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Abstract

We study the effects of climate change and mitigation on U.S. politics. We com-

bine 2000-2020 precinct-level voting information and congressional candidate positions

on environmental policy with high-resolution temperature and precipitation data and

census block-group level measures of “green” and “brown” employment shares. Hold-

ing politician positions fixed within a district, we find that Democratic vote share

increases with exogenous changes in local climate and green transition employment.

We embed these estimates into a structural model of political competition, including

both direct and demand-driven effects of shocks on candidate policy platform supply.

Incorporating our model estimates into 2025-2050 projections of climate change and

green employment transition, we find that voting for the Democrats increases, while

both parties move slightly to the right on climate policy. Under worst-case climate

projections and current mitigation trajectories, the median 2050 Congressperson has

roughly the same environmental ideology as the median 2010 Democrat—for instance

supporting carbon pricing.
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1 Introduction

Climate change is recognized as having large effects on economic well-being. A

substantial and growing literature shows effects of temperature, weather, and extreme

environmental events on mortality, GDP, health, crime, schooling, job quality, and civil

strife (Dell, Jones and Olken, 2012; Carleton et al., 2022; Burke et al., 2023). Scientists

and economists have proposed many policies, from carbon pricing to green technology

subsidies, that could potentially slow global warming (Hahn et al., 2024). Yet many

of these policies have not been widely implemented, or have been passed and subse-

quently rejected by voters in democratic elections (Doyle, McEachern and MacGregor,

2015; Rowan, 2023). Climate adaptation also remains limited (Burke et al., 2024).

It has become increasingly clear that understanding voting and endogenous policy-

setting is important for successfully tackling climate change in democratic countries

(Dechezleprêtre et al., 2022). Politics, rather than just technology, appears to be a fun-

damental barrier to climate action.1 But there is surprisingly little study of the effects

of climate change on democratic politics, and few models projecting future impacts

incorporate political economy.

With this motivation, our paper focuses on the political economy of climate. We

empirically document the effects of temperature and precipitation changes and mitiga-

tion on partisan voting and political competition over environmental policy in the U.S.

We construct a new panel of precinct-level voting data to estimate effects of weather

shocks and green transition employment on vote shares, and use the data to estimate

the effect of historical changes in climate and “green” and “brown” jobs changes U.S.

electoral patterns. We then combine these within-district estimates with new data on

candidate positions on environmental issues to build and estimate a demand and supply

system of electoral competition over climate policy at the congressional district level.

Armed with this structural model of politics and climate, we then consider the effect

of projected scenarios of climate change on electoral politics and congressional policy-

making for the years 2025-2050. We find that in the most extreme climate change

scenario, voting for the Democrats increases, even as both parties move slightly to the

right on climate policy. The composition of Congress changes sufficiently towards the

Democrats that the environmental roll-call voting of the median Congressperson in

1Some scholarship has even questioned whether democratic institutions may be suitable to tackle such
a complex, forward-looking task given their many veto points. In the words of Lazar and Wallace (2025)
“Governments have been slow to respond to climate change, slow to prevent further damage to our atmo-
sphere, and slow to prepare for what is coming. Democratic governments, it is sometimes said, are worst of
all at these tasks.” (p.135)
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2050 is comparable to the median Democrat in our 2000-2020 sample.2

Analyzing the political economy of climate presents complex econometric chal-

lenges. Primarily, it is difficult to pinpoint what drives voter demand for climate

action and how much demand quantitatively matters in equilibrium. Indeed, the lack

of strong climate policy may be the result of low voter demand, perhaps due to a lack of

awareness, misinformation, or uncertainty about climate change’s costs. Alternatively,

voters might fear the economic burden of transitioning to a low-carbon society. Or

low demand could be due to growing ideological and partisan polarization, making cli-

mate policy subject to the same gridlock common to other policy domains (Voorheis,

McCarty and Shor, 2015; Binder, 2004). A fairly large literature in economics and

political science has empirically investigated voters’ climate beliefs and environmental

policy preferences, including in response to climate and weather shocks. Examples

include Deryugina (2013), Egan and Mullin (2012), Egan and Mullin (2017), Bergquist

and Warshaw (2019), Hazlett and Mildenberger (2020), Kahn and Matsusaka (1997),

Hoffmann et al. (2022), Zaval et al. (2014), Choi, Gao and Jiang (2020), Druckman

and McGrath (2019). But little has examined actual electoral behavior in response to

climate shocks, with important exceptions including Boomhower (2024); Stokes (2016);

Pahontu (2020), and a few papers focused on Green Party voting in Europe (Hoffmann

et al., 2022; Hilbig and Riaz, 2024).

Canonical models of competitive electoral equilibrium, like the one we present in

Appendix C, imply that identification of voter demand parameters requires controlling

for the (endogenous) policy platforms supplied by each candidate. Such platforms di-

rectly affect voter choice and vote shares, and are in turn functions of the expected

vote shares of candidates. To hold platform supply constant in the demand equa-

tion, we focus on variation within a congressional race (i.e., congressional district ×
election year), using disaggregated geographical information on both vote outcomes

and demand shifters. Using the 20-year panel of precinct-level data first presented in

Longuet-Marx (2024), we estimate the effect of extreme local temperature and rainfall

shocks on voting patterns. In order to capture the effects of adaptation/mitigation

efforts, we construct measures of “brown” and “green” jobs at the precinct level and

estimate the causal effect of shifting climate-related employment patterns on voting

outcomes. We find that climate change and mitigation-related employment changes

shift voter demand for parties (without loss we focus on Democratic vote share as our

2For context, the 2009 Waxman-Markey bill, that would have set up tradable emissions in the United
States, was passed with 211 out of 255 Democrat congresspeople (83%) voting yes, and only 8 Republicans.
This bill would have reduced emissions by 83% by 2050. https://www.nytimes.com/2009/06/27/us/

politics/27climate.html
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outcome variable). We follow approaches widely used in the climate literature, con-

trolling for cross-sectional and geography-by-time fixed effects and show robustness to

many alternative specifications, importantly including spatial autocorrelation, a set of

time-varying controls, and multiple sets of fixed effects. Our proxies for climate dam-

ages and for sectoral exposure to the green transition affect vote shares and turnout

within a congressional race.

Our extreme local temperature and rainfall shock results are quantitatively consis-

tent with previous research on climate effects on voter preferences, and the employment

results are comparable in magnitude to the literature on employment shocks and elec-

toral outcomes (Choi et al., 2021; Bombardini, Li and Trebbi, 2023). An additional day

with temperatures two standard deviations above the local historical mean increases

the Democratic vote margin by 0.08 to 0.47 percentage points, while a one-percentage-

point decrease in brown jobs raises the Democratic vote share by 0.17 points. A com-

parable increase in green jobs raises Democratic shares by 0.45 points, although less

precisely estimated. In terms of their relative importance in driving voter demand for

pro-environment candidates, we find that a one standard-deviation increase in extreme

local temperature and rainfall have a roughly 80% larger effect in the OLS specifica-

tion than a one standard-deviation change in brown and green employment. To address

endogeneity in local job variation, we additionally develop a shift-share design, using

national employment growth reweighted by local employment shares (Borusyak, Hull

and Jaravel, 2022).

We then proceed to identify the effects of these same climate and employment shocks

on the environmental platforms supplied by politicians competing in the election, con-

trolling for voter demand. One reason it is difficult to make long-term projections

involving politics and climate is that the electoral arena does not stay fixed (Calvo,

Pons and Shapiro, 2024). Electoral politics is an interaction between the demands

of voters and the supply of policies by candidates, making it important to model the

choice of environmental policy. Indeed, lack of climate policy may stem from limited

supply of climate policies, despite high demand on the part of the electorate. For

instance, climate issues could be “bad politics” given the structure of electoral compe-

tition (e.g. due to the location of swing districts, donor or concentrated electoral blocs)

or other legislative incentives (bargaining over other issues). Little of the literature has

considered the supply of environmental policies by political parties, with exceptions

including Béland and Boucher (2015), Aklin and Urpelainen (2013), List and Sturm

(2006), Fredriksson, Wang and Mamun (2011), (Gagliarducci, Paserman and Patac-

chini, 2019), and Kaplan, Spenkuch and Yuan (2019). Measuring and modeling the

interplay of climate change with both supply and demand forces is a challenge that we
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address in this paper and separates us from this literature.

For our supply analysis, we use campaign websites and candidate surveys also col-

lected by Longuet-Marx (2024), and measure environmental policy platforms for both

winners and losers of congressional races. We show that these policy platforms are

highly correlated with subsequent roll-call voting on climate policy among political

winners, suggesting that campaigns are signals of true policy preferences. While multi-

dimensional scaling models in political science and political economy have long engaged

in the exercise of measuring policy preferences of politicians (Poole and Rosenthal

(1984), Poole and Rosenthal (1985), Poole and Rosenthal (2011), Clinton, Jackman

and Rivers (2004), Canen, Kendall and Trebbi (2020), Canen, Kendall and Trebbi

(2021)), these approaches typically focus on incumbents, limiting the usefulness of

these measures for problems of electoral competition.3 We flexibly model such compe-

tition and identify the effect of weather and employment changes on candidate supply

of environmental policies using parameter estimates from the demand equation jointly

with party shifters on candidate positions, as well as recovering the sensitivity of voters

to environmental platforms of candidates.

Finally, we integrate demand and supply parameters with climate projections for

the United States. This allows us to predict the effects of climate change and trends in

green/brown employment on congressional elections, congressional composition, and

ideology up to 2050. While we recognize that our projections suffer from a substantial

amount of forecasting uncertainty, these exercises may be a useful proof of concept in

quantitative integrating political economy forces in long-run models of climate change

or models aimed at calculating the economic costs of carbon emissions. Extant mod-

els, including the majority of the Integrated Assessment Models (IAMs), link climate

science projections and economic forces, but typically do not incorporate a political

feedback loop. In this sense, our results are most comparable to Moore et al. (2022).

The authors augment a climate model with reduced-form parameterizations of political

feedback loops (and social conformity and endogenous technology). Moore et al. (2022)

posits a threshold function where supporters of climate policy must exceed opponents

in order for a policy to happen (and then the policy is a mechanical function of sup-

port). In contrast, we take a political economy approach and microfound the policy

response as a function of both voter preferences and political competition, interacting

in an equilibrium model.

Our paper contributes to several strands of literature. Most directly, we speak to

3An exception is the method in Bonica (2013) to estimate ideal points from Political Action Committee
contributions. These ideal points can be calculated for all candidates in a race with available political
donations data.
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the political economy and political science research linking the environment and elec-

toral politics. Both ballot initiatives and elections for state office and legislatures have

been studied, but not extensively, and mostly with a focus on the demand side. Kahn

and Matsusaka (1997) focuses on 16 ballot initiatives in California and estimates a

county voter demand model, finding that environmental policy appears a normal good

for most voters. List and Sturm (2006) focuses on single-issue environmental voters in

U.S. gubernatorial elections. Stokes (2016) focuses on voter backlash to costly environ-

mental projects (NIMBY wind turbine location) in Canada. Anderson, Marinescu and

Shor (2023) studies two failed carbon tax referenda in Washington State’ in 2016 and

2018 and emphasizes how ideology explains much of the variation in voting outcomes,

a result in sharp contrast with conclusions in Kahn and Matsusaka (1997), where voter

ideology is deemed less relevant. Closer to our approach in terms of identifying varia-

tion of demand parameters, Hazlett and Mildenberger (2020) focuses on the political

consequences of wildfire exposure on voting, showing that wildfires increase support for

costly pro-climate ballot initiatives by 5 to 6 percentage points for Californians living

within 5 kilometers of a recent wildfire, but finds an asymmetry between Democratic

and Republican localities. Boomhower (2024) focuses on the electoral consequences of

earthquakes induced by fracking activities in the states of Oklahoma and Texas. The

author focuses on environmental regulators, who are elected (not appointed) in those

states, and finds compelling causal evidence of lower support for incumbents and higher

turnout after a local shock.

A related literature on environmental shocks and beliefs updating mostly focuses on

survey evidence. In an influential contribution, Egan and Mullin (2012) studies public

opinion data from Pew Research Center as a response to severe weather shocks. The

authors show that “weather patterns have a significant effect on people’s beliefs about

the evidence for global warming.” Similar results are also in Deryugina (2013). The

evidence since then has been more mixed (Egan and Mullin, 2017). Hilbig and Riaz

(2024) presents precise zeros in estimating the effects of flooding in Germany, focusing

on voter beliefs about climate change and electoral support for the Green Party in

federal elections. These results appear in contrast with Hoffmann et al. (2022), that

also studies Green Parties in Europe, but finds positive effects.4

Our paper also speaks to a new and growing literature on the structural estimation

of large electoral demand models. Examples include Berry, Cox and Haile (2024), and

equilibrium systems of demand and supply such as Longuet-Marx (2024); Cox (2024);

Iaryczower, Montero and Kim (2022). We complement these recent papers through a

4A recent paper looking at the effect of disasters on roll-call voting in the U.S. Congress finds that only
Democrats support more green legislation (Jud and Nguyen, 2024).
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specific focus on climate politics, which lends the structural model to novel quantitative

applications within the space of climate projections.

