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Abstract

I consider the effect of natural disasters and PM10 pollution peaks on the share of votes received by green
parties. Natural disasters such as floods and droughts can reduce the psychological distance to climate change
and affect perceptions. In the case of pollution peaks, the impact of pollution on health can motivate citizens to
change their vote in favor of green parties. The elections scales I consider are Regional, Legislative and European,
in France from 2002 to 2019. I study and discuss the effect of standard determinants of the vote for green parties
(education, income, age, density and pollution) before adding the effect of the salient events described above. I
find a positive and significant effect for floods and pollution peaks for Regional elections only, suggesting that
these events have an impact at a local level but do not change views on climate change as a global issue. On
the other hand, drought-related disasters appear to have a positive and significant effect for all types of elections,
which could mean that droughts and high temperatures are more likely to affect perceptions in the long run. The
aggregate effect on green voting is around 1% for all types of disasters. Concerning pollution peaks, I find that
they account for about 2.4% of green votes.
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1 Introduction

The Alex storm in the vallée de Roya the 2nd of October, 2020 in the South East of France caused the death of 9
people, the degradation of 35km of roads, the collapse of 10 bridges and the destruction of around 200 build-
ings1. As climate change is very likely to increase the occurrence and the severity of these extreme weather events
(Huntingford et al., 2014), dealing with their physical consequences will certainly become a major issue.

However, natural disasters do not affect only buildings, they also have a psychological cost. In this paper, I will
investigate whether these psychological consequences can affect perceptions on climate change issues by studying
the evolution of voting outcomes for green parties in areas that are affected by such events. Psychological distance
between individuals and environmental risks can indeed make climate change a more concrete threat (Jones, Hine
& Marks, 2017). Moreover I will consider the effect of pollution peaks that could also have the role of salient events
affecting perceptions.

To produce this study, I gathered data on natural disasters, socio-professional characteristics and Regional,
Legislative and European elections in France from 2002 to 2019. After collecting and harmonizing data from
10 French regions, I also took into account the effect of pollution peaks. Thanks to a dataset built by Pascale
Champalaune2 based on data from the Atmospheric Composition Analysis Group (ACAG), I also incorporated
a measure of the average annual PM2.5 particules concentration into my econometric models. All dataframes
provide information at the level of the municipality, which enables me to have data at a precise level.

The main contributions of this study are the following. First, I provide an analysis of the determinants of the
vote for green parties in France. Secondly, I cover the effect of a large panel of salient events: floods, earthquakes,
drought-related disasters and PM10 pollution peaks. To my knowledge, the effect of pollution peaks on green
voting is not documented in the literature. Finally, using the vote for green parties as my outcome variable enables
me to examine whether the psychological implications of these salient events have concrete consequences, whereas
an analysis based on surveys is not sufficient to know whether survey answers translate in concrete actions.

Results can be grouped into two main sets. First, I find a positive and significant effect for floods and pollution
peaks on the vote for green parties, only for Regional elections. These results can be explained by a wish from
citizens to avoid floods and pollution peaks in the future, but not by a deep change in their perceptions towards
climate change issues. As Regional councils are responsible for landscape design and transportation issues, they
are likely to take these local issues into consideration. However, National and European Parliaments operate at a
larger scale, which could explain why I do not find any effect for these outcomes.

Secondly, I find a positive and significant effect of drought-related disasters that is robust to every election
panel. It suggests that unlike floods and pollution peaks, drought-related disasters can affect perceptions. It could
be explained by the fact that these disasters are correlated with very high temperatures, which makes more obvious
the link with climate change. This type of result is consistent with Konisky, Hughes & Kaylor (2015) who argued
that the effect of natural disasters on perceptions depends on the link that can be made with climate change. It is
also consistent with a long-standing literature showing that experiencing high temperatures affects climate change
beliefs (see section 2 for more details). I also show that building infrastructures could lower this effect.

In terms of magnitudes, I find consequent effects in the municipalities affected: for floods, PM10 pollution

1F. Grünewald, Rapport de l’évaluation de la réponse à la tempête Alex dans les Alpes-Maritimes, 2020
2Inequality in Exposure to Air Pollution in France: Measurement and Impact of a City-Level Public Policy, Master Thesis, PSE.
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peaks (denoted by an alert threshold) and drought-related disasters3, I observe an increase in green voting that
ranges between 1.8% and 3.5% for each event that occurred since the last election4. It is equivalent to an increase
in the proportion of individuals with a high school diploma of about 5 to 10 percentage points. However, natural
disasters concern mostly low populated areas, which explains why their aggregate effect accounts for around 1%
of the votes for green parties. Put differently, if all disasters since 2002 had not happened, the share of votes
going to green parties would have decreased by around 1% for each type of event according to my model. In the
particular case of pollution peaks5 for Regional elections, I find an aggregate effect of 2.4%.

These insights are interesting from three points of view. First, they are informative about the concrete con-
sequences of salient events such as natural disasters and pollution peaks. They show that the psychological mech-
anism described at the beginning of this section can have an impact on voting outcomes. Secondly, in terms of
political science, they show how voting outcomes can evolve. It can indeed be relevant to know that the share of
votes going to green parties is likely to increase with the number of natural disasters and pollution peaks when
one wants to understand French politics. Finally, this work gives policy recommendations. As natural disasters
will become more frequent, the risk of climate change is likely to become more concrete which will affect voting
outcomes. This phenomenon should encourage politicians to implement greener policies and to build protection
plans in order to overcome this effect. Concerning the specific case of pollution peaks, it shows that pollution can
affect local voting outcomes, which could be a motivation for a non green incumbent to deal with these issues.

This paper is organized as follows. In section 2, I review the literature related to the effect of salient events on
climate change perceptions. In section 3, I present the data I used for this study and show descriptive statistics.
Section 4 is dedicated to the standard determinants of the vote for green parties. This step is necessary in order to
contextualize the effects I will study in next parts. In section 5, I explain my empirical strategy. In section 6, I show
the results for natural disasters and PM10 pollution peaks on green voting and provide robustness checks to assess
their validity. In section 7, I present two extensions for my econometric model in order to better characterize the
effects. Section 8 is dedicated to conclusions.

2 Literature Review

The link between the distance to an event and perceptions now constitutes a large body of literature in psycho-
logy. In particular, Liberman & Trope (2010) developed the Construal-Level Theory of Psychological Distance.
The rationale of this theory is that distance to an event makes it more abstract. Within this framework, psycho-
logical distance is defined on several dimensions: temporal, spatial, social and hypothetical (hypothetical means
that the event is so unlikely to happen that it creates a distance between it and individuals). A large number of
psychologists built on this theory to understand how perceptions related to climate change can evolve (Linden,
Maibach & Leiserowitz, 2015, Jones, Hine & Marks, 2017). Environmental issues are indeed good candidates for
this approach since they can be perceived as temporally and spatially distant, especially from the point of view
of developed countries that are likely to experience less consequences from climate change as compared with

3For floods and pollution peaks, I consider here coefficients from Regional elections only. For drought-related disasters, I consider coeffi-
cients from all elections.

4For pollution peaks, it is for each event that occurred up to 2 years before the election.
5For the recommendation threshold
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developing countries (Mendelsohn & Dinar, 1999, Easterling & App, 2005).
Keller, Siegrist & Gutscher (2006) showed that people’s judgements about risk are influenced by the ease with

which relevant events come to mind. To complete this idea, evidence from Bickerstaff & Walker (2001) and Howe et
al. (2014) suggest that personal experiences may help anchor people’s understanding of climate change by making
the risk more concrete. Thus, experiences are likely to affect the psychological distance between individuals and
environmental issues.

What are such salient experiences that could affect perceptions? Li, Johnson & Zaval (2011), Egan & Mullin
(2012), Borick & Rabe (2014) and Brooks et al. (2014) showed that cool temperatures and cold weather events
affect levels of concern about climate change. On the other hand, evidence from Lorenzoni & Pidgeon (2006),
November et al. (2009), Coumou & Rahmstorf (2012), Capstick et al. (2016) suggest that extreme weather events
such as floods are also likely to influence perceptions related to global warming. Konisky, Hughes & Kaylor
(2015) also show that this relationship is valid only for disasters whose origin can be attributed to climate change,
suggesting that all types of disasters do not have the same effect. This literature is generally framed to study the
effect of natural disasters on four dimensions:

- Frequency of disasters (more frequent disasters lead to higher support for pro environmental policies)
- Temporal distance (more recent disasters have a higher effect)
- Severity (more violent disasters have a higher effect)
- Education (a more educated population reacts more to these events).
However, all of these studies consider answers to surveys as their outcome variable. One can argue that surveys

are very often subject to many biases that limit their empirical validity (Olson, 2006). Moreover, even considering
that these results are unbiased, it is impossible to know whether these answers will translate into concrete actions.
That is the reason why studying voting outcomes is relevant: unlike changing an answer to a survey, changing
one’s vote has consequences and is a choice that is more committed.

