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Abstract

Rooftop solar photovoltaic mandates are becoming a popular policy across Europe and the
United States. In this paper, we leverage the frontrunner experience of California to examine
their economics. First, we evaluate the private payoffs of solar adoption for residential new con-
struction. To do so, we assemble a rich dataset of new construction building projects and param-
eterize an engineering model to provide estimates of private payoffs across our sample. Second,
we evaluate the hypothesis of what we call a “solar gap” by comparing the cost-effectiveness es-
timates from the engineering model to observed builder decisions. We find substantial variation
in the cost-effectiveness of solar across building locations and characteristics, though the esti-
mated private payoffs are generally positive across a robust variety of model parameterizations
and financial assumptions. We observe that the majority of buildings in our data do not adopt
solar despite engineering estimates suggesting opportunities for positive payoffs. Relatedly, we
find that payoffs explain little of the variation in solar adoption decisions. Lastly, we estimate
the effectiveness of both San Francisco’s citywide solar mandate and California’s statewide man-
date. Across a variety of empirical approaches, we find that both the citywide and statewide
mandates increased solar adoption. However, new construction solar adoption remains below
100 percent. We discuss compliance accordingly.
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1 Introduction

In the absence of a first-best international or even national climate policy, many states and

local jurisdictions are adopting their own second- and nth-best policies to reduce greenhouse gas

emissions, including various building codes and technology mandates. In recent years, proposed

building policies have included bans on natural gas (e.g., Davis 2025), requirements for electric

appliances (e.g., Gould et al. 2023), and various energy efficiency standards (e.g., Jacobsen and

Kotchen 2013, Levinson 2016). One increasingly common policy is introduced by municipalities

mandating rooftop solar photovoltaic (PV) panels on new construction. Municipalities in Cali-

fornia, including the prominent example of San Francisco, have been frontrunners in this respect.

Importantly, in January 2020, the state of California began requiring that all newly constructed

low-rise residential buildings in the state install rooftop solar PV, thus imposing a solar mandate

statewide in the world’s 5th largest economy. Our paper examines the economics of solar man-

dates in California, leveraging their frontrunner role for informing policy there as well as in the

many jurisdictions that recently adopted or are currently considering solar mandates, including the

European Union and Switzerland.

In this paper, we address the following questions. First, we assess solar adoption at baseline in

the absence of mandates. Many of the solar mandates were preceded by reports suggesting that

rooftop solar photovoltaics were cost-effective for all new construction (Davis et al. 2014; Energy

and Environmental Economics Inc. 2017). If that were the case, however, we would expect adoption

to be ubiquitous, and mandates would be unnecessary and nonbinding. However, we find that many

builders do not adopt solar on new construction in the absence of mandates.

Second, we examine the rationale for solar mandates. One justification for solar mandates has

been the claim that many builders forego cost-effective solar investments, leaving money on the

table. That is, the finding that most new construction projects have not adopted solar could be

evidence of what we call a “solar gap” where builders fail to adopt solar even when it would be

cost-effective to do so. Alternatively, the modest adoption rates could reflect some misspecification

or missing costs known to builders but not accounted for in the engineering models that have

found ubiquitous cost-effectiveness. In other contexts, the literature has explored the hypothesis

of the “energy efficiency gap” where observed adoption of energy efficiency technologies have not
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aligned with engineering estimates of cost-effectiveness, in part because of principal-agent issues

and behavioral failures (see Allcott and Greenstone 2012; Gillingham and Palmer 2014; Gerarden

et al. 2017 for reviews of the literature), but also because of overly optimistic engineering estimates

(Metcalf and Hassett 1999; Davis et al. 2014; Grimes et al. 2016; Levinson 2016; Fowlie et al. 2018).

We address this second question on the hypothesis of a “solar gap” as follows. First, we evaluate

the private payoffs of solar adoption for residential new construction. Using detailed building-level

data, we parameterize an engineering model to provide estimates of solar cost-effectiveness in our

sample (i.e., profitability based on private costs and benefits). We compile our novel building

project-level data from a variety of sources including municipal building permits records, fine-scale

climate and solar irradiance data, rooftop-level shading estimates from Google Project Sunroof, and

restricted-access electricity consumption data for a sample of new construction building projects

that we obtained in 2018. This portion of our analysis focuses on the San Francisco Bay Area

because several municipalities in the region adopted their own municipal mandates in advance of

the statewide policy, making this region a good context for examining baseline adoption. Cost-

effectiveness reports behind those municipal mandates as well as the eventual statewide mandate

pointed to ubiquitous cost-effectiveness of solar PV. For our own analysis of solar system design,

performance, and cost-effectiveness, we use the System Advisor Model (SAM) from the U.S. Na-

tional Renewable Energy Laboratory (NREL). The estimates from the engineering model provide

a distribution of project payoffs across project characteristics and allow us to investigate sensitiv-

ity to model parameterization. NREL’s System Advisor Model is actually the same model used

in many of the abovementioned cost-effectiveness reports, but we find much greater heterogeneity

in project cost-effectiveness in parameterizing the model across our dataset of observed building

projects and their detailed characteristics. Although estimated payoffs are generally positive, the

payoffs are typically small especially compared to overall new construction costs.

However, even the absence of ubiquitous cost-effectiveness may not necessarily imply absence

of a “solar gap.” Along the distribution of payoffs, there may still be builders leaving money on

the table, even in presence of non-monetary costs. Hence, after parameterizing and estimating

the engineering model across our building projects data, we compare payoff estimates with actual

solar adoption decisions, at the building level. We observe that positive expected payoffs explain

little of the observed variation in adoption decisions. In fact, we find little evidence of any strong
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relationship between solar adoption and the level of estimated payo�s, and builders forego solar

across the entire support of payo� estimates. We conclude that these �ndings do suggest the

existence of a \solar gap" where some builders forego solar even among the most cost-e�ective

projects.

Lastly, we take an ex-post approach and estimate the policy impact on solar adoption relative to

a no-policy counterfactual using synthetic control methods. These exercises estimate the extent to

which mandates increase solar adoption, accounting for compliance and uptake of exemptions. Even

with limited compliance and exemptions, solar mandates can still e�ectively increase adoption. We

�nd that San Francisco's citywide mandate increased solar photovoltaic adoption by 33 percent-

age points, approximately doubling the pre-policy adoption rate. Post-mandate adoption in San

Francisco remains below 100 percent, consistent with the ordinance's exemptions and alternative

compliance pathways. We investigate compliance patterns accordingly. For California's statewide

policy, we �nd an increase of 5.8 to 8.4 kW (between 30% to 43%) in solar photovoltaic capacity,

which is not far from the median capacity of newly installed residential photovoltaic systems in the

United States (Barbose et al. 2024).

To our knowledge, ours is the �rst study to investigate the economics of solar mandates, a

policy that is currently being adopted by a growing number of jurisdictions, aside from the ex-ante

cost-e�ectiveness reports. In our analysis of the economics of these mandates, we contribute to

several strands of literature. One relevant stream of research is the literature on building codes and

restrictions at the local level in a variety of contexts (e.g., Pollakowski and Wachter 1990, Glaeser

and Gyourko 2003, Hsieh and Moretti 2019), including building codes motivated to achieve environ-

mental outcomes (e.g., Aroonruengsawat et al. 2012, Jacobsen and Kotchen 2013, Levinson 2016,

Bruegge et al. 2019, Novan et al. 2022, and Carattini et al. 2024). We also contribute to the litera-

ture on distributed solar policies and solar adoption decisions generally (e.g., Darghouth et al. 2011,

Borenstein 2012, Rai and Sigrin 2013, Hughes and Podolefsky 2015, Crago and Chernyakhovskiy

2017). Further, our exploration of a possible \solar gap" presents an additional context for studying

the mechanisms identi�ed in the extensive literature on the energy e�ciency gap, going back as far

as Hausman (1979), among others (see Allcott and Greenstone 2012, Gillingham and Palmer 2014,

and Gerarden et al. 2017 for reviews). Ex-post comparisons of engineering estimates to observed

outcomes include Davis et al. (2014) on household cooling appliances and Fowlie et al. (2018) on
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building weatherization.