Finally, a contribution of this paper is to provide a microfounded, quantitative ap-

proach for integrating politico-economic forces in climate forecasting and potentially

useful for extending Integrated Assessment Models (IAMs) (Wiliam and Thompson

(2017); Geels, Berkhout and Van Vuuren (2016)). IAMs could benefit from incorpo-

rating an explicit politico-economic dimension and, as discussed above, our quanti-

tative equilibrium model of climate politics can complement the more reduced-form

approaches that have been proposed in the climate science literature.

In the next section we describe the data. We then present our demand estimates

using within-congressional district variation, along with heterogeneity and robustness

exercises. We then present our empirical model of political competition and endoge-

nous supply of environmental policy, and discuss identification and consistency with

the demand estimates. We then present results from the unified model of political

equilibrium, with both demand and supply estimates. Finally, we integrate climate

projection data with our structural estimates and project various future scenarios for

how climate change will change the composition and ideology of the U.S. House of

Representatives. The last section concludes.

2 Data

This section presents an overview of the main data sources employed in the paper.

All the details of the data construction can be found in the Online Appendix.

Electoral Voting Data: We use precinct-level voting data from Longuet-Marx

(2024). Precincts are the smallest level at which election results are reported in the

United States. A precinct has on average 1,200 registered voters, that is, on average, 60

times smaller than a county and 400 times smaller than a congressional district. Since

precinct boundaries change over time, in order to build a stable panel of geographic

subunits of a congressional district, we impute all precinct votes to the 2010 census

block-group level, which have approximately the same population size as precincts.

A U.S. Census block-group is a geographical unit used by the United States Census

Bureau for collecting and reporting demographic data. It is a subdivision of a census

tract and is further divided into census blocks. We also obtain block-group-level demo-

graphics from the decennial U.S. Census and the American Community Survey (ACS)

for each election.
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Climate: Our primary data for temperature and precipitation comes from an up-

dated version of Schlenker and Roberts (2009), which reports daily minimum temper-

ature, maximum temperature, and total precipitation on each 2.5 mile × 2.5 mile grid

cell for the contiguous United States. At the grid-cell level, we first construct weather

measurements as follows. First, we calculate the mean and standard deviation of av-

erage daily temperatures (maximum plus minimum temperature of the day divided by

two) and precipitation for each calendar day of the year (January 1st, ... , Decem-

ber 31st) between 1959 and 2000. For each grid cell starting in 2001, a day’s average

temperature or precipitation is considered to be extreme if the day’s temperature or

precipitation exceeds the historical average for that day by two historical standard

deviations. Aggregating to the year level, we count the total number of days with

extreme temperature and precipitation for each year from 2000 to 2022. We also count

the number of days that exceeds a number of temperature and precipitation thresholds

(e.g., 30 degrees Celsius), total precipitation, and average temperature of the year,

and various temperature and precipitation bins indicating the number of days with

temperature and precipitation within a fixed range for each grid cell.

To aggregate grid cell-by-year-level data to census block-group and congressional

district level, we first match each census block’s centroid to the four closest grid cells.

The census block’s estimated days with extreme temperature, precipitation, and other

weather variables are the weighted average of the corresponding variables for the linked

grid cells, inversely weighted by the grid cell’s distance to the census block centroid.

We then aggregate block-level data to the block-group level by taking a population

weighted average of block-level variables.

Candidate Positions on the Environment: We use the campaign environ-

mental ideal points calculated in Longuet-Marx (2024). These policy positions are

calculated by combining text data from candidate official websites obtained from the

Library of Congress with candidate survey information from Project Vote Smart, a

non-partisan organization that collects and distributes information on candidates run-

ning for public office in the United States and whose data has long been used in the

Political Science and Political Economy literature (Ansolabehere, Snyder Jr and Stew-

art III, 2001).5 Candidate ideal points are estimated using a Bayesian item response

model on the environment-specific questions posed to candidates in the Vote Smart

survey. The campaign webpage text is then used to predict ideal points for the set of

candidates in both samples, and then ideal points are predicted out-of-sample, ensur-

5See the Political Courage Test (formerly the National Political Awareness Test, NPAT)
https://www.votesmart.org/.
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ing an environmental ideal point for each candidate. Appendix Figure A.13 show that

for winners, roll-call votes made in Congress on environmental bills are significantly

correlated with the campaign ideal points used in our analysis. Reassuringly, the corre-

lation of the campaign environmental ideal points is much stronger with roll-call ideal

points on environmental bills specifically than on roll-call votes in general (Appendix

Figure A.14), as measured by the first dimension of DW-Nominate (Poole and Rosen-

thal, 2011) or unbiased ideal point measures proposed by Canen, Kendall and Trebbi

(2021).

Green and Brown Jobs: We construct a measure of employment in“green” jobs

for residents of a block-group by combining multiple data sources. We adopt a defi-

nition of green jobs based on the Bureau of Labor Statistics (BLS) Green Goods and

Services (GGS) survey, conducted in 2011. We classify as green those NAICS 4-digit

industries that fall under category 1 (“Energy from renewable resources”) and 2 (“En-

ergy efficiency”). The BLS GGS also provides a share of employment, within each of

those industries, that is deemed to be devoted to green activities. Ideally, we would

observe each block-group b’s residents employment in NAICS 6-digit industry i. Lack-

ing such detailed industry employment information, we approximate GreenEmpbt as

detailed in Appendix section B.2 using data on: i) block-group employment at NAICS

2-digit level from the Decennial Census and the Census LEHD Origin-Destination Em-

ployment Statistics (LODES) Residence Area Characteristics (RAC) dataset; ii) com-

muting flows from block-groups to counties at a super-sector level from the LODES

Origin-Destination (OD) dataset; iii) county employment by NAICS 6-digit from the

County Business Patterns (CBP) and the BLS Quarterly Census of Employment and

Wages (QCEW). The logic behind this approximation is that, while we know b’s res-

idents’ NAICS 2-digit sector of employment, we do not know which specific NAICS

6-digit industry employs them. Therefore we attribute the industry based on com-

muting to jobs in potentially different counties and those counties’ shares of green

employment within each NAICS 2-digit industry. In this process we employ a con-

strained imputation method analogous to Autor et al. (2024), detailed in the Online

Appendix.6

The construction of the number of “brown” jobs in block-group b is analogous to

that of green jobs. We classify as brown jobs those easily recognizable as related to oil

and gas extraction, coal mining and their support activities (OGC). The list of eight

6-digit NAICS industries can be found in Appendix Section B.2, but they are all within

6We especially thank David Dorn for suggestions and sharing details about the code.
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NAICS 2-digit industry 21 “Mining, Quarrying, and Oil and Gas Extraction”.

The geographic variation in our main variables is illustrated in the maps in Figure 1.

There is clear evidence of spatial correlation in voting patterns, weather changes, and

employment changes. By looking at panel variation within congressional district-year

units, we are controlling for a variety of confounds that might contaminate a simple

regression of voting on weather. In particular, the positions of candidates, which we

will see are essential for projections, are potentially correlated with climate changes.

Controlling for (congressional district × election year) fixed effects effectively sweeps

out any variation coming from politician responses to climate or employment changes.

Projections of Future Climate: Data for the weather projections come from the

NASA Earth Exchange (NEX) Global Daily Downscaled Projections (GDDP) dataset.

The NEX-GDDP dataset contains daily average temperatures and precipitation pro-

jections from 2015 up to year 2100 at the resolution of 25km × 25km (0.25 × 0.25

degrees in latitude × longitude) grids coming from different climate models of the 6th

generation of the Coupled Model Intercomparison Project (CMIP6). We use the pro-

jections of Community Earth System Model 2 (CESM2), developed and maintained by

the NSF’s National Center for Atmospheric Research (NCAR).

All NEX-GDDP models, including CESM-2, projected outcomes correspond to four

different “Shared Socioeconomic Pathway” (SSP) scenarios, named SSP126, SSP245,

SSP370, and SSP585. Each SSP predicts how a different set of socioeconomic and

policy responses could influence climate outcomes. SSP585 reflects a worst case “busi-

ness as usual” where carbon emissions continue to increase along with historical trends

without policy mitigation. SSP370 is a “middle of the road” outcome with still no

climate policies, but milder increases in emissions relative to SSP585. SSP245 corre-

sponds to a scenario where policy successfully restricted global warming to be below

3C by year 2100, while SSP126 reflects an optimistic outcome where warming will be

below 2C. Each model × scenario is a dataset at the day × latitude-longitude grid cell

level, describing the temperature and precipitation at the grid cell for each day of the

year from 2024 to 2050.

We build a congressional district × election year level dataset of weather variables

(average temperature, total precipitation, days of extreme temperature & precipita-

tion) by comparing the projected temperatures with historical means under each sce-

nario.

Projected Jobs Data: For jobs projections, we use the BLS Occupational Outlook

Handbook (BLS OOH), which projects job growth between 2023 and 2033 for various
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NAICS code sectors at the 3 to 6 digit levels. We construct the annualized growth rate

of each 6 digit 2012 NAICS sector using the 2012-2022 NAICS crosswalk.7

Starting with our data of “brown” and “green” jobs at the block-group × 6 digit

NAICS sector level in 2021, we construct the growth rate of brown and green jobs

for each block-group between 2023 and 2033 by taking a weighted average of the BLS

OOH growth rate for each 6-digit NAICS sector, weighted by the current importance

of each sector in that block-group. For example, the annualized growth rate of green

employment in block-group b is:

GreenGrowthbt =

∑I
i GrowthRateit ×GreenEmpbi,2021∑I

i GreenEmpbi,2021
(1)

where i indexes a 6-digit NAICS sector and GreenEmpbi,2021 is the number of green

jobs for sector i in block-group b in year 2021.

We also predict the growth rate of block-group-level total employment with the same

method by aggregating all sectors, which gives us the growth rate of the proportion of

green and brown jobs in each block-group, which we then collapse to the congressional

district level.

The time-series averages of our variables along with the projections are plotted in

Appendix Figure A.16. The geographic distribution projected in 2050 is presented in

the maps in Figure A.17.

3 Voter Demand Specification

In this section we begin by examining the reduced-form effects of climate variation

on voting patterns and the robustness of the sensitivity of Democratic vote shares to

temperature, precipitation and employment shocks. We then augment the demand

specification to include (instrumented) employment changes in “green” and “brown”

jobs from climate adaptation in order to probe its robustness to issues of endogeneity.

We follow the climate-economy literature and include fine geographic (in our case

census block-groups) fixed effects, as well as coarser geography by time fixed effects.

Our baseline specification is given by:

ybt = βtTempbt + βpPrecipbt + αXbt + µb +Ωc(b),t + ϵbt (2)

where ybt is the share of votes cast for the Democratic candidate minus the share of

7https://www.bls.gov/cew/classifications/industry/qcew-naics-hierarchy-crosswalk.htm
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votes cast for the Republican candidate in block-group b in election year t. Recall

that a block-group is the stable geographic unit that we employ. Tempbt and Precipbt

are measures of temperature and precipitation in block-group b and election year t

as described in Section 2. Let µb indicate block-group fixed effects, which absorb

time-invariant heterogeneity. We refer to c(b) as the congressional district to which b

belongs. Ωc(b),t are congressional district × election year fixed effects, and absorb all

the variation coming from candidates and campaigns, as well as other sources of time-

varying heterogeneity at the broader geographic level of a congressional district. More

precisely, as congressional district boundaries change due to redistricting after each

Decennial Census, by congressional district c we intend the geographic unit defined

by a congressional district per redistricting cycle. We will use the term congressional

district for brevity whenever it is not confusing. In Xbt we include varying sets of

controls, and we cluster our standard errors two ways, at the congressional district c(b)

by election t level and at the block-group level.

While the exogeneity of weather shocks allows identification of parameters βt and

βp, we still have to contend with the possible correlation of weather shocks with un-

observed characteristics of voters that affect their political orientation. For example,

climate change could induce changes in the composition of voters, due to selective mi-

gration (for example, by education). This omitted variable bias is alleviated by the

extensive set of block-group-level controls and by the introduction of block-group fixed

effects, which net out any time-invariant unobservable determinant of voting behavior.

3.1 Climate Results

Figure 2 shows binned scatter plots from a set of specifications corresponding to

equation (2), including only block-group fixed effects and congressional district × elec-

tion year fixed effects, with coefficients from these specifications shown on the graphs.

The data clearly show an upward sloping relationship between Democratic vote share

and extreme temperature.

The coefficients implied are quantitatively meaningful. A one standard deviation

increase in days above 2 standard deviations from the historical average (8.09 days)

results in 1.6 percentage point higher Democratic vote share. To put this number

in context, the effect of an additional 10 days of extreme temperature is comparable

to a persuasion effect of 7.5 additional minutes from Fox news a week (Martin and

Yurukoglu, 2017), or slightly smaller than a one standard deviation of partisan dif-

ferences in advertising as estimated by Spenkuch and Toniatti (2018). The effects of

precipitation are smaller and less precise, but nonetheless we are unable to rule out
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politically significant effects of precipitation. A one standard deviation increase in

precipitation (6.73) results in a smaller and less significant increase of 0.3 percentage

points in Democratic vote share.

