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Abstract

We study the equilibrium consequences of differences in mortgage shopping be-
havior between majority and minority borrowers. Race predicts lender choice far
more than differences in income. We identify minority-specialized lenders, who
disproportionately lend to minority borrowers and originate one-fifth of minority
mortgages. These smaller lenders charge high mortgage rates, employ more mi-
nority employees, and have higher market shares in minority neighborhoods. Mi-
nority borrowers are also less likely to withdraw mortgage applications from these
lenders. These facts suggest that the high prices at minority-specialized lenders par-
tially reflect market power and valuable minority-specialized services rather than
discrimination. To quantify the effect of minority-specialized service provision in
equilibrium, we estimate a model in which minority-specialized lenders compete
with mainstream lenders, and majority and minority borrowers differ in loan de-
mand as well as the types of lenders they consider. Our novel identification strategy
uses withdrawn mortgage applications to disentangle borrowers” consideration sets
and preferences. The estimated model rationalizes specialized lenders” higher prices
as a combination of both higher costs of serving minorities and higher markups.
The model also matches differences in consideration set size across groups as well as
actual cost data lenders. Minority-specialized lending attracts minorities primarily
by lowering search frictions. Minority borrowers benefit from a broader diffusion
of minority-specialized lending, and these gains are large relative to potential gains
from eliminating residual racial discrimination in interest rates. Our model suggests
fair lending laws can disincentivize mainstream lenders’ investments in minority
specialization, creating a tension between reducing discrimination and encouraging
competition for minority borrowers.
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I Introduction

Casual observation suggests that some lenders specialize in lending to minority bor-
rowers. For example, the storefront of Metro City Bank in Atlanta displays its name in
Mandarin and Korean but not in English (Figure 1). On its website, Metro City Bank
also argues that it is differentiated from other lenders: “We believe that it is essential for
a bank to speak the language of its customers,” (Metro, 2022).

Figure 1: A Branch of Metro City Bank in Atlanta, GA
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We begin the paper by showing that Metro City Bank is not an exception. We iden-

tify minority-specialized lenders in the universe of all mortgage lenders and show they
are responsible for originating about one-fifth of minority mortgages. We also show
that lenders differ far more in the racial composition of their borrowers than in income.
We then document how minority-specialized lenders differ from mainstream lenders
on dimensions of interest rates and fees, the racial composition of loan officers, as well
as consumer responses such as withdrawing mortgage applications. These facts jointly
suggest that minority borrowers demand specialized services from mortgage lenders
and are more likely to consider these specialized lenders when searching for mortgages.
Intuitively, minorities may require different services from white borrowers, for example,
if they have lower English proficiency or need a specific understanding of their circum-
stances. Minorities may also consider different lenders. This could occur if they obtain
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information from different channels or are subject to different advertising.

More broadly, we use the lens of minority-specialized lenders to investigate the gap
in mortgage outcomes between white and minority borrowers. This lens shifts the focus
to the provision of high-quality services to minority borrowers. This differentiates our
approach from the existing literature and regulation, which have mostly focused on
differences in credit access and prices (interest rates and fees) paid by different racial
groups (Bartlett et al., 2022; Bhutta and Hizmo, 2021; Bhutta et al., 2022; Willen and
Zhang, 2022; Frame et al., 2024; Giacoletti et al., 2021).1

In the second part of the paper, we build and estimate a structural model in which
minority borrowers’ preferences for specialized services and their search behavior (con-
sideration sets) differ from that of white borrowers, but the provision of specialized
services is potentially costly. We build on the growing literature at the intersection of
tinance and industrial organization, which recognizes that consumer financial products
are differentiated and subject to search frictions (Allen et al., 2014; Gurun et al., 2016;
Hastings et al., 2017; Egan, 2019; Benetton et al., 2023). We differ from those models
by explicitly incorporating different preferences for services faced by minorities and al-
lowing for a more flexible approach to search differences than just differences in search
costs. The model can replicate the facts that we document as well as out-of-sample pre-
dictions on cost and advertising. We use the estimated model to understand better the
incentives for providing minority-specialized services. The model highlights the regula-
tory tension between the provision of non-discriminatory pricing arising from fair lend-
ing regulation, the provision of costly minority-specialized services, and market power.
Non-discriminatory pricing decreases incentives for the provision of minority services,
resulting in substantial welfare losses to minorities who value these services and in-
creased costs due to market power arising from limited competition in the minority
service market.

We first introduce a measure of minority specialization from loan data based on ap-
proaches to measure polarized speech in Gentzkow et al. (2019). Roughly, a lender in a
market is specialized in a minority group if it over-weights lending to that group relative
to its share of total borrowers in that MSA by more than a factor of two.? Intuitively, if

Asian borrowers comprise 6% of all loans in a market, then a lender is Asian-specialized

IFair-lending laws include laws such as the Equal Credit Opportunity Act (ECOA), the Fair Housing
Act (FHA), and the Civil Rights Act of 1968. Many agencies have the authority to evaluate or enforce
compliance with laws and regulations: the Consumer Financial Protection Bureau (CFPB), the Department
of Justice (DQJ), the Federal Deposit Insurance Corporation (FDIC), the Federal Trade Commission (FTC),
the Federal Reserve Board (FRB), the Department of Housing and Urban Development (HUD), the Office
of the Comptroller of the Currency (OCC) as well as various state regulators.

ZMSA is the primary geographic unit of analysis when fair lending regulations are applied.
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if Asian borrowers comprise 12% or more of its lending. Our classification accounts
for differences in borrower and loan characteristics on which minorities can differ from
the rest of the population, i.e., it can differentiate specialization in income from spe-
cialization in a certain minority.> Using our classification, we find that approximately
one-quarter of minority mortgages are originated by minority-specialized lenders. One
way to calibrate the importance of race in lender choice is the following. Whereas around
one-quarter of minority mortgages are originated by minority-specialized lenders, only
3% of mortgages by high income borrowers are originated at income-specialized lenders.

While correlated, our measure is conceptually distinct from minority ownership. Our
measure does not take a stance on whether it is minority ownership, leadership, or
employment that is responsible or even necessary for a lender to be minority specialized.
It allows multi-market lenders to specialize in some markets but not in others. For
example, we find that Citibank specializes its mortgage lending to Asian borrowers in
some markets, such as San Jose, CA, even though it does not specialize in minority
lending in the majority of markets. Figure 2 displays Citi’'s Mandarin storefront in San
Jose. This differentiates Citibank from another large bank, Wells Fargo, which does
not minority-specialize in any market. More broadly, our measure recognizes that the
supply of minority specialization is a lender choice and, therefore, allows us to think
about incentives to supply such services.

