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I Introduction

As climate change continues to become an immediate threat, the discussion around
renewable energy has become increasingly critical. The Industrial Revolution radically increased
our productive capabilities but has rapidly increased greenhouse gas emissions into the
atmosphere. Figure 1 with data collected from the U.S. Department of Energy illustrates the
rapid rise of Carbon emissions since the start of the Industrial Revolution in the 1760s. These
gasses have contributed to global warming by trapping ultra-violet rays from the sun and steadily
heating the earth’s surface over time (NASA.gov). Figure 2 displays data from the World Bank
on global GDP growth and CO2 emission damages as a percent of global GNP. Since the 1970s
damages from CO2 emissions have slowly inclined reaching almost 2% while global GDP
growth seemes to have greatly fluctuated. Based on these figures, it appears that despite rapidly
rising carbon emissions, global GDP growth over the last 50 years has not grown correlatively as
it did in the Industrial Revolution. Rising carbon damages only adds to this observation. This
insight drives the incentive for policymakers to push renewable energy technologies. As people
start to experience the impacts of global temperature changes, there is a greater reliance on
renewable energy sources. Beyond understanding the science of renewables, it is important to
understand what prompts their adoption. Technology adoption rates have been studied
extensively across several fields. Implementing new technology is often seen as difficult since
adoption often comes with some sort of risk and uncertainty. In terms of renewable energy
technologies, the inability to see their future benefits and relative novelty may create a risk factor
for consumers.

However, the idea that renewable energy sources are new inventions is actually a

misconception. For centuries, civilizations have used waterwheels and windmills for mechanical
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energy. It wasn’t until the industrial revolution where production was taken to a global scale, we
saw huge increases in non-renewable energies. At the time, renewables simply couldn’t compete
with the efficiency of non-renewables. Today, they have become both available and affordable to
consumers across the U.S. making up about 19.8% of U.S. energy generation (EIA.gov). Out of
these, solar panels, or photovoltaic panels (PVs) have become the most viable option for the
residential sector. Home solar installation costs have dropped by nearly 20% from 2010, and the
market now reaches all 50 states (SEIA). Despite this, solar only makes up about 2.8% of energy
generation in the U.S. (EIA.gov). This begs the question as to why consumers aren’t adopting
solar panels at a faster rate. Loan programs, grant programs, research subsidies, net metering,
and the Renewable Portfolio Standard brought about a roughly 70% decrease in solar panels
costs over the decade. As these technologies become more efficient, policymakers and the utility
industry are particularly interested in what drives peoples’ adoption decisions for PVs. I will be
looking specifically into how peer effects drive adoption decisions among consumers. Peer
effects in the context of technological diffusion are ways that a neighborhood or group influence
other’s decisions to adopt a technology. There is a lack in the current literature on finding new
variables that can measure peer effects among PV diffusion. This presents an opportunity to
study how social factors may influence PV adoption rates and to leverage that knowledge to
increase adoptions. This paper expands on this idea by looking into how political parties may

play a role as a peer effect in PV adoption.

II Literature Review

Research in consumer decisions behind renewable energies has generally focused on

solar panels. Their wide availability across the US have made data much more readily available.
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Despite New York, New Jersey, and the New England states having relatively lower solar
irradiation compared to the west coast, they have some of the highest levels of solar electric
capacity (SEIA). This distinguishes solar energy from renewables that are more restricted to the
environment such as geothermal, wind power, and hydropower. The circumstances around solar
panels create an atmosphere where consumers have a unique decision between a cost-effective
renewable energy technology and non-renewables with negative externalities making them a
great source to study peer effects.

