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Abstract

In the past decade, the public in Europe has become more concerned about climate
change and expresses stronger pro-environmental policy preferences. Based on data
from the European Social Survey (2012-2022, 25 countries), we show that the in-
creased exposure to temperature extremes has contributed to the observed changes
in climate change attitudes and electoral support for environmentalist policy plat-
forms. For each additional degree of excess temperature experienced during warm
spells measured over the previous 12 months, we find that the probabilities of be-
ing worried about climate change, of feeling responsible for climate change, and
of voting for green parties and green coalitions increase by 4.0 [CI95: 2.5, 5.5], 2.5
[CI95: 1.1, 3.9], and 2.8 [CI95: 0.9, 3.7] percentage points respectively. We also doc-
ument significant heterogeneity across individuals, based on gender and education,
particularly between highly educated women and low-educated men. While the lat-
ter group consistently exhibits the lowest pro-environmental attitudes and voting, it
is this group that shows the strongest increases when exposed to temperature ex-
tremes, converging towards the levels of their more educated counterparts. Further
regional heterogeneity analyses reveal that the effects of warm temperature extremes
are smaller in less prosperous or economically disadvantaged regions, as well as in
regions with greenhouse gas emission levels above the median. The findings suggest
a nuanced interplay between individual factors and contextual influences in shaping
climate attitudes of European citizens and their motivations or reservations towards
greater climate action.

Keywords: Climate change | Extreme temperature | Climate attitudes | Green voting
| Heterogeneity
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1 Introduction

Climate change affects populations worldwide in the form of more frequent and intense
extreme weather events, increased heat stress, rising sea levels, and the gradual degra-
dation of ecosystems and biodiversity (1). A growing body of evidence documents how
the experience of climatic stress affects attitudes, policy preferences, and political be-
havior, including environmental concerns, beliefs about climate change, public support
for climate action, and pro-environmental voting behavior (2–8). Recent studies from
Switzerland and the US, respectively, showed an impact of floods and forest fires on
referendum votes on environmental matters (9, 10). In Australia, having been affected
by bushfires increased support for the Greens in state elections, and decreased support
for the left Australian Labor Party (ALP) (11); in Germany, the 2021 floods increased
support for the Greens in affected areas (12) 1. Hilbig and Riaz (14) fail to find localized
effects of the exposure to floods on Green voting, but provide evidence of those same
floods on Green support nationwide; and in the UK, vote shares for parties that took
more environmentally-minded stances increased in areas that experienced floods (15).
Extreme weather events, including heat and drought episodes, have also been shown to
positively affect environmental concerns and Green party voting in European Parliament
elections (16).

Different theoretical explanations exist for why the direct experience of climatic
stress translates into changes in environmental concerns and ultimately Green voting.
Being exposed to climatic events can reduce the psychological distance to climate change
and its impacts, and increase the willingness to take action (5). Green parties are cen-
tral in turning environmentalist preferences into action since this party family has issue
ownership over environmental policy topics (17). Major generational and social differ-
ences can be observed in environmental concerns and Green voting behavior (6, 18–21):
younger, higher-income and higher-educated voters tend to express more concern and
more support for environmental policies. Furthermore, climate change beliefs are ide-
ologically polarized (22) and support for environmental policies is driven both by eco-
nomic interest and by altruism or reciprocity (23), suggesting that both personal interests
and norms matter.

In earlier papers the consequences of climatic events on voting were studied using
official election returns measured aggregately at a given geographic location (9–12, 16).
Here, we analyze the effects of temperature extremes on climate change attitudes and
vote choices using individual-level European Social Survey (ESS) data for 25 European
countries over ten years. Geographic information on place of residence and date of the
election is used to assign region- and time-specific measures of temperature anomalies
and heat episodes to each individual respondent. We find a robust association between
exposure to extreme weather and climate change concerns, the feeling of responsibility
for the climate, and voting for Green parties across European countries. We estimate

1The results are corroborated by the findings in Holub and Schündeln (13).
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that one additional extremely warm day per week in the previous 52 weeks increases
the probability of being worried about climate change by 7.3 pp [CI95: 4.7, 9.9]; of
feeling responsible by 3.2 pp [CI95: 0.8, 5.6]; and of voting for green coalitions by 5.0
pp [CI95: 3.3, 6.7]. Similarly, one additional degree of excess temperature during warm
spells over the same time window is estimated to lead to a 4.0 pp [CI95: 2.5, 5.5], 2.5 pp
[CI95: 1.1, 3.9], and 2.8 pp [CI95: 0.9, 3.7] increase in the three outcomes, respectively.

As our models account for place- and time-based unobserved confounders and due
to the plausibly exogenous timing of extreme temperatures conditional on geographic
location, our models provide causal estimates of the impacts of temperature extremes
on attitudes and voting patterns. Given that the ESS provides detailed information on
individual characteristics, we can further explore heterogeneity in the impacts . Comple-
menting the existing literature, we focus on both the role of individual and contextual-
level factors as moderators. In particular, here we are interested in differences between
demographic groups and the role of local economic contexts.

Previous studies have suggested that extreme weather events have stronger effects
on environmental concern and Green voting in more affluent areas of Europe (16); that
environmental issues are neglected in areas negatively affected by globalization (24) and
in time periods of economic disruptions, such as in the aftermath of the Great Reces-
sion (25); and that they are considered more important under good economic conditions
(26–28). Competition for limited attention or a direct tension between economic and
environmental priorities might explain these patterns, which result in a major hetero-
geneity in climate change attitudes and Green voting across Europe both between and
within countries (Fig. 1).

Indeed, there are direct policy trade-offs, where reducing emissions – or transition-
ing to a greener economy – might come at a loss of economic activity and employment,
at least in the short run and for some occupational groups during an adjustment phase,
or even in the long run in a “degrowth” perspective (29). Accordingly, at the individual
level, studies have shown that more privileged, better educated individuals are more
in support of degrowth policies (30) and that ideological predispositions (in terms of
Democratic vs. Republican leaning of US municipalities) affect the relationship between
experiencing of an extreme environmental event and support for environmental policies
(10). The observed heterogeneity in terms of policy priorities might reflect differences
in material conditions and the share of the burden of adjustment individuals expect to
bear, e.g., because more educated voters have transferable skills that would allow them
to quickly change occupations, and thrive also in a greener economy.

By presenting evidence on which voters are inclined to support parties prioritizing
environmental issues after experiencing temperature extremes, and which on the other
hand are impervious, we can identify demographic groups that are more responsive.
Within the constraints of survey analysis, we can explore why direct experience might
have a more profound influence on certain voters. This enables us to delve deeper into
this relationship, documenting how demographic and other individual characteristics
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shape the link between exposure to extreme events and political behavior across different
contexts. As individuals are nested in environments rich with information exchange, and
the political consequences of an individual experience might be affected by the context
itself, this requires a multi-level perspective as employed in our analysis.

[FIGURE 1 ABOUT HERE]

2 Results

2.1 Temperature extremes affect climate attitudes and increase Green
voting

Our analysis relies on five ESS waves (2012-2022) which include detailed information
about respondents’ attitudes towards climate change and voting behavior. Attitudes are
captured using two items measuring whether respondents are worried about climate
change and feel responsible for it. Green voting was operationalized using information
on respondents’ voting behavior in the last national parliamentary election. Respon-
dents are counted as Green voters if they voted either for a Green party or a party that
announced a coalition with a Green party prior to the election. Two-way fixed effects
panel models are used to estimate the impacts of two temperature anomaly measures:
the excess temperature during warm spells; and the number of days classified as warm
spells2.

In the baseline specification, warm spells are defined as at least three consecutive
days with daily mean temperature above the 95th percentile of the distribution in the
respective region-week of the previous ten years (Section A.2). The weekly sums of the
number of days classified as warm spells and of the excess temperatures on these days
are then averaged over 4, 52, and 104 weeks prior to the interview and election dates.
Variables are normalized to allow for comparisons across different time windows. The
models are estimated at the individual level controlling for sub-national region, year,
and month of interview/month of election fixed effects. Given that temperature anoma-
lies occur independently of the interview or election timing, location, and intensity, the
reported coefficients provide an estimate of a causal effect.

Figure 2 shows the results of our baseline models estimating the impacts of tem-
perature extremes on the probability of being worried about climate change, of feeling
responsible for it, and of voting for Green coalitions. Across models, we find evidence
of a positive effect of the temperature anomaly measures on climate attitudes and Green
voting. The effects are smaller for the shortest time interval (4 weeks): this might ar-
guably be a too short time to result in changes in climate change worries, feelings of
responsibility, and vote choices. In line with previous work (16), stronger effects are

2The regression models and its assumptions are described in detail in Section 4.
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found when longer time windows are considered. One additional extremely warm day
in the previous 52 weeks is estimated to increase the probability of being worried about
climate change by 7.3 pp [CI95: 4.7, 9.9]; of feeling responsible by 3.2 pp [CI95: 0.8, 5.6];
and of voting for green coalitions by 5.0 pp [CI95: 3.3, 6.7]. Similarly, one additional de-
gree of excess temperature during warm spells over the same time window is estimated
to lead to a 4.0 pp [CI95: 2.5, 5.5], 2.5 pp [CI95: 1.1, 3.9], and 2.8 pp [CI95: 0.9, 3.7]
increase in the three outcomes, respectively.

[FIGURE 2 ABOUT HERE]

These findings are robust to a number of sensitivity analyses (Supplementary Fig-
ures S1-S3), employing different temperature anomaly measures, using alternative out-
come variables, adding further controls to the specification, and removing individual
countries, survey rounds or election years from the analysis, corroborating that the base-
line estimates reflect a genuine causal relationship. In addition, we perform placebo
tests, using as predictors the lead values of temperature anomalies: these capture tem-
peratures after the interview (for attitudinal items) or the election (for the vote choice
variable). Reassuringly, the lead values are never significantly correlated with the out-
come measures 3. Hence, the evidence implies that recent past experiences with temper-
ature extremes are driving the estimated effects and not any underlying time trends or
correlations between residual geographic characteristics and public opinion.

The effects of exposure to climate extremes on Green voting may come from three
channels: i) individuals who would otherwise not have voted turn out and vote for
the Greens in response to extreme temperature exposure; ii) voter turnout is overall
unaffected, but individuals predisposed towards the Greens are more likely to turn out
in response to extreme temperatures while turnout decreases among voters who are
less environmentally predisposed; iii) votes for Green parties come from individuals
who would have otherwise cast a vote for other parties in the absence of temperature
anomalies.

In SI Section C.3, we provide evidence suggesting that the third channel is behind
the effect on green voting. In Table C.12 we show the results of a regression model in
which the outcome is self-reported turnout in the last national election, while the main
predictors are the anomaly measures used in the baseline models. The effects of extreme
temperatures on voter turnout is small in magnitude and statistically not significant.
We can therefore exclude that the effect of green voting comes mainly from new voters
who would have otherwise abstained. In Table C.11, we furthermore regress the extreme
temperature measures on a set of individual characteristics of respondents who cast a
vote in the last election. If anything, there are only minor differences in the composition
of the group of voters across all models. These results suggest that not only overall
electoral turnout did not change, but also that there were no compositional changes in
the electorate in response to extreme temperatures. Accordingly, we conclude that the

3Robustness and placebo analyses are detailed in Sections 2.4 and B
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effect on Green voting can be mainly attributed to voter flow from other parties to Green
parties and coalitions.

2.2 Demographic factors shape differences in climate attitudes and
Green voting

Figure 3 shows the predicted probability of being worried about climate change, feeling
responsible about it, and voting for Green coalitions as a function of the intensity of
the temperature anomalies experienced. Here, we use interaction models allowing us to
distinguish the temperature effects by the level of education and gender of the respon-
dent. Increased educational attainment could enhance climate change literacy and con-
sequently foster pro-environmental attitudes and behaviors later in life. Studies using
schooling reforms for identification have shown the causal impact of education on pro-
environmental behaviors (31, 32). Similarly, research consistently reveals that women
tend to exhibit higher levels of concern about climate change (33), are more likely to
support environmental legislation (34), and are more likely to vote for left-leaning par-
ties possibly due to socio-structural conditions (35) .

[FIGURE 3 ABOUT HERE]

In Figure 3, we report average predicted values for female and male, low- and highly
educated along the distribution of excess temperature values. At 0, individuals experi-
ence no exposure to extreme warm weather, while at 100 they experience the highest
exposure observable in the data. This analysis allows us to understand how baseline
levels and differences across groups change with the exposure to extreme temperatures.

We find considerable differences in climate attitudes and Green voting between the
demographic groups. Highly educated women have, on average, higher values across all
outcomes, relative to any other groups. In the absence of temperature anomalies (x-axis
= 0), differences across groups are large. Low-educated men have a 6.4%, 12.0%, 17.3%
percentage points lower probability of feeling responsible for climate change, 6.8% 8.9%,
15.4% percentage points lower probability of worrying about climate change, and 1.1%
4.0%, 6.8% percentage points lower probability of voting for a Green coalition than low-
educated women, highly educated men, and highly educated women, respectively. As
excess temperatures increase, low-educated men exhibit a stronger reaction compared to
both highly educated men and low-educated women. Under the most extreme recorded
temperature anomalies (x-axis = 100), low-educated men now have only a 3.1% (11.4%,
18.2%) percentage points lower probability of feeling responsible for climate change,
4.1% (4.4%, 9.1%) percentage points lower probability of worrying about climate change,
and 1.1% (1.8%, 6.2%) percentage points lower probability of voting for a Green coalition
than low-educated women, highly educated men and highly educated women, respec-
tively. The experiences of extreme temperatures hence induces members of the groups
with the lowest levels of climate change concern and of environmentalist voting to con-
verge towards the level of the more educated groups in the sample. For the low-educated
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female population, we do not observe a similar catch up effect, possibly because this
group already expresses higher pro-environmental attitudes and voting patterns in the
absence of experiencing an extreme event compared to both low- and highly educated
men.

