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Abstract

This paper studies how extreme weather and natural disasters affect campaign con-
tributions and elections. Weather events associated with climate change may influence
these outcomes by leading voters to re-evaluate the incumbent politician’s environmen-
tal position. In a short-run analysis, we find that the number of online contributions to
the Democratic Party increases in response to higher weekly temperature, with a larger
effect in counties with more anti-environment incumbent politicians. In a medium-run
analysis, we find that, when a natural disaster strikes, the election becomes more com-
petitive if the incumbent leans more anti-environment: total campaign contributions
increase for both candidates and the increase is skewed towards the challenger, the
race is more likely to be contested, and the incumbent is less likely to be re-elected.
These results suggest that extreme weather events carry a moderate electoral penalty
for anti-environment incumbents during 1990-2012. This mechanism will likely play a
more important role as the public awareness of climate change continues to increase.
JEL Classification: D72, D91, Qb4.
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1 Introduction

Public opinion on key issues is thought to play a crucial role in shaping policies and elections
in a democracy. It is important to understand the factors contributing to the formation of
these opinions and their political ramifications. This paper focuses on the issue of climate
change, which has received significant policy attention in the last three decades. In the
United States, both the public and legislators remain divided on climate change despite the

scientific consensus on it.

Many studies have examined factors that shape Americans’ attitudes on climate change using
survey data (Akerlof et al., 2013; Howe et al., 2015; Myers et al., 2013; Spence et al., 2011;
Zaval et al.; 2014). As weather anomalies and natural disasters become widely associated
with climate change (IPCC, 2013), one recurring finding is that exposure to these events

leads individuals to report a greater perception of climate change.!

Still, less is known about how weather anomalies may impact costly, real-world actions.
Surveys of stated beliefs can be misleading if people misrepresent their true preferences due
to social or strategic considerations. Changes in stated beliefs do not necessarily correspond
to changes in behavior. Importantly, it remains an open question whether politicians will
be held accountable for their environmental positions since environmental and climate issues

are not always a top priority (Davis and Wurth, 2003; Guber, 2001).

In this paper, we present evidence of campaign finance and electoral responses to extreme
weather events. We assemble a comprehensive dataset of extreme weather shocks, natu-
ral disasters, and U.S. House of Representative elections. These data allow us to examine
multiple response margins, from campaign contributions to the competitiveness of elections
and their outcomes. To understand whether environmental ideology is a driver of political
support for candidates, we collect information on the environmental voting records of mem-
bers of Congress to assess where they stand on the anti-environment to pro-environment
spectrum.? Our key approach is to test for differential effects of weather and disaster shocks
based on the environmental stance of incumbent politicians. Our results show a margin of

political behavior in this context that is, to the best of our knowledge, novel in the litera-

IThe reported change in perception can be due to a change in the belief about climate change or a change
in the salience of the issue. In this research, we do not seek to disentangle the two channels but to understand
the political consequence of the change in perception.

2These terms are used for concise communication with the reader and do not necessarily represent the
views of the authors on these issues or the politicians involved.



ture. They also uncover mechanisms through which public opinion may shape U.S. climate

policies.

Our study follows the literature closely in choosing regression frameworks and constructing
measures of weather shocks. Previous studies can be classified into three categories. The
first set of papers study short-run weather shocks within a month or less (Joireman et al.,
2010; Li et al., 2011; Egan and Mullin, 2012; Hamilton and Stampone, 2013; Zaval et al.,
2014). The second set examines medium-run temperature shocks over a period of a month
to a year (Deryugina, 2013). The third set focuses on medium-run natural disaster shocks,
also over a period of a month to a year (Spence et al., 2011; Lang and Ryder, 2016; Sisco

et al., 2017). Motivated by the literature, we study all three types of shocks.

In the short-run analysis, we examine how weekly temperature shocks affect contributions
to Democratic candidates through ActBlue, an online fundraising platform, during 2006-
2012. The identification relies on two features. First, temperature shocks are measured
by deviations of weekly mean temperature from the historical average in the same month
and location, which eliminates most cross-sectional variation and seasonality that may be
correlated with unobserved confounding factors. Second, we control for a rich set of fixed
effects including county, week-in-sample, and state-by-election-cycle. The results show an
extensive-margin response: a 1°F increase in weekly average temperature corresponds to a
1.2% increase in the contribution rate within the week and a cumulative effect of 2.7% over
a five-week period. We do not detect any intensive-margin effect. Furthermore, we find a
stronger response to temperature shocks among constituents with more anti-environment in-
cumbents. Overall, these results suggest that a higher temperature shock favors Democratic
candidates—who typically lean pro-environment—especially when they are running against a

more anti-environment incumbent.

In the medium-run analysis, we first explore how natural disasters in an election cycle interact
with an incumbent’s stance on environmental issues to influence both campaign finance and
electoral outcomes. Our disaster definition is based on federal disaster declarations from the
Federal Emergency Management Agency (FEMA), from which we identify climate-related
disasters. We examine the universe of political contributions to candidates of both parties in
the U.S. House of Representatives elections during 1990-2012. Our regression specification
captures the differential effect of natural disasters on elections based on the incumbent’s
stance on environmental issues, conditional on congressional district and state-by-election-

cycle fixed effects. However, as large partisan divide exists not only in environment but



also many non-environmental issues, an estimate based on cross-party variation in envi-
ronmental stance might pick up additional effects from such partisanship. It might also be
biased if the incumbent’s environmental stance is correlated with other incumbent or district
characteristics that affect the electorates’ evaluation of the incumbent after a disaster. To
account for these correlations, we control for a set of district and incumbent characteristics
and their interaction with natural disasters. These characteristics include, of the incum-
bent, demographics and party affiliation, and of the district, demographics and measures
of rurality. We find that after a natural disaster, total fundraising in an election cycle is
higher if the incumbent has a more anti-environment stance, and the effect is stronger for
donations to challengers than to incumbents. Further, we find that after a disaster, the more
anti-environment the incumbent is the higher the chance of a challenger entering the race,

leading to a slightly lower re-election probability for the incumbent.

While our results are robust to using within-party variation, a politician’s position on envi-
ronmental issues might still be correlated with her position on non-environmental, disaster-
related issues, conditional on party affiliation and other characteristics. One notable pos-
sibility is her support for disaster relief. Past studies show that incumbents are rewarded
for requesting and spending funds for disaster recovery (Healy and Malhotra, 2009; Healy
et al., 2010a; Gasper and Reeves, 2011; Chen, 2013). We test this possibility by examining
disasters that are not perceived to be related to climate change, such as tornadoes and earth-
quakes.® We do not find evidence that these events induce differential electoral consequences
for more anti-environment incumbents. In addition, we also examine the impacts of medium-
run temperature shocks using similar regressions. We classify election cycles as hot, normal,
or cold based on the number of unusually high- or low-temperature days. While perceived
to be indicative of the climate, these events are not likely to invoke disaster relief or other
incumbent action. We find that the magnitude and direction of the effects of hot weather
events are similar to that of natural disasters. Cold weather events, on the other hand, are
associated with effects that are small and opposite in sign. This suggests that people react

differently to hot and cold weather anomalies in this context. These results complement

3As of now, scientists have not been able to establish a clear connection between climate change and
tornadoes, as the relationship is theoretically ambiguous and empirically undetected (National Academies
of Sciences, Engineering, and Medicine, 2016). Brooks et al. (2014) shows that variability of tornadoes has
increased since the 1970s but not the frequency. Likewise, there has been no evidence that climate change
can trigger earthquakes strong enough to be detectable by human (https://climate.nasa.gov/news/2926/can-
climate-affect-earthquakes-or-are-the-connections-shaky /). Neither have been mentioned in the IPCC 5th
Assessment Report (IPCC, 2013), and hence are unlikely to be perceived by the public to be related to
climate change.
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the short-run analysis since we are able to examine the universe of contributions to House

candidates, both Republican and Democrat, online and offline.

Taken together, our results suggest that an anti-environment voting record might be polit-
ically costly for the incumbent when an extreme weather event occurs. Short-run temper-
ature shocks motivate spontaneous donations to Democrats, and more so for Democratic
challengers of a Republican incumbent. The medium-run analysis shows a consistent pat-
tern, where occurrences of natural disasters and extreme temperature events lead to stronger
support for challengers running against a more anti-environment incumbent. People on both
sides of the climate change debate may be galvanized by these events, either independently
or as a response to the other side’s actions, leading to a more competitive election. These
findings are consistent with emerging evidence on changes in legislators’ behaviors in re-
sponse to a natural disaster in their district. Herrnstadt and Muehlegger (2014) show that
congresspersons are more likely to vote in favor of environmental legislation following natural
disasters in their state. Gagliarducci et al. (2019) find an increased likelihood of sponsor-
ship of green bills. While there are other possible explanations for their results, a more

challenging re-election would put pressure on incumbents to change legislative behavior.

This paper contributes to several research areas. Firstly, it is among the few existing studies
that use a revealed preference approach to study the effects of weather shocks on people’s
beliefs about climate change. Most of these studies examine low-stake outcomes such as
Google searches (Herrnstadt and Muehlegger, 2014; Lang, 2014; Lang and Ryder, 2016) and
Twitter posts (Sisco et al., 2017; Moore et al.; 2019). Li et al. (2011) show that respondents
in a survey donated more money to an environmental charity if they thought that day was
warmer than usual, but this donation came from the payment they received for completing
the study.* The outcomes analyzed in this paper are costlier and directly related to the

political processes where, at least in principle, public opinions can shape policies.

Secondly, this paper is closely related to an extensive literature on retrospective voting (see
Healy and Malhotra (2013) for a review). This literature focuses on testing whether voters
punish or reward politicians for events that occurred while they were in office. In particular,
past studies have shown that incumbents are held partially accountable for their roles in

disaster preparedness and post-disaster relief. For example, voters punish the incumbent

4In a related paper, Jacobsen (2011) shows that Al Gore’s documentary “An Inconvenient Truth” caused
a 50% relative increase in the purchase of voluntary carbon offsets in neighborhoods close to the theatres.
This suggests people can take costly climate action when provided with a strong stimulus.



mayor after a flood if they believed the city was responsible for flood preparation (Arceneaux
and Stein, 2006). Similarly, delivery of disaster relief affects voter turnout and outcomes in
presidential and gubernatorial elections (Healy and Malhotra, 2009; Gasper and Reeves,
2011; Chen, 2013).° Our analysis complements these studies in three ways. First, we explore
legislative elections to the U.S. House of Representatives. Second, we examine campaign
finance in addition to election outcomes. Third, we go beyond the direct impacts of natural
disasters to examine the broader issue of environmental ideology. Our results suggest that

politicians are subject to electoral pressure on environmental issues.