Our paper proceeds as follows. Section 2 reviews related literature and provides institutional

background and design details about the mandates that we examine in this paper; Section 3 de-

scribes our estimates of private payo�s, including our data sources and engineering model parame-

terization, and evaluates evidence of a \solar gap"; Section 4 presents our policy evaluation for both

San Francisco's citywide mandate and California's statewide mandate; and Section 5 concludes.

2 Background

2.1 The possible case for solar mandates

Canonical environmental economics suggests that standards and mandates are less e�cient

polices than market-based instruments. However, standards and mandates may for instance be

rationalized under the circumstances of an \energy-e�ciency gap" where individuals or �rms fail

to take seemingly cost-e�ective actions for a variety of behavioral or institutional reasons, which

additional economic incentives from market-based instruments may not be able to address. Across

a variety of technologies and institutional settings, the literature in economics has explored the

existence of an \energy-e�ciency gap," and identi�ed various potential mechanisms for its emer-

gence (starting with Hausman 1979 and Ja�e and Stavins 1994; see also the reviews by Allcott and

Greenstone 2012, Gillingham and Palmer 2014, and Gerarden et al. 2017). Similarly, the existence

of a \solar gap" could provide support for solar mandates, and many of the explanations for the

energy-e�ciency gap in other settings may be applicable in the failure of homeowners and builders

to undertake pro�table rooftop solar investments.

Prominent energy-e�ciency gap explanations for under-adoption include market failures, such as

liquidity constraints, imperfect information, and principal-agent problems. Behavioral explanations

include myopia and inattention. For example, Tsvetanov and Segerson (2013) present a behavioral

model of consumer purchase decisions wherein consumers can be \tempted" by the low purchase

price of less energy-e�cient goods. Under this model of welfare outcomes, the authors demonstrate

that energy-e�ciency standards can dominate a tax in the presence of this behavioral distortion.

In the rooftop solar context, payo�s (or electricity bill savings) are realized over long horizons,

often 20 to 30 years. Also, in the context of new construction, builders may be inattentive to
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the value of the solar investment because it is small relative to the overall building project, which

may cost several hundreds of thousands or even millions of dollars. Levinson and Niemann (2004)

explore principal-agent problems and information asymmetries in energy-e�cient investments in

rental buildings, suggesting that landlords may pay tenants' utilities to internalize the value of

their energy e�ciency investments, which is an option that however also comes with downsides,

including that it may not be salient to prospective tenants during their rental search. It is possible

that builders face similar challenges in capitalizing the value of solar in the ultimate sale or rental

of the building. Through rational expectations, builders that do not plan to keep the property over

the long run may then decide against the installation of solar panels.

Some strands of the energy-e�ciency gap literature explore settings where a purported gap may

not exist at all. For example, Myers (2019) exploits the di�erences in home sales prices between oil-

versus gas-heated homes in Massachusetts, �nding that changes in the relative prices of these fuels

are rationally capitalized. Further, a routine �nding in the literature is that engineering estimates

overstate the savings from energy e�ciency investments (Metcalf and Hassett 1999, Davis et al.

2014, Grimes et al. 2016, Levinson 2016, and Fowlie et al. 2018). In the context of California building

codes, Levinson (2016) �nds that realized savings are substantially lower than was forecast by

regulators. Based on a literature review of engineering estimates �nding that the promised energy

savings do not actually materialize, Fowlie et al. (2018) suggest that many ex-ante engineering

analyses may have systematic misspeci�cations. They also provide evidence from a �eld experiment

on the gap between engineering estimates and realized savings, even accounting for a potential

rebound e�ect.

The literature has identi�ed a variety of explanations for overestimation of technology perfor-

mance and payo�s in engineering studies. Engineering studies may fail to account for behavioral

factors or assume idealized conditions, including optimized operations and maintenance. Davis et al.

(2014) explore circumstances where engineering models are overly pessimistic about the ine�ciency

of the old technologies being replaced. Another source of engineering model misspeci�cation could

be the presence of hidden costs, which are not accounted for in the engineering model (Gillingham

and Palmer 2014). Hidden costs could include search frictions and administrative costs, such as the

costs of �nding a suitable solar installer and the administrative burden of managing the contractor,

interconnecting to the electricity grid, and applying for government subsidies. We are going to refer
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to these costs with the generic term of \hassle."

As a counterpoint to the critiques of the engineering literature, some studies have identi�ed

settings where the engineering estimates are validated. Jacobsen and Kotchen (2013) �nd that

building codes implemented in Florida in 2002 reduce electricity consumption by 4 percent and

natural gas by 6 percent, in line with the ex-ante predictions. In a re�nement of this work over

an extended time horizon, Kotchen (2017) �nds that the energy savings from the building code

are persistent for natural gas consumption. However, he �nds that electricity consumption appears

to revert to pre-policy levels after a few years, suggesting that the e�ectiveness of the measures

degrades over time.

Our analysis focuses on a new and fast-growing policy, which has, however, not been studied

yet in the literature. In doing so, it extends these strands of literature comparing ex-post outcomes

to ex-ante engineering estimates with an emphasis on the importance of heterogeneity in potential

ex-ante misspeci�cation.

2.2 Rooftop solar mandates

Originating in California, rooftop solar mandates are an increasingly common variety of build-

ing code mandates for new construction projects around the world. In January 2017, San Francisco

became the �rst major city to implement a rooftop solar mandate, and the example was quickly

followed by other municipalities in the San Francisco Bay Area and ultimately the state of Califor-

nia.1 Prior to California's statewide implementation of the rooftop solar mandate in January 2020,

more than two dozen California municipalities adopted solar photovoltaic requirements between

2017 and 2020, including Brisbane, Culver City, Davis, Fremont, Lancaster, San Francisco, San

Mateo, Santa Monica, and Sebastopol (California Energy Commission 2016; California Statewide

Codes & Standards Program 2022). Outside of California, jurisdictions with rooftop solar man-

dates include South Miami, Tokyo, and several German municipalities and German states, such as

Baden-W•urttemberg, Berlin, and Hamburg, which were then followed by larger jurisdictions such

as the European Union and Switzerland. While these policies share in common the requirement

of rooftop solar on new construction, there is substantial variation in the speci�c details across

1See https://sfplanning.org/project/better-roofs for the mandate in the city of San Francisco (last
accessed, May 9, 2024) and https://www.energy.ca.gov/programs-and-topics/programs/building-energy-
efficiency-standards/online-resource-center/solar for the statewide mandate (last accessed, May 9, 2024).

7



jurisdictions.

In support of solar mandates, o�cials in several jurisdictions have cited ex-ante cost-e�ectiveness

reports that estimate builders and building occupants achieve positive payo�s from the mandates

(e.g., Davis Energy Group, Inc. et al. 2016 and Energy and Environmental Economics, Inc. 2017).

These cost-e�ectiveness reports apply engineering models to a small number of hypothetical new

buildings with stylized characteristics. The suggestion that rooftop solar is cost-e�ective on all

new construction must be reconciled with the evidence from the data that most new construction

buildings do not adopt solar at baseline, as shown in Figure 1 for San Francisco and other Bay Area

municipalities. In our review of building permits data and solar adoption behavior, we do not �nd

any jurisdictions with ubiquitous solar adoption on new construction in the absence of mandates.