Additional heterogeneity analyses reveal further interesting patterns in the data
(Supplementary Figure C.7). Without temperature anomalies, individuals residing in
urban areas are more concerned about climate change and are more likely to vote for
green coalitions. Under strong temperature anomalies, however, these divides seem to
largely disappear and the urban-rural difference in climate change worries and Green
voting decreases from 4.3 to 3.0, and from 3.3% to 0.9%, respectively (the difference for
the feeling of responsibility towards climate change increases in urban areas from 0.3%
to 3.1%). Likewise, older individuals – especially higher educated men – react more
strongly to temperature anomalies and eventually catch up with younger individuals
in their probability of voting for Green coalitions following direct experience of strong
temperature anomalies.

2.3 Individual and regional economic conditions moderate the impact
of temperature anomalies

Economic factors have been shown to be important in influencing climate change atti-
tudes and voting behavior. Here, we examine the role of both individual- and regional-
level economic factors and their interplay. Figure 4 shows the predicted probability
of supporting Green coalitions for different occupational groups and distinguishing by
whether respondents’ region lies above or below the European median in terms of dif-
ferent macro-level characteristics: In the top panel, we split regions by their GDP per
capita; in the center panel by unemployment rate; and in the bottom panel by level of
greenhouse gas emissions per capita. Here, we focus on Green voting as our primary
outcome of interest since data for this variable are available across all regions for several
time periods, allowing us to explore some of the underlying heterogeneities in greater
detail. While the distinction by GDP per capita and unemployment levels allows us to
investigate the relationships between Green voting and regional economic conditions,
we use the information on local emissions to explore how the presence of more or less
emission intensive industries affects the results.

[FIGURE 4 ABOUT HERE]

At the individual level, we find that different occupational groups express differ-
ential concerns for the environment and tendencies to vote for Green party coalitions
(Figure 4c). Irrespective of temperature anomalies, those employed in the service indus-
try are more likely to vote for Green coalitions compared to both manufacturing and
agricultural employees. With increasingly strong temperature anomalies, however, these
divides largely disappear.
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Contextual influences also play an important role in shaping voting behavior. The
effects of temperature anomalies are considerably smaller in less affluent region, with
lower GDP per capita, or regions experiencing economic distress, with higher unem-
ployment levels. Across all groups, the average increase in Green voting in response to
temperature anomalies is 5.3% in regions with a low unemployment level as opposed to
4.3% in high-unemployment regions (Figure 4a) and 4.2% in regions with a high GDP as
opposed to 0.7% in those with a low GDP (Figure 4b). We also find that the experience
of temperature anomalies is less consequential for individuals who reside in areas with
greater greenhouse gases emissions . The average increase in green voting is 7.2% in
low-emission regions and 2.5% in high-emission regions.

These findings indicate that economic incentives, along with other factors related
to the occupational structure and prosperity of a region, as well as the potential conse-
quences of climate change policies, may play a crucial role in moderating the observed
relationship. We also observe major interactions between the regional level variables
and the individual characteristics, with specific occupational groups, such as agricul-
tural workers, showing a lower tendency to catch up with other groups in wealthier
regions. There seems to be a nuanced interplay between socioeconomic factors, regional
characteristics, and the impact of temperature anomalies on climate attitudes and voting
behavior, underscoring the importance of jointly considering the different aspects in one
analytical framework.

2.4 Robustness and placebo analysis

We test the robustness of our baseline estimates in several ways (Supplementary Sec-
tion B 4). All robustness and placebos are reported for both measures of extreme warm
weather, i.e., excess days and excess temperatures. Supplementary Figure C.1 reports
estimates from alternative specifications where i) we adjust the definition of extreme
weather to be more or less restrictive, ii) instead of 10 years rolling windows we use a
fixed year range (from 1970 to 2000) to compute the distribution of average daily tem-
peratures on which the definition of extreme weather is based, iii) we add additional
individual controls (employment status, months elapsed between the last national elec-
tion and the ESS survey) and iv) we add month-of-interview fixed effects.

Reassuringly, all alternative estimates are similar in magnitude and not statistically
different from our baseline estimate. In Supplementary Figure C.2 we report estimates
from regression models in which we exclude either one country, one ESS round or one
election survey at a time to test for the role of compositional effects on our estimates. The
estimated coefficients of temperature anomalies on green voting do not change across

4For the sake of brevity, we discuss robustness and placebo results only for green voting and only for
the 52 weeks of exposure. Results for alternative weeks of exposure (4 or 104) and for climate attitudes are
also robust to alternative specifications and placebo test, and are reported in the Supplementary Material,
Tables C.21 and C.22 and Figures C.4, C.5 and C.6
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specifications, suggesting that the baseline results are not driven by any specific group
of countries, survey years or election rounds.

In addition to these robustness checks, we also run two types of placebo analyses.
First, we use as predictors the lead values of extreme warm measures. We therefore
assign to each election date the excess days and excess temperatures from the year after
or the two years after, using 52 weeks of exposure. Results reported in Supplementary
Table C.13, show that coefficients are zeros with the two years lead, while they are similar
in magnitude but opposite in sign for the one year lead. This result is directly related to
the construction of the extreme weather measure.

We also randomly assign extreme weather measures to European regions and use
these placebo measures as predictors, repeating the procedure three hundred times. The
distribution of estimated coefficients – reported in Figure C.3 – is centered exactly around
zero, corroborating that the estimated effects in the main models are not an artifact of
the fixed effects structure we employ.

3 Discussion

In the setting of a representative democracy, it is key that the arguably urgently needed
policies to address climate change are adopted through transparent legislative proce-
dures and negotiation among representatives of citizens. Hence, political parties ad-
vocating for environmental policies must secure legislative representation. Importantly,
the strongest support for ambitious environmental policy is arguably found among those
who value participatory governance and freedom of expression (21, 36–38). Hence top-
down technocratic policies would run the risk of alienating exactly the social constituen-
cies that support climate mitigation policies the most (39).

Public opinion and public salience of environmental issues are found to influence
the climate agenda of mainstream parties (40). Understanding how political behavior is
affected by direct experience of climate-change related events thus plays a key role in
identifying mechanisms underlying public support for climate action, which is funda-
mental for tackling climate change. Previous studies have documented how exposure to
extreme temperatures and climatic events influence attitudes and beliefs about climate
change including pro-environmental behavior (41, 42). Effectively addressing climate
change however requires – at both the national and international levels – policies specif-
ically aimed at substantial emissions reduction. By analyzing actual vote choices in
legislative elections, not only do we identify a robust and tangible pro-environmental
initiative from an individual, we can also capture revealed preferences (43).

Voter decision-making involves trade-offs. Opting for Party A entails forgoing sup-
port for Party B and necessitates a comparison of entire policy bundles offered by com-
peting parties. In a nutshell, unlike ultimately inconsequential support for actual or
hypothetical policies expressed in a survey, vote choice is a costly behavior: in order
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to choose, for instance, a Green party, voters have to forgo the opportunity to support
other parties they might find appealing. In addition, voters act as if their individual vote
affected the final outcome, hence as if it directly increased the probability of represen-
tation of Green politicians in the legislature. The composition of the legislature in turn
affects the environmental content of legislation that might be introduced, and possibly
also executive decisions.

The evidence on the impact of exposure to climate extremes on voting behavior is
limited. Existing large-scale cross-national studies (16) are based on regional averages
of Eurobarometer survey responses and vote shares from official European Parliament
election returns which have no immediate legislative consequences on national level. We
extend beyond the current knowledge by using individual-level survey data which also
capture how the respondents voted in the last election. Direct experience of temperature
anomalies likely plays a causal role both on preferences for environmental policy, as
revealed by vote choice in national legislative elections, and on attitudes about concern
and responsibility regarding climate change. The effects are substantively significant
with each additional extremely warm day per week and each one degree of excess tem-
perature in the past 52 weeks leading to a 2.8 and 5.0 percentage points increase in voting
for green coalition, respectively.

Additionally, by leveraging the individual-level features of the survey data used,
coupled with uniquely merged regional data, we can identify distinctive patterns of
heterogeneity driven by individual and regional characteristics. First of all, direct ex-
perience has a stronger effect on the demographic groups (less educated, and male,
respondents) that have in general the lowest level of climate concern and the lowest
support for environmentally-oriented political parties. A similar catching up effect is
observed among those living in a rural area and older age groups. One simple and
plausible interpretation is that the experience, for instance, of a heat wave constitutes
a “wake-up call” for individuals who are not predisposed to support environmental-
ist policy platforms or to express concern with climate change on more ideological or
lifestyle grounds. Firsthand experience of extreme weather events has a powerful sym-
bolic significance, making climate change more salient because it enables individuals
to grasp its otherwise abstract effects – a concept referred to as “experiential learning”
(44). In particular, it is documented that “bad is stronger than good”: experiencing neg-
ative events has a greater and longer lasting impact than experiencing positive events
(45). As a consequence, personal experiences play an important role in fostering concern
about climate change and promoting action, especially among individuals who were
previously less engaged in climate-related issues. Given that the share of women and
the highly educated who vote for Green political options is already high, exposure to
extremely warm temperatures does not substantially alter their voting patterns. This
is plausibly due to ceiling effects, where at high levels there is less room for further
increases.

Yet, the evidence about the regional heterogeneity provides one further indication
that material interest and support for environmental policies might be in tension. In fact,
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in less prosperous regions, in regions with higher unemployment levels, and in regions
with an economy more reliant on greenhouse-gas emitting industries, direct experience
with temperature anomalies has a muted effect on attitudes and political behavior. This
indicates that economic concerns might overwhelm concerns with the environment, in
line with the aggregate-level findings of (16). One corollary is that policies that overlook
the genuine economic concerns of some sectors of society might be dangerous, as they
might lead to a backlash. Recent work documents that environmental policies that inflict
concentrated costs might lead to an increase of support for climate-skeptic parties, like
the radical right League in Italy (46); at the same time, climate agreements that promote
a fair distribution of costs find larger support (47). Policies that balance economic and
environmental issues are feasible: a study using a scenario approach demonstrates that
reducing income inequality both within- and between-country can go hand-in-hand with
emission reduction because at higher income levels consumption and production are less
carbon-intensive (48); ambitious and effective policies, if designed with attention to cost
distribution, can generate increasing popular support (49).

Our study faces some limitations which are important for the interpretation of the
results. First, the climate attitudes and Green voting measures considered as outcomes
in our analysis may be prone to measurement issues and inaccuracies, potentially intro-
ducing noise into our estimation. For example, respondents may be affected by recall
biases when asked in the ESS about their voting decisions in the last election. We ac-
count for this by including month of interview fixed effects and by controlling for the
time between the interview and the last election. Second, while the estimates of the
baseline models have a causal interpretation under the assumption that, conditional on
place (and time), prior extreme events are exogenous to individual climate attitudes and
voting decisions, our heterogeneity analyses are descriptive, and explorative, in nature,
given that heterogeneity might be driven by unobserved variables. Thus, in spite of the
plausibly causal estimates of the effects of weather anomalies, any claim about hetero-
geneity based on pre-treatment characteristics cannot be causal (and therefore has to
be merely descriptive) because the pre-treatment characteristics, e.g., education of an
individual or economic structure of a region, are themselves not randomly assigned.

The analyses nevertheless reveal important descriptive patterns showing how anoma-
lies affect the outcomes differently for various demographic groups and in different re-
gional contexts. Finally, while we are able to provide reduced form estimates of the
relationships, a more detailed exploration of the relevant mechanisms driving the effects
is beyond the scope of this paper. There are different theoretical explanations for why
people show attitudinal and behavioral responses to extreme events, including due to
psychological effects after experiencing an event, as well as indirect effects mediated for
example by peer groups and the media. A further exploration of these channels could
yield important insights into public perceptions of environmental stress and their role
in political decision-making processes.

This is the first study to present large-scale evidence at the individual level span-
ning 25 countries over a decade on how firsthand experiences of temperature extremes
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influence climate change attitudes and voting behavior. In particular, we underline the
importance of demographic, economic and regional characteristics and the interplay
among them in shaping differential responses to exposure to temperature shocks. That
personal experience contributes to bridging the gaps between the groups less engaged
and more engaged in climate-related issues suggests that effective communication strate-
gies about the threat of climate change may help increase awareness and public support
for climate policy. Furthermore, the findings underscore the importance of integrating
climate policies with broader social and economic policies aimed at addressing welfare
and inequalities.

4 Material and Methods

Data

We rely on rounds 6 to 10 of the European Social Survey (50–54) which span national
elections that were held between 2012 and 2022 in 25 European countries. The total
number of respondents in our sample is 151,366, among which 109,108 (72%) voted in
the last national election.

To measure support for Green parties, we create an indicator variable that takes
the value of one if the respondent reports to have voted for a Green party or a pre-
electoral coalition that includes a Green party. In the SI Section C.2 we discuss alternative
measures that rely exclusively on Green parties (excluding support for parties that run
in a pre-electoral coalition with Green parties) and on a score of environmental policy
stance derived from Manifesto Project data (55). Further details about the coding of
political parties and coalitions are provided in the SI Section A.1.1.