Thirdly, our results contribute to understanding the motivations for political giving. Our
results show that the number of spontaneous political contributions responds to short-run
temperature shocks, but not the average amount. This is consistent with the mainstream
view that voters make campaign contributions for ideological reasons (Francia et al., 2003;
Ensley, 2009; Bonica, 2014; Barber, 2016), and that they derive direct utility from such
contributions as if they were consuming an ideologically-motivated consumption good (An-
solabehere et al., 2003). In addition, our medium-run analysis find a similar response in PAC
contributions as in individual contributions, adding to the evidence that PAC contributions
are also motivated by ideological considerations instead of being quid pro quos by nature
(Snyder, 1990; Bonica, 2013, 2014, 2013; Barber, 2016).

Finally, our findings also have real-world implications for climate policy. Even though envi-
ronmental issues have not been front-and-center in U.S. elections, we demonstrate that the
electorate is responsive to the salience of these issues.® Our results suggest that approaches
to raise issue salience by recounting relatable human experiences might have the potential
to induce substantial changes in political behavior. Moreover, as the prominence of climate
issues in politics is rising in the U.S.,” the mechanism we identify will also become more
relevant. In particular, there is now increasing recognition of the political cost of continued

climate denial.®

SRe-analysis by Gallagher (2020) has cast doubt on part of the findings in Gasper and Reeves (2011),
but still suggests the electorates are responsive.

6We caution that these responses may not be entirely rational, since people might process shocks with
psychological bias. There is also evidence to suggest that voting outcomes are affected by irrelevant events
such as same-day weather patterns, a recent college football game or financial windfalls from lotteries (Gomez
et al., 2007; Healy et al., 2010b; Bagues and Esteve-Volart, 2016; Achen and Bartels, 2017; Meier et al., 2019).
Overall, however, the public is under-adopting the scientific consensus on climate change.

"For example, there have been numerous public discussions inspired by the proposal of a Green New Deal
and Jay Inslee’s 2020 presidential campaign built primarily on climate issues.

8See, for example, “Findings and Insighs on GOP Climate Strategy”, Luntz Global Part-
ners, https://www.eenews.net/assets/2019/06/13/document_daily_01.pdf, or “Recent Polling on Youth


https://www.eenews.net/assets/2019/06/13/document_daily_01.pdf

The remainder of this paper is organized as follows. We describe our data sources in Section
2 and empirical strategy in Section 3. In Section 4 we report and discuss the results. We

conclude in Section 5.

2 Data

2.1 Database on Ideology, Money in Politics, and Elections

The political data we use come from the Database on Ideology, Money in Politics, and
Elections (DIME) (Bonica, 2016). This database includes over 100 million campaign con-
tributions made by individuals and organizations to candidates in local, state, and federal
elections from 1979 to 2016. The contributions data in DIME mainly come from administra-
tive records of the Federal Election Commission (FEC). The FEC requires each committee
of a House of Representative candidate to file quarterly reports, disclosing all contributions
exceeding $200 and those adding up to over $200 from an individual. The database also

contains candidate characteristics and election outcomes.’

For our study of the impact of short-run weather shocks on political campaign contributions,
we use a subsample of the individual contributions data from DIME. The reason is that while
individual contributions have dates assigned to them, these dates do not always match the
contribution date. Instead, they may indicate the date the campaign filed these contribu-
tions. Since we are interested in people’s response to short-run, time-varying weather shocks,
we need accurate date information. To circumvent this problem, we focus on contributions
made through the online fundraising platform ActBlue, where the reported date matches the
date of the contribution in this sample. We discuss the implications of using ActBlue data

in the following section.

For our study of the political consequences of natural disasters and weather shocks in the
medium run, we use the “recipients” file of the DIME database. This file contains information
at the election cycle-by-candidate level and includes the total amount of funds raised by

candidates from different sources, the seat sought, and the result of the election.

Voters”, Benenson Strategy Group and GS Strategy Group, https://climateaccess.org/system/files
/BSG%20LCV _Polling%20Youth.pdf.
9For a detailed description of the database and data sources, visit https://data.stanford.edu/dime.
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2.2 ActBlue

In our short-run analysis, we focus on campaign contributions made through ActBlue, which
is an online fundraising platform for Democratic candidates. The site was founded in 2004
and its popularity rose quickly thereafter. In our sample, ActBlue accounts for 4.3% of

contributions and 0.8% of the total amount contributed to Democratic candidates.'”

The main advantage of using ActBlue data is the accuracy of the recorded dates, as they are
electronically recorded at the time the contribution is made. Naturally, relying on accurate
date information is crucial for estimating responses to short-run weather. A second advantage
is that ActBlue captures small contributions well (see Figure A3 for a histogram of ActBlue
contribution amounts). In contrast, other records contain mostly contributions exceeding
$200 for an individual. Such smaller donations reflect spontaneous, low-stake decisions'’

that are more likely to be affected by short-run weather shocks.

However, there are two concerns with using only ActBlue data for our short-run analysis.
First, the lack of an established Republican equivalent of ActBlue leaves us with only do-
nations to Democrats.'> Thus, we are not able to see how donations to Republicans would
respond. We propose alternative methodologies below to address this concern. The second
concern is that it is unclear whether using ActBlue data will yield results that are represen-
tative of all contributions to Democrats. Past studies have found that Internet donors tend
to be younger and give a smaller amount than the rest of the contributors, but are similar
in terms of ideological positions (Wilcox, 2008; Karpf, 2013)."? In Appendix A, we show in
more detail that ActBlue contributions and total Democratic contributions are highly cor-
related both over geographic areas and across time. For our purposes, even though Internet
contributors may not be a mirror image of the general contributing population, focusing on
these contributions allows us to hone in on lower-cost, spontaneous decisions that may be

affected by weather shocks. Moreover, as online donors are economically more representative

10Conversely, the total amount of contributions to Democrats is about 24 times the number of ActBlue
contributions, and the total amount contributed to Democrats is 122 times the amount contributed through
ActBlue. We use these numbers when assessing the magnitude of our coefficients later on.

HFor an example of how contributions are made to Democratic candidates through ActBlue, see Figure
A2.

12Rightroots, Big Red Tent, and Slatecard are examples, but their popularity has been far lower than
ActBlue’s.

13Specifically, Karpf (2013) suggests that the Internet brings about an increase in small donors by lowering
transaction costs. Meanwhile, Wilcox (2008) finds that Internet donors are younger than other donors, but
that those giving small amounts to Democrats online are actually similarly likely to consider themselves
“ideologically extreme” as larger donors are.



of the American electorate than traditional offline donors (Graf et al., 2004; Malbin, 2013),
their contribution behavior might also be informative of how politicians are perceived among

a broader population.

2.3 League of Conservation Voters Scorecard

To capture the position of incumbent politicians on environmental issues, we use the League
of Conservation Voters (LCV) scorecard (also known as the National Environmental Score-
card). The LCV scorecard assigns percentage scores to U.S. congresspersons based on their
voting records regarding environmental legislation introduced during a particular year.!* Ac-
cording to the terminology used by the LCV, if a politician aligns with the LCV opinion on
a vote, it is marked as a pro-environment action; conversely, if the politician does not align
with the LCV on a vote, it is marked as an anti-environment action (League of Conservation
Voters, 2007). For conciseness, in this paper, we will follow this terminology and refer to
politicians who frequently align with the LCV as pro-environment and to those who don’t

as anti-environment. "’

More specifically, LCV scores range from zero to one with pro- and anti-environment voting
records on either side of the spectrum. In this paper, we subtract the original scores from
one so that a score of zero indicates that the politician has disagreed with the LCV on 0% of
the votes selected (pro-environment); conversely, a score of one indicates that the politician
has disagreed with the LCV on 100% of the votes selected (anti-environment).'"

There is a large divide in the LCV scores of Democrats versus Republicans, as shown in
Figure 1. A majority of Democrats fall into the 0-0.25 range, meaning that they disagree
with the LCV on less than 25% of the relevant votes. Likewise, most Republicans fall in
the 0.75-1 range, meaning that they disagree with the LCV more than 75% of the time.
However, there is still substantial within-party variation in environmental voting records.
While the overall standard deviation of the LCV score is 0.32, the within-party standard

deviation is 0.2.

14The legislation included in the scorecard arises from a consensus among leading environmental and
conservation organizations in the U.S.

Disclaimer: these terms are used to facilitate communication with the reader and do not necessarily
represent the views of the authors on these issues or the politicians involved.

6For more information about the LCV scorecard, visit http://scorecard.lev.org/.
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Figure 1: LCV score distribution by party affiliation
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Notes: this figure shows the histogram of incumbents’ LCV scores by party affiliation.
Throughout this paper, we use this “inverted” LCV score, which has been subtracted
from one.

Additionally, the LCV score is an important indicator of whether the politician is a climate
change denier. We obtain records of climate change deniers in the 112th caucus from the
site ThinkProgress.org.!” Linking this information with LCV score data, we show that the
probability of being a climate change denier is 51% for politicians with LCV scores above
0.5. Conversely, the probability of being a climate change denier for politicians with LCV

scores below 0.5 is zero.

2.4 Weather Shocks

We obtain historical weather data from the Global Historical Climatology Network Daily
(GHCN-D) database. This database contains daily observations of maximum temperature
and precipitation from more than 8,000 weather stations throughout the United States during

1960-2014. Using this information, we construct measures of county-level weather.'®

17See “The Climate Zombie Caucus Of The 112th Congress”, ThinkProgress, https://thinkprogress.org/
the-climate-zombie-caucus-of-the-112th-congress-2ee9c4{9e46 /.

181f there is more than one weather station present in a given county, we take the average over all weather
stations.
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We construct two measures of daily temperature shocks, which we later aggregate over the
appropriate time intervals for our analyses. The first measure is the daily deviation in

maximum temperature from the historical climate normal in each county and month:

TmaxrDeve,g = Tmaxeng — T'maxen,

where ¢ is county, m is month of year, and d is day-in-sample. T'max,,q is the contemporane-
ous daily maximum temperature in county ¢. Tmaz., is the long-run average of maximum
temperature for this county in the same month, calculated over the 30 preceding years.
The second measure is a pair of indicators for whether the maximum daily temperature is

abnormally high or low, compared to historical temperature distributions:
TmaxLoweng = 1{Tmaxema < Tmazxs )

TmaxHighema = 1(Tmazema > Tmazgs em)

where T'maxs ., is the 5th percentile of the distribution of maximum temperatures in the
same county and month over the 30 preceding years, and T'maxgs ., is the corresponding
95th percentile. As a result, TmaxLow.,q is an indicator for whether the contempora-
neous temperature is lower than the 5th percentile of the historical distribution, whereas
TmaxHigh.,q indicates whether it is higher than the 95th percentile of that distribution.

For our short-run analysis at the county-week level, we aggregate these daily measures
by week to use as the main regressors. Specifically, our primary temperature measure is
TmaxDev,,,, which is the average of T'max Dev,,,q over the week. For robustness, we also use
the alternative measures TmaxHigh., and T'maxLow,,,, the weekly sum of TmaxHigh.mnq
and Tmaz Low.,q, respectively. We also construct similar measures of precipitation devia-

tions to use as controls in the regressions.