Using natural disaster as an exogenous shock to study voting outcomes is frequent in the literature. For in-
stance, Rudolph and Kuhn (2017) studied how floods in Germany affected political participation from 2002 to
2013. They find a negative and significant effect, which suggests that natural disasters could indeed affect voting
decisions. On the other hand, Baccini and Leeman (2020) investigate whether floods in Switzerland affected an-
swers to referendums related to environmental issues and they find a positive and significant effect of floods on
pro-environment votes. Their framework is very similar to ours. Hazlett and Mildenberger (2020) also showed
that wildfire exposure increases pro-environment votes for climate related ballot measures by 5 to 6 percentage
points for those living within 5km of the event. These results suggest that the effect of extreme weather events can
indeed translate in voting outcomes, in particular towards green measures.

The other types of events we will study in the following sections are PM10 pollution peaks. To my knowledge,
there is no study that investigates the role of pollution peaks on voting outcomes. However, there is a large lit-
erature that investigates whether pollution can affect welfare (Welsch, 2006, Duflo, Greenstone & Hanna, 2008,
Salthammer et al., 2016, Orru et al., 2016). Luechinger (2010) looks at the effect of local pollution on subjective
well-being and finds a negative effect. He instruments local pollution by pollution of neighbors to overcome the
endogeneity issue6. Zang, Beibei and Liu (2020) show that because of health consequences of PM2.5 pollution,

6This endogeneity issue is detailled in 5
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individuals have a higher willingness to pay to improve air quality in highly polluted areas. They also instru-
ment pollution through ventilation coefficients: the higher the ventilation, the lower the level of pollution should
be. What we will study into following sections is whether this increasing willingness to pay translates in voting
decisions.

In order to approach the question of voting outcomes towards green parties, one needs also to understand
what the standard determinants of this decision are. There is a large body of literature dealing with this question.
The paper that is the closest to our approach is the one of Schumacher (2014). The author examines the effect
of proximity to a nuclear power plant on green voting in Germany and finds a positive effect, suggesting that
individuals who are scared of the risk of a nuclear disaster are more likely to vote for green parties that held anti-
nuclear views in Germany. The author also studies the standard determinants of green votes and finds a positive
correlation with education, income and density. These results are supported by the papers of Thalmann (2004),
Coan & Holman (2008), Cutter & Wu (2011), Comin & Rode (2013) and Persico & Gougou (2020). It suggests that
the typical green voter lives in well-educated and wealthy urban areas. Evidence from Salka (2001), Kahn (2007)
and Coan & Holman (2008) also show that the share of workers in agriculture and industry is negatively correlated
with the vote for green parties. A reason could be that individuals who work in polluting sectors are less likely to
vote for green parties because they do not want to loose their job. The effect of age is quite ambiguous: younger
individuals are generally more concerned by environmental issues, but they are also less likely to experience health
consequences due to pollution (Schumacher, 2014).

3 Data and Descriptive Statistics

In this section, I present the data and provide descriptive statistics. In order to make data comparable across years,
I adopted the boundaries of 2020 municipalities, meaning that I converted all of the before-2020 municipality codes
to the ones of 2020.

3.1 Elections

3.1.1 Election Results Through Time

The outcome variable used for the analysis is the share of votes received by green parties for 3 panels of elections:
Regional elections of 2004, 2010 and 2015, Legislative elections of 2002, 2007, 2012 and 2017, and European elections
of 2004, 2009, 2014 and 2019. Data on election results is available online on Data.gouv.fr at the municipality scale. I
only considered the results of the first round for each elections. To lead the analysis, each candidate has been put
in one of the following categories: green, extreme-left, left, moderate, right and extreme-right.

Abstention is considered an outcome in order to estimate the effect of pollution peaks and natural disasters on
the entire population of each municipality, instead of taking into account only those who voted. In the econometric
analysis of section 6, I also excluded year 2004 for Regional elections. Indeed, at that time there were some regions
with no green candidate. Hence, it does not seem possible to study an effect on green votes if there is no green
candidate. The distribution of the vote for green parties for this election round is available in section A.3.

Voting outcomes for each panel of elections are plotted on figure 1. What we can see from figure 1 is that voting

4



Figure 1: Evolution of voting outcomes for each type of political party for respectively Regional, Legislative and
European elections
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patterns are very different across elections. For European elections, results vary a lot across years. For Legislative
elections, we see that left-wing and right-wing political parties represent the majority of the votes until 2017. In
2017, the share of moderate parties increases a lot, due to the emergence of En Marche! the party led by Emmanuel
Macron. For Regional elections, trends are almost flat: left-wing and right-wing parties represent the largest share
of the votes. This figure illustrates how determinants of voting decisions are different across elections. That is why
I will differentiate the effect depending on elections in section 6.

3.1.2 Vote for Green Parties

Before describing the explanatory variables, I would like to develop on the interest of studying voting outcomes of
green parties. The political party that gathers the most important number of votes among them is Europe Ecologie
Les Verts (EELV). For Regional elections and for Legislative election of 2017, EELV made alliances with left-wing
parties. In order to analyze only green voting and not confound it with the vote for left-wing parties, I did not
register these common lists as being green7.

The underlying question of this study is whether natural disasters and pollution peaks could affect perceptions
on environmental issues. Even if green parties are generally classified as being left-wing, their main distinction is
the weight they put on environmental issues while other left-wing parties such as Le Parti Socialiste consider more
redistribution and societal issues (Buton, 2016). Actually, the criticism that was often made to green parties is that
they are "too green" and do not have clear guidelines concerning other political aspects (Boy, 2011 and 2014). That
is why studying this outcome seems relevant to make the link with perceptions on environmental issues. I am
actually making here the same assumption as Schumacher (2014): voting for a green party reveals one’s green
preferences.

On figure 2 is displayed the distribution of green votes in terms of percentiles by election8. We see that almost
all municipalities show a share of individuals voting green superior to zero in the case of European elections,
which is not the case for Regional and Legislative elections. We can see from the last percentiles that for Legislative
elections, the vote for green parties seems much more concentrated in a few municipalities as compared to other
elections. We also see that the vote for green parties is higher in European elections than in the Regional and the
Legislative ones. These differences once again justify that we should differentiate between elections in following
sections.

3.2 Natural Disasters

The first type of explanatory variable required for this work is natural disasters. The dataset on natural disasters in
France is called GASPAR (Gestion Assistée des Procédures Administratives relatives aux Risques) and is publicly
available online. It gathers information coming from municipalities that experienced a natural disasters and ask
for public insurance (Barraqué & Moatty, 2020). Data is available from 1982, which allows me to link this data with
election results from the early twenty-first century.

The GASPAR dataframe allows to differentiate disasters according to their types. I gathered the 49 categories

7More details on the composition of the political groups considered as green in this study is available in A.1.
8Elections are decomposed by year in section A.2
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Figure 2: Distribution of green votes by percentile

in 4 groups9: floods, earthquakes, storms and drought-related disasters. The total number of disasters recorded
by year is available on figure 3. What we can see from this figure is that the number of disasters does not seem to
increase with time. However, we observe a big increase in drought-related disasters from 2016 to 2019. One can
also see that earthquakes and storms are very rare events. In particular, we will omit storms in following sections
because the total number of events is too low.

Drought-related disasters are actually earthquakes that arise because of high temperatures and can impact con-
structions. The magnitude of the damage is affected by ground composition10 and by buildings architecture. It
can go from a crack in the construction to buildings collapsing (Mauroux, 2015). These disasters are also correl-
ated with very high temperatures that can affect agricultural earnings (Baas, Trujillo & Lombardi, 2015, Conforti,
Ahmed & Markova, 2018). A drought is also likely to influence perceptions as it can be interpreted as a con-
sequence of climate change. Thus, drought-related disasters are likely to be salient drivers of perceptions regard-
ing environmental issues: they potentially cause a lot of damage and can easily be interpreted as a consequence of
global warming. We will investigate their effect in section 6.3.

