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Abstract: We examine technology adoption and consumer welfare disparities across
demographic groups using data from an online solar photovoltaic (PV) marketplace.
Low-income households are 25% less likely to purchase solar through the platform
and obtain 53% lower expected consumer surplus than high-income households. More-
over, Black and Hispanic households are relatively less likely to purchase solar through
the platform and obtain lower consumer surplus than White and Asian households. We
develop a method to decompose the drivers of consumer welfare disparities between de-
mographic groups. Differences in demand fully account for the consumer surplus dis-
parities between high- and low-income households and between White and Hispanic
households. However, supply-side factors explain 37% of the consumer surplus gap be-
tween White and Black households. Black households get relatively fewer bids and face
higher prices, and installers have higher implied costs to serve them. Finally, we assess
counterfactuals that offer targeted price discounts to certain demographic groups.
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OVER THE PAST DECADE, billions of dollars in subsidies for electric vehicles, solar
photovoltaic (PV) panels, and energy efficiency retrofits have accelerated clean energy
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investment. However, many subsidy programs, such as US clean energy tax credits,
disproportionately benefit higher-income households (Borenstein and Davis 2016).
This is because Black, Hispanic, and low-income households are less likely to adopt
clean energy technologies, such as rooftop solar PV systems (Sunter et al. 2019; Reames
2020; O'Shaughnessy et al. 2021). To address these inequities, Congress and the En-
vironmental Protection Agency (EPA) have introduced programs aimed to increase
adoption among low-income households (EPA 2023; RS 2023)."

In markets for new energy technologies, such as home energy efficiency retrofits, res-
idential battery storage, and rooftop solar PV, contractors often customize and price proj-
ects individually. Consequently, sellers may use household or neighborhood character-
istics, such as income and race, to determine which customers to serve or to adjust bid
prices. Thus, adoption disparities may stem from both supply-side and demand-side fac-
tors. On the demand side, different consumer groups may purchase a new technology at
varying rates because of differences in willingness to pay or other underlying preferences.
On the supply side, firms can contribute to disparities in equilibrium adoption by chang-
ing their service offerings or bidding behavior across consumer demographic groups. Our
study aims to disentangle the relative importance of these supply and demand factors in
explaining technology adoption and welfare disparities.

Figure 1 illustrates how supply-side and demand-side factors contribute to dispar-
ities in clean technology adoption and consumer welfare. Figure 1A and B depict the de-
mand and supply for rooftop solar PV systems among high-income and low-income
households, respectively. We see that low-income households have more elastic demand
and also face higher prices. In practice, low-income households may face higher prices be-
cause they tend to purchase smaller solar arrays (with higher marginal costs) and live, on
average, further away from solar installers.

Unsurprisingly, figure 1A and figure 1B demonstrate that, in this example, high-
income households will purchase more solar PV systems and receive greater consumer
surplus compared to their lower-income neighbors. Figure 1C illustrates the difference
in consumer surplus achieved by high-income households relative to low-income house-
holds, which we call the consumer surplus gap.

To effectively address distributional inequities, evaluating both the supply and de-
mand side of the market is essential. For example, consider a naive subsidy offered to
low-income households equal to Spow — Sigh in figure 1. Such a subsidy would equal-
ize effective solar prices across income groups. However, figure 1 indicates that price
equalization alone is insufficient to achieve parity in adoption and consumer welfare,

When low-income households’ demand is relatively elastic, equilibrium adoption and

1. The US Inflation Reduction Act (IRA) formulated a provision for low- and middle-
income individuals, and the EPA offered grants through the Solar for All program.

2. Solar PV installations often feature economies of scale where the per-unit cost of an in-
stallation tends to decline with the size of the system (Dorsey 2024).
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Figure 1. Consumer surplus for high- and low-income households in the solar PV market.
Panel A shows the demand and supply curves of a high-income household. The shaded area
represents the consumer surplus. The shaded area in panel B shows the consumer surplus ob-
tained by low-income households. Panel C shows the difference in consumer surplus between
the two groups. Finally, panel D decomposes this difference into three components: a demand
component, a supply component, and an interaction component.

consumer surplus for low-income households will lag behind high-income households,
even with equal prices. In such cases, more ambitious targeted subsidies would be
needed if policymakers seek to eliminate gaps in consumer surplus and adoption.
Figure 1D further decomposes the consumer surplus gap into three components: a
demand component, a supply component, and an interaction component. The demand
component represents the portion of the consumer surplus gap that would persist if
both income groups faced the same supply curve (the low-income supply curve). The
supply component signifies the part of the consumer surplus gap that would remain if
both groups had the same demand (the low-income demand curve) but faced different
supply curves. Finally, the interaction component depicts the residual piece of the con-

sumer surplus gap arising from simultaneous supply and demand curve shifts.
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Understanding the underlying components of consumer surplus disparities can help
inform the choice of policy instruments used to address inequities. If the supply compo-
nent primarily explains disparities, policies that incentivize firm investment or remove
barriers to entry in underserved markets may be fruitful. Examples of supply-side pro-
grams include grants, loans, tax abatement, reducing regulatory or permitting costs,
workforce development, and other initiatives designed to reduce firms’ investment costs
and effectively increase supply. Demand-side policies may be relatively appealing if the
demand component primarily drives the consumer surplus gap. Such policies include
Pigouvian taxes, product-market subsidies, or behavioral nudges.

Our study uses detailed data from a major online marketplace to investigate socio-
economic and demographic disparities in the residential solar PV market. While there
is growing evidence of income and racial disparities in adopting clean energy technolo-
gies, relatively little research documents the fundamental mechanisms contributing to
observed adoption inequities. Our study aims to fill this gap in the literature by address-
ing four main objectives: (1) use new data to quantify the gap in solar PV adoption
across household income and racial/ethnic demographics, (2) develop a structural model
to estimate disparities in consumer welfare in the solar PV matrket, (3) use our model to
decompose the mechanisms that explain the measured disparities in consumer welfare,
and (4) evaluate the welfare impacts of offering targeted price discounts to disadvan-
taged groups.

We begin with a descriptive analysis, showing that solar PV purchase rates are in-
deed lower for low-income and minority households in our data. Specifically, low-
income households are 25% less likely to purchase a solar PV system through the online
platform than high-income households.> Moreover, purchase rates for Black households
are over 31% lower compared to White or Asian or Pacific Islander (API) households.
Similarly, the gap for Hispanic households is nearly 18%.*

Given that purchase choices are determined by the equilibrium behavior of both sell-
ers and buyers, it is not clear whether disparities in the solar uptake across households
are driven primarily by differences in available choice sets (i.e., supply) or heterogeneity
in buyers’ preferences (i.e., demand). Importantly, we find that low-income and Black
households obtain relatively fewer bids from installers. For example, low-income house-
holds receive 19% fewer bids compared to high-income households. Additionally, we
show that Black households receive 38% fewer bids relative to White households and
that this disparity is primarily explained by buyers’ neighborhoods and not buyers’ names.
On the other hand, Hispanic and API households tend to receive as many bids as White

3. We define low-income households as those having a census-block group median income
within the bottom quintile of our sample and high income as households in the top quintile.

4. The platform close rate does not account for the possibility that adoption occurs offline.
We also show that a similar adoption gap arises if we compare responses to buyer exit surveys that
ask whether the households decided to install solar (including offline purchases).
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households with similar incomes. These findings underscore the considerable hetero-
geneity in choice sets available across socioeconomic and demographic groups.

We next develop a structural model to address our last three research objectives. In
the model, each prospective buyer arrives at the platform, and sellers learn about the
project’s characteristics and their private installation cost. Given this information, sell-
ers submit profit-maximizing bids. Then, the household chooses one of the bidding
sellers or the outside option—choosing an off-platform installer or not installing a solar
system. The auction allocation mechanism is a multi-attribute (beauty contest) auction
in which buyers can consider factors other than prices, such as the installers’ ratings,
experience, and hardware quality. We use a similar estimation approach to Yoganarasim-
han (2015), Krasnokutskaya et al. (2019), and Dorsey (2024) to estimate the model.

The model estimates reveal substantial disparities in consumer welfare across socio-
economic and demographic groups. For instance, high-income households receive over
50% higher consumer surplus than low-income households. Similarly, White and API
households obtain over double the expected consumer surplus of Black and Hispanic
households.”

Having estimated sizable disparities in consumer welfare, we build on and adapt
methods from the labor economics literature (Blinder 1973; Oaxaca 1973) to empit-
ically decompose the consumer surplus gap between two groups (e.g., the Black-White
consumer surplus gap). Our decomposition approach separates the consumer surplus
gap into the three components illustrated in figure 1D, a demand component, a supply
component, and an interaction component. Intuitively, the demand component is
measured by evaluating the counterfactual level of consumer surplus for each demo-
graphic group, holding the choice set available to each group of buyers fixed. The sup-
ply component measures the portion of the consumer surplus gap due to differences
in the choice sets available to the two groups of buyers—including differences in the
number of bids received or the distribution of bid prices. More concretely, we derive
the supply component by evaluating a set of counterfactuals that allows the choice sets
to vary across the two groups while holding the buyers’ preferences fixed.® Finally, the
interaction component is the remaining portion of the consumer surplus gap not uni-
laterally accounted for by the demand and supply components. To our knowledge, we

are the first study to decompose consumer welfare disparities using this approach.”

5. Each buyer’s expected consumer surplus is equal to their willingness to pay for the full set
of installation bids that they receive through the platform. Consequently, consumer surplus will
generally increase with the number of bids received, decrease with bid prices, increase with the
quality of sellers making bids, and decrease with the buyer’s price sensitivity.

6. The supply-side component of the decomposition incorporates everything that goes into
defining the equilibrium choice sets, including sellers’ strategic pricing with respect to a buyer’s
expected preferences.