To examine whether our results are driven by the particular transformations of

daily weather data chosen, in Figure 3 we show our results using variables constructed

by counting the number of days in temperature and precipitation bins as alternative

independent variables. We find that the vote share effects of temperature appear

indeed concentrated at the extreme temperature events, with largest effects found for

a variable measuring the count of days greater than 25 degree Celsius. Precipitation,

on the other hand, has significant positive effects at more moderate values.

Consistent with the larger effects of weather extremes, in Appendix figure A.8 we

show similar binscatters using average rather than extreme temperature and precipi-

tation outcomes. The average values of each of the variables have the same sign as in

our preferred specification, but are, unsurprisingly, attenuated and less precise.

Much of the climate literature has focused on experience of environmental extremes

as driving negative effects (e.g. in agriculture as in Schlenker and Roberts (2009) and

on mortality as in Carleton et al. (2022)). Motivated by the above results, we focus

on extremes in this paper as well. We focus on the extreme temperature variable

throughout, but always include extreme precipitation as an additional independent

variable.

In Appendix Figure A.9 we show binned scatterplots of turnout against our pre-

ferred climate variables. Temperature extremes do influence turnout, and this could

drive some of the observed effects on Democratic vote share, but the effects are not

large enough to explain all of it. Extreme precipitation does not have any statistically

significant effect on turnout.8

Sensitivity: We probe the robustness of our climate estimates in the voter demand

equation to a variety of specifications. We first experiment with adding extensive con-

trols in columns 1 and 2 of Table 1. Columns 3 and 4 include controls, but probe

robustness to omitting the block-group fixed effects. Because block-groups are so ge-

ographically small, and some congressional districts are very geographically large, the

weather variation eliminated by controlling for block-group fixed effects might be sub-

stantial, and might mask effects coming from differential adaptation (e.g. some low-

altitude parts of a Congressional district always experience high temperatures, and are

more Republican, but temperature extremes have little effect). However, the Table

8We note that in specifications where we control for (endogenous variable) turnout the Democratic vote
share effects remain significant, suggesting that not all the effects are coming from turnout.
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shows that the climate effects become an order of magnitude larger when these fixed

effects are removed, suggesting that the block-group fixed effects are capturing a latent

positive correlation between (within-district-year) climate and Democratic vote share.

In Table 2 we further probe robustness. Column 1 replaces the block-group fixed

effects with a time-varying six degree polynomial of latitude and longitude (including

interactions). The coefficients here are closer to those without block-group fixed-effects,

and so suggest other geographically smooth characteristics are not the unobserved vari-

ables picked up by the block-group FE. Because there are many unobserved variables

at the block-group level that could influence the net partisanship of voting, we opt

to maintain the conservative specification, including block-group fixed effects, as our

primary one.

Column 2 of Table 2 augments the baseline specification with media market (DMA)

by election year fixed effects, to control for any effects of climate driven by differential

media exposure. Effects are slightly larger than in our main specification, but qualita-

tively similar, suggesting that differential media coverage is not a substantial driver of

our results. Columns 3-5 report standard errors adjusted for spatial autocorrelation,

using the Conley (1999) standard error formula. We use radii of 25, 50, and 75 kms

across these columns, and find that all of our climate variable estimates are unchanged

in their precision.

Appendix Tables A.6 and A.7 further show robustness to alternative specifications

of the climate variables. We show results with and without block-group fixed effects,

and with and without controls, for average temperature and precipitation, and ex-

treme negative temperature and precipitation deviations. All of these specifications

are qualitatively similar to our baseline specification.

3.2 Incorporating Climate Adaptation: Green and Brown

Jobs:

In this section we introduce measures of the labor market dynamics associated with

climate policies and the green transition. We capture the consequences of transitioning

from fossil fuels to renewable energy with the shares of green and brown jobs in a block-

group b as described in section 2. The availability of green jobs is expected to increase

support for climate change policies, like carbon prices and green subsidies, and result

in a higher vote share for Democrats, who are more supportive of such policies than

Republican candidates over our time period of analysis. The opposite is expected for

brown jobs.
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We augment equation (2) as follows:

ybt = βtTempbt + βpPrecipbt + ηBShBrEmpbt + ηGShGrEmpbt︸ ︷︷ ︸
≡Vbt

+ αXbt + µb +Ωc(b),t + ϵbt (3)

where ShGrEmpbt = GreenEmpbt/Empbt is the ratio of green employmentGreenEmpbt

as described in Section 2 and total employment Empbt in block-group b (from LODES

RAC). Equation (2) maintains symmetry between weather and jobs in order to main-

tain a consistent demand model. The share of brown jobs ShBrEmpbt is defined

analogously for brown jobs. For ease of reference, we collect all of our independent

variables in the block-group election year vector Vbt.

The causal identification of the effect of green and brown jobs on vote shares presents

a distinct set of challenges, compared to the effect of temperature and precipitation.

A first challenge is that the extent of within-block-group variation over time is

lower for green and brown jobs than for temperature and precipitation. The within-

block-group data generating process has lower variation in jobs than climate shocks,

as, intuitively, employment profiles of block-groups tend to be fairly stable from one

congressional cycle to the next. This is a limitation we cannot circumvent. However,

thanks to the granularity of the block-group level voting data, which is key for our

identification of the effect of demand drivers, it turns out that one can still gather

substantial information from the more substantial job changes that occasionally occur.

For this reason in Equation (3) we maintain symmetry in the way temperature, pre-

cipitation, green and brown jobs enter the equation, allowing us to directly compare

the effects of our mitigation variables with the effects of the climate variables.

A second challenge is potential endogeneity of jobs. The discussion of omitted

variable bias due to unobserved characteristics affecting the residential selection of

individuals into certain block-groups applies to employment as well. Individuals that

live in block-groups with greater brown employment may be less prone to vote for

Democrats just because fossil fuel industries tend to be located in more conservative

areas of the country. An additional identification also challenge comes from the reality

that green and brown jobs do not randomly appear in different areas. It is not clear

which sign this bias would introduce in the estimation of ηG and ηB. It could be

the case, for example, that green subsidies are granted more generously to politically

contested areas that feature lower support for Democrats, in order to attract enough

votes to win. On the other hand, it could be that green subsidies are spoils awarded

to reliably Democratic areas. In order to address such endogeneity bias, we adopt
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an instrumental variable approach. To assess the robustness of Equation (3) we build

shift-share instruments for green and brown jobs by combining nation-wide yearly green

and brown employment (the ‘shift’) and initial (i.e. year 2000) block-group b shares of

green and brown employment (the ‘share’) as detailed in Appendix Section B.3. We

follow recent developments in the literature focused on this methodology by controlling

for initial shares of green and brown employment as suggested by Borusyak, Hull and

Jaravel (2022).

The third and fourth rows of Table 1 reports the additional estimated coefficients

from specification (3). Column 1 and 2 include only congressional district × election

year fixed effects, while columns 3 and 4 additionally include block-group fixed effects.

Columns 2 and 4 present IV regression results.

Across all columns, a larger share of brown jobs is associated with a lower Demo-

cratic percentage vote margin, confirming the view that areas whose labor markets

depend more on fossil fuel industry employment tend to vote against Democratic can-

didates. The magnitude is economically relevant: a one standard deviation in the

share of brown employment (corresponding to 1.79 percentage point) results in a 0.3

percentage point reduction in the Democratic vote margin.

Regarding green employment shares, column 1 returns a negative effect of green

jobs on Democratic vote margins, which turns positive both in column 2 and column

3. This is contrary to our hypothesis that a large share of green jobs would signal

job opportunities linked to climate policies and increase support for Democrats. An

analysis of the role of controls reveals a potential reason behind this negative coeffi-

cient. The equivalent of column 1 in a specification without controls features a much

larger coefficient on green jobs. It turns out that the share of green jobs is positively

correlated with control variables, like the share of married individuals and the share of

rural population, and negatively correlated with the share of population with tertiary

education. In short, the share of Green employment, when included without controls,

stands in for a number of variables that positively correlate with Republican voting,

hence producing a negative correlation with the Democratic vote share in column 1.

This implies that, not only one should include controls, but that only block-group fixed

effects can properly account for this cross-sectional correlation between green employ-

ment share and tendency to vote Republican. The IV approach in column 2 also does

so, confirming our explanation, but sometimes runs into issues of weak instruments

due to the large share of variation absorbed by the block-group fixed effects in the first

stage.

Overall, the effect of green jobs on Democratic vote share margins is large: a

one standard deviation increase in ShGrEmpbt (which equals 0.48 percentage points)
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corresponds to an increase in the Democratic vote margin of over 15 percentage points.

By and large, the IV approach confirms the robustness of the main results of the OLS

demand regression in Equation (3).

We examine robustness to various sets of spatial controls, just as above, in Table

2. As with the climate coefficients, the spatial controls do not alter the basic pattern

of results in Table 1.

Overall, our demand analysis illustrates several important takeaways. To the ques-

tion of whether lack of policy response on climate may be the result of lack of demand

on the part of voters, the answer appears to be no. Local temperature and precipita-

tion shocks affecting small groups of voters do significantly shift their political choices.

This may be the direct result of updating and learning as postulated in Hoffmann

et al. (2022) or the result of psychological salience of climate change. Shocks to local

employment conditions also matter, with jobs associated with the green transition pre-

dicting support for more climate friendly candidates. In terms of relative magnitude

of the share of variance of voting explained, temperature and precipitation shocks ap-

pear to be somewhat quantitatively larger than employment shocks. In terms of their

relative importance in driving voter demand for Democratic candidates, we find that a

one standard-deviation increase in extreme local temperature and precipitation have an

approximately 80% larger effect in the OLS specification than a one standard-deviation

change in green and brown employment.

In Appendix Tables A.9, we present a complimentary analysis of demand using

partisan energy regulator elections in Texas, using data from Boomhower (2024). We

show that our results are qualitatively similar to our full sample when restricted to

house elections in the Texas subsample. We then show that these Texas-specific co-

efficients are quantitatively very similar when the outcome is precinct (block-group)

level voting for energy regulators. Since energy regulators have a singular focus on

environmental issues, this analysis shows that our shocks are indeed driving demand

for climate policy, not other issues on which Democrats and Republicans differ.

3.3 Heteogeneity

To conclude our demand analysis, we also examine the heterogeneity implied by

models of political competition (Persson and Tabellini, 2002). The effects of demand

shocks on Democratic vote shares should be larger when the difference in the candidate

climate ideal points is larger, which we show formally in Appendix C.

Appendix Figure A.12a and Appendix Figure A.12b both show that the climate

effects are larger where the (exogenous component of) the difference in candidate ideal
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points is larger. In Appendix Table A.8 we further show that the effects of all of our

demand shocks are larger when the Republican and Democratic candidates are farther

apart in climate ideology, either measured averaging over all years, or measured using

only contemporaneously measured ideology.

In principle, these and other sources of heterogeneity could be incorporated into

the structural analysis and projections below. However, we focus on our simpler, linear

model of demand in order to retain enough precision to make meaningful forecasts out

to 2050.

4 Estimating Effects on Politician Supply

This section extends our empirical analysis beyond voter demand estimation. The

reasons for focusing on political supply in the context of climate politics are twofold.

First, by focusing on the demand-supply equilibrium, we are able to recover important

parameters from the political economy perspective, such as the sensitivity of platforms

to expected vote shares, as well as the sensitivity of vote shares to changes in the policy

platforms of politicians. Second, a full system for demand and supply is necessary for

forecasting future political equilibria.

The reduced-form estimates in the previous section are internally valid estimates of

the effects of climate changes and climate-related employment changes on partisan vote

shares, holding fixed candidates and campaign platforms in each U.S. House election.

Given our interest in predicting the effect of climate change on equilibrium policy,

however, we need to account for the sensitivity of policy platforms to expected vote

shares. We also need to account for how shocks change the supply of environmental

policies, as temperature, precipitation, and employment could directly affect candidate

positioning on climate, independently of effects on voter demand. Estimating these

effects means leaving the within (congressional district × election year) variation and

moving to cross district×year variation, as candidate platforms do not vary at block-

group level within a congressional race, but rather across congressional races. Our

demand estimates in Section 3 will still be important for identifying the supply of

policies, and we will condition on the predictions implied by the estimates from the

previous section to recover the direct effects of our shocks on supply, while accounting

for the indirect effects via changing political demand.

In this section, we will work with an empirical model for integrating political de-

mand and supply for our problem. As a simple microfoundation for our system of

equations, we set up and solve a standard probabilistic voting model of political com-
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petition over climate policy in Appendix C. The model illustrates why conditioning

on district-year is important for recovering demand, and why controlling for demand

parameters is important for recovering the direct effects on supply. We keep our struc-

tural framework deliberately streamlined (i.e. linear in all parameters). This is done in

order to make identification of all parameters as transparent as possible to the reader.