In o�cial statements, the motivations for solar mandates have included reducing electricity

production from fossil fuels and electricity system cost-savings and resiliency associated with dis-

tributed generation. In regions with cap-and-trade programs, such as California and much of

Europe, the extent to which solar mandates may reduce greenhouse gas emissions depends on the

exogeneity of the cap. If solar mandates increase the adoption of solar energy, which represents

our research question, they then contribute to lower the price of allowances, potentially helping

cap-and-trade programs withstand political pressure.

In any case, solar mandates are for some jurisdictions part of the pursuit of more speci�c

outcomes, such as various \net-zero" emissions targets, including California's goal of zero net

energy (ZNE) buildings. Also, informed by the �nding of ubiquitous cost-e�ectiveness in the ex-

ante engineering studies, some o�cials may have had interest in using the mandates to help more

of their constituents fully capture the private bene�ts of solar adoption, including taking maximum

advantage of national and regional incentive programs.

The exact requirements and exemptions of solar mandates vary by jurisdiction, so here, we sum-

marize the main features of the San Francisco citywide and California statewide policies with more

detailed descriptions available in Appendices A.1 and A.2, respectively. In 2017, San Francisco

implemented the Better Roofs Ordinance mandating rooftop solar installations on new construc-

tion residential, commercial, and municipal buildings. The policy went into e�ect for any new

construction project that applied for building permits on or after January 1, 2017, with exemptions

for buildings over ten stories, data centers, laboratory buildings, and non-residential buildings with
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gross 
oor area less than 2,000 square feet. Minimum size rules required that the solar installations

cover at least 15 percent of the total roof area of multifamily and non-residential buildings, or

250 square feet for single-family homes. Aside from rooftop solar PV, the Better Roofs Ordinance

allowed two alternative compliance pathways, which were either rooftop solar thermal or building

a living roof (also known as green roof) engineered for stormwater management. San Francisco

enforced these and other building codes through the building permitting and inspection process,

with �nes up to $500 per day for a building code infraction. The Better Roofs Ordinance was

superseded in January 2020 when the California Energy Commission introduced a statewide solar

requirement in the 2019 Building Energy E�ciency Standards. The statewide standards required

all newly constructed low-rise residential buildings (de�ned as residential buildings up to three

stories) to install solar PV. The statewide standards did not apply to commercial and municipal

buildings, nor include alternative compliance pathways.

Figure 1: Share of Newly Completed Residential Buildings Adopting Solar

Notes: Solar adoption shares are for completed residential new construction projects. (1) This
sample of other Bay Area municipalities omits municipalities that adopted their own solar
mandate prior to the 2020 California policy. (2) Incomplete and ongoing building projects are
omitted. (3) Dates are based on the year a project permit was �rst �led, which is also the
applicability date for building codes and solar mandates. (4) We omit data after 2020 given the
implementation of a statewide mandate in California. (5) See Sections 3.2 and 3.4 for data
details and related data summaries.
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3 Private payo�s and \solar gap"

3.1 Setup

We begin with a review of time series of new residential construction and solar adoption in mu-

nicipalities of the San Francisco Bay Area. Sections 3.2 and 3.3 describe our data sources in detail.

After reviewing the data, we pursue two distinct sets of analyses parameterizing an engineering

model to estimate the private payo�s of a solar installation. First, we parameterize the engineering

model to estimate the heterogeneity in the private payo�s of solar adoption, using our project-level

data. Understanding the heterogeneity in estimated payo�s and the sensitivity of the model param-

eterization allows us to explore the importance of accounting for project-level characteristics, the

possibility of model misspeci�cation and bias, and the extent that unobserved costs might a�ect

payo�s (including administrative and other \hassle" costs as introduced in Section 2). Second, we

compare the engineering estimates to observed solar adoption decisions and test whether variation

in project characteristics and payo�s rationalizes solar adoption decisions. Whether or not expected

payo�s rationalize solar adoption speaks to the question of whether there is a \solar gap" where

builders fail to adopt solar even when it would be cost-e�ective to do so. Engineering estimates of

the private payo�s of a solar installation are not a welfare measure and do not account for social

bene�ts and costs of each solar installation. Expected private payo�s are the measure of interest

in the behavior of the private decision-maker, such as the home builder.

For the engineering estimates of private payo�s from a solar installation, we apply the Sys-

tem Advisor Model (SAM) from the U.S. National Renewable Energy Laboratory (NREL). SAM

provides a rich representation of a rooftop solar project including geography-speci�c variation in

climate and solar irradiance; installation materials, labor, and �nancing costs; taxes and subsidies;

future electricity consumption and tari� structure; technological speci�cations of the solar module

and inverter; and shading and other system losses. In fact, SAM accommodates dozens of possi-

ble user inputs and system con�gurations. To estimate the private payo� of the solar installation

relative to a counterfactual without the solar panels, the SAM outputs include total costs over

the system life, electricity production, electricity bill savings, compensation for excess electricity

generation, taxes, and subsidies. Principally, SAM estimates the net present value (NPV) of the

installation. In Sections 3.2 and 3.3, we detail the speci�c data sources we use to parameterize the
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model, and Appendix Section B.2 provides a more detailed model description. Having estimated

the distribution of solar payo�s across all building projects, we are able to illustrate the hetero-

geneity in project payo�s. We also compare these distributions to payo�s estimated by previous

cost-e�ectiveness reports, which generally only considered a few stylized sets of building character-

istics. The comparison to prior engineering studies as well as our sensitivities with alternative SAM

parameterizations allow us to assess the importance of using such granular project-level data and

accounting for di�erences in project characteristics. We also compare our results to the �nding of

earlier cost-e�ectiveness studies that California solar projects have strictly positive payo�s across

project types.

3.2 Building permits data

For our core data, we create a novel address-level dataset of new construction building projects

in Bay Area municipalities, which we collect from individual permitting o�ces of individual mu-

nicipalities. In addition to new construction permits, we also collect solar and electrical permits.2

In matching the solar electrical permits to building permits, we are able to identify the new con-

struction projects that adopt rooftop solar. 3 Speci�cally, we match the new construction building

permit addresses to solar permits in the corresponding jurisdiction's electrical permits. We are

then able to validate these solar adoption statistics from individual jurisdictions' electrical and

solar permitting databases against California's solar interconnection data.4 The building permits

data from individual municipalities vary in the level of data availability and details of each project's

characteristics. However, the general structure of the data tracks each project's status from initial

�ling date through various approvals and inspections to �nal completion. We restrict the data

to only completed projects, for which we are able to observe the �nal status of a building's solar

adoption decision.

For this analysis and also the San Francisco municipal mandate policy evaluation in Section 4,

we sorted municipalities in the San Francisco Bay Area by an equally-weighted ranking of seven key

2 In some cases, jurisdictions had permitting processes that tracked solar permits separately from other electrical
permit types.

3 In the permitting data, we �nd very few cases of solar thermal adoption. Therefore, we focus almost exclusively
on rooftop solar PV adoption except in Section 4 where we evaluate the speci�c compliance pathways under San
Francisco's citywide mandate.

