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ARTICLEINFOQO ABSTRACT

Keywordic Indsvidual demand for emerging techmologies can be influenced by the demand of other individuals within
Bolkee defined peer growps. These so-called peer effects have been demonstrated in emerging clean energy technologies
Adoprion equity such as moftop solar. To date, peer effects have disproportionately driven solar adoption among relatively
;::u“::?;mw affluent houssholds. Here, we use household-level income estimates of rooftop solar adopeers to explore haw

peer effects drive adoption for low-income househalds. We find evidence of peer effects for both high- and low-
incame households and fnd that peer effects are generally stranger within than across meame growps. Our e
sults indicate that peer effects trarslate to adoption less frequently amaong low-income households. These resalis
suggest that low-income peer effects are mitigated by barriers in low-income adoption. Heterogeneous peer
influence i another demand shifter that explains the inequitable adoption of emerging technologies.

1. Introduction

Small-ccale conzumer tachnaologies cuch 2o roaftop solzr photowvol-
tzico (PV] could play Ly roles in electric erid Jecarbonization and
climate change mitigation (Distz =t 2., 200% OShzushnessy et al,
2022k} Rooftop PV deployment depends on the idiooyncratic adoption
Jdecisions of millicns of individual househalds. Understanding the fac-
toro that chape rooftop PV demand and adoption hao thus driven a
growing body of research (Sintov and Schulez, 2015 Alipour et al,
2020 Schulee et al., 2022). Moot of thiz worl: applies 2 rational actor
maudel, modeling PV Jemanid as a function of warious incentives that
Jrive mloption decizicns. Another prominent zdoption model iz baged
an interperzonal influence within peer sroups, or simply peer influence
(Axzen and Furani, 2012; Xiong et al., 2016; Waldhe et 21, 2020). Peer
influence ploys 2 prominent role in maodel: of how technologies diffuse
into oociety (Fogers, 2003; Van den Bults and Stremersch, 2004). The
literature has identifisd numerous potential mechanizme through which
peerz can influence technology Jiffusion, such as through charing
axperisnce [Le., laﬂmi:rg] (Pooter and Rozencwoeis, 1995]), I\QJ.I.ICiDE tha
uncertainty associated with new products {Van Jen Bulte and Stre-
2004), ward-of-mouth commumnicztion, persuanion [Wialslo=
et al., 2020, and wisible sdoption actions (e-g., PV oystems inztalled on
street-facing rooftopa) (Bollinger =t 21| 2027) In practice, peer influence

mernch

* Coerespanding authar.

E-mml address: soshaughressea Bl goy (B OShaughnessy).

iz identified through peer effect maodels ectimating the impacts of peer
Jemand on indiwidual demand (Praclaniz, 2007; Omf-Viachy et al,
2015, Several studies find svidence of pear affects in =arly roofiop PV
adoption (Bollinger and Jillingham Oraziano and Gillingham
2015, Moezzi e al., 201 T Palm, ¥ laca znd Samahita, 2020;
Baltz-Ozlian et 21, 2021; Bollinger et al., 2022).
More recently, an emerming body of rezearch explores the factors that
explain heterogeneous roaftop PV adoption acrom income levels [Sunter
et al, 2019, O5hzughoecoy =t al., 2021} Ao is commeon for emerging
technologies, love- and moderate-income (LMI) customens zdopt rocftop
PV lex frequendy than more affluent customers (Attanzsio and Pista-
fezri, 2016; Forrester et 2., 2022). Inequitable PV adoption could poos
challenges to lons-term deployment (Welton and Bizen 20157, and
policymaliers are increacingly exploring ways to Jdrive LMI zdoption
Carley er al., 20217 LMI PV adoption research hag largely focuzsed on
pocioeconomic barriers that prevent LMl households from zdopting
clean energy technologies (Muellsr and Ronen, 2015; Lulanocr and
Tirieger, 201%; Brown er al, 20200 Some previous work posits a po-
tential role for peer intluence in LM] adoption (Walske, 2020; Walsle
et al, 2020}, and potentizl Jifferences in peer influence according o
area income lesels (Baollinger and Gillingham, 2012). No otudy, to our
knowledmpe, quantifies peer influence on LMI adoption baged on
houzehald-lewal income estimates.
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Impacts of non-residential solar
on residential adoption decisions

Eric O'Shaughnessy**, Galen Barbose!, Alexandra Grayson®=,
Iza Ferrall-Wolf* and Deborah Sunter?

