scores. In California,
we find some evidence that discomfort and salience of treatment played a role in the negative
treatment effect. We do not find evidence of heterogeneity by socio-economic status in California.

We believe that studying the reasons underlying the opposite effects of heat on destructive
behaviour in Nairobi versus Berkeley, as well as the differential role played by individual cognitive
ability and ethnic identity, would be a useful direction for future research. Ultimately, we have not
found a clear common explanation for the divergent treatment effects of heat exposure, and hence
the possibility remains that cultural factors or constraints that we do not measure are important.

3.3. Robustness to Additional Controls

Additional robustness checks do not meaningfully alter the main conclusions reported above.
First, the results are robust to controlling for additional covariates, including self-reported weight
(see Almas et al. (2025b, Section F.2) for primary outcomes and Almas et al. (2025b, Section
F.3) for additional outcomes). As noted in Section 2, there is a small difference in individuals’
self-reported weight between the treatment and control groups, significant at the 5% level in the
Nairobi sample, and thus we follow our pre-specified strategy and show that all our results are
robust to controlling for any characteristic that is not balanced between treatment arms.

Second, the results are robust to controlling for the gender composition of participants in
the lab session; we also do not find any evidence of significant heterogeneous treatment effects
as a function of session gender composition. This analysis was motivated by the fact that the

work using the JOD game has documented destruction rates among university students ranging from 8% to 40% in
the Netherlands (Abbink and Sadrieh, 2009) and 10% to 26% in Ukraine (Abbink and Herrmann, 2011). Meanwhile,
destruction rates ranged from 23% to 40% among pastoralists in Namibia (Prediger et al., 2014), with higher levels among
the resource-scarce subsample. Bauer et al. (2018) found destruction rates to be higher among adolescents from rural
Uganda (53% to 59%) compared to adolescents from disadvantaged regions in Slovakia (32% to 42%). The destruction
rates using a binary construction in this experiment is thus within the range of previously reported non-zero effect sizes.
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majority of participants in Nairobi were male, while most California participants were female
(see Online Appendix Table C.1.1 and Almas et al. (2025b, Section G.7)). Third, to further
address concerns regarding effects of any other session features on behaviour, we demonstrate
that results are robust to including session fixed effects (Almas ef al. (2025b, Section G.8)).
Fourth, we investigate whether accounting for outside temperature and relative humidity on the
day of the session alter the main results. Nearly all results are unchanged when controlling for
these factors (see Almas et al. (2025b, Section G.9)). Yet when outdoor weather is humid and hot,
the additional heating in the room appears to change behaviour in a few instances. In particular,
there is a significant interaction between treatment and outdoor weather in the charitable donation
module: the treatment effect of heat on tokens donated is negative and significant when outdoor
temperatures are above the sample average in the pooled sample, with an additional negative
effect in Nairobi at above average outdoor humidity. The temperature treatment also has an
additional effect in lowering alertness when outdoor temperatures are higher in Nairobi.

We calculate exact p-values, as specified in the pre-analysis plan, and find that these are quite
similar to the asymptotic p-values and do not change the main conclusions, including for the JOD
results (see Almas er al. (2025b, Section F.2)). Finally, we conduct a test of joint significance
of the treatment effects across nearly all of the primary outcomes, in a system of seemingly
unrelated regressions.?> We cannot reject the null hypothesis of no joint treatment effect in the
pooled sample or the California sample, but do reject the null in the Nairobi sample, which
appears to be largely driven by the JOD game (see Almas et al. (2025b, Tables F.2.13 and
F2.14)).

3.4. Robustness to Longer Heat Exposure

A possible concern regarding the experimental design is its relatively limited time duration of
approximately one hour. We thus ran another closely related experiment in the Berkeley location
between November 2022 and April 2023 with N = 409 participants, with one key difference,
namely, we roughly doubled the length of the lab to two hours.?* The two-hour experimental
window of heat acclimation was purposefully selected for its likely impact on human physiology,
as discussed in Section 3.1.