4Seehttps://www.californiadgstats.ca.gov/ (last accessed, May 9, 2025).
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Table 1: Residential New Construction and Solar Adoption, 2014-2016

2014-2016 2017-2019

San Francisco
Number of permits 509 116
Number of permits with solar 132 68
Share of permits with solar 25.93% 58.62%

Other Bay Area Cities
Number of permits 3,567 2,610
Number of permits with solar 905 766
Share of permits with solar 25.37% 29.35%

Notes: (1) This table is restricted to completed residential single-family and multifamily new con-
struction buildings with permits �rst �led between 2014 and 2019. (2) Dates are based on the year
a project permit was �rst �led. (3) Building permits data were not available for all municipalities
in all years.

criteria, including population size, population density, median household income, homeownership

rate, solar irradiation, housing stock growth, and population growth. After processing data and

removing municipalities with incomplete solar and building permits data, we generated a donor pool

with 19 municipalities in the San Francisco Bay Area that most closely resembled San Francisco

across these criteria.5 Among these municipalities, only San Francisco adopted a rooftop solar

mandate prior to the statewide mandate beginning in 2020. Together, these 20 municipalities

have a population of over 3.4 million, exceeding the population of some U.S. states and even

some small countries. Our building permits data are summarized in Table 1. Our total sample

includes 6,802 building permits for residential new construction buildings �led between 2014 and

2019 and subsequently completed. Prior to the implementation of San Francisco's municipal solar

mandate in 2017, solar adoption was only about 25 percent on residential new construction across

all municipalities.

5Our full list of 20 San Francisco Bay Area municipalities includes San Francisco, Alameda, Berkeley, Burlingame,
Cupertino, Daly City, Danville, Emeryville, Fair�eld, Fremont, Oakland, Redwood City, Richmond, San Bruno, San
Carlos, San Jose, Santa Clara, Santa Cruz, South San Francisco, and Sunnyvale. Note that our donor pool does
not include Sebastopol, which implemented a solar mandate of its own prior to 2017. Our donor pool also does not
include San Mateo and East Palo Alto for lack of data.
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3.3 Engineering model data and parameterization

NREL's System Advisor Model (SAM) as well as other public and proprietary engineering

models are widely available to assist homeowners and �rms in their solar installation decisions,

and solar salespeople and installers present clients with engineering estimates to inform their solar

adoption decision and choose the design parameters. Versions of SAM have been available to

the public since 2008 as a user-friendly desktop application and would have been available to the

builders during our study period. In our analysis, builder's solve the problem of maximizing their

expected private payo�s, including the solar adoption decision. Accordingly, the �rst step of our

analysis is to parameterize SAM for our dataset of observed building projects using data that

would have been available to these builders at the time of their solar adoption decision during their

project planning and permitting process. That is, we use our data to parameterize SAM to estimate

plausible expectations about the solar payo�s (net present values) for each project at the date the

project was permitted. For each building project, we approximate the relevant decision time period

as the year the builder �rst �led for their building permit. We provide additional details of SAM

and our parameterization in Appendix B.1, including a formal statement of the builder's problem

in Appendix Equation B.1.

To properly parameterize the engineering model and more fully explore the variation in project

payo�s, our analysis supplements the dataset of actual building projects with a rich array of addi-

tional data to account for the observed heterogeneity in project characteristics. In particular, we

account for variation in climate at a �ne scale (i.e., 4km by 4km grid cells); di�erences in rooftop

characteristics and shading; electricity consumption patterns; electricity tari�s; changing state and

federal tax incentives; and installation and �nancing costs. Following from Equation B.1 as intro-

duced in Section 3.1, expected private payo� is the relevant statistic in builder's solar adoption

decision. Table 2 emphasizes the inputs that we are able to parameterize from our data as well as

important default parameters to which our payo� estimates are particularly sensitive. In the re-

mainder of this section, we summarize Table 2 and the data sources for the SAM parameterization

with Appendix B.1 providing additional data details and citations.

Our installation cost data is from California's interconnected project sites data, which we use

to construct a time series of median cost-per-watt-DC by California city and year. As shown in
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Table 2: Engineering Model Summary and Data Sources

Parameter Data source and description

Building permits Sample of California building permits described in Section 3.2

Installation costs Estimated from California interconnection data. Primary parameteri-
zations use city-year medians. Sensitivities include 95th percentile costs
and adjustments accounting for evidence that new construction instal-
lations are less expensive than retro�ts

Financing costs Annual time series of SAM defaults. Interest rates vary from 4 to 7.5%

Maintenance costs SAM defaults

Electricity tari�s and net
metering policies

NREL OpenEI database, public time series of PG&E tari�s, and CPUC
information on net metering policies. Primary parameterization holds
tari�s and policies constant over each project's analysis period. Sensi-
tivities include alternative tari� and net metering policy expectations

Compensation for excess
generation

Public time series of PG&E compensation rates.$0.03/kWh in primary
parameterization, higher in sensitivities

Electricity consumption PG&E hourly interval data for a sample of new premises. Primary pa-
rameterizations use city-level median hourly consumption pro�les. Sen-
sitivity parameterizations use address-matched consumption

Federal Investment Tax
Credit (ITC)

Federal legislation. 30%

California State and local in-
centives

Sensitivities account for some additional incentives, such as the New
Solar Home Partnership Program (NSHP)

Global horizontal irradiance
(GHI)

Typical meteorological year (TMY) �les from NSRDB database include
GHI (kWh/m 2/day) and other weather variables at 4km� 4km grid cell
resolution

Shading Estimated for each building's roof using Google Sunroof satellite data
and modeling

Analysis period SAM default. 25 years

Solar owner discount rate SAM default. 6.4%

Decision variables in optimization

Solar adoption decision Estimated.solar ict 2 f 0; 1g

System size (capacity) Estimated (kW)

Engineering outputs

Electricity production Estimated hourly

Electricity bills with and
without solar

Estimated monthly

Net present value (NPV) Discounted series of estimated costs and payo�s over analysis period

Notes: This table summarizes the data sources in our parameterization of NREL's System
Advisor Model (SAM). (1) The items in this table are only a subset of SAM's numerous
assumptions and available outputs. (2) Unless otherwise stated, we use SAM's default
assumptions. (3) We parameterize the model for each projecti in city c where yeart is the
beginning of the building project (i.e., the year the builder �rst �led for a building permit). (4)
Appendix B.1 provides additional data details and citations.
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Appendix Figure B.1, solar costs have fallen substantially over our study period, so it is important

to account for variation in builders' cost expectations over time. Using city-level cost variation

accounts for di�erences in material and labor costs. Section 3.4 and Appendix Section C present

estimated payo�s with a variety of alternative cost assumptions, including 95th instead of 50th per-

centile costs form the interconnection data; 10 percent lower costs; and various alternative incentive

levels. One consideration for the new construction mandates is that installation costs are less expen-

sive on new construction than for retro�t projects on existing roofs, and therefore, targeting solar

installations to new construction is more cost-e�ective. Accordingly, Appendix Section C presents

results with 10 percent lower installation costs, which modestly increases estimated payo�s.6

Sunshine and other climate variables determine the availability of solar energy and panel perfor-

mance. These data are available in Typical Meteorological Year (TMY) �les from NREL's National

Solar Radiation Database (NSRDB), which include an entire year of hourly temperature, global

horizontal irradiance (GHI), and other relevant climate variables for a representative year based on

weather observations from 1998 to 2022. NSRDB is gridded to 4km by 4km cells, which we match

to our geocoded building permits. To determine rooftop shading conditions, we extract a measure

of annual \usable sunlight" hours from Google Project Sunroof for each building project in our

data. Google Project Sunroof uses satellite data to identify rooftop area and shading conditions,

which we use to construct a shading measure for each roof using its \usable sunlight" hours relative

to the other roofs in our sample.