Demand for solar panels can change based off more than just price. Peer effects and other
forms of social pressures have been studied extensively across the literature (Bollinger and
Gillingham, 2012; Barnes et al, 2022; Graziano et al, 2019; Balta-Ozkan et al, 2021). In the
study of PVs, peer effects are defined as the impact individuals from a common group have on
other group members’ decision to adopt a PV (Barnes et al, 2022; Xiong et al., 2016). An
example of a peer effect would be if a potential adopter had neighbors who had strong feelings
against anything pro-environment and that potential adopter now feels less inclined to purchase
solar panels despite the benefits they know exist. The peer effect here is the influence the
neighbors’ opinion has on others on potential adopters. Several newer studies break down these
peer effects into active and passive peer effects (Barnes et al, 2022; Balta-Ozkan et al, 2021).
Active peer effects are generally studied as adoption spread by word-of-mouth. Researchers
often use word-of-mouth when referring to adoptions caused by spread of information across
neighbors whether it be at a social gathering, work, or in passing. Passive peer effects are based
on an adoption that indirectly affects others’ decision to adopt in the group. For example, a
person driving through their town may be more inclined to adopt if they see several of their

neighbors with rooftop PV installations. The quintessential difference I will use to distinguish
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between active and passive peer effects is whether the original adopter influenced a potential
adopters’ decision intentionally or unintentionally.

As Bollinger and Gillingham (2012) discuss, the challenge in studying peer effects is that
they are notoriously difficult to measure. Across most PV research many studies use geospatial
data and proximity of adoptions to represent peer effects. This data can recognize geographical
trends but there is no way to prove that local adoption decisions were based off their neighbors. I
argue that the main concern with geospatial patterns when studying peer effects is that you
cannot distinguish if they were based off active peer effects (word-of-mouth), passive peer
effects (visibility or other indirect influence), or neither. To get around this, some researchers use
commute time as a measure for passive peer effects. The idea is that longer daily commute times
increase the likelihood of one being exposed to solar panels. Bollinger and Gillingham (2012)
find evidence of individuals in the San Francisco Bay Area with over 30-minute commutes being
associated with higher adoption rates. When it comes to active peer effects many researchers do
not have an alternative to geospatial data. Bollinger and Gillingham (2012) also ran a fixed
effects using using geographical installation data in California controlling for various
demographic variables. They find that an additional installation in a zip code increases the
probability of additional adoptions by .78 percentage points, which they attribute to peer effects.
Barnes et al (2022) use a mixed methods analysis combining geospatial and survey data in the
Las Vegas Valley to seek evidence of active peer effects. They leverage geographical data with a
survey analysis of 193 respondents to distinguish whether consumers’ adoption decision was
based on passive or active peer effects. Their work reveals evidence of active peer effects having
a significant effect increasing PV adoption rates among early adopters. Barnes et al’s (2022)

mixed methods analysis was possibly one of the best ways to distinguish between active and
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passive peer effects. Being able to combine the geospatial dataset with survey data allowed the
authors to determine exactly how adoptions spread. However, with 193 observations, it is still
questionable whether the sample size is reflective of the total population. There is a consensus
that proximity and clustering of PV installations are attributed to peer effects. However, the data
doesn’t give a complete story as to exactly what social factors are prompting this increase in
adoptions.

More recent research has attempted to resolve the issue of identifying variables that
represent active peer effects by analyzing how community programs stimulate adoptions.
Programs such as Solarize Connecticut have been proven effective in increasing adoption rates
(Gillingham and Bollinger, 2020). Solarize Connecticut spread solar awareness through
community programs, provided $0 down financing, and introduced solar panels as an investment
with net metering (SmartPower, 2013). Balta-Ozkan et al (2021) studied the spatial differences
in PV adoptions in areas weighted on proximity to environmental and energy related charities.
The idea is that the closer an adoption is to one of these organizations the more likely that they
were influenced by them. Hence, it is an active peer effect in the sense the organizations
intentionally influenced potential adopters’ decision via outreach or other proactive methods.
They found that these charities have a positive impact on PV adoption rates in the United
Kingdom. Another study analyzes 228 solar community organizations across the U.S. from 1970
to 2012 and found that solar community organizations’ (SCO) ability to leverage trusted
community networks have made them extremely successful at increasing adoptions (Noll et al,
2014). They recommended that further statistical research involving PVs and peer effects should

not disregard these organizations. Studies that incorporate some measure of the exposure from
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these SCOs may be able to get a more accurate measure of the effect of active peer effects in a

community.