As this additional experiment was carried out towards the end of the COVID pandemic,
we were unable to utilise the original design of having six participants in a single room, and
switched to a setup with six separate single occupancy rooms (with one participant each), three of
which were heated to the same target 30 °C temperature and three served as cool control rooms.
Because of the new setup, we limited the experiment to the subset that could be run in a ‘single
occupant lab’ setting, and focused on the precision, fluid intelligence and cognitive reflection
outcomes (Penrose and Raven, 1936; Frederick, 2005; Gill and Prowse, 2012). We did not repeat
experimental modules that relied on interaction (through the computer or actual) like we did in
the first round, most significantly the JOD. We continue to record individual affect and arousal,
namely, happiness and alertness (Russell and Barrett, 1999) as we did in the earlier experiment.
These are the primary outcomes of interest in the follow-up. In the follow-up round, we also
collected information on secondary outcomes, in part to keep participants occupied for the longer
duration and in part to gather further cognitive and affect measures; these tasks include a Greek

22 The non-linear estimation approach used for the patience and time inconsistency outcomes prevents these from
being included in the Seemingly Unrelated Regressions (SUR) model estimates.
23 See Almas et al. (2025a, Figure K.2.1) for the timeline of participation for the follow-up experiment.
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letter task (Augenblick et al., 2015), a counting zeroes task (Abeler et al., 2011) and a slightly
modified version of the Positive and Negative Affect Schedule (Watson et al., 1988), as well as
the Big Five personality test (John and Srivastava, 1999).

The focus of this second experiment is to test whether there are differential heat treatment
effects over time (see Almas et al. (2025a, Section J) for the lab protocol); in other words,
are the null results in the original experiment simply the result of having ‘too short’ a dose of
heat exposure, and do meaningful effects emerge once we double lab duration? We estimate the
specification

YK = B8 + BYHeat; + B51(t = 2) + BsHeat; x 1(t = 2) + BiMale; + &f,,

where ¢ refers to the hour 1 or hour 2 measure and 1(¢ = 2) is an indicator function for the hour
2 measure (with respect to the hour 1 measure); ,Bf now describes the effect of heat at the one
hour mark, 85 represents the time effect and ,3§ captures the differential effect of heat over time.

Online Appendix Figure C.2.1 summarises the order of the experimental modules and displays
the temperature treatments. The first thing to note is that we again successfully controlled room
temperature to approximately reach our targets in both the hot and cool rooms.

The letters at the bottom of the figure display the timing of the tasks. We ‘warmed up’
participants by asking them to do a Greek letter task and to count zeros. Participants’ first
attempts at the three primary outcome tasks (precision, fluid intelligence and cognitive reflection
module) took place between minutes 45 and 60. Subjects then repeated the Greek letter task,
counted zeros and answered questions from the Big Five personality test, after which they
repeated the three main tasks beginning at roughly minute 105. Thus, participants’ behaviour
was measured after both approximately one hour and two hours of heat exposure in the treatment
condition.

Figure 4 displays the main results from this follow-up experiment.?* Panels (a) and (b) display
the impacts on affect and happiness, presenting data for both the first and second experiments.
Panels (c), (d) and (e) then display the estimated effects for the production task, fluid intelligence
and cognitive reflection, respectively, again for both the earlier round and the additional labs. The
first main finding is that we broadly replicate the original findings at the one hour mark from the
Berkeley site: there are no measurable differences between the hot and cool rooms in terms of the
main experimental outcomes (panels (c¢), (d) and (e)), while there is a large difference in alertness
(and no significant effect on happiness after one hour). This internal replication of the results in
a different sample, at a different moment in time (after a pandemic) and with a slightly different
experimental protocol is noteworthy and should increase confidence in the main findings.

The second noteworthy pattern in the data is that there are changes in performance between the
measures taken at one hour and at two hours. For instance, performance on the fluid intelligence
task (panel (d)) and cognitive reflection (panel (e)) both deteriorate significantly over time
(between 0.75 and 1 SD between hours 1 and 2), which is consistent with participant fatigue. Yet
individual performance improves on the precision tasks (panel (c)), which might be evidence of
learning or practice effects. Not surprisingly, both happiness and alertness (panels (a) and (b))
decline during the second hour of the experiment.

The final and key finding from this second experiment is that there is no differential effect of
the heat treatment on either of the affect measures or any of the primary outcomes between hour

24 In Online Appendix Table D.3.1 we show the results in table format. As shown in Almas e al. (2025b, Table E.5.1),
the results are robust to including a covariate that is unbalanced across treatment groups (self-reported height).
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Fig. 4. Treatment Effects from the 2022-3 Experimental Labs in Berkeley, California.