Household decisions to adopt rooftop solar photovoltaics are partly driven by
social influence. Pravious research on solar adoption influence has focused an
influence among residential peers. Here, we expand the framework of solar
adaption influence by exploring the influence of non-residential installations
on residential adoption decisions. We use staggered differences-in-differences
to estimate mon-residential influence effects uzing a large data sample of
residential adoptions. We also critically evaluate prevailing framewarks for solar
adoption influence. ‘We find that non-residential installations are associated
with accelerated residential adoption rates, on the order of 04 additional
residential adoptions per guarter per non-residential installation. We show that
non-residential systerns exert a continuous, long-term influence on residential
adaption decisions. We explore separate results and influence mechanisms for
solar installed on commercial buildings, gowernment buildings, and houses of
worship. The results suggest that non-residential solar adopters could serve as
partreers in policies to "seed” residential adoption in underserved communities

KIVWORDS

solar, adoption, influence, behavior, peer effecis

1 Introduction

More than 3 million households had adopted rooftop solar photovoltaics (PV) in the
United States by the end of 2022 (1

the outcome of an idiosyncratic individual or howsehold adoption decision. A growing

J. Every roaftop PV system reflects

literature has emerged 1o explore what explains rooflop PV adoption decisions, such as
financial incentives, environmental motivatsons, and costomer invterest in novel technologies
{Sinton ; Al ;5 : | 2027y, Within that literature
are sunLraJ ‘iI.I.I.d.ILh !h-:l'.-'lnl{ lh.'l.l Lrl.-d.lwdual r-:|u-||-:|p I“.' adoption dLn.LiI.iI:ﬂ'i are partly driven
|:|:. the ad-:lpll-:ln decisions of other individuals {Eallinger and Gillinghan . Lar
kear : Bal J. The impacts of previous adeptions on subsequent
adoption decisions are evident in the physical clustering of PV systems and statistical
associations between the timing of PV installations and adoption decisions {(Bolling:
i 2k
The relationship between past and subsequent PY adoptions has been characterized as a
form af secial infleence | I L Xi fi;
s }. The term |r|:|'|u-\.11-:n. has |:|LL|.'| umd in PV .Jd.v:lplum rLs-\..Jth ina hruad
sense. Rooflop PY adoption decisions may be directly affected by active secial interactions,

such as with neighbors who have already adopted (Sigrin < I. The literature also
sugpests a role for more passive influence mechanisms, such as an individual being primed

a1
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Disclaimer

This document was prepared as an account of work sponsored by the United States Government. While this document is believed to contain correct information, neither the
United States Government nor any agency thereof, nor The Regents of the University of California, nor any of their employees, makes any warranty, express or implied, or
assumes any legal responsibility for the accuracy, completeness, or usefulness of any information, apparatus, product, or process disclosed, or represents that its use
would not infringe privately owned rights. Reference herein to any specific commercial product, process, or service by its trade name, trademark, manufacturer, or
otherwise, does not necessarily constitute or imply its endorsement, recommendation, or favoring by the United States Government or any agency thereof, or The Regents
of the University of California. The views and opinions of authors expressed herein do not necessarily state or reflect those of the United States Government or any agency
thereof, or The Regents of the University of California.

Ernest Orlando Lawrence Berkeley National Laboratory is an equal opportunity employer.