California's net metering policy determines how solar owners are compensated for the electricity

they produce and then use for their own consumption as well as any excess electricity they export

to the grid. Since California introduced its �rst net metering policy, NEM 1.0, in 1996, there have

been two major changes to the policy accompanied by substantial public debate and uncertainty.

The most relevant policy change during our study period occurred in 2016 when California updated

its net metering policy from NEM 1.0 to NEM 2.0, which required time-of-use electricity tari�s

for solar customers. This policy became e�ective for customers of PG&E, the utility serving the

6Barbose et al. (2013) �nd evidence that solar installations are less expensive on new construction than retro�t
buildings using California data from 2008 to 2012. Barbose et al. �nd a mean discount of $0 :75 per watt-DC, or
approximately 10 percent. While not all solar mandates cost-e�ectiveness studies have adjusted their installation
costs to re
ect a new construction discount, one of the cost-e�ectiveness reports for San Francisco, Halberstadt
(2014), did apply an adjustment based on Barbose et al. (2013). In our own data, we �nd mixed evidence for reduced
installation costs associated with new construction, with discount estimates in the 5 to 22 percent range depending
on the speci�cation.
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Bay Area, on December 15, 2016. Under NEM 1.0, solar customers were e�ectively compensated

for their electricity production at the same retail rate during all hours of the day. Under NEM

2.0, solar customers were compensated at a higher retail rate during \peak" hours and a much

lower retail rate during the rest of the day. In our primary parameterizations, builders expect the

prevailing NEM policy at the time of their permit application to prevail for the life of their solar

installation. Indeed, through the evolution of NEM, California has grandfathered solar systems into

their original NEM policies. However, to account for the policy uncertainty around net metering,

we have included model parameterizations with alternative policy expectations, which we describe

in Section 3.4.7

Solar payo�s are largely determined by the interaction of a building's electricity consumption

pattern with the tari� structure and net metering policy. The relatively lower compensation for

excess generation under California's NEM policies described above generally disincentivizes builders

from oversizing their solar systems. For the same reason, the largest electricity consumers can realize

the greatest payo�s because they can o�set their electricity consumption charges at a price closer

to the retail electricity rate. Under NEM 2.0, where solar customers face tari�s that vary by time

of day, the timing of electricity consumption is also an important determinant of the solar payo�.

Historical Bay Area tari�s are available from the electric utility PG&E and archived in NREL's

Utility Rate Database (URDB). For electricity demand, we rely on a sample of restricted-access

PG&E residential metering and billing data for new premises in Bay Area municipalities. This

sample includes almost 63; 000 addresses in 71 Bay Area municipalities with metering and billing

data through 2018. The data were associated with premise IDs created in PG&E's billing system

after January 1, 2009, because new premises in PG&E's billing data are typically associated with

new construction. By using city-year sample means, we further increase our con�dence that we are

identifying electricity consumption associated with new and recently constructed buildings. For our

primary parameterization, we use the PG&E sample city mean hourly electricity demand. Hourly

consumption data is especially important for estimating payo�s under time-of-use tari�s and period-

speci�c net excess generation exported back to the grid. Appendix Section C compares our payo�

estimates from our primary parameterization to an alternative approach where we use building-level

hourly interval electricity consumption data from our sample of new PG&E premises. However, our

7Appendix B.1 provides additional history and details of California's evolving NEM policies.
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model should re
ect a builder's expectations about the building's future electricity consumption

patterns. These expectations are not necessarily re
ected in this alternative parameterization

because a snapshot of observed building-level electricity consumption patterns are not necessarily

predictive of future or even expectedelectricity consumption patterns. We also parameterize our

model to 95th percentile load pro�les in the PG&E data (at the granularity of city-year) to further

demonstrate the importance of expectations about electricity demand.

In addition to California's net metering policy, there were several other incentive programs

available to solar projects during our study period. The 30 percent Federal Investment Tax Credit

(ITC) has been available since 2006, so we include this incentive in all of our parameterizations.

The well-known California Solar Initiative (CSI) expired for most Bay Area residential customers

in 2013, so the incentives were not available for most projects in our sample. Some projects in

our sample were quali�ed for the New Solar Homes Partnership Program (NSHP), which accepted

applications through April 1, 2018. NSHP incentives varied from $0:25 to $3:50 per watt-DC de-

pending on application timing and project characteristics. Appendix Section C presents alternative

parameterizations where we account for the e�ect of the NSHP program on payo�s to complement

our primary parameterization results in Section 3.4. Appendix B.1 provides additional details on

solar incentive programs and our parameterization assumptions.

For other parameter values, we use SAM defaults, which NREL updates as frequently as once or

twice per year. Updates to SAM defaults are based on market data, user feedback, and NREL sta�

expert judgement. These default parameters include panel lifetime; operation and maintenance

costs; �nancing costs; and the private discount rate of the decision-maker (i.e., the builder or

homeowner). SAM also includes dozens of parameters related to solar panel and inverter technical

characteristics and performance.

The default behavior of SAM is to estimate the net present value of a particular project of a

particular size. For example, the default system capacity in SAM has ranged from 4 to 8 kW.

However, in our SAM parameterizations, we seek to represent the behavior of a payo�-maximizing

economic agent. Therefore, we apply an optimization to identify the system size that maximizes

payo� conditional on each project's characteristics following Appendix Equation B.2 as discussed

in Section 3.1 and Appendix B.2.
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3.4 Evidence on private payo�s

We now present the results of parameterizing the engineering model to estimate the heterogene-

ity in the private payo�s of solar adoption on new construction buildings. As described in Section

3.3 above, we present distributions of payo�s for our primary parameterization as well as a variety

of alternatives. These alternative parameterizations help us explore the robustness of our results,

the sensitivity of the engineering model, and the most important determinants of solar payo�s.

Lastly, we compare the estimated solar payo�s to the total overall costs of the new construction

projects in our data as a possible measure of the relative importance of these solar payo�s in the

context of an expensive and complex new construction building project. In this section, we present

only payo�s of projects that �led for permits prior to 2017 before the applicability of any solar

mandates. We start by focusing on absolute net present values. We then turn to relative bene�ts

with respect to project costs.

From our primary parameterization of the engineering model (SAM) described in Section 3.3

above, in Figures 2a and 2b we estimate that payo�s are positive for every building project in our

data. These payo�s range from $2; 700 to $17; 200 for single family homes and exceed $100; 000

for very large multifamily buildings. The multimodality in these distributions is generally driven

by the higher electricity consumption patterns and larger homes as well as greater solar irradiance

in some sample cities, such as Cupertino, Danville, and Fair�eld at the higher end of the payo�

distribution.

Despite the ubiquity of positive payo�s in our primary parameterization, we do identify negative

payo�s for a minority of projects under alternative parameterizations, including higher installation

costs, higher �nancing costs, larger solar systems, lower electricity consumption, and less favorable

incentives and tari� structures. For example, the installation costs in the parameterization of Figure

2c are the 95th percentile costs (by city and year) from California's interconnection data instead

of the city-mean used in the primary parameterization. Even in our parameterization yielding the

least valuable payo�s, still less than 1 percent of the sample has negative expected payo�s. That

said, under these alternative parameterizations, such as a less valuable net metering policy, up to

74 percent of the sample have expected payo�s less than $5; 000, without even accounting for any

hassle or other unobserved costs.
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As discussed in Section 3.3, there were multiple changes to California's net metering policy

and substantial policy uncertainty during our study period, including uncertainty about the Fed-

eral Investment Tax Credit (ITC). Therefore, Figure 2d presents payo�s without the ITC, which

substantially reduces solar payo�s. In 2015, Congress ultimately extended the ITC through 2019,

still creating potential uncertainty for projects with longer construction timelines. To account for

potential changes in California's net metering policy under consideration prior to the implemen-

tation of NEM 2.0 in 2016, Appendix Figure C.3e is parameterized assuming that net metering

is replaced with a less favorable net billing policy. Under this counterfactual net billing policy,

consumer's net excess generation is accounted for by month and time-of-day with an $0:03/kWh

compensation rate based on an approximation of the wholesale market. Recall that California's

NEM 1.0 policy already had this lower compensation rate for excess generation on anannual basis,

discouraging investment in oversized systems. Therefore, while the alternative net billing policy

in Figure C.3e reduces payo�s and incentivizes even smaller systems as compared to net metering,

expected payo�s remain positive. Appendix Figure C.3d considers expectations of a more favorable

net metering policy with compensation for excess generation closer to retail rates, which modestly

increases payo�s.