This dataset also characterizes each natural disasters by its length in days. This is convenient for my setup: it
gives a measure of disasters’ intensity. Even if the duration of a disaster is not a perfect measure for the damages
endured, it still gives a coherent approximation. I will use this measure as a robustness checks for the results I
will obtain in section 6. This approach is similar to the one of Konisky, Hughes & Kaylor (2015) who also use the
length of a disaster as a proxy for its severity. The average disasters’ length depending on their type is available on

9Details for the composition of these groups are available in section A.4
10in particular, damages can be higher when a construction is built on clay soil that need to be regularly re-hydrated
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Figure 3: Total number of natural disasters recorded by year from 2000 to 2019

table 111. One can observe that floods and earthquakes usually last several days, while drought-related disasters
are much longer12. The consequences of a drought are also very different and do not affect the same individuals.
That is why the effects of each type of disaster are likely to be different and why I will distinguish between these
different types of disasters in section 6.3.

Some summary statistics are presented on table 1. These figures show us that the average annual frequency of
occurrence of drought-related disasters almost doubled during the 2015-2019 period as compared to the 2000-2019
period. It confirms what we saw from figure 3: the number of drought-related disasters is relatively high since
2015. This table also gives us important insights on the frequency of natural disasters: over the 2000-2019 period,
two third of municipalities have been affected by a natural disaster at least once, over the 2015-2019 period, it is
the case for one third of the municipalities. These numbers show that natural disasters are not anecdotal events
and that they are actually quite frequent in France13.

Geographical distribution of floods, earthquakes and drought-related disasters are available on figure 4 over
the 2015-2020 period. What we can see from these maps is that natural disasters do not seem to be randomly
distributed across France. Let take drought-related disasters for example: one can observe that the North of France
is almost never affected by these disasters, unlike the South and the West. In the case of floods, we see that along
the costs, particularly in the South, the probability of occurrence seems higher than in the middle of France. One

11The distribution of the length of disasters depending on their type is available in section A.5
12It is also due to the fact that drought-related disasters are generally recorded by trimester.
13These aspects are developped in the report of Caisse Centrale de Réassurance entitled Les catastrophes naturelles en France - Bilan 1982-2018
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Table 1: Summary Statistics for Natural Disasters

Type of disaster From 2000 to 2019 From 2015 to 2019

Average annual
number of disasters

Floods 1878 1842
Earthquakes 113 121

Drought-related disasters 1059 1917
All disasters 3050 3880

Average length of
disasters in days

Floods 4.4 4
Earthquakes 21 20

Drought-related disasters 136 160
Proportion of

municipalities that
experienced at least

a single disaster

Floods 57% 21%
Earthquakes 5% 2%

Drought-related disasters 30% 21%
All disasters 67% 36%

could explain this phenomenon by topography and geographical disparities. The probability of being flooded is
indeed much lower at a high altitude as compared to another area that would be close to a river (Giuseppe, Felix
& Adekola, 2019). If these geographical characteristics are also correlated with the vote for green parties, then
there would be an omitted variable bias in our results. However, these characteristics are time invariant across
the 2000-2019 period. It justifies the use of a within model in section 5, in order to control for this unobserved
heterogeneity.

I also consider in this study the effect of protection plans that aim to prevent damages from natural disasters.
The objective of these plans is to prevent the municipality from constructing new buildings on areas that are likely
to experience natural disasters in the future. They also consist of building new infrastructures, such as dikes for
example, to prevent from the potential damages that could cause a natural disaster (A. Mauroux, 2015). There are
various types of plans but the ones of interest for this study are Plan de Protection des Risques naturels (PPRn).
Data on these protection plans is available at the municipality scale. A standard motivation for implementing
these plans from the point of views of local authorities is that they lower the insurance franchise that has to be
paid when a new disaster occurs (Gathié, 1998). In section 6, I will investigate whether implementing these plans
also affect perceptions of individuals regarding climate change. If it is the case, then it could be another motivation
for a non-green incumbent to implement these plans.

3.3 Pollution Levels

For the purpose of this study, I use data on pollution in two different ways. First, I will discuss the effect of average
annual exposure to PM2.5 pollutant. The reason for this decision is to control for the degree at which the economy
of a municipality relies on polluting activities. The second variable is the number of PM10 pollution peaks. It will
be a variable of interest in regressions of section 6.
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Figure 4: Geographical distribution of floods, earthquakes and drought-related disasters from 2015 to 2019
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3.3.1 Average Exposure to PM2.5

Exposure to fine particules (PM2.5) depends on housing, services, industry and car traffic. Determining the degree
at which these factors contribute to PM2.5 exposure is quite complicated to determine, in particular because it
varies a lot through regions depending on the development of each sector14. I will use this variable as a control
later on, in order to take into account the level of dependence of a municipality to polluting activities.

For this study, I use the same dataset as P. Champalaune (2020): Inequality in Exposure to Air Pollution in France:
Measurement and Impact of a City-Level Public Policy. Data is obtained from the Atmospheric Composition Analysis
Group (ACAG) in Dalhousie University, Canada. The researchers exploited both remote-sensing sources and
ground-level monitor data gathered by the European Environment Agency (EEA) in order to deduce the spatial
distribution of fine particulate matter throughout the whole of Europe. The level of PM2.5 at the municipality
level is obtained by computing a weighted mean of the average PM2.5 concentration of grids of .01 × .01 degrees,
i.e., approximately 1 km2 at the equator. The boundaries are those of the 2020 municipalities. More details are
available in the Data section of P. Champalaune (2020).

3.3.2 PM10 Pollution Peaks

Measure of PM10 pollution peaks is done by Regional associations called ASQAA (Associations Agréées de Sur-
veillance de la Qualité de l’Air). Their goal is to measure and predict air pollution. They remain independent
from each other and some of them do not have the data for pollution peaks before 2007. For regions Occitanie and
Bretagne, the ASQAAs were not able to provide me with the information on PM10 pollution peaks. I thus excluded
these regions from the analysis. I gathered data for the measuring stations located in the ten remaining regions.

These stations are called background stations and their role is to measure the exposure of citizens to pollution,
particularly in urban areas. They cover an area that goes from 100m to 2km away15. They are of particular interest
for us since communication about pollution peaks is based on the measure of these stations16. Background stations
are plotted on figure 5. One can observe that almost every gray area has a station in his center, showing that these
measuring stations particularly concern urban areas. As explained before, Occitanie and Bretagne are excluded
from the analysis because data is not available.

For each station, I obtained the average daily concentration in PM10 particules in µg/m3. The recommenda-
tion threshold for a pollution peak is reached when this measure exceeds 50µg/m3. There is another threshold
called the alert threshold that is reached when daily concentration in PM10 particules goes above 80µg/m3. These
thresholds were fixed by the 2008/50 directive. It first had been decided at the EU level in 2008 and was then im-
plemented in French law17. There is no compelling measure for prefectures when the recommendation threshold
is reached. However, the prefecture can decide to put in place some restrictions on the industrial sector or in terms
of car traffic such as for example making public transport free or lowering speed limitations. It is different for the
alert threshold: when it is reached, the prefecture is compelled to take measures18. Thus, while average concen-

14see Citepa (2019). Gaz à effet de serre et polluants atmosphériques : Bilan des émissions en France de 1990 à 2017. 450 p.
15see Classification and Criteria for Setting Up Air-Quality Monitoring Stations,ADEME
16The two other types of stations are traffic stations and industrial stations, but their objective is to measure a local level of pollution close to

a road or a factory in order to make previsions. If a pollution peak is measured by these stations, the information is generally not covered by
media.

17Code de l’environnement, articles R221-1 and R221-3
18for more details, see La gestion des pics de pollution de l’air, Report by the French Ministry of Ecological Transition, 2015.
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Figure 5: Location of PM10 measuring stations. Areas in gray are urban areas as defined by INSEE.
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tration of pollutants is relatively complicated to observe for citizens, pollution peaks are more visible: concrete
measures are taken such as limiting traffic and journals very often publish articles related to these events (see the
website of the French Ministry of Health for more details19).