The survey item about vote choice in the ESS asks how the respondent voted in
the last general election. Based on the date of the interview, we back out the date of the
election to which the question refers. For instance, a respondent interviewed in Germany
in January 2021 is answering a question about their vote choice in the prior election,
which was held in September 2017. The weather data attributed to this respondent
in the voting behavior models refers to conditions in a window before that election,
not before the interview itself. The elections covered in our data span the period from
January 2012 to January 2022.

The attitudinal items about worry and responsibility regarding climate change come
from rounds 8 and 10 of the European Social Survey. The outcome variables are binary
indicators that take the value of one if the respondent reported a score above seven on
the ten-point scale on which the personal responsibility item is measured, and declared
to be “very” or “extremely” worried about climate change on the worry item. When we
analyze attitudes as an outcome variable, we attribute to the respondent the temperature
data calculated for windows before the exact interview date reported in the survey.
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Further information and descriptive statistics on climate attitudes are provided in SI
Section A.1.2.

Measures of extreme temperature are constructed from the ERA5-Land 0.1◦ grids
(56), aggregated to the NUTS regions reported for ESS respondents. The weather pre-
dictors used in the regressions are defined based on the distribution of daily values in
region r and calendar week w in the 10 years prior to the election or interview. Warm
(cold) spells are defined as at least three consecutive days in which the daily mean tem-
perature does not fall below (exceed) an extreme percentile of the historical region-week
distribution. We then compute the sum of degree Celsius in excess of the threshold used
to classify spells and the number of days classified as warm (cold) spells. These mea-
sures are then averaged over 4, 52, and 104 weeks prior to the interview or prior to the
last national election. We compute both area- and population-weighted variants of the
temperature measures to test whether the results are sensitive to the weighting scheme.
Further details on the construction of the weather variables are found in SI Section A.2.

For the regional heterogeneity analysis, we rely on Eurostat data on unemployment
rate, ARDECO data on GDP per capita, and EDGAR data on greenhouse gas emissions.
We split the sample of respondents according to whether their region falls below or
above the median value of each regional characteristic. The median value comes from
the distribution of average regional characteristics across the period 2012-2022. Further
details on the construction of regional variables are found in SI Section A.3.

Empirical approach

We estimates models of the general form

yit = αr(i) + βXr(i)t + γZit + ηc(i)t + ϵit (1)

where y is the voting or attitudinal item of interest, αr are fixed effects for NUTS
regions and ηct are fixed effects for country-year combinations. The pre-treatment co-
variates Z are gender, age 5, level of education, and an indicator variable for respondents
born in the country of residence. Post-stratification weights are used in all models. Xrt
is the weather shock variable. Functions r(i) and c(i) map each respondent respectively
to their region and their country of residence.

The identifying assumption relies on the quasi-random occurrence of climate events
relative to the timing of survey interviews or election dates. That is, the occurrence of
climate events is not influenced by the timing of elections or surveys and is not depen-
dent on the characteristics of the affected population. While it is unlikely that the timing
of the survey implementation or of national elections is changed as a consequence of
regional weather events, it may occur that the groups of respondents or voters refuse to

5We use age at election for voting outcomes, and age at interview for environmental attitudes
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being interviewed or vote under adverse weather conditions (e.g., heat wave). To test
this assumption, we show in Tables C.9 to C.11 that weather shocks are conditionally in-
dependent from the pre-treatment observable characteristics of survey respondents and
voters.

Importantly, it has to be made clear that our unit of analysis is the individual, not
the region. Yet, the “treatment assignment” mechanism is clustered at the NUTS-year
level, in that all individuals within a region at a given point in time are exposed to
the same intensity of the weather anomaly measure. This is unproblematic from the
point of view of bias, given that, as we discuss above, the weather anomalies, and their
timing, are as good as randomly assigned, and particularly so when we condition on
geographic location with region fixed effecs. These region fixed effects account for all
regional features that are time-invariant, including climatic, institutional, and cultural
characteristics.

Fixed effects for country-election year combinations account for all the features spe-
cific to a given election in a given country: this includes supply-side effects, e.g. cred-
ibility of the Green party, as well as other characteristics of the country at the time of
a given election, e.g. popularity of the incumbent administration or national-level eco-
nomic conditions. The country-interview year fixed effects capture any time-varying
shock that affects the entire country in that year. While causal identification does not
hinge on these time fixed effects, their inclusion increases precision by removing the ef-
fects of shocks shared by all regions within a country at a given point in time. Given the
fixed-effects structure, the coefficient on temperature anomaly is identified from varia-
tion in exposure during the time window conditional on geographic location (region).
In particular, the timing of a warm or cold spell plays a key role.

The standard errors reported are clustered at the NUTS-year level. This accounts
for the fact that individual respondents within a region at a given point in time are all
exposed to the same intensity of the weather shock. (57). It also conservatively accounts
for the multi-stage sampling scheme adopted by the ESS surveys. It is important to
note that the ESS headquarters requires surveys in each individual country to adopt a
strict random probability sampling at every stage, with no quotas and no substitutions.
Whenever possible, full population registers are used as sampling frames. At the same
time, the sampling schemes are multi-stage and this fact needs to be accounted for in
inference.

In the baseline model, we use warm and cold spells defined as either the excess
days or temperatures based on the extreme 5% at the top and bottom of the distribution.
Warm and cold spells are included together in the regression models. In order to inves-
tigate the temporal dynamics of the effects, we estimate separate models for the mean
of the weather indicators in the 4 weeks, 52 weeks and 104 weeks before the election or
interview day. The weather shocks are measured prior to the occurrence of the outcome,
i.e. election day for green voting and the interview for the attitudinal measures.

The descriptive estimates of individual heterogeneity are based on a series of inter-

14



action models, where the temperature anomaly measure is interacted with demographic
characteristics. This allows us to estimate the effect of the weather anomaly separately
for each group defined by observable characteristics. Specifically, we estimate models of
the form

yit = αr(i) + β1Xr(i)t + β2Xr(i)tż
′
it + β3z′it + γZit + ηc(i)t + ϵit (2)

for a given individual trait z′it. To describe heterogeneity based on regional characteristics
we adopt the more flexible approach of splitting the sample by (time-varying) regional
characteristics. In the main analysis, these are GDP per capita, unemployment level, and
greenhouse gas emissions. We split the sample at the median of the respective variable
and then estimate models like Eq. 1 and 2 on the split samples.
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Significance Statement

Firsthand encounters with temperature extremes resulting from climate change not only
influence attitudes toward climate issues but also foster backing of political parties that
advocate environmental policies. Social groups that initially exhibit lower likelihood
of endorsing pro-environmental perspectives e.g., men and lower educated individu-
als are more strongly influenced by direct experiences, converging towards the levels
observed in groups with initially higher pro-environmental attitudes and a greater ten-
dency to vote for parties manifesting green policies. The impact of direct experiences is
diminished in less affluent regions and in areas with a more pollutant-intensive econ-
omy, suggesting tension between economic interests and support for climate mitigation
policies.

Acknowledgements

We are grateful to William Kemp for valuable research assistance. Jacopo Bassetto and
Raya Muttarak received funding from POPCLIMA (Population Dynamics under Global
Climate Change) project funded by the European Research Council (ERC) under Grant
Agreement No. 101002973. Jonas Peisker and Roman Hoffmann gratefully acknowledge
funding from IIASA and the National Member Organizations that support the institute.
Roman Hoffmann acknowledges funding from the SPES (Sustainability Performances,
Evidence & Scenarios) project funded by European Union’s Horizon Europe Programme
under Grant Agreement No. 101094551.

References
[1] Hans O Portner, Debra C Roberts, Helen Adams, Carolina Adler, Paulina Aldunce, Elham Ali, Rawshan Ara Begum, Richard Betts, Rachel Bezner Kerr, Robbert Biesbroek,

et al. Climate change 2022: impacts, adaptation and vulnerability. Technical report, IPCC, 2022.
[2] Ann L. Owen, Emily Conover, Julio Videras, and Stephen Wu. Heat waves, droughts, and preferences for environmental policy. Journal of Policy Analysis and Management,

31(3):556–577, 2012. doi: https://doi.org/10.1002/pam.21599. URL https://onlinelibrary.wiley.com/doi/abs/10.1002/pam.21599.
[3] Patrick J Egan and Megan Mullin. Turning personal experience into political attitudes: The effect of local weather on americans’ perceptions about global warming. The

Journal of Politics, 74(3):796–809, 2012.
[4] Lisa Zaval, Elizabeth A Keenan, Eric J Johnson, and Elke U Weber. How warm days increase belief in global warming. Nature Climate Change, 4(2):143–147, 2014.
[5] Rachel I McDonald, Hui Yi Chai, and Ben R Newell. Personal experience and the ‘psychological distance’of climate change: An integrative review. Journal of environmental

psychology, 44:109–118, 2015.
[6] Peter D Howe, Jennifer R Marlon, Matto Mildenberger, and Brittany S Shield. How will climate change shape climate opinion? Environmental Research Letters, 14(11):

113001, 2019.
[7] Parrish Bergquist and Christopher Warshaw. Does global warming increase public concern about climate change? The Journal of Politics, 81(2):686–691, 2019.
[8] Rachelle K Gould, Trisha R Shrum, Donna Ramirez Harrington, and Virginia Iglesias. Experience with extreme weather events increases willingness-to-pay for climate

mitigation policy. Global Environmental Change, page 102795, 2024.
[9] Leonardo Baccini and Lucas Leemann. Do natural disasters help the environment? how voters respond and what that means. Political Science Research and Methods, 9

(3):468–484, 2021.
[10] Chad Hazlett and Matto Mildenberger. Wildfire Exposure Increases Pro-Environment Voting within Democratic but Not Republican Areas. American Political Science

Review, 114(4):1359–1365, 2020.
[11] Jordan H McAllister and Afiq bin Oslan. Issue ownership and salience shocks: The electoral impact of australian bushfires. Electoral Studies, 74:102389, 2021.
[12] Susanna Garside and Haoyu Zhai. If not now, when? climate disaster and the green vote following the 2021 germany floods. Research & Politics, 9(4):20531680221141523,

2022.
[13] Felix Holub and Matthias Schündeln. Pro-environmental voting when climate change is made salient: evidence from high-resolution flooding data. PLOS climate, 2(8):

e0000219, 2023.
[14] Hanno Hilbig and Sascha Riaz. Natural disasters and green party support. The Journal of Politics, 86(1):241–256, 2024.
[15] Sarah Birch. The electoral benefits of environmental position-taking: Floods and electoral outcomes in england 2010–2019. European Journal of Political Research, 62(1):

95–117, 2023.

16

https://onlinelibrary.wiley.com/doi/abs/10.1002/pam.21599


[16] Roman Hoffmann, Raya Muttarak, Jonas Peisker, and Piero Stanig. Climate change experiences raise environmental concerns and promote green voting. Nature Climate
Change, 12(2):148–155, 2022. doi: 10.1038/s41558-021-01263-8. URL https://doi.org/10.1038/s41558-021-01263-8.

[17] Tarik Abou-Chadi. Niche party success and mainstream party policy shifts–how green and radical right parties differ in their impact. British Journal of Political Science, 46
(2):417–436, 2016.

[18] Wouter Poortinga, Christina Demski, and Katharine Steentjes. Generational differences in climate-related beliefs, risk perceptions and emotions in the uk. Communications
Earth & Environment, 4(1):229, 2023. doi: 10.1038/s43247-023-00870-x. URL https://doi.org/10.1038/s43247-023-00870-x.

[19] Magnus Bergquist, Andreas Nilsson, Niklas Harring, and Sverker C Jagers. Meta-analyses of fifteen determinants of public opinion about climate change taxes and laws.
Nature Climate Change, 12(3):235–240, 2022.

[20] Florian Lichtin, Wouter Van Der Brug, and Roderik Rekker. Generational replacement and green party support in western europe. Electoral Studies, 83:102602, 2023.
[21] Martin Dolezal. Exploring the stabilization of a political force: The social and attitudinal basis of green parties in the age of globalization. West European Politics, 33(3):

534–552, 2010.
[22] James N Druckman and Mary C McGrath. The evidence for motivated reasoning in climate change preference formation. Nature Climate Change, 9(2):111–119, 2019.
[23] Michael M Bechtel, Federica Genovese, and Kenneth F Scheve. Interests, norms and support for the provision of global public goods: the case of climate co-operation.

British Journal of Political Science, 49(4):1333–1355, 2019.
[24] Charlotte Bez, Valentina Bosetti, Italo Colantone, and Maurizio Zanardi. International Trade, Green Voting and Attitudes: Evidence from the US and Western Europe.

page Working Paper, 2022.
[25] Lyle Scruggs and Salil Benegal. Declining public concern about climate change: Can we blame the great recession? Global environmental change, 22(2):505–515, 2012.
[26] Benedetta Cotta and Memoli Vincenzo. Do environmental preferences in wealthy nations persist in times of crisis? the european environmental attitudes (2008-2017).

Italian Political Science Review/Rivista Italiana di Scienza Politica, 50(1):1–16, 2020.
[27] Jonas Peisker. Context matters: The drivers of environmental concern in European regions. Global Environmental Change, 79:102636, mar 2023. doi: 10.1016/j.gloenvcha.