For our medium-run analysis, we similarly calculate the number of abnormally hot days,
defined as those above the 95th percentile of the district-specific historical distribution,
experienced by the average person in each congressional district and election cycle.'? We
then rank district-cycle observations by this variable and assign hot status to those cycles in

the top quartile. Similarly, we assign cold status to a district-cycle if it is in the top quartile

The procedure and all similar ones below makes use of the MABLE/Geocorr crosswalks developed by
Missouri Census Data Center (2017), which partitions the population in a congressional district into its
overlapping counties using Census data.
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ranked by the number of cold days, defined as those below the 5th percentile of the historical

distribution.

2.5 Natural Disasters

High-profile recognition for the scientific link between climate change and natural hazards
can be traced back to as early as the first Assessment Report of the IPCC in 1990 (Tegart
et al., 1990). We obtain data on disaster declarations between 1990 and 2012 from the Fed-
eral Emergency Management Agency (FEMA). There are a total of 1,943 climate-related
disasters, a large majority are storms (including hurricanes) and fires (see Table Al). Im-
portantly, these official records contain the period of the incident and the specific counties

affected. Most declarations are not statewide.

As we analyze the impact of natural disasters at the congressional district level, we aggre-
gate disaster status from counties to congressional districts. We first calculate the fraction
of the population in a district who are residing in a county hit by a disaster. A congres-
sional district is considered to be hit by a disaster if that fraction exceeds 50%. This might
not be the exact threshold at which natural disasters become salient politically and thus
could lead to measurement error. However, the majority of district-cycle observations in
our data have a fraction of the population affected of either zero or one, so adjustments to
the threshold would not have a substantial impact on our results. Based on this definition,
almost 95% of congressional districts have experienced at least one climate-related disaster
during the sample period. As shown in Figure A4, total disaster exposure is not geographi-
cally concentrated, and there is also substantial within-state variation in the vast majority

of states.

Federal disaster declarations provide a comprehensive record of major natural disasters across
types. The declarations are primarily based on damage assessments. For example, FEMA
relies on a single criterion — a per capita damage indicator — for recommending declara-
tions for Public Assistance (PA), its largest post-disaster aid program (U.S. Government
Accountability Office, 2012).2° In addition, Gagliarducci et al. (2019) finds that FEMA

declarations correspond well to actual trajectories of hurricanes and objective measures of

20Gpecifically, FEMA recommends PA to the president when the per capita damage exceeds a pre-
determined threshold. See https://www.fema.gov/assistance/public/applicants/per-capita-impact-indicator
for information on the thresholds used in recent years.
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intensity. However, one might still worry that declarations are politically motivated and
therefore endogenous to our outcomes (Garrett and Sobel, 2003). When we discuss our em-
pirical framework below, we will address this issue further and explain why we think this
concern is outweighed by the advantage of using a comprehensive set of disasters spanning

broad geographic areas.

2.6 District and Incumbent Characteristics

For district-level demographics and incumbent characteristics, we use data from Historical
Congressional Legislation and District Demographics 1972-2014 (Foster-Molina, 2017). This
dataset covers standard demographic variables that measure the income, race, and educa-
tion level in each district for each Congress, as well as the age, gender, and race of the

corresponding incumbent.

We also include two measures of rurality of the district. The first is the fraction of population
living in non-metro counties as defined by the Rural-Urban Continuum Codes.?! Under
this classification scheme, a non-metro county is some combination of open countryside,
rural towns, and urban areas with populations below 50,000. The second measure is the
employment share in agriculture and mining from the Quarterly Census of Employment and

Wages (QCEW), which we aggregate from county to congressional district level.

3 Empirical Framework

Existing studies suggest that climate change perception is affected by personal experiences of
weather events over different time frames. Following this literature, we examine the impacts
of weather shocks in both the short and medium run, as well as natural disasters in the

medium run. In this section, we describe our empirical strategy.

21Data available at https://www.ers.usda.gov/data-products/rural-urban-continuum-codes.aspx. We use
the 1993 edition of the data.

13


https://www.ers.usda.gov/data-products/rural-urban-continuum-codes.aspx

3.1 Short-Run Weather Impacts

We first analyze the impact of weekly weather shocks on ActBlue contributions to Democrats.
Since Democratic candidates tend to be more pro-environment than non-Democratic can-
didates, we expect these donations to increase in response to weather shocks as people’s
perceptions of climate change elevate. We also examine whether the response to weather
shocks is stronger for counties where the majority of the population lives in districts repre-

sented by anti-environment incumbents.??

The basic estimating equations takes the following form:
Y., = Y Weather, + 6y + 0c + 056 + Ecw (1)

where c is county, w is week-in-sample, s is state, and e is election cycle. The term Y,,, repre-
sents the outcome of interest from ActBlue records, which can be either (1) the contribution
rate (the per capita number of contributions), or (2) the average amount per contribution.
The term Weather,., is a vector of weather variables including temperature measures as the

key regressors and precipitation measures as controls.

We use three different specifications of Weather., in our main analysis. The first specifica-

tion includes temperature and precipitation shocks in the same week:

Weather e, = [TmarDeve,, PrepDevg,)”

The shocks are defined as deviations from long-run climate normals, as discussed in Section

2.4. The second specification adds four lags of both temperature and precipitation shocks:
Weatherq, = [TmarDevey, ..., TmaxrDev, s, PrepDevey, ..., Prchevc,w,4]T.

This specification captures the delayed impacts of past weather shocks for up to a month.?*

The third specification uses the average deviation in the current and previous week:

Weather, = [T'mazxDev,,, Prchevcyw]T

22This is what we would expect as long as the Democratic candidates receiving contributions on ActBlue
are more pro-environment on average.
23We also run a version of this distributed lag model with twelve lags to explore the dynamics further.
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where T'mazDev,,, = %(TmaxDevcw+TmaxDevcyw_1), and PrcpDev, , is similarly defined.

All specifications include week-in-sample (4,,), county (d.), and state-by-election cycle (ds)
fixed effects. The county fixed effects absorb time-invariant factors in each county such
as political ideology and contribution behavior. The week-in-sample fixed effects control
for national events and the exponential growth of the platform. Finally, the state-by-cycle
fixed effects account for slower-moving changes across states, such as whether the current
president is politically aligned with the state and changes in policies or economic conditions

in the state. We cluster standard errors at the county level.

Next, we extend the basic specification to estimate heterogeneous effects based on the en-
vironmental stance of the incumbents. This allows us to rule out unobservable confounding
factors that may drive all contributions across time and location, and not only those that
are environmentally motivated. To enhance statistical power, we use the two-week average

of temperature shocks as the main measure and interact it with the incumbent’s LCV score:

Yew =BiTmazDev,, + B2 LCV + BsTmaxDev.,, x LCV

_ (2)
+yPrepDev, ,, + 0y + 0c + dse + Ecu,

where T'mazDev, ., = %(TmaxDevcw+T maxDeve 1), and PrepDev,.,, is similarly defined.
Our coefficient of interest is 83, which captures how the effect of temperature shocks varies
based on the incumbent’s LCV. We estimate this equation using the full sample as well as

on separate subsets of counties based on the incumbent’s party.

3.2 Medium-Run Natural Disaster Impacts

In the medium run, we study how fundraising and elections are affected by natural disasters.
In particular, we examine how this relationship varies depending on the environmental stance
of the incumbent politician. Our sample contains races for the U.S. House of Representatives
during election cycles 1990-2012. We examine campaign finance outcomes such as total
funds raised and the fraction that goes to the challenger and electoral outcomes such as the

probability of the incumbent being challenged, getting re-elected, and so on.

One concern we have is that natural disasters may have significant effects on campaign
contributions and other political outcomes through channels unrelated to environmental

preferences and beliefs. For example, following the September 11 terror attacks, individuals
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substituted away from campaign contributions and towards charitable giving.?! We expect
this to be relevant for natural disasters as well since they often entail tragic consequences

and loss of property.

To address this concern, our research design compares congressional districts experiencing
natural disasters whose incumbent politicians have an anti-environment voting record to
other districts experiencing natural disasters but whose incumbents exhibit pro-environment
voting records. By studying differential impacts by the environmental stance of incumbents,
we can isolate the environmental preference mechanism. Specifically, the regression equation

takes the following form:

Y. =p1Disastery. + P2 LC'Vy, + P3Disastery. x LCVy,

(3)
+ 11 Charge + vy Disasterge X Charge + 04 + 0se + E4e

where Yy, is an outcome in a race in congressional district d during election cycle e. Disasterg,
is an indicator variable for whether the congressional district has experienced a major dis-
aster, as defined in Section 2.5. LCV,, is the LCV score of the incumbent.”” Charg. is
a vector of characteristics of the congressional district and the incumbent. &4 and J,. are
fixed effects for congressional district and state-by-election-cycle, respectively. We cluster

standard errors at the state level.

Our coefficient of interest is 3. This coefficient represents the difference in the outcome
of a disaster-stricken congressional district whose incumbent congressperson has the most
anti-environment voting record (LC'V = 1), and the outcome of a similar, disaster-stricken
congressional district whose incumbent congressperson has the most pro-environment voting
record possible (LC'V = 0). Given that a one-unit difference in the LCV score is a very large
difference, we suggest scaling our estimates by the standard deviation of the LCV score (0.2)

in interpretation.”®

The identification of 5 requires accounting for factors that correlate with the LCV score
of the incumbent. In our specification, the district fixed effects control for cross-sectional

variation in disaster risk and political preference. The state-by-cycle fixed effects control for

24 “Degpite Terrorism, Candidates Make Slow Return to Fundraising.”, The Hill. October 24, 2001.

25In order to incorporate all available information at the time of the race, we average the LCV score of
politicians for that election cycle and all past election cycles, using this measure throughout in our regressions.

26We propose to use the standard deviation of LCV score after controlling for the politician’s party, which
is 0.2. Without controlling for the politician’s party the standard deviation is 0.32.
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political alignment of the state and the president, which is important given past findings
on politically motivated aid decisions (Garrett and Sobel, 2003). It also controls for a
changing policy and economic environment. However, one might still be concerned about
the correlation between the LCV score and the party affiliation and other characteristics of
the incumbent. If, following a disaster, people react differently to incumbents from different
parties for non-environmental reasons, then 3 would pick up the effect of the party. Similarly,
demographic changes following a disaster might also create such effects. To address this
concern, we control for a list of incumbent and district characteristics and their interaction
with the disaster indicator. These characteristics are, for the incumbent, party affiliation,
gender, race and ethnicity; and for the district, the median income, percent of population
with bachelor’s degree or above, percent of white population, percent of nonmetro population,

employment share in agriculture and mining, and the Gini index.