Appendix Figure C.4 compares our payo� estimates from our primary parameterization to an

alternative approach where we use building-level hourly interval electricity consumption data from

our sample of new PG&E premises. As discussed in Appendix C, the results under this alternative

generally con�rm this section's �ndings in that estimated payo�s are similar on average and continue

to be positive for almost all projects. However, Appendix Figure C.4 does suggest that there may

be even more heterogeneity in payo�s across buildings than suggested in Figure 2.

Figure 3 illustrates the possibility that solar payo�s may have low relative importance for many

builders. Speci�cally, Figure 3a presents estimated payo�s under our primary speci�cation for a

subset of building permits for which permits data included estimatedtotal new construction costs.

Figure 3b then presents those payo�s asshares of the total project costs. The median residential

building cost is $500; 000, so for the majority of projects, median payo�s are less than 2 percent of

project costs. For almost all projects, solar payo�s are less than 5 percent of their project costs.

Among the other demands of project management, builders may ignore the foregone solar payo�s,

which are small even without accounting for administrative and hassle costs.
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Figure 2: Estimated Distributions of Solar Payo�s

(a) Single family homes (b) Multifamily homes

(c) 95th percentile costs (d) Without Investment Tax Credit (ITC)

Notes: (1) Figures present medians and smoothed kernel density estimates of the distribution of
estimated solar payo�s (net present values) from our parameterization of SAM across our sample
of San Francisco Bay Area new construction building permits. (2) All distributions are for
building permits issued between 2014 and 2016 (inclusive), prior to the implementation of solar
mandates. (3) Panel 2a presents payo�s estimated under our primary parameterization, assuming
all payo�s accrue to a single unit or building owner (i.e., single family homes). (4) Panel 2b is
restricted to multifamily buildings where solar may o�set electricity consumption at multiple units,
though system size is bounded by the roof area observed from Google Sunroof. A small number of
very large projects (fewer than 100) are omitted by the truncation of the x-axis. (5) Panel 2c is
based on 95th percentile installation costs (by city and year) instead of 50th percentile costs in the
primary parameterization. (6) Panel 2d assumes the expiration of the Federal Investment Tax
Credit. (7) Axes scales di�er. All distributions are truncated to show the actual estimates of
minima and maxima.
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Figure 3: Payo� Importance: Estimated Distributions of Solar Payo�s and Overall Project Costs

(a) Estimated payo�s (b) Share of total project cost

Notes: (1) In contrast to Figure 2, this �gure is restricted to new residential buildings for which
project cost data is available. (2) Panel 3a presents the estimated solar payo�s (net present
values). (3) Panel 3b presents the solar payo�s as a share of total cost for the entire building
project. (4) Both panels present medians and smoothed kernel density estimates of the distribution
of estimated solar payo�s from our parameterization of SAM across our sample of San Francisco
Bay Area new construction building permits. (5) All distributions are for building permits issued
between 2014 and 2016 (inclusive), prior to the implementation of solar mandates.

To summarize, we gather the following set of �ndings from Figures 2 and 3. First, we observe

that there is substantial heterogeneity in payo�s across project characteristics, which underscores

the value of project-speci�c data as opposed to the common practice in the engineering literature

used for ex-ante policy simulations. Rather than detailed project-level data, these cost-e�ectiveness

studies relied on a small number of representative projects with stylized characteristics. Second,

we note that estimated payo�s are indeed positive for the great majority of the buildings in our

study period, and this �nding is robust to a battery of alternative parameterizations. Taken at

face value, this �nding supports the conclusions of the cost-e�ectiveness reports. Third, we also

observe that the payo�s are modest, especially relative to the overall costs of new construction

buildings. Even a relatively small amount of unobserved costs could exceed the estimated payo�s.

For example, an extra few thousand dollars of administrative or architectural costs associated with

the solar installation would exceed the payo�s for many projects.
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3.5 Evidence of a \solar gap"

Next, we apply our estimated payo�s to assess the question of whether a solar gap exists.

Speci�cally, we test whether expected payo�s determine builder solar adoption decisions following

Equations B.1 and B.2 and the discussion in Section 3.1. The failure to adopt solar in the presence

of positive estimated payo�s may be rationalized by additional characteristics unobserved in our

data but considered by the builder, such as some aesthetic rooftop features that preclude solar.

However, even in the circumstance of unobserved project characteristics or additional costs, we still

expect a relationship, everything else equal, between estimates of net present values and observed

solar adoption decisions.

Figure 4 presents the distributions of expected solar payo�s among new building projects adopt-

ing solar as compared to buildings that do not. As in Section 3.4, we continue to only consider years

2014 to 2016, before San Francisco implemented its mandates (and before California implemented

the statewide policy). In Figure 4, we observe no apparent relationship between estimated payo�

and the solar adoption decision, and building projects fail to adopt solar across the entire distribu-

tion of expected payo�s. Figure 4 suggests no evidence that the level of payo�s are a determinant

of adoption. One exception is in the tails of the distribution where we observe that the very lowest

NPV projects forego solar. That is, for the very lowest value project with the lowest expected

payo�s, builders are least likely to adopt solar, especially after accounting for non-monetary costs.

However, the evidence that many builders are foregoing pro�table solar suggests a true \solar gap."

These �ndings are robust to a variety of alternative parameterizations, including higher installations

costs (Figure 4b); expectations of a less valuable net metering policy (Figure 4c); and expectations

of an expiring ITC (Figure 4d) as described in Section 3.4.
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Figure 4: Estimated Distributions of Solar Payo�s and Observed Solar Adoption

(a) Estimated payo�s (b) Higher installation costs

(c) Alternative tari� policy expectations (d) No Investment Tax Credit

Notes: (1) Figures present medians and smoothed kernel density estimates of the distribution of
estimated solar payo�s (net present values) from our parameterization of SAM across our sample
of San Francisco Bay Area new construction building permits. (2) The green-shaded distributions
are for projects we observed adopting solar in the building permits data. Blue-shaded distributions
are estimated payo�s for non-adopters. (3) All distributions are for new single family buildings
with permits issued between 2014 and 2016 (inclusive), prior to the implementation of solar
mandates. (4) Panel 4b is based on 95th percentile installation costs (by city and year) instead of
50th percentile costs in the primary parameterization. (5) Panel 4c assumes that net metering is
replaced by a less valuable net billing policy. (6) Panel 4d assumes the expiration of the Federal
Investment Tax Credit. (7) All distributions are truncated to show the actual estimates of minima
and maxima.