Copyright Notice

This manuscript has been authored by an author at Lawrence Berkeley National Laboratory under Contract No. DE-AC02-05CH11231 with the U.S. Department of Energy.
The U.S. Government retains, and the publisher, by accepting the article for publication, acknowledges, that the U.S. Government retains a non-exclusive, paid-up,
irrevocable, worldwide license to publish or reproduce the published form of this manuscript, or allow others to do so, for U.S. Government purposes

ENERGY TECHNOLOGIES AREA ENERGY ANALYSIS AND ENVIRONMENTAL IMPACTS DIVISION



Summary

Demand for emerging Key findings:

technologies can be .
. J : Peer influence affects household rooftop solar
Influenced by the adoption . - :

A adoption decisions at all income levels.
decisions of peers
We evaluate two new Influence is stronger within income groups
questions on the role of (e.g., low-income influence on low-income
influence in solar adoption: adoption decisions) than across income
1) how does influence vary ~ [5794P>
across income levels; and Solar installations on non-residential buildings
2) does influence operate influence residential adoption decisions,
across different customer including commercial buildings, government
types? buildings, schools, and houses of worship

Photo by Dennis Schroeder, NREL 45243
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What drives rooftop solar adoption?

\

Most research focuses on personal incentives using a
rational actor model




What drives rooftop solar adoption?

~_ |

An alternative approach explores how social or “peer”
Influence drives rooftop solar adoption decisions




Research questions

0 Study 1: Does peer influence operate at all income levels,
and could differences In peer influence partly explain
differences in adoption rates across income levels?

1 Study 2: Do non-residential installations influence residential
adoptlon decisions?

.» ,'
( - f, :

Bl fu

| %
AT

Photo by Werner Slocum, NREL 66322 7
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Study #1
Peer influence across
household income levels
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Background: Solar diffusion

" I LMI
Rooftop splar, like other emerging Adoption 2°
technologies, has become more ey
equitable over time 15

Still, to date, low- and moderate-
income (LMI) households are
underrepresented among rooftop solar

10

adopters
Peer influence has primarily driven 0

I I 1 10 100 1,000
adoption among relatively affluent Cumulative Adoption (Thousands)
households Share of rooftop solar adopters earning less than

the U.S. national median income.

Figure from O’Shaughnessy et al. 2023. Environmental Research Letters 18 024024.



Peer effects modeling

o Peer influence can be modeled as a demand shifter:
Qj,g = D(p, Qij,g'X)
7 Where:
nQ, ,Is the demand of individual J In a peer group g
0Qy 4 IS the demand of other individuals in the group
0 The impact of Q. , on Q, ;, Is known as a peer effect




Study sample

Adoptions
per

1,000
Households
>200

100

11



Inferring adoption dates

O ' 1= Installation
Permit (imputed)
iIssued

(observed) Installation influences

adoption decision

Permit
application

Adoption (observed)

(Imputed)




Peer effects across income levels

- Results suggests that
Installations increase the
probability of adoption by
around 1.8 percentage
points (all income levels)

o Peer effects are
significantly smaller among
LMI households (defined
here as <100% area
median income)

% Point Increase in
Adoption Probability

1.6

0.8

.|

LMI Non-LMI|
Adoption Adoption ,




Peer effects within and across income groups

% Point Increase in
Adoption Probability

2
Peer effects are stronger within
Income groups (e.g., LMI on
LMI) than across income Ll |-
groups Group

-Across
Group i
0 [

LMI Non-LMI
Adoption Adoption




Peer effects relative to background adoption rates

- Weaker LMI peer
effects partly reflect
lower background
adoption rates

o Controlling for
differences in
background adoption
rates partly, but not
fully, accounts for
differences in peer
effects

Coefficient
Relative to
Background
Adoption
Rate

Within
Group

Total
Effect

AcCross
Group

LMI Adoption

Non-LMI Adoption



What explains weaker LMI peer effects?