Another major concern is that presidential disaster declarations might be endogenous to
political outcomes. A disaster declaration is at the president’s discretion and does not
require congressional approval. Consistent with this rule, Garrett and Sobel (2003) find
a higher likelihood for disaster declarations in a presidential election year and in states of
electoral importance to the president, but no evidence of an effect due to political alignment
of the governor or congressional members with the president.?” It seems unlikely that House
representatives directly exert political influence on the declaration process in a way that is
correlated with their environmental ideology. However, this could still bias our estimates
downward if declarations in swing states during election years represent less severe disasters
than usual. To investigate this issue, we will run a robustness check excluding cycles in

which a president seeks re-election.

3.3 Medium-Run Weather Impacts

Campaign contributions and elections may also respond to shocks to medium-run tempera-
ture. We estimate the effects of hot- and cold-weather shocks separately using the following

specification:

Yy =f1Hoty, + 52Coldg. + B3 LCVy, + BaHoty, x LCVy, + B5Coldge x LCVy,
+ 71 Charge + vsHot x Charge + v5Cold x Charge + dq + 0se + Ede.

(4)

2TLater studies, including Sylves and Biizds (2007), Reeves (2011), and Kousky et al. (2018), have invariably
emphasized the discretionary role and political motivation of the president in disaster declarations.
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The notations are similar to before. Hot,, and Cold,, are indicators for whether the election
cycle was particularly hot or cold for a given district in an election cycle, constructed as
described in Section 2.4. We also interact these indicators with the LCV score to estimate
the differential effects. Other controls and fixed effects are as previously defined. Standard

errors are clustered by state.

Our coefficients of interest are 54 and (5. As before, we interpret these coefficients as the
difference in the outcome of a congressional district undergoing an unusually hot (cold) cycle,
whose incumbent congressperson has the most anti-environment voting record (LCV =
1), and the outcome of a similar district whose incumbent congressperson has the most
pro-environment voting record possible (LC'V = 0). Again, we divide them by five in

interpretation.

4 Results

In this section, we present our results in three parts: (1) short-run temperature impacts on
ActBlue contributions, (2) medium-run natural disaster impacts on campaign contributions
and election outcomes, and (3) robustness checks and extensions of the medium-run analysis,

including the impacts of medium-run temperature shocks.

4.1 Short-Run Weather Impacts

In the short-run analysis, we investigate how ActBlue contributions are affected by tem-
perature shocks in the current and previous weeks. We examine two outcomes. The first
outcome is the contribution rate, defined as the number of contributions per million people
in a county. This variable captures extensive-margin responses, i.e. whether temperature
shocks motivate more or fewer contributions. The second outcome is the average amount
per contribution, calculated as the total contribution amount divided by the number of
contributions in each county-week. Absent any extensive-margin responses, this outcome
measures intensive-margin responses, i.e. whether temperature shocks motivate larger or

smaller donations from regular contributors.

In our sample period of 2006-2012, each county received around $150 per week (Table A2).

ActBlue contributions are usually small: the average donation amount is $13.2. Meanwhile,
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Table 1: Actblue donation responses to short-run temperature shocks

Dep. Var. Count /1 million pop Average amount
(1) (2) (3) (4) (5) (6)
TmaxDev (current week) 0.186***  0.134™** 0.0163  0.0129
(0.0574)  (0.0449) (0.0471) (0.0461)
TmaxDev (1-week lag) 0.103*** -0.0426
(0.0355) (0.0343)
TmaxDev (2-week lag) 0.0540*** 0.0547
(0.0166) (0.0411)
TmaxDev (3-week lag) 0.0721*** 0.0352
(0.0246) (0.0346)
TmaxDev (4-week lag) 0.0547* -0.0348
(0.0231) (0.0323)
TmaxDev (2-week avg.) 0.287*** -0.00740
(0.0832) (0.0545)
Precipitation Dev. Yes Yes Yes Yes Yes Yes
County F.E. Yes Yes Yes Yes Yes Yes
Week F.E. Yes Yes Yes Yes Yes Yes
State-Cycle F.E. Yes Yes Yes Yes Yes Yes
N 944172 935201 941672 944172 935201 941672
R? 0.209 0.204 0.209 0.0539 0.0539 0.0539
D.V. Mean 15.45 15.40 15.42 13.13 13.19 13.15

Notes: estimates on temperature deviations from equation (1) are shown. The dependent
variable in columns (1)-(3) is the number of contributions per 1 million people, and that
in columns (4)-(6) is the average amount per contribution. The sample consists of ActBlue
contributions by week and county. The estimates on precipitation deviations from these
regressions are reported in Table A3. Standard errors are clustered by county. Statistical
significance: * p < 0.10; ** p < 0.05; *** p < 0.01.

the mean weekly temperature deviation from the historical normals is 0.45°F, showing a

warming trend. There are also more days of extreme heat than extreme cold.*®

Table 1 reports estimates from equation (1). Columns (1)-(3) focus on responses in contri-
bution rates. Column (1) shows the current week’s temperature is positively associated with

contribution rates, and the estimate is statistically significant.? A 1°F increase in weekly

28Days of extreme heat are those above the 95th percentile of the historical distribution, and extreme cold
refers to those below the 5th percentile.
29The deviation in precipitation is also included in the model as a control. Both temperature and precip-
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temperature is associated with 0.19 additional contributions per million people (1.2% D.V.
mean).”’  Alternatively, this is 1.3 additional contributions per million people (8% D.V.
mean) for a one-standard-deviation (6.62°F) increase in weekly temperature deviation. In
column (2), we add four lags of temperature deviations to examine whether temperature

I The estimates are positive and

shocks from previous weeks affect current contributions.’
significant across-the-board, suggesting that positive temperature shocks increase contribu-
tions for up to four weeks after. Together, they show a larger cumulative effect: a 1°F
increase in weekly temperature is associated with a cumulative effect of 0.42 additional
contributions per million population (2.7% D.V. mean), or 2.8 additional contributions per
million population for a one-standard-deviation increase in weekly temperature deviation.
In column (3), we use the average temperature deviation in the current week and the week
before as our main regressor and again find the estimate to be positive and significant at
the 1% level. In columns (4)-(6), we re-estimate these models using the average contribution
amount as the outcome variable. Here, all estimates are small and statistically insignificant.
This could mean that temperature shocks do not motivate people to contribute more each
time. It is also possible that regular contributors do give more, but this effect is offset when

the additional contributions are smaller.

Table A3 reports the estimates on precipitation shocks from these same regressions. Precip-
itation shocks appear to have a positive contemporaneous effect on contribution rates but
negative lagged effects. As a result, the effect of a precipitation shock over two weeks is close
to zero and statistically insignificant. These effects are qualitatively different from those of
temperature shocks and might be better explained by other channels such as time use.*”
In general, it is unclear whether voters are well aware of the connection between abnormal

precipitation patterns and climate change during the study period.

We also estimate several variants of equation (1) to explore differences in the effects of heat
and cold shocks (see Appendix B for a detailed discussion of these results). We find that
heat shocks are the main driver of the effects observed above, but an extremely cold day

also reduces contributions. This suggests that extreme cold is a salient event that might

itation shocks are constructed as the deviation from 30-year normal, as detailed in Section 2.4.

3045/D.V.Mean = 0.186/15.40 ~ 1.2%.

31To further explore the dynamic effects, we plot the estimates from a version of this regression with twelve
distributed lags in Figure A5. These results show that the temperature effect tapers off after four lags, which
is why we include four lags in the main result.

32For example, raining can lead to more indoor time and internet use, which might shift future donations
forward. Thus, it can explain the harvesting pattern we observe.
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have been interpreted as evidence against climate change, which is consistent with existing
studies on public opinions (Roxburgh et al., 2019). This interpretation might be due to the

political discourse surrounding cold-weather events.**

Taken together, our results suggest that the impact of temperature shocks is concentrated
on motivating more instances of political giving to Democrats. This finding is consistent
with a mechanism where a positive temperature shock leads people to feel more politically
aligned with Democratic candidates, due to either a stronger belief on climate change or
greater attention to the issue. However, there are also alternative explanations that are
unrelated to environmental reasons. For example, weather might change political behavior
for psychological reasons. It might also affect time use or the expediency of online versus

other contribution channels.?*

To understand the motivation behind these temperature-driven contributions, we estimate
how the temperature effect differs based on the incumbent’s LCV score.?” Specifically, we
estimate equation (2) with the contribution rate as the main outcome. The results are re-
ported in Table 2. Column (1) includes all counties in the sample. As before, we find a
positive and significant effect of temperature deviations on contribution rates. Importantly,
the incumbent’s LCV score has a positive interaction effect with temperature deviations,
which means the temperature effect is more pronounced when the incumbent leans more
anti-environment. The scale of this interaction effect is important relative to the baseline
effect (column (3), Table 1). When the mean LCV score increases by one standard deviation,
the scale of the positive effect goes up by 10.6% of the average effect.*® In columns (2) and
(3), we estimate this model separately on counties with a Democratic incumbent and those
with a Republican incumbent, respectively. In counties with Democratic incumbents, tem-
perature shocks uniformly increase ActBlue contributions to the incumbents regardless of

their environmental position, likely because Democratic incumbents are generally more pro-

33 Anecdotes include “Inhofe brings snowball on Senate floor as evidence globe is not warming”, CNN,
https://www.cnn.com/2015/02/26 /politics/james-inhofe-snowball-climate-change/index.html and “Why is
the cold weather so extreme if the Earth is warming?”, the New York Times, https://www.nytimes.com/
interactive/2019/climate/winter-cold-weather.html.

34Gection 4.4 presents a detailed discussion of the alternative mechanisms.

35We do not observe which candidates receive the contribution in the ActBlue data, only the place of
residence of the donor. This limits our investigation to incumbent characteristics. While many contributions
are directed to candidates outside of the district of residence of the contributor, we think this is a meaningful
margin of giving behavior to study. For example, environmentally motivated donors may look to other
congressional district races if the district they reside in is a very safe seat held by an anti-environment
politician.

36LCV incremental effect: SD(LCV) x Bs/B1 = 0.2 x 0.152/0.287 ~ 10.6%.
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Table 2: Heterogeneous effects by incumbent’s environmental position

Count/1 million pop (1) (2) (3)
Full Sample D Incumbent R Incumbent
TmaxDev (2-week avg.) 0.193** 0.305** -0.146
(0.0975) (0.126) (0.115)
Incumbent LCV 10.30** -3.439 -2.992
(4.658) (12.75) (5.471)
TmaxDev x Incumbent LCV 0.152** -0.0992 0.487***
(0.0681) (0.111) (0.176)
Precipitation Dev. Yes Yes Yes
County F.E. Yes Yes Yes
Week F.E. Yes Yes Yes
State-Cycle F.E. Yes Yes Yes
N 830316 313890 516426
R? 0.207 0.244 0.246
Mean D.V. 12.29 14.22 11.12

Notes: estimates from equation (2) are shown. Column (1) is based on the full sample,
columns (2) and (3) are based on counties with a Democratic incumbent and those
with a Republican incumbent, respectively. The dependent variable is the number of
contributions per 1 million population. The temperature shock measure is the average

temperature deviation in the current and past week.