Why make this distinction between active and passive peer effects? As states begin to
increase their solar capacity, prices will continue to drop and make PVs available to more of the
population. Finances will be less important in the adoption equation and policymakers will be
more interested in how peer effects can continue to promote renewable energies. Differentiating
the impact active and passive peer effects have on consumers can help government officials
determine where to allocate resources to maximize adoption in different areas. For example, if
active peer effects are shown to have a strong impact on increasing adoption rates in one area,
then the local government may need to provide more solar funding for solar community
organizations. However, if it is the case the adoptions are being attributed to passive peer effects,
then these resources can be allocated elsewhere. Matisoff and Johnson (2017) find that 67% of
the money allocated toward PV incentives supported consumers who would have adopted PVs
without the incentives. Policymakers can leverage their understanding of active and passive peer
effects to avoid further misallocations of taxpayer dollars.

This paper expands on this idea by looking into how political parties may play a role in
stimulating active peer effects in PV adoption. It is possible that promoting certain political
ideologies are positively or negatively correlated with PV installations. Solar panels are
associated with environmentalism and global warming. These terms have been highly politicized
over recent years. Mildenberger (2019) conducted a survey amongst republicans and democrats
across all U.S. states. He found that although both parties support renewable energy research,
democrats support increasing funding more by about 10% in almost every state. Crago and

Chernyakhovskiy (2014), also incorporated political data into their analysis. They found a strong
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relationship between adoption rates and democratic-leaning individuals as well as areas with
more hybrid vehicles in California. Sunter et al (2018) use a LOWESS model to measure the
number of PV installations in each census tract in New York and Texas. They find that despite
the partisan division on solar panels republicans adopt the same if not more solar panels than
democrats. These studies show mixed results on the question of identity politics in PV
technological promotion. Since the publishing of these studies solar panels have continued to
grow and new datasets have become available, so there is still more work to be done.

In extension to previous research, I will interpret political affiliation and adoption rates in
the context of peer effects and diffusion theory. Diffusion theory is essentially a roadmap of
technological adoption among consumers and explains what kinds of consumers are more likely
to adopt in certain periods of the diffusion process. Most of the literature uses proximity of
installations as a measure for an active peer effect, however, in this paper I use political
affiliation as a measure of an active peer effect. Political affiliation represents evidence of active
peer effects under the assumption that people generally socialize with those of the same party
and discuss common thoughts. The goal is to try and isolate political affiliation and determine
whether it serves as an active peer effect in solar panel adoption patterns in New York. The state
has solar panel installation data from 2010 to 2020. I have not found any previous studies that
use this dataset in their analysis of peer effects and PV adoptions. This data should give me an
accurate analysis of counties that have undergone the effects of peer effects. I will attempt to
answer whether political affiliations act as SCOs and drives consumers’ decision to adopt solar
panels in NY. If true, I argue that political parties are promote active peer effects in New York

neighborhoods.



McNulty 8

III Data

All data I gathered is on the county level from the years 2010 to 2020 in New York state
(NYS). This data is available on NYS’ government website and is collected by the New York
State Department of Public Service, the NYS Independent System Operator, and the NYS
Energy Research and Development Agency (NYSERDA). The dataset includes all registered
solar panel projects in NYS by county. Since I am interested in only consumer solar panel
adoptions, I set a ceiling on solar panel size of 10kwh. The average household solar panel
installation size in the U.S. about 6kwh so 10 allows for some error. Voter registration data was
also gathered from New York’s government website. The voter data I gathered represents the
number of “active” registered republicans, democrats, and independents. Presidential election
results were gathered from the MIT Election Data and Science Lab. Finally, demographic data
such as age, gender, population, household information, employment, education, and income
were be gathered from the U.S. Census Bureau. The dependent variable PVperHouse is
calculated by taking the number of PV projects below the 10kwh threshold and dividing that by
the number of houses in the solar market. I quantified the solar house market by only including
resident-owned households built after the year 2000 in a county. The reason for doing only
including resident-owned houses is to isolate adoptions based off consumer decisions. I only
included houses built after the year 2000 because houses with a roof that is 15 to 20 years old
typically cannot sustain solar panels unless the roof is replaced. The remaining variables, their

meanings, and sources are represented in Figure 9 with summary statistics in Figure 6.
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IV Theoretical Model