Before proceeding to the model, we document several facts that shed light on the
economic role of minority-specialized lenders. First, minority-specialized lenders charge
higher rates than other lenders. This is the case even when comparing borrowers of the
same race in the same market at the same point in time and conditioning on a rich set of
borrower characteristics. We find similar results for fees, even after we control for credit
scores on a sample matched with data from originated mortgages at the Government
Sponsored Enterprises (GSEs). The highest prices are charged by the lenders who almost
exclusively lend to minority borrowers. This result is not consistent with the idea that
specialization allows these lenders to serve minority borrowers more cheaply and pass
on some of these cost savings.

Second, specialized lenders are relatively more likely to use a workforce from the
minority that they specialize in. We use data from the NMLS Loan Officer Registry and
find that minority lenders hire a disproportionate share of their loan officers from the

minority in which they specialize. There are many possible reasons why lenders might

3We use a shrinkage estimator to account for measurement error, which arises when lenders make
small numbers of loans to a specific group. We do not find many lenders who engage in white-specialized
lending. One such example is Trident Mortgage Company in Philadelphia, which also had an enforcement
action from CFPB on grounds of fair lending in that MSA, further validating our measure.



Figure 2: A Branch of Citibank in San Jose, CA
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use a specialized workforce, ranging from speaking the language of the mortgage appli-
cant to providing a better service because they understand the borrower’s circumstances
to simply providing trust. While it is difficult to rule in all possible channels through
which specialization operates, we show that these lenders have a higher market share
in areas with a higher proportion of households who speak languages other than En-
glish at home. For example, Hispanic specialized lenders have an especially high market
share in areas with Hispanic households that do not speak English rather than Hispanic
households that do.

These facts are consistent with two broad sets of explanations of why minorities
might shop at expensive specialized lenders and pay higher prices. The first is that
these lenders, while not cheap, provide services that are valued by minorities. An ex-
ample would be help with an application in a different language or an understanding of
preferences, which allows the lender to offer a more suitable product. Alternatively, spe-
cialized lenders do not provide any direct utility benefits to minority borrowers. They
attract these borrowers because they are more recognizable in the community through
their use of minority loan officers, minority-specific language on storefronts (e.g., Metro
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City bank), or word of mouth, which places them in the borrowers” “consideration set.”
In other words, under this alternative, minority specialization is used to steer minority

borrowers to expensive lenders.



We use withdrawn mortgages to show that minority-specialized lenders provide
minority-specialized services but that the provision of services is insufficient to explain
the data alone. A withdrawn mortgage suggests two things. First, the borrower was
aware of the lender since they applied for a mortgage—the lender was in the borrower’s
consideration set. Second, the lender was not chosen, so another lender provided a
higher utility mortgage. Intuitively, lenders with many mortgage applications but high
withdrawal rates can be identified as lenders that offer low utility but high consider-
ation. We find that minority-specialized lenders have lower withdrawal rates among
the borrowers they specialize in. Our most stringent specification uses within lender-
market-time variation to show that, for example, Asian-specialized lenders reduce the
withdrawal rates of Asian borrowers relative to white borrowers. However, the quantita-
tive magnitude of the withdrawal rate differences is small relative to the large differences
in market shares between specialized and non-specialized lenders. This suggests that
quality is insufficient to explain why minority borrowers choose specialized lenders.

Building on these facts, we build and estimate a structural model in which minority
borrowers’ preferences for specialized services and their search behavior differ from that
of white borrowers, but the provision of specialized services is potentially costly. The
model builds on existing models of product differentiation and search in credit markets
with two important departures on the demand side (Woodward and Hall, 2012; Allen et
al., 2014; Benetton, 2021; Buchak et al., 2023; Agarwal et al., 2023). First, we model search
using consideration sets rather than incorporating a specific search model (Goeree, 2008;
Honka et al., 2017; Abaluck and Adams-Prassl, 2021).* This approach allows more flex-
ibility in estimating the minority-specific formation of consideration sets: minorities do
not only differ in search costs but, as our estimates reveal, more broadly in where they
search.” Departing from full consideration models also allows our model to match the
significant mark-ups in the very fragmented mortgage market. Mark-ups play a central
role in considering the incidence of regulatory changes in fair lending laws. Intuitively,
under perfect competition, redistribution across consumer groups is a very likely out-
come. Second, minority borrowers’ preferences for specialized services and their search
behavior can flexibly differ from that of white borrowers and other minority groups. For

example, minority borrowers can not only demand different services or differ in their

4Imperfect consideration is important in the US mortgage market. Despite the large number of lenders
in each market, consumers typically search over a much smaller set. The largest 10 lenders in a metropoli-
tan area (MSA) typically cover only half of the mortgages originated in that MSA. In contrast, borrowers
in the National Survey of Mortgage Originators typically consider fewer than two lenders.

>The disadvantage is that search models are less prone to the Lucas critique in counterfactuals if one is
willing to accept the specific assumptions on the nature of search.



price sensitivity but also in where they search.

On the supply side, minority-specialized lenders compete with mainstream lenders
for both white and minority borrowers by setting prices in each market. The costs of
lending can differ based on the race of the borrower. In the baseline model, these costs
can be real, such as hiring specialized loan officers and spending more time per bor-
rower if they need more help, or psychological — i.e., racial animus in the style of
Becker (1971). Despite differences in costs, the lenders have to charge the same price
independent of race. In other words, lenders are subject to fair lending laws. Given our
setup, it is not obvious that the higher prices of minority-specialized lending that we
document must be the result of higher costs. They can also arise because of mark-ups
charged by these lenders due to product differentiation or limited competition due to
limited consideration. We estimate the model and separately identify the utility and con-
sideration differences between borrowers by race. Existing approaches to identification
in these classes of models exploit Slutsky violations as in (Abaluck and Adams-Prassl,
2021), survey data (Honka et al., 2017) or require direct variation in consideration sets
that is orthogonal to utility (Agarwal and Somaini, 2022). We exploit mortgage with-
drawals to separately identify utility and consideration sets using the logic outlined
above. Broadly, while standard demand systems use market shares to estimate differ-
ences in utility across products, we jointly use market shares in originations (chosen
products as in standard demand system estimation) as well as market shares withdrawn
mortgages (considered but not chosen products) to separately identify utility and con-
sideration. Our identification approach is not limited to mortgages but is applicable to
products in which customers can choose not to take up products after the application
stage, such as credit products and insurance.

The model replicates the fact that minorities pay higher rates than white borrowers
in equilibrium, i.e., the racial gap. However, our model suggests that the gap arises as a
function of three forces. First, we estimate that minority specialization is costly—we later
verify this estimate using regulatory cost data. Second, minority-specialized lenders
provide additional services, which have a high value for minority borrowers, on the
order of 30 bps. Last, minority-specialized lenders are about three times as likely to be
considered as non-specialized lenders. Given the high value of services and especially
consideration received by specialized lenders gives rise to additional mark-ups that these
lenders earn. We thus use the economic forces in the estimated model to decompose the
forces that shape the equilibrium gap in mortgage outcomes between white and minority
borrowers.