2023.102636.
[28] Jörg Hartmann and Peter Preisendörfer. The relationship between ecology and economy in german public opinion, 1984–2019. Environmental Politics, pages 1–20, 2023.
[29] Peter Victor. Questioning economic growth. Nature, 468(7322):370–371, 2010. doi: 10.1038/468370a. URL https://doi.org/10.1038/468370a.
[30] Dimitri Gugushvili. Public attitudes toward economic growth versus environmental sustainability dilemma: Evidence from europe. International Journal of Comparative

Sociology, 62(3):224–240, 2021.
[31] Andrew Meyer. Does education increase pro-environmental behavior? evidence from europe. Ecological economics, 116:108–121, 2015.
[32] Thanyaporn Chankrajang and Raya Muttarak. Green returns to education: Does schooling contribute to pro-environmental behaviours? evidence from thailand. Ecological

Economics, 131:434–448, 2017.
[33] LC Zelezny, Pho-Peng Chua, and Christina Aldrich. Elaborating on gender differences in environmentalism. special issue: Promoting environmentalism. Journal of Social

Issues, 56(3):443–457, 2000.
[34] Lena Ramstetter and Fabian Habersack. Do women make a difference? analysing environmental attitudes and actions of members of the european parliament. Environmental

Politics, 2019.
[35] Simone Abendschön and Stephanie Steinmetz. The gender gap in voting revisited: Women’s party preferences in a european context. Social Politics, 21(2):315–344, 2014.
[36] Herbert P Kitschelt. Left-libertarian parties: Explaining innovation in competitive party systems. World Politics, 40(2):194–234, 1988.
[37] Matthew J Hornsey, Emily A Harris, Paul G Bain, and Kelly S Fielding. Meta-analyses of the determinants and outcomes of belief in climate change. Nature climate

change, 6(6):622–626, 2016.
[38] Global Environmental Change. Choose democracy: environmentalists’ socio-political responsibility. Global Environmental Change, 16:115–119, 2006.
[39] Erik Hysing. Representative democracy, empowered experts, and citizen participation: Visions of green governing. Environmental politics, 22(6):955–974, 2013.
[40] Jakob Schwörer. Mainstream parties and global warming: What determines parties’ engagement in climate protection? European Journal of Political Research, 2023.
[41] Christina Demski, Stuart Capstick, Nick Pidgeon, Robert Gennaro Sposato, and Alexa Spence. Experience of extreme weather affects climate change mitigation and

adaptation responses. Climatic Change, 140:149–164, 2017.
[42] Tobias Rüttenauer. More talk, no action? the link between exposure to extreme weather events, climate change belief and pro-environmental behaviour. European Societies,

pages 1–25, 2023.
[43] Italo Colantone and Piero Stanig. The trade origins of economic nationalism: Import competition and voting behavior in western europe. American Journal of Political

Science, 62(4):936–953, 2018.
[44] Teresa A Myers, Edward W Maibach, Connie Roser-Renouf, Karen Akerlof, and Anthony A Leiserowitz. The relationship between personal experience and belief in the

reality of global warming. Nature climate change, 3(4):343–347, 2013.
[45] Roy F Baumeister, Ellen Bratslavsky, Catrin Finkenauer, and Kathleen D Vohs. Bad is stronger than good. Review of general psychology, 5(4):323–370, 2001.
[46] Italo Colantone, Livio Di Lonardo, Yotam Margalit, and Marco Percoco. The political consequences of green policies: Evidence from italy. American Political Science

Review, pages 1–19, 2022.
[47] Michael M Bechtel and Kenneth F Scheve. Mass support for global climate agreements depends on institutional design. Proceedings of the National Academy of Sciences,

110(34):13763–13768, 2013.
[48] Narasimha D Rao and Jihoon Min. Less global inequality can improve climate outcomes. Wiley Interdisciplinary Reviews: Climate Change, 9(2):e513, 2018.
[49] Brian Murray and Nicholas Rivers. British columbia’s revenue-neutral carbon tax: A review of the latest “grand experiment” in environmental policy. Energy Policy, 86:

674–683, 2015.
[50] ESS ERIC. European Social Survey (ESS), Round 6 – 2012, 2012.
[51] ESS ERIC. European Social Survey (ESS), Round 7 – 2014, 2015.
[52] ESS ERIC. European Social Survey (ESS), Round 8 – 2016, 2017.
[53] ESS ERIC. European Social Survey (ESS), Round 9 – 2018, 2019.
[54] ESS ERIC. European Social Survey (ESS), Round 10 – 2020, 2022.
[55] Pola Lehmann, Simon Franzmann, Tobias Burst, Sven Regel, Felicia Riethmüller, Andrea Volkens, Bernhard Weßels, and Lisa Zehnter. The manifesto data collection.

Wissenschaftszentrum Berlin für Sozialforschung (WZB) / Institut für Demokratieforschung (IfDem), 2023. Version 2023a.
[56] Hans Hersbach, Bill Bell, Paul Berrisford, Shoji Hirahara, András Horányi, Joaquín Muñoz-Sabater, Julien Nicolas, Carole Peubey, Raluca Radu, Dinand Schepers, Adrian

Simmons, Cornel Soci, Saleh Abdalla, Xavier Abellan, Gianpaolo Balsamo, Peter Bechtold, Gionata Biavati, Jean Bidlot, Massimo Bonavita, Giovanna Chiara, Per Dahlgren,
Dick Dee, Michail Diamantakis, Rossana Dragani, Johannes Flemming, Richard Forbes, Manuel Fuentes, Alan Geer, Leo Haimberger, Sean Healy, Robin J. Hogan, Elías
Hólm, Marta Janisková, Sarah Keeley, Patrick Laloyaux, Philippe Lopez, Cristina Lupu, Gabor Radnoti, Patricia Rosnay, Iryna Rozum, Freja Vamborg, Sebastien Villaume,
and Jean-Noël Thépaut. The ERA5 global reanalysis. Quarterly Journal of the Royal Meteorological Society, 146(730):1999–2049, jun 2020. doi: 10.1002/qj.3803.

[57] Alberto Abadie, Susan Athey, Guido W Imbens, and Jeffrey M Wooldridge. When should you adjust standard errors for clustering? The Quarterly Journal of Economics,
138(1):1–35, 2023.

[58] Andrea Volkens, Tobias Burst, Werner Krause, Pola Lehmann, Matthieß Theres, Nicolas Merz, Sven Regel, Bernhard Weßels, and Lisa Zehnter. The Manifesto Data
Collection. Manifesto Project (MRG/CMP/MARPOR). Version 2020b, 2020.

[59] Amy Rose, Jacob McKee, Marie Urban, and Edward Bright. Landscan global 2017, 2018. URL https://landscan.ornl.gov/.
[60] Monica Crippa, Diego Guizzardi, Manjola Banja, Efisio Solazzo, Marilena Muntean, Edwin Schaaf, Federico Pagani, Fabio Monforti-Ferrario, JGJ Olivier, Roberta Quadrelli,

et al. Co2 emissions of all world countries. JRC Science for Policy Report, European Commission, EUR, 31182, 2022.

17

https://doi.org/10.1038/s41558-021-01263-8
https://doi.org/10.1038/s43247-023-00870-x
https://doi.org/10.1038/468370a
https://landscan.ornl.gov/


Figure captions

1. Average regional vote share for green coalitions 2012–2022 (percent).

2. Estimated effects of temperature anomalies on the probability of feeling respon-
sible for climate change, worrying about climate change, and voting for a green
coalition. Temperature anomalies are measured as number of days classified as
warm spells in the region of residence, and the average excess temperature dur-
ing the warm spells. Warm spells are defined as at least three consecutive days
with mean temperature exceeding the 95th percentile of the calendar week distri-
bution of the previous 10 years in the respective region. The horizontal axis shows
the estimated effect sizes for the different outcomes distinguishing the effects of
temperature anomalies measured over 4, 54, and 104 weeks prior to the attitude
measurement or the last national election. The full model results are shown in
Supplementary Tables C.4–C.6.

3. Predicted probabilities of feeling responsible for climate change, worrying about
climate change, and voting for a Green coalition by education level and gender.
The x-axis shows the percentile of excess temperature during warm spells observed
in respondents’ region of residence. Warm spells are defined as at least three con-
secutive days with mean temperature exceeding the 95th percentile of the calendar
week distribution of the previous 10 years in the respective region. Higher values
reflect stronger heat anomalies. The predicted probabilities are reported separately
for respondents with a high (light blue) and low (dark blue) education as well as
for women (continuous line) and men (dashed line).

4. Predicted probabilities of voting for a Green coalition by sector of occupation, on
split samples based on regional GDP per capita, regional unemployment, and re-
gional greenhouse gas emissions per capita. The horizontal axis shows the per-
centile of excess temperature during warm spells observed in the respondent’s
region of residence. Warm spells are defined as at least three consecutive days
with mean temperature exceeding the 95th percentile of the calendar week dis-
tribution of the previous 10 years in the respective region. Higher values reflect
stronger heat anomalies. The predicted probabilities are reported separately for
respondents working in the agriculture (solid line), industry (small dashed line)
and service (large dashed line) sectors.
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Supplementary Information

A Data and variables

The data used for the analysis come from three main sources, the European Social Survey
(ESS), the ERA5-Land reanalysis, and Eurostat and the Annual Regional Database of the
European Commission (ARDECO), which is also largely based on Eurostat databases. In
this section we describe the main features of each dataset, while in the following sections
we explain in detail the construction of our outcomes variables – green voting, climate
change worry, and climate change responsibility – based on ESS waves 6–10 (50–54) as
well as our independent variables – temperature extremes – based on the ERA5-Land
reanalysis (56) and regional characteristics.

A.1 European Social Survey

The ESS is a cross-sectional cross-country representative survey covering 39 countries
running bi-annually since 2002. It collects a wide range of information on attitudes, be-
liefs, political orientation, voting behavior, as well as demographic characteristics. For
the analysis on green voting we use all individuals who voted in the last national elec-
tion. For our analysis we use all observations between wave 6 and 10 for which the last
national election falls between 2012 and 2022. The decision to restrict to national elec-
tions in the last decade has different reasons. First, in the first decade of the 2000s, the
number of green parties was extremely small, and so were the votes for green parties in
most European regions. Second, and related to this, extreme warm spells have become
more frequent 2012–2022 compared to the previous decade (Figure C.11), which has in-
creased the salience of global warming on the individual and societal level. Finally, we
want to avoid the inclusion in the analysis of periods before and after the Great Reces-
sion. For both the analysis on green attitudes and green voting we restrict our sample to
EU/EEA countries.

Most questions on green attitudes were only asked in the ESS Round 8, and only
a subset was included also in the survey of ESS Round 10. To maximize our sample
size, we only make use of the variables that were asked in both surveys. We there-
fore include all individuals from ESS rounds 8 and 10 with non-missing values on the
outcome variables. The COVID-19 pandemic caused changes in ESS10 which have im-
plications for longitudinal comparisons with previous survey waves (54). 9 countries
switched to a self-completion approach from the usual face-to-face interviews in ESS10.
Those countries that maintained the personal interviews partly switched to video calls.
Furthermore, ESS10 was carried out over a longer time period than previous survey
waves.

As explained in the next section, our main predictor are extreme weather events in
the region of residence before being interviewed or having voted in national elections.

19



Region of residence is available for the vast majority of ESS respondents. Nonethe-
less, the definition of NUTS region codes varies within countries across time, as well as
across countries. For some countries only NUTS1 are available, while for other NUTS2.
We harmonize regions within countries by assigning to the same region the most up-
dated NUTS classification to which it belongs. If the NUTS classification changed the
NUTS boundaries – NUTS regions merged, separated or disappeared – we treat regions
belonging to subsequent classifications as separate regions. The total number of unique
regions is 335. The average regional sample size is 455 respondents.

The total sample size is 151,366 individuals. Among these, 109,108 voted in the
last national election (72.1%). Table C.2 summarizes the ESS sample composition by
demographic, regional, and political characteristics for the full sample of respondents for
election years 2012-2022, for the sample of voters in national elections between 2012 and
2022, for the sample of respondents in ESS Round 8 and 10. Table C.3 reports observation
counts by country and ESS round for both voters (used in the analysis on green voting)
and respondents (used in the analysis on climate attitudes). An overview of number of
observations and elections by country, year, and month is given in Figure C.8.

A.1.1 Green voting

To construct the green voting outcome we first assign the correct national election in
which respondents voted. We do this by assigning the date of the last election relative
to the precise day in which individuals responded to the ESS survey. We then use the
information on the party or electoral coalition voted in the last national election, as
provided in the ESS data. Respondents are first asked "Did you vote in the last [country]
national election in [month/year]?". If they voted, they are asked to select the party or
electoral coalition they voted for, choosing from a predefined list of parties and electoral
coalitions. Taking these pieces of information together, we manually code green parties
and green coalitions based on their party description and historical information, and
create a dummy variable which takes value 1 if individuals voted for a green party or
green coalition and 0 if they voted for any other party. Individuals who did not vote are
coded as missing. Only electoral coalitions which include green parties are considered
green coalitions, while government coalitions are not. One example of electoral green
coalition is the Coligação Democrática Unitária (CDU) in Portugal, traditionally formed by
the Partido Comunista Português (PCP) and the Partido Ecologista “Os Verdes” (PEV). The
CDU is coded as green coalition in our data, so that votes for any of the two parties are
given a 1. One example of government coalition is the 2021 traffic light coalition between
SPD, FPD and Alliance90/The Greens. The traffic light coalition is not coded as green
coalitions and only votes to the Alliance90/The Greens party are coded as 1.