7. While the intuition for our approach is similar to the Oaxaca-Blinder decomposition used to

measure discrimination in the labor market, the implementation differs because the counterfactual
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We first decompose the consumer surplus disparity between low-income and high-
income households and find that the demand component accounts for the entire consumer
surplus gap between these groups. This implies that a similar disparity in welfare would
persist even if these groups faced similar choice sets. We next decompose the consumer
surplus gap between race and ethnic groups. Our decomposition yields a similar result
when we compare White and Hispanic households—Hispanic households would obtain
roughly the same consumer surplus if they faced identical choice sets as White households.

In contrast, the supply component explains 37% of the gap in consumer surplus be-
tween Black and White households. In particular, Black households receive higher aver-
age bid prices and fewer bids, contributing substantially to the consumer surplus disparity
across these groups. Our supply-side estimates further indicate that installers face
higher implied marginal costs of serving Black households, which helps explain why these
households face these higher prices, have limited choice sets, and consequently get lower
consumer surplus.®

Targeted subsidies or tax credits have recently emerged as a popular policy tool for
addressing distributional disparities in solar PV and related markets. Our last set of re-
sults investigates the effect of targeted price discounts in mitigating consumer surplus dis-
parities. Our analysis reveals that households in the lowest-income quintile would need
to be offered relatively large price discounts to achieve the same expected consumer sur-
plus as households in the highest-income quintile. In particular, we find that observed
bid prices (after existing tax incentives) submitted to low-income households would have
to fall by 27%—$0.57 per watt—to achieve parity in consumer surplus with their high-
income counterparts.

Overall, our results highlight large distributional differences in adoption and welfare
among our sample of solar PV buyers. Moreover, we find that these disparities can be
attributed to a combination of heterogeneous preferences and fundamental differences
in supply across households. In the short run, low-income households would require sub-
stantial price discounts to reach the level of consumer surplus obtained by their higher-
income counterparts. While we do not explicitly investigate supply-side policies, our
decomposition analysis suggests that supply-side policies that reduce firms’ costs of entry
in majority Black communities may be complementary to consumer subsidies in reduc-

ing disparities in adoption and consumer welfare.”

outcomes in our setting are determined using a nonlinear random utility model instead of an
ordinary least squares (OLS) regression. In addition, other papers in the industrial organization
literature have carried out decompositions that are similar in spirit to our decomposition (e.g.,
Olley and Pakes 1996).

8. The marginal costs implied by our model are the sum of explicit costs (e.g., labor and materials)
and implicit costs (e.g,, distaste for serving minority buyers, the time cost of traveling across town, etc.).

9. In the longer run, supply- and demand-side policies may be complementary. For example,
Gerarden (2023) shows that demand-side subsidies encouraged upstream investment on the
supply side of the solar industry.
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Our study relates to a broader theoretical literature on discrimination and inequality
beginning with Becker (1971) and empirical work that documents inequalities in the var-
ious markets. For instance, in the labor market, Bertrand and Mullainathan (2004) provide
evidence that firms discriminate against individuals based on their name in remote interac-
tions. In particular, the authors experimentally demonstrate that résumés submitted with
Black-sounding names receive fewer job interview callbacks than identical résumés with
White-sounding names (e.g., Lakisha Washington vs. Emily Walsh). More recent research
corroborates these findings in the labor market (e.g,, Kline and Walters 2021). We con-
tribute to this literature by documenting whether firms’ bidding behavior varies across
race and socioeconomic groups in an online solar PV marketplace. Moreover, we uncover
new mechanisms for price and adoption disparities across demographic groups using
detailed bidding data. Unlike much of the related literature, we find that racial bidding
disparities are primarily explained by neighborhood location rather than buyers’ names.

Particularly relevant to this study is a suite of research documenting discrimination
against minorities in terms of price and access in online markets such as Airbnb (Edelman
et al. 2017), eBay (Ayres et al. 2015), and ride-sharing (Ge et al. 2020). Outside the
online domain, researchers document that low-income individuals and minorities, es-
pecially Black individuals, pay more for goods and services in many sectors, including
electricity (Bednar and Reames 2020; Lyubich 2020), groceries (Butters et al. 2022),
vehicles (Ayres and Siegelman 1995), and housing (Avenancio-Leén and Howard 2022;
Christensen and Timmins 2022, 2023).

Finally, our work contributes to a growing literature documenting the distributional
consequences of energy policy, environmental policy, and the clean energy transition.
Existing work has investigated the distributional impacts of carbon pricing (Metcalf
2009), fossil fuel extraction dynamics (Blonz et al. 2023), renewable energy policy
(Reguant 2019), carbon capture (Waxman et al. 2023), electric vehicles (Jacqz and
Johnston 2023), and residential energy subsidies (Hahn and Metcalfe 2021). In the res-
idential solar market, Nemet et al. (2017), O’Shaughnessy et al. (2021), and Barbose
and Darghouth (2023) document considerable pricing variation in solar installations,
and Dauwalter and Harris (2023) estimate the distribution of environmental benefits
from solar adoption. We build on this literature by estimating a model to evaluate the
distribution of welfare in this market and to understand the underlying mechanisms
that drive distributional disparities.

This paper proceeds as follows. In sections 1 and 2, we introduce our data and pro-
vide summary statistics and a descriptive analysis. We introduce our model and estima-
tion strategy in sections 3 and 4, and discuss the results of our model in section 5. Sec-

tion 6 concludes.

1. DATA
The primary data for our analysis come from the EnergySage online marketplace. We
augment the EnergySage data with household characteristics and rich demographic data
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from the American Community Survey to investigate ethnic, racial, and income dispar-

ities in bidding behavior and rooftop solar adoption.

1.1. Solar Auction Data

The EnergySage data contain a set of bid prices and consumer purchase choices for
solar auctions on the online platform. Our main dataset includes the bids to all house-
holds within the platform’s 15 largest markets from 2017 to 2020—which includes
243,120 individual bids submitted to 56,011 potential buyers through the platform.10

EnergySage Inc. runs a quote aggregation platform that facilitates connections be-
tween potential solar customers and a network of solar PV installers. More specifically,
the EnergySage platform enables households to conduct multi-attribute auctions to select
installers for their projects. Multi-attribute auctions (also called beauty contest auctions)
refer to a procurement mechanism in which each bidder submits a multidimensional
bid that includes a price and a vector of other characteristics, such as solar panel brand
or inverter type. The buyer then selects the winning bidder based on their preference over
these multidimensional bids.™

Each auction includes several stages. First, consumers create an account on the plat-
form’s website and provide information, including the physical household address for the
potential installation, a monthly electricity bill, and an indication of whether they ob-
tained other solar installation bids off-platform. Second, registered installers receive a
project notification, including details such as a Google Maps photo of the buyer’s roof,
the buyer's monthly electricity usage, and whether the buyer has other off-platform
quotes. Installers then choose to submit a project quote to the buyer. A bid contains in-
formation about pricing, the system size, and specific hardware characteristics (e.g,, panel
brand, panel ratings, inverter type, and brand, etc.). The platform also gives buyers de-
tails about the seller, such as their rating—stars on a scale from 1 to 5—and a description
of their solar installation experience. Finally, after installers submit their bids, the con-
sumer is free to select one of the quotes and complete the transaction or opt out and not
purchase any of the offers."”

We access several key variables on buyers and sellers in the EnergySage data. First,
we observe characteristics of each potential buyer, including the census block where the
home is located, the household’s average monthly electricity bill, and roof age. We further
observe survey-based data from EnergySage regarding each household’s preferences over

10. See table A.1 for a listing of the markets included in this study.

11. Multi-attribute auctions are related to scoring auctions but differ in that the auctioneer
does not explicitly announce the choice rule ex ante (i.e., weights on each characteristic), as they
would in a scoring auction.

12. Buyers and sellers can communicate with each other via private messaging or phone calls
before a selection is made. However, sellers cannot call a buyer unless they are requested to do so

by the buyer.
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equipment and financing and retrospective survey data on whether households adopted
solar outside the platform. Second, we observe detailed information on the sellers bids
submitted to each buyer. The bid data include the price, hardware specifics (e.g,, panel
brand, panel quality, etc.), the capacity of the solar array, and attributes of the seller
(e.g, quality “star” ratings). Importantly, we observe a unique installer ID associated with
each bid, so we can investigate how a particular installer’s bidding behavior changes across
projects. Importantly, we can also infer installers” approximate locations (see app. A.2.1;
appendix is available online for more details). Finally, we observe which bid, if any, is

selected by each buyer.

1.2. Household and Neighborhood Demographic Data

EnergySage did not collect consumer demographic information during the sample period
of this study. However, they report each buyer’s location at the census block level. We
use this locational information to collect demographic characteristics of each household
from data available in the 2017 American Community Survey (ACS). The census block
is the smallest geographic unit in the US Census. Thus, we can merge precise informa-
tion about each buyer’s neighborhood demographics from the ACS.

The main variables we extract from the ACS are median household income and the
racial and ethnic composition of their block group. We collect the racial and ethnic com-
position variables for homeowners only because owning a home is generally required to
purchase a solar PV system.13 We assign the median household income to each house-
hold for the entire census block group (i.e., for both renters and owners) since income
variables by homeownership status are redacted at the block group level in the publicly
available US Census data.

We use the ACS data to create binary measures of race and ethnicity following the
approach used in Diamond et al. (2019). This approach leverages information about both
the buyer’s name and the buyer’s home location; we discuss the details of this categori-

zation in appendix A.2.2.

