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Households with solar installations are
ideologically diverse and more politically active
than their neighbours
Matto Mildenberger

*, Peter D. Howe2,3 and Chris Miljanich1

1,3

Climate risk mitigation requires rapid decarbonization of energy infrastructure, a task that will need political support from
mass publics. Here, we use a combination of satellite imagery and voter file data to examine the political identities of US households with residential solar installations. We find that solar households are slightly more likely to be Democratic; however, this
imbalance stems primarily from between-neighbourhood differences in partisan composition rather than within-neighbourhood differences in the rate of partisan solar uptake. Crucially, we still find that many solar households are Republican. We also
find that solar households are substantially more likely to be politically active than their neighbours, and that these differences
in political participation cannot be fully explained by demographic and socioeconomic factors. Our results demonstrate that
individuals across the ideological spectrum are participating in the US energy transition, despite extreme ideological polarization around climate change.

E

nergy transitions are fundamentally political processes1,2. Even
as renewable energy prices decline and technologies improve,
fossil fuel incumbents mobilize to stymie and delay the energy
transition, often successfully3–5. For instance, carbon-intensive
utilities have succeeded in repealing or retrenching numerous statelevel renewable energy policies6. By contrast, emerging clean energy
interest groups have sometimes counterbalanced these opponents7,8.
Members of the public are also important participants in the
energy transition. Policy advocates hope that individuals who have
installed solar panels may help protect existing clean energy policies, or become advocates for policy expansion. These individuals could also be mobilized by clean energy businesses as part of
broader lobbying campaigns. Already, solar energy households have
mobilized to block retrenchment of net metering laws in some US
states, though with uneven success6.
This theory of change is described by policy feedback theory,
a framework that emphasizes how technologies and policies can
bring into existence new constituencies that reshape subsequent
political debates9–11. Theoretically, widespread diffusion of energy
generation capacity could nurture such feedback effects. There are
already about 2 million solar installations in the United States12. At
scale, renewable energy infrastructure could involve millions of
additional citizens with home energy installations. For instance,
technical estimates suggest that 57% of US residential buildings, or
over 67 million buildings, could support a solar photovoltaic (PV)
installation13.
However, any effort to explore energy policy feedback requires
detailed knowledge of political identities and behaviours among
solar households. Climate beliefs have become increasingly polarized along ideological lines in several countries, particularly in
the United States5,14,15. Understanding whether US households
with existing solar installations are mostly drawn from the political left or from across the political spectrum, whether solar households are more likely to participate in politics than their non-solar
neighbours, and whether the distributions of these political identities

and behaviours are conditional on state-level policy support
have important implications for energy reforms. If early renewable
energy adopters are mostly individuals who are already aligned with
proclimate political parties, then their political voice may only shape
policymaking debates under limited circumstances. By contrast, if
solar energy adopters come from across the political spectrum, then
a broad-based pool of potential citizen activists may enjoy a louder
political voice. Moreover, if US solar households come from across
the political and ideological spectrum, we can likely expect similar
levels of cross-ideological solar adoption in countries where climate
and energy beliefs are not structured as strongly along a left–right
ideological spectrum16.
A priori, we have reasons to expect either distribution. Energy
policy has become increasingly polarized in the United States, mirroring trends in climate and environmental policy17. Conservatives
are less likely to believe that human-caused climate change is
happening or to support climate policies18,19. More conservative
individuals are less likely to adopt an energy-efficiency measure,
particularly when framed as an environmental effort20. By contrast,
Democratic control of state legislatures predicts more ambitious
clean energy policymaking21,22.
At the same time, the energy space also continues to be the site
of bipartisan advocacy and legislation23. Many Republican states
passed renewable energy support policies in the 1990s and early
2000s24, even though entrenched fossil fuel and conservative lobbies have since worked to retrench or repeal these reforms6,8,23.
In Georgia and Florida, the ‘Green Tea Party’ brought conservatives
together with environmental groups to campaign for net metering.
In Arizona, prominent conservative Barry Goldwater Jr acted as
the spokesperson for a campaign to protect renewable energy laws
from utility attacks6. Moreover, there are persistent pockets of support for renewable energy policies among Republicans25. And, all
else equal, we should not expect that financial incentives to install
renewable energy differ at the household level on the basis of
partisan affiliation.
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Table 1 | Comparison of solar-adopting households against
benchmark neighbouring households
Solar
Statistic
N
2
10
20
100
200
400

Fig. 1 | Location of households in study sample. Number (N) of households
aggregated by county.