Weaker LMI peer effects mean that peer influence Is less
likely to translate to LMI adoptions, not necessarily that
Influence Is less iImportant to LMI household decision-making

Peer influence may prime LMI households to consider

adoption, but influence alone does not address other barriers,
such as budget constraints

16



Why Is peer influence stronger within income groups?

The result that peer effects are stronger within income groups
IS consistent with theoretical and empirical work on influence:

iIndividuals are more strongly
peers with whom they more c

. M| solar interventions could

iInfluenced by the actions of
osely identify

potentially leverage this fact,

such as by “seeding” LMI adoption in low-income areas

17
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Study #2
Socilal influence across
customer types
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Background: Non-residential influence

- Rooftop or ground-mounted solar at non-residential sites could
Influence residential adoption decisions

o Influence could be passive (e.g., seeing panels) or active (e.qg.,
Interactions with customers, constituents, and congregations)

Non-residential installation Residential adoption

19



Methods

Non-residential installation Non-residential interconnection

25 days (median)

Non-residential install
influences residential adoption

12 days (median)

Permit
application

Residential adoption Residential installation

20
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Results: Evidence of influence across all building types

Average
Treatment
Effect

Specialist: §
sample : g
~ Full .
. sample ; -
[T TR T T T A A e e —— e R s T T EE R A _'_E‘-""
All Commercial Government Schools Houses of

Non-Residential Worship 21



Results: Sustained influence over time

Results suggest that Sroup- g

residential adoption rates Effects

Increase In zip codes with 6

non-residential installs

That influence effect is ’

persistent ,

The sustained influence

could reflect compounding 0l

Influence over time: initially » o
influenced adoptions go on 2 install e
to influence other adoptions -20 -10 0 10 20

Elapsed Quarters

22



Results: Non-residential influence effects comparable to

residential effects

Full non-residential effect

Bounded non-residential effect

Full residential effect
No Sunrun/Tesla adoptions

Matches non-residential sample size

Non-Residential Effects

Residential Effects

0 2 = 6

Influence Coefficient

23
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Conclusions
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Conclusions

Peer influence affects solar adoption decisions at all income
levels

Peer effects are weaker at lower income levels, though that
does not necessarily mean that influence is less important

Peer influence Is stronger within than across income groups

Social influence works across customer types: non-residential
iInstallations can affect residential adoption decisions

25



Open questions

What are the mechanisms of social influence in solar
adoption?

Could certain non-residential institutions more effectively
iInfluence residential adoption than other institutions?

How can influence-driven adoption be leveraged and
optimized?

26
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Study #1 Data

Rooftop PV adopter data compiled by the Lawrence Berkeley
Lab (provided by BuildZoom)

The data set comprises 801,534 records on households that
adopted rooftop PV from 2010-2020 which could be matched
to modeled household-level income estimates

Peer groups defined as Census tracts
Our full data set comprises 82,867,232 tract-day observations

30




ldentification of peer effects

Bollinger & Gillingham (B&G)* developed an approach for
identifying peer effects in the context of rooftop PV
adoption

B&G show that PV peer effects can be identified through
a fixed effects model regressing adoption decisions on the

Installed base:
Age = &+ Bbyr + XVgt + €4t

Under certain verifiable conditions,  provides a robust
estimate of peer effects

| - Bollinger & Gillingham. 2012. Marketing Science 31(6):900-912. 31



In case you’re curious...