Our model also performs well in “out of sample” tests. We obtain both revenue and



cost data specifically for mortgage originations for a subset of lenders using shadow
bank call reports from regulatory filings in Jiang et al. (2023). Both cost and revenue
estimates from the model are highly correlated with actual revenue and cost of lending
despite not having served as a basis for the estimation of our model. Moreover, our
model prediction that lending to Hispanic borrowers carries larger costs is also borne
out in the accounting data. These correlations allows us to conclude that at least some of
the costs of providing loans to minorities are real costs of labor and not simply the result
of racial animus. Our model also matches the level and cross-section of average choice
set size across racial groups despite not using consideration data in the estimation. Last,
we find that lenders who we estimate have a high measure of consideration spend more
on advertising using Nielsen data. Conversely, we do not find a positive correlation
between advertising spending and estimates of service quality.

Our estimates illustrate the importance of search (limited consideration) when study-
ing differences in mortgage outcomes across racial groups. First, our estimates suggest
that the mortgage market exhibits substantial markups despite high fragmentation—a
market with ten lenders features 90 bps markups. Second, we find that minorities are
very price elastic with respect to utility, much more than in full consideration models. In
fact, Hispanic and Black borrowers are more price elastic than white borrowers. How-
ever, unlike Asian borrowers, their search behavior is not targeted toward lower-price
lenders. Asian borrowers, on the other hand, direct their search towards lower-cost
lenders.

We use the model to study several regulatory implications and show that regulatory
implications can markedly differ when considered through the lens of our model. For ex-
ample, fair lending laws can result in the under-provision of financial services targeted at
minorities but also provide a substantial force against third-degree price discrimination,
which would extract substantial surplus from Hispanic and Black borrowers.

Fair lending regulation protects Black and Hispanic borrowers from third-degree
price discrimination, i.e., market power. In the absence of fair lending regulation, lenders
would be able to charge different prices to minority borrowers. This could occur by
lenders triangulating on race rather than explicitly using race to set prices (Bhutta et
al., 2021). Our model suggests that such triangulation on Black and Hispanic borrowers
would be very profitable because they do not direct their search to cheap lenders, mak-
ing them de-facto price inelastic. Interest rates for Black and Hispanic borrowers would
rise by 5 and 49 bps in such a counterfactual. Asian borrowers, on the other hand, direct
their search substantially to cheaper lenders. To keep these de-facto price-elastic bor-
rowers, lenders would want to lower the interest rates by 9 bps. Because of fair lending



laws, Black and Hispanic borrowers are pooled with white borrowers, who are fairly
price elastic and for whom there is a substantial amount of competition, limiting the
amount of rent extraction lenders can achieve at their expense. In other words, even ab-
sent racial animus in the spirit of (Becker, 1971), fair lending benefits Black and Hispanic
borrowers.

The downside of fair-lending laws is that they discourage lenders from specializ-
ing. Given that minority lenders are successful in attracting minority borrowers and
can charge higher prices, a natural question arises as to why large lenders do not of-
fer more specialized services. Specifically, we see some mainstream lenders specialize
in some markets (markets with large minority populations), but minority-specialized
lenders earn substantial markups. Our counterfactual suggests that fair lending laws
provide a weak incentive to specialize. In a counterfactual, we recompute the equilib-
rium, having all major lenders specialize in all minority lending. We find large increases
in the consumer surplus of minority borrowers, suggesting large gains from more minor-
ity service provision. More specialization benefits minority borrowers both by increasing
quality and by expanding minority borrowers’ consideration sets. Larger consideration
sets generate more competition and can be interpreted as alleviating search frictions for
minority borrowers. We find almost no difference in the prices paid by minority borrow-
ers—if anything, prices charged to Black and Hispanic borrowers decrease because of
more competition. In other words, large lenders can only recoup the costs of investing
in minority specialization through higher quantities but not higher prices. The intuition
is the following: white borrowers are both numerous and price elastic. Under fair lend-
ing laws, lenders can only pass through the cost of specialization by increasing prices for
all borrowers. But this implies losing a substantial share of white borrowers. Therefore,
fair lending substantially mutes the cost of investing in services to minorities.

Relaxing fair lending laws, on the other hand, provides substantial incentives to in-
vest in minority-specific services while still benefiting minority consumers. We study
a counterfactual in which large lenders specialize in minority lending, and all lenders
are allowed to charge race-specific prices. In practice, rather than conditioning by race,
lenders could triangulate on minority borrowers using their characteristics, which is cur-
rently not allowed. We find that prices to Black and Hispanic borrowers substantially
increase, but they would still be considerably better off than under the status quo sit-
uation. One interesting aspect is that Hispanic borrowers, for whom we observe the
least specialization by mainstream lenders, experience the largest wedge in the benefits
due to specialization and the benefits that could be captured by the lenders with flexible

pricing.



Our model suggests that Asian and Black borrowers would benefit from more spe-
cialized services even at the cost of discriminatory prices, but that Hispanic borrowers
benefit significantly from current fair-lending laws. Our model also rationalizes why rel-
atively few mainstream lenders specialize under fair lending laws. If serving minorities
is costly, but lenders are not allowed to charge minority borrowers higher prices, then
many lenders will choose not to specialize. We do not aim to provide a definitive wel-
fare evaluation of fair-lending laws. Rather, we argue that the weak incentive for lenders
to compete for minority borrowers is but one contributing factor to the high prices mi-
nority borrowers pay. In the language of Holmstrom and Milgrom (1991), fair-lending
laws provide high-powered incentives for lenders not to discriminate but low-powered
incentives to specialize. We do not mean to deny the existence of lending and housing
discrimination. Rather, our model implies that a natural legacy of discrimination is that
mainstream lenders may be ineffective at competing for minority borrowers. We view
our results as providing a rough calculation showing that the marginal benefits of more
competition for minority borrowers are large and are of a similar order of magnitude as
the well-studied costs of racial discrimination in pricing.

Our paper contributes to the recent literature on price dispersion and choice frictions
in the mortgage market (Gurun et al., 2016; Allen et al., 2014; Woodward and Hall, 2012;
Alexandrov and Koulayev, 2018). In the mortgage market, borrowers pay substantially
different interest rates, even among borrowers with similar characteristics, in the same
location, and at the same point in time (Gurun et al., 2016; Allen et al., 2014; Bhutta
et al., 2021). We show that the observed price dispersion is consistent with borrowers
having imperfect consideration sets and heterogeneous preferences. On the technical
side, we provide a novel method of recovering attention parameters when consumer
attention is imperfectly observed. The existing literature can be divided into approaches
that only observe final choices (Abaluck and Adams-Prassl, 2021; Agarwal and Somaini,
2022) and those that require rich data on what lenders consumers consider (Honka et
al., 2017; Cuesta and Sepulveda, 2021). We develop an intermediate approach. While
the Home Mortgage Disclosure Act (HMDA) data does not contain borrower-level data
on consideration, its contains data on withdrawn applications. A withdrawal at a lender
provides information that a lender was in some borrower’s consideration set but that it
was not the best option. The advantage of our approach relative to the papers that only
observe final choices is that we do not need as much variation in (potentially excluded)
shifters of utility and attention. The main disadvantage is that we need to make stronger
assumptions about how withdrawn applications are generated.