The nature of pollution peaks is different than the one of natural disasters: natural disasters can be perceived
as a consequence from climate change while pollution peaks are due to human activity affecting the environment.
However, both events can have consequences in terms of health and are visible. That is why they can be considered
as salient events that can affect perceptions, and why they are a subject of interest for our framework.

Data on pollution peaks is available from 2007 in most regions20. That is why I will only consider post-2007
pollution peaks. The total number of PM10 pollution peaks recorded through time is plotted on figure 6. One can
see that the number of pollution peaks decreased a lot since 2013. This phenomenon results from the implementa-
tion of Plans de prévention de l’atmosphère from 2012 to 2014 (see figure 6 in P. Champalaune, 2020). Since 2018, one
can also see that the number of pollution peaks reaching the alert threshold has been almost equal to zero.

Figure 6: Total number of pollution peaks recorded through time. Occitanie and Bretagne are excluded from the
analysis.

It is very likely that when a pollution peak is declared in a municipality, the municipalities around are also af-
fected by the event. One could think about local journals that are distributed in several municipalities covering the
event or about the fact that if traffic is limited in a given city after a pollution peak, people living in municipalities
around who regularly go to this city are affected too. To take this spillover effect into account, I apply a decreasing
linear weighting function to the municipalities around those who declared a pollution peak. This function works

19https://solidarites-sante.gouv.fr/sante-et-environnement/air-exterieur/qualite-de-l-air-exterieur-10984/article/recommandations-en-
cas-d-episode-de-pollution

20Methods of measures have also evolved in 2007, such as there is a big jump in the number of pollution peaks recorded in 2007.
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as follows. An arbitrary threshold is determined, let say D̄. Then the weight given to each municipality j located
at distance dij from municipality i is

wij =

{
D̄−dij

D̄ i f dij ≤ D̄
0 otherwise

Thus, weights are so that they decrease linearly with distance, up to a given threshold D̄. For the purpose of
this study, I will fix D̄ =15km21. The before/after figures are plotted on 7 for the municipality of Lyon. This
methodology is similar to Schumacher (2014)22. The detailed methodology is available in section A.7.

Figure 7: On the left hand side are the number of pollution peaks initially recorded in each municipality from 2013
to 2020. On the right hand side, one can see the effect of applying a linear smoothing function to municipalities
around.

The map for France after applying the linear weighting function is displayed on figure 8. One can observe a
particularly high number of pollution peaks in Paris and Lyon, respectively the first and the third cities in France
in terms of population23. One can also see a high number of pollution peak at the East of Lyon. This area is called
vallée de l’Arve. It is a region with a high altitude and cold temperatures, that is why there is a very frequent use
of heating in these municipalities, which explains the high level of pollution (La pollution atmosphérique en vallée de
l’Arve, CERES report, 2019). Once again, we see that geographical characteristics matter, which will justify the use
of a within model is section 6.

One could be concerned about the fact that some areas are not covered by any station, meaning that some

21I will make very this threshold in the section 6 in order to assess the robustness of the results
22In Schumacher (2014), the author used an inverse smoothing function for the spreading effect of nuclear power plants. The contexts are

different but the reasoning is similar.
232 187 526 inhabitants for Paris, 516 092 in Lyon, Source: INSEE
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Figure 8: Number of PM10 pollution peaks after applying the linear weighting function.
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pollution peaks are not detected. I would argue two things. First, background stations are actually localised so
that they are likely to capture well the number of pollution peaks. Put differently, if there is no measuring station
in an area, it also means that the probability of having a pollution peak in this area is relatively low. Secondly,
what matters for this study is not pollution peaks in themselves but their effects on perceptions. Since information
related by media and prefectures about pollution peaks only comes from measures of background stations, one
should not be concerned about unmeasured pollution peaks and their effect on perceptions.

3.4 Census Data

In order to control for potential omitted variables in further regressions, I also included census data in the analysis,
which will also be useful in order to study the standard determinants of the vote for green parties. These variables
are the share of individuals with a baccalauréat (French high-school diploma), the share of individuals who are
above 55, the log of the median income, the log of municipality’s density, the share of individuals working in
agricultural and industrial sectors, and the share of individuals who take the car to go to work. Data is publicly
available online on the INSEE website.

To conclude on this data section, Table 8 shows the unweighted mean and standard deviation for each variable
that will be put in empirical specifications24. Computations to get this table come from the dataset with all elections
pooled together. I also provide on Table 3 the correlation table for each type of natural disaster and PM10 pollution
peaks. One can observe that these events seem relatively independent from each other, except from earthquakes
and floods which show a correlation coefficient of 0.14.

24The share of individuals working in agriculture and industry could seem very high. The explanation is that means are unweighted on
table 8 and there are lots of municipalities with a low population and a high share of individuals working in these sectors. Thus, considering
weighted means would lower this proportion.
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Table 2: Unweighted Mean and Standard deviation for all variables.

Variable Unit Mean Standard Deviation

Share of individuals voting green Percentages 4,00 3,56

Floods since the last election Number 0,25 0,55

Earthquakes since the last election Number 0,01 0,14

Drought-related disasters since the last election Number 0,12 0,40

Protection plans Number 1,56 0,34

PM10 pollution peaks (recommendation threshold) Number 0,18 7,30

PM10 pollution peaks (alert threshold) Number 0,11 1,05

Share of individuals with a baccalauréat Percentages 36,66 10,23

Share of individuals above 55 years old Percentages 33,40 9,14

Annual Median Income Number 18632,16 3681,08

Density by km2 Number 158,79 715,39

PM2.5 particules concentration µg/m3 10,27 2,22

Share of individuals working in agriculture and industry Percentages 36,63 33,97

Share of individuals taking the car Percentages 84,55 12,00

Table 3: Coefficients of correlation between each type of disaster and PM10 pollution peaks.
PM10 Pollution

Peaks Floods Earthquakes
Drought-related

disasters
PM10 Pollution Peaks 1 0.03 0.02 0.02

Floods 0.03 1 0.14 0.08
Earthquakes 0.02 0.14 1 0.01

Drought-related disasters 0.02 0.08 0.01 1
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4 Standard Determinants of the Vote for Green Parties

Before dealing with the effect of salient events on green votes, it seems essential to understand well what are the
effect of each variable on green voting and link our findings to what is commonly found in the literature. For this
purpose, I run the following specification

Greenit = α + β1Xit + Yeart + ηit

The Xit variables are the determinants of green votes listed on figure 9. Yeart are year fixed effects. Greenit

is the percentage of votes received by green parties at time t for municipality i, so that β1 can be interpreted
as the marginal effect of Xit on the vote for green parties in percentage points. I run this model on 4 datasets: a
comprehensive dataset with all elections pooled together and three other datasets, one for each panel of election
(Regional, Legislative and European). Results are displayed on figure 9. Outliers are excluded from the analysis
(details on these outliers are available in section A.8)

First, one can observe that R2 values are not similar across elections. The model explains much more the
variation in the data for European and Regional elections than for Legislative elections: R2 value is almost five
times higher for European elections as compared to the Legislative ones. It illustrates, how voting determinants
differ across elections, so that we are not able to explain much of the variation in green voting for Legislative
elections.

One can observe positive signs for the coefficients associated to the share of individuals with a baccalauréat,
the Log median income and the Log density. All coefficients are significant at the 1% threshold. These are very
standard result in the literature (see Thalmann, 2004, Nelson et al., 2007, Coan & Holman, 2008, Comin & Rode,
2013, Cutter & Wuu, 2011, Schumacher, 2014, Piketty, 2018). The magnitude of the signs for the effect of education
are also very similar to the paper of Schumacher (2014)25. These results suggest that the typical green voter leaves
in well educated, wealthy urban areas.

Concerning the share of individuals who are above 55, we observe varying signs. The effect of age is indeed
quite ambiguous in the literature. On the one hand, older individuals are more likely to be victim of health risks
associated to pollution, which could encourage them to vote more for green parties. On the other hand, younger
individuals are generally more concerned by environmental issues given their education and the fact that they are
more likely to see the consequences of climate change (Schumacher, 2014).