1.3. Summary Statistics
Households in our sample generally belong to higher-income block groups, with a me-
dian income of $103,000.1* Despite this, there is considerable variation, with median

block group incomes ranging from $11,625 to $250,000. In table A.2 (tables A.1-A.15

13. This choice helps us avoid potential mismeasurement introduced by differences in the
racial or ethnic composition of neighborhoods for renters and buyers.

14. Our analysis focuses on the 15 core-based statistical area (CBSAs) with the most EnergySage
activity, which represents major metropolitan areas with relatively high earnings compared to
the rest of the country (see table A.1 for a listing of the CBSAs in this study). Additionally,
this is a sample of homeowners who have selected to shop for an expensive investment in durable

capital.
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are available online), we report summary statistics separately by household income
quintile. High-income households have larger monthly electricity bills and a stronger
preference for cash purchases over loans, with nonresponse rates to optional onboarding
questions decreasing with income.

Table A.3 shows that API and Pacific Islander households account for 13.1% of
the sample, Black households for 1.2%, Hispanic households for 7.2%, White house-
holds for 64.6%, and unclassified households for 13.9%. White and API households
tend to live in higher-income neighborhoods, whereas Black and Hispanic households
live in lower-income areas. However, figure A.la (figs. A.1-A.5 are available online) il-
lustrates that the income distributions overlap considerably. White households have
the largest average monthly electricity expenditures, API households are the most likely
to prefer making a cash purchase, and Hispanic households are the most likely to prefer
a loan or lease. All the groups report having roughly similar roof ages and equipment
preferences. However, Black and Hispanic households were less likely to complete the
optional survey questions about ﬁnancing, equipment, and roof age.

Finally, table A.4 shows how proximity to installers varies by demographic charac-
teristics. Higher-income households are closer to installers—21% more installers are lo-
cated within 10 miles of the highest-income households relative to the lowest-income
households. In addition, Black households generally have fewer nearby installers com-
pared to the other racial groups, potentially limiting their access to solar PV installation
services. The top row of table A.4, panel B, shows that Black households live in mar-
kets with fewer total installers and also have fewer installers located within 5 or 10 miles

of their home.

2. DESCRIPTIVE ANALYSIS

In this section, we examine how market outcomes vary by race and income, controlling
for time and geographic market. We evaluate differences in the number of bids, bid prices,
and adoption rates across these groups, using two adoption measures: the close rate
(adoption via the EnergySage platform) and the adoption rate (including off-platform
adoption reported in exit surveys). We estimate these relationships with the following

regression equation:

=4
Y = a+ > p4lfi € Income Quintile = q]
=1 (1)
+ >0,1[i € Race = 1] + Size; + v, + &
rER

where Y,

the change in the dependent variable by income group, the 6 coefficients represent the

represents our dependent variable for buyer i. The f coefficients represent

change in the dependent variable associated with changes in the households’ race/eth-

nicity, and Size; is a control for household s system size as measured by the mean system
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capacity bid submitted to the household." Finally, 7y coefhicient represents a fixed ef-
fect for the year of the solar auction. We also estimate a separate specification of the
model with CBSA-by-year (core-based statistical area) fixed effects (FE). These two spec-
ifications allow us to investigate disparities both across and within geographic mar-
kets. In these regressions, the omitted category is high-income (i.e., fifth income quin-
tile) White households.

Our measure of price is the median price of all bids a household receives. We also take
logs of the dependent variables for price and number of bids to interpret the 5 and 0 co-
efficients as an approximate percentage change in the dependent variable relative to the
omitted group. For our adoption measures—the close rate and adoption rate—we esti-
mate the linear probability models and divide the estimated § and 0 coefficients by the
constant parameter, o. The regression constant represents the mean for the omitted
group conditional on the CBSA-year fixed effects—so our reported estimates can again
be interpreted as a percentage change relative to the omitted group.'®

We begin by documenting differences in on-platform close rates and survey-reported
adoption rates (including offline adoption) across demographic groups, shown in fig-
ure 2A and 2B. Higher income correlates with higher adoption rates: the close rate
for the lowest-income quintile is 25% lower than the highest-income quintile, and
their overall adoption rate is 9% lower.

Disparities also exist across races. In the regressions with year fixed effects, Black
households’ on-platform close rate is roughly 31% lower, and overall adoption is roughly
10% lower compared to White households. These estimated disparities are attenuated
when we include CBSA-year fixed effects, and while the overall pattern remains similar,
the estimated disparities are no longer statistically significant. Across markets, API
households exhibit about 6% higher on-platform close rates and about 1% higher overall
adoption rates than White households, although the latter of these results is not signif-
icant. Hispanic households also have a nearly 18% lower close rate and a 7% lower overall

adoption rate compared to White households.*”

15. We control for system size to account for installation economies of scale that may vary
across demographics.

16. We are restricted to reporting these as relative percentage changes because EnergySage
protects the close rate levels as a trade secret. Because our model controls for the size of the
system, these normalized estimates should be interpreted as the proportional difference relative
to the omitted group if the system size equals 0 kilowatts (kW). We find a small negative co-
efficient on system size in all our regressions, so all of the estimated disparities are conservative
estimates compared to if we considered larger system sizes. In addition, fig. A.3 shows that we
obtain very similar estimates for the bid price regressions if we omit the system size control.

17. The estimates in fig. 2 may be biased if there is nonrandom selection in reporting off-
platform adoption across demographics. We, therefore, reestimate the regression on only the
sample of households that completed the exit survey. Figure A.3 shows that the estimates re-

main similar among this alternative sample.
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Figure 2. Descriptive regression estimates. A, Relative close rate by income and race. B, Rel-
ative overall adoption by income and race. C, Number of bids per project by income and race.
D, Median bid price by income and race. Each panel presents regression coefficients estimated
from a regression of the selected outcome variables on income quintile dummies and race dum-
mies. Panels A and B are linear probability models for the households’ decision to purchase solar
through the platform or reported overall adoption (on- or off-platform), respectively. The de-
pendent variables in panels C and D are the log number of bids and the log of median bid price,
respectively. All regressions include year fixed effects and controls for system size (mean capacity
bid submitted to the household). Brackets around the point estimates represent 95% confidence
intervals. For example, in panel C, the dependent variable is the logarithm of the number of bids
received by a household, and the explanatory variables are income quintile and race. All coef-
ficients are normalized relative to White households in the fifth-income quintile.

Next, we consider supply-side decisions by examining the number of bids and bid
prices offered across households. In figure 2C, we plot the coefficients and 95% confi-
dence intervals from our regressions relating the number of bids a household receives
to race, ethnicity, and income. In the specification with year fixed effects, we find that
APT households receive roughly 8% more bids relative to White households with sim-
ilar incomes. However, the sign reverses in the model with CBSA-year fixed effects.
This pattern suggests that APT households are more likely to live in CBSAs with more
competitive solar auctions but that API households get fewer bids than White house-
holds that live in the same market. Black households receive the fewest bids of any of
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Figure 3. Household characteristics and installer entry probability. A, Household income.
B, Installer’s distance to project. Panels A and B depict the probability of installer entry by
the household’s block group median income and installers” distance to the project. Each point
is calculated as the mean probability of entry among each quantile bin after controlling for
CBSA fixed effects. The sample includes all installer-project pairs in which the installer is lo-
cated less than 250 miles from the project.

the racial groups, obtaining roughly 38% fewer bids than White households with sim-
ilar incomes. This bid disparity drops to 8% when we control for CBSA year, which
indicates that Black households obtain fewer bids than White households in the same
market but also that Black households live in markets with less competitive solar auc-
tions. We also find that Hispanic and unclassified households receive more bids than
White households with similar incomes, but this gap is small in magnitude when con-
trolling for CBSA year.

In both models, the number of bids is monotonically increasing across income quin-
tiles. Across markets, the lowest-income quintile receives about 19% fewer bids, the
second quintile receives about 13% fewer bids, the third quintile receives about 7%
fewer bids, and the fourth percentile receives 3% fewer bids than the highest-income
group.'® This disparity in bid quantity remains but is much smaller in magnitude when
we include CBSA-year fixed effects in the regression. This pattern suggests that higher-
income CBSAs are more likely to have more solar installers but also that installers
bid more often to high-income households within a particular CBSA market.

To explore why low-income households obtain fewer bids, figure 3 illustrates the
relationship between the empirical probability that each potential installer bids on a
project as a function of the household’s block group income and installers” distance
to the project. The binned scatter plot in figure 3B demonstrates that installers are less
likely to bid on projects that are further away. In particular, installers located within
10 miles of a project submit a bid 10%-12% of the time, whereas the probability of

18. Given the distribution of race and income shown in fig. A.1, some of these impacts are
likely compounding for Black households. For example, Black households in the first quintile of

income receive over 50% fewer bids than high-income White households, on average.
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bidding falls to below 7.5% when a project is over 100 miles away. Recall, that low-
income households live farther away from potential installers (see table A.4). There-
fore, these patterns suggest that installers’ locations are a potentially important factor
explaining the lower number of bids received by low-income households.

For bid prices (fig. 2D), we see that when comparing households across CBSAs (year
fixed-effects model), lower-income households tend to receive bids with a lower average
price per watt. Specifically, the households in the lowest quintile receive bids over 4%
lower than those in the highest-income quintile. However, this relationship reverses di-
rection when we compare households in the same market using the model with CBSA-
year fixed effects. We see that lower-income households obtain higher prices than their
higher-income neighbors in the same CBSA. Quantitatively, these coefficients in this sec-
ond regression are precisely estimated but small in magnitude—the wedge between the
lowest-income and highest-income household is about 1%.