“Incumbent LCV” is a score

indicating the incumbent’s environmental position. It ranges from 0 to 1, 0 being the
most pro-environment and 1 the most anti-environment (inverted from the original
scale). Standard errors are clustered by county. Statistical significance: * p < 0.10, **

p < 0.05, *** p < 0.01.
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effect we observe is indeed motivated by environmental ideology.

environment than their challengers. For Republican incumbents, the picture is very different:
the more they lean anti-environment, temperature shocks motivate more ActBlue contribu-

tions to their Democratic challengers. These results provide support that the temperature

We also examine how the temperature effect vary based on the progression of campaigns. We
interact the two-week temperature measure with indicators of each quarter in the election
cycle, which estimates the temperature effect separately for each quarter. These estimates
are plotted in Figure A6 and show heterogeneous effects masked in our main estimates.
The positive effect of high-temperature shocks on contribution rate is the largest in the last
quarter leading up to the election. In the same quarter, we also observe a negative impact of

temperature shocks on the average contribution amount. This is consistent with a selection



mechanism where heat shocks draw in more small-amount contributions.

Lastly, we perform a back-of-the-envelope calculation to infer the effect of temperature shocks
on total Democratic contributions from these estimates based on ActBlue contributions.
In our sample, the total number of Democratic contributions is 24 times that of ActBlue
contributions and the total amount is 122 times. Using these numbers and our estimates
in Table 1, we find that the contemporaneous effect of a 1°F increase in weekly mean
temperature corresponds to a total increase of 3.2 contributions or $215.6 per million people
per week.*” The corresponding cumulative effects are 10 contributions and $672.6. We note
the important caveat that these calculations assume a similar reaction to weather shocks
in total Democratic donations and ActBlue donations. In reality, we may expect ActBlue
donations to have a stronger response given their nature of small, spontaneous donations.

Therefore, these calculations likely represent upper bounds on the actual effect.

To sum up, in this section we show that short-run temperature shocks lead to a stronger
support for Democrats. In particular, such responses change according to the incumbent’s
party and environmental position, suggesting that they are motivated by environmental
policy preferences. Since online donors are more representative of the American electorate
than traditional offline donors, this mechanism might also have broader implications for
political volunteering, voting, and ultimately electoral outcomes. We next turn to a medium-

run analysis to explore how this mechanism affects election dynamics.

4.2 Medium-Run Natural Disaster Impacts

In this section, we study the impacts of natural disasters on campaign finance and elections.
This analysis complements the previous results, as we explicitly account for politicians’
environmental attitudes and include contributions to both Democratic and Republican can-
didates. Previous studies find that natural disasters can draw public attention to climate
change (Lang and Ryder, 2016; Sisco et al., 2017) and they also bring about political ramifi-
cations for the incumbents (Arceneaux and Stein, 2006; Gasper and Reeves, 2011; Healy and
Malhotra, 2009). Building on this literature, we hypothesize that the environmental stance
of the incumbent will come under more scrutiny when a natural disaster strikes. Therefore,

we expect an anti-environment incumbent will face a more competitive electoral landscape

3T A number of contributions = Jy x ratio(Dem/ActB) = 0.134 x 24 = 3.22. A total amount = A number
of contributions x average amount Xratio(Dem/ActB) = 0.134 x 13.19 x 122 = 215.63.
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Table 3: The effect of natural disasters on log amount raised

(1) (2) (3) (4) (5) (6)
Total Funds PAC Individual Challenger Incumbent Share (C)

Disaster -0.175*** -0.218**  -0.166*** -0.365** -0.132%** -0.0348**
(0.0357) (0.0444) (0.0479) (0.154) (0.0248) (0.0133)
Incumbent LCV -1.250 -1.197 -0.552 -6.178 -0.470 -0.143
(1.455) (1.541) (1.686) (4.910) (1.173) (0.390)
Disaster x 0.255%** 0.296*** 0.215** 0.904*** 0.186*** 0.0515**
Incumbent LCV (0.0657) (0.0677) (0.0824) (0.302) (0.0489) (0.0228)
District Char. x Yes Yes Yes Yes Yes Yes
Disaster
State-Cycle F.E. Yes Yes Yes Yes Yes Yes
District F.E. Yes Yes Yes Yes Yes Yes
R? 0.636 0.628 0.636 0.423 0.707 0.338
N 4307 4307 4307 4307 4307 4397
Mean D.V. (levels) 1330.1 482.0 704.8 320.7 1009.5 0.177

Notes: estimates from equation (3) are shown. In columns (1)-(5), the dependent variable is the
(IHS-transformed) amount of campaign funds of the category indicated in the top panel. In column
(6), the dependent variable is the share of total funds raised by the challenger. The bottom panel
reports the mean of each dependent variable in levels. “Incumbent LCV” is a score indicating the
incumbent’s environmental position. It ranges from 0 to 1, 0 being the most pro-environment and
1 the most anti-environment (inverted from the original scale). Standard errors are clustered at the
state level. Statistical significance: * p < 0.10, ** p < 0.05, *** p < 0.01.

than the status quo.

Our sample consists of House of Representative races in election cycles from 1990 to 2012.
Summary statistics for the sample are reported in the bottom panel of Table A2. In our
data, 73% of the races are competitive, 17.2% uncontested, and the remaining 9.8% are open
races. When studying campaign finance outcomes, we focus on all races where the incumbent
is seeking re-election.”® The incumbents enjoy large advantages when they run: the total
amount of funds raised is typically much higher for them than for challengers and they win
95% of the time.

We study how the effects of a natural disaster vary depending on the environmental voting

record of the incumbent by estimating equation (3). Table 3 reports the results on campaign

38For races without a challenger in the general election, we collect data on campaign finance for any
potential challenger in the earlier stage. Since the viability of the challenger might be an endogenous
outcome in our setting, we seek to avoid selection bias by constructing the sample this way.
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finance outcomes. Column (1) shows that the effect of a natural disaster on total fundraising
ranges from a decrease of 17.5% in districts with the most pro-environment incumbent (LCV
= 0) to an increase of 8% with the most anti-environment incumbent (LCV = 1).* Among
districts hit by a disaster, a one-standard-deviation increase in the LCV score of the incum-
bent is associated with a 5.1% increase in total fundraising or about $67,800 more when
multiplied by the average amount.” Next, columns (2) and (3) break down the sources by
PACs versus individuals and show a similar pattern in both. Among disaster-stricken dis-
tricts, a one-standard-deviation increase in the incumbent’s LCV score is associated with 6%
more funds from PACs and 4.3% more funds from individuals. In columns (4)-(6), we break
down the increase by the recipient. Column (4) shows a one-standard-deviation increase in
the LCV score of the incumbent translates to a 18% increase (about $57,600) in fundraising
by the challenger, on average, when a natural disaster strikes. The corresponding increase
in funds for the incumbent is smaller at 3.7% (about $37,300). In column (6), we formally
test whether the share of funds going to challengers is higher when the incumbent leans
anti-environment. The estimate suggests that a one-standard-deviation increase in the LCV
score is associated with a 1 p.p. increase in the share of funds going to challengers when a

natural disaster strikes, over a baseline of 17.7 p.p.

More competitive elections generally attract more resources on both sides. The above pattern
is consistent with a more competitive race for anti-environment incumbents in the wake of
a disaster. As their challengers garner more support, incumbents also ramp up fundraising
in response. Nonetheless, the gain in funds and support is much more significant for the
challengers. This result aligns with the hypothesis that a disaster can motivate greater

support for challengers who run against more anti-environment incumbents.

Next, we take the analysis a step further by exploring the impact on election outcomes. There
are several reasons to expect a differential impact based on the incumbent’s environmental
stance. First, the campaign finance consequences of natural disasters shown above may
affect electoral outcomes. Second, natural disasters may motivate prospective challengers
to enter the race if the incumbent is more anti-environment. Third, natural disasters may
prompt issue voting and directly influence the results of the election. Below, we examine
four outcomes: whether the election is competitive (i.e. there is a challenger), whether the

incumbent runs unopposed, whether there is an open seat election (i.e. the incumbent does

39The effect of a disaster is given by 0.255 x LC'V - 0.175.
40The within-party standard deviation of the LCV score is 0.2. The effect of one-standard-deviation
increase in LCV is thus given by 25.5% x 0.2 = 5.1%.
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Table 4: The effect of natural disasters on elections

(1) (2) (3) (4)
Competitive Unopposed Open Seat Incumbent Win
Disaster 0.000930 0.0196 -0.0205 0.0394
(0.0255) (0.0218) (0.0167) (0.0242)
Incumbent LCV -1.304** 0.970** 0.334 0.365
(0.529) (0.415) (0.345) (0.376)
Disaster x 0.108*** -0.0966** -0.0112 -0.0588**
Incumbent LCV (0.0394) (0.0428) (0.0249) (0.0289)
District Char. x Yes Yes Yes Yes
Disaster
State-Cycle F.E. Yes Yes Yes Yes
District F.E. Yes Yes Yes Yes
N 4801 4801 4801 4307
R? 0.276 0.317 0.251 0.290
Mean D.V. 0.731 0.171 0.0979 0.951

Notes: estimates from equation (3) are shown. In columns (1)-(3), the dependent vari-
able is an indicator of the congressional race to be of a certain type (competitive, unop-
posed, open seat). The dependent variable in column (4) is an indicator of the incumbent
getting re-elected. Columns (1)-(3) include all elections and column (4) excludes open
seat elections. “Incumbent LCV” is a score indicating the incumbent’s environmental
position. It ranges from 0 to 1, 0 being the most pro-environment and 1 the most anti-
environment (inverted from the original scale). Standard errors are clustered at the state
level. Statistical significance: * p < 0.10, ** p < 0.05, *** p < 0.01.

not run for re-election), and whether the incumbent is re-elected.

Table 4 shows these results. For the most pro-environment incumbents, disasters do not
appear to change the nature of the race or the incumbent’s chances of winning, as indicated
by the coefficients on the disaster indicator. However, these effects change significantly for
incumbents that lean more anti-environment. Column (1) shows that they are more likely
to face a challenger when disaster strikes. For a one-standard-deviation increase in the LCV
score, the probability of the race being competitive following a disaster increases by 2.2 p.p.
The next two columns show a corresponding decrease in the probability of an uncontested
race and no change in the probability of an open seat election. These results are in line
with our hypothesis of increased support for challengers, as the presence of challengers is
often contingent on the underlying support. Potential challengers may enter the race simply

because of the increased funds they are able to raise, or because they recognize an opportunity
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to run on a pro-environment platform given the incumbent’s record. Finally, consistent with
the previous results, in column (4) we find a lower probability of winning for incumbents
with an anti-environment voting record. Specifically, for a one-standard-deviation change in
the LCV score, the probability decreases by 1.2 p.p. While this effect is not large in absolute
terms, it represents a substantial change in the odds of winning for challengers, for whom

the probability of winning is only 5% on average.