While our main outcome is voting for green parties and green coalitions together,
in Section B we show the results from models where the outcome is voting for green
party. Moreover, in an alternative model we abstract from the definition of green party
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and estimate our model using a score from the Manifesto Project (58) which captures the
amount of pro-environmental statements in each party’s electoral agenda. Data from the
Manifesto Project are linked to the ESS through party names.

Table C.1 provides a list of parties that we classify as green parties or part of green
coalitions. Figure C.10a shows the average share of respondents that reported to have
voted for a party that entered a green coalition over the time period 2012–2022, broken
down by age and education, gender and education, and age and gender.

A.1.2 Climate change worry and responsibility

We define two variables that capture attitudes towards climate change. The first is
whether respondents are worried about climate change. Respondents are asked the
following question: “How worried are you about climate change?”. They may express
their worries using a scale from 1 (not worried at all) to 5 (extremely worried). We create
a dummy variable that gives value 1 if individuals are very worried (4) or extremely
worried (5) and 0 otherwise. The second attitude towards climate change captures the
degree to which respondents feel responsible for climate change. Respondents are asked
the following question: “To what extent do you feel a personal responsibility to try to
reduce climate change?”. They are asked to give a score between 0 (not at all) and 10 (a
great deal). We construct a dummy variable that takes value 1 if the score is between 7
and 10, and 0 otherwise.

Figure C.9 gives an overview of the regional population share that reported to worry
about climate change and feel personally responsible for it, respectively, in ESS rounds
8 and 10. Respondents in eastern and southern Europe tend to feel less responsible
for climate change than those in continental Europe. This division is not as clear cut
for climate change concern, however. Both measures increased in most regions across
Europe between the two survey rounds.

Figure C.10b and c additionally break down the variables by age, education, and re-
gion. On average, both feeling responsible and worrying about climate change increases
with age and education. Overall, the feeling of climate change responsibility is highest
in continental Europe, while the climate change concern is highest in the South.

A.2 Extreme weather

Measures of temperature extremes are computed with daily means from the ERA5-Land
reanalysis (56). ERA5 combines meteorological observations with a global climate model
to produce a 0.1° grid. The cells are aggregated to NUTS regions as their mean, weighted
by area or population. Population weights are derived from LandScan Global 2017 data
(59). The measures are then defined based on the distribution of daily values in region
i and calendar week w in the reference period which characterizes the regional climate.
The reference periods are the 10 years prior to the interview or election date.
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Warm (cold) spells are defined as at least three consecutive days with temperatures
Tspell

it that fall above (below) the 90th, 95th, or 97.5 th (10th, 5th, 2.5th) percentile τ
10yr
iw .

Using these thresholds, we calculate number of days during warm and cold spells as
well as the excess temperature. The positive excess temperature is defined as

Texcess,warm
it =

{
Tspell

it − τ
10yr
iw , if Tspell

it > τ
10yr
iw

0, otherwise
(3)

and the negative excess temperature as

Texcess,cold
it =

{
| Tspell

it − τ
10yr
iw |, if Tspell

it < τ
10yr
iw

0, otherwise
(4)

so that higher values of both cold and warm spell measures indicate more extreme
events. The daily values are then summed up to weekly values and averaged over
rolling multi-week periods.

Figure C.11 presents boxplots of weekly, regional warm and cold spells by region,
comparing 2002–2012 with 2012–2022. The distributions indicate that cold spells become
less common, in particular in east and south Europe, with more extreme cold spells
becoming outliers. At the same time, warm spells have become more common in the
recent decade, mostly in continental and southern Europe. Here outliers at the bottom
of the distribution have become more frequent. Both developments are indicative of
global warming.

A.3 Regional data

In Section 2.3 of the manuscript, we analyze how regional characteristics mediate the
effects of extreme weather for different population groups. We mainly focus on the
role of unemployment rate, GDP per capita, and greenhouse gas emissions per capita.
Annual data on regional unemployment rate come from Eurostat, while data on GDP per
capita are collected and harmonized in the Annual Regional Database of the European
Commission (ARDECO).

Based on the Eurostat definition, regional (NUTS level 2) unemployment rate rep-
resents unemployed persons as a percentage of the economically active population (i.e.
labour force or sum of employed and unemployed). The indicator is based on the EU
Labour Force Survey. Unemployed persons comprise persons aged 15-74 who were (all
three conditions must be fulfilled simultaneously): 1) without work during the reference
week; 2) currently available for work; 3) actively seeking work or who had found a job
to start within a period of at most three months. The employed persons are those aged
15-64, who during the reference week did any work for pay, profit or family gain for at
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least one hour, or were not at work but had a job or business from which they were tem-
porarily absent. GDP per capita is computed as total GDP at current prices * 1’000’000 /
total population (from regional accounts).

Greenhouse gas emissions annual regional data come from the Emission Database
for Global Atmospheric Research (EDGAR). The database collects and harmonizes the
emissions of different types of greenhouse gas, standardizing the emission measure to
CO2 equivalents (60). Greenhouse gases are CO2, CH4, N20 and F-gases. We sum all
types of GHG-emissions in each year and region to obtain the total of GHG-emissions
and then divide by the total annual population in each region to obtain GHG-emissions
per capita.

In Figure C.12 we show the distribution of unemployment rate, GDP per capita and
emissions per capita across NUTS2 regions, as well as the regions that fall below or above
the median split. The median split samples are obtained by first computing the median
of the distribution across all NUTS2 and election years available and then assigning a
1 to all regions with a value of unemployment rate, GDP per capita or GHG-emissions
per capita above the median and 0 to all regions with a value below the median. Results
on splitted samples are robust to using a time-invariant distribution of mean regional
unemployment rate, GDP per capita and GHG-emissions per capita. In Figure C.13, we
additionally display correlations across regional characteristics, highlighting that GDP
strongly negatively correlates with the unemployment rate, GHG emissions per capita,
as well as the industrial GHG intensity.

B Robustness analysis

B.1 Robustness checks

In this section we detail the robustness checks that we performed on our baseline esti-
mates of the effects of exposure to extremely warm weather (in the year before national
elections) on voting for green coalitions. First, we vary the definition of extremely warm
weather (as excess days or excess temperatures during heat waves). We redefine warm
(cold) spells as at least three consecutive days with temperatures Tspell

it that fall above
(below) the 90th or 97.5th (10th, 2.5th), instead of 95th (5th). The first and second co-
efficients in Figure C.1 report the estimated coefficients. These are close in magnitude
and not statistically different from our baseline results, suggesting that the choice of
the cut-off percentiles for the definition of warm and cold spells does not affect our
main findings. Additionally, we change the temperature distribution underlying our
climate measures. The third coefficient refers to regression models in which the distri-
bution of daily temperatures – on which our extreme weather measures are based on –
is computed using a fixed time window from 1970 to 2000 instead of 10-year rolling time
windows. Again, the estimated coefficients are not different from the baseline. Finally,
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in Tables C.16-C.20 we show that our results are robust to an alternative definition of
extreme temperatures which weights the temperature measures by the population size
(instead of the area).

As a second step, we show that our baseline are robust to the inclusion of addi-
tional controls and fixed effects in our baseline model. The forth coefficient results from
a regression model in which we control for current employment status and months be-
tween interview and last national election. By including the distance in months between
interview and the last national election we are controlling for possible memory bias in
recalling the vote cast in the previous election. Finally, we run models in which we in-
clude month of interview fixed effects, as heat exposure before the interview may affect
how respondents recall their last vote in national elections. The estimated coefficients
show up last in the figure. The vertical red line indicates the baseline estimate (0.050
for the excess days and 0.028 for the excess degrees). For both specifications the esti-
mated coefficient is not statistically different from the baseline estimate and similar in
magnitude.

Third, we show that our baseline results are not driven by any particular group
of observations. The panels in Figure C.2 report estimated coefficients for regression
models in which we exclude one country, one survey round and one election year at
a time. The Y axis displays the excluded category. The red line indicates the baseline
estimate. Also in this case, for all models estimated coefficients are not statistically
different from our baseline estimate so that we can exclude the possibility that our results
are driven by specific countries, survey rounds or election years.

B.2 Placebo estimations

In Table C.13 we display results from placebo estimations where we assign to each elec-
tion the extreme weather measures of the following one or two years, computing the
placebo one year exposure. As example, consider one election taking place in June 2015.
The one-year lead model averages the excess weather measures over the period July 2015
and June 2016, the two-years lead model averages the excess weather measures over the
period July 2016 and June 2017. Our results show a strong negative effect – similar in
magnitude but opposite in sign to our baseline result – for the one-year lead model.
This is a mechanical effect of how the baseline climate extremes are computed and is ex-
pected to precisely counterbalance the baseline coefficients (i.e., they sum to zero). The
two-years lead mode shows extremely small and not statistically significant effects on
green voting, confirming that future temperatures are not correlated with present green
voting outcomes.

As a second placebo estimation, we randomly re-assign 300 times the extreme
weather measures therefore estimating the effects of 300 placebo extreme weather ex-
posures on green voting. Importantly, we constrain the random assignment of climate
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measures to occur within the same country and the same survey year. Figure C.3 dis-
plays the distribution of the 300 placebo coefficients as well as the true coefficient (the
red vertical line). Placebo coefficients for both excess warm days and temperatures are
normally distributed, and the average coefficient size is not different from 0. These re-
sults corroborate that the estimated effects in the main models are not an artifact of the
fixed effects structure we employ.

C Additional results

C.1 Average marginal effects

In Figure 3 of Section 2 in the main text and Figure C.7 of the SI, we displayed average
predicted probabilities of being worried for climate change, feeling responsible for it and
voting for green parties and green coalitions for subgroups based on sex and education,
age and education, age and sex, urban-rural, and individual employment sector. In Fig-
ure 4 we additionally displayed average predicted probabilities of voting for green par-
ties and green coalitions for different employment sector, splitting the sample according
to regional unemployment rate, GDP per capita and GHG emissions per capita. Average
predicted probabilities have the advantage that they account for the baseline differences
in outcome across subgroups and allow to show results along the distribution of the our
climate predictors. In this section we complement these results reporting - in Table C.14
and Table C.15 the average marginal effects of extreme warm temperatures for the dif-
ferent subgroups and sample median splits. In the full sample results show that average
marginal effects of extreme temperatures are higher for groups with lower baseline levels
of green voting and worries about climate change: low-educated men, older individuals,
rural inhabitants and employees in the industry sector. The marginal effects of extreme
temperatures on feeling responsible for climate change follow a different pattern. They
are significant only for low-educated and young male, high-educated women and urban
residents. In the regional split samples, average marginal effects are close to zero and
not statistically significant in regions with high uemployment, low GDP per capita, and
high GHG-emissions per capita, while they are strong and significant in regions with
low unemployment, high GDP per capita, and low GHG-emissions per capita.

C.2 Additional outcomes

Alternatively to our main outcome, we display results for two additional measures of
green voting. First, we use voting for green parties as outcome. This outcome codes as
1 only green parties, while parties which belong to an electoral coalition that includes
green parties are coded as zero. We therefore estimate the effect of extreme weather
on casting votes for green parties specifically. Second, we use the Manifesto Project
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score that captures the amount of pro-environment statements in each party’s political
agenda. The pro-environmental scores allows to abstract from the formal definition of
green parties and capture shifts in voting behaviors towards parties which do not define
themselves as green parties but have nonetheless a green agenda. Tables C.6-C.8 display
our results for green parties and green coalitions (our baseline results), green parties only
and the pro-environment score. All outcomes convey a similar message. Short-term ex-
posure has no effect on green voting, while one-year and two-year exposures to extreme
warm spells significantly increases all green voting outcomes. In detail, considering 1
year of exposure before the national election, one additional day (degree) of extremely
hot weather increases vote for green parties by 4.3 (2.3) percentage points and raises the
environmental score by 13.7% (12.8%). When we consider a period of two years of expo-
sure, results are similar. One additional day (degree) of extremely hot weather increases
vote for green parties by 3.1 (1.6) percentage points and raises the environmental score
by 17.0% (12.9%).