Overall, the price regressions indicate that CBSAs with lower incomes are likely to
have lower per-unit prices, possibly because of lower labor costs or lower markups in
these markets. On the other hand, prices within a market are slightly decreasing with
household incomes. This within-market pattern is consistent with installation econo-
mies of scale—with larger systems quoted to richer households in the same market.
Figure A.5 shows that system size is relatively constant across incomes when compar-
ing households across all markets. However, system size increases with income when
we compare households within a market. All else equal, larger systems tend to have
lower per-unit costs because some components, such as inverters and permitting costs,
are fixed. High-income households tend to have larger electricity bills and larger roofs.
Therefore, they are more likely to install larger PV systems, contributing to the price
disparities observed within CBSA markets.'?

Regarding race and ethnicity, prices obtained by API and Hispanic households are
very similar to prices obtained by White households, especially when we compare
households within the same market. For Black households, however, we estimate sub-
stantial price gaps relative to White households. Across CBSAs, prices for Black house-
holds are 7.5% higher compared to White households. This price disparity persists at
3.5% when comparing Black and White households in the same CBSA.*

19. We show further evidence in fig. A.2a and A.2b, which contain binned scatter plots of
the relationship between bid prices and household income, and bid prices and the solar PV sys-
tem’s size in kilowatts (controlling for CBSA). The scatter plots confirm that bid prices (per
watt) are declining with income but, importantly, that price per watt is also declining with
the size of the PV system.

20. Table A.6 tests for heterogeneity in racial bid price differences across installer ratings. T'o do
so, we regress logged bid price on household race/ethnicity indicators and interact the household
race indicators with an indicator for whether the installer has a five-star rating, The estimates reveal
that low-rated installers quote higher prices to Black households relative to White households, but
the Black-White price gap is relatively larger among five-star installers.



Unequal Uptake Dorsey and Wolfson S85

Given the disparities between White and Black households, we explore mechanisms
that explain the disparities in bid quantity and price across households’ races and eth-
nicities. Our measure of household race/ethnicity outlined in appendix A.2.2 contains
two sources of information: (1) the racial composition of the household’s census block
group and (2) the racial information contained in the household’s surname (i.e., the
probability that a name belongs to race/ethnic group). Bertrand and Mullainathan
(2004) show that firms may discriminate based on information contained in individu-
als’ names in remote interactions. Therefore, we estimate regressions to test whether
the disparities in bidding across racial groups are primarily explained by racial informa-
tion contained in buyers’ name versus the buyer’s neighborhood (i.e., the race/ethnic
makeup of the buyer’s census block group). In particular, we estimate regressions anal-
ogous to equation (1) except we omit our preferred binary race/ethnicity variables and
instead include as regressors (1) the proportion of each race/ethnicity group within the
households’ block group and (2) the probability that each buyet’s name belongs to a
race/ethnicity group.

The results in table A.5 show that neighborhoods and not names overwhelmingly
explain the racial disparities in bid prices and the number of bids between Black and
White households. Specifically, the bid price premium for Black households is more
than fully explained by the information in the census block racial composition. In con-
trast, the coefficients on the racial proportion of the buyer’s name are all relatively small
in magnitude and indicate that buyers with Black names are associated with slightly
lower prices after conditioning on the block group racial composition. Similarly, we find
that the gap in the bids (both prices and number of bids) between API and White
households is primarily explained by census block group racial composition. However,
we do find that API names are associated with higher prices and fewer bids, but the
magnitudes of the API name coefficients are relatively small in magnitude.

Altogether, we take these results as evidence that installers are primarily adjusting
bidding behavior based on the locations of buyers, whereas we do not find strong
evidence of installers screening on buyer’s names as in Bertrand and Mullainathan
(2004). One caveat to these findings is that we do not directly observe each buyet’s race.
Moreover, our information about buyers’ names is imprecise because we only use infor-
mation from the buyer’s last name and not the first name. Therefore, it is possible that
our estimates may be attenuated due to measurement error in the race categorization

variables.

3. MODEL

Motivated by the data patterns in the previous section, we develop a structural model that
incorporates heterogeneous buyer preferences and strategic bidding by sellers, following
Dorsey (2024). Buyers in our model make a discrete choice between the installation bids
submitted for their project and the outside option. When estimating the buyers’ choice

rule, we allow for heterogeneity in price sensitivity across the household’s income and
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race. On the supply side, installers place bids to maximize their expected profits, given
their expectations about demand and competing supply bids.

The model allows us to investigate further the distributional disparities we docu-
mented in the previous section. We use the demand model to evaluate demand elastic-
ities and consumer surplus separately across income and race. In addition, we use the
supply model to separate bid prices into a markup and a cost element. We interpret the
cost element implied by our model as the sum of explicit costs (e.g., labor and materials)
and implicit costs (e.g., distaste for serving minority buyers, the time cost of traveling
across town, etc.). As such, the supply model allows us to understand better why in-
stallation prices vary across household demographics. In the following subsections,

we describe the details of the demand and supply model in detail.

3.1. Demand

Let K; ¢ NV (z;) be the set of sellers that decide to participate in the auction for proj-
ect i. Buyer i then chooses between the project bids and an unspecified outside option
(k%) to maximize their utility. Buyer #'s utility from selecting option j is given by

W= By + XA wy F o+t (1-D)ep o =2"a 6 =25 ()
Here Bj; is the bid price for option j, and c; is the price sensitivity of buyer i. Buyer
price sensitivity, «;, is a function of an m-dimensional vector of household demo-
graphic characteristics denoted 2D =g including the households’ race and in-
come. Ultility is affected by Xjj the nonprice characteristics of the bid, such as the panel
brand quality. Buyers’ utility also depends on fixed attributes of each seller across bids,
wj, such as installer fixed effects. The §; term is a demand shifter for buyer i allowing
the utility for all of the installation bids to vary depending on a p-dimensional vector
of the household’s survey responses, 2 = Zm+1:m+ps such as the household’s geo-
graphic market, the year the bids were solicited, the household’s monthly electricity
expenditure, roof age, equipment preferences, and financing preferences. The variables

determining the project type, z, include both sets of household-level variables in 2

and 2%,

Choices are also influenced by ¢;;, a random term we assume is independent and

i
identically distributed from a type-one extreme value distribution. The term {3, is also
idiosyncratic but is assumed to be constant for each buyer across all the “inside options.”
The term {, follows the unique distribution such that {j, + (1 - 1) &; is also an ex-
treme value random variable. This utility specification gives rise to the nested logit
model. We specify one group to be the outside option and the other group to contain all
of the project bids. As 4 approaches zero, each buyer has no correlation in preferences
for each “inside option,” and the model reduces to the standard logit model. As A goes to
one, the random component of buyers’ preferences for each “inside option” becomes

perfectly correlated. Finally, the overall level of utility is not identified, so we normalize
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the utility of the outside option to equal zero plus an error term. Notably, the outside
option in our context subsumes choosing an off-platform installer or a decision not to
install solar PV.

In modeling the buyer’s choice, we assume that each buyer chooses the installation
option that delivers the highest utility per unit of capacity. Therefore, Bjjin utility is the
bid price in dollars per watt. Current public policies largely dictate each buyer’s optimal
system capacity. In particular, net-metering rules allow residential solar customers to
sell electricity generated by their rooftop system to their utility at the retail electricity
rate as long as the household’s annual generation does not exceed their annual con-
sumption. Any solar generation that exceeds the household’s annual consumption is
compensated far below the retail rate. As a result, the system capacity that will deliver
the largest net present benefit to the buyer is the capacity that equates the expected an-

. . - 21
nual solar generation with the expected annual electricity use.

3.2. Supply
We model the installers’ bidding decisions in a multi-attribute auction (Yoganarasimhan
2015; Krasnokutskaya et al. 2019; Dorsey 2024). In the multi-attribute auction setting,
sellers choose to enter an auction knowing their own marginal cost and the mean utility
parameters of the buyer but face uncertainty about both the number of competing bid-
ders, the identity of the competing bidders, and the buyer’s preference shocks. We as-
sume that sellers know the distribution of buyers’ preference shocks and have rational
expectations over the entry probabilities and price bids of potential competing sellers.
More specifically, they know the characteristics of other active sellers, the price distribu-
tion of those sellers’ bids, and the probability that those sellers will bid in the auction.

We index sellers by j and differentiate them based on a vector w;. A seller’s type
could be distinguished by a relatively parsimonious measure such as a star-rating cat-
egory, a relatively higher dimensional variable such as a unique installer ID (i.e., seller
fixed effects), or a combination of variables. Each sellet’s type is observable to both the
buyer and the other potential sellers. If a seller chooses to participate in the auction for
project i they then also select a price bid B;. Each seller is only permitted a single bid
for each project. Sellers” bids are characterized by their price in addition to a vector of
nonprice characteristics x;;, such as panel quality and inverter type. In contrast to the sell-
er’s type wj, X;; is allowed to vary across projects for a given seller.