The approach used to understand consumers’ adoption decision around PVs will be
analyzed via traditional consumer choice economic theory in the context of diffusion innovation
theory. Many scholars have previously used diffusion innovation theory to explain consumer
adoption of PVs (Barnes et al, 2022). The theory was developed by E.M. Rogers in 1962 and
explains how products becomes incorporated into a group. The theory breaks consumers into five
categories: Innovators, Early Adopters, Early Majority, Late Majority, and Laggards (Figure 4).
As you can see by the NY dataset (Figure 5), NY consumers have gone through the stages of
Innovators, Early Adopters, and are just on the cusp of Early Majority. Diffusion theory tells us
that this makes New York a relevant location for studying active peer effects, since information
of a product an early stage typically comes from information being actively spread by neighbors
or sellers (Barnes et al, 2022). With limited rooftop PV adoptions, early adopters would not be as
exposed to seeing them. Thus, active peer effects would be the primary way information about
the technology is spread amongst consumers. So, if there are any kind of other active peer effects

in NY, they should be prominent in the data according to diffusion theory.

V Two-Way Fixed Effects Regression Model

This study will use the following regression model:
Y. = Bo + Bi(political_af filiation,,) + BX. + a.+6; + €
Y. represents the dependent variable, the number of installed solar panels per number of
households in a given county and year. Political affiliation is the variable of interest representing
the number of active democrat, republican, and independent voters in a given county and year. X

represents the remaining control variables such as age, education level, house size, male and
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female population, and commuter times. a. represents county fixed effects in the regression.
This will control for variables that vary across county but not across time. §; represents year

fixed effects.

VI Difference-in-Differences Regression Model

I also adopt a similar methodology to a paper by Dahl et al (2022). They analyze how
republican and democratic counties’ fertility rates responded to changes in political leadership
using a difference-in-differences regression. I will use a similar model to assess how republican
and democratic counties’ PV adoption rates responded to the 2016 election using this equation:

Yoo = Bo + Bitreatyearsz017 + Batreated ey gem county + B3Aidrepaem + BXcr + €
I generate a dummy variable “treat” for observations in 2017 and after, then a dummy variable
“treated” for counties whose votes were 50% or more democrat leaning. Interacting the two
creates the difference-in-differences estimator, “did”, which should capture the effect the
election had on democratic leaning counties’ adoption rates after President Trump was elected.

Similar to the previous regression X represents all the control variables.

VII Results

The first regression results are displayed in Figure 7. The (1), (2), and (3) results
represent an OLS regression, County-fixed effects regression, and two-way fixed effects
regression respectively. Contrary to the theoretical model, TravTime, average commuter time per
county, which is supposed to be representative of passive peer effects is significant throughout
each regression. NY is in the early stages of PV adoption. According to Diffusion Theory, we

would expect passive peer effects to not be as prominent in promoting adoption. However, the
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coefficient in regression (3) is statistically significant at the 1% level and is interpreted as a one-
minute increase in average travel time increases adoptions by 0.00775 PVs per household. This
is also economically significant because it would mean for every thousand households 7.75 solar
panels will be installed by increasing average commute time by one minute. This is a large
number considering NY is still in the early adopter period.

The variable of interest PERDEM, which represents percent of active voters registered as
democrat, is not statistically significant amongst any of the regressions. This supports the
hypothesis that political affiliation does not play a role in PV adoptions. Interestingly, going
from the county fixed effects to county and year fixed effects regression changes the sign and
magnitude of the coefficient going from 0.00156 to -0.000480. This indicates that adding the
time fixed effects may be interacting strongly with the coefficient. Observing the year dummy
variables, yr14 through yr20 have statistically significant and large coefficients relative to the
other variables. This result makes the difference-in-difference regression more of interest since it
appears certain events in time may be driving adoption rates. Applying the difference-in-
difference model to the 2016 election may give hidden evidence of political affiliation playing a
role in adoptions.