C.3 Voter turnout and characteristics

In this section we detail the analysis on the channels that may drive our green voting
results, in terms of voters’ turnout and voters’ flow. As explained in Section 2.1 our main
results on green voting may be explained by either - or a combination of - a change in
voters’ turnout, a change in voters’ demographics or a reshuffle of votes towards Green
parties and green coalitions. To gauge which channel prevails, we run two types of
analysis. First, we estimate our baseline model using voter turnout as outcome. Before
being asked about the parties they voted for, respondents are asked whether they voted
in the last national election. We assign a 1 to respondents who voted and 0 otherwise.
Results on voters’ turnout, reported in Table C.12, display no statistically significant
effects of extreme warm spells. For the 52 weeks exposure, the estimated coefficients
are 0.04 and 0.01 respectively for excess days and excess temperatures. Given a mean
turnout of 70%, the effect of our extreme warm measures on voters’ turnout is virtually
zero. We can therefore exclude that the effects on green voting are driven by either new
voters showing up to the ballot box. Second, we test whether - even without a change in
turnout - extreme temperatures affect the demographics of voters and, in turn, the prob-
ability of voting green. We run a regression model in which extreme warm indicators
are the outcomes, while the characteristics of voters are the predictors, therefore testing
the joint significance of these demographics. Results are reported in Table C.11 displays
the estimated coefficients. Depending on the models, part of the estimated coefficients
are statistically significant. Older individuals and women are less likely to vote if ex-
posed to warm spells, while respondents with no migration background are more likely.
Nonetheless, given the size of the coefficients and the share of respondents in each of the
categories, as reported in Table C.2, the magnitude of the estimated differences is neg-
ligible. We therefore conclude that the increase in green voting is driven by voters who
changed their previous voting preferences in favor of green parties and green coalitions.
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Table C.1: List of green parties and green coalitions by country

Country Green parties Green coalitions
AT Grüne, PILZ
BE Agalev/Groen!, Ecolo
CH Green Party, Green Liberal Party
CZ SZ
DE Bündnis 90/Die Grünen
DK Enhedslisten Socialistisk Folkeparti

EE Erakond Eestimaa Rohelised,
Tulevikuerakond

ES Iniciativa per Catalunya-Verds (ICV)

Compromís - EQUO, Junts per Catalunya/PDeCAT,
Izquierda Unida (IU) - (ICV en Cataluña), PACMA, CUP,
Unidos Podemos, En Comù Podem, Compromís-Podemos-EUPV.
Partido Socialista Obrero Español - PSOE (2016), Teruel Existe, EAJ-PNV

FI Green League Left Alliance

FR Les Verts, Europe Ecologie Les Verts (EELV),
Autres mouvements écologistes UMP

GB Green Party, Green Liberal Party
GR Greens, The Ecological Greens, 25, SYRIZA, ANTARSYA,
HR Možemo, Zagreb je naš, NLJ, RF, Orah
HU Párbeszéd (Párbeszéd Magyarországért Párt) LMP (Lehet Más A Politika)
IE Green Party, Green Liberal Party

IT Verdi e SDI (Girasole), Sinistra Ecologia e Libertà (SEL) Partito Democratico (2018), Potere al popolo,
+Europa, Italia Europa Insieme, Liberi e Uguali

LT Lithuanian Peasant and Greens Union (LVZS),
Lithuanian Greens Party (LZP) Lithuanian Social Democratic Party (LSDP)

LV Zal,o un Zemnieku savienı̄ba, Greens and Farmers Union Progresı̄vie
NL Green Left Party for the Animals
NO Miljøpartiet De Grønne Sosialistisk Venstreparti

PL Zjednoczona Lewica Koalicja Obywatelska, Sojusz Lewicy Demokratycznej,
Socjaldemokracja Polska

PT PCP-PEV, PCP-PEV-CDU,
Bloco de Esquerda (BE), PAN, LIVRE

SE Miljöpartiet de gröna Socialdemokraterna, Vänsterpartiet
SI ZL SD, SMS
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Table C.2: Descriptive statistics

Full sample Voters ESS8-10
Mean SD Mean SD Mean SD

Demographic characteristics
Age at election 48.13 18.62 51.33 17.08 47.81 18.63
Age at election: < 35 0.27 0.44 0.20 0.40 0.28 0.45
Age at election: 35-54 0.33 0.47 0.35 0.48 0.33 0.47
Age at election: 35-54 0.40 0.49 0.45 0.50 0.39 0.49
Male 0.47 0.50 0.47 0.50 0.47 0.50
Female 0.53 0.50 0.53 0.50 0.53 0.50
Natives 0.91 0.29 0.95 0.22 0.91 0.29
1st generation migrants 0.09 0.29 0.05 0.22 0.09 0.29
Low Educated 0.24 0.42 0.19 0.39 0.23 0.42
Mid Educated 0.39 0.49 0.38 0.49 0.38 0.49
High Educated 0.38 0.48 0.43 0.49 0.39 0.49
Regional characteristics
Continental Europe 0.50 0.50 0.53 0.50 0.48 0.50
Southern Europe 0.14 0.35 0.14 0.35 0.18 0.39
Eastern Europe 0.36 0.48 0.33 0.47 0.34 0.47
Hot 0.59 0.49 0.58 0.49 0.59 0.49
Temperate 0.11 0.32 0.12 0.32 0.15 0.35
Cold 0.30 0.46 0.31 0.46 0.27 0.44
Unenmployment rate 7.41 4.10 7.37 4.19 7.35 4.45
GDP per capita (thousands) 30.09 15.51 30.70 15.15 30.85 15.72
GHG emissions per capita 0.02 0.04 0.02 0.03 0.02 0.04
Incumbent government
Government: Left-center 0.52 0.50 0.51 0.50 0.52 0.50
Government: Balance Left-right 0.26 0.44 0.28 0.45 0.26 0.44
Government: Right 0.22 0.41 0.21 0.41 0.22 0.41
Government: no green seats 0.49 0.50 0.47 0.50 0.50 0.50
Government: at least 1 green seat 0.51 0.50 0.53 0.50 0.50 0.50
Observations 151366 109108 80369
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Table C.3: Descriptive statistics for the sample of voters

Voters Respondents

ESS6 ESS7 ESS8 ESS9 ESS10 ESS8 ESS10

AT 1287 1585 1989 1588 1976 1874
BE 1430 1389 1348 1764
CH 846 727 840 1502 1477
CZ 1177 1201 1459 1487 2255 2459
DE 2338 2112 1858 6828 2836 7929
DK 1332
EE 1249 1166 1033 2015 1533
ES 1398 1116 1695 1817 2121
FI 1503 1381 1265 1918 1572
FR 1401 1155 1198 1172 1023 2002 1918
GB 254 1398 1641 1916
GR 2300 2710
HR 1186 1029 1513
HU 1171 1108 1148 1294 1587 1839
IE 1913 1608 2704
IT 714 1675 1968 1769 2476 2526
LT 1133 1156 1117 1224 1105 2081 1646
LV 591
NL 1241 1422 1263 1283 1251 1671 1463
NO 1126 1202 1131 1119 1540 1403
PL 1176 967 1580 1673 1958
PT 247 922 736 1237 1260 1816
SE 1051 1354 1396 1931 1540 2246
SI 793 858 827 824 1254 1227
SK 1365 704 1012 1352
N 5854 14607 26467 29958 32210 37787 42582
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Table C.4: Worried about climate change

1 month 1 year 2 years

(1) (2) (3) (4) (5) (6)
Extreme cold (days) -0.007∗ -0.091∗∗∗ -0.202∗∗∗

(0.004) (0.031) (0.063)

Extreme warm (days) 0.013∗∗∗ 0.073∗∗∗ 0.060∗

(0.004) (0.026) (0.034)

Extreme cold (C°) -0.003∗ -0.045∗∗∗ -0.095∗∗∗

(0.002) (0.014) (0.028)

Extreme warm (C°) 0.007∗∗∗ 0.040∗∗∗ 0.039∗∗

(0.002) (0.015) (0.018)
N 78584 78584 78584 78584 78584 78584
R2 0.09 0.09 0.09 0.09 0.09 0.09
Mean of outcome 0.36 0.36 0.36 0.36 0.36 0.36
SD of outcome 0.48 0.48 0.48 0.48 0.48 0.48
Note: Outcome is worried about climate change, recoded as binary variable. A value of 1 is assigned to
respondents who state that they are either "very worried" or "extremely worried" on a scale from 1 to 5.
Extreme weather spells are computed relative to the distribution of temperatures over a 10 year rolling
window from the day of the interview. Warm (cold) spells are defined as at least three consecutive days
with temperatures Tspell

it that fall above (below) the 95th (5th) percentile τ
10yr
iw . Individual controls include:

age at interview, migration background, educational level, gender. Fixed effects: Country by interview
year, interview month, NUTS. Standard errors clustered at the NUTS x ESS round. Significance levels are
indicated by ∗ < .1, ** < .05, *** < .01.
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Table C.5: Feel personal responsibility for climate change

1 month 1 year 2 years

(1) (2) (3) (4) (5) (6)
Extreme cold (days) -0.007∗ 0.002 0.020

(0.004) (0.033) (0.063)

Extreme warm (days) 0.015∗∗∗ 0.032 0.067∗∗

(0.005) (0.024) (0.026)

Extreme cold (C°) -0.002 0.008 0.004
(0.002) (0.017) (0.032)

Extreme warm (C°) 0.007∗∗∗ 0.025∗ 0.049∗∗∗

(0.003) (0.014) (0.014)
N 77611 77611 77611 77611 77611 77611
R2 0.12 0.12 0.12 0.12 0.12 0.12
Mean of outcome 0.49 0.49 0.49 0.49 0.49 0.49
SD of outcome 0.50 0.50 0.50 0.50 0.50 0.50
Note: Outcome is feeling responsible for climate change, recoded as binary. A value of 1 is assigned to
respondents who report a score between 7 and 10 on a scale 0-10. Extreme weather spells are computed
relative to the distribution of temperatures over a 10 year rolling window from the day of the interview.
Warm (cold) spells are defined as at least three consecutive days with temperatures Tspell

it that fall above

(below) the 95th (5th) percentile τ
10yr
iw . Individual controls include: age at interview, migration back-

ground, educational level, gender. Fixed effects: Country by interview year, interview month, NUTS.
Standard errors clustered at the NUTS x ESS round. Significance levels are indicated by ∗ < .1, ** < .05,
*** < .01.
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Table C.6: Voting for green parties and green coalitions

1 month 1 year 2 years

(1) (2) (3) (4) (5) (6)
Extreme cold (days) -0.038∗∗∗ -0.018 -0.084∗∗∗

(0.006) (0.021) (0.033)

Extreme warm (days) 0.005 0.050∗∗∗ 0.042∗∗

(0.005) (0.017) (0.018)

Extreme cold (C°) -0.017∗∗∗ -0.001 -0.017
(0.004) (0.010) (0.016)

Extreme warm (C°) -0.001 0.028∗∗∗ 0.020∗∗

(0.004) (0.009) (0.010)
N 109096 109096 109096 109096 109096 109096
R2 0.11 0.11 0.11 0.11 0.11 0.11
Mean of outcome 0.10 0.10 0.10 0.10 0.10 0.10
SD of outcome 0.30 0.30 0.30 0.30 0.30 0.30
Note: Outcome is voting for green parties and green coalitions. Parties that are not classified as green
parties but are in electoral coalitions with green parties are given value 1. Extreme weather spells are
computed relative to the distribution of temperatures over a 10 year rolling window from the day of the
last national election. Warm (cold) spells are defined as at least three consecutive days with temperatures
Tspell

it that fall above (below) the 95th (5th) percentile τ
10yr
iw . Individual controls include: age at election,

migration background, educational level, gender. Fixed effects: Country by election year, election month,
NUTS. Standard errors clustered at the NUTS x ESS round. Significance levels are indicated by ∗ < .1, **
< .05, *** < .01.
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Table C.7: Voting for green parties

1 month 1 year 2 years

(1) (2) (3) (4) (5) (6)
Extreme cold (days) -0.025∗∗∗ -0.020 -0.073∗∗∗

(0.005) (0.018) (0.028)

Extreme warm (days) 0.005 0.043∗∗∗ 0.031∗∗

(0.005) (0.013) (0.014)

Extreme cold (C°) -0.009∗∗∗ -0.003 -0.014
(0.003) (0.009) (0.012)

Extreme warm (C°) 0.000 0.023∗∗∗ 0.016∗∗

(0.003) (0.008) (0.008)
N 109096 109096 109096 109096 109096 109096
R2 0.10 0.10 0.10 0.10 0.10 0.10
Mean of outcome 0.07 0.07 0.07 0.07 0.07 0.07
SD of outcome 0.25 0.25 0.25 0.25 0.25 0.25
Note: Outcome is voting for green parties. Parties that are not classified as green parties but are in
electoral coalitions with green parties are given value 0. Extreme weather spells are computed relative to
the distribution of temperatures over a 10 year rolling window from the day of the last national election.
Warm (cold) spells are defined as at least three consecutive days with temperatures Tspell

it that fall above

(below) the 95th (5th) percentile τ
10yr
iw . Individual controls include: age at election, migration background,

educational level, gender. Fixed effects: Country by election year, election month, NUTS. Standard errors
clustered at the NUTS x ESS round. Significance levels are indicated by ∗ < .1, ** < .05, *** < .01.
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Table C.8: Pro-environment score

1 month 1 year 2 years

(1) (2) (3) (4) (5) (6)
Extreme cold (days) -0.070∗∗∗ 0.091 0.150

(0.025) (0.066) (0.113)

Extreme warm (days) -0.002 0.137∗ 0.170∗

(0.025) (0.074) (0.088)

Extreme cold (C°) -0.036∗ 0.113∗∗∗ 0.139∗∗

(0.021) (0.037) (0.056)

Extreme warm (C°) 0.006 0.128∗∗∗ 0.129∗∗∗

(0.015) (0.039) (0.042)
N 89022 89022 89022 89022 89022 89022
R2 0.53 0.53 0.53 0.53 0.53 0.53
Mean of outcome 4.50 4.50 4.50 4.50 4.50 4.50
SD of outcome 1.43 1.43 1.43 1.43 1.43 1.43
Note: Outcome is a pro-environment score based on the Manifesto Project data. The score is based on the
amount of pro-environment statements the party’s agenda contains. Extreme weather spells are computed
relative to the distribution of temperatures over a 10 year rolling window from the day of the last national
election. Warm (cold) spells are defined as at least three consecutive days with temperatures Tspell

it that

fall above (below) the 95th (5th) percentile τ
10yr
iw . Individual controls include: age at election, migration

background, educational level, gender. Fixed effects: Country by election year, election month, NUTS.
Standard errors clustered at the NUTS x ESS round. Significance levels are indicated by ∗ < .1, ** < .05,
*** < .01.
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Table C.9: Covariate balance for the sample of respondents in ESS rounds 8 and 10