We focus on modeling firms’ bid-pricing problems conditional on choosing to par-
ticipate in an auction. After deciding to enter an auction, firms learn their exact mar-

ginal cost, the nonprice characteristics (such as the panel quality of the system), and

21. In practice, each installer can propose a different system capacity when bidding through
the platform. In a later section, Dorsey (2024) shows that the demand estimates are robust to
controlling for the proposed system capacity as a nonprice bid attribute and that the demand

elasticities are relatively similar using a discrete-continuous choice utility formulation.
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the capacity of the system. As in Dorsey (2024), we assume that sellers do not strate-
gically choose the nonprice price characteristics and system capacity. These assump-
tions are necessary for the tractability of the model and are supported in the data
(Dorsey 2024).>> Conditional on this revealed information set, firms choose a bid price
to maximize expected profits. More explicitly, firm j solves the following problem when
setting a bid price for project i:

max - qj(Bj — ¢j] - Py(Bylxj, wj zi), 3)
Where g;; is the system capacity, Bj; is firm j's per-unit price bid, and ¢; is firm j's mar-
ginal cost.”” The expression P;(Bj|x;, wj, zi) is the equilibrium expected probability
of winning the auction conditional on placing a bid price of B The equilibrium ex-
pected probability of being selected is also a function of the project type z; the seller’s
type w;, and the nonprice characteristics of the bid x;;. The project type, z; is charac-
terized by the geographic market where the project is located, the time period, and
the household'’s characteristics. We categorize sellers into types w; using a relatively par-
simonious measure using either the seller’s ratings and reviews or seller-specific indica-
tors (ie., seller fixed effects).”*

Firm f's first-order condition for an optimal bid is given by

6'7),1 (BlJ|X,J, Wi, Z,‘)

(Bj - i) 3B,

+ Pﬁ(ng|XiJ'; wj, zi) = 0. 4)
Given a vector of nonprice characteristics, equation (4) implicitly defines a seller f's
optimal bid for project i. Therefore, we can use observed bid prices along with equa-
tion (4) to infer a seller's marginal cost associated with each project bid. We discuss

the supply model in more detail in appendix A.3.

22. Specifically, Dorsey (2024) shows that installers largely bid the same hardware across
subsequent products regardless of buyer characteristics and that system capacity is relatively
fixed across bids and not affected by the expected number of bidders for a given project.

23. Here, Cijy

to not performing the installation.

is installer j's average cost per watt from installing household s system, relative

24. Our model is static and therefore rules out dynamic incentives for both buyers and sell-
ers. Dorsey (2024) provides a more detailed discussion on why a static demand model is likely
to provide a reasonable approximation in this setting because solar installation prices have be-
come relatively stable during the sample period relative to the early 2010s. However, a limita-
tion of this framework is that it rules out the possibility of dynamic pricing incentives that may
arise due to peer effects (Bollinger et al. 2022) or learning by doing (Bollinger and Gillingham
2019).
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4, ESTIMATION

We estimate the structural parameters in two steps. First, we solve for the demand pa-
rameters via maximum likelihood. Second, we use the estimated demand parameters to
simulate firms’ first-order conditions for each bid in our data and recover bid-specific

markups. We discuss the details of each step in the following subsections.

4.1. Demand Estimation

From equation (2) we observe four sets of variables that affect a buyer’s utility: (1) B,
the bid price; (2) z(d), household demographics that determine price sensitivity; (3) z(s),
households’ survey responses that shift the buyer’s preference for all of the installation
bids (i.e., shift the likelihood of picking the outside option); and (4) x, variables that
characterize the nonprice attributes of each participating installer’s bid.

We measure the bid price that enters a buyers’ utility for option j in dollars per watt
and scale this value to 70% of each installer’s gross bid price to account for the 30%
Investment Tax Credit (ITC). We refer to this after-incentive price as the “net price.”*®
We allow price sensitivity to vary across household income, race, and ethnicity. In par-
ticular, we separate the sample into quintiles based on median income and race/ethnic-
ity. The income quintiles are determined based on the median household income of the
household’s census block group. We also identify the household head’s race/ethnicity
as being either (1) Asian or Pacific Islander, (2) Black, (3) Hispanic, (4) White, or un-
classified. We refer to the fourth group simply as “White” households. Therefore, we

(d), with

have nine total variables (including a constant) that shift the price coefficient z
the constant term representing the price coefficient for White households belonging to
the fifth income quintile.

The vector z*) , which shifts utility for all of the inside options, includes fixed effects
for each CBSA and each year of the sample. We also include a set of variables that in-
dicate households’ responses to a set of survey questions when they create an account
through the platform. All households are required to report their electricity expendi-
ture and an indication of whether they already have quotes from off-platform installers.
Therefore, we include the natural log of the household’s reported monthly electricity
expenditure and a dummy variable for whether the household obtained off-platform
quotes in z). Households can optionally report information about the age of their roof,
their solar panel equipment preferences, and their financing preferences. Accordingly,
we include three sets of indicator variables in 2. First, we include an indicator for

households with a roof less than 20 years old (or plans to replace the current roof),

25. This specification implicitly assumes that buyers value a one-dollar reduction in the gross
price the same as a one-dollar increase in the tax credit. This assumption is consistent with the
existing literature (e.g,, Langer and Lemoine 2022) and is reasonable in this context because, in
most cases, the tax credit is paid out to the buyer within one year of the system purchase upon

filing an annual tax return.
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an indicator for a roof over 20 years old, with an omitted category representing a miss-
ing survey response about roof age. Second, we add an indicator for preference over high
tech/high production/attractive panels, and an indicator for high-value panels (i.e., eco-
nomical), with the omitted category counting those with a missing response about tech-
nology preferences. Third, we have an indicator for a preference for a cash purchase and
an indicator for a preference for a loan or lease. Again, the omitted group represents those
households who did not report a response about financing preferences.

Finally, the utility for each option is also a function of several nonprice characteris-
tics. We include one set of fixed effects for the quality of the solar panels as rated by
EnergySage, which include “Excellent,” “Very Good,” “Good,” “Fair/Poor,” and “Miss-
ing Rating,” We also include fixed effects for the installer’s star rating category and a
set of fixed effects that measure the installer’s installation experience. Moreover, we
allow for additional heterogeneity in seller quality by including “permanent” installer
fixed effects for each installer that placed over 1,000 total bids through the platform
during the sample period. These permanent sellers account for over 80% of the bids

in our data.

4.2, Inferring Markups and Marginal Costs

Next, we use these demand estimates to recover a markup for each bid. We solve for
this markup by inputting our final demand estimates into each firm’s first-order con-
dition for an optimal bid defined by equation (4). The first-order condition does not
have a closed form since it contains two expectations apg(Bij, Xij, wj'|z,')/ 0Bj; and
Pj (B,-j, Xjj, wjlz,-)' Therefore, we solve equation (4) by integrating the firm’s probabil-
ity of winning over different realizations of competitor sets and competitor bid prices
that are unknown to the installer at the time of bidding. We recover marginal costs and

markup for each bid using the procedure detailed in appendix A.4.

5. RESULTS

We show a selected subset of the parameter estimates pertaining to buyers’ utility in
table 1. The left-hand panel shows estimates of the price-sensitivity coefficients that
we allow to vary by the income and race/ethnicity of the household head. The constant
term within the set of price coefficients represents the price sensitivity for White house-
holds in the highest-income quintile. The highest-income quintile corresponds to
households living in census block groups with a median income above $137,000. Thus,
the interaction terms are interpreted as shifts in price sensitivity relative to high-income
White households. We find that the price coefficients associated with the third and
fourth income quintiles—coresponding to incomes between $86,000 to $137,000—
are small and not statistically significant. The coefficient for the second income quintile
is larger in magnitude but is also not statistically significant. On the other hand, the
interaction for the first income quintile—including incomes below $64,000—is both

negative and statistically significant. The demand estimates also indicate notable
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Table 1. Demand Estimates

Nesting parameter: Household survey responses

(% Inside option):

A 391 (.025)  Log(electricity bill) -.553 (.036)
Price coefficients: Has off-platform quotes {0,1} .267 (.036)
Constant —.740 (.065)  Roof age: <= 20 years {0, 1} 201 (.128)
x Income - quintile 1 -.113 (.028)  Roof age: > 20 years {0, 1} .048 (.133)
Purchase preference: loan/lease
x Income - quintile 2 -.039 (.025) {0, 1} 771 (132)
Purchase preference: cash
X Income - quintile 3 -.0003 (.023) purchase {0, 1} .983 (.130)
Equipment preference: premium
x Income - quintile 4 .005 (.022) technology {0, 1} .153 (.049)
Equipment preference: value
x Black owner -.121 (.113) {0, 1} .193 (.048)
x Hispanic owner -.213 (.038)
x Asian/PI owner -.005 (.021)
Fixed effects: Log likelihood:
CBSA FEs Yes -21155.34
Year FEs Yes
Panel rating FE Yes
Permanent installer FE Yes

Transient installer star
rating FE Yes
Transient installer no.

of reviews FE Yes

Note. The utility specifications include core-based statistical area (CBSA), year, panel rating, and per-
manent seller fixed effects. Permanent sellers are those that submitted over 1,000 total bids. For transient
sellers, we include a set of fixed effects for the installer’s star rating and the installer’s number of reviews. The
right side of the table shows the coefficients associated with the household survey responses, which we allow
to shift the utility of all of the installation bids (e.g., the inside options). For the survey responses that in-
clude dummy variables, the omitted group represents buyers who did not answer the survey question. For
example, the “Roof age: <=20 years” variable is relative to buyers who did not report the age of their roof.

Standard errors are in parentheses.

heterogeneity in price sensitivity across race and ethnicity. While White households
and API households exhibit similar price sensitivity, our results suggest that Black
and Hispanic households are relatively more price sensitive, although the interaction
associated with Black households is not quite statistically significant (¢-statistic of 1.1).

The right-hand side of table 1 shows how the household-specific survey responses
shift the utility that buyers obtain from each bid relative to the outside option. Notably,
buyers with higher electricity bills obtain lower utility. Recall that utility is measured
per unit of capacity and households with higher electricity expenditures will tend to be
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quoted for larger systems. If we transform utility to account for differences in system
capacity, households with higher electricity usage obtain higher total utility despite ob-
taining lower utility per unit of capacity. We also find that buyers who report their roof
age as being less than 20 years old receive higher utility compared to buyers who did not
respond to that survey question (the omitted group). We do not find a statistically sig-
nificant difference between buyers who report having a roof older than 20 years old
relative to nonrespondents. Perhaps surprisingly, we discover similar coefficients for
buyers who prefer to purchase a solar installation with cash as buyers who prefer to
finance their solar installation with a loan or lease. We also find similar willingness to
pay among buyers who report a preference for value-based technology and buyers with
a preference for high-performance or aesthetically pleasing solar panels. However, we find
that answering the survey question about financing preferences and the survey question
about equipment preferences correspond to a higher willingness to pay relative to the
group of nonrespondents.