Note: The above figure contains treatment effects from the 2022-3 labs in Berkeley, California for
happiness (Panel (a)), alertness (Panel (b)), the precision task (Panel (c)), fluid intelligence (Panel (d)), and
cognitive reflection (Panel (e)). Main effect refers to standardised treatment effects from the 2017-18
California sample (from Table 1). Hour 1 effect refers to the standardised treatment effect of heat in the
first hour of the follow-up (2022-3) experiment. Interaction effect refers to the standardised effect of the
interaction of heat and time from the follow-up experiment. Blue crosses (dashed lines) represent
coefficients (trends) for control individuals, while pink circles (solid lines) represent coefficients (trends)
for treated (hot room) individuals. Multiple hypothesis testing adjustments are performed on the set of per
comparison p-values associated with the treatment across pre-specified primary outcomes, for each
specification. All outcomes are normalised to the first hour, control room means. See Figure 1(e) for
descriptions of the primary outcomes. Regression output is reported in Online Appendix Table D.3.1.
“p < .01.

1 and hour 2. In other words, none of the interaction effects between the heat treatment and time
are statistically significant (see also Online Appendix Table D.3.1). The estimated interaction
effects are also small in magnitude. These null results are not due to a lack of statistical precision:
the follow-up lab was designed to be powered to detect a 0.25-SD effect at 80% power.>

In all, the additional lab round provides additional confidence in the robustness of the main
(largely null) results, and also indicates that doubling exposure to a hot room up to two hours
does not lead to a sharply different effect of heat on choices or performance in the lab along the
dimensions we were able to measure. We can thus rule out an increasing effect of heat on the
chosen outcomes. That said, there are still limitations of this design, as it does not allow us to
rule out that a much longer period of heat exposure—say, over multiple days—might generate

25 As in the main experiment, we have also arrived at an overall balanced sample (see Online Appendix C.2 and Almas
et al. (2025b, Section E.5) for robustness of the results with respect to the inclusion of height as a regressor).
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larger effects. However, such designs are difficult to carry out due to logistical and cost issues,
as well as human subjects’ ethical concerns.

4. Conclusion

Overall, the results indicate that many fundamental elements of economic decision-making are
largely unchanged by one to two hours of thermal stress across populations on two continents
facing different baseline climates. To the extent that these effects generalise to longer periods
of heat exposure, this suggests that some population-level effects of high temperatures, such as
reduced economic productivity (Burke ez al., 2015b) and labour supply (Graff Zivin and Neidell,
2014), may be predominantly caused by changes to external factors, such as crop physiology
(Schlenker and Roberts, 2009) or other non-cognitive components of the economy (Carleton and
Hsiang, 2016).

The finding of an increase in destruction as a direct result of heat in one of our study settings
mirrors previous findings in less-controlled environments that higher temperatures elevate rates of
interpersonal violence and social conflict around the world (Hsiang ez al., 2013; von Uexkull ez al.,
2016). Of course, the possible role of an internal mental channel does not preclude simultaneous
influence of external factors, such as altered economic circumstances (Miguel et al., 2004),
in generating human conflict via thermal stress. The finding of a negative treatment effect of
temperature on destruction in California provides suggestive evidence that even the operation of
an internal channel from temperature to aggression is context dependent.

The study aims to provide some of the first evidence on a potential internal channel linking
temperature to economic decision-making and behaviour using a controlled laboratory setup that
allows for causal inference. However, due to ethical concerns, we were limited in terms of the
level and duration of high-temperature exposure used in the lab, and as such, we view the study
as an initial attempt to establish empirical facts relevant to the ongoing discussion regarding the
causal effects of extreme temperature, and thus may inform future analysis. It is possible that
different results may be achieved if subjects are exposed over a longer duration (beyond the
maximum of two hours we were able to study here), or to temperatures higher than 30 °C (to the
extent such interventions are deemed ethical for human subjects). In terms of other extensions,
the collection of individual biomarker data (Haushofer and Fehr, 2014) could shed light on any
underlying physiological changes. It is also possible that other non-temperature stressors could
similarly lead to increases in destructive and anti-social behaviour and this remains a promising
direction for future research.

We view this study’s ability to provide novel evidence on the mechanisms underlying the
link between extreme temperature and economic outcomes as a meaningful contribution to both
the active scholarly and policy debates. The ability of human societies to mitigate the adverse
impacts of climate through public policy may depend on the underlying channels of impact.
Traditional policy responses and technologies can effectively manage several external factors,
but appear less suited to manage internal mental processes. To the extent that they generalise,
the findings on destruction suggest that interventions that dampen the economic consequences
of thermal stress—such as expanded rainfall insurance—alone might not break the link between
temperatures and human conflict if it is indeed mediated by internal mental processes. Other
innovations that instead directly dis-incentivise destructive behaviour or insulate individuals
from high heat exposure, for instance, through air conditioning (Barreca et al., 2016), may also
be necessary.
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