To date, the political identities and behaviours of solar households
have not been a major focus of academic inquiry. Scholars have primarily examined the social dynamics of technology adoption. They
have identified strong peer effects in US adoption patterns26, with
new solar installations more likely in areas with pre-existing installations27,28, partly independent of income and population density patterns28. These peer effects, often described as a form of homophily,
have also been described across Europe29–31. Further, scholars have
documented racial disparities in patterns of US solar energy adoption, even when controlling for education and income32. However,
less work has examined the political dimensions of renewable energy
adoption, despite the partisan polarization of climate and energy
policy preferences. In one analysis, researchers compare rates of solar
energy adoption in majority Democratic versus majority Republican
communities in Texas and New York33. They find stronger adoption
rates in Republican-majority communities. Likewise, a power sector
report found that individuals who donate to either Republican or
Democratic causes are both likely to adopt solar34.
This paper investigates the political identities of solar energy
adoption at the household level. Understanding these identities
helps describe the types of political coalition that may emerge to
accelerate the energy transition. Our work departs from the previous literature in several ways. Previous work on energy adoption
often relies on self-reported data from opinion surveys. We join an
emerging literature that uses address-level databases (compare ref. 28)
and satellite imagery32,33. We also focus on household-level data,
moving to a more granular scale of analysis than studies that rely on
census-tract or regional adoption rates. This responds to recent calls
for more disaggregated analysis of renewable energy adoption35.
Finally, our household approach also allows us to compare households with solar installations with randomly selected neighbours to
better understand neighbourhood-level politics of energy adoption.
In brief, we first undertake a stratified random sample of US census tracts that Google’s Project Sunroof models as having at least
one solar rooftop installation (either solar thermal or solar PV)36.
Project Sunroof identifies the presence of rooftop solar installations using remotely-sensed imagery. We stratify on the basis of the
density of solar installations in a given census tract, and manually
sample addresses within each tract. In total, this creates an initial
sample of 4,145 solar households, distributed across the country as
visualized in Fig. 1.
For every sampled solar address, we also collect a set of randomly selected neighbouring addresses without rooftop solar. We
then merge solar and neighbour addresses with household-level

N

Control
Mean

N

Mean

N (households in
sample)

4,129

4,129

Partisan model score

3,666

60.625

2,951

58.928

Prop. reg. Democratic

3,427

0.339

2,648

0.306

Prop. reg. Republican

3,427

0.200

2,648

0.218

Prop. registered to vote

3,666

0.813

2,951

0.768

Prop. voted in any
general election 08–17

3,666

0.766

2,951

0.700

Prop. voted in any
primary election 08–17

3,666

0.467

2,951

0.383

Prop. voted in any
municipal election 08–17

3,666

0.198

2,951

0.141

Household income
(US$1,000)

3,539

107.774

2,785

96.063

Prop. female

3,616

0.517

2,897

0.525

Prop. White, nonHispanic

3,590

0.782

2,882

0.734

Prop. Black or African
American, non-Hispanic

3,590

0.048

2,882

0.060

Prop. Asian, nonHispanic

3,590

0.044

2,882

0.050

Prop. Hispanic or
Latino/a

3,590

0.121

2,882

0.152

Prop. own home

3,164

0.937

2,410

0.884

Prop. bachelors or higher

3,350

0.429

2,604

0.394

Demographic data are only available where voter file data are available for a given address. Sample
sizes describe the total number of households with information on the given attribute.