We also report the mean price elasticities separately for each income and racial
group in table 2. We show that the lowest-income households are more price elastic
than the highest-income households—with a mean own-price elasticity of 2.63 com-
pared to 2.35 for the highest-income group. Black households and Hispanic house-
holds are approximately 20% and 30% more elastic than White households, respectively.
These results suggest that the gaps in close rates and reported solar adoption across
demographic groups are partly explained by differences in price sensitivity. However, ta-
ble 2 reiterates that these demographic groups receive substantially different bids from
installers. For example, Black households obtain almost 40% fewer bids than White
households. Therefore, households’ choice sets may also partly explain the disparity in

purchase rates.

Table 2. Mean Price Elasticities across Demographics

Income Quintile Mean Own-Price Elasticity Avg Number of Bids
1 -2.63 3.99
2 -2.44 4.19
3 -2.31 4.41
4 -23 4.52
5 -2.35 4.59
Race/ethnicity:
Asian, Pacific Islander 2.4 4,69
Black -2.79 2.88
Hispanic -3.03 4.62
White -2.33 4.28

Note. The mean own-price elasticity is calculated based on the realized choice sets and does not account

for ex ante uncertainty in seller participation.
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Before moving on, it is important to note that our empirical specification is restric-
tive in that it only allows for heterogeneity in the price coefficients across demographics.
Households may also vary in their preferences over observed attributes like solar panel
quality. In table A.10, we estimate models that allow for more flexible heterogeneity in
preferences between high- and low-income households, allowing for interactions be-
tween income and panel brand quality and the household’s survey responses. We find
that the most flexible model (col. 2) lacks statistical power—only two out of the 12 inter-
actions in the model are statistically significant. Given the lack of statistical power, we
proceed using the more restrictive specification with only price heterogeneity. As such,
a limitation of our main specification is that we are unable to capture nonprice heteroge-

neity that could vary across demographics and affect our consumer welfare estimates.

5.1. Marginal Costs and Markups

We now turn to the supply side to investigate differences in markups and marginal
costs across households. The supply-side model allows us to disentangle potential
mechanisms that could explain price differences in solar installation bids across house-
holds. The results from the previous section indicate that Black and Hispanic house-
holds tend to be more price elastic than White households. Therefore, these differences
in preferences across households should translate into differences in the sellers’ optimal
price markup across households. On the other hand, heterogeneity in undetlying in-
stallation costs may also explain the price variation across households.

Figure 4 compares the distribution of installation marginal costs across demographic
groups. Figure 4A—C contrasts the estimated marginal cost distributions for bids made
to White households, with the distribution for Black, Hispanic, and API households,
respectively. These figures show that the marginal cost distribution for Black house-
holds is shifted to the right of the distribution for White households, indicating that
the higher bid prices obtained by Black households cannot fully be explained by
markup incentives. A similar pattern emerges in figure 4B, which illustrates that mar-
ginal costs for Hispanic households also tend to be higher relative to White households.
In figure 4C, we see that the estimated marginal cost distribution for API households
looks very similar to the distribution for White households. Finally, figure 4D shows
that marginal costs for low-income households are slightly higher than marginal costs for
high-income households.

While these distributions suggest substantial differences in the underlying cost struc-
ture across demographic groups, figure 4 shows only the unconditional distribution of
marginal costs without controlling for any other variables that may help to explain the
heterogeneity. In table A.7, we run a series of regressions to better understand how
installation markups and marginal costs vary across household demographics. In partic-
ular, we show in column 3 that log markups vary across income and race/ethnicity after
controlling for market fixed effects, installer fixed effects, hardware quality, and each house-

hold’s survey responses, including their monthly electricity expenditure. These results
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Figure 4. Marginal cost distributions by race and income. A, Black marginal cost (MC) and
White MC. B, Hispanic MC and White MC. C, Asian/Pacific Islander MC and White MC.
D, High-income MC and low-income MC. Each panel compares the distribution of marginal
costs in dollars per watt across all bids submitted to two designated groups of households. For
example, the dark shaded distribution in panel A shows the distribution of estimated marginal
costs across all bids submitted to Black households, and the light shaded distribution in panel B
shows the distribution of marginal costs associated with all bids offered to White households.

imply that mean optimal markups for bids made to Black households are approximately
13% lower relative to observably similar White households, the mean optimal markup
for Hispanic households is 25% lower than for White households, and the optimal
markup for API households is nearly the same as for White households. With respect
to income, the mean optimal markup for bids made to households in the lowest-income
quintile is roughly 14% below the optimal markup for an observably similar household in
the highest-income quintile. In the sixth column of table A.7, we show results for an anal-
ogous regression using log marginal cost as the dependent variable. These results show
that implied marginal costs are 15% higher for Black than White households, 16% higher
for Hispanic than White households, and roughly the same for API and White house-
holds. Similarly, we find that mean marginal cost for the lowest-income group is 12%
above the marginal cost for the highest-income group.

These results document considerable heterogeneity in marginal costs across house-
holds. In particular, we find that solar installation costs tend to be higher for low-
income, Black, and Hispanic households. This indicates that underlying supply condi-
tions may contribute to the adoption disparities we observed in section 2. There are

several reasons why marginal costs could vary systematically across demographic groups,
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such as heterogeneity in labor, materials, and transportation costs. For example, table A .4
shows that low-income and minority households tend to live further away from installers,
which could plausibly explain some of the estimated disparities in installation costs. In
addition, households with lower income often buy smaller PV arrays, which results in
higher per-watt prices due to fixed costs like permitting and inspection fees. Another pos-
sibility is that installers have a taste-based preference against certain types of households
(or certain neighborhoods) and adjust their bid prices to reflect these tastes. For example,
some sellers may prefer to serve certain households or neighborhoods either because of
intolerant views, crime rates, or other variables correlated with household demographic
characteristics. If these preferences are factors in firms’ bids, they would be incorporated

implicitly into our marginal cost estimates.

5.2. Consumer Surplus

We next use our estimates to evaluate disparities in expected consumer surplus across
household demographics. A household’s consumer surplus depends on both their pref-
erences and their choice set. Specifically, the expected consumer surplus for a house-

hold in demographic group A is given as follows:

E[CS|i € A] = E [Elog ( > exp (Bjoi + xfjﬁ + wj('y + 6 ))], (5)
i jEK{

where A indicates the set of households in demographic group A. This formulation
makes explicit that the utility parameters, such as the price coefficient, «;, and the re-
sponses associated with the household survey responses, §;, can vary across individuals
within a demographic group. For instance, households within a particular racial group
can have heterogeneous price coefficients depending on their income. Here, 7; is the
mean system size bid submitted to household i—this term scales utility to adjust for
differences in system size across households. We estimate the expectation using the
empirical mean consumer surplus of all households within a demographic group.

The top panel of table 3 reveals stark differences in expected consumer surplus
across household income. The second column shows the expected consumer surplus
per unit of solar capacity, based on the mean system size quoted to each household.
The fourth column shows the total expected consumer surplus for each group, account-
ing for differences in system capacity across income groups. We see that the expected
total consumer surplus for the lowest-income quintile ($577) is less than half of the
surplus obtained by the highest-income quintile ($1,229). Similarly, the bottom panel
indicates that total consumer surplus is highest for APT and White households ($1,097
and $988). In contrast, Black households obtain 72% less surplus ($281), and Hispanic
households obtain 56% less surplus ($431) than White households.

Table A.8 indicates that the disparities in consumer surplus across income and

race largely persist after controlling for the household’s geographic market, electricity
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Table 3. Mean Expected Consumer Surplus across Income and Race

CS/Watt Mean System Size Total CS
Bids ($/Watt) (kW) $)

A. Income Quintile

1 3.99 07 9.03 576.93
(1.93) (.07) (4.22) (526.29)
2 419 1 8.75 804.67
(1.94) (.09) (4.16) (687.03)
3 441 13 8.62 1022.32
(1.91) (11) (4.07) (821.53)
4 452 15 8.61 1135.78
(1.86) (12) (4.11) (883.12)
5 4.59 16 8.86 1228.94
(1.77) (11) (4.26) (904.79)

B. Race/Ethnicity

Asian, Pacific Islander 4.69 17 7.1 1097.15
(1.78) (.12) (3.5) (836.74)
Black 2.88 .03 9.18 281.38
(1.64) (.04) (4.07) (322.31)
Hispanic 4.62 .06 8.38 430.54
(1.86) (.05) (3.89) (376.1)
White 4.28 12 9.08 988.03
(1.9) (1) (4.23) (820.19)

Note. The second column reports the mean number of bids obtained across all households within the
group. The third column reports the mean expected consumer surplus (CS) ($/watt) across all households
within the group. The fourth column shows the mean system size quoted to all households in the group;
first, we calculate the mean capacity bid for each household, and then we average that figure across house-
holds. The total consumer surplus for each household is calculated at the expected consumer surplus per
unit multiplied by the mean capacity bid for that household. The standard deviations of each variable are
listed in parentheses.

expenditure, and other observables. In this table, we report results from regressions
with the log of consumer surplus as the dependent variable and include controls for
all variables that enter the demand model that varies across households. Even after add-
ing this set of controls, the coefficient estimates indicate that consumer surplus for the
bottom income quintile is approximately 59% lower than the top income quintile.
Moreover, the regression shows that Black households’ consumer surplus is 81% lower
than comparable White households, and Hispanic households’ surplus is 73% lower,
all else equal. On the other hand, API households get roughly equal surplus as White
households.
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5.3. Decomposing Disparities in Consumer Surplus
The results in the previous subsection highlight the large disparities in consumer surplus
across household demographics. In this section, we quantify the fraction of these dispar-
ities that are explained by differences in household preferences (demand) versus differ-
ences in choice sets (supply). The evidence in sections 2 and 5.1 shows that low-income
and some minority households obtain fewer bids, suggesting that supply-side factors may
partly explain the income and racial disparities in consumer surplus. However, the de-
mand estimates in table 1 showed that low-income and minority households also tend
to be relatively more price sensitive, which implies that the disparities in consumer sur-
plus might be largely explained by differences in willingness to pay for solar PV.