Racial disparities in credit access have received considerable attention since the sem-



inal work of Munnell et al. (1996). Existing literature has been mostly focusing on quan-
tity and prices in characterizing the disparities and discussed factors like taste-based dis-
crimination in contributing to the disparaties.® We investigate the gap in mortgage out-
comes between white and minority borrowers through the lens of minority-specialized
lenders. This lens shifts the focus to the provision of high-quality services to minority
borrowers. This differentiates our approach from the existing literature and regulation,
which have mostly focused on differences in credit access and prices (interest rates and
fees) paid by different racial groups (Bartlett et al., 2022; Bhutta and Hizmo, 2021; Bhutta
et al., 2022; Willen and Zhang, 2022; Frame et al., 2024; Giacoletti et al., 2021). Our pa-
per illustrates that accounting for borrowers” imperfect consideration and heterogeneous
preferences are critical for understanding the differential in credit outcomes between
borrowers of different races. Fair lending laws may widen racial disparities in credit
access by not considering how minority borrowers” shopping behavior differs from that
of white borrowers.

Moreover, existing literature focuses on differential treatment conditional on formally
applying. But lenders may unfairly discourage or informally reject minorities before a
formal application is even submitted (e.g., Hanson et al. (2016)) or may provide minority
applicants with poor service (Ross et al., 2008; Frame et al., 2024). We contribute to
this literature by showing how an insufficient provision of minority-specialized services
leads to disparities in credit access on margins that have not been empirically studied in
this literature.

II Data

We combine ten different data sources to understand which lenders specialize in

lending to minorities, how much they charge, and why they attract minority borrowers.

Home Mortgage Disclosure Act (HMDA) for loan applications. Our main data source
for prices and market shares is the application-level data collected under the Home Mort-
gage Disclosure Act (HMDA) . We observe application outcomes, which allows us to
identify, whether an application was approved by the lender and whether the borrower
chose to take up the mortgage or to withdraw the mortgage application.” Since 2018,

®Evidence from correspondence experiments (Hanson et al., 2016) and audit studies (Ross et al., 2008)
often supports a discrimination explanation for racial disparities in mortgage lending. However, some
empirical studies also find that minority borrowers default more (Berkovec et al., 1998; Gerardi et al.,
2023), which may be inconsistent with taste-based discrimination.

"Withdrawals include both applications withdrawn due to incomplete data, as well as borrowers who
decline to originate a loan even after receiving a price quote.
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HMDA has variables that are central to our analysis: interest rates, total loan costs, loan-
to-value ratio (LTV), and the debt-to-income ratio (DTI). It also contains demographic
information on borrowers, such as ethnicity, race, income, and gender, and informa-
tion on loan applications, such as lender identity, loan purpose, loan size, and bor-
rower location at census tract level. Our study therefore focuses on 2018-2023, and any
metropolitan area in the top hundred origination volumes in any one year. Our sample
is restricted to conventional, conforming, first-lien, mortgages originated for purchases
of owner-occupied single-family homes with closed-end credit.

Fannie Mae and Freddie Mac Single-Family Loan Level Disclosure for credit scores.
We merge the HMDA data with the Fannie Mae and Freddie Mac Single-Family Loan
Level Disclosure data to obtain borrower credit scores. The merging procedure follows
Buchak and Jerring (2021), who match the two datasets based on the purchaser, geogra-
phy, and loan characteristics such as DTI, LTV, loan amount, and interest rate. Overall,
we match around half of the initial HMDA observations.

Mortgage Call Reports for cost data. We obtain lender-level costs of loan origination
from mortgage call reports. Pursuant to the S.A.FE. Mortgage Licensing Act of 2008,
non-bank mortgage originators that hold a state license or state registration to conduct
mortgage origination are required to file a call report in each state in which they perform
lending activities since 2011. In the call reports, lenders provide detailed information
about their quarterly origination-related costs. We follow Jiang et al. (2023) to merge the
call reports with lender loan origination records in HMDA to obtain costs per unit of

loan volume of lenders analyzed in our main analysis.

NMLS Loan Officer Data for loan officer race. We obtain a novel administrative data
set that contains all residential mortgage loan officers in the U.S. except for those whose
license or registration became inactive before 2015. The S.A.EE. Mortgage Licensing Act
of 2008 requires every mortgage loan officer (MLO) to be registered in the Nationwide
Mortgage Licensing System and Registry (NMLS). For each registered MLO, we obtain
the name, registration history, work history, and branch or home location information.
We then use loan officers” full names to infer their racial groups, following Frame et al.
(2024).8

8Frame et al. (2024) start from the surname list provided by the 2010 U.S. Census that associates each
surname with race and ethnicity probabilities and then refine our categorization using racial information
of first names provided by Tzioumis (2018).
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Other data. We collect lender names from the “the Avery file”, in which each lender
identifier is matched to banking information in the Federal Reserve Bank’s National
Information Center system for each filing year. We use the shadow bank classification
scheme from (Buchak et al., 2023). At the census tract level, we collect demographic
variables, such as linguistic ability, median household income, and number of minority
households, from the Federal Financial Institutions Examination Council (FFIEC) Census
data. We also build zip-code levels of default risk from the Corelogic LLMA data. To
validate the model, we also use survey data from the 2018-2019 waves of the National
Survey of Mortgage Originators and data on advertising occurrences from Nielsen
AdlIntel.

Table 1 presents the summary statistics of loan- and borrower-level information, by
race. Black and Hispanic borrowers pay the highest prices, whereas white and Asian
borrowers pay lower prices. We see similar racial patterns in fees. On average, FICO
scores are higher for Asian and white borrowers, and lower for Black and Hispanic

borrowers.

III Identifying Specialized Lenders

We use application data to identify specialized lenders who disproportionately lend
to minority borrowers. After identifying these lenders, we present a set of reduced
form facts, which suggest that these lenders offer a differentiated product that at least
some minority borrowers value, and that these lenders also attract minority borrower
by reducing their search frictions. These reduced-form facts motivate a model in which

minority and White borrowers have different consideration sets and preferences.
III.A Measure Lender Racial Specialization

We define a racially specialized lender as a lender whose customer base over-represents
one race. For example, in a market with 90 majority borrowers and 10 minority borrow-
ers, a lender that serves 9 majority borrowers and 1 minority borrower is not racially
specialized, but a lender that serves 5 majority borrowers and 5 minority borrowers is.
This is because the former serves 10% of each borrower type, while the latter serves 5.6%
of majority borrowers and 50% of minority borrowers. The measure of specialization of

lender j for race r that reflects this idea is as follows

a .
d,; = log — (1)

a_p;
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Table 1: Summary Statistics.