demographic data, US voter file data, political donation data and
address-specific estimates of solar potential and capacity. Our voter
file data were prepared by a leading political data company (see
Methods), and included demographic variables, house ownership
data, an imputed model of household resident partisanship, party
registration data in states where registration is publicly available
and voting activity in previous elections. Combined, our unique
dataset, all of which draws from publicly available information,
allows us to systematically explore the political and demographic
characteristics of solar adopters at a more granular level than previous aggregated analyses.
Demographic attributes of solar and non-solar households. We
first evaluate the demographic and political attributes of US households with solar installations. Table 1 compares descriptive statistics for our sample of solar households against randomly selected,
neighbouring, ‘control’ households without solar installations (see
Methods for sampling strategies). We find moderate (but statistically significant) differences between solar and neighbour households on a variety of demographic attributes. Solar households have
incomes on average US$12,000 higher than neighbouring households (t(6,309) = −1.47, P = 0.0002, Cohen’s d = 0.09) and, not surprisingly, are about five percentage points more likely to own their
home rather than rent (t(4,343) = −6.81, P < 0.0001, d = 0.19). They
are slightly more likely to have a resident with a bachelor’s degree
(t(5,579) = −3.13, P = 0.0017, d = 0.08) and five percentage points
more likely to have residents who identify as ‘White, non-Hispanic’
Nature Energy | www.nature.com/natureenergy
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Fig. 2 | Comparing party affiliation across households of solar adopters and neighbouring control households. a, Distribution of mean partisan scores,
plotted as kernel density estimates, for matched households where scores are available in all US states in sample (n = 5,278). Partisan scores based on
TargetSmart 2016 National Partisan Model, representing the probability of supporting the Democratic Party. The distribution of partisanship is similar
among solar households and neighbouring households without solar. b, Proportion of registered Democrats and Republicans among households of solar
adopters and neighbouring control households, in states where party registration data are available (n = 4,432). Error bars represent ±2 standard errors.

(t(5,947) = −4.68, P < 0.0001, d = 0.12). Broadly, these findings
replicate demographic disparities in solar adoption that have
previously been shown in aggregate32, though here at the household level. Additional descriptive data that compare solar households with benchmark neighbouring households are provided in
Supplementary Tables 1–3. Note that our sample reflects the extant
distribution of US solar installations; more than 99% of our sample
is located in counties that contain at least one metro area with more
than 250,000 residents. Our results may not generalize to future
solar households among the 15% of the US population that live in
non-metropolitan counties.
Political affiliation among solar and neighbouring non-solar
households. Despite these demographic differences, we find only
small differences between solar and neighbouring non-solar households with respect to partisan affiliation. When relying on official
party registration, 34% of members of solar-adopting households are
registered Democrats as compared with 31% in control households.
In solar-adopting households, 20% are registered Republicans, as
compared with 22% in control households. While households with
solar installations are slightly more likely to be Democratic than
Republican, households with solar installations exist across the
political spectrum.
In Fig. 2, we compare the partisan distribution of solar households with neighbouring non-solar households. Figure 2a includes
all pairs of sampled households across the United States for which
partisan scores are available, including in states that do not make
individual-level party registration public. Here, we use an imputed
partisanship score prepared by a leading voter file company
(Methods). This score models the probability of being a Democrat
or Republican for each US adult resident on a 1–100 scale. When
comparing only matched pairs of households, the mean partisan score is similar in solar households versus control households
(mean difference = −1.19; t(2,638) = −1.48, P = 0.14, d = 0.03).
The probability distributions of partisan scores are also similar
across solar and control households (Kolmogorov–Smirnov test:
D = 0.03, P = 0.31).
We extend this analysis to the subset of sampled households
living in states that publish party registration data. For these states,
we directly compare partisanship without relying on imputed
Nature Energy | www.nature.com/natureenergy