4.3 Robustness and Extension of the Medium-Run Analysis

In this section, we report a series of robustness checks and extensions of our main findings
in the medium-run analysis. For brevity, we will focus on four key outcomes throughout
this section: the log of total funds raised, the share of funds going to the challenger, the

probability of the race being competitive, and the probability of an incumbent win.

Robustness: Binned LCV Score

The main specification in equation (3) assumes the effect of disasters changes linearly with
the LCV score. Here, we relax this assumption by estimating a specification where the LCV

! This specification

score is replaced by four indicators for equal-length bins of its value.*
allows the effect of disasters to change in a more flexible way with the LCV score. Figure
AT plots the coefficients on the interaction terms for the four key outcomes. We find that
the estimates show larger disaster effects for bins with higher LCV values and the pattern

is roughly linear. This lowers our concern of mis-specification in the main results.

Robustness: Accounting for Politically-Motivated Declarations

We also run a robustness check to explore the issue of politically-motivated disaster dec-
larations as discussed in Section 3. In particular, past studies show that the main source
of political influence over declarations is the president’s re-election incentives (Garrett and
Sobel, 2003; Gasper, 2015). In light of this, we re-estimate equation (3) in a sample that
excludes cycles in which a president is seeking re-election. These results are reported in

Table A4. We find slightly larger estimates on total contributions, the challenger share

41See equation (B2) in Appendix C for this specification.
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of the contribution, and the probability of a competitive race, which is consistent with a
downward bias from including less severe disasters in presidential re-election cycles. The
estimate on the probability of incumbent getting re-elected is slightly smaller and no longer
statistically significant, which is also partly due to lower statistical power. Nevertheless, the
overall pattern is similar to before, which suggests that our results are not driven by political

motivation.

Robustness: Heterogeneous Effects over Time

We also examine how these effects evolve over time, as the public’s attention on climate
change has changed substantially during the study period. Looking at the same outcomes, we
estimate another version of equation (3) where we interact the main regressors with indicators
for three periods: 1990-1996, 1998-2004, and 2006-2012.*? Figure A8 plots the coefficients on
the period-wise differential effects of disasters based on the incumbent LCV score. Notably,
the effects are concentrated in the last period for all outcomes, which coincides with the rapid
increase in the usage of climate keywords after 2005 captured by Google Ngram Viewer (see
Figure A1). This supports that the salience of climate change is an important factor in the

political ramifications of climate-related disasters.

Extension: Extreme Temperature Events

Another extension is to estimate the medium-run effect of temperature shocks. Temperature
shocks are different from natural disasters for a number of reasons. First, temperature shocks
can be either hot or cold weather shocks and they might be interpreted differently. Second,
temperature shocks may be less salient than natural disasters, in part because they do not
usually result in property damage and extensive news coverage. To capture the medium-run
temperature shocks, we define a pair of indicator variables based on the number of extremely
hot/cold days experienced by a congressional district in an election cycle (see Section 2.4 for

more details). The estimation follows equation (4).

These results are reported in Table 5. An abnormally hot cycle does not appear to affect an
anti-environment incumbent significantly more in terms of total funds raised in the race or

the probability of being challenged, as shown in columns (1) and (3), respectively. However,

42Gee equation (B3) in Appendix C for this specification.
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Table 5: The medium-run effects of extreme temperature events

(1) (2) (3) (4)
Total Funds Share (C) Competitive Incumbent Win
Hot -0.0848 -0.0340*** -0.0509 0.0294
(0.0555) (0.0104) (0.0394) (0.0177)
Incumbent LCV -1.155 -0.121 -1.266** 0.347
(1.450) (0.399) (0.527) (0.382)
Hot x 0.0904 0.0502** 0.0195 -0.0820***
Incumbent LCV (0.0896) (0.0198) (0.0576) (0.0259)
Cold 0.0165 -0.0189 -0.0168 0.0216
(0.0449) (0.0185) (0.0285) (0.0236)
Cold x -0.0326 0.0131 -0.0325 -0.00634
Incumbent LCV (0.0665) (0.0260) (0.0383) (0.0356)
District Char. x Yes Yes Yes Yes
Disaster
State-Cycle F.E. Yes Yes Yes Yes
District F.E. Yes Yes Yes Yes
N 4307 4397 4801 4307
R? 0.634 0.338 0.274 0.291
Mean D.V. 1330.1 0.177 0.731 0.951

Notes: estimates from equation (4) are shown. The dependent variable is the (IHS-
transformed) total amount of campaign funds in column (1), the share of total funds
raised by the challenger in column (2), an indicator of the congressional race being
competitive in column (3), and an indicator of the incumbent getting re-elected in column
(4). “Incumbent LCV” is a score indicating the incumbent’s environmental position. It
ranges from 0 to 1, 0 being the most pro-environment and 1 the most anti-environment.
The bottom panel reports the mean of each dependent variable in levels, including the

amount of total funds raised in column (1).

Statistical significance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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cold cycles are much smaller and statistically insignificant.

Standard errors are clustered by state.

the results in columns (2) and (4) show that challengers in these race do obtain a larger

share of funds and have a higher chance of winning the race. In contrast, the coefficients for

Overall, these results suggest that extreme heat events are not as politically salient as natural
disasters - there is no evidence that more prospective challengers are motivated to enter the

race. However, we do find favorable effects of extreme heat events for challengers already



in the run against anti-environmental incumbents. Extreme cold events, on the other hand,

appears to be perceived differently from extreme heat, echoing our short-run results.*?

Extension: Non-Climate Disasters

We also examine the electoral impacts of natural disasters that are not perceived to be
connected to climate change, such as tornadoes and earthquakes, as a placebo test. We do
so by augmenting equation (3) to estimate the effect of these other disasters separately from

that of climate-related ones:

Y, =p1Disastery, + BoLCVy, + BsDisastery, x LCVy, + B4NonClimyg,

(5)
+ BsNonClimge X LCVye + v1Charge + vyyDisasterg, X Charge + dg + dse + Ede-

In the above equation, Disastery, now indicates all disasters instead of just the climate-
related ones before, and NonClimg. indicates disasters not connected to climate change.**
Thus, the first three coefficients have the same interpretation as before, while 5, and s

capture the effect of non-climate disasters relative to that of climate-related ones.

These results are reported in Table 6. Similar to before, we find that climate-related disasters
lead to more competitive elections for anti-environment incumbents. Non-climate disasters,
however, do not seem to carry a similar penalty. For all outcomes, its interaction with
the LCV score goes in the opposite direction. In most cases, this difference is statistically

significant and large enough to reverse the punishing effect.

An important caveat in interpreting these results is that there are only a small number of
non-climate disasters. We therefore caution against making a strong inference from these
patterns. Instead, we view them as suggestive evidence that non-climate disasters might

have different political ramifications for the incumbent from those of climate-related ones.

43When we compare these results with the short run, it seems that high-temperature events have more
consistent impacts, while low-temperature ones are not as powerful in the medium run.

448now events are not included in this analysis because, while supported by climate science, the connection
between snow storms and climate change is not widely known to the public. Results (available upon request)
with snow events counted in either category are qualitatively similar to the ones shown here.
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Table 6: The effects of non-climate natural disasters

(1) 2) (3) (4)
Total Funds Share (C) Competitive Incumbent Win
Disaster -0.174%* -0.0310** -0.00322 0.0439*
(0.0367) (0.0128) (0.0253) (0.0246)
Incumbent LCV -1.283 -0.151 -1.325** 0.371
(1.460) (0.392) (0.530) (0.376)
Disaster x 0.264*** 0.0459** 0.129*** -0.0651**
Incumbent LCV (0.0639) (0.0216) (0.0412) (0.0290)
Non-Climate 0.177* 0.0490* 0.0344 -0.00344
(0.102) (0.0261) (0.0584) (0.0246)
Non-Climate x -0.363*** -0.0821** -0.175* 0.0492**
Incumbent LCV (0.0936) (0.0336) (0.0812) (0.0242)
District Char. X Yes Yes Yes Yes
Disaster
State-Cycle F.E. Yes Yes Yes Yes
District F.E. Yes Yes Yes Yes
N 4307 4397 4801 4307
R? 0.636 0.338 0.277 0.290
Mean D.V. 1330.1 0.177 0.731 0.951

Notes: estimates from equation (5) are shown. The dependent variable is the (IHS-
transformed) total amount of campaign funds in column (1), the share of total funds
raised by the challenger in column (2), an indicator of the congressional race being
competitive in column (3), and an indicator of the incumbent getting re-elected in column
(4). “Incumbent LCV” is a score indicating the incumbent’s environmental position. It
ranges from 0 to 1, 0 being the most pro-environment and 1 the most anti-environment.
The bottom panel reports the mean of each dependent variable in levels, including the
amount of total funds raised in column (1). Standard errors are clustered by state.
Statistical significance: * p < 0.10, ** p < 0.05, *** p < 0.01.

4.4 Mechanisms and Limitations

Throughout this paper, we have proposed a mechanism of environmental policy preference
as the driver of our results. Under this mechanism, extreme weather events lead people to
feel more politically aligned with a more pro-environment politician, or less so with a more
anti-environment politician. This could be due to a stronger belief about climate change
or greater attention to the issue. However, there may still be other possible explanations

for these results. In this section, we discuss limitations and alternative mechanisms in the
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context of our findings.

One alternative explanation for our results on weather shocks and campaign finance is time
use. Weather shocks affect time use, which, in turn, may affect giving behavior. This
is especially relevant for online giving, since if weather leads people to spend more time
indoors then this could expose them to more opportunities for online giving. Importantly,
if time spent indoors is driving our results, then results should be similar for hot and cold
weather shocks since it has been shown that both types of shock can lead to more time
spent indoors (Graff Zivin and Neidell, 2014). Instead, we find that hot and cold events
have different, sometimes opposite, effects on campaign contributions. Therefore, time spent

indoors is not likely to account for our results.

In the case of natural disasters, an important alternative mechanism is that of factors that
are correlated with the LCV score but unrelated to incumbents’ stances on environmental
issues. For example, if pro-environment candidates are also more willing to pass disaster
relief packages for those affected, this may explain the increase in funds and support for
these candidates following disasters. However, there are three reasons to believe this is
not the main driver of our results. First, we control for a range of incumbent and district
characteristics to account for important differences in policy positions along these dimensions.
Second, the observed effects of abnormally hot weather in the short and medium-run are in
the same direction as those of natural disasters, and there is no obvious policy position
regarding hot weather other than a politician’s stance on environmental issues. Third, if the
incumbent’s policy position on disaster relief is indeed a major confounding factor, we would
expect the responses to disasters that are not connected to climate change to go in the same
direction. Instead, we find the effects of these disasters to be close to null and statistically

different from those of climate-related disasters.