HMDA HMDA-GSE Matched
N Mean SD N Mean SD
Rate spread
Asian 953,591 0.17 0.68 260,968 0.20 0.37
Black 520,246 047 0.92 154,668 0.52 0.47
Hispanic 986,594 0.56 248 360,509 0.46 0.44
White 5,325,861 0.31 211 2,494,418 0.33 0.40
Fee share
Asian 923,564 1.64 1.70 260,968 1.60 1.64
Black 501,044 210 1.75 154,668 1.97 2.90
Hispanic 956,680 2.18 3.27 360,509 1.98 1.83
White 5,230,675 1.79 2.50 2,494,418 1.71 1.27
FICO
Asian - - - 260,968 760.00 153.31
Black - - - 154,668 740.00 148.49
Hispanic - - - 360,509 745.00 129.00
White - - - 2,494,418 757.00 143.75

Notes: The top panel presents summary statistics for the 2018-2023 HMDA sample. Our sample covers
conventional, first-lien, conforming mortgages originated for purchases of owner-occupied single-family
homes with closed-end credit. The bottom panel presents summary statistics for the merged HMDA-GSE
sample from 2018 to 2023. We merge loan application data from HMDA to GSE origination data based on
loan amount, interest rate, leverage, and purchaser type.
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where 4, ; is the application share of lender j among members of racial group r,and a_,
is defined analogously for consumers who are not of race r. In the example above, the
less specialized lender has a measure of log % = 0, while the more specialized lender
has a measure of log ;52- ~ 2.2.

Using this measure, small lenders may be erroneously classified as specialized lenders
as a result of finite sample measurement error. To overcome this, we adopt the shrinkage
approach in (Gentzkow et al., 2019) to estimate the logistic regression using application

records for each MSA-racial group:

J
P (1’1' = 1) =ell (ﬁ() + Z ﬁ]‘Xi]', €ij), (2)

j=1

in which ¢ (p) = log % is the logistic link function, P (r; = 1) is the likelihood of mort-
gage applicant i being a given racial group r, X;; is an indicator for whether applicant i
works with lender j, and let it equal zero otherwise. Let r; = 1 if applicant i is from a
given racial group.

As we prove in Appendix B, the estimated f; is equivalent to d, ; in equation 1. We
impose a LASSO penalty on 8, which shrinks noisy coefficients towards zero. Thus, very
small lenders are not erroneously classified as specialized lenders from measurement

error.9

ITII.B Measure Discussion

Variation in specialization within lenders. Our measure allows banks to minority spe-
cialize in some markets but not in markets. The first column of Table 2 shows that while
many large banks specialize in Asian borrowers in some geographies, there is less spe-
cialization for Black borrowers and essentially no specialization for Hispanic borrowers.
This table also shows that some banks specialize more than others. Whereas Bank of
America and Citi over-represent either Black or Asian borrowers in around half of the
markets they serve, Chase and Wells Fargo tend to lend proportional to the overall pool
of applicants in their markets.

Large lenders tend to specialize when minority borrowers make up a large share
of the market. Table 3 regresses the specialization measure of each of the large banks
in each MSA on the demographic composition of loan applications in that MSA. We

focus on specialization for Asian and Black borrowers because large lenders are most

9 As we show in Appendix B, the naive market share ratio overstates specialization among small lenders
due to the finite-sample bias of the market share ratio, but otherwise the relationship between the two
measures is strong for all races.
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Table 2: Variation in lender specialization across MSA’s

Race Average Bank of America Citi Flagstar US Bank Chase Wells Fargo
Asian 0.21 0.19 0.38 0.16 017 0.29 0.06
Black 0.09 032 021 0.02 0.01 0.00 0.00
Hispanic 0.02 0.04 0.07 0.02 0.02 0.00 0.00
White 0.01 0.00 0.00 0.02 0.03 0.00 0.00

Notes: The table shows the share of MSA’s in which different large banks are specialized for each minority
group.

Table 3: Variation in lender specialization across MSA'’s

Asian Black
Log applications ~ 0.13*** 0.02
(0.03) (0.03)
Asian share 1.40% -0.50%**
(0.21) (0.14)
Black share -0.51 1.53**
(0.38) (0.48)
Hispanic share ~ -0.59*** -0.50***
(0.13) (0.12)
N 1172 1137

+p <0.1,*p <0.05 *p <0.01, ** p < 0.001

Notes: The table regresses the large bank’s specialization measure for different races on the share of
applications in each market from Asian, Black, or Hispanic borrowers. We focus on Asian and Black
specialization because few large banks specialize in Hispanic borrowers.
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likely to specialize for those groups. Lenders are more likely to specialize in Asian
borrowers when there are more Asian borrowers in a market, and the same applies for
Black borrowers. These facts suggest that lending specialization is something banks can

adjust and is also a decision that’s responsive to the profits at stake.
III.C Measure Validation and Robustness

We validate our measure of specialization in two ways. First, we find that the most
recent three lenders against which the CFPB brought discrimination related enforcement
actions— Trident, Provident, and Trustmark — all show up as White-specialized. Second,
among the 17 minority-owned banks identified by the FDIC that can be matched to the
lenders in our sample, 11 of them are classified as specialized lenders. We measure spe-
cialization at the MSA level. One concern is that specialization is driven by the decisions
of lenders to lend in some neighborhoods but not others. Then an Asian-specialized
lender like Metro City Bank appears specialized only because it lends more in Asian
neighborhoods, and the Chase branches in the same neighborhood also attract Asian bor-
rowers at the same frequency. To rule out this theory, we test if our lender-specialization
measure can predict race even within finer geographic measures. However, most of the
effect persists even after including tract fixed effects (Table D.1). We further show that
the effect is not driven by distance in IV.F. Last, we can compute minority lender special-
ization, which controls for observables such as LTV, DTI, and loan size. Regressing the
more sophisticated measure on out base measure gives a coefficient of 0.90. The strik-
ing importance of race motivates our analysis comparing minority borrowers” mortgage

choices compared to white borrowers.

Benchmarking Importance of Race in Mortgage Choice Here we try to provide a back
of the envelope for the importance of race in the choice of lender. Income frequently
predicts which goods and services a consumer will purchase. For example, expensive
cars are purchased on average by higher income consumers. We show that race predicts
borrower choice of lender. We define an analogous notion of income-specialization, we
tind that only 3% of high-income borrowers originate their mortgages at an income-
specialized lender, in contrast to the 25% of minority borrowers who use specialized
lenders. Race also matters more than geography or risk characteristics in predicting

lender choices (Appendix D).