partisanship scores. The partisan distribution of households in these
states is illustrated in Fig. 2b. Among matched households, the proportion of registered Democrats per household is slightly higher among
solar households and control households (mean difference = −0.021,
t(2,215) = −1.97, P = 0.048, d = 0.05). The proportion of registered
Republicans per household is not significantly different between
solar households and control households (mean difference = 0.018,
t(2,215) = 1.89, P = 0.058, d = 0.05). Again, we find that party differences are small to non-existent and that solar installations are similarly distributed across Democratic and Republican households.
Differences in the aggregate number of solar households with
Democratic versus Republican party affiliation could either stem
from within-neighbourhood differences in solar uptake between
Democrats and Republicans or between-neighbourhoods differences in partisan composition (for example, neighbourhoods with
solar adopters are more likely to have Democrats in them). The
results in Fig. 2 suggest the absence of within-neighbourhood differences. We further investigate this possibility in Fig. 3 where we
show that, across different levels of geography, solar households
have similar partisan scores compared with neighbouring households. Correspondingly, small imbalances in the aggregate number
of Democratic versus Republican solar-adopting households most
probably stem from higher solar uptake in neighbourhoods that
have more Democrats in them.
Political participation among solar and non-solar households.
While there are no substantial differences between the partisan
affiliation of solar households and their neighbours, there are substantial differences in political participation (Fig. 4). Solar-adopting
households have a higher proportion of residents who voted in a
previous general election between 2008 and 2017 (M = 0.77 in
solar houses versus M = 0.70 in control houses; t(2,638) = −6.76,
P = 0.000, d = 0.18). Similarly, solar-adopting households are
more likely to have residents who voted in a previous primary
election (M = 0.47 in solar houses versus M = 0.38 in control
houses; t(2,638) = −7.66, P = 0.000, d = 0.20) or municipal election (M = 0.20 in solar houses versus M = 0.14 in control houses;
t(2,638) = −6.87, P = 0.000, d = 0.16). Thus, solar households are
more politically active than adjacent non-solar households, and
these differences in political participation are more substantial
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State level

Table 2 | Linear probability model predicting presence of
household solar installation using demographics, partisan
affiliation and political participation indicators

County level
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Fig. 3 | Comparisons of mean partisan score for solar households and
neighbouring control households across different geographic levels.
Mean scores for geographic areas with at least five pairs of households are
shown at the state, county, ZIP code and census-tract level. The diagonal
reference line indicates a 1:1 correspondence between partisan scores.
While points illustrate the wide range of partisanship across households
from different neighbourhoods, the lack of clustering above or below the
reference line supports the absence of within-neighbourhood partisan bias
in uptake of solar technologies.
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Fig. 4 | Voting behaviour comparisons. Proportion of residents who voted
in at least one general, primary or municipal election from 2008–2017,
among households of solar adopters and neighbouring control households
(n = 5,278). Error bars represent ±2 standard errors.

than cross-group differences in partisanship. We find that these
large differences in primary election participation persist even after
controlling for household-level demographic and socioeconomic
attributes using a linear probability model (Table 2). These findings

Prop. White, non-Hispanic

0.098*** (0.023)

Prop. female

−0.032 (0.027)

Prop. bachelors or higher

0.011 (0.019)

Own home

0.132*** (0.028)

Mean HH income (log)

0.037** (0.012)

Prop. registered to vote

0.002 (0.038)

Mean partisan model score

0.001*** (0.0002)

Prop. voted general election

−0.004 (0.037)

Prop. voted primary election

0.086*** (0.022)

N

4,916

R2

0.062

Residual std error

0.496 (d.f. = 4,568)

F-statistic

0.865 (d.f. = 347; 4,568)

Model includes county fixed effects. Standard errors in parentheses. *P < 0.05; **P < 0.01;
***P < 0.001.