The results of the difference-in-differences regression are displayed in Figure 8.
Regression (1) uses counties that voted more than 50% democrat in the 2016 election as the
treated group while regression (2) is the exact same but uses counties that voted more than 50%
republican as the treated group. The two election results do not exactly add to 100 since there is a
small percentage of voters in other parties which is why I ran two regressions. Contrary to what
diffusion theory tells us which is that passive peer effects aren’t as relevant to early adopters,

TravTime is positive and statistically significant. The “did” estimator is not statistically
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significant in the regression. The coefficient is negative -0.00362 for democrats and positive
0.00362 for republicans. This indicates that after the election in 2017, democratic voting counties
decreased PV adoptions by 0.00362 PVs per household and Republicans increased PV adoptions
by the same magnitude. This result may be evidence that PVs are not as politicized by party as
previously thought but voters are still responding to changes in future expectations caused by
political events. Democrats may have been concerned for the future and responded to the
election by adopting less solar panels while republicans had the opposite effect. This would
mean political affiliation is some form of an active peer effect, however, the coefficients still are

not statistically significant, so I cannot reject the null hypothesis and come to this conclusion.

VIII Conclusion

As a result, this study adds to the current literature on peer effects and diffusion theory in
the context of solar panel adoption rates. Previous work has not considered the possibility that
political affiliation acts as an active peer effect in PV adoption. These results have not allowed
me to state with confidence that this is true. However, this research provides a new approach to
measure of peer effects and their causality in technological diffusion processes. Further research
could be done to identify different social groups that promote PV adoption. Being able to take
advantage of this understanding would allow policymakers to not overcommit resources to solar
incentives when unnecessary. Some concerns I have with this work are that PVs tend to have a
lag period between installations and the actual consumer decision by about 2-6+ months, which I
did not consider. Also, certain states may have different political attitudes toward solar panels.
Different states may then reveal different results if this study was done using other states’ data.

Finally, my R-squared values in Figure 7 regressions (2) and (3) are 0.186 and 0.333
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respectively. These values are relatively low indicating there may be some variables that I did
not capture in my regression. Adding in variables for weather conditions and policies may yield
more accurate results as opposed to my model that attempts to capture them via time and county
fixed effects. All in all, this work shows that consumers’ decisions surrounding solar panels are a
complex function. More research needs to be done to understanding societies’ preferences