Furthermore, the model’s parametric parsimony can pay off in terms of improving

statistical precision in forecasting the effects of climate changes on future political

equilibria, as we show in Section 5. Despite its simplicity, we show that our empiri-

cal framework can deliver non-obvious interactions of demand and supply changes in

response to climate and employment shocks.

4.1 Supply Specification

As political competition occurs at the congressional district level c in election year t

and policy platforms of Republicans, xrct, and Democrats, xdct, vary only across districts,

we cannot rely solely on our block-group level b variation.

Denote by Bc the set of all block-groups in congressional district c. Maintain-

ing the definition of ybt as the block-group level winning margin of the Democrat at

time t, denote ȳct the average winning margin of the Democratic candidate in district

c. Further indicate with Vbt block-group exogenous determinants including weather

shifters, employment, including green and brown jobs, and other exogenous covariates,

such as the employment rate, and with V̄ct the vector of averages of these covariates

in congressional district c at time t. Assume the policy position of the candidate is

function of four different components. First is the set of exogenous determinants V̄ct,

capturing the changes in the candidate preferences directly linked to district conditions

and candidate learning. Second, the position of the candidate is further driven by the

expected support in the electorate, approximated by ȳct. Third, we suppose that a

component of the supply function for each candidate is a set of district and election

year fixed effects, as well as an idiosyncratic error.

Fourth, we include a party-p specific supply shifter zpct capturing party effects and

non-local conditions influencing the candidate’s platform choice. For the analysis in

this paper we posit zdct as the average of the environmental policy positions taken

by Democrats in congressional districts immediately neighboring c within the state,

and zrct for Republicans. We assume that each party’s supply shifter only affects that

party’s supply (conditional on district and election year fixed effects), and is orthogonal

to other, unobserved determinants of policy supply and demand. Democrat supply of

policy xdct is only a function of zdct, and similarly for the Republicans. These supply
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shifters are not only useful for realism, adding a role for local party effects on candidate

platforms (i.e. assuming that they are affected in part by considerations outside the

specifics of the electoral race), but they also are crucial for identification. Without zpct,

our empirical model would lack the necessary exogenous variation to isolate the effects

of changes in policy platforms and other endogenous variables on vote shares.

With these elements, we can write Democrat policy supply as:

xdct = λdV̄ct + βdȳct + πdzdct + ωd
c + ζdt + ηdct, (4)

and, similarly, the Republican policy supply function is given by:

xrct = λrV̄ct + βrȳct + πrzrct + ωr
c + ζrt + ηrct. (5)

To close the empirical model, let us recall our demand specification from Section 3:

ybt = δVbt +Ωct + µb + εbt. (6)

It is important to notice here that we can consistently estimate the coefficients δ using

the approach of Section 3. To further capture cross-district variation in demand driven

by candidate positions, we parameterize the district-by-year fixed effects Ωct as:

Ωct = γdxdct + γrxrct + µc + κt + εct. (7)

This specification allows the average democratic vote share in a district-year, net of

block-group fixed effects and block-group covariates Vbt, to be driven by Democratic

and Republican campaign platform positions. Combining equations (6) and (7) and

aggregating at the (c, t) level, we have the demand function:

ȳct = δV̄ct + γdxdct + γrxrct + (µc + µ̄c)︸ ︷︷ ︸
νc

+κt + (εct + ε̄ct)︸ ︷︷ ︸
ξct

(8)

where µ̄c =
1

#Bc

∑
b∈Bc

µb, and ε̄ct =
1

#Bc

∑
b∈Bc

εbt. Our empirical model therefore

consists of the set of equations (4), (5), and (8), which jointly describe the congressional

race political equilibrium.

4.2 Estimation

The system (4), (5), and (8) is identified and can be estimated following a two-step

procedure. The first step involves a block-group level demand estimation which we have
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already performed in Section 3. We employ equation (6) to estimate δ̂ and district-

by-year fixed effects Ω̂ct. The second step proceeds by performing the district-level

estimation. Starting from equations (4), (5), and (7), we can substitute in the estimated

district-by-year fixed effects Ω̂ct and employ a (weighted) two-step Generalized Method

of Moments (GMM) to estimate all remaining parameters.

Specifically, we first apply the Frisch-Waugh-Lovell theorem to partial out the

congressional district fixed effects and year fixed effects from V̄ct, z
d
ct, z

r
ct, x

d
ct, x

r
ct,

ȳct, and Ω̂ct, and obtain ˜̄Vct, z̃
d
ct, z̃

r
ct, x̃

d
ct, x̃

r
ct, ˜̄yct, and Ω̃ct. Denoting η̃dct = x̃dct −(

λd ˜̄Vct + βd ˜̄yct + πdz̃dct

)
, η̃rct = x̃rct −

(
λr ˜̄Vct + βr ˜̄yct + πrz̃rct

)
, and ε̃ct = Ω̃ct − γdx̃dct −

γrx̃rct, our sample moment conditions are:

η̃dct ·
[
˜̄V

′
ct, z̃

d
ct, z̃

r
ct

]
= 0,

η̃rct ·
[
˜̄V

′
ct, z̃

d
ct, z̃

r
ct

]
= 0,

ε̃ct ·
[
z̃dct, z̃

r
ct

]
= 0,

Cov(η̃dct, η̃
r
ct) = 0,

Cov(ε̃ct, η̃
r
ct) = 0,

Cov(η̃dct, ε̃ct) = 0,

In order to correct for the fact that the demand district-by-year fixed effects, Ω̂ct,

which are outcomes in equation (7), are estimated and are therefore affected by sam-

pling error, we weight each (c, t) observation by the inverse of the variance of the

estimated Ω̂ct in the GMM objective function. We cluster the standard errors at the

congressional district level. For the computation of the asymptotic variance covariance

matrix of the GMM estimator, we use a degrees of freedom correction based on the

number of equations in the system and cluster our standard errors at the congressional

district level.

4.3 Results of the Equilibrium Model

Table 3 presents the estimates of our equilibrium model. The table is divided into

three parts, corresponding to the system of equations (4), (5), and (8). The first part of

the table reports estimates for the position of the environmental policy platform of the

Democrats, based on equation (4). A one standard deviation increase in the number

of days with temperatures exceeding two standard deviations results in Democrats
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shifting their environmental policy position to the right by 0.0237 points, equivalent to

a 3.6% increase from their average position. The effect of precipitation on Democratic

positioning, however, is negligible.

Temperature making Democratic candidates more conservative may seem counter-

intuitive. However, it is important to note that this effect is net of the effect on voter

demand, and so can be interpreted as the additional effect of climate on position. Can-

didates are thus not pulled to the left on climate as much as would be predicted by

demand alone. This could be because of a variety of within-party forces (e.g. pri-

maries, campaign finance, candidate selection), or simply an unmodeled mechanism

where climate shocks make climate policy more salient, and so candidates pivot to the

center in order to compete more effectively on this dimension.

While imprecisely estimated, the effects of green and brown jobs on Democratic

positioning are similar in magnitude, but intuitively opposite in direction. For instance,

a one standard deviation increase in brown jobs moves Democrats 0.0427 points closer

to the center, whereas a comparable increase in green jobs shifts their position 0.0410

points further to the left.

Democrats are also highly responsive to changes in expected voter demand. A

one standard deviation increase in their expected vote share allows Democratic party

candidates to shift 0.72 points further to the left in the policy space—equivalent to a

two-standard-deviation shift. Furthermore, the coefficient on the supply shifter zdct is

statistically significant, indicating that Democrats, intuitively, adjust their positions

based on the environmental policies of their local congressional delegation. This also

indicates strength in the identifying variation of the Democratic supply equation. The

estimated slope is 0.2, however, an effect well below a 1:1 pass-through of party policy

onto candidates’ positions. We interpret this magnitude as suggesting a non over-

whelming party influence along the environmental platform dimension.

The second part of the table reports estimates for the Republicans’ environmen-

tal policy positioning, based on equation (5). In contrast to Democrats, Republican

candidates are generally less responsive to weather and job shocks. In the case of ex-

pected vote share, the effect is economically close to zero: a one standard deviation

increase in Democratic vote share prompts Republican candidates to adopt slightly

more conservative positions. Only the policy shifter zrct and expected vote share coeffi-

cients are statistically significant. Similarly as for the Democrats, the estimated slope

is around 0.2 and statistically different from 1, suggesting that party delegations are

not overwhelmingly powerful in shaping platform choices in each specific congressional

race.

The final part of the table provides estimates for the district-level demand equation
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(equation (8)). By construction, the effects of weather and job shocks on voter demand

are the same as those observed in Section 3. What the district-level demand equation

reveals is that voters are significantly more responsive to shifts in Democratic posi-

tioning compared to Republican positioning. For example, holding the environmental

position of the Republican candidate constant, a move of one standard deviation to the

right (to the center) by a Democratic candidate increases their vote share by 9.2 per-

centage points. In contrast, a one standard deviation move to the right by Republican

candidates decreases the Democratic vote share by only 0.59 percentage points.

In Appendix Table A.10, we re-estimate the model, incorporating controls for dif-

ferences in employment, income, and the voting-age population at the congressional

district level. The results confirm that our estimates remain robust even when account-

ing for these additional characteristics.

As an additional check on our supply estimation, we conduct a placebo exercise

where we re-estimate the model but use only the cultural ideal points of the can-

didates, excluding the environmental dimension.9 Appendix Table A.11 shows the

resulting estimates. Naturally, the response of voter demand to our climate and job

shocks remain unchanged, as these are estimated using within-district-year variation.

However, we also see that none of these shocks affect candidate cultural ideal points.

Further, the cultural ideal points do not affect overall voter demand, and these remain

identified because the instruments (neighboring same-party cultural ideal points) are

still relevant. This exercise shows that our environmental ideal points are not just

reflecting overall ideological positions, but rather specific, climate-relevant ones.

Reduced-form Estimates. Given our structural estimates, we can also calculate

the reduced-form coefficients, which provide insights into how the model’s exogenous

variables (e.g., weather shocks, employment, party supply shifters) influence equilib-

rium supply and demand responses. Specifically, define Ξ =
1

1− βdγd − βrγr
,Λct =

ξct+γ
dηdct+γ

rηrct, αct = νc+κt, ρ
d
ct = ωd

c +ζ
d
t , and ρ

r
ct = ωr

c+ζ
r
t , then the reduced-form

equations for the demand and supply system are:

9Longuet-Marx (2024) shows that Democrats treat environmental issues as cultural while Republicans
treat them as economic.
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ȳct =Ξ
(
αct + γdρdct + γrρrct

)
+ Ξ

(
δ̄ + γdλd + γrλr

)
V̄ct

+
(
Ξγdπd

)
zdct + (Ξγrπr) zrct + (ΞΛct)

xdct =
(
ρdct + βdΞ

(
αct + γdρdct + γrρrct

))
+

(
λ̄d + βdΞ

(
δ + γdλd + γrλr

))
V̄ct

+
(
βdΞγdπd + πd

)
zdct + βd (Ξγrπr) zrct +

(
βdΞΛct + ηdct

)
xrct =

(
ρrct + βrΞ

(
αct + γdρdct + γrρrct

))
+

(
λ̄r + βrΞ

(
δ + γdλd + γrλr

))
V̄ct

+ βr
(
Ξγdπd

)
zdct + (βrΞγrπr + πr) zrct + (βrΞΛct + ηrct) .

These coefficients allow us to distinguish between direct effects and indirect effects. We

added a bar (̄·) to the parameters that reflect the direct effects and underlined (·) the
parameters that represent the indirect effects.

The results are presented in Table 4, which is divided into three panels, correspond-

ing to the three estimation equations. The reduced-form coefficients related to weather

and job shocks are shown across the rows. In columns (1)–(3), we report the effects

of temperature shocks on Democratic vote share, decomposing the total effects into a

direct component (δtemp) and indirect effects arising from changes in policy positions

(γdλd + γrλr). As observed in the previous table, temperature shocks are associated

with an increase in the share of Democratic votes. Notably, Democrats respond to

these shocks by shifting slightly to the right, and even small rightward shifts lead to

higher vote shares. Consequently, the indirect effect is positive and comparable in

magnitude to the direct effect.

Despite Democrats’ tendency to shift rightward in response to temperature shocks,

their actual movements in equilibrium are muted, with a total effect of only 0.001 (see

column 6). This is because the increase in expected vote share simultaneously allows

them to shift further to the left, as indicated by the βd coefficient. Republican responses

to temperature shocks are negligible, with small and statistically insignificant effects

(see columns 7-9). Similarly, the effects of precipitation largely align with those of

temperature shocks, though they are smaller in magnitude and statistically imprecise.

The last two rows of the table present the reduced-form effects of brown and green

jobs. As observed in the demand-side estimation, a higher share of brown jobs is neg-

atively associated with Democratic vote share. However, in equilibrium, these effects

are muted as Democrats adopt more conservative environmental positions. The result-

ing shift is sufficiently large that the total effect becomes positive, although it is not
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statistically significant (see column 6).

In contrast, the effects of green jobs are more pronounced. As seen in the demand-

side estimation, a higher share of green jobs is positively associated with Democratic

vote share. However, two supply-side factors offset this effect. First, as the share of

green jobs increases, Democratic candidates shift their platforms further to the left.