are robust to alternative specifications, including a multilevel logistic regression (Supplementary Table 4) or a spatially lagged model
(Supplementary Table 5).
We also explore other potential factors that might shape household-level political behaviours. First, we assess whether differences
between solar households and non-solar neighbours are a function
of differentiated solar potential or capacity. We find no evidence for
this. There are no significant differences between solar households
and neighbouring non-solar households with respect to usable sunlight hours per year (difference in means: 32.5 h, t(577) = −1.51,
P = 0.13, d = 0.12), total roof area (in square feet) available for solar
panels (difference in means: 180 square feet, t(577) = 1.55, P = 0.12,
d = 0.12) and estimated net savings for the property projected over
20 years (difference in means: US$250, t(546) = −0.42, P = 0.68,
d = 0.03).
We then test whether there are differences in the partisan composition of solar energy adopters as a result of state-level policy
environments. We find no differences in the partisan score distribution of solar adopters if we subset our analysis to states that have
adopted a Renewable Portfolio Standard (D = 0.032, P = 0.206) or to
states that have passed legislation to support residential net metering (D = 0.031, P = 0.246).
We also explore the distribution of political donations among
solar-adopting households, using political donation records (see
Methods for data collection details). Of the Democrats living at
sampled solar addresses, 0.9% had made a political donation. By
contrast, only 0.3% of our Republican sample had made political donations over this period. The median donation size among
Democrats was US$500. The median donation size among the sample Republicans was US$657. Of course, most individuals did not
donate to either party.
Comparing neighbourhoods with varying rooftop solar density.
Finally, we explore whether early solar energy adopters have systematically different political profiles from later adopters. Per our sampling strategy (Methods), our sampled census tracts were divided
into five quintiles on the basis of the aggregate density of solar installations across all Project Sunroof census tracts. We can thus compare
households who have the only solar installation in their census tract
with households who have one of many installations in their census
Nature Energy | www.nature.com/natureenergy
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Fig. 5 | Party registration by density of solar installations. Distribution
of Democratic and Republican party registration among households of
solar adopters and neighbouring control households, by density of solar
installations at census-tract level (n = 4,502). Observations are
divided by quintile of solar installation density. Error bars represent
±2 standard errors.

tract. A priori, we might expect our results to be conditioned by
this installation density. For instance, first adopters in a low-density
tract may have invested in solar as a result of proenvironmental
convictions. By contrast, households in neighbourhoods with more
solar may have stronger financial incentives to adopt solar (on the
basis of the revealed behaviour of area residents).
Empirically, we do not find evidence for such differences. Instead,
we find that the distribution of party registration is similar between
solar households and control households irrespective of tract-level
installation density (Fig. 5). This finding also addresses potential
concerns about homophily in patterns of solar adoption27,28,31,37.
If neighbourhood-level clustering were shaping our results, then this
would generate differences between solar and neighbouring households across density quintiles. However, we do not find any such evidence. We also examine the distributions of political participation
in each quintile. In Fig. 6, we confirm our previous finding of asymmetry. Across four of the five quintiles, we find that solar households
are substantially more likely to also be households with high political
participation, as indicated by voting in primary elections.

Discussion

Using a dataset combining satellite imagery and individual-level
voter file data, we compared individuals living in households having rooftop solar installations with their neighbours. This analysis
allowed us to adjust for geographic differences in solar adoption, an
important consideration given that solar adoption varies between
neighbourhoods, cities and states27,28,31. Our household-level
analysis provides information to understand how people living in
households with and without solar panels may differ (or not). All
things being equal, when comparing a house having solar panels
with its neighbours, our analysis suggests that the people living in
the house with solar panels are more likely to own their home (by
13 percentage points), identify as White, non-Hispanic (by 10 percentage points) and participate in elections (by 9 percentage points).
Our analysis indicates that US households with solar installations include both Democrats and Republicans. While solar
household residents are slightly more likely to be Democrats,
the difference is smaller than other demographic factors: households composed of Democrats are only about 4 percentage points
more likely to have rooftop solar than households composed of
Republicans. Further, this effect is a function of neighbourhood
composition, not differential partisan uptake of the technology
within a given neighbourhood. When comparing matched houseNature Energy | www.nature.com/natureenergy