Table 3 presents the results of estimating the linear probability model of the relationship be-

tween observed solar adoption decisions and the engineering model estimates of solar payo�s. The

estimating equations are described in more detail in Appendix C. Con�rming the visual evidence

of Figure 4, we fail to identify a strong positive relationship between expected payo�s and observed

adoption. To avoid the e�ect of solar mandates, these estimations only include the pre-policy years,
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2014 to 2016. Across all models, the relationship between NPV and solar adoption is relatively

modest | a $1 ; 000 change in NPV is associated with a smaller than 6 percent change in probability

of solar adoption. NPV explains less than 8% of the variation observed in the data. Recall that

in our sample we have almost ubiquitously positive expected payo�s, yet only 25 percent adop-

tion. The inclusion of city and year �xed e�ects in models (2) and (3) substantially increases the

standard errors, as these �xed e�ects also remove much of the variation in our engineering model

parameterization. Principally, though, these estimations tend to lend support to the idea that there

can be builders who forego pro�table solar adoption, in line with the notion of a \solar gap." While

our results are directionally similar to the case of retro�ts where adoption tends to follow expected

payo�s (e.g., Tibebu et al. 2021), the solar adoption decision for a builder may di�er substantially

from a retro�t. As shown in Figure 3, the costs of building projects vastly exceed the cost of solar

PV in our data, suggesting a di�erent decision-making process.

Table 3: Linear Probability Models of Solar Adoption

(1) (2) (3)

Net present value (NPV) ($1,000s) 0:028*** 0:057** 0:055*

(0:002) (0:021) (0:023)

Income ($1,000s) 0:002***

(0:000)

City �xed e�ects No Yes Yes

Year �xed e�ects No Yes Yes

Num.Obs. 3632 3632 3553

R2 0:078 0:159 0:170

R2 Adj. 0:078 0:154 0:165

* p < 0.05, ** p < 0.01, *** p < 0.001

Notes: (1) Model 1 estimates the linear probability model (Equation C.3) of solar adoption
regressed on estimated solar payo� (net present value) from the engineering model (SAM). (2)
Observations are residential new construction building permits from our sample of Bay Area
municipalities during the pre-policy years (2014 to 2016). (3) Model 2 adds city and year �xed
e�ects. (4) Model 3 includes median income at the granularity of Census block group. (5) All
models exclude buildings we identify as large multifamily buildings with more than four units due
to their substantially higher potential payo�s.

In sum, as discussed in Section 3.4 above, we conclude that in most cases in our context, solar

24



payo�s are expected to be positive, supporting one of the rationales for solar mandates. However,

the payo�s are also relatively small, suggesting that this rationale for mandates is weaker once

considering payo�s relative to the overall costs and complexity of a building project as well as

the associated administrative and hassle costs. At the same time, we do �nd evidence supporting

the idea of a \solar gap," whereby builders leave money on the table as conjectured in the cost-

e�ectiveness reports. In fact, we �nd only modest evidence that larger estimated payo�s drive

new construction solar adoption. However, the extent of the \solar gap" is relatively limited,

bounded above by the most optimistic calculations of net present values provided in this section

and Appendix C.

4 Policy evaluation

In this section, we describe the application of synthetic control methods to evaluate the San

Francisco Better Roofs policy and the California solar mandate. We apply synthetic control meth-

ods consistently to the evaluation of both policies, including using the same sets of predictor

variables.

4.1 Municipal mandate in San Francisco

We begin with the 2017 San Francisco solar mandate for newly constructed buildings. The

outcome variable of interest is the share of new buildings with solar photovoltaics. The synthetic

control method, introduced by Abadie and Gardeazabal (2003) and further developed in Abadie

et al. (2010, 2015), provides a systematic way to construct a comparison unit using weighted com-

binations of control units. The synthetic control is constructed to approximate the characteristics

of the treated unit before the intervention, providing a data-driven approach to counterfactual

analysis.

The synthetic control is constructed by solving:

min
W

KX

k=1

vk (X 1k �
J +1X

j =2

wj X jk )2

subject to wj � 0 and
J +1X

j =2

wj = 1,
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where X 1k represents the value of predictork for San Francisco,X jk is the value for control unit

j , vk is the weight assigned to predictork, and wj is the weight assigned to control unit j . In this

setting, the control unit geographies are municipalities.

As described in Section 3.2, recall that we constructed an initial donor pool by sorting mu-

nicipalities in the San Francisco Bay Area by an equally-weighted ranking of seven key criteria,

including population size, population density, median household income, homeownership rate, so-

lar irradiation, housing stock growth, and population growth. After processing data and removing

municipalities with incomplete solar and building permits data, we generated a donor pool with

19 municipalities in the San Francisco Bay Area that most closely resembled San Francisco across

these criteria. Section 3.2 provides additional details on the building permits data. The donor pool

municipalities are listed in Table 4. Prior to San Francisco's policy implementation in 2017, most

municipalities have relatively low levels of solar adoption on new residential construction, with a

donor pool average of 15 percent. On a permit-weighted basis, however, the share is 25 percent

as shown in Section 3.2. The cities with the lowest solar adoption shares, such as Berkeley and

Emeryville, generally have the fewest new residential building permits during this period. Fair�eld

(51 percent), Santa Clara (36 percent), and Santa Cruz (35 percent) have the highest adoption

shares.

To perform the synthetic control procedure with the San Francisco and donor pool building

permits data, we select a number of predictors related to residential demographics as well as the

markets for new construction and rooftop solar. Our data spans January 2014 to December 2019,

with the outcome measure aggregated at the quarterly level. Our predictors are primarily from

the U.S. Census American Community Survey (ACS) 5-year estimates, including owner-occupied

housing share, electric heating housing share, average household size, total population, growth rate

in the stock of housing units, and educational attainment (share of adults with bachelors degree or

higher). For a measure of each municipality's solar production potential, we use global horizontal

irradiance (GHI) from NREL's National Solar Radiation Database (NSRDB). In particular, we

construct a population-weighted mean GHI from the centroid of each municipality.
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Table 4: San Francisco Mandate: Donor Pool Characteristics

Municipality Population
New construction

solar share (%)

San Francisco 840,039 27.5
Alameda 76,208 3.9
Berkeley 74,023 0.0
Burlingame 29,892 20.8
Cupertino 61,229 14.2

Daly City 97,322 8.9
Danville 43,353 17.8
Emeryville 47,684 0.0
Fair�eld 109,468 50.9
Fremont 162,900 14.6

Oakland 407,484 29.3
Redwood City 76,463 0.0
Richmond 102,049 5.0
San Bruno 63,502 4.6
San Carlos 36,846 14.1

San Jose 998,848 13.4
Santa Clara 121,208 35.6
Santa Cruz 62,702 34.5
South San Francisco 66,764 0.0
Sunnyvale 147,898 17.0

Donor Pool Average 146,623 15.0

Notes: This table lists our donor pool cities, their populations, and their new construction solar
adoption shares. The shares of solar adoption on new construction are for the pre-policy period
(i.e., before 2017).
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Drawing from the donor pool in Table 4 and the predictors described above, we now discuss

our construction of synthetic San Francisco. Table 5 shows that the synthetic control successfully

replicates San Francisco's pre-policy characteristics across important predictors. Speci�cally, the

synthetic control matches San Francisco's population fairly well (524,094 for the synthetic control

vs. 839,108 for San Francisco), and tracks the housing unit growth rate (0% vs 0.1%) and electric

heating housing share (31% vs. 30%) closely. As can be expected with synthetic control, when San

Francisco tends to be an outlier, some imbalances remain, particularly for owner-occupied housing

units (43% vs. 36%) and education (39% of adults with a bachelor degree vs. 54%).