A system installed is the outcome of an adoption decision, and an

Installation date Is just an adoption date p

us some lag

The B&G peer effects model regresses ac
of itself:

option on a lagged version

Age =+ Lagi_; +XyVge + €4t

Where t-l refers to the adoption decision d

ate, and | represent the lag

(in days between an adoption and an installation

Serial autocorrelation is a concern in this model. As a result, B&G
demonstrate that identification requires the assumption that the lag ()
exceeds the order of autocorrelation, in which case autocorrelation

does not bias the peer effect estimator

32



Approach #2: Continuous probabilities

Permit
Issued ()
(observed)

Installation

Installation influences
adoption decision

Permit
application

(observed)
Adoption



Summary Statistics

Variable Mean SD. Min Max

Adoption rate (per household in 10-°) 5.92 83.99 0 83,333.3
LMI adoption rate (10) 1.78 43.97 0 82,987.6
Non-LMI adoption rate (10) 4.14 68.21 0 68,376.1
Installs 0.01 0.13 0 113
LMI installs 0.003 0.06 0 112
Non-LMI installs 0.007 0.10 0 72

34



Peer effects: Full sample

Discrete Discrete Continuous
Date Base  Date Deltas Probability
(x10°) (x10-%)

Installed base 0.11*% 10.38* 0.50%
(0.01) (0.72) (0.01)

[0.02] [1.8]
Tract FE X X
Area-quarter FE X X X
Year-month FE X X X
Day-of-month FE X X X
Day-of-week FE X X X
N 82,867,232 82,867,232 82,867,232
Adjusted R? 0.04 0.02 0.65

35



Peer effects across income levels

~
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BERKELEY LAB

Discrete Date Base (x10¢)

Discrete Date Deltas (x109)

Continuous Probability

Y=LMI Y=Non-LMI Y=LMI Y=Non-LMI Y=LMI Y=Non-
LMI
Installed base 0.01% 0.10* 1.29* 9.09% 0.10* 0.40%
(0.001) (0.006) (0.13) (0.67) (0.004) (0.01)
[0.002] [0.02] [0.2] [1.6]
Tract FE X X X X
Area-quarter- X X X X X X
year FE
Year-month X X X X X X
FE
Day-of- X X X X X X
month FE
Day-of-week X X X X X X
FE
Adjusted R? 0.01 0.03 0.01 0.02 0.38 0.63
N 82,867,232 82,867,232 82,867,232 82,867,232 82,867,232 82,867,232

36



Peer effects across and within income groups

BERKELEY LAB

Discrete Date Base (x10-%)

Discrete Date Deltas (x10)

Continuous Probability

Y=LMI Y=Non-LMI Y=LMI Y=Non-LMI Y=LMI Y=Non-LMI
LMI 0.10* -0.02 2.99% 1.87% 0.23* 0.15*
installed (0.01) (0.02) (0.30) (0.41) (0.01) (0.007)
base [0.02] [-0.004] [0.5] [0.3]
Non-LMI -0.005* 0.12* 0.69* 11.64*% 0.06* 0.48*
installed (0.002) (0.01) (0.14) (0.83) (0.003) (0.01)
base [-0.001] [0.02] [0.1] [2.1]
Tract FE X X X X
Area- X X X X X X
quarter
FE
Year- X X X X X X
month
FE
Day-of- X X X X X X
month
FE
Day-of- X X X X X X
week FE
Adjusted 0.01 0.03 0.008 0.02 0.39 0.63
R2
N 82,867,232 82,867,232 82,867,232 82,867,232 82,867,232 82,867,232
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Study #2 Data

Non-residential systems

o LBL's Tracking the Sun data set identifies 35,526 non-residential PV
Installations from 2010-2021, including systems installed on
commercial buildings (N=23,975), government buildings (N=3,989),
and schools (N=2,089)

oWe also identified systems installed on houses of worship based on
data from Interfaith Power & Light and the Department of Homeland
Security (N=1,329)

Residential system data comes from BuildZoom
(N=1,449,189)




Study #2 Methods

We use staggered difference-in-differences to measure
temporal changes in residential adoption rates after non-

residential system installations (see paper for complete
description of Methods)

We implement the analysis at the zip code-quarter level.

oThe “treatment” is a non-residential installation, the

treatment group comprises zip codes with non-residential
systems from 2010-2021

o The “control” group comprises zip codes without non-
__ residential systems from 2010-2021
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