Second, as their vote share increases, they move even further leftward (column 6). The

combined effects of these two forces result in a total effect that, although imprecisely

measured, is negatively associated with Democratic vote share. A rationalization of this

finding is plausible. It would appear as Democratic candidates, who may be uncertain

about the exact elasticity of vote shares to green jobs, overestimate the the support

they may garner from green transition employment, especially in terms of how extreme

a policy position green jobs may afford them in the campaign.

5 Projecting Political Impacts of Climate Change

The results of the econometric model so far present a series of novel and econom-

ically relevant political elasticities, yet they do not make immediately explicit how

climate shocks and employment changes may ultimately translate into different politi-

cal equilibria in the future. For example, it is unclear based on Table 3 alone how big

of a difference medium-term weather shocks to a solid Democratic state like California

rather than weather shocks to a swing Republican leaning state like Arizona may mat-

ter electorally, and in terms of House majorities and roll-call voting. Indeed, shocks

to California may lead to no major congressional composition change leaving Demo-

cratic seat shares unchanged. Temperature and precipitation shocks in Arizona may

erode substantially Republican seat shares, shifting support to more climate friendly

politicians.

Using the projected values of our independent variables discussed in Section 2, we

obtain location-specific estimates for every election year from 2020 to 2050.

We use the model’s reduced-form coefficients to project how the political equilib-

rium will evolve over time in response to climate and employment changes until the year

2050. To do so, we begin the projections in 2020, using each congressional district’s ob-

served baseline values for (i) the Democrat’s vote share ȳct, (ii) the Democrat’s policy

position xdct, and (iii) the Republican’s policy position xrct. At two-year intervals (i.e.,

2022, 2024, 2026, etc.), we construct the policy shifters zdct and z
r
ct by taking the aver-

age of the lagged xd and xr from adjacent districts of district c. We then incorporate

the predicted district-level weather shocks (temperature and precipitation extremes)—
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obtained from multiple climate models—as well as predicted green and brown employ-

ment rates, and updated policy shifters into the reduced-form expressions to calculate

the next-period values for ȳ, xd, and xr. In each projection step, we fix the district-

and year-specific fixed effects (estimated from the structural estimation) to their 2020

values, thus assuming no redistricting and no further unobserved shocks beyond those

captured by weather and employment. The updated outcomes,
(
ȳc,t+2, x

d
c,t+2, x

r
c,t+2

)
,

then serve as initial conditions for the subsequent congressional cycle. Iterating this

process through 2050 provides a forward simulation of each district’s vote share and

policy positions under evolving weather and employment structures, while holding the

unobserved district and year-specific components at their baseline levels.

To construct 95% confidence intervals, we perform a 5,000-round bootstrap. In each

round, we draw the structural coefficients from a multivariate normal distribution with

means equal to the estimated parameters and a covariance matrix given by the cluster-

robust variance estimates from the two-step GMM. We also randomly sample residuals

from the structural estimation and add them to the predicted ȳct, x
d
ct, and x

r
ct. This

procedure produces predictive intervals that account for both parameter uncertainty

and unexplained variation in the original estimates.

In Panel A of Figure 4, we plot the contribution of temperature shocks to Demo-

cratic vote margins, averaged across congressional districts from 2022 to 2050, under

two different temperature scenarios: the 585 Model and the 126 Model. The 585 Model

assumes that carbon emissions continue to increase along historical trends without pol-

icy mitigation, while the 126 Model reflects the highest level of climate change miti-

gation, keeping global surface temperature changes below 2 degrees Celsius. For these

reasons, the two scenarios can be interpreted as conceptual upper and lower bounds in

this exercise. Figure 4 also decomposes the effects into temperature’s direct impact on

vote margins and the indirect effects generated by Democratic and Republican policy

responses. The final plot in each panel presents the total effects.

Under the 585 Model, we project Democratic vote margins to increase by 4.2 per-

centage points by 2050. This increase arises equally from the direct effects of rising

temperature shocks on vote share and the indirect effects of Democratic candidates

shifting slightly to the right, a response that resonates strongly with voters. As ex-

pected, the effects are more muted under the 126 Model, where Democratic vote mar-

gins are projected to increase by only 1.6 percentage points.

In Panel B, we present the contribution of precipitation shocks to projected vote

margins under the two climate scenarios. Unlike temperature shocks, the effects of

precipitation are much smaller and statistically imprecise, as suggested by our reduced-

form estimates. Both models indicate that the impact of precipitation on vote margins
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will change very little over the projection period.

Panel C displays projections for the effects of employment shifts in green and brown

jobs on Democratic vote margins, under the 585 Model. As observed in Table 4, an

increasing share of green jobs in a district is associated with greater support for Demo-

cratic candidates. However, this support is unlikely to grow over time and may even

decline slightly by 2050. Democrats respond to this increased support by adopting

more liberal environmental platforms, leading to a total effect on vote share that re-

mains negative throughout the period. This correction should not be overinterpreted,

as the effect is not statistically significant.

The contribution of brown jobs to Democratic vote margins follows a similar, albeit

opposite, trend. We project the total effects of brown jobs on vote margins to remain

positive but small in magnitude and statistically imprecise throughout the projection

period.

State Projections. The results presented in Figure 4 are averaged across all con-

gressional districts and therefore mask significant heterogeneity in effects across states.

To address this, Figure 5 presents the differences between 2050 and 2022 in the contri-

butions of projected changes to exogenous variables on Democratic vote share, broken

down by state.

In Panel A, we report the contribution of changes in climate shocks to Democratic

vote share. The largest temperature shocks are projected to occur in the Southwest

region of the United States, where extreme temperatures are expected to increase the

most over the projection period (see Panel A of Appendix Figure A.17). For instance,

under the 585 Model, the number of days with temperatures exceeding two standard

deviations is projected to increase by an average of 68 days in Oklahoma, Colorado,

Texas, and Arizona. As a result, we project that this rise in temperature shocks will

increase Democratic vote share by approximately 7 percentage points in these states

by 2050. In contrast, the smallest effects of temperature are projected in Oregon and

Washington. In these states, we project less than a 1 percentage point increase.

Panel B presents the results for precipitation. Although there is substantial varia-

tion across states, with effects even changing sign in some cases, the magnitudes remain

small and imprecise. For example, in California, which exhibits the largest effect in

absolute value, we predict that changes in precipitation shocks will reduce projected

Democratic vote share by less than 0.4 percentage points.

Panels C and D illustrate the differences in the contributions of green and brown

jobs to the projected Democratic vote share. The results for green jobs are similar

to those observed for precipitation. Despite notable heterogeneity across states, the
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effect sizes are small and statistically insignificant. The largest projected effect occurs

in New Mexico, which is expected to see the greatest increase in the share of green jobs

over the next 30 years. Here, we estimate that the change in green jobs will result in

a 0.4 percentage point decline in Democratic vote share.

For brown jobs, we predict a significant decline in Democratic vote share in West

Virginia. Recall that while the direct effect of brown jobs on Democratic vote share is

negative, the total effect – accounting for supply-side responses – is slightly positive.

As the share of brown jobs in West Virginia declines over the projection period, so

does their contribution to Democratic vote share.

Compositional Changes to the House of Representatives Given our pro-

jected effects on vote share, one might wonder whether these changes are sufficient

to alter the composition of the House of Representatives and potentially its ideolog-

ical orientation. In Figure 6, we present four plots. The upper-left quadrant shows

the projected share of Democrats elected to the House of Representatives, while the

upper-right quadrant depicts both the average and median projected campaign po-

sitions on environmental policies of all elected House members. The bottom panels

focus on party-specific trends, with the bottom-left plot showing the average and me-

dian projected campaign positions among elected Democrats, and the bottom-right

plot showing the same for elected Republicans.

Taken together, these plots reveal an intriguing set of findings. By 2050, the me-

dian member of the House, and to a lesser extent the average member, is projected to

adopt a much more liberal stance on environmental policies compared to 2020. This

shift occurs despite the fact that the average and median campaign positions of both

elected Democrats and Republicans are becoming more conservative over time. These

seemingly contradictory patterns are explained by the increasing share of House seats

held by Democrats, who, while becoming more conservative themselves, remain signif-

icantly more liberal on environmental policies compared to their Republican counter-

parts. Although these results reflect campaign positions on environmental policies, as

demonstrated in Section 4, these ideal points strongly correlate with elected members’

actual policy positions based on roll-call voting.

6 Conclusions

This paper focuses on the politics of climate in the United States from an empirical

perspective. Our main contribution is to econometrically decouple electoral demand

drivers for pro-environment politicians from supply drivers of candidate policy platform
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choices. Within the set of demand forces, we are able to separate effects due to extreme

temperature and precipitation events from economic drivers, such as the loss of brown

jobs and the gain of green jobs in certain geographic areas, which speak more to issues

of adjustment and adaptation. High temperature shocks and high precipitation shocks

increase support for Democrats, and similarly the arrival of green jobs. Brown job gains

increase support for Republicans. Both sets of demand shifters have similar economic

and statistical significance. On the supply side, Democrats appear more responsive

to voter demand for climate policy. In turn, voters are sensitive to the environmental

policy choices of candidates competing in their congressional races.

We use the parameter estimates from our demand and supply model to project

the effects of climate and employment compositional trends 25 years into the future.

Under our climate change scenarios, the analysis shows a consistent electoral shift

towards more pro-environmental candidates (Democrats), even as both Democrats and

Republicans endogenously become mildly less pro-environment.

Methodologically, along with Longuet-Marx (2024), we have constructed one of the

first complete structural supply-and-demand equilibrium models of electoral political

competition. Our identification leverages the unique granularity of the data, isolating

within-district variation to estimate demand, and controlling for demand in recovering

supply of policies, measured by ideal points of campaigns. We believe that these

ingredients will be important for future, possibly richer, quantitative models of electoral

competition in political economy.

Climate change appears set to be a major social cost for the foreseeable future.

Adaptation to and mitigation of climate change is going to involve policy decisions

that aggregate diverse interests and perspectives. Whether democratic institutions and

electoral competition can deliver these policies remains an open question, one our paper

tentatively answers in the affirmative. Our model is deliberately simple, however, and

future work could incorporate many more margins of climate change and adaptation

(e.g. disasters and migration, as in Desmet and Rossi-Hansberg (2024)) as well as many

more margins of political influence (e.g. campaign finance and special interest politics).

Finally, a large literature has modeled and measured the unavoidable international

cooperation and conflicts over climate policy necessary for adequate mitigation and

adaptation (for a recent quantitative macroeconomic example see Bourany (2024)).

Rigorously incorporating domestic political economy into these models remains an

area for future research.
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Figure 1: Maps showing main independent variables in 2000 and 2020

(a) Extreme temperature measure 2000 (b) Extreme temperature measure 2020

(c) Extreme Precipitation 2000 (d) Extreme Precipitation 2020

(e) Brown jobs 2000 (f) Brown jobs 2020

(g) Green jobs 2000 (h) Green jobs 2020



Figure 2: The Relationship Between Extreme Temperature and Precipitation and Demo-
cratic Vote Margin
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Notes: Each panel is a binscatter showing precinct-year-level Democratic vote margin as a function of
extreme temperature or precipitation, controlling for block-group and Congressional-district-by-year fixed
effects. The x-axis is extreme temperature or precipitation, defined as number of days in the year above
the historical mean plus two standard deviations. The y-axis is the Democratic vote margin in the
Congressional election. The red dotted lines are quadratic fits. The sample is Congressional elections from
2000 to 2020.



Figure 3: The Relationship Between Temperature and Precipitation Bins and Democratic
Vote Margin
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Figure 4: Contribution of weather shocks and employment shifts to projected Democratic
vote margins

(a) Temperature Shock

(b) Precipitation Shock

(c) Employment Shifts



F
ig
u
re

5:
P
ro
je
ct
ed

D
em

o
cr
at
ic

V
ot
e
M
ar
gi
n
s
B
y
S
ta
te

(a
)
T
em

p
er
at
u
re

S
h
o
ck

D
iff
er
en

ce
(b
)
P
er
ci
p
it
at
io
n
S
h
o
ck

D
iff
er
en

ce

(c
)
G
re
en

J
ob

s
D
iff
er
en

ce
(d
)
B
ro
w
n
J
ob

s
D
iff
er
en

ce

N
ot
es
.