IV Characteristics of Specialized Lenders

We next present a set of stylized facts on why minority borrowers choose special-

ized lenders. We show that specialized lenders are popular among minority borrowers
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despite charging higher risk-adjusted prices. The higher prices reflect product differen-
tiation, market power, and search frictions. These facts will motivate a model in which

minority and white borrowers have different consideration sets and preferences.
IV.A  Specialized Lenders Originate One-Quarter of Minority Mortgages

Minority-specialized lenders play an important role in minorities mortgage access.
We define a racially specialized lender as a lender at which one race is more than two
times overrepresented in its portfolio (i.e., exp (d,;) > 2). As shown in Table 4, over a
third of mortgage applications from Asian borrowers occur at Asian-specialized lenders,
whereas around one-sixth of Black and Hispanic borrowers apply for mortgages from
their own race-specialized lenders. In contrast, only 5% of mortgage applications from

white borrowers occur at lenders that over-represent white borrowers.

Table 4: Distribution of Lender Racial Specialization at Mortgage Level

Group Count P50 P75 P99 Specialized Share

Aggregate 7,155,615 0.00 0.34 2.80 11.64
Asian 864,881 042 1.02 1.99 37.36
Black 503,544  0.00 0.38 0.99 16.15
Hispanic 916,591  0.04 048 1.16 18.04
White 4,870,599 0.00 0.24 0.52 5.41

Notes: This table presents the distribution of racial specialization measure assigned to individual mort-
gages. We compute lender level racial specialization measures based on the LASSO procedure described
in Section III.A. We then assign lender specialization to individual mortgages in their portfolios. Column
1 indicates borrower racial groups, column 2 shows the number of mortgage applications from each racial
group, columns 3-5 are the median, 75th, and 99th percentiles of lender racial specialization of mortgage
applications in each racial group, and last column shows the percentage of total applications that are sub-
mitted to specialized lenders of the corresponding race. A specialized lender is defined as a lender at which
one race is more than two times overrepresented in its portfolio (i.e., d,; > 2).

IV.B Specialized Lenders are Expensive

On average, minority borrowers, especially Black and Hispanic, pay higher mortgage
rates than Whites. If these high rates are a consequences of taste-based discrimination
(Becker 1957), one might expect minority specialized lenders (those who do not discrimi-
nate) to have high market shares among minorities, as we describe above. We would also
expect them to charge lower rates. We next show that this is not the case. Table 5 com-
pares risk-adjusted prices of specialized and non-specialized (hereafter “mainstream”)
lenders within an MSA. We residualize prices by regressing them on interactions be-

tween indicators for 20 bins of of property size, income, and loan size, as well as against

17



Table 5: Within market correlation between in group lenders and prices

Rate spreads Fee shares

Specialization score 0.128*** 0.132%**
(0.011) (0.012)
N 1340624 1340624
R2 0.1378 0.1175
MSA x Race x Year FE X X

+p <01, *p <0.05 *p<0.01,** p < 0.001

Notes: The table shows the results of the regressions of residualized rate-spreads and fee shares on lender
specialization:
Pirjmt = ﬁdrjm + Ormt + €irjmt-

where pjyjm; is the residualized price measure on loan i obtained by borrower of race j from lender j in
market m in year ¢, dr]-m is the specialization measure of lender j in MSA m for race r, and J,;; is market-
race-year fixed effects. Fee shares are measured as a percentage of loan value. Both price measures are
winsorized at the 1% level. Standard errors are clustered at the lender-race level.

indicators for loan to value, debt to income, maturity, whether the loan has an adjustable
rate. In addition to risk adjustment, one might think that minority specialization differs
in the degree to which their loans are brokered, changing the nature of price negotiation.
We therefore also control for whether a loan was brokered.

This regression compares lenders of different specialization measures within an MSA.
The regressions drop “negatively-specialized” lender-race combinations with d < 0 as
these lenders are often specialized for other minorities. We measure price both with rate
spreads and total loan fees as a percentage of the loan value. Loans originated by lenders
with one unit higher in specialization have 13 bp higher rate spreads and 13 bp higher
fees compared to other loans within an MSA. These magnitudes are more than double
the 5 bps of within-lender price differences documented by Bartlett et al. (2022).

The price effects are strongest for Hispanic borrowers, and weakest for Asian bor-
rowers. Table 6 compares rate spreads with specialization by race, whereas Appendix
Table C.1 does the same comparison for fees.
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Table 6: Race by race breakdown of the correlation between specialization
and rate spreads

Residualized rate spreads

All Asian Black  Hispanic

Specialization score 0.128"*  0.091°* -0.046**  0.229***
(0.011)  (0.018)  (0.015)  (0.010)

N 1340624 508529 280821 551274
R2 0.1378 0.1002  0.0405 0.1711
MSA x Race x Year FE X

MSA x Year FE X X X

+p<0.1,*p < 0.05*p < 0.0L,**p < 0.001

Notes: This table shows the results of regressing residualized rate-spreads on specialization for different
minority groups.

This finding suggests that a standard Beckerian story of taste-based discrimination
is an incomplete explanation of minority borrower shopping behavior in the mortgage
market. While minority borrowers do sort to lenders who may be expected to discrimi-
nate less, the higher prices at these specialized lenders suggest that specialized lenders
offer a differentiated product, or that they are more likely to be considered (searched

and found) by minorities.

Not Driven by Risk Sorting. The positive correlation between racial specialization and
mortgage prices does not seem to reflect the differential sorting of riskier borrowers into
these specialized lenders.!’ Appendix Tables C.2 and C.3 show that LTV’s and DTI’s at
specialized and mainstream lenders are not statistically or economically significantly dif-
terent. Appendix E merges HMDA data with GSE origination data and shows that credit
scores are highly predictive of within-lender pricing, but do not explain the differences
in prices between specialized and non-specialized lenders.

These risk metrics may be less explanatory for minority borrowers (Blattner and Nel-
son, 2022). Thus, we in Appendix V.B we use the GSE performance data to test whether
loans originated by specialized lenders are more likely to become delinquent, conditional

on observables. While loans originated by Black-specialized lenders are more likely to

19There is a potential concern about risk sorting as Bayer et al. (2018) find that high-cost loans to mi-
norities are largely explained by lender fixed effects which are highly correlated with ex-post foreclosure
rates.
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become delinquent, those originated by Asian or Hispanic-specialized lenders do not
have substantially higher delinquency rates. Given that the price effects that we find are
the strongest for Hispanic borrowers and weakest for Black borrowers, we conclude that

mismeasured risk does not explain our results.
IV.C Specialized Lenders are Located Farther Away

Our findings about quantity and price suggest that specialized lenders are popular
among minority borrowers despite their higher risk-adjusted prices. This result could
arise because specialized lenders locate in areas with large minority populations, and
thus gain market power from proximity, e.g. because borrowers save on travel cost. In
fact, specialized lenders tend to be located farther away from minority borrowers than
mainstream lenders.