toward renewable energy technologies to create a sustainable future.
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Figure 3
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Figure 5
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Figure 6
(1) () 3) 4) (%)
VARIABLES N mean sd min max
County 682  31.50 17.91 1 62
SolarHousMarket 682 4,552 5,441 93.50 34,246
PV 682 182.3 602.4 0 5,752
PVperHouse 682  0.0246 0.0386 0 0.382
PERDEM 682  45.71 14.51 24.36 91.13
PERREP 682  47.39 13.62 6.638 70.55
PERIND 682  6.898 1.676 2.138 13.01
TravTime 682  25.40 6.303 17.40 45.40
HSIZE 682  2.489 0.234 2.020 4.130
Pop 682 315,082 537,808 4,454 2.635e+06
PMALE 682  49.74 1.465 46.85 55.21
PFEM 682  50.26 1.465 44.79 53.15
AGE 682  40.85 3.599 29.50 55.50
HUnder 682  44.48 7.354 24 61.40
College 682  43.68 3.593 32.50 52.40
Grad 682 11.85 4.801 5.200 30.80
INC 682 73,912 20,845 47,325 163,997
Figure 7
(1) ) 3)
VARIABLES PVperHouse PvperHouse PvperHouse
PERDEM -0.000133 0.00156 -0.000480
(0.000319) (0.000940) (0.000883)
PERIND 0.008527#** 0.0255%** 0.000789
(0.00209) (0.00570) (0.00633)
TravTime 0.00149* 0.00751%** 0.00775%**
(0.000845) (0.00294) (0.00276)
HSIZE 0.0372%* 0.00728 -0.00179
(0.0209) (0.0162) (0.00999)
Pop 1.94e-08* 8.89e-(7*** 5.96e-07**
(1.17e-08) (2.98e-07) (2.78e-07)
PMALE -0.000245 -0.00407 -0.00441
(0.00120) (0.00571) (0.00487)
AGE -0.000202 -0.00118 -0.00323
(0.000661) (0.00200) (0.00204)
College -0.000436 -0.00226* -0.00271*
(0.000564) (0.00121) (0.00136)
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Grad 0.00200%** -0.00251 -0.00350
(0.000677) (0.00231) (0.00257)
yrll -9.05e-05
(0.00252)
yrl2 0.00178
(0.00547)
yrl3 0.00644
(0.00726)
yrl4 0.0220**
(0.00931)
yrl5 0.0491***
(0.0121)
yrl6 0.0498***
(0.0127)
yrl7 0.0250**
(0.0101)
yrl8 0.0215**
(0.0103)
yrl9 0.0204*
(0.0102)
yr20 0.0181*
(0.00976)
Constant -0.148 -0.313 0.165
(0.102) (0.321) (0.274)
Observations 671 671 671
R-squared 0.186 0.333
Number of County 61 61 61
Robust standard errors in parentheses
*H% p<0.01, ** p<0.05, * p<0.1
Figure 8
(1) ()
VARIABLES PVperHouse  PVperHouse
TravTime 0.00132%* 0.00132%*
(0.000798) (0.000798)
HSIZE 0.0330 0.0330
(0.0202) (0.0202)
Pop 8.56e-09 8.56e-09
(1.07e-08) (1.07e-08)
PMALE 0.00257** 0.00257**
(0.00122) (0.00122)
AGE 0.000991 0.000991
(0.000749) (0.000749)
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College 0.00142** 0.00142%**
(0.000619) (0.000619)
Grad 0.00213%** 0.00213%**
(0.000783) (0.000783)
treat -0.00653 -0.0101***
(0.00911) (0.00247)
treated 1 0.00388
(0.00739)
did1 -0.00362
(0.00892)
treated2 -0.00388
(0.00739)
did2 0.00362
(0.00892)
Constant -0.348%** -0.344 %+
(0.118) (0.114)
Observations 671 671
Number of County 61 61
Robust standard errors in parentheses
*H% p<0.01, ** p<0.05, * p<0.1
Figure 9
Variable Definition Source
PVperHouse Number of solar panel NYS Government website
projects in a county 10kwh and ACS 5-year estimates
and under divided by the
number of resident-owned
households built after 2000 in
a county
HSIZE Average number of people ACS 5-year estimates

per household in a county

PERIND, PERDEM,
PERREP

Percent of active voters
registered as independent,
democrat, and republican
respectively

NYS Government website

PDEM, PREP, POTHER

Percent of votes a democrat,
republican, or other candidate
received in each county in
2012, 2016, and 2020
elections

MIT Election Data and
Science Lab
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Pop Total population in a county | ACS 5-year estimates
PFEM, PMALE Percent of total population in | ACS 5-year estimates
a county that are female and
male respectively
AGE Average age in a county ACS 5-year estimates
INC Average income in a county | ACS 5-year estimates

College, Grad, HUnder

Percent of population in a
county that completed
received a high school
diploma or less, college
degree, or graduate degree
respectively

ACS 5-year estimates

TravTime

Average minutes of commute
time in a county

ACS 5-year estimates

treat

Dummy variable indicating
an observation occurred in
2017 or after

treated1

Dummy variable indicating a
county voted greater than
50% democrat in the 2016
election

treated2

Dummy variable indicating a
county voted greater than
50% republican in the 2016
eleciton

did1

Difference-in-differences
interaction variable between
treat and treated1

did2

Difference-in-differences
interaction variable between
treat and treated2
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