Figure 6: Projected Composition of the House of Representative



Table 1: Within-District Estimates of Voter Demand

Dep. var.: Dem-Rep vote share TWFE TWFE + IV FE FE + IV

(1) (2) (3) (4)
No. of days temp. above historical mean + 2sd 0.0804*** 0.0849*** 0.463*** 0.433***

(0.0225) (0.0258) (0.0471) (0.0481)

No. of days prec. above historical mean + 2sd 0.0376* 0.0388 0.114*** 0.138***
(0.0210) (0.0239) (0.0423) (0.0443)

Share Jobs in OGC -0.171** -1.324* -0.984*** -2.346*
(0.0710) (0.695) (0.103) (1.273)

Share Jobs in Renewables or Energy Efficiency 0.450*** 31.54*** -5.283*** 9.485***
(0.122) (4.220) (0.316) (1.939)

District x Year FE X X X X
Block group FE X X
Controls Long Long Long Long
F-stat 25.412 6.259
Total Effect of 1SD Climate Shocks 0.904*** 0.959*** 4.509*** 4.483***

(0.221) (0.257) (0.458) (0.474)
Total Effect of 1SD Jobs Shocks 0.523*** 16.299*** 4.321*** 8.402***

(0.136) (2.420) (0.246) (2.395)
Observations 1,320,575 1,253,659 1,329,167 1,255,372

In parentheses standard errors are clustered by District × Year and Block group

* p < .10, ** p < .05, *** p < .01

Notes: Each column shows the effects of climate and job shocks on voter demand from separate regressions. The unit of observation is a
block-group-year, and the sample period is 2000 to 2020. The dependent variable is the vote share of the Democratic candidate minus that
of the Republican candidate in percentage points. Share jobs in OGC and share jobs in renewables or energy efficiency are in percentage
points. The regressions in columns (2) and (4) instrument for share jobs in OGC and share jobs in renewables or energy efficiency with their
respective shift-share instruments as described in section 3.2. Rows displaying total effects of one standard deviation climate or jobs shocks
are sums of the absolute values of effects of a one standard deviation increase in the two climate shocks or the two jobs shocks. Standard
errors are clustered by block-group and district-year and are shown in parentheses. * p < .10, ** p < .05, *** p < .01.
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Table 3: Structural Parameter Estimates

Parameter Estimate Std Error Z-value P-value
Marginal
Effects

Democrat’s Supply

λd
temp 0.0030 0.0014 2.1994 0.0278 0.0237

λd
prec -0.0001 0.0014 -0.0374 0.9702 -0.0003

λd
G -0.1410 0.1512 -0.9325 0.3511 -0.0410

λd
B 0.0391 0.0361 1.0823 0.2791 0.0427

βd -0.0225 0.0130 -1.7320 0.0833 -0.7164
πd 0.2034 0.0984 2.0672 0.0387 0.0396

Republican’s Supply

λr
temp 0.0004 0.0016 0.2689 0.7880 0.0034

λr
prec 0.0005 0.0022 0.2481 0.8041 0.0035

λr
G -0.0402 0.1513 -0.2659 0.7903 -0.0117

λr
B 0.0075 0.0260 0.2867 0.7744 0.0081

βr 0.0038 0.0014 2.6918 0.0071 0.1206
πr 0.2319 0.0615 3.7716 0.0002 0.0614

District-level Demand

δtemp 0.0818 0.0247 3.3178 0.0009 0.6416
δprec 0.0388 0.0232 1.6682 0.0954 0.2465
δG 0.3983 0.1292 3.0815 0.0021 0.1158
δB -0.1675 0.0751 -2.2313 0.0257 -0.1828
γd 29.3409 15.0254 1.9528 0.0508 9.1621
γr -1.3714 1.0381 -1.3211 0.1865 -0.5866

Note: This table presents parameter estimates from the structural equations of
Democrats’ policy supply

(
xd
ct

)
, Republicans’ policy supply

(
xr
ct

)
, and district-level Demo-

cratic vote share
(
ȳct

)
. Standard errors (in parentheses) are clustered by congressional

district; z-values and p-values reflect two-sided tests. The final column (“Marginal Ef-
fects”) indicates the change in the outcome—Democrats’ platform in the first panel, Re-
publicans’ platform in the second panel, and Democrats’ vote share (on a 0–100 scale)
in the third panel—arising from a one-standard-deviation increase in the corresponding
regressor. Estimation uses a two-step GMM approach with instruments V̄ct, z

d
ct, z

r
ct, and

weighting by the inverse variance of the estimated district-by-year fixed effects in the first
step.



T
ab

le
4:

R
ed
u
ce
d
-f
or
m

D
is
tr
ic
t-
Y
ea
r
L
ev
el

E
st
im

at
es

D
e
m
o
cr
a
t’
s
V
o
te

S
h
a
re

D
e
m
o
cr
a
t’
s
P
o
si
ti
o
n

R
e
p
u
b
li
ca

n
’s

P
o
si
ti
o
n

D
ir
ec
t

In
d
ir
ec
t

T
ot
al

D
ir
ec
t

In
d
ir
ec
t

T
ot
al

D
ir
ec
t

In
d
ir
ec
t

T
ot
al

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

T
em

p
er
at
u
re

0.
04
9*
*

(0
.0
23
)

0.
05
3*
*

(0
.0
25
)

0.
10
2*
**

(0
.0
23
)

-0
.0
02
*

(0
.0
01
)

0.
00
3*
*

(0
.0
01
)

0.
00
1

(0
.0
01
)

0.
00
0*
*

(0
.0
00
)

0.
00
0

(0
.0
02
)

0.
00
1

(0
.0
02
)

P
re
ci
p
it
at
io
n

0.
02
3

(0
.0
17
)

-0
.0
01

(0
.0
21
)

0.
02
2

(0
.0
29
)

-0
.0
00

(0
.0
01
)

-0
.0
00

(0
.0
01
)

-0
.0
01

(0
.0
01
)

0.
00
0

(0
.0
00
)

0.
00
1

(0
.0
02
)

0.
00
1

(0
.0
02
)

B
ro
w
n
J
ob

s
-0
.1
01
*

(0
.0
60
)

0.
68
2

(0
.5
84
)

0.
58
2

(0
.5
88
)

-0
.0
13

(0
.0
16
)

0.
03
9

(0
.0
36
)

0.
02
6

(0
.0
26
)

0.
00
2

(0
.0
02
)

0.
00
7

(0
.0
26
)

0.
01
0

(0
.0
26
)

G
re
en

J
ob

s
0.
23
9*
*

(0
.1
19
)

-2
.4
50

(2
.3
18
)

-2
.2
11

(2
.3
85
)

0.
05
0

(0
.0
89
)

-0
.1
41

(0
.1
53
)

-0
.0
91

(0
.0
84
)

-0
.0
08

(0
.0
08
)

-0
.0
40

(0
.1
52
)

-0
.0
49

(0
.1
53
)

N
o
te
:
T
h
is
ta
b
le

re
p
o
rt
s
th

e
d
ir
ec
t,
in
d
ir
ec
t,
a
n
d
to
ta
l
re
d
u
ce
d
-f
o
rm

co
effi

ci
en

ts
o
f
te
m
p
er
a
tu

re
,
p
re
ci
p
it
a
ti
o
n
,
g
re
en

jo
b
s,

a
n
d
b
ro
w
n
jo
b
s
o
n
th

re
e

o
u
tc
o
m
es
:
D
em

o
cr
a
ti
c
v
o
te

sh
a
re
,
th

e
D
em

o
cr
a
t’
s
p
o
li
cy

p
o
si
ti
o
n
,
a
n
d
th

e
R
ep

u
b
li
ca

n
’s

p
o
li
cy

p
o
si
ti
o
n
.
W

h
en

th
e
o
u
tc
o
m
e
is

th
e
D
em

o
cr
a
ti
c

v
o
te

sh
a
re

( ȳ
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Figure A.7: Map of precinct-level voting patterns in 2016 (from Longuet-Marx (2024)).

Notes.



Figure A.8: The Relationship Between Average Temperature and Precipitation and Demo-
cratic Vote Margin
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Notes: Each panel is a binscatter showing precinct-year-level Democratic vote margin as a function of
average temperature or precipitation, controlling for block-group and Congressional-district-by-year fixed
effects. The x-axis is average temperature or precipitation. The y-axis is the Democratic vote margin in
the Congressional election. The red dotted lines are quadratic fits. The sample is Congressional elections
from 2000 to 2020.

Figure A.9: The Relationship Between Extreme Temperature and Precipitation and Voter
Turnout
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Notes: Each panel is a binscatter showing precinct-year-level voter turnout as a function of extreme
temperature or precipitation, controlling for block-group and Congressional-district-by-year fixed effects.
The x-axis is extreme temperature or precipitation, defined as number of days in the year above the
historical mean plus two standard deviations. The y-axis is the log of voter turnout in the Congressional
election. The red dotted lines are quadratic fits. The sample is Congressional elections from 2000 to 2020.



Figure A.10: The First-Stage Relationship Between Shift-Share Instruments and Brown and
Green Jobs
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(a) First Stage for Brown Jobs
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(b) First Stage for Green Jobs

Notes: Each panel is a binscatter showing the first-stage relationship between the shift-share instruments
and brown or green jobs at the precinct-year level. Each binscatter controls for block-group and
Congressional-district-by-year fixed effects, extreme temperature and precipitation as measured by number
of days in the year above the historical mean plus two standard deviations, and a set of controls. The
x-axis is the shift-share instrument, which is the predicted share of jobs in oil, gas, and coal–or the
predicted share of jobs in renewables or energy efficiency–normalized by total employment in 2000. The
y-axis is the share of jobs in oil, gas, and coal; or the share of jobs in renewables or energy efficiency. The
red dotted lines are linear fits. The sample is Congressional elections from 2000 to 2020.



Figure A.11: The Relationship Between Brown and Green Jobs and Democratic Vote Margin
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Notes: Each panel is a binscatter showing precinct-year-level Democratic vote margin as a function of
brown or green jobs. Each binscatter controls for block-group and Congressional-district-by-year fixed
effects and the residuals from a first-stage regression of brown or green jobs on its shift-share instrument.
The x-axis is share of jobs in oil, gas, and coal; or share of jobs in renewables or energy efficiency. The
y-axis is the Democratic vote margin in the Congressional election. The red dotted lines are quadratic fits.
The sample is Congressional elections from 2000 to 2020.

Figure A.12: Heterogeneity of Climate Variable Effect by Partisan Difference in Supply-
Shifter.
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Notes: Each panel is a binscatter showing precinct-year-level Democratic vote margin as a function of
brown or green jobs. Each binscatter controls for block-group and Congressional-district-by-year fixed
effects and the residuals from a first-stage regression of brown or green jobs on its shift-share instrument.
The x-axis is share of jobs in oil, gas, and coal; or share of jobs in renewables or energy efficiency. The
y-axis is the Democratic vote margin in the Congressional election. The red dotted lines are quadratic fits.
The sample is Congressional elections from 2000 to 2020.



Figure A.13: Correlation between candidate campaign ideal point on the environment and
environmental rollcall ideal points.

(a) Narrow Environment Definition (b) Broad Environment Definition

Notes: The “narrow” definition uses CAP codes 700 (environment) and 800 (energy). The “broad”
definition adds 400 (agriculture), 1000 (transportation), disaster relief (1523), and hazardous waste in
military (1614) along with technology categories (1704,1706, and 1708 (commercial use of space,
telecommunications, and weather forecasting), foreign resource exploitation (1902) as well as most of 2100
(Public lands, omitting indigenous affairs and dependencies and territories).



Figure A.14: Correlation between candidate campaign ideal point on the environment and
overall roll-call voting ideology measured by DW-NOMINATE

Notes: This figure shows the scatter plot of congressional ideal points based on roll-call votes (as calculated
by DW-NOMINATE, (Poole and Rosenthal, 1984) and the climate ideal points of winning candidates.)



Figure A.15: Correlation between candidate campaign ideal point on the environment and
average ideal point of neighboring candidates of same party.
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Figure A.16: Time series of sample averages and projections of main independent variables.

Notes: Sample Average and Projections of Independent Variables using 126 and 585 Model. The vertical
dashed line indicates 2020, the last year of our sample.