In light of the literature on the political economy of FEMA’s operation, one might also
be concerned that disaster declarations are endogenous to political outcomes and might
bias our results. There are two possible endogenous channels. First, the main source of
political influence over declarations comes from the president’s bid for re-election, which
itself have down-ballot implications for House elections (Garrett and Sobel, 2003; Gasper,
2015). However, we find similar effects after excluding those cycles of presidential re-elections.
The second channel is through aid distribution, which can be influenced by congresspeople
serving on Stafford Act oversight committees. However, such influence no longer exists after
FEMA was re-organized to become affiliated with DHS in 2003 (Sobel et al., 2007). This is
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inconsistent with our finding that the disaster effect is, in fact, largely driven by post-2004
cycles. Therefore, our main results are unlikely to be driven by the endogeneity of disaster

declarations.

Finally, there might be other psychological explanations for our results. For example, Meier
et al. (2019) explore the link between rainy weather, risk aversion, and voting for status quo
candidates. This link between short-run weather and emotions could be a confounder to the
extent that emotions affect individuals’ incentives to make political campaign contributions.
However, this does not explain the differential effects based on the incumbents’ environmental
stance found in both the short- and medium-run analysis. It is unlikely that our findings are

entirely driven by the emotional consequences of short-run weather.

5 Conclusion

In this paper, we study the impacts of extreme weather events on campaign contributions
and electoral outcomes in the United States. As these events are often associated with
climate change, our analyses place particular emphasis on testing for differential constituent
responses based on the incumbent politician’s views on environmental issues. In a short-run
analysis, we find that weekly temperature shocks lead to a higher number of online donations
to Democratic candidates, and more so when the incumbent leans anti-environment. In a
medium-run analysis, we find evidence that natural disasters lead to greater competitiveness
in congressional races where the incumbent is more anti-environment: fundraising increases
for both candidates, though skewed toward the challenger; the challenger is more likely to

enter the general election; and finally, the incumbent is less likely to win.

These findings suggest that extreme weather events carry different political consequences
for politicians with different environmental positions. The most plausible mechanism is
one where voters adjust or express their environmental policy preferences in response to
these events. Further, these findings suggest that electoral pressure is a plausible reason for
congresspersons to change their behavior following natural disasters in their state, such as
being more likely to vote in favor of environmental legislation (Herrnstadt and Muehlegger,
2014) and sponsor green bills (Gagliarducci et al., 2019). Put together, these behaviors from
constituents, candidates, and legislators illustrate democratic forces at work. As the salience

of climate change in U.S. politics has grown significantly since 2012, the mechanism in this
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paper will likely play a more important role in ultimately bridging the gap between the

scientific consensus on climate change and the political acceptance of it.

The findings in this paper pose a series of additional questions and possible extensions.
Firstly, a question raised by this work is whether the politicians themselves react to the
salience of climate change by adjusting their narratives when it comes to speeches and
soliciting contributions. Secondly, an important player missing from our analysis are envi-
ronmental advocacy groups. Future research should focus on the role these groups play in
disseminating information and forming public opinions following extreme weather events.
Finally, it would be interesting to explore whether the behavior observed here generalizes to
other policy domains in which the event of interest has a stochastic component, like terrorism

or gun violence.
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Appendix

Figures

Figure A1: Time series of climate keywords in Google Ngram Viewer
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Notes: this figure shows the relative occurrences of keywords “climate change” and “global warm-
ing” in sources printed in Google’s text corpora in English between 1980 and 2012.

Figure A2: Example of ActBlue donation interface
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Density

Figure A3: Distribution of individual ActBlue donation amounts
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Figure A4: Disaster exposure across congressional districts
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Notes: this map shows the number of cycles when each congressional district is hit by a
climate-related disaster in the data.
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Figure A5: Distributed lags of short-run temperature effect on ActBlue donations
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Notes: this figure shows the point estimates and their 95% confidence intervals from

equation (1) but with twelve lags instead of four. The outcome variables, as displayed

next to the y-axis, are based on ActBlue records. Standard errors are clustered by county.

All regressions control for precipitation, county, week-in-sample, and state-by-cycle fixed

effects.
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Figure A6: Variation of estimates across quarters in election cycle
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Notes: this figure shows the point estimates from equation (B1) and their 95 percent
confidence intervals. The outcome variables, as displayed next to the y-axis, are based
on ActBlue records. Standard errors are clustered by county. All regressions control for
precipitation, county, week-in-sample, and state-by-cycle fixed effects.

42



Figure A7: The effects of natural disasters by incumbent LCV bin
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Notes: these regressions follow equation (B2), which divides incumbents into four LCV
bins and separately estimate bin-wise disaster effects. The point estimates on interaction
terms between the disaster indicator and LCV bins are shown with their 95% confidence
intervals. The dependent variables in panels A and B correspond to those in columns
(1) and (6) of Table 3, and those in panels C and D correspond to columns (1) and (4)
of Table 4, respectively. Panels A and B are based on all elections, and panels C and D
exclude open seat elections. The effects are relative to the omitted category of the most
pro-environment incumbents who have a LCV score below 0.25. All regressions control
for differential disaster effects based on district and incumbent characteristics (including
party affiliation), as well as state-by-cycle and district fixed effects. Standard errors are
clustered by state.
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Figure A8: The effects of natural disasters over time
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Notes: these regressions follows equation (B3), which groups the twelve election cycles
into three periods (1990-1996, 1998-2004, and 2006-2012) and estimate period-wise disas-
ter effects. The point estimates for the period-wise interaction between disaster and LCV
score are shown with their 95% confidence intervals. The dependent variables in panels A
and B correspond to those in columns (1) and (6) of Table 3, and those in panels C and
D correspond to columns (1) and (4) of Table 4, respectively. Panels A and B include
all elections, and panels C and D exclude open seat elections. All regressions control
for differential disaster effects based on district and incumbent characteristics (including
party affiliation), as well as state-by-cycle and district fixed effects. Standard errors are
clustered by state.
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Tables

Table A1l: FEMA disaster declarations, 1990-2012

Type Number of Declarations County-Year Observations

A. Climate-related disasters

Storm 985 21,265
Fire 775 2,525
Flood 178 3,198
Drought 5 178
Total 1,943 27,166
B. Non-climate disasters
Tornado 41 480
Earthquake 19 80
Other 23 308
Total 83 868

C. Ambiguous
Snow™ 176 4,438

Notes: this table shows a summary of natural disasters in the sample.
Some disaster types are re-classified into broader categories: “Storm” in-
cludes ”Coastal Storm”, ”Hurricane”, and ”Severe Storm(s)”; “Snow”
also includes “Freezing”, “Severe Ice Storm”; “Earthquake” also in-
cludes “Tsunami”, “Other” also includes “Dam/Levee Break”, “Fish-
ing Losses”, “Mud/Landslide”, “Human Cause”, “Terrorist”, and “Toxic
Substances”.

* Snow events are scientifically linked to climate change, but it is not
widely known to the public during the sample period.
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Table A2: Summary statistics

Variable N Mean Std. Dev.  Min. Max.
ActBlue, 2006-2012 (county-week)
Amount (%) 938,040  151.29 2057.95 0 583663.8
Count 938,040 2.42 23.07 0 5315
Count (per 1 million pop) 938,040 15.46 137.29 0 38848.92
Average amount ($) 938,040  13.17 125.53 0 32500
Population 938,040 110414.5 336717 403 9974868
Mean LCV 830,316 0.672 0.322 0 0.980
Republican incumbent 830,316 0.622 0.485 0 1
Short-run Weather, 2006-2012 (county-week)
Tmax dev. (F) 938,040 0.449 6.621 -37.60 37.51
Tmax positive dev. (F) 938,040 2.789 4.038 0 37.51
Tmax negative dev. (F) 938,040  -2.343 3.806 -37.60 0
Tmax low (< 5th pctile) 938,040 0.318 0.785 0 7
Tmax high (> 95th pctile) 938,040 0.473 1.066 0 7
Prcp dev. (1/10mm) 936,836  0.0843 13.642 -49.91  540.93
Natural Disasters, 1990-2012 (congressional district-cycle)
Receipts ($1,000) (C) 4,397 319.19 675.39 0 9825.57
Receipts ($1,000) (I) 4,397 1004.72 996.30 6.623 25894.72
Receipts PACs ($1,000) 4,397 480.09 390.98 0 3177.194
Receipts Ind. ($1,000) 4,397 701.61 954.70 0.825 23770.43
Competitive election 4,874 0.730 0.444 0 1
Unopposed election 4,874 0.172 0.378 0 1
Open race election 4,874 0.0979 0.297 0 1
Incumbent LCV score* 4,874 0.508 0.362 0 1
Republican incumbent 4,874 0.482 0.500 0 1
Incumbent wins 4,874 0.858 0.349 0 1
Disaster - climate 4,874 0.52 0.5 0 1
Disaster - non-climate 4,874 0.16 0.37 0 1
Hot cycle 4,874 0.250 0.433 0 1
Cold cycle 4,874 0.250 0.433 0 1
Median income 4,870  42573.89 16684.31 7453 109168
Percent bachelor’s degree 4,870 24.07 9.91 4.14 65.7
Percent white 4,870 68.82 23.17 2.22 98.81
Percent metro population 4,869 0.8 0.26 0 1
Percent ag. employment 4,846 0.02 0.03 0 0.24
Gini index 4,870 0.46 0.04 0.34 0.61
Age of incumbent 4,872 53.45 10.06 26 87
Gender of incumbent 4,872 1.87 0.33 1 2
Black incumbent 4,872 0.08 0.28 0 1
Hispanic incumbent 4,871 0.05 0.21 0 1

*: this is the“inverted” (subtracted from 1) LCV score used in the analysis.
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Table A3: Actblue donation responses to short-run precipitation shocks

Dep. Var. Count /1 million pop Average amount
(1) (2) (3) (4) (5) (6)
PrcpDev (current week) 0.0207***  0.0161*** -0.0180*  -0.0176
(0.00537)  (0.00586) (0.0108)  (0.0112)
PrcpDev (1-week lag) -0.0193* -0.00612
(0.0112) (0.00850)
PrcpDev (2-week lag) -0.0141 0.00615
(0.00890) (0.0110)
PrcpDev (3-week lag) -0.0252*** -0.0150
(0.00680) (0.00931)
PrcpDev (4-week lag) -0.00542 -0.0199*
(0.00518) (0.0105)
PrcpDev (2-week avg.) 0.000599 -0.0245
(0.0125) (0.0158)
County F.E. Yes Yes Yes Yes Yes Yes
Week F.E. Yes Yes Yes Yes Yes Yes
State-Cycle F.E. Yes Yes Yes Yes Yes Yes
N 944172 935201 941672 944172 935201 941672
R? 0.209 0.204 0.209 0.0539 0.0539 0.0539
D.V. Mean 15.45 15.40 15.42 13.13 13.19 13.15