As explained in section 3, I included the Log Average PM2.5 concentration in order to take into account how
much municipalities rely on polluting activities. The coefficients obtained are negative for all elections. It could
be due to self selection: people who tend to care less about pollution will live more in polluted areas and will vote
less for green parties. Another explanation could be that the more a municipality emits pollution, the less should
be the share of the population voting green as the economy of this area relies on these emissions. The rationale for
including the share of individuals working in agriculture and industry is very similar: the more individuals rely
on polluting activities, the less they should vote for green parties. Kahn (1997), Salka (2011) and Coan & Holman
(2011) found a negative effect of the share of industry on the vote for green parties. It is consistent with this last
explanation.

25The specifications are not exactly the same, but running the same specification as the author yields similar magnitudes
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Figure 9: Regression table for standard determinants of green votes.
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However, the effect of local pollution is generally quite ambiguous: it is also possible that a high level of emis-
sions leads the population to ask for less pollution because of health consequences. More precisely, the associated
health burden was recently estimated to 48,000 early deaths a year, which is equivalent to 2-year reduction in life
expectancy at 30 on average (Medina et al., 2016). Schumacher (2014) found indeed a positive coefficient for the
level of pollution on green voting. It shows that the effect of pollution is generally ambiguous but in the case of
France, it seems that the effect is negative. An explanation for this phenomenon could be that even if pollution
has concrete consequences in terms of health, the level of pollution of an area is not always known by residents. It
should not be the case when we will consider pollution peaks that are more salient events.

Now that we understood more in depth the determinants of the vote for green parties, we will incorporate the
effect of salient events such as natural disasters and pollution peaks.

5 Empirical Approach

In this section, I will present the empirical approaches and the endogeneity issues that could arise for the two
types of events considered: natural disasters and pollution peaks.

5.1 Natural Disasters

The specification I run in order to estimate the effect of natural disasters on the votes for green parties is the
following within model (Hausman & Taylor, 1981)

Greenit − ¯Greeni = β1(Disasterit − ¯Disasteri) + β2(Xit − X̄i) + Yeart + (ηit − η̄i) (1)

With X̄i =
1
T ∑t Xit

Disasterit is the number of natural disaster experienced by a municipality between election t and election t− 1.
It is the variable of interest. The set of Xit variables are the controls presented in section 4. Controlling for these
determinants is necessary in order to avoid an omitted variable bias as the probability of experiencing a natural
disaster could be higher in rural areas where education and income could be lower.

The reason why I run a within specification is related to what we observed on figure 4: natural disaster do not
seem to happen randomly and there are geographical characteristics that explain the occurrence of each type of
disasters (Baccini and Leeman, 2020). Given that these characteristics are time invariant, implementing a within
specification should account for their effect and achieve identification.

As I explained in section 3.2, data on the length of disasters in days is available. This measure could account as
a proxy for the strength of a disaster. Thus, I also lead robustness checks consisting in replacing Disasterit by the
number of days of disaster experienced by a municipality between election t and election t− 1. It allows me to take
into account the intensity of each disaster.
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5.2 Pollution Peaks

Concerning PM10 pollution peaks, identification issues are quite different. The problem is that the effect of pollu-
tion peaks on the vote for green parties could be confounded by a self selection process: it is likely that pollution
peaks occur more often in places where citizens care less about polluting emissions. This phenomenon could lead
to endogeneity issues (Luechinger, 201026). Another reason could be that people rely a lot on car traffic, or work
in polluting industries, which would explain why they care less about pollution. Thus, there could be confound-
ing factors implying that pollution peaks would not be exogenous. That is why controlling for the average PM2.5

particules concentration, the share of individuals who take the car to go to work and the share of individuals who
work in agriculture and industry is key in the identification strategy.

Another issue is that data on pollution peaks is more restricted. Data is only available from 2007 in most regions
which restricts the number of years that can be studied. That is why I only considered elections from 2009 to 2019
and study the effect of pollution peaks that happened up to 2 years before the election. The other limitation is that
data is not available for 2 regions (Bretagne and Occitanie) and for the region Pays de la Loire, data starts to be
available in 2013. Thus, I excluded these 3 regions.

The econometric model is actually analogous to the one concerning natural disasters. It writes as follows

Greenit − ¯Greeni = β1(Peaksit − ¯Peaksi) + β2(Xit − X̄i) + Yeart + (ηit − η̄i) (2)

With X̄i =
1
T ∑t Xit.

Where Peaksit is the number of PM10 pollution peaks that happened up to 2 years before election t. Xit includes
the average PM2.5 particules concentration, the share of individuals who take the car to go to work and the share
of individuals who work in agriculture and industry. I run a within model to take into account geographical dis-
parities that can affect the level of pollution. As we have seen with the Vallée de l’Arve in section 3.3.2, geographical
characteristics such as altitude can indeed affect the probability of experiencing pollution peaks.

6 Results and Robustness Checks

I will now present the results for this study. I start by running a baseline regression that illustrates the two main
findings:

- Floods and pollution peaks have a positive and significant effect only for Regional elections
- Drought-related disasters yield positive and significant coefficients across the three types of elections.

Then, I will focus on each finding separately and provide robustness checks.

6.1 Main Results

In order to investigate the effect of natural disasters and pollution peaks on green votes, I run equation (1) for each
type of disaster and equation (2) for the alert threshold27. That is what is done on figure 10. The values of the
coefficient of interest are plotted for 3 different datasets: one for each type of election.

26The author studies the effect of pollution on welfare. He highlights a similar self selection process
27see section 3.3.2 for more details about pollution peaks thresholds
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Figure 10: Values of β1 in equations (1) and (2) for various types of disasters and pollution peaks.
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There are two main insights coming from this figure:
- The coefficients associated to Regional elections are always positive and significant. An interpretation could

be that natural disasters and pollution peaks do not change deep convictions towards climate changes issues.
Individuals could indeed vote more in favor of green parties only for Regional elections because they hope that
such events will not happen again in the future. It would make sense as Regional councils take decisions about
landscape development, fight against pollution and transports at the local level28. On the other hand, politicians
elected during Legislative and European elections take measures at a larger scale.

- The only type of event that seems to have a positive and significant effect on green voting for all elections are
drought-related disasters. A possible explanation could be that since these events are due to high temperatures,
they are more likely to be understood as a consequence from climate change. That is why they are more likely to
influence deep perceptions regarding environmental issues (Konisky, Hughes & Kaylor, 2015).

We will investigate these aspects and comment on them in the two following subsections.

6.2 Focus on Regional Elections

In this section I will detail the results concerning floods, earthquakes and pollution peaks for Regional elections
only. I will abstract from the case of drought-related disasters for now and I will comment on them in section 6.3.

6.2.1 Results

The regression that shows the results for Regional elections only is displayed on figure 11. What we observe here
are positive and significant effects for all types of events considered. For pollution peaks, we see that the effect is
positive and significant for both the recommendation and the alert threshold. One can also notice that the effect
is smaller for the recommendation threshold, which is not surprising given that reaching this threshold does not
compel the prefecture to take measures, unlike the alert threshold (see section 3.3.2 for more details). We also see
that earthquakes are only significant at the 10% level.

Now, let investigate what happens when we make vary the time threshold for the number of disasters taken
into account. On figure 11, this threshold was election t− 1 for natural disasters, meaning that I took into account
the effect of all disasters that happened between elections t and t− 1. Concerning pollution peaks, the threshold
was 2 years, meaning that I considered pollution peaks that happened up to 2 years before election t. On figure 12,
I make vary these time thresholds in order to observe if the effect changes when taking into account only recent
events. There seems to be a decreasing effect with time for both floods, earthquakes and PM10 pollution peaks. It
makes sense since recent disasters are likely to affect more perceptions and it is consistent with what is generally
found in the literature (Capstick et al. 2016).

6.2.2 Robustness Checks

I run three robustness checks.
First, to assess the robustness of the results concerning floods and earthquakes, I reproduce figure 12 but with

the number of days of exposure to the disaster instead of the number of disasters as the variable of interest. Results

28see https://www.gouvernement.fr/ for more details
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Figure 11: Regression table for the effect of natural disasters and pollution peaks for Regional elections only.
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Figure 12: Values of β1 for varying time thresholds.
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are displayed on figure 13. One can observe that introducing the number of days of exposure does not change
the trend for floods while the effect of earthquakes becomes non significant. The conclusion from this robustness
check is that one should be more confident in the results concerning floods than in those related to earthquakes.
For this reason, I will not consider the effect of earthquakes in following sections.