Fig. 6 | Voting behaviour by density of solar distributions. Distribution
of proportion of residents who voted in general, municipal and primary
elections from 2008–2017, by density of solar installations at census-tract
level. Error bars represent ± 2 standard errors (n = 5,278).
I

holds in the same neighbourhoods, we find similar proportions
of Democrats and Republicans living in households with a solar
installation. This pattern is consistent with theories of solar uptake
that emphasize material incentives to deploy solar, for instance
as driven by solar leasing companies. It suggests that ideological
polarization on climate and energy issues is not yet a binding constraint on solar technology uptake. Of course, despite this polarization, recent survey research indicates that large pools of potentially
proclimate Republicans still exist in the United States. Our data
suggest that these data translate into real economic decisions, since
there are sizable numbers of Republicans with a household-level
material stake in the energy transition.
Moreover, we do not see a gradient in the partisan affiliations of
solar household across neighbourhood-level installation density. This
suggests that early solar adopters are not more ideologically-driven
than their immediate neighbours, nor are later solar adopters. Of
course, we cannot easily compare these individuals with members of
either party in other census tracts. The distribution of solar installations exhibits geographic patterns at the neighbourhood scale and
above due to peer effects and policy differences26. This is particularly
true in the context of known racial and socioeconomic disparities
between census tracts with solar energy deployment and those census
tracts that do not have much deployment32,37. However, there are reasons to believe that our findings are not structured by partisan sorting
into neighbourhoods, as such sorting is empirically rare38: individuals
do not move to neighbourhoods on the basis of their political preferences or their desire to live amidst like-minded partisans.
Future research should evaluate whether and how these households will mobilize to contest public policy or defend existing
policies against retrenchment efforts (compare ref. 6). We do find
strong differences in political participation when comparing solar
households and benchmark control households. US residents of
solar households are more likely to vote in general, primary and
municipal elections, often substantially more so. This would suggest
that solar households may enjoy a greater and more reliable political voice than their non-solar neighbours. This gradient in political
participation is not entirely surprising: solar households also have
higher incomes, a demographic attribute known to correlate with
voting behaviour. However, the association between solar installation presence and political participation—as indicated by a substantially greater likelihood of voting in primary elections—is still
present after controlling for a full range of demographic attributes.
As the pace of the energy transition accelerates, solar adopters may
become a growing constituency of relevance for policymakers on
both sides of the ideological aisle.
More broadly, the energy transition will require accelerating
deployment of clean energy resources and, probably, increased
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adoption of distributed solar PV systems. Our results shed light on
the conditions under which this transition can occur. To date, political barriers to clean energy adoption remain a subject of considerable
debate. At a policy level, ideological polarization of political actors
has led to substantial efforts to retrench clean energy laws, including support for such policies as net metering and solar mandates8.
However, we show that this elite polarization is not yet reflected in
patterns of US public uptake. If such polarization is not present in
the United States, the global setting with the most substantial polarization over climate change, our results may place a meaningful
bound on the ideological gradient of solar adopters in other parts
of the world where climate and energy beliefs are less polarized.
Broadly, they suggest the existence of a cross-ideology public coalition with a growing stake in energy sector decarbonization.