We collect data on branch addresses from the Summary of Deposits for banks and
from the NMLS branch data for shadow banks. For each originated mortgage in the
HMDA, we compute the distance between the census tract of the borrower and the
lending institution’s nearest branch. This allows us to assign branch distances to around
60% of originated mortgages in the HMDA. In Table 7, we examine whether specialized
lenders are geographically closer than mainstream lenders:

Sirlmz = ,Bdrlm + Xirlmzr + (5mz + €irlmz (3)

For a mortgage i from a borrower of race r originated at lender | in census tract z
in an MSA m, 1., is the distance between the census tract of the borrower and the
nearest branch of the lender. d,;,, is lender I’s specialization measure of race r in MSA
m. X, include LTV and DTI of mortgage i, controlling for the difference in search
across borrowers with different risk profiles (Agarwal et al.,, 2023). The inclusion of
census tract fixed effects, J,,;, allows us to compare two mortgage applications in the
same census tract that are originated by lenders with different specialization measures.
If the coefficient B > 0, then specialized lenders are, on average, farther away from the
borrower than mainstream lenders.

Table 7 shows the regression results by borrower races. In general, specialized lenders
tend to be located farther away for Asian and Hispanic borrowers, but modestly closer
for Black borrowers. Minority borrowers” willingness to travel farther for specialized
lenders highlights that specialized lenders’ advantage does not primarily come from
entering “banking deserts”. To the extent that minority borrowers value specialized
lenders, it is not primarily through geographic proximity. This result is intuitive if spe-

cialized lenders offer differentiate services to minorities or have more visibility among
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those borrowers. Then minority borrowers are willing to travel farther than borrowers
who services from mainstream lenders, which are more pervasive (i.e. tend to be located

closer).

Table 7: Specialized lenders and distance

Log Distance

Asian Black  Hispanic

Specialization 0.193** -0.067**  0.062***
(0.005)  (0.006) (0.004)
N 467466 285994 544118
R2 0.38 0.37 0.34
MSA x Census Tract FE X X X
Controls: LTV and DTI X X X

+p <01,*p <0.05 *p <0.01, ** p < 0.001

Notes: This table shows loan-level regression results of regressing geographic distance between the bor-
rower and the lender against the specialization status of the lender by borrower races. The underlying
sample includes 60% of originated mortgages in HMDA 2018-2019 that we identify the nearest branches
of the lending institutions.

IV.D Minority Loan Officers and Advertisement

If it is not driven by geographic proximity to minority borrowers, what makes racial-
specialized lenders popular among minority borrowers despite offering higher risk-
adjusted prices? Several specialized lenders claim to have missions to serve minority
communities. The Hispanic specialized lender Panorama was founded with the mission
to “increase family wealth through homeownership for first-time Hispanic homebuyers”
(Panorama, 2022). Similarly, Metro City Bank was founded by a Korean immigrant en-
trepreneur, and its branches prominently feature Korean and Chinese language signs,
as seen in Figure 1.Theory suggests two potential avenues to achieve these objectives:
product differentiation that caters to minority borrowers or higher consideration by these
borrowers. Below, we show two channels through which specialized lenders can achieve
differentiation and visibility: specialized labor and advertising. Then we use a revealed
preference argument from mortgage withdrawals to argue that differentiation in services

is at least part of the explanation.

Minority Loan Officers. One way for a lender to provide minority specialized services

is to hire loan officers from the same minority. Loan officers from minority backgrounds

21



Table 8: Lending and Labor Force Specialization at the MSA Level

Asian Asian  Hispanic Hispanic

Specialization 0.060** 0.043** 0.071%*  0.047**
(0.013)  (0.005)  (0.020)  (0.008)

N 36839 36839 36853 36853
R2 0.10 0.32 0.17 0.43
MSA FE X X

Zip Code FE X X

+p <0.1,*p <0.05 *p <0.01, ** p < 0.001

Notes: This table shows the results of regressions of loan officer race on lender racial specialization mea-
sure. In the first (last) two columns, the outcome variable is an indicator for whether the loan officer race
is Asian (Hispanic), and the explanatory variable is lender specialization in Asian (Hispanic) borrowers in
the MSA that the loan officer is located.

can possess cultural insights and linguistic abilities that can streamline the mortgage
application process for borrowers from their community (Liu, 2023). Alternatively, by
participating in community activities and leveraging their networks, minority loan offi-
cers can also enhance a lender’s visibility in the community, i.e advertise for the lender.
In Table 8, we correlate lending institutions” loan officer racial composition with the
racial specialization of their loan portfolios. We estimate the following logistic regres-
sions to examine whether minority specialized lenders tend to have a higher likelihood

of hiring loan officers from the same minority group:

Lijrmz = ﬁdjrm + Omz + €ljrmz 4)

Lijymz is an indicator for whether loan officer / at lender j located in zipcode z within
MSA m is of race r. dj,, is lender j’s specialization for borrower race r in MSA m. The
census tract fixed effects J,,, absorb variation in geographic clustering of loan officers
from different racial groups. We focus on Asian and Hispanic loan officers because we
infer loan officer race from names, and conventional algorithms for identifying race have
poor accuracy for Black names.

The positive B estimates across columns in Table 8 indicate that specialized lenders
are more likely to have minority loan officers from the group in which they specialize.
The magnitude of the coefficient only decreases by around 30 percent with the inclusion
of zip-code fixed effects. These results suggest that the composition of the labor force
is an active choice, and does not simply reflect hiring from workers who live in the

minority neighborhoods.
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Advertisement. One way to increase minority consumer awareness is to specialize ad-
vertising to minorities, as suggested by the Metro City Korean and Chinese language
signs. We focus on Spanish language media because Nielsen AdIntel provides this
data. We find that Hispanic-specialized lenders are much more likely to advertise in
Spanish-language media. We compute the share of advertising counts and the share of
advertising expenditure by each lender. Table 9 shows that a one-unit increase in spe-
cialization is associated with a ten percentage point increase in the share of advertising
on Spanish-language venues. These results reveal two strategies minority-specialized
lenders employ to achieve either product differentiation or additional visibility in mi-
nority communities. While these two approaches are the ones we can measure with
our data, it’s worth noting that minority-specialized lenders likely use a several other
strategies to attract minority borrowers. We next use a revealed preference approach to
measure product differentiation, allowing us to capture the effects of various unobserved

strategies minority-specialized lenders may use.

Table 9: Hispanic specialization and advertising

Counts Expenditure
Radio SpotTV Radio SpotTV

Hispanic Specialization 0.081*  0.069+  0.079*  0.085+
(0.031)  (0.039) (0.032) (0.047)

N 613 652 608 493
R2 0.15 0.22 0.14 0.29
MSA FE X X X X

+p <0.1,*p <0.05 *p <0.01, ¥ p < 0.001

Notes: This table shows the results of regressing the lender-level share of advertising on Spanish-language
venues on our measure of specialization for Hispanic borrowers.