Figure 13: Value of β1 for varying time thresholds. The explanatory variable is the number of days of disaster.

Secondly, concerning pollution peaks, one could be concerned about the arbitrary choice related to the smooth-
ing function applied to municipalities, i.e. the value of D̄ (see section 3.3.2 for more details about this weighting
function). The value of D̄ chosen for the linear smoothing function was 15km in the previous regression. On figure
14, I make vary this distance threshold and look at the value of β1 for both the recommendation and the alert
thresholds. In the two cases, we observe that the effect remains positive and significant.

Finally, one could also be concerned about the fact that green parties are often considered as being left-wing
and thus that there could be redistribution aspects that drive the effect. To check whether it is the case, I change the
outcome variable and consider the share of votes received by left-wing parties, which generally put more weight
on redistribution issues. Results are displayed on figure 15. One can see that all of the coefficients associated to
floods and pollution peaks are negative, showing that the effect is different for parties that put more weight on
redistribution. It suggests that the effect we observed is indeed driven by environmental concerns.

6.2.3 Comments

The fact that the results obtained are only valid for Regional elections and not for Legislative and European ones,
as it is shown on figure 10, could mean that the events considered do not affect perceptions, but rather influence
the vote through a backlash channel. The role of Regional incumbents is indeed to propose solutions at a local level
in terms of transport and landscape design for instance while National and European Parliaments deal with larger
scale issues. It is likely that citizens do not vote more for a green party because they deeply believe that climate
change is a major issue, but because they are directly affected by pollution and floods and they prefer to vote for
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Figure 14: Values of β1 for varying distance thresholds. The explanatory variable is the number of PM10 pollution
peaks up to 2 years before the election.

27



Figure 15: Regression table for Regional elections only. The outcome variable is share of votes received by left-wing
parties.
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someone that would take these issues into consideration. The difference is that the backlash channel is based on
more individualistic reasoning that do not take into account climate change as global issue, unlike the perception
channel.

The decreasing effect through time I highlighted on figure 12 shows that the salient effect of floods and pol-
lution peaks can act like a shock which has limited long term effects. It is an insightful result: it shows that
salient events such as floods and pollution peaks are not sufficient to change perceptions in the long term. This
phenomenon is consistent with the fact that floods and pollution peaks do not to change deep perceptions on en-
vironmental issues, and that the positive effect we observe on Regional elections is driven by a more individualistic
reasoning.

In order to get more intuition about the magnitude of these results, Table 4 provides an interpretation of the
results. It first compares the effect of each event to the effect of education and income. One can see that magnitudes
are pretty high: a flood and a pollution peak at the alert threshold are equivalent to an increase in 5 percentage
points in the share of individuals with a baccalauréat. Thus, when these events happen, they seem to have a high
impact on perceptions.

I also computed the aggregate effect of each event, meaning that I computed how much green voting would
decrease if the number of events was equal to zero according to the model. It gave me the level at which each
event should account for the share of votes going to green parties. One can see that aggregate effect at the re-
commendation threshold for pollution peaks is higher than the one at the alert threshold. The reason is that the
recommendation threshold is reached much more often than the alert one.

Table 4: Interpretation table for events related to Regional elections. Results are based on figure 11.

Floods
Pollution peaks

(Recommendation)
Pollution peaks

(Alert)

Marginal effect
of the event

In percentage points 0.08 0.03 0.11

In percentages 1.79% 0.70% 2.33%
Equivalent increase in

the share of individuals
with a baccalauréat In percentage points 4.53 1.79 5.93

Equivalent increase in
median income In percentages 5.14% 1.60% 5.00%

Aggregate effect
of the event In percentages 1.14% 2.41% 0.87%

Equivalent increase in
the share of individuals

with a baccalauréat In percentage points 0.63 1.37 0.49

Equivalent increase in
median income In percentages 0.72% 1.22% 0.41%
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Let focus on PM10 pollution peaks. We have shown that the occurrence of these events should favor green
parties and account for around 2.41% of their votes at Regional elections. It is an important result which shows
that pollution can affect perceptions towards climate change and that these perceptions can translate in concrete
decisions such as vote. What we learn from this phenomenon is that fighting against pollution at the local level
is a factor that drives voting decisions. That is why this result is particularly interesting for an incumbent who
would look for a future election. We will go further on this discussion in section 8.

6.3 Focus on Drought-related disasters

In this section, I will present the results and some robustness checks related to drought-related disasters only. It
seems that for this type of disasters, the effect on green voting is positive for all elections.

6.3.1 Results

Figure 16 displays the results for drought-related disasters only. On the first column, I replicated equation (1) for
all elections pooled together. The three remaining columns are the results for each panel of election. We can see
that coefficients are positive and significant across elections, showing a positive effect of drought-related disasters
on green voting.

Figure 17 shows how the effect evolves for various time thresholds for the number of disasters taken into
account. The time thresholds for 1 month and 3 months for Regional elections are not available because there was
not any drought-related disaster that happened within these time periods. What we can see from this figure is that
there does not seem to be any clear effect that would be decreasing through time. For Legislative and European
elections, the trend is almost flat indeed. For Regional elections, one could observe a decreasing curve, but given
that standard errors are very large, this trend is not really clear.

Another concern that we could have when facing these results is whether there is something that can be done
to overcome the effect of drought-related disasters on green voting. A possibility could be to build protection
plans in order to prevent an incumbent from a vote turnout towards green parties. I explore this possibility
in figure 18 by adding an interaction variable for the number of protection plan that was implemented in each
municipality29. One can not see any significant effect for the interaction variable when taking each panel of election
independently. However, when pooling all elections together, there seems to be a negative and significant effect
on green voting. A possible explanation could be the following: if people suffer less from a natural disaster,
their perception regarding this disaster will be affected too. As a matter of fact, building infrastructure to prevent
citizens from the consequences of drought-related disaster could be a good decision from the point of view of an
incumbent who wants to prevent himself from a vote turnout towards green parties.

6.3.2 Robustness Checks

In order to assess the robustness of these results, I ran the same robustness checks as in section 6.2.2, meaning that
I replaced the variable of interest by the number of days of disaster and replaced the outcome variable by the share
of the votes going to left-wing parties. Results are displayed on figures 19 and 20. One can see that introducing

29see section 3.2 for more details on protection plans.
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Figure 16: Regression table for drought-related disasters only.
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Figure 17: Values of β1 for varying time thresholds. The explanatory variable is the number of drought related
disasters.
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Figure 18: Regression table for the effect of protection plans. The variable of interest is the interaction between the
number of drought-related disasters and the number of protection plans that has been implemented.
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the number of days of exposure does not change the sign of the coefficients, and that the effect of drought-related
disasters on left-wing parties is either negative or non significant. These results assess the robustness of our
previous findings, as explained in section 6.2.2.

Figure 19: Values of β1 for varying time thresholds and for Drought-related disasters only. The explanatory vari-
able is the number of days of disaster.

6.3.3 Comments

Table 5 gives interpretations for the results concerning drought-related disasters. One can see that marginal effects
are pretty high (from a 2.5% to a 3.5% increase in the votes for green parties). However, aggregate effects are much
smaller (less than 1%). It is mainly due to the fact that the municipalities affected by drought-related disasters
generally have a low population, meaning that even if the effect in these municipalities is high, they do not weigh
much in the end. Moreover, it is quite striking to see how aggregate effects are similar across elections.

The fact that we observe a positive and significant effect that is robust to all elections suggests that the effect
of drought-related disasters is of a different nature as compared to floods and pollution peaks. An interpretation
could be that these disasters, which are very often correlated with high temperatures, can have consequences in
terms of perceptions of global warming in the long run. The fact that we do not observe any decrease with time
seems consistent with this idea: drought-related disasters do not have a temporary impact on environmental views
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Figure 20: Regression table for Drought-related disasters only. The outcome variable is the share of the votes going
to left-wing parties.
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Table 5: Interpretation table for events related to Drought-related disasters. Results are based on figure 16.