Methods

Sampling solar households using aerial imagery. We sampled housing units
with and without solar panels using a stratified spatial random sample clustered
by census tract. We first used a dataset of US existing home solar installations
aggregated at the census-tract level, available from Google’s Project Sunroof36.
Project Sunroof data are derived from aerial imagery and contain estimates of
the number of existing solar installations identified using machine learning,
available aggregated at the census-tract, ZIP code and county levels. Locations of
individual housing units with solar installations were not publicly available but
were identified by human coders. To do so, we downloaded tract-level Project
Sunroof data and stratified all tracts into quintiles on the basis of the density
of estimated solar installations (installations per housing unit) as calculated
by Project Sunroof. The first quintile of tracts contained only one identified
household with a solar installation. The remaining quintiles contained 2–3, 4–8,
9–25 and 26–847 households respectively. We then randomly sampled (without
replacement) a list of census tracts within each quintile. In each quintile, starting
with the first randomly sampled tract, we located rooftops with solar installations
within the boundaries of the census tract. To search for solar installations we
randomly assigned a cardinal direction to each tract, and coders began the search
at the corner or side of the tract identified by this cardinal direction. Coders
searched in a line from this origin to the point at the opposite boundary of the
tract, recording the location of any solar installations along this line. We recorded
the locations of up to 10 solar installations within each tract. If no installations
were found, the tract was skipped. In some cases, tracts were estimated by Project
Sunroof data to contain more solar installations than were visible to human
coders. In other instances, installations that exceeded the number estimated by
Project Sunroof were identified (Fig. 1).
We then created a database of matched neighbouring addresses for each
housing unit identified with a solar installation. To identify neighbouring housing
units, we used the point coordinates of each solar housing unit and randomly
generated nine matching points within a buffer of 200 m around each point. Each
randomly generated point was then reverse geocoded using the Google geocoding
application programming interface in R 39. Reverse geocoding produced a list
of postal addresses, which was then cleaned to remove duplicate addresses and
those identified by the geocoding application programming interface as ‘range
interpolated’, a range of addresses rather than a single address, which were less
likely to represent an actual housing unit. This protocol produced a set of addresses
of housing units identified as likely to have solar PV or solar thermal panels, along
with up to nine matched neighbouring addresses. We randomly selected one of the
matched neighbouring addresses for inclusion in the analysis.
We sampled neighbouring households on the basis of spatial distance from the
solar household. This raises a concern that our control households may sometimes
include a household with a solar installation. If this were true of a large number of our
control households, we might be concerned this would distort our descriptive results
by making the control households look more similar to the treated households than is
actually the case. We know from previous research that solar technology adoption is
shaped by peer effects and can often be spatially clustered27,28. We extensively validate
our data to ensure that our control group does not have any households with visible
solar installations. For each control household, we manually search the address
using Google Maps satellite imagery. Overall, as expected in the presence of spatial
clustering of solar installations, we found that 109 of 2,672 households in our initial
control group also had solar installations (just over 4%). These were concentrated in
the quintile with the highest installation density, where 10% of the control group was
also a solar household. For each of these 109 households we resampled from our list
of up to nine neighbouring households, until we found a household without solar
(see below). In total, we were able to find good control matches for 93 of these 109
cases. For 16 cases, we did not have a match in our dataset. We dropped these 16 solar
households from our analysis.
Comparing solar and non-solar households using voter file data. We then
contracted with a leading US voter file vendor to purchase political and voting
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behaviour data for both our solar roof sample and the matched neighbouring
address sample. This included imputed partisan score data for each household
using the TargetSmart 2016 National Partisan Model. For each address in our
dataset, we received the names of all adults living at that address, their partisan
affiliation, their voting history, estimates of their ideological position, whether
the household rented or owned the property, and basic socioeconomic and
demographic data. In total, our sampling and data collection process resulted
in a dataset of 4,129 housing units with solar installations matched to 4,129
neighbouring housing units. We obtained voter file data for at least one individual
in 3,666 of the solar-adopting housing units and 2,951 of the neighbouring control
housing units. Records contained missing data for one or more variables, as
indicated in Table 1. If one or both of each pair of solar and control households
contained missing data for a particular test or figure, that pair of households
was dropped from the test. We used two-sided paired t-tests and a linear
probability model for comparisons between solar and matched control households
(collinearity diagnostics are provided in Supplementary Table 6 and tests for spatial
autocorrelation in Supplementary Table 7). Alternative regression specifications are
provided in in Supplementary Tables 4 and 5.
Additional data sources. A human coder then manually looked up every
individual in solar-adopting households in the Center for Responsive Politics’
Donor Lookup tool (https://www.opensecrets.org/donor-lookup). This database
includes all US Federal Election Commission recorded political donation data.
Generally, only donations above US$200 are publicly available. For each individual,
we recorded the amount donated to Republican and Democratic candidates, the
Republican and Democratic parties generally and political organizations affiliated
with left- and right-leaning organizations.
In addition, a random sample of 600 matched pair addresses was taken, and
each address was manually searched within the Project Sunroof database to return
solar potential data for each address, including number of usable sunlight hours
per year, total roof area (in square feet) available for solar panels, and estimated net
savings (in US$) for the property projected over 20 years.
This study was approved as exempt by the University of California Santa
Barbara Office of Research as part of protocol number 11-18-0104. Further
details are available on request from the corresponding author. Additionally, in
Supplementary Note 1 we describe our approach to data de-identification.
Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Data availability

De-identified data that support the findings of the study have been deposited in the
Harvard Dataverse40.