Excess warm days Excess warm temperatures

(1) (2) (3) (4) (5) (6)
1 month 1 year 2 years 1 month 1 year 2 years

Age at interview: 35-54 0.008 0.001 -0.001∗∗ 0.019∗ 0.001 -0.003∗∗

(0.005) (0.001) (0.001) (0.010) (0.001) (0.001)

Age at interview: 55+ 0.011∗∗ 0.004∗∗∗ -0.000 0.023∗∗ 0.007∗∗∗ -0.001
(0.005) (0.001) (0.001) (0.009) (0.001) (0.001)

Migration background -0.002 -0.001 -0.000 0.001 -0.001 0.000
(0.008) (0.001) (0.001) (0.014) (0.002) (0.001)

Female 0.010∗∗ 0.001∗ -0.000 0.020∗∗∗ 0.001 -0.001∗

(0.004) (0.001) (0.000) (0.007) (0.001) (0.001)

Education: Mid -0.005 -0.000 0.000 -0.012 -0.000 -0.001
(0.006) (0.001) (0.001) (0.012) (0.001) (0.001)

Education: High -0.003 0.001 0.001∗∗ -0.007 0.001 0.002
(0.007) (0.001) (0.001) (0.014) (0.002) (0.001)

N 78839 78839 78839 78839 78839 78839
R2 0.25 0.84 0.86 0.26 0.88 0.89
Mean of outcome 0.26 0.35 0.39 0.38 0.57 0.66
SD of outcome 0.59 0.20 0.17 1.07 0.38 0.35
Note: The table reports the coefficients from a regression model with extreme warm spells (days or
temperatures) as outcomes and demographic characteristics as explanatory variables. Extreme weather
spells are computed relative to the distribution of temperatures over a 10 year rolling window from the
day of the last national election. Warm (cold) spells are defined as at least three consecutive days with
temperatures Tspell

it that fall above (below) the 95th (5th) percentile τ
10yr
iw . Fixed effects: Country by election

year, election month, NUTS. Standard errors clustered at the NUTS x ESS round. Significance levels are
indicated by ∗ < .1, ** < .05, *** < .01.
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Table C.10: Covariate balance for the sample of voters and non-voters in national elec-
tions between 2012 and 2022

Excess warm days Excess warm temperatures

(1) (2) (3) (4) (5) (6)
1 month 1 year 2 years 1 month 1 year 2 years

Age at election: 35-54 -0.001 -0.001 -0.000 -0.001 -0.001 -0.000
(0.001) (0.000) (0.000) (0.002) (0.001) (0.001)

Age at election: 55+ -0.001 -0.001∗∗ -0.000 -0.003 -0.002∗∗∗ -0.001∗

(0.001) (0.000) (0.000) (0.002) (0.001) (0.001)

Migration background 0.002 0.001 0.001∗∗∗ 0.001 0.003∗∗ 0.003∗∗∗

(0.002) (0.001) (0.000) (0.002) (0.001) (0.001)

Female 0.000 -0.001∗ -0.000 -0.001 -0.001 -0.001
(0.001) (0.000) (0.000) (0.002) (0.001) (0.000)

Education: Mid 0.001 0.000 0.000 -0.000 -0.000 -0.000
(0.001) (0.001) (0.000) (0.002) (0.001) (0.001)

Education: High 0.001 -0.000 0.000 0.000 -0.000 0.000
(0.002) (0.001) (0.000) (0.003) (0.001) (0.001)

N 152831 152831 152831 152831 152831 152831
R2 0.90 0.91 0.91 0.93 0.92 0.90
Mean of outcome 0.27 0.36 0.35 0.43 0.58 0.55
SD of outcome 0.54 0.22 0.17 1.10 0.39 0.30
Note: The table reports the coefficients from a regression model with extreme warm spells (days or
temperatures) as outcomes and demographic characteristics as explanatory variables. Extreme weather
spells are computed relative to the distribution of temperatures over a 10 year rolling window from the
day of the survey. Warm (cold) spells are defined as at least three consecutive days with temperatures
Tspell

it that fall above (below) the 95th (5th) percentile τ
10yr
iw . Fixed effects: Country by year, month, NUTS.

Standard errors clustered at the NUTS x ESS round. Significance levels are indicated by ∗ < .1, ** < .05,
*** < .01.
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Table C.11: Covariate balance for the sample of voters in national elections between 2012
and 2022

Excess warm days Excess warm temperatures

(1) (2) (3) (4) (5) (6)
1 month 1 year 2 years 1 month 1 year 2 years

Age at election: 35-54 -0.001 -0.001∗ -0.000 -0.000 -0.001 -0.000
(0.001) (0.001) (0.000) (0.002) (0.001) (0.001)

Age at election: 55+ 0.000 -0.001∗∗ -0.000 -0.002 -0.002∗∗∗ -0.001∗

(0.001) (0.001) (0.000) (0.003) (0.001) (0.001)

Migration background 0.003 0.004∗∗∗ 0.002∗∗ 0.007∗∗ 0.007∗∗∗ 0.005∗∗∗

(0.002) (0.001) (0.001) (0.003) (0.002) (0.001)

Female -0.002∗ -0.001∗∗ -0.000 -0.003∗ -0.001 -0.000
(0.001) (0.000) (0.000) (0.002) (0.001) (0.001)

Education: Mid 0.003 -0.001∗ -0.000 0.003 -0.002 -0.000
(0.002) (0.001) (0.000) (0.003) (0.001) (0.001)

Education: High 0.002 -0.001 -0.000 0.002 -0.001 -0.000
(0.002) (0.001) (0.001) (0.003) (0.001) (0.001)

N 109096 109096 109096 109096 109096 109096
R2 0.90 0.91 0.91 0.93 0.91 0.90
Mean of outcome 0.25 0.36 0.34 0.40 0.58 0.55
SD of outcome 0.52 0.22 0.17 1.05 0.39 0.30
Note: The table reports the coefficients from a regression model with extreme warm spells (days or
temperatures) as outcomes and demographic characteristics as explanatory variables. Extreme weather
spells are computed relative to the distribution of temperatures over a 10 year rolling window from the
day of the last national election. Warm (cold) spells are defined as at least three consecutive days with
temperatures Tspell

it that fall above (below) the 95th (5th) percentile τ
10yr
iw . Fixed effects: Country by election

year, election month, NUTS. Standard errors clustered at the NUTS x ESS round. Significance levels are
indicated by ∗ < .1, ** < .05, *** < .01.
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Table C.12: Voted in last national election

1 month 1 year 2 years

(1) (2) (3) (4) (5) (6)
Extreme cold (days) -0.008 -0.028 -0.035

(0.008) (0.020) (0.034)

Extreme warm (days) 0.004 -0.004 0.035
(0.008) (0.017) (0.024)

Extreme cold (C°) -0.002 0.006 -0.005
(0.006) (0.012) (0.015)

Extreme warm (C°) -0.004 -0.001 0.006
(0.005) (0.011) (0.014)

N 151351 151351 151351 151351 151351 151351
R2 0.26 0.26 0.26 0.26 0.26 0.26
Mean of outcome 0.70 0.70 0.70 0.70 0.70 0.70
SD of outcome 0.46 0.46 0.46 0.46 0.46 0.46
Note: Outcome is voting in the last national election. Extreme weather spells are computed relative to
the distribution of temperatures over a 10 year rolling window from the day of the last national election.
Warm (cold) spells are defined as at least three consecutive days with temperatures Tspell

it that fall above

(below) the 95th (5th) percentile τ
10yr
iw . Individual controls include: age at election, migration background,

educational level, gender. Fixed effects: Country by election year, election month, NUTS. Standard errors
clustered at the NUTS x ESS round. Significance levels are indicated by ∗ < .1, ** < .05, *** < .01.
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Table C.13: Leads for voting for green parties and green coalitions

1 year 2 years

(1) (2) (3) (4)
Extreme cold (days) -0.033 -0.033

(0.026) (0.027)

Extreme warm (days) -0.048∗∗ 0.006
(0.019) (0.017)

Extreme cold (C°) -0.001 0.012
(0.013) (0.016)

Extreme warm (C°) -0.034∗∗∗ -0.003
(0.011) (0.008)

N 108980 108980 100148 100148
R2 0.11 0.11 0.12 0.12
Mean of outcome 0.10 0.10 0.10 0.10
SD of outcome 0.30 0.30 0.30 0.30
Note: Outcome is voting for green parties and green coalitions. Parties that are not classified as green
parties but are in electoral coalitions with green parties are given value 1. Extreme weather spells are
computed relative to the distribution of temperatures over a 10 year rolling window from the day of the
last national election, plus 1 year or 2 years. Warm (cold) spells are defined as at least three consecutive
days with temperatures Tspell

it that fall above (below) the 95th (5th) percentile τ
10yr
iw . Results reported in

the table are for 52 weeks of exposure. Individual controls include: age at election, migration background,
educational level, gender. Fixed effects: Country by election year, election month, NUTS. Standard errors
clustered at the NUTS x ESS round. Significance levels are indicated by ∗ < .1, ** < .05, *** < .01.

40



Table C.14: Average marginal effects of excess warm temperatures on climate attitudes
and green voting by socio-demographic group

Feel responsible for CC Worried about CC Green voting

LowEdu#Male 0.031* 0.056*** 0.031***
HighEdu#Male 0.027 0.029 0.017*
LowEdu#Female 0.01 0.04** 0.031***
HighEdu#Female 0.035* 0.018 0.028**

LowEdu#<40 0.030 0.064*** 0.011
HighEdu#<40 0.036 0.031 0.011
LowEdu#40+ 0.014 0.039* 0.038***
HighEdu#40+ 0.029 0.02 0.031***

<40#Male 0.039* 0.06*** 0.01
40+#Male 0.025 0.04** 0.034***
<40#Female 0.029 0.045** 0.014
40+#Female 0.014 0.026 0.038***

Rural 0.021 0.043*** 0.032***
Urban 0.038** 0.035* 0.017

Agriculture -0.033 0.053** 0.036**
Industry 0.027 0.053*** 0.036***
Service 0.011 0.035* 0.020**

Note: the table reports average marginal effects for different demographic subgroups. Coefficients come
from a regression model in which the extreme weather measures - our key predictors - are interacted
with individual characteristics (gender and education, age and education, gender and age, rural-urban
and employment sector). Average marginal effects are marginal effects of extremely high temperatures
on the probability of feeling responsible for climate change. feeling worried about climate change and
voting for a green party or a green coalition. All fixed effects and controls are the same as in the baseline
specification. Significance levels are indicated by ∗ < .1, ** < .05, *** < .01.
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Table C.15: Average marginal effects of excess warm temperatures on green voting by NACE and regional characteristics

Unemployment rate GDP per capita GHG emissions per capita
BelowMedian AboveMedian BelowMedian AboveMedian BelowMedian AboveMedian

Agriculture 0.025 0.039 0.027 0.001 0.036 0.030
Industry 0.049*** 0.029 0.001 0.048*** 0.064*** 0.012
Service 0.031*** 0.018 -0.013 0.028** 0.041*** 0.008

Note: The table reports average marginal effects for different demographic subgroups and by different levels of regional characteristics. Coefficients
come from a regression model in which the extreme weather measures - our key predictors - are interacted with individual characteristics (gender
and education, age and education, gender and age, rural-urban and employment sector) for subsamples splitted based on the regional value of
unemployment rate, GDP per capita and GHG emissions per capita. Average marginal effects are marginal effects of extremely high temperatures
on the probability of feeling responsible for climate change, feeling worried about climate change and voting for a green party or a green coalition.
All fixed effects and controls are the same as in the baseline specification. Significance levels are indicated by ∗ < .1, ** < .05, *** < .01.