Regional
election

Legislative
election

European
election

Marginal effect
of a disaster

In percentage points 0.12 0.09 0.12

In percentages 2.74% 3.49% 2.45%
Equivalent increase in

the share of individuals
with a baccalauréat In percentage points 7.00 9.77 4.30

Equivalent increase in
median income In percentages 7.89% 8.88% 15.32%

Aggregate effect
of the disaster In percentages 0.76% 0.82% 0.83%

Equivalent increase in
the share of individuals

with a baccalauréat In percentage points 0.42 0.86 0.29

Equivalent increase in
median income In percentages 0.48% 0.78% 1.02%

but are able to influence perceptions more deeply in the long term. This result is consequent with a large literature
showing that temperatures affect climate change considerations (see section 2 for more details).

7 Extensions

To build on the results we obtained in the previous section, I propose two extensions in order to understand more
in depth how these effects behave. First, I will explore heterogeneity in the effect depending on education, time
and PM2.5 concentration. Secondly, I will investigate the cumulative effect of natural disasters and PM10 pollution
peaks.

7.1 Effect Heterogeneity

In this subsection I will explore heterogeneity in the effect for 3 variables. For each of these variables I run a
different model and add an interaction term between the variable of interest (natural disasters and pollution peaks)
and the variable for which I am looking for potential heterogeneity.

The first interacted variable is the share of individuals with a baccalauréat. The rationale for including this
variable is that one could expect that if individuals are well documented about environmental issues, then they
should be more likely to make the link between natural disasters, pollution peaks and climate change. The fact
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that more educated individuals react more to salient events is a standard result in the literature (see Baccini and
Leeman, 2020). The second variable is the effect of natural disasters and pollution peaks during the last election.
The underlying mechanism could be that as environmental concerns spread among the French population30, the
effect of natural disasters becomes stronger as people are more likely to make the link between disasters and
climate change. That is why I included a dummy variable equal to 1 for the last year of each election (2015 for
Regional, 2017 for Legislative and 2019 for European) and interacted it with the variable of interest. Finally, I
study the heterogeneity depending on PM2.5 concentration. We could expect a negative sign since people who
rely more on polluting activities should be less willing to change their vote when a natural disaster or a pollution
peak occurs.

Results for these 3 types of variables are presented on figure 21. Because I focused first on Regional elections
and then on drought-related disasters in section 6, I presented the results about heterogeneity in a similar way. On
the left hand side are results for Regional elections only and on the right hand side are results for drought-related
disasters only.

One can see that lots of coefficients are non significant, suggesting that there is not much heterogeneity in the
effect. However, for those who are significant, signs are consistent with what we expected concerning education
and PM2.5 concentration: a positive sign for the share of individuals with a baccalauréat and a negative sign for
PM2.5 concentration. For the variable Last year, we observe for the left part of figure 21 a positive coefficient for
floods and negative coefficients for pollution peaks. It suggests that the effect of pollution peaks on perceptions
decreased with time while the one of floods became more important.

7.2 Cumulative Effect

In this subsection, I will investigate whether the effect of a new disaster evolves with the number of past disasters.
Put differently, are the results we obtained in the section 6 driven by the effect of the first disaster that acts like a
shock affecting perceptions, or is it the accumulation of natural disasters and pollution peaks that matters?

The methodology I use to answer this question is the following: I define a given threshold L for each type of
event. Then I define a dummy variable Cit(L) as follows

Cit(L) =

{
1 i f Disasterit > L
0 otherwise

Put differently, Cit(L) is a dummy variable equal to 1 in municipality i at election t if the number of natural disasters
since election t− 1 is superior to L. I include this variable in the regression and the coefficient of interest becomes
the one associated to this variable. The coefficient associated to Cit(L) will be the marginal effect on the green vote
of experiencing more than L disasters. Then I make L vary so that I can observe how the effect evolves depending
on the number of disasters taken into account. Of course, I will consider different values for L depending on the
type of disaster that is considered since their frequency of occurrence are not always similar (see section A.6 for
more details about the distribution of each type of event). This methodology enables us to see what drives the
effect: is it the first disaster experienced by a municipality that acts like a shock or the accumulation of events?31

30Baromètre les français et l’environnement - vague 6, 2019, ADEME
31I follow the same process for pollution peaks.
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Figure 21: Values of the coefficient associated to the interaction term for each interacted variable on the y axis. The
first picture concerns Regional elections only while the second picture is about drought-related disasters only.
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Results are displayed on figure 22 for floods and pollution peaks during Regional elections and on figure 23
for drought-related disasters only. Concerning floods and pollution peaks (recommendation threshold), there
seems to be an increasing effect with the threshold for the number of events taken into account. Put differently,
experiencing multiple disasters seems to affect more perceptions than being victim of a single disaster. Thus, there
seems to be an accumulation effect for these events. Regarding pollution peaks at the alert threshold, the first
event seems to affect perceptions the same as multiple events: the trend is almost flat.

Concerning pollution peaks at the recommendation threshold, this result seems consistent with what we have
seen before. It is likely that a single pollution peak is maybe not visible for most individuals: measures are rarely
taken at the recommendation thresholds and journals may not cover an isolated event. However, the accumulation
of events seems to be more salient since media are more likely to deal with this topic and prefectures to take
measures. For the alert threshold, since prefectures are compelled to take measures immediately, perceptions are
affected from the first event.

For drought-related disasters, the trend is quite flat for all elections. One can even observe a slight decrease
for Regional and Legislative elections. There also seems to be a slightly increasing trend for European elections
but as standard errors are large, this trend is not that clear. It suggests that for these events, the first disaster acts
like a salient shock that affects perceptions, meaning that there does not seem to be any cumulative effect due to
experiencing multiple disasters.
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Figure 22: Values of the coefficient associated to Cit(L) for varying values of L on the x axis. These coefficients only
concern Regional elections for different types of events.
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Figure 23: Values of the coefficient associated to Cit(L) for varying values of L on the x axis. These coefficients only
concern drought-related disasters for different types of election.
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8 Conclusions

I have studied the determinants of the vote for green parties, and investigated whether natural disasters and
pollution peaks could also affect this outcome.

Concerning these standard determinants, I found a positive and significant effect for education, income and
density on green voting. I found a negative effect for the average level of PM2.5 concentration, showing that when
an area relies more on polluting activities, the share of the votes received by green parties is likely to decrease.
These results remain consistent across each type of election considered and coherent with the literature.

The core of this analysis documented the relationship between salient events and green votes. Let focus on the
effect of floods. I found a positive coefficient for Regional elections only, which suggests that people vote more for
a green party after a flood because they chose politicians who are more likely to be concerned by environmental
issues at a local level. As a matter of fact, it does not seem that floods can affect perceptions regarding climate
change as a global issue. I also find a cumulative effect of floods that is decreasing through time, suggesting that
floods do not have long term effects.

Concerning PM10 pollution peaks, I find a similar result to the ones obtained for floods: a positive and signific-
ant effect for Regional elections only. I find a decreasing effect with time for both the alert and the recommendation
thresholds, showing once again that these events do not seem to have long term effects. I also find a cumulative
effect for the recommendation threshold but not for the alert one, which is consistent with what we could expect.
It is interesting to compare these results to the ones of average PM2.5 concentration: it seems that latent pollution,
even if it has concrete health consequences, has a negative effect on green voting, while pollution peaks show a
positive effect on Regional elections. It illustrates how salient events are able to affect perceptions, even if latent
pollution has more consequences on health32.

For drought-related disasters, I highlighted an effect that is robust to the three different types of elections. The
effect does not seem to be decreasing with time and there does not seem to be any cumulative effect either. Thus,
drought-related disasters, which are correlated with high temperatures, seem to act like a salient shock affecting
perceptions in the long term. I also showed that building protection plans to prevent from the damages of a
drought can also affect perceptions.

This work is of interest in terms of policy recommendations. As natural disasters will become more frequent in
the following years, this study shows that there will probably be more support for pro environmental policies in
the future. It should encourage politicians to care more about these issues in order to benefit from this trend. From
the point of view of a non-green incumbent, it is also interesting to notice that building prevention plans can lower
the effect of drought-related disasters and that pollution can affect citizens’ votes. It means that dealing with these
issue could be a good strategy in order to prevent a non-green incumbent from a vote turnout.