Code availability

Replication code to produce the figures and analyses reported in this study have
been deposited in the Harvard Dataverse 40.
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Study description

This study merges address-level data on the presence of solar panels with household-level voting and political outcomes. Population
comparisons are then made between solar and neighboring non-solar households.

Research sample

We sampled housing units with and without solar panels using a stratified spatial random sample clustered by census tract, using a
dataset of U.S. existing home solar installations aggregated at the census tract level, available from Google Project Sunroof.

Sampling strategy

We downloaded tract level Project Sunroof data and stratified all tracts into quintiles based on the density of estimated solar installations
(installations per housing unit) calculated by Project Sunroof. The first quintile of tracts contained only one identified household with a
solar installation. The remaining quintiles contained 2-3, 4-8, 9-25, and 26-847 households respectively. We then randomly sampled
(without replacement) a list of census tracts within each quintile. In each quintile, starting with the first randomly sampled tract, we
located rooftops with solar installations within the boundaries of the census tract. We then created a database of matched neighboring
addresses for each housing unit identified with a solar installation.

Data collection

To search for solar installations we randomly assigned a cardinal direction to each tract, and coders began the search at the corner or
side of the tract identified by this cardinal direction. Coders searched in a line from this origin to the point at the opposite boundary of
the tract, recording the location of any solar installations along this line. We recorded the locations of up to 10 solar installations within
each tract. If no installations were found, the tract was skipped. To identify neighboring housing units, we used the point coordinates of
each solar housing unit and randomly generated nine matching points within a buffer of 200 meters around each point. Each randomly
generated point was then reverse geocoded using the Google geocoding API in R (Kahle and Wickham 2013). Reverse geocoding
produced a list of postal addresses, which was then cleaned to remove duplicate addresses and those identified by the geocoding API as
'range interpolated,' a range of addresses rather than a single addresses, which were less likely to represent an actual housing unit.
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We then contracted with a leading U.S. voter file vendor to purchase political and voting behavior data for both our solar roof sample
and the matched neighbouring address sample. This included imputed partisan score data for each household using the TargetSmart
2016 National Partisan Model. For each address in our dataset, we received the names of all adults living at that address, their partisan
affiliation, their voting history, estimates of their ideological position, whether the household rented or owned the property, and basic
socioeconomic and demographic data.
A human coder also manually looked up every individual in solar-adopting households in the Center for Responsive Politics' Donor
Lookup tool (https://www.opensecrets.org/donor-lookup). This database includes all U.S. Federal Election Commission recorded political
donation data. Generally, only donations above $200 are publicly available. For each individual, we recorded the amount donated to
Republican and Democratic candidates, the Republican and Democratic parties generally, and political organizations affiliated with leftand right-leaning organizations. In addition, a random sample of 600 matched pair addresses was taken, and each address was manually
searched within the Google Sunroof database to return solar potential data for each address, including number of usable sunlight hours
per year, total roof area (in square feet) available for solar panels, and estimated net savings (in U.S. dollars) for the property projected
over 20 years.

Timing

January 2018 to October 2019

Data exclusions

n/a

Non-participation

n/a

Randomization

See details in Data Collection section.
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We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems

Methods

n/a Involved in the study

n/a Involved in the study
ChIP-seq

Eukaryotic cell lines

Flow cytometry

Palaeontology

MRI-based neuroimaging
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Human research participants
Clinical data
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Policy information about studies involving human research participants
Population characteristics

The study was reviewed and determined to be exempt by the University of California Santa Barbara Human Subjects Committee
as part of as part of protocol number 11-18-0104.

Recruitment

n/a

Ethics oversight

University of California Santa Barbara Office of Research

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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