Figure A.17: Maps showing projections of main independent variables in 2050

(a) Extreme temperature measure 2050 (b) Extreme Precipitation 2050

(c) Brown jobs 2050 (d) Green jobs 2050



Table A.5: States and Years Present in Sample

State Years in Sample

Alabama 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Arizona 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Arkansas 2000, 2004, 2006, 2010, 2012, 2014, 2016, 2018
California 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Colorado 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Connecticut 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Delaware 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Florida 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Georgia 2012, 2014, 2016, 2018, 2020
Idaho 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Illinois 2012, 2014, 2016, 2018, 2020
Indiana 2012, 2016, 2018, 2020
Iowa 2000, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Kansas 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2016, 2018, 2020
Kentucky 2010, 2012, 2014, 2016, 2018, 2020
Maine 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Maryland 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Massachusetts 2012, 2014, 2016, 2018, 2020
Michigan 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Minnesota 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Mississippi 2004, 2006, 2008, 2010, 2012, 2018
Missouri 2000, 2002, 2004, 2006, 2008, 2010, 2014, 2016, 2018, 2020
Montana 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Nevada 2004, 2006, 2008, 2010, 2018, 2020
New Hampshire 2000, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
New Jersey 2000, 2002, 2004, 2008, 2012, 2014, 2016, 2018, 2020
New Mexico 2000, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
New York 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
North Carolina 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
North Dakota 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Ohio 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Oklahoma 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Oregon 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2018, 2020
Pennsylvania 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Rhode Island 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
South Carolina 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
South Dakota 2008, 2016, 2018
Tennessee 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Texas 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Utah 2014, 2016, 2018, 2020
Vermont 2006, 2010, 2012, 2014, 2018, 2020
Virginia 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Washington 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
West Virginia 2008, 2010, 2012, 2014, 2016, 2018, 2020
Wisconsin 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020
Wyoming 2000, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2016, 2018, 2020

Notes: States and the years each is present in the sample.
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Table A.10: Structural Parameter Estimates with Control Variables

Name Estimate Std Error Z-value P-value Effects

Democrat’s Supply

λd
temp 0.0030 0.0014 2.1806 0.0292 0.0234

λd
prec 0.0002 0.0013 0.1333 0.8940 0.0011

λd
G -0.1518 0.1563 -0.9712 0.3315 -0.0441

λd
B 0.0323 0.0370 0.8754 0.3813 0.0353

λd
log emp 0.3243 0.2256 1.4375 0.1506 0.0802

λd
mean ln income all -0.0432 0.1363 -0.3165 0.7516 -0.0117

λd
log voting age pop -0.3914 0.3367 -1.1624 0.2451 -0.0638

βd -0.0223 0.0130 -1.7188 0.0856 -0.7088
πd 0.1995 0.0975 2.0460 0.0408 0.0389

Republican’s Supply

λr
temp 0.0003 0.0016 0.1689 0.8659 0.0022

λr
prec 0.0004 0.0022 0.1918 0.8479 0.0027

λr
G -0.0280 0.1546 -0.1810 0.8563 -0.0081

λr
B 0.0050 0.0267 0.1862 0.8523 0.0054

λr
log emp 0.0062 0.1738 0.0359 0.9714 0.0015

λr
mean ln income all -0.5332 0.2498 -2.1346 0.0328 -0.1440

λr
log voting age pop 0.4071 0.4512 0.9024 0.3669 0.0664

βr 0.0038 0.0014 2.6451 0.0082 0.1198
πr 0.2340 0.0617 3.7945 0.0001 0.0619

District-level Demand

δtemp 0.0812 0.0245 3.3095 0.0009 0.6364
δprec 0.0377 0.0231 1.6315 0.1029 0.2396
δG 0.4033 0.1288 3.1301 0.0018 0.1173
δB -0.1559 0.0752 -2.0729 0.0383 -0.1701
δlog emp -0.9010 0.1079 -8.3518 0.0000 -0.2227
δmean ln income all 4.9299 0.3905 12.6234 0.0000 1.3315
δlog voting age pop -3.3386 0.1700 -19.6445 0.0000 -0.5445
γd 29.0211 14.9957 1.9353 0.0530 9.0622
γr -1.2678 1.0633 -1.1924 0.2331 -0.5423

Note: This table presents parameter estimates from the structural equations for Democrats’
environmental policy supply, xd

ct; Republicans’ environmental policy supply, xr
ct; and the district-

level Democratic vote share, ȳct. Standard errors (in parentheses) are clustered by congressional
district. z-values and p-values correspond to two-sided tests. The final column (”Marginal
Effects”) reports the change in the outcome-Democrats’ platform in the first panel, Republicans’
platform in the second panel, and Democrats’ vote share (on a 0-100 scale) in the third panel-
resulting from a one-standard deviation increase in the corresponding regressor. Estimation
follows a two-step GMM approach, using instruments Vct, z

d
ct, z

r
ct and weighting by the inverse

variance of the estimated district-by-year fixed effects in the first step.



Table A.11: Placebo Structural Estimation Using Only Cultural Ideal Points

Name Estimate Std Error Z-value P-value Effects

Democrat’s Supply

λd
temp 0.0017 0.0011 1.5727 0.1158 0.0130

λd
prec -0.0015 0.0016 -0.9304 0.3522 -0.0094

λd
G 0.0666 0.1150 0.5791 0.5626 0.0194

λd
B 0.0716 0.0527 1.3579 0.1745 0.0760

βd -0.0005 0.0086 -0.0524 0.9582 -0.0144
πd 0.0836 0.0507 1.6485 0.0993 0.0259

Republican’s Supply

λr
temp -0.0003 0.0014 -0.1940 0.8462 -0.0021

λr
prec 0.0009 0.0018 0.5297 0.5963 0.0059

λr
G 0.0227 0.1489 0.1523 0.8789 0.0066

λr
B 0.0256 0.0319 0.8013 0.4230 0.0271

βr 0.0054 0.0104 0.5233 0.6007 0.1727
πr 0.1358 0.0561 2.4191 0.0156 0.0343

District-level Demand

δtemp 0.0818 0.0247 3.3178 0.0009 0.6436
δprec 0.0388 0.0232 1.6682 0.0954 0.2439
δG 0.3983 0.1292 3.0815 0.0021 0.1159
δB -0.1675 0.0751 -2.2313 0.0257 -0.1777
γd 2.5484 7.9654 0.3199 0.7490 1.1084
γr -3.1160 9.2844 -0.3356 0.7372 -1.1918

Note: This table presents parameter estimates from the structural equations for
Democrats’ policy supply (cultural issues excluding environmental issues), xd

ct;
Republicans’ policy supply (cultural issues excluding environmental issues), xr

ct;
and the district-level Democratic vote share, ȳct. Standard errors (in parentheses)
are clustered by congressional district. z-values and p-values correspond to two-
sided tests. The final column (”Marginal Effects”) reports the change in the
outcome-Democrats’ platform in the first panel, Republicans’ platform in the
second panel, and Democrats’ vote share (on a 0-100 scale) in the third panel-
resulting from a one-standard deviation increase in the corresponding regressor.
Estimation follows a two-step GMM approach, using instrumentsVct, z

d
ct, z

r
ct and

weighting by the inverse variance of the estimated district-by-year fixed effects
in the first step.



B Constructing Green and Brown Employment

and Corresponding Instruments

Our analysis requires measuring green and brown employment at the block-group-

year level for 2000 to 2020. Since our definition of green and brown employment is

based on 6-digit NAICS (NAICS6) industries, in order to construct green and brown

employment series, we need employment data at the block-group-NAICS6-year level.

Unfortunately, no such data series exist, so we construct these series from a combination

of various data sources.

B.1 Data Sources

Employment at County-NAICS6-Year Level We obtain employment data

at the level of workplace county, NAICS6, and year from two sources. The first is

the Census County Business Patterns (CBP) database, which contains annual em-

ployment data at the geographic-area-industry level in various detail, down to the

county-NAICS6-year level. Because the data are suppressed for most county-NAICS6

series to protect confidentiality, we use an imputed dataset constructed by Eckert et al.

(2021) which uses the non-suppressed CBP data at higher levels of aggregation along

the geographic and industry dimensions to impute the data. We use their imputed

CBP data for 2000 to 2003.

The second source is the BLS Quarterly Census of Employment andWages (QCEW)

database. Similarly to the CBP, the QCEW contains annual employment data at

geographic-area-industry level in various detail, down to the county-NAICS6-year level,

with the data suppressed for most county-NAICS6 series for confidentiality. We im-

plement an imputation procedure developed in Autor et al. (2024), which, similarly to

Eckert et al. (2021), uses the non-suppressed data at higher levels of aggregation to

impute the data. We construct imputed QCEW data for 2004 to 2020.

We take several steps to harmonize the data across 2000 to 2020. First, we concord

all revisions of NAICS6 codes to 2012 NAICS. This was done in Eckert et al. (2021)

for the imputed CBP data by splitting employment equally for NAICS6 that split

into multiple 2012 NAICS6. We do the same for our imputed QCEW data. We also

concord all county FIPS codes to 2010 FIPS, similarly splitting employment equally for

FIPS codes that split into multiple 2010 FIPS. Finally, to harmonize our data series,

we calculate the ratio of county-level employment in our imputed QCEW data to the

imputed CBP data in 2004. We multiply each county-NAICS6 series in the imputed

CBP data for 2000 to 2003 by its county-level ratio.
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Employment at Block-Group-NAICS2-Year Level Employment data at

the level of residence block-group, NAICS2, and year are from two sources. The first

is the 2000 Decennial Census from IPUMS (Manson et al. (2024)). The second is the

Census LEHD Origin-Destination Employment Statistics (LODES) Residence Area

Characteristics (RAC) dataset at the block-2-digit-NAICS-year level, which we use for

2002 to 2020.

To harmonize the data across 2000 to 2020, we concord all block-group and block

FIPS codes to 2010 FIPS, using population weights to apportion the employment

data, and collapse the data at block-group-NAICS2-year level. Since neither data

source covers the year 2001, for block-group-NAICS2 series we observe in both 2000

and 2002, we interpolate linearly to obtain estimates for 2001.

Commuting Flow Data at Block-Group-County-Supersector-Year Level

We use commuting flow data from the LODES Origin-Destination (OD) dataset, which

measures employment at the level of residence block, workplace block, NAICS supersec-

tor (specifically, the three supersectors are “Goods Producing”, “Trade, Transporta-

tion, and Utilities”, and “All Other Services”), and year, and which is available for

2002 to 2020. We concord block FIPS codes to 2010 FIPS, using population weights

to apportion the employment data, and collapse the data at the level of residence

block-group, workplace county, NAICS supersector, and year.

Green Industries and Industry Share of Green Employment We use a

classification of NAICS6 industries that potentially produce green goods and services,

as well as estimates of the industry shares of employment in each of these industries

that are within green establishments, from the BLS Green Goods and Services (GGS)

survey. Specifically, the classification we use is the industries that produce energy from

renewable sources or that produce products and services that improve energy efficiency

(GGS categories “1. Energy from renewable sources” and “2. Energy efficiency”). The

GGS was only conducted for 2010 and 2011; we use the 2011 survey which is missing

data for slightly fewer industries. The survey sample was stratified mostly at the

NAICS4 level, with some highly environmental industries stratified at the NAICS6

level; to avoid bias due to sample stratification, we use only the industry estimates at

NAICS4 level.
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B.2 Constructing Green and Brown Employment

We construct green employment at the block-group-year level as follows, where all

employment variables additionally have year t subscripts, omitted for brevity:

GreenEmpb =
∑
i∈G

GreenEmpbi,

GreenEmpbi =
∑

c∈C(b)

Empb,k(i) ×
Empbc,l(i)

Empb,l(i)
×
γj(i) × Empci

Empc,k(i)
.

GreenEmpb is green employment at the level of residence block-group b and year t;

GreenEmpbi is green employment at the level of block-group b and NAICS6 industry

i; G is the set of green industries and γj(i) is the industry share of green employment

for NAICS4 j(i) corresponding to NAICS6 i as described above; and c is a county

and C(b) the set of counties where residents of block-group b work during the sample

period. Empb,k(i) is employment at the level of residence block-group b, NAICS2 k(i)

corresponding to NAICS6 i, which is from the 2000 Census and LODES RAC datasets

as described above. Empbc,l(i) is employment residing in block-group b, working in

county c, in NAICS super-sector l(i) corresponding to NAICS6 i, which is from the

LODES OD dataset as described above; Empb,l(i) =
∑

c∈C(b)Empbc,l(i). When data

are not available for this variable, we assume all residents of the given block-group-

super-sector-year work in the county they reside in. Empci is employment at the level

of workplace county and NAICS6 i, and is from the CBP and QCEW datasets as

described above, and Empc,k(i) =
∑

i∈k(i)Empci.

Note that our construction of green employment relies on the sufficient assumptions

Empbc,l(i)

Empb,l(i)
=
Empbc,k(i)

Empb,k(i)

γj(i) × Empci

Empc,k(i)
=
γbcit × Empbci
Empbc,k(i)

which must be made due to data availability.

We analogously construct brown employment at the block-group-year level as fol-

lows, where all employment variables additionally have year t subscripts omitted for

brevity:

BrownEmpb =
∑
i∈B

BrownEmpbi,
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BrownEmpbi =
∑

c∈C(b)

Empb,k(i) ∗
Empbc,l(i)

Empb,l(i)
∗ 1(i ∈ B) ∗ Empci

Empc,k(i)
.

BrownEmpb is brown employment at the level of residence block-group b and year t;

BrownEmpbi is brown employment at the level of block-group b, NAICS6 industry i,

and year t; and B is the set of brown industries, which we define as those involved

in oil and gas extraction, coal mining, and their support activities. Specifically, the

eight industries are “211111 Crude Petroleum and Natural Gas Extraction,” “211112

Natural Gas Liquid Extraction,” “212111 Bituminous Coal and Lignite Surface Min-

ing,” “212112 Bituminous Coal Underground Mining”, “212113 Anthracite Mining,”

“213111 Drilling Oil and Gas Wells,” “213112 Support Activities for Oil and Gas Op-

erations,” and “213113 Support Activities for Coal Mining.” The rest of the variables

and assumptions are as defined previously.

Finally, our analysis uses shares of green and brown employment at the block-group-

year level, so we divide our constructed measures of green and brown employment

by total employment, constructed from the 2000 Census and LODES RAC datasets

described above.

B.3 Constructing Instruments

We construct a shift-share instrument for our share of green employment variable

as follows:

̂GreenEmpbt
Empb,2000

=
∑
i∈G

GreenEmpbi,2000
Empb,2000

∗ GreenEmpit
GreenEmpi,2000

.