Table 5: San Francisco Mandate: Balance Table for Predictors

Predictor San Francisco Donor Pool Avg. Synthetic Control

Total population 839,108 181,294 524,094
Solar irradiance (GHI) 4.72 4.98 4.97
Housing unit growth rate 0.01 0.01 0.00
Electric heat housing units (share) 0.30 0.29 0.31
Owner occupied housing units (share) 0.36 0.50 0.43
Average household size 2.32 2.68 2.65
Bachelor degree (share) 0.54 0.49 0.39

Notes: For each of seven predictors used in our synthetic control, this table compares San
Francisco characteristics to the donor pool averages as well as the synthetic control corresponding
to the predictor and geographic weights in Table 6.

Table 6 presents the composition of synthetic San Francisco, including the predictor and geog-

raphy weights. Two primary municipalities are used to construct the counterfactual. The synthetic

control is composed of San Jos�e (19.8%) and Oakland (80.2%), the Bay Area cities with the high-

est and third-highest population, respectively. The most important predictors are total population

(28.2%), share of owner occupied housing units (20.1%), and share of housing units with electric

heat (16.5%).

Complementing the comparison of actual and synthetic San Francisco characteristics in Table

5, Figures 5 and 6 further illustrate the pre-period �t of our synthetic control. In Figure 5, the

observed solar adoption share in San Francisco (solid green line) closely tracks synthetic San Fran-

cisco (dashed blue line) in the quarters preceding implementation of San Francisco's Better Roofs

Ordinance. Figure 6 then plots the di�erences between the two series, which are well-centered
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Table 6: San Francisco Mandate: Composition of the Synthetic Control and Estimated E�ect

Estimate (� solar share on new construction) 0.33
Standard Error (0.147)

Predictor weights:
Total population 0.282
Owner occupied housing units (share) 0.201
Electric heat housing units (share) 0.165
Solar irradiance (GHI) 0.135
Bachelor degree (share) 0.112
Average household size 0.071
Housing unit growth rate 0.033

Geographic weights:
Oakland 0.802
San Jose 0.198

Temporal scale Quarterly

Notes: (1) This table presents the predictor and geographic weights used to construct the synthetic
control to evaluate the San Francisco mandate. (2) The table also presents the estimated e�ect of
the San Francisco mandate. The estimated e�ect is the change in solar share on new construction
after the mandate in the observed data compared to the synthetic control. This estimated e�ect is
illustrated graphically in Figures 5 and 6. (3) The table omits municipalities with zero or
close-to-zero weights.
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around zero in the pre-period. The relatively small and stable gap during the pre-treatment period

supports our synthetic control construction, suggesting it e�ectively captures San Francisco's solar

adoption patterns before the mandate.

Figure 5: San Francisco Mandate: Actual and Synthetic San Francisco Solar Shares on New Con-
struction

Notes: (1) This �gure plots the observed time series of San Francisco solar shares on new
construction as well as the synthetic control corresponding to the predictor and geographic weights
in Table 6. (2) The time on the x-axes re
ects building permit issuance, which is the relevant date
for the policy.

Figures 5 and 6 show that San Francisco's actual solar adoption shares increase markedly after

the 2020 mandate implementation as compared to the synthetic counterpart, implying a clear and

sustained divergence and positive gap. Table 6 presents the value of this estimated policy e�ect|an

increase in the share of residential new construction solar adoption by 33 percentage points (120%),
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with a standard error of 0.147. While post-treatment adoption at 55% is still far short of 100%, this

outcome is consistent with the 
exible policy design of the Better Roofs Ordinance, which allowed

alternative compliance and exemptions as described in Section 2.2 and Appendix A.1. We return

to the question of compliance shortly.

Figure 6: San Francisco Mandate: Gap Between Actual and Synthetic San Francisco Solar Shares
on New Construction

Notes: This �gure plots the di�erence (or \gap") between the observed time series of San
Francisco solar shares on new construction and the synthetic control. These results correspond to
the series in Figure 5 and the estimated e�ect in Table 6.

Abadie et al. (2010) recommend placebo tests to evaluate the robustness of synthetic control

results. Figure 7 implements this placebo test by applying the synthetic control method to each

control municipality in our donor pool. The blue line represents San Francisco's gap, while the

gray lines show the placebo gaps for control municipalities. The magnitude and consistency of
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San Francisco's positive treatment e�ect stands out relative to the distribution of placebo e�ects,

underlining the conclusion that the Better Roofs policy e�ectively increased the adoption of solar

photovoltaics on new construction. Figure 8 shows the same placebo test for a subset of the donor

pool, which has a pre-treatment mean squared prediction error no larger than San Francisco's.

Figure 7: San Francisco Mandate: New Construction Solar Share Gap and Placebo Gaps Using All
Donor Pool Municipalities

Notes: This �gure compares the gap produced from our synthetic control (also plotted in Figure 6)
to a series of placebos where the synthetic control methodology is applied to each of the
municipalities in the donor pool.
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Figure 8: San Francisco Mandate: New Construction Solar Share Gap and Placebo Gaps Using
Selected Donor Pool Municipalities

Notes: This �gure compares the gap produced from our synthetic control (also plotted in Figure 6)
to a series of placebos where the synthetic control methodology is applied to each of the
municipalities. We discard control municipalities with a pre-treatment mean squared prediction
error (MSPE) less than half of San Francisco's.

Complementing our main result using synthetic control, we implement a synthetic di�erence-in-

di�erence (SDID) estimator (Arkhangelsky et al. 2021) to evaluate the e�ect of San Francisco's solar

mandate on the share of new buildings with solar permits. Table 7 presents this SDID estimate.

Table 7 shows that SDID estimates an impact of 25.4 percentage points (92%), slightly lower but

statistically indistinguishable from the estimate of 33 percentage points from the standard synthetic

control method, given a standard error for SDID of 0.115. The SDID estimate con�rms that San

Francisco's mandate substantially increased solar adoption on new construction. Notably, the

geographic weights in the SDID approach are more evenly distributed across donor municipalities

compared to the synthetic control method, with the largest weights assigned to Emeryville (16.6%),

Danville (8.6%), and Burlingame (7.4%). The predictor weights also di�er, with the population with
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a bachelor degree (14.1%) and the share of housing units with electric heat (12.3%) receiving the

highest weights, re
ecting the SDID method's optimization that di�ers from standard synthetic

control. Figure 9 illustrates our SDID to complement the results in Table 7. In Figure 9, we

observe a clear divergence post-treatment, with substantially higher adoption of solar among new

construction in San Francisco compared to the counterfactual.
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Table 7: San Francisco Mandate: Composition of the Synthetic Di�erence-in-Di�erences Control
and Estimated E�ect

Predictor / Municipality Weight

Estimate (� solar share on new construction) 0.254
Standard Error 0.115

Predictor weights:
Bachelor degree share 0.141
Electric heat housing units (share) 0.123
Owner occupied housing units (share) 0.038
Housing unit growth rate 0.037
Total population 0.017
Solar irradiance (GHI) 0.002

Geographic weights:
Emeryville 0.166
Danville 0.086
Burlingame 0.074
Daly City 0.067
Fair�eld 0.067
Richmond 0.063
Redwood City 0.062
Oakland 0.061
San Bruno 0.060
San Carlos 0.053
Berkeley 0.052
Alameda 0.046
San Jose 0.037
Cupertino 0.024
Fremont 0.014
Santa Clara 0.001

Temporal scale Quarterly

Notes: (1) This table presents the predictor and geographic weights used to construct the synthetic
di�erence-in-di�erences estimator to evaluate the San Francisco mandate. (2) The table also
presents the estimated e�ect of the San Francisco mandate. The estimated e�ect is the change in
solar share on new construction after the mandate in the observed data compared to the synthetic
control. This estimated e�ect is illustrated graphically in Figures 9.
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