Now, a reasonable question would be, is it good news for the environment? An optimistic standpoint is that
this study shows that views on global warming can change, that people react when they observe events that they
think could be due to climate change. In the particular case of drought-related disasters, perceptions in the long
run seem to be affected, which is encouraging. On the other hand, if the most efficient way of changing views on
climate is to experience natural disasters and pollution peaks, then the situation could seem quite desperate. But

32See the website of Santé Publique France, http://www.santepubliquefrance.fr/determinants-de-sante/pollution-et-sante/air/articles/cas-
particulier-des-pics-de-pollution.
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one should keep in mind that I just highlighted a single channel through which perceptions can be altered. There
exist many others such as lobbying from non profit organizations that can also have large scale impacts (Damania,
2001, Polk & Schmutzler, 2005, Delmas, Lim & Nairn-Birch, 2016).

The main limitation of this study is probably the assumption that voting for a green party reveals one’s green
preferences. There are indeed many factors that can explain voting outcomes which are sometimes completely
uncorrelated from political programs (Wolfers, 2002, Martinelli, 2006). However, even if voting outcomes of green
parties do not perfectly translate environmental concerns, I argue that it could be a relevant proxy. Moreover, as
I developed in section 3.1.2, the interest of studying this outcome (as opposed to survey data) is that it provides
insights on whether natural disasters and pollution peaks have concrete impacts.

Finally, I believe that it would be interesting to study whether green incumbents perform better than other
political parties based on environmental criteria. Now that green mayors have been elected in several cities in
France in 2020, it could give an adequate framework for future research on this topic.
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A Appendix

A.1 Details for political groups

A.1.1 Green Parties

Table 6: Political parties considered as green for all elections.
Type of election Year Name of the list

Regional

2015
Liste d’Europe-Ecologie-Les Verts

Liste Ecologiste
Liste EELV et gauche

2010 Liste des Verts

2004 Liste des Verts
Listes écologistes

Legislative

2017 Écologiste

2012 Europe-Ecologie-Les Verts
Ecologiste

2007 Europe-Ecologie-Les Verts
Ecologiste

2002 Europe-Ecologie-Les Verts
Ecologiste

European

2019
Europe Ecologie

Décroissance 2019
Urgence Ecologie

2014 Liste Europe-Ecologie-Les Verts
2009 Liste des Verts

2004 Liste des Verts
Liste écologiste
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A.1.2 Left-wing Parties

Table 7: Political parties considered as left-wing for all elections.
Type of election Year Name of the list

Regional

2015

Liste du Parti Socialiste
Liste Union de la Gauche

Liste du Parti radical de gauche
Liste Divers gauche

2010

Liste du Parti Socialiste
Liste Union de la Gauche

Listes Gauche-MoDem
Liste Divers gauche

2004 Listes de gauche
Listes divers gauche

Legislative

2017
Parti socialiste

Parti radical de gauche
Divers gauche

2012
Parti socialiste

Parti radical de gauche
Divers gauche

2007
Parti socialiste

Parti radical de gauche
Divers gauche

2002
Parti socialiste

Parti radical de gauche
Divers gauche

European

2019 Envie d’Europe
Liste citoyenne

2014 Liste Union de la Gauche
Liste Divers gauche

2009 Liste du Parti socialiste
Liste divers gauche

2004 Liste du Parti socialiste
Liste divers gauche

49



A.2 Distribution of Green Votes by Percentiles

Figure 24: Distribution of the votes going to green parties by percentile by year for respectively Regional, Legis-
lative and European elections.
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A.3 Green Voting for Regional Election of 2004

I plotted the distribution of the votes for green parties for the Regional election of 2004 by region on figure ??. One
can see that the share of individuals voting green is null in some regions.

Figure 25: Distribution of green votes by region for Regional elections of 2004.
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A.4 Details for Natural Disasters Typology

Table 8: Corresponding typology between the GASPAR database and the classification used in this study.
Type of disasters Original typology in the GASPAR database

Floods

Inondations et coulées de boue
Raz-de-marée

Inondations, coulées de boue et mouvements de terrain
Inondations par remontées de nappe phréatique

Inondations et chocs mécaniques liés à l’action des vagues
Inondations, coulées de boue et effets exceptionnels dus aux précipitations

Inondations par remontée de la nappe phréatique et mouvements de terrain
Inondations, coulées de boue et glissements de terrain

Inondations et coulées de boue, vents cycloniques
Inondations par remontées de nappe naturelle

Earthquakes

Séisme
Avalanche

Glissement de terrain
Effondrements / éboulements

Poids de la neige - chutes de neige
Lave torrentielle

Tassement de terrain
Glissements de terrain et éboulements rocheux

Eboulement ou effondrement de carrière
Eboulements rocheux
Eboulement de falaise

Affondrement / éboulement de coteaux
Affaissement de terrain

Chocs mécaniques liés à l’action des vagues
Eboulement de terrain

Chutes de rochers / de blocs rocheux
Coulées de boue et lave torrentielle

Storms

Tempête
Tornade et grêle

Phénomènes tropicaux
Crues torrentielles et glissements de terrain

Vents cycloniques
chocs mécaniques liés à l’action des vagues, vents cycloniques

Drought-related
disasters

Mouvements de terrain consécutifs à la sécheresse
Mouvements de terrain différentiels consécutifs à la réhydratation des sols
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A.5 Distribution of the Length of Disasters Depending on Their Type

Figure 26: Distribution of the Length of Disasters recorded from 2000 to 2019
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A.6 Distributions of Floods, Drought-related Disasters and Pollution Peaks

Figure 27: Distribution of the frequency of occurrence of respectively floods, drought-related disasters and pollu-
tion peaks between two elections.
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A.7 Methodology for Linear Smoothing of the Effect of Pollution Peaks

In order to define the decreasing effect of pollution peaks, it is necessary to define adjacency matrices. These
matrices are weight matrices that define "how close" are two municipalities. They have the following form with n
the total number of observations.

W =


w11 w12 ... w1n

w21 w22 ... w2n

... ... ... ...
wn1 wn2 ... wnn


wij ∈ {0, 1} defines the weight given between municipalities i and j. wij is equal to 1 if municipality i is close
to municipality j. wii = 1 by definition, as distance between two identical municipalities is zero. Now one big
challenge is to determine what is the criteria for municipalities to be close. The choice of the parametric form of
the weight matrix will strongly influence the results.

For this study, I have defined Radial Distance Weights, which means that two municipalities have a weight of 1
if the distance between there centroïds is inferior to a threshold D̄. This is the case represented on on figure 28 for
a threshold of 15 kilometers. One can see that there is a red line between all municipalities that have a distance
inferior to 15km.

Then, I applied smoothing functions to weights. The underlying concept is that the higher the distance between
municipalities, the lower should be the weight given to the link between them. In this study I will the linear
smoothing function wij = 1− dij

D̄ . I applied this function to all weights computed in matrix W.
The model I want to run, as described in section 5.2 is the following

Greenit − ¯Greeni = β1(Peaksit − ¯Peaksi) + β2(Xit − X̄i) + Yeart + (ηit − η̄i) (2)

With X̄i =
1
T ∑t Xit

However, it is impossible to run directly this computation in R given the very large number of municipalities.
The weight matrix that is obtained is a 34450*34450 matrix that needs to be computed for each year. Thus, I had to
compute the Peaksit vector thanks to an algorithm I defined by myself. It works as follows.

For a given year t, I first compute the weight matrix which is a 34450*34450 matrix. I extract the 1378 first rows.
It yields a matrix with 34450 columns and 1378 rows. Then, I multiply this sub sample of my weight matrix with
my unweighted vector for pollution peaks which has 34450 rows. It allows me to obtain a vector with 1378 rows
corresponding to the first 1378 rows of Peaksit. I loop this operation 25 times and bind the matrices obtained at
each step, which finally gives me Peaksit. I repeat this operation for each year. This procedure finally gives me the
weighted vector Peaksit that I will use in further regressions.
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Figure 28: Radial distance weights for the 15km threshold.
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A.8 Dealing With Outliers

The problem with considering small density municipalities is that, because population is generally low, there is
a high variance in voting results. It is shown on figure 29. One can see that there is a high proportion of green
votes in low density areas. The consequence from this phenomenon is that the effect of log density is convex,
while the literature suggests more a linear increasing trend. This convex form is likely to be driven by influential
observations in low density areas in which there is a very high variation in green votes due to the small populations
within these municipalities. That is why I decided to exclude areas with more than 10% of green votes in figure 9.

Figure 29: Scatter plot linking log density with the vote share of green parties. The red curve is of a polynomial
form of degree 2.
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