ˆGreenEmpbt is predicted green employment in block-group b and year t; we normal-

ize by dividing by Empb,2000, employment in block-group b in the year 2000. i, G,

GreenEmpbi,2000, and Empb,2000 are defined and constructed the same way as previ-

ously described with the year being 2000. GreenEmpit is green employment in NAICS6

i and year t and is constructed by summing GreenEmpbit over block-groups b.

In our setting, the shares, or exposure weights, of our shift-share instrument are

the
GreenEmpbi,2000

Empb,2000
, and the sum of these shares is not generally equal to one across

block-groups, a potential issue in shift-share IV regressions highlighted by Borusyak,

Hull and Jaravel (2022). We implement the proposed solution in Borusyak, Hull and

Jaravel (2022), which is to control for the sum of shares in our IV regressions. The sum

of shares
GreenEmpbi,2000

Empb,2000
is simply the share of green employment in block-group b

in 2000.
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We construct a shift-share instrument for our share of brown employment variable

analogously.

C Political Competition Over Environmental Pol-

icy

This appendix presents a simple microfoundation for the system of equations es-

timated in Section 4 of the paper. Our empirical model is considerably more general

than the stylized model of political competition presented here, but the economic intu-

ition, identification challenges, and sources of variation used to estimate the empirical

model, are all captured by the simple model.

Suppose there are a continuum of voters with utility function over environmental

policy x is given by UV (x) = − (x− θM )2. We think of our demand-side shocks (e.g.

climate and employment) as changing θM .

We suppose two ideological candidates, D and R, who cannot commit to policies θ,

with θD < θM < θR (the bliss point of the Republican is to the right of the voters, who

are to the right of the Democrats). The politician utility function is given by:Up =

−α (xp − θp)
2 + Wp, with p = {D,R} and Wp is the probability of winning, xp is

the politician’s policy platform, θp is the candidate’s ideal point, and α is the weight

politicians place on their own ideal point vs the probability of winning. While we

leave this unmodeled, the preference over θ could be the politician’s preferences, or it

could stem from party discipline as in Longuet-Marx (2024) and Canen, Kendall and

Trebbi (2021). Our climate and jobs shocks can also affect θR and θD directly, either by

changing candidate preferences or changing the various non-electoral constraints facing

candidates (e.g. fundraising or primary competition). This is on top of the indirect

effects the shocks will have on xR and xD via changing θM .

So the vote share for Democrat candidate is

πD = F
(
−(xD − θM )2 + (θM − xR)

2
)

(9)

where F is a cdf on
[−1

2ϕ
,
1

2ϕ

]
and so the probability of winning for candidate D is:

WD =

(
−(xD − θM )2 + ψ(xR − θM )2 +

1

2ψ

)
(10)
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The Democratic candidate problem is:

max
xD

− α (xD − θD)
2 + ψ

(
−(xD − θM )2 + (xR − θM )2 +

1

2ψ

)
(11)

The optimal choice of xD is:

xD =
αθD + ψθM
ψ + α

(12)

Similarly the Republican ideal point is given by:

xR =
αθR + ψθM
ψ + α

(13)

• xD is closer to voter preferred policy θM when ψ is larger: this is the gain in votes

from a change in the policy (this is a sort of “elasticity” of votes to policy)

• xD is further away from θM and closer to θD when α is large (candidates value

their own ideal points more relative to the probability of winning).

• xD does not depend on xR directly, only via the vote-share. The uniform distri-

bution assumption ensures that only θM and xD enter the marginal voter demand

for xD so xR does not appear, but even in a more general model conditioning on

the vote share would be sufficient for controlling for the effect of xR on xD.

Note that the equilibrium vote share (including effects on choices of policies) is

given by:

πD =
1

2
+ ψ(

α

(α+ ψ
)2(θ2R − θ2D − 2(θR − θD)θM ) (14)

In particular, as voter preferences for left-wing climate policy increase, democrat

vote share increases so long as θR − θD > 0, i.e. Democrats are more left wing than

Republicans on climate. Note also that extreme ideological positions are punished by

voters as
dπD
dθR

= 2ψ(
α

α+ ψ
)2(θR − θM ) > 0 and

dπD
dθR

= −2ψ(
α

α+ ψ
)2(θD − θM ) < 0.

If θR, θD, θM are all functions of (can all be influenced by) the climate and jobs

variables V in our empirical analysis, this model shows why controlling for θR and

θL is important for recovering the direct effect of shocks on voter preferences, given

by
dπD
dθM

× dθM )

dV
, which is why the within-district-by-year variation is important for

recovering the effect of demand.

Similarly, the supply equations show that controlling for θM (e.g. voter demand) is

important for recovering the direct effect of climate on party ideal points
dxp
dθp

× dθp
dV

.

The demand model makes an auxiliary prediction, which is that demand shocks to
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θM will be larger when θR − θD is larger. While we don’t observe θR and θD directly,

our identification, through the lens of the model, assumes that the instruments we

constructed for xD and xR, operate solely through θD and θR, once demand is controlled

for, and we can use this variation to test for the predicted heterogeneity.

The model further clarifies that candidate ideal points (the θp) are not the observed

environmental policy positions of the candidates (the xp), which are endogenous func-

tions of both voter demand and candidate partisan preferences (the ideal points). For

this reason, we use our supply-side instruments to form exogenous shifters for the

candidate ideology in Appendix Figures A.12a ,A.12b, and Table A.8.

D Proof of Identification

This appendix provides a proof of point identification for the structural parameters

in the joint demand and supply model for climate policy platforms described in Section

4 of the main text.

D.1 Setup and key equations

Our political supply equations (see equations (4) and (5) in the main text) can be

written as:

xdct = λd V̄ct + βd ȳct + πd zdct + ωd
c + ζdt + ηdct, (15)

xrct = λr V̄ct + βr ȳct + πr zrct + ωr
c + ζrt + ηrct, (16)

where

• xdct and xrct are the policy positions (e.g., climate platforms) of the Democratic

and Republican candidates in congressional district c at election year t;

• V̄ct is the (population-weighted) average of exogenous district-level characteris-

tics, such as weather shocks or green/brown employment share;

• ȳct is the (population-weighted) average of Democratic vote margins in district c

(i.e. the expected support) at time t;

• zdct and zrct are exogenous party-specific shifters (e.g., local party trends) that

affect only the Democrat’s or the Republican’s platform, respectively;

• ωp
c and ζpt are district and time fixed effects (indexed by party p ∈ {d, r});

• ηpct are idiosyncratic errors.
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On the demand side, aggregating equation (6) from the main text to the district

level (as in (8)), we have:

ȳct = δ V̄ct + γd xdct + γr xrct + νc + κt + ξct, (17)

where δ captures the direct impact of exogenous covariates V̄ct on vote margins, γd

and γr measure how the Democrat’s and Republican’s platforms shift the average

Democratic vote margin, νc and κt are district and time fixed effects, and ξct is an

error term.

We are interested in identifying the structural parameters:

{
βd, βr, γd, γr, πd, πr, λd, λr, δ

}
.

Below, we show how these parameters can be uniquely recovered from appropriate

first-order (linear) moment conditions, which underlie the GMM approach detailed in

Section 4 of the main text.

D.2 Reduced-Form Relationships

Recall the structural equations for our demand and supply system at the district

level:

ȳct = δ V̄ct + γd xdct + γr xrct + νc + κt + ξct,

xdct = λd V̄ct + βd ȳct + πd zdct + ωd
c + ζdt + ηdct,

xrct = λr V̄ct + βr ȳct + πr zrct + ωr
c + ζrt + ηrct.

Here, ȳct is the average Democratic vote margin in district c, and xdct and x
r
ct denote the

platforms of the Democratic and Republican candidates, respectively. The variables

V̄ct are exogenous district-level covariates, and zdct and zrct are party-specific policy

shifters. We collect the district and time fixed effects into {νc, κt, ωd
c , ω

r
c , ζ

d
t , ζ

r
t } and

the stochastic terms into {ξct, ηdct, ηrct}.
Because xdct and x

r
ct each depend on ȳct (which itself depends on xdct and x

r
ct), we

substitute the demand equation into the supply equations and collect terms. Denote

Ξ =
1

1 − βd γd − βr γr
, αct = νc + κt, ρdct = ωd

c + ζdt , ρrct = ωr
c + ζrt ,

Λct = ξct + γd ηdct + γr ηrct.
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Then we can write the reduced-form expressions as:

ȳct = Ξ
(
αct + γdρdct + γrρrct

)
+ Ξ

(
δ + γd λd + γr λr

)
V̄ct

+
(
Ξ γd πd

)
zdct +

(
Ξ γr πr

)
zrct +

(
ΞΛct

)
,

xdct =
[
ρdct + βd Ξ

(
αct + γdρdct + γrρrct

)]
+

[
λd + βd Ξ

(
δ + γdλd + γrλr

)]
V̄ct

+
[
βd Ξ γd πd + πd

]
zdct + βd

(
Ξ γr πr

)
zrct +

[
βd ΞΛct + ηdct

]
,

xrct =
[
ρrct + βr Ξ

(
αct + γdρdct + γrρrct

)]
+

[
λr + βr Ξ

(
δ + γdλd + γrλr

)]
V̄ct

+ βr
(
Ξ γd πd

)
zdct +

[
βr Ξ γr πr + πr

]
zrct +

[
βr ΞΛct + ηrct

]
.

To see how the system parameters can be recovered from simple linear regressions,

consider regressing each district-level outcome on the exogenous instruments V̄ct, z
d
ct,

and zrct, partialling out district and year fixed effects. We define the following reduced-

form slopes:

• From the regression of ȳct on (V̄ct, z
d
ct, z

r
ct) with district and year fixed effects, let

ky,V̄ ky,zd and ky,zr

denote the estimated coefficients on V̄ct, z
d
ct and z

r
ct, respectively.

• From the regression of xdct on (V̄, zdct, z
r
ct) with district and year fixed effects, let

kxd,V̄ kxd,zd and kxd,zr

denote the estimated coefficients on V̄ct, z
d
ct and z

r
ct, respectively.

• Similarly, from the regression of xrct on (V̄ct, z
d
ct, z

r
ct) with district and year fixed

effects, let

kxr,V̄ kxr,zd and kxr,zr

denote the estimated coefficients on V̄ct, z
d
ct and z

r
ct, respectively.
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Reduced-Form Expressions. From the algebraic derivations here, we obtain:

kxd,V̄ = λd + βdΞ
(
δ + γdλd + γrλr

)
kxd,zd = βdΞγdπd + πd = Ξ

[
πd − πd βr γr

]
,

kxd,zr = Ξ
[
πr βd γr

]
,

kxr,V̄ = λr + βrΞ
(
δ + γdλd + γrλr

)
kxr,zd = Ξ

[
πd βr γd

]
,

kxr,zr = βrΞγrπr + πr = Ξ
[
πr − πr βd γd

]
,

ky,V̄ = Ξ(δ + γdλd + γrλr)

ky,zd = Ξ γd πd,

ky,zr = Ξ γr πr,

where

Ξ =
1

1 − βd γd − βr γr
.

Hence, all reduced-form slopes {kxd,V̄, kxd,zd , kxd,zr , kxr,V̄kxr,zd , kxr,zr , ky,V̄, ky,zd , ky,zr}
are functions of the structural parameters

{
βd, βr, γd, γr, πd, πr, λd, λr, δ

}
.

D.3 Recovering the Structural Parameters

Solving these equations for the unknowns structural parameters yields a unique

solution (provided that Ξ is well-defined). In particular:

βd =
kxd,zr

ky,zr
, βr =

kxr,zd

ky,zd
,

γd = −
kxr,zd ky,zr − kxr,zr ky,zd

kxd,zd kxr,zr − kxd,zr kxr,zd
, γr =

kxd,zd ky,zr − kxd,zr ky,zd

kxd,zd kxr,zr − kxd,zr kxr,zd
,

πd =
kxd,zd ky,zr − kxd,zr ky,zd

ky,zr
, πr = −

kxr,zd ky,zr − kxr,zr ky,zd

ky,zd
.

Similarly, the expressions for λd and λr are:
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λd = kxd,V̄ −
ky,V̄kxd,zr

ky,zr

λr = kxr,V̄ −
ky,V̄kxr,zd

ky,zd

and finally the expression of δ can be expressed as:

δ = ky,V̄(1− βdγd − βrγr)− γdλd − γrλr

Hence, using the direct reduced-form coefficients

{kxd,V̄, kxd,zd , kxd,zr , kxr,V̄, kxr,zd , kxr,zr , ky,V̄, ky,zd , ky,zr}

we can recover the entire set of structural demand and supply parameters{
βd, βr, γd, γr, πd, πr, λd, λr, δ

}
.

In the estimation presented in the main text, we extend this point-identifiable model

in two ways. First, given that we observe voting margins, climate shocks, and employ-

ment shifts at a more granular block level, we employ block-level regression to estimate

the parameters δ in the first stage. This approach yields greater precision compared to

relying solely on district-level variations. Second, we impose additional second-order

moment conditions to restrict the dependence structure between the demand side and

the idiosyncratic errors on both parties’ supply sides. These two extensions enhance

the precision of the estimation and render the system over-identified.
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