42



Table C.16: Worried about climate change

1 month 1 year 2 years

(1) (2) (3) (4) (5) (6)
Extreme cold (days) -0.007∗ -0.089∗∗∗ -0.185∗∗∗

(0.004) (0.031) (0.061)

Extreme warm (days) 0.014∗∗∗ 0.086∗∗∗ 0.096∗∗

(0.004) (0.028) (0.038)

Extreme cold (C°) -0.003∗ -0.037∗∗ -0.078∗∗∗

(0.002) (0.015) (0.029)

Extreme warm (C°) 0.008∗∗∗ 0.040∗∗ 0.048∗∗

(0.002) (0.016) (0.019)
N 78584 78584 78584 78584 78584 78584
R2 0.09 0.09 0.09 0.09 0.09 0.09
Mean of outcome 0.36 0.36 0.36 0.36 0.36 0.36
SD of outcome 0.48 0.48 0.48 0.48 0.48 0.48
Note: Outcome is worried about climate change, recoded as binary variable. A value of 1 is assigned to
respondents who state that they are either "very worried" or "extremely worried" on a scale from 1 to 5.
Extreme weather spells are computed relative to the distribution of temperatures over a 10 year rolling
window from the day of the interview. Warm (cold) spells are defined as at least three consecutive days
with temperatures Tspell

it that fall above (below) the 95th (5th) percentile τ
10yr
iw . Temperature measures are

weighted by the population size. Individual controls include: age at interview, migration background,
educational level, gender. Fixed effects: Country by interview year, interview month, NUTS. Standard
errors clustered at the NUTS x ESS round. Significance levels are indicated by ∗ < .1, ** < .05, *** < .01.
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Table C.17: Feel personal responsibility for climate change

1 month 1 year 2 years

(1) (2) (3) (4) (5) (6)
Extreme cold (days) -0.009∗∗ 0.001 0.032

(0.004) (0.033) (0.063)

Extreme warm (days) 0.013∗∗∗ 0.037 0.098∗∗∗

(0.005) (0.026) (0.029)

Extreme cold (C°) -0.002 0.007 -0.001
(0.002) (0.018) (0.033)

Extreme warm (C°) 0.007∗∗ 0.020 0.046∗∗∗

(0.003) (0.015) (0.015)
N 77611 77611 77611 77611 77611 77611
R2 0.12 0.12 0.12 0.12 0.12 0.12
Mean of outcome 0.49 0.49 0.49 0.49 0.49 0.49
SD of outcome 0.50 0.50 0.50 0.50 0.50 0.50
Note: Outcome is feeling responsible for climate change, recoded as binary. A value of 1 is assigned to
respondents who report a score between 7 and 10 on a scale 0-10. Extreme weather spells are computed
relative to the distribution of temperatures over a 10 year rolling window from the day of the interview.
Warm (cold) spells are defined as at least three consecutive days with temperatures Tspell

it that fall above

(below) the 95th (5th) percentile τ
10yr
iw . Temperature measures are weighted by the population size. Indi-

vidual controls include: age at interview, migration background, educational level, gender. Fixed effects:
Country by interview year, interview month, NUTS. Standard errors clustered at the NUTS x ESS round.
Significance levels are indicated by ∗ < .1, ** < .05, *** < .01.
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Table C.18: Voting for green parties and green coalitions

1 month 1 year 2 years

(1) (2) (3) (4) (5) (6)
Extreme cold (days) -0.044∗∗∗ -0.019 -0.075∗∗

(0.007) (0.018) (0.031)

Extreme warm (days) 0.006 0.071∗∗∗ 0.058∗∗∗

(0.005) (0.015) (0.020)

Extreme cold (C°) -0.016∗∗∗ -0.006 -0.023
(0.004) (0.010) (0.017)

Extreme warm (C°) 0.001 0.032∗∗∗ 0.021∗

(0.004) (0.009) (0.011)
N 109096 109096 109096 109096 109096 109096
R2 0.11 0.11 0.11 0.11 0.11 0.11
Mean of outcome 0.10 0.10 0.10 0.10 0.10 0.10
SD of outcome 0.30 0.30 0.30 0.30 0.30 0.30
Note: Outcome is voting for green parties and green coalitions. Parties that are not classified as green
parties but are in electoral coalitions with green parties are given value 1. Extreme weather spells are
computed relative to the distribution of temperatures over a 10 year rolling window from the day of the
last national election. Warm (cold) spells are defined as at least three consecutive days with temperatures
Tspell

it that fall above (below) the 95th (5th) percentile τ
10yr
iw . Temperature measures are weighted by the

population size. Individual controls include: age at election, migration background, educational level,
gender. Fixed effects: Country by election year, election month, NUTS. Standard errors clustered at the
NUTS x ESS round. Significance levels are indicated by ∗ < .1, ** < .05, *** < .01.
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Table C.19: Voting for green parties

1 month 1 year 2 years

(1) (2) (3) (4) (5) (6)
Extreme cold (days) -0.032∗∗∗ -0.030∗ -0.086∗∗∗

(0.006) (0.016) (0.026)

Extreme warm (days) 0.001 0.038∗∗∗ 0.030∗∗

(0.004) (0.012) (0.013)

Extreme cold (C°) -0.010∗∗∗ -0.006 -0.018
(0.003) (0.009) (0.012)

Extreme warm (C°) 0.001 0.023∗∗∗ 0.016∗∗

(0.003) (0.007) (0.008)
N 109096 109096 109096 109096 109096 109096
R2 0.10 0.10 0.10 0.10 0.10 0.10
Mean of outcome 0.07 0.07 0.07 0.07 0.07 0.07
SD of outcome 0.25 0.25 0.25 0.25 0.25 0.25
Note: Outcome is voting for green parties. Parties that are not classified as green parties but are in electoral
coalitions with green parties are given value 0. Extreme weather spells are computed relative to the
distribution of temperatures over a 10 year rolling window from the day of the last national election. Warm
(cold) spells are defined as at least three consecutive days with temperatures Tspell

it that fall above (below)

the 95th (5th) percentile τ
10yr
iw . Temperature measures are weighted by the population size. Individual

controls include: age at election, migration background, educational level, gender. Fixed effects: Country
by election year, election month, NUTS. Standard errors clustered at the NUTS x ESS round. Significance
levels are indicated by ∗ < .1, ** < .05, *** < .01.
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Table C.20: Pro-environment score

1 month 1 year 2 years

(1) (2) (3) (4) (5) (6)
Extreme cold (days) -0.060∗∗ 0.134∗∗ 0.205∗

(0.027) (0.062) (0.111)

Extreme warm (days) -0.008 0.240∗∗∗ 0.242∗∗

(0.024) (0.071) (0.094)

Extreme cold (C°) -0.028 0.098∗∗ 0.127∗∗

(0.020) (0.043) (0.060)

Extreme warm (C°) 0.000 0.112∗∗∗ 0.113∗∗

(0.016) (0.041) (0.046)
N 89022 89022 89022 89022 89022 89022
R2 0.53 0.53 0.53 0.53 0.53 0.53
Mean of outcome 4.50 4.50 4.50 4.50 4.50 4.50
SD of outcome 1.43 1.43 1.43 1.43 1.43 1.43
Note: Outcome is a pro-environment score based on the Manifesto Project data. The score is based on the
amount of pro-environment statements the party’s agenda contains. Extreme weather spells are computed
relative to the distribution of temperatures over a 10 year rolling window from the day of the last national
election. Warm (cold) spells are defined as at least three consecutive days with temperatures Tspell

it that

fall above (below) the 95th (5th) percentile τ
10yr
iw . Temperature measures are weighted by the population

size. Individual controls include: age at election, migration background, educational level, gender. Fixed
effects: Country by election year, election month, NUTS. Standard errors clustered at the NUTS x ESS
round. Significance levels are indicated by ∗ < .1, ** < .05, *** < .01.
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Table C.21: Leads for worried about climate change

1 year 2 years

(1) (2) (3) (4)
Extreme cold (days) 0.062 -0.133

(0.039) (0.099)

Extreme warm (days) -0.044 -0.055
(0.047) (0.059)

Extreme cold (C°) 0.034∗∗ -0.010
(0.016) (0.047)

Extreme warm (C°) -0.064∗∗ -0.027
(0.027) (0.032)

N 69955 69955 37843 37843
R2 0.09 0.09 0.08 0.08
Mean of outcome 0.35 0.35 0.29 0.29
SD of outcome 0.48 0.48 0.45 0.45
Note: Outcome is worried about climate change. Extreme weather spells are computed relative to the
distribution of temperatures over a 10 year rolling window from the day of the interview, plus 1 year or 2
years. Warm (cold) spells are defined as at least three consecutive days with temperatures Tspell

it that fall

above (below) the 95th (5th) percentile τ
10yr
iw . Results reported in the table are for 52 weeks of exposure.

Individual controls include: age at interview, migration background, educational level, gender. Fixed
effects: Country by year, NUTS. Standard errors clustered at the NUTS x ESS round. Significance levels
are indicated by ∗ < .1, ** < .05, *** < .01.
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Table C.22: Leads for feeling responsible about climate change

1 year 2 years

(1) (2) (3) (4)
Extreme cold (days) 0.069∗ -0.074

(0.041) (0.105)

Extreme warm (days) -0.028 0.015
(0.037) (0.065)

Extreme cold (C°) 0.041∗∗ -0.064
(0.017) (0.060)

Extreme warm (C°) -0.038∗ -0.014
(0.021) (0.034)

N 69021 69021 37299 37299
R2 0.12 0.12 0.12 0.12
Mean of outcome 0.48 0.48 0.44 0.44
SD of outcome 0.50 0.50 0.50 0.50
Note: Outcome is feeling responsible for climate change. Extreme weather spells are computed relative
to the distribution of temperatures over a 10 year rolling window from the day of the interview, plus 1
year or 2 years. Warm (cold) spells are defined as at least three consecutive days with temperatures Tspell

it

that fall above (below) the 95th (5th) percentile τ
10yr
iw . Results reported in the table are for 52 weeks of

exposure. Individual controls include: age at interview, migration background, educational level, gender.
Fixed effects: Country by year, NUTS. Standard errors clustered at the NUTS x ESS round. Significance
levels are indicated by ∗ < .1, ** < .05, *** < .01.
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Supplementary Figures

50



Figure C.1: Robustness to alternative specifications

(a) Days

(b) Degrees

Notes: The figure displays estimated coefficients for alternative specifications of the baseline model. In
Panel a) the main predictor is excess days of extremely high temperatures, while in Panel b) is excess
temperatures. The red line indicates the baseline estimated coefficient.
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Figure C.2: Robustness to the exclusion of countries, survey rounds and election years

(a) Days (b) Degrees

(c) Days (d) Degrees

(e) Days (f) Degrees

Notes: The figure displays estimated coefficients for alternative specifications of the baseline model
excluding one country at a time (panels a and b), one survey round at a time (panels c and d), one

election year at a time (panels e and f). In panels a,c,e) the main predictor is excess days of extremely
high temperatures, while in panels b,d,f) the main predictor is excess hot temperatures. The red line

indicates the baseline estimated coefficient.
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Figure C.3: Placebo estimations: random assignment of excess warm days and tempera-
tures within country and survey round

(a) Days

(b) Degrees

Notes: The figure displays the distribution (kernel density) of estimated coefficients for 300 regressions
models in which climate measures are reshuffled. Reshuffling of climate measures is performed across

regions, and within country and election year. In Panel a) the main predictor is excess days of extremely
high temperatures, while in Panel b) is excess temperatures. The red line indicates the baseline estimated

coefficient.
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Figure C.4: Robustness to alternative specifications: 4 and 104 weeks exposure

(a) Days - 1 month exposure (b) Degrees - 1 month exposure

(c) Days - 2 years exposure (d) Degrees - 2 years exposure

Notes: The figure displays estimated coefficients for alternative specifications of the baseline model. In
Panels a) and c) the main predictor is excess days of extremely high temperatures, while in Panels b) and

d) is excess temperatures. The red line indicates the baseline estimated coefficient. Outcomes is voting
for green parties or green coalitions.
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Figure C.5: Worried about climate change: robustness to alternative specifications: 1
month, 1 year, 2 years of exposure

(a) Days - 1 month exposure (b) Degrees - 1 month exposure

(c) Days - 1 year exposure (d) Degrees - 1 year exposure

(e) Days - 2 years exposure (f) Degrees - 2 years exposure

Notes: The figure displays estimated coefficients for alternative specifications of the baseline model. In
Panel a), c) and e) the main predictor is excess days of extremely high temperatures, while in Panel b), d)

and f) is excess temperatures. The red line indicates the baseline estimated coefficient.
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Figure C.6: Feel personally responsible for climate change: robustness to alternative
specifications: 1 month, 1 year, 2 years of exposure

(a) Days - 1 month exposure (b) Degrees - 1 month exposure

(c) Days - 1 year exposure (d) Degrees - 1 year exposure

(e) Days - 2 years exposure (f) Degrees - 2 years exposure

Notes: The figure displays estimated coefficients for alternative specifications of the baseline model. In
Panel a), c) and e) the main predictor is excess days of extremely high temperatures, while in Panel b), d)

and f) is excess temperatures. The red line indicates the baseline estimated coefficient.
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Figure C.7: Heterogeneous predictions by (a) education and age, (b) gender and age, (c)
occupation, and (d) community type.
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Notes: the figure displays average predicted probabilities of feeling responsible for climate change, being
worried about climate chance and voting for green parties and green coalitions for different demographic
subgroups. The y-axis indicates the size of the average predicted probability, the x-axis indicates the dis-
tribution (in percentiles) of the extremely warm temperatures. Panel a) reports results for the interaction
between age and education panel b) for age and gender, panel c) for employment sector and panel d) for
urban-rural.
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Figure C.8: Number of observations and elections by country, year, and month.
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Figure C.9: Average regional share that worries about climate change and that feels
personally responsible for climate change by ESS round (percent).
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Figure C.10: Average shares by (a) age and education, (b) gender and education, and (c)
gender and age (2012–2022).
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Notes: Average share that feels personally responsible for climate change, that is worried about climate,
that voted for a green coalition, and that voted for a green party (percent). Attitudes are shown as share
of the whole population and voting outcomes as shares of votes. Range indicates 95% confidence interval.
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Figure C.11: Boxplots of weekly, regional warm and cold spells by region
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Notes: Variables are defined by the extreme 5% and 10% of the weekly, regional distribution of daily
temperature means in the previous 10 years. The boxes indicate the first, second, and third quartile and
the vertical lines the largest and smallest value within a distance from the box of 1.5 × the interquartile
range. Any observations outside of this range are classified as outliers and shown as points.
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Figure C.12: Maps of regional characteristics.
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Notes: Values are averages over the time span 2012–2022. Figure (e) shows GHG emissions in CO2
equivalents per 1000 capita, applying a log transformation to improve readability of the scale.
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Figure C.13: Pearson correlation coefficients of regional characteristics.
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Notes: Positive correlations are indicated in blue, negative correlations in red. The absolute value of the
coefficients is shown by circle area and color saturation.
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