We develop a decomposition method similar in spirit to Oaxaca (1973) and Blinder
(1973) to better understand how supply and demand factors separately affect dispar-
ities in consumer surplus. First, consider the difference in consumer surplus between

two groups—demographic group A and demographic group B:
ACS = E[CS|i € A] - E[CS]i € B]. (6)

Analogous to figure 1, we seek to empirically decompose ACS into three components:
(1) the demand component—the share of the CS gap explained by differences in pref-
erences across the two groups, (2) the supply component—the portion of the CS gap
explained by differences in choice sets across the two groups, and (3) the interaction
component.

To derive the decomposition, we first introduce the notation CS(;, K;), which con-
cisely represents the consumer surplus that a household with preferences ; = {w;, 6;}
would obtain if that household were faced with the choice set offered to household 7.
Formally, we define CS(0, K;) as

CS(6,K;) = %log ( E;c: exp (Byjoi + xf/jﬂ + wiy + 6,-)). (7)
1 JEL,

The expression makes clear that CS(0;, K;) is evaluated by using the utility parameters
of household i (§; = {«;, §;}), the system size of household i (g;), and the bid prices
(By)), installer attributes (w), and system attributes (x:.,j) offered to household i'. Given
this notation, we can express the counterfactual expected consumer surplus that a de-
mographic group A would obtain if their choice sets were drawn from the distribution

of choice sets offered to households in a demographic group B as follows:
E[CS|i € 4,7 € B] = ”cs (6, K,) dE (6]i € A)dG (K,|i € B).  (8)
Where F represents the joint distribution of preferences, 0, conditional on the house-

hold belonging to group A, and G is the distribution of choices sets, Ky, offered to

households belonging to group B. We leverage the above expression to decompose



S98  Journal of the Association of Environmental and Resource Economists ~ November 2024

the expected gap in consumer surplus between group A and group B using the follow-
ing formula:

ACS = E[CS|i € A, € B] - E[CS|i € B]

Demand Component

+E[CS|i € B,i' € A] - E[CS|i € B] )

Supply Component

+ E[CS|i € A] - E[CS|i € B] — Demand Component — Supply Component .

Interaction Component

The first line of equation (9) represents the demand component—the portion of the
consumer surplus gap explained by differences in preferences between demographic
group A and demographic group B. More specifically, the demand component captures
the difference between the counterfactual expected consumer surplus if group A house-
holds faced group B's distribution of choice sets relative to group B's observed con-
sumer surplus. Analogously, the supply component of the consumer surplus gap (sec-
ond line of eq. [9]) represents group B’s expected gain in consumer surplus from
receiving group A’s choice sets, compared to their own choice sets.

The final line introduces the interaction component, which accounts for the residual
gap not explained by differences in the groups’ preferences or choices set on their own.
This term includes any additional gains that arise from changing both preferences and
choice sets of the two groups simultaneously. Intuitively, an improved choice set should
benefit all consumer groups but may benefit consumer groups with higher and more in-
elastic demand by relatively more (see fig. 1D). Thus, the interaction component mea-
sures the additional benefit that group A obtains from an improved choice set relative
to group B>

Intuitively, if we swap the base group for the decomposition from B to A, the new
demand component should be equal in absolute value to the sum of the old demand
component and the old interaction component. As a validity check, we show the alter-
native results of the decomposition when we swap the base group from the low-income

group to the high-income group in table A15.%

26. Consider a case where group B obtains extremely low value from adopting solar (e.g,, wi =
-1,000 - 2B; + 8,-)-) whereas group A obtains higher value (e.g., wj = 10 - B; + 89-). In this case,
the supply component will equal approximately zero because group B will obtain approximately zero
consumer surplus gain from any modest improvement in the choice set. The interaction component,
in this case, would, therefore, capture the benefit that group A obtains from the improved choice set.

27. We see that the demand component in panel B after swapping the base group (-$618.95)
is approximately equal in absolute value to the sum of the demand component in panel A and in-
teraction component in panel A ($607.73 = $663.38 — $55.65). The terms are not exactly equal
due to simulation error in approximating the integrals in eq. (9).
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We use equation (9) to decompose the disparity in consumer surplus between high-
and low-income households and then to decompose the gap between White and mi-
nority households. We evaluate the counterfactual expected consumer surplus terms
in the decomposition (e.g., E[CS|i € A, € BJ) by simulating from the relevant em-
pirical distributions F(6;i € A) and G(K;|i" € B).

The decomposition results are mixed. The top panel of table 4 decomposes ACS
between households in the highest-income quintile and households in the lowest-
income quintile. The results show that the $652 gap in consumer surplus between
these income groups is fully explained by the demand component. That is, high-income
households would achieve an approximately equal level of consumer surplus if they
faced similar choice sets to low-income households. Similarly, panel C shows that
the $557 consumer surplus gap between White and Hispanic households is more than
fully explained by the demand component. For this decomposition, the supply compo-
nent is negative, which indicates that providing Hispanic households with similar
choice sets to White households would reduce their expected consumer surplus.

On the other hand, panel B, which decomposes the $706 consumer surplus gap be-
tween White and Black households, paints a different picture. Here, we see that only
34% of the consumer surplus gap between these groups is explained by differences in
preferences. In contrast, 37% is explained by the supply component, which means that
Black households expected that consumer surplus would increase by $263 if they had
access to similar choice sets as White households. The estimates for this decomposition
are less precise due to the smaller sample of Black households, but the supply compo-
nent is statistically distinguishable from zero at the 1% level. Recall that Black house-
holds obtain 1.4 fewer bids on average than White households—a 33% reduction—
which indicates that Black households receiving more restricted choice sets than White
households contributes to a substantial portion of the CS gap. The interaction compo-
nent explains 29% of ACS, which means that White households would obtain a rela-
tively larger gain in consumer surplus from a comparable improvement in their choice
sets relative to Black households. Finally, panel D includes the decomposition of the
consumer surplus gap between White and API households for completeness. How-
ever, the overall consumer surplus gap between these groups is not statistically signif-
icant, nor are any of the components in the decomposition.

We provide additional intuition for our decomposition results in tables A.11-A.14,
In these tables, we further decompose the gap in consumer surplus into smaller
subcomponents to understand better the key factors driving our main supply-demand
decomposition results. Recall that when we calculate the demand component, we eval-
uate the counterfactual consumer surplus with group B's choice sets but with group A’s
preferences and system sizes. Therefore, we can further break down this decomposition
by unilaterally varying specific elements. For example, we can determine the portion of
ACS explained by differences in system size across the two groups by evaluating the

counterfactual consumer surplus with group B’s choice sets and preferences but with
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group A’s system sizes, ;. Similarly, we can estimate the share of ACS explained by
differences in price sensitivity by calculating the counterfactual consumer surplus with
group B’s choice sets, group B's system sizes (g;), and group B's utility intercepts (6;),
but with group A’s price coefhicients (c;). In this former case, we calculate the counter-
factual consumer surplus by sampling from group A’s marginal distribution of g. In the
latter case, we sample from group A’s marginal distribution of ;.

We find that differences in system size across the groups explain only a minor share
of the disparities in consumer surplus. Specifically, system size accounts for 10% of
ACS between high- and low-income households, none of ACS between White and
Black households, and 16% of ACS between White and Hispanic households. In com-
parison, differences in price coefficients alone can explain 46% of the gap between high-
and low-income groups, 23% of the gap between White and Black households, and
81% of the White-Hispanic gap.

The CBSA and year fixed effects, which shift the utility intercept (6;) for each bid
relative to the outside option, explain a significant portion of the disparities, 36% be-
tween high- and low-income households, 9% between White and Black households,
and 9% between White and Hispanic households. These estimates underscore how
differences in solar preferences across markets with varying demographic characteristics
influence consumer surplus disparities. For instance, households in higher-income
areas such as Washington, DC, generally experience higher levels of utility from solar
bids (higher mean §;), while those in lower-income CBSAs like Houston experience
lower utility from these bids (lower mean &;).

A modest share, 7%—19% of the consumer surplus disparities, is explained by within-
CBSA differences in household survey responses across the groups, which similarly
shift the utility intercept (6;). The survey response covariates include indicators for the
household’s financing preference, roof age, equipment preferences, off-platform search,
and monthly electricity usage. For example, high-income households are more likely to
prefer cash purchases and tend to have newer roofs, factors estimated to be associated
with higher utility from each bid.*®

5.4. Eliminating Consumer Surplus Disparities through Prices

The previous sections document substantial gaps in consumer surplus across socioeco-
nomic and demographic groups in the residential solar PV market. Consequently, pol-
icymakers have expressed interest in crafting policies to reduce distributional inequities
in the solar PV market and in related markets. For example, the EPA launched the
“Solar for All” initiative in 2023 that will award up to 60 grants to states, territories,
Tribal governments, municipalities, and nonprofits to expand the number of low-

income and disadvantaged communities to invest in residential solar energy (EPA

28. Note that each element of these subdecompositions is performed independently and

therefore the shares need not sum to one.
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2023). In addition, the Inflation Reduction Act (IRA) proposed a low- and middle-
income (LMI) adder that offers supplemental tax credits of 10%—20%, in addition
to the standard Investment Tax Credit (ITC), for small solar and wind projects (IRS
2023). These projects must either meet environmental justice standards at a community
level or satisfy income requirements at a residential scale.?’ Finally, California’s Low-
Income Weatherization Program offers eligible households subsidies that cover the en-
tire cost of solar installations, solar hot water heaters, heat pump technology, and other
energy efficiency retrofits (California Department of Community Services and Devel-
opment 2016).>> A common theme across all of these policies is to offer subsidies or
grants that reduce the up-front cost of installing solar for low-income and disadvan-
taged households.