Notes: estimates on precipitation deviations from equation (1) are shown. The dependent vari-
able in columns (1)-(3) is the number of contributions per 1 million people, and that in columns
(4)-(6) is the average amount per contribution. The sample consists of ActBlue contributions by
week and county. The estimates on temperature variables from these regressions are reported
in Table 1. Standard errors are clustered by county. Statistical significance: * p < 0.10; **

p < 0.05; *** p < 0.01.
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Table A4: The effects of natural disasters excluding presidential re-elections

1) 2) 3) (4)
Total Funds Share (C) Competitive Incumbent Win
Disaster -0.172%** -0.0437*** 0.00249 0.0489*
(0.0440) (0.0151) (0.0320) (0.0279)
Incumbent LCV -0.559 -0.0893 -1.712*%* 0.601
(1.391) (0.369) (0.699) (0.473)
Disaster x 0.235*** 0.0666** 0.139** -0.0474
Incumbent LCV (0.0774) (0.0286) (0.0640) (0.0349)
District Char. x Yes Yes Yes Yes
Disaster
State-Cycle F.E. Yes Yes Yes Yes
District F.E. Yes Yes Yes Yes
N 2930 2975 3216 2930
R? 0.666 0.368 0.327 0.353
Mean D.V. 1310.0 0.164 0.717 0.950

Notes: estimates from equation (3) are shown. The sample excludes all election cycles
when a president is seeking re-election. The dependent variables is the (IHS-transformed)
total amount of campaign funds in column (1), the share of total funds raised by the chal-
lenger in column (2), an indicator of the congressional race being competitive in column

(3), and an indicator of the incumbent getting re-elected in column (4).

“Incumbent

LCV” is a score indicating the incumbent’s environmental position. It ranges from 0 to
1, 0 being the most pro-environment and 1 the most anti-environment (inverted from the
original scale). Standard errors are clustered by state. Statistical significance: * p < 0.10,
*p < 0.05, " p < 0.01.
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A Comparing ActBlue and overall contributions

In this section, we further explore the representativeness of ActBlue contributions. We
would ideally correlate changes over time in ActBlue donations to changes in non-ActBlue
donations, given that we exploit time-varying weather shocks in our analysis. However, there
are two difficulties associated with doing this. First, as stated above, the date information for
the non-ActBlue data is unreliable. Second, ActBlue was founded in 2004 and has become
more popular since then, meaning that the trend of donations made through ActBlue will
likely differ from the trend of overall Democratic donations. However, even though exploiting
the time dimension may be difficult, we can explore whether ActBlue data do a good job
of explaining the cross-section of total donations to Democrats. To do this, we regress total
donation amounts and counts at the state-by-election-cycle level on ActBlue donations and
counts. If the cross-section of ActBlue donations is representative of the total Democratic
cross-section, it should have high explanatory power. Additionally, to account for the fact
that ActBlue becomes more popular over time and may represent a larger portion of total

donations, we let our coefficients vary by election cycle in alternative regressions.

The results of these regressions are in Table A5. The first two columns refer to the total
amount contributed and the next two refer to the number of of contributions. As can be seen
in column (1), simply including the amount donated through ActBlue is a strong predictor
of total donations, leading to an R? of 0.74. When we allow the effect to vary by election
cycle, as in column (2), the explanatory is even higher, with an R? of 0.86. When we consider
counts of donations instead of amounts donated, the fit is slightly better, with an R? of 0.83
and 0.88 in columns (3) and (4), respectively. Finally, an interesting feature of Table A5 is
the time-varying estimates in columns (2) and (4). The estimates for earlier years tend to
be larger than in later years, revealing that over time the portion of ActBlue donations in

total Democratic donations is rising.*’

45Tt is worth pointing out that this trend stabilizes during the 2012 election cycle.
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Table A5: Predicting total Democratic donations using ActBlue donations

Dep. Var. Amount Number
(1) (2) (3) (4)
ActBlue 85.33*** 14.67***
(5.63) (1.30)
ActBlue x 2006 209.93*** 32.58***
(24.98) (8.14)
ActBlue x 2008 99.09*** 21.95%**
(6.14) (2.97)
ActBlue x 2010 57.51*** 12.15%**
(6.32) (2.44)
ActBlue x 2012 111.23*** 14.63***
(6.55) (1.00)
Observations 200 200 200 200
R? 0.74 0.86 0.83 0.88

Notes: this table shows estimates from various OLS regressions of
the amount and number of donations to Democrats from all sources,
to the amount and donations from ActBlue sources. All regressions
include an intercept term. Standard errors are clustered at the state
level. Statistical significance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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B Short-Run Analysis: Variants of the Main Results

Recall that the main specification in the short-run analysis is given by equation (1):
Y., = Y Weatherq, + 0p + 0c + 0se + Ecw,

where Weather,., is a vector of weather variables. In this section, we present results based

on two additional specifications of Weather,,.

First, we want to estimate the effects of heat and cold shocks separately. We do so by

including separate measures of positive and negative temperature deviations:

Weatherey, = [TmaxDev} . ..., TmaxDev,,
T'mazDev,,, ..., TmaxDev_,, ,, (6)

PrepDevey, ..., PrepDeve 4"

where

TmaxDev™ = TmaxDev x (TmaxDev > 0)

and

TmaxDev™ = TmaxDev x (T'mazDev < 0).

These results are reported in Table B1. We can see that our main results on contribution

rates are largely driven by heat shocks, while cold shocks have small and insignificant effects.

Next, we switch to alternative measures of extreme temperature events:

Weatherq, = [TmazHighey, ..., TmazHighe 4,
TmaxLowey, ..., Tmax Low, 4,4, (7)

PrepDevey, ..., PrepDeve 4",

where TmaxHigh, is the total number of days in week w when the maximum temperature
exceeds 95th percentile of the historical distribution in the month, and T'maxLow,,, counts
days with temperature below the 5th percentile. Such extreme temperature events might be

more salient than average temperature.

These estimates are shown in Table B2. Again, we only find effects on contribution rates.

One more day of extreme heat in a week is associated with a contemporaneous increase

o1



Table B1: Positive and negative temperature shocks on ActBlue contributions

(1) (2)
Dep. Var. Count /1M pop Avg. amount
Positive Tmax deviation
Current week 0.274*** -0.0704
(0.0982) (0.0522)
1-week lag 0.110%** -0.0746
(0.0289) (0.0591)
2-week lag 0.165*** 0.0720
(0.0411) (0.0587)
3-week lag 0.173** -0.0964**
(0.0366) (0.0424)
4-week lag 0.124*** -0.0348
(0.0330) (0.0385)
Negative Tmax deviation
Current week -0.0154 0.0956
(0.0309) (0.0594)
1-week lag 0.0948 -0.00318
(0.0736) (0.0385)
2-week lag -0.0701* 0.0405
(0.0408) (0.0506)
3-week lag -0.0362 0.175**
(0.0315) (0.0754)
4-week lag -0.0286 -0.0307
(0.0308) (0.0595)
Precipitation Dev. Yes Yes
County F.E. Yes Yes
Week F.E. Yes Yes
State-Cycle F.E. Yes Yes
N 935201 935201
R? 0.204 0.0539
D.V. Mean 15.40 13.19

Notes: estimates from equation (6) are shown. The dependent variable in
columns (1)-(3) is the number of contributions per 1 million people, and that
in columns (4)-(6) is the average amount per contribution. The sample consists
of ActBlue contributions by week and county. Standard errors are clustered by
county. Statistical significance: * p < 0.10; ** p < 0.05; *** p < 0.01.
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Table B2: The effect of extreme temperature events on ActBlue contributions

(1) (2)
Dep. Var. Count /1M pop Avg. amount
High-temp (> p95) days
Current week 0.353* -0.0430
(0.183) (0.138)
1-week lag 0.211** 0.0580
(0.0915) (0.187)
2-week lag 0.224*** 0.215
(0.0816) (0.211)
3-week lag 0.277** -0.0584
(0.135) (0.126)
4-week lag 0.01000 -0.0316
(0.159) (0.125)
Low-temp (< pb) days
Current week -1.020*** -0.318
(0.368) (0.229)
1-week lag -0.641* 0.176
(0.336) (0.182)
2-week lag -0.0825 -0.0628
(0.188) (0.211)
3-week lag -0.315* -0.140
(0.187) (0.220)
4-week lag -0.372** 0.442
(0.170) (0.368)
Precipitation Dev. Yes Yes
County F.E. Yes Yes
Week F.E. Yes Yes
State-Cycle F.E. Yes Yes
N 936954 936954
R? 0.203 0.0539
D.V. Mean 15.40 13.18

Notes: estimates from equation (7) are shown. The dependent variable in
columns (1)-(3) is the number of contributions per 1 million people, and that
in columns (4)-(6) is the average amount per contribution. The sample consists
of ActBlue contributions by week and county. Standard errors are clustered
by county. Statistical significance: * p < 0.10; ** p < 0.05; *** p < 0.01.
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of 0.35 contributions per million people (2.3% D.V. mean). The cumulative effect over a
month is an increase of 7% of the mean.*® On the flip side, an extreme-cold day reduces the

contribution rate by 6.6% in the current week and 15.8% cumulatively.

C Additional Regression Specifications

This section lists additional regression specifications that are not included in Section 3.

C.1 Short-Run Analysis

In Figure A6, we use the following specification:

8
Y., = BiTmazxDev. ., X Qi +vPrcpDev, ,, + 0y + 0c + dse + Ecwrs Bl
) 7 c,w

t=1

where T'maxDev..,, and PrcpDev,,, are defined as above. () is a set of eight indicators for
quarters in the election cycle. This specification allows us to obtain a separate estimate for

each quarter-in-cycle.

C.2 Medium-Run Analysis

In Figure A7, we use the following specification:

4

Y. =p1Disastery, + Z( gLC’VBlee + ﬁgDisasterde X LCVBinfle) (82)
— B2
7j=1

+ v Charge + vy Disasterqe X Charge. + 04 + 0se + Ede,

where LC’VBz'nge denotes a set of indicators for the LCV score to be in one of four bins:
[0, 0.25], (0.25, 0.5], (0.5, 0.75], and (0.75, 1]. This specification allows the disaster effect to
change more flexibly with the LCV score.

4645 /D.V.Mean = 0.353/15.40 = 2.3%.
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In Figure A8, we use the following specification:

3
Yie = Z Pem'odlj6 X (BfDisasterde + BELCVye + BgDisasterde x LCVy) (B3)
B3

k=1

+ y1Charge + vyDisaster e X Charge + 04 + 0se + Ede,

where Period’, denotes a set of indicators for the election cycle to be in one of three peri-
ods: 1990-1996, 1998-2004, 2006-2012. This specification allows the disaster effect and its

relationship with the incumbent’s environmental stance to change over time.
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