Motivated by these policies, we evaluate the price adjustment needed to eliminate
disparities in consumer surplus across different demographic groups. In particular,
we calculate how much each bid price would have to change to equalize expected con-
sumer surplus across two groups if all else was held equal (i.e., each buyer’s choice set).

The top portion of table 5 considers the top income quintile of households as the
baseline group, and the lowest-income quintile as the comparison group. We solve for
the (uniform) increment to low-income households’ bid prices that would result in the
same level of expected consumer surplus as the high-income households.”* We see that
if each bid submitted to a low-income household decreased by $0.57 per watt—approx-
imately 27%—then low-income households would obtain the same expected consumer
surplus as the high-income households. The lower portions of the table calculate the
changes to prices that would eliminate the racial gaps in expected consumer surplus.
We find that a substantial price reduction of $0.89 per watt (43%) would be necessary
to eliminate the gap in consumer between White and Black households, and a $0.54 per
watt (26%) decrease would be required to eliminate the gap between White and Hispanic
households. Finally, prices submitted to API households would need to rise by $0.09 per
watt (4%) to equate the expected consumer surplus with White households, since API
households obtain slightly higher consumer surplus than White households.

29. According to the IRA, those who own projects situated in impoverished communities or
on Indian land are eligible for a further 10% increase in tax credits. Moreover, project owners
who cater to affordable housing residents or who dedicate a portion of their projects to serving
low-income customers are entitled to an additional tax credit boost of 20%.

30. The stated policy objective of California’s Low-Income Weatherization Program is to
reduce greenhouse gases while also lowering low-income households’ energy costs (California
Department of Community Services and Development 2016). Notably, there are many other
alternate policies that could help achieve the goals. For example, California implemented a
cap-and-trade program as a market-based approach to mitigate greenhouse gases. In addition,
Borenstein et al. (2021) discuss electricity rate reforms that could help alleviate energy cost bur-
dens for low-income households.

31. All prices are reported as the net price after incorporating the 30% ITC.
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Table 5. Price Adjustments Required to Close Consumer Surplus Gaps

Uniform Price  Mean Price after Mean Consumer

Adjustment Adjustment Surplus after
Group ($/Watt) ($/Watt) Adjustment ($)
Base: high income (Q5) 0 2.13 1228.94
Comparison: low income (Q1) -.57 1.56 1228.94
Base: White 0 2.07 988.03
Comparison: Black -89 1.18 988.03
Base: White 0 2.07 988.03
Comparison: Hispanic -.54 1.53 988.03
Base: White 0 2.07 988.03
Comparison: Asian/Pacific Islander .09 2.16 988.03

Note. The second column calculates uniform change to all bid prices (net price after the ITC) that
would imply that the base group (e.g,, high-income households) and the comparison group (e.g., low-
income households) obtain equal expected consumer surplus. The third column reports the mean bid
for each group after the price adjustment. The last column reports the expected consumer surplus for each

group after implementing the uniform bid price adjustment.

The above results underscore that in the short run, substantial subsidies or grants
may be necessary to eliminate disparities in consumer surplus and solar PV adoption
that we currently observe. For instance, our results suggest that the IRA LMI adder of
10%-20% may not be sufficient to fully eliminate the gap in consumer surplus between
the highest- and lowest-income households in our sample, whereas programs like the
California Low-Income Weatherization program—which offers free solar installations
to eligible households—may be more than sufficient to close the gap between the highest-
and lowest-income households in our sample.

An alternate means of eliminating consumer surplus disparities is to increase the
prices for demographic groups that currently obtain higher consumer surplus. For in-
stance, policymakers concerned about distributional outcomes may prefer eliminating
subsidies paid to high-income households, particularly if program budgets are limited.
As an example, the Inflation Reduction Act set eligibility limits for electric vehicle tax
credits based on income. In table A.9, we swap the comparison groups in table 5 and
calculate the uniform price increase that would reduce the mean consumer surplus of
high-income households to the level of low-income households.** We find that if prices
for high-income households increased uniformly from $2.01/watt to $2.67/watt, this
would close the consumer surplus gap between the high- and low-income groups. In-

terestingly, a price change of this magnitude could be achieved by unilaterally eliminating

32. We also carry out the analogous calculations for the consumer surplus disparities across

race.
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the 30% ITC for high-income households conditional on a subsidy pass-through rate
greater than 80%.

An important caveat of this exercise is that it does not provide insights about longer-
run changes in seller behavior that may be caused by targeted subsidies or grants. In the
longer run, targeted subsidies and grants may encourage more installer entry and bids
submitted to low-income households. These longer-run changes in entry and partici-
pation could further help to reduce welfare disparities in the solar PV market and other
related markets. In addition, our calculations only consider changing prices of bids
made to buyers through the online platform and therefore do not incorporate changes
in consumer surplus that buyers may accrue from offline solar installers through targeted
subsidy programs.”® Finally, while our analysis is informative about the magnitude of
price adjustment that would equalize consumer surplus across groups, implementing
these price changes in practice may also bear considerable social costs. For example, tar-
geted subsidy programs might increase administrative costs or crowd out other public

spending.

6. CONCLUSION

In this study, we document significant distributional disparities across buyers on a lead-
ing online marketplace for residential solar installations. Our findings indicate that low-
income, Black, and Hispanic buyers are less likely to install solar conditional on visiting
the platform. Consequently, these households derive substantially lower levels of con-
sumer surplus from the market. Our research adds to a growing body of research doc-
umenting disparities in the adoption of new energy technologies. Consequently, these
households are capturing only a small share of government tax credits and other sub-
sidies commonly offered for these emerging technologies.

We contribute to the literature by leveraging rich data on sellers’ bids to further in-
vestigate the mechanisms contributing to the adoption gap and corresponding welfare
disparities. We show that disparities in consumer welfare across high- and low-income
households are fully explained by differences in household preferences. In contrast, dif-
ferences in choice sets account for a significant share of the welfare gap between Black
and White households, as Black households receive fewer bids and higher average bid
prices. Notably, installers face higher implied costs of serving Black households, which
contributes to the disparities in bids. Furthermore, our analysis reveals that the dispar-
ity in bidding between Black and White households is primarily due to neighborhood
locations rather than household names.

Recent environmental policy discussions highlight an increased focus on ensuring
that social benefits are distributed equitably. In the context of climate policy, this means

that the harms from global warming should not be borne disproportionately and that

33. Importantly, in all of the calculations in table 5 we maintain the normalization that buy-
ers obtain zero utility from choosing the outside option.
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the rewards from green capital investments should be shared more broadly among the
population. Our findings suggest that offering targeted subsidies to low-income house-
holds—such as the LMI adder in the Inflation Reduction Act—can help mitigate wel-
fare disparities within our sample of potential solar buyers, although these subsidies
come with high fiscal costs. Furthermore, our decomposition results are suggestive that
supply-side government policies aimed at reducing the barriers to entry for firms oper-
ating in majority Black neighborhoods may complement consumer subsidies, leading to
a reduction in the gaps in adoption and consumer well-being. Similar supply-side in-
struments may be available on online platforms themselves, which may be able to im-
plement policies that adjust the fees or commissions charged to installers for projects
located in underserved neighborhoods.

There are a number of important caveats to consider when interpreting our results.
First, while our data provide novel insights about buyers” and sellers’ behavior in the res-
idential solar PV market, our analysis is inherently limited to households that have
selected to use the EnergySage platform to search for quotes. The individuals in our
sample have higher incomes and are more likely to be White relative to the general
US population. One reason for these patterns is that home ownership is typically a
prerequisite for purchasing a solar PV system, and low-income, Black, and Hispanic
households are more likely to rent their homes. By studying individuals who have
already selected to shop for solar, our results are likely to understate the extent of wel-
fare disparities that exist across the broader population. Thus, understanding demo-
graphic differences in awareness and consideration of clean technology adoption is an
important topic for future work. Second, our results demonstrate that low-income
and Black households obtain relatively fewer bids. However, we are not able to fully
determine the extent to which these patterns reflect taste-based discrimination versus
differences in true underlying costs of providing installation services to these house-
holds. Our research reflects a first step in understanding the mechanisms behind these
supply-side disparities, including providing descriptive evidence that sellers are likely
to locate closer to high-income and White households. However, apart from location,
we know relatively little about the sellers, so research leveraging detailed seller infor-
mation to more accurately explain the reasons behind any observed deviation in bid-
ding across racial and income groups presents an important opportunity for further
research.

Finally, while our findings are informative for policymaking, there is an array of
other crucial issues that our work omits. For example, our study focuses on the resi-
dential solar market and does not consider community or utility-scale solar invest-
ments as potentially cost-efficient ways to reduce electricity emissions and mitigate
energy cost disparities. In addition, our analysis ignores energy cost spillovers from so-
lar adoption to nonsolar adopters that may arise due to overlapping policies like net
energy metering (Darghouth et al. 2011; Seybert et al. 2013; Borenstein 2017; Feger
et al. 2022). Moreover, our model does not directly incorporate additional market
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frictions that disadvantaged households may face, such as credit constraints and infor-

mation failures.
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