IV.E Lower Withdrawal Rates at Specialized Lenders

Here, we use mortgage application withdrawals to argue that part of specialized
lenders” advantage over mainstream lenders is through higher service quality. As we
discuss above, there are broadly two reasons why specialized lenders have high market
shares and high prices: either they offer high quality mortgage services to borrowers—
high expected utility. For example, mortgage lenders may vary in their ability to help
borrowers complete their applications (Frame et al., 2024), and this can be particu-
larly important for borrowers who speak languages other than English (Liu, 2023). Or,
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consistent with the evidence on advertising, they are more likely to attract mortgage
borrowers-higher consideration— even if they offer the same expected utility product.
We use withdrawals to rule in utility, but do not rule out consideration. Intuitively, a
withdrawn mortgage application indicates that while a lender was in a borrower’s con-
sideration set, another lender ultimately provided a higher expected utility mortgage.
Therefore if minority borrowers are less likely to withdraw their applications from from
specialized lenders, that is an indication that specialized lenders offer a more attractive
bundle of services and prices than mainstream lenders. We test if specialized lenders
have fewer withdrawn applications by estimating the logistic regression

Wijrmt = ﬁldjrm + ,BZyi]'rmt + Srmt + €ij )

where wjj,,; is an indicator for a withdrawal. B, is the coefficient of interest, indicating
if the lender is specialized to the race of the borrower. For example, if the borrower is
Hispanic and the lender is Hispanic, then d jrm is 1, and if the borrower is Asian for the
same lender, then dj,,, is 0. We include race by MSA by year fixed effects, controlling
for differences in application or withdrawal rates across borrowers of different races.
We also control for lender by MSA by year fixed effects to account for possible differ-
ences in withdrawal rates across lenders, which can arise if specialized lenders offer
different quality or have on average different visibility. We exploit variation from the
fact that Asian specialized lenders are specialized only for Asian borrowers, and not for
non-Asian borrowers. Column (2) of Table 10 shows that the reduction in withdrawals
associated with specialized lenders, even in a within-lender design, with specialized
lenders enjoying smaller withdrawal rates among minority borrowers.

Specialized lenders have smaller effects on rejections. The third column of Table 10
repeats the exercise but replaces the left-hand variable with an indicator for rejections.
While specialized lenders reject borrowers less often, this effect is small. Column (4)
shows that specialized lenders reject in-group borrowers less often relative to other bor-
rowers, but it’s nonetheless the case that rejection rates account for only a small share of
why specialized lenders originate more loans to minority borrowers when compared to
mainstream lenders.

Withdrawals may not reflect consumer preferences if they actually reflect shadow
rejections, or if consumers who go to specialized lenders apply to fewer lenders on
average . In Appendix F we show that neither possibility is likely. First, high income
borrowers are more likely to withdraw their applications, whereas they are less likely to
be rejected. Second, the tracts with larger minority populations feature higher market
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Table 10: Lender specialization and withdrawal rates

Withdrawals Rejections

Across Within Across Within

Specialization -0.066***  -0.087**  -0.016  -0.071***
(0.010) (0.007) (0.012) (0.010)
N 3159008 3043273 3429958 3016493
Year x MSA x Race FE X X X X
Year x MSA x Lender FE X X

+p <0.1,*p <0.05 *p <0.01, ** p < 0.001

Notes: This table tests whether specialized lenders have lower withdrawal and rejection rates. The first and
third columns includes race-MSA-year fixed effects, and thus tests if specialized lenders have fewer with-
drawals or rejections than mainstream lenders. The second and fourth columns uses within-lender varia-
tion, and shows that only in-group borrowers have lower withdrawal or rejection rates at the specialized
lenders.

shares of specialized lenders yet higher application rates.
IVF Heterogeneity in Borrower Preferences for Racial Specialization

We show that minority borrowers differ in how much they value lender special-
ization. In other words, while some minority borrowers can benefit from access to a
minority loan officer, or simply value advertising in their community, other minority
borrowers do not require such specialized services. We focus on two proxies of such
heterogeneity among minority borrowers. The first is minority borrowers who live in
neighborhoods with many minority residents. These borrowers may have a higher pref-
erence for homophily or may benefit more from the shared cultural undertaking. The
second is minorities who speak a language other than English, and who may benefit, for
example, from a loan officer who speaks that language.

Within each neighborhood (census tract), we the share of minority mortgages that
originated by specialized lenders. From the FFIEC census files, we obtain tract-level me-
dian income, population shares of different racial groups, and education levels. We also
use the census data to compute the share of the population that speaks either Spanish or
an Asian language and include the language share as a control when studying Hispanic
and Asian borrowers. We use census data to study which types of minority borrowers

borrow from specialized lenders by estimating the following regression across tracts:
Srmz = ,B”rmz +YZmz + O + €cm (6)

where s, is the market share of lenders specialized for race r among borrowers of race
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r in tract z, 1, is the population share of race r, and Z,,, contains other controls such
as tract-level median income and MSA x Year x Race fixed effect. The coefficient B tests
whether minority borrowers are more likely to borrow from lenders specialized for that
minority in census tracts with more minority residents within a given MSA at a point in
time, holding their race fixed. Column (1) of Table 11 uses data from all three minority
groups and shows that minority borrowers in minority neighborhoods are much more
likely to borrow from specialized lenders. Column (2) shows that this correlation with
race holds even after controlling for education and income. Column (3) of Table 11 shows
that in this sub-sample, language matters for the market share of specialized lenders in
addition to the racial composition of a tract.

The main implication of this fact is that modeling lender competition for borrow-
ers requires capturing this rich heterogeneity in preferences.Thus, even among minor-
ity borrowers, there is heterogeneity in how much they value the services provided by

specialized lenders.

Table 11: Where specialized lenders have higher market shares

Market Share Withdrawal Rate

Race  Demographics Language

Race share 0.24%** 0.23*** 0.19%** 0.01
(0.01) (0.01) (0.02) (0.01)
Language share 0.14%%
(0.02)
Bachelors degree -0.25%** -0.25%**
(0.01) (0.02)
Log median income 0.04*** 0.04***
(0.00) (0.00)
N 493579 493579 353900 172887
Adj. R2 0.41 0.42 0.40 0.02
Within R2 0.04 0.05 0.05 0.00
Race x MSA x Year FE X X X X

+p <0.1,*p <0.05 *p <0.01, ** p < 0.001

Notes: This table shows the results of regressing tract-level market shares of specialized lenders in orig-
inations for a given race against census demographic characteristics of the tract. Specialized lenders are
more prominent in areas with more minority residents, and with more non-English language speakers.
Specialized lenders do not have lower withdrawal rates relative to mainstream lenders in minority tracts.
Regressions are weighted by the total originations in each tract. The withdrawal rate regression is run
only on tracts with a positive number of specialized and non-specialized originations.

The data on withdrawals also suggests that most of this cross-tract variation in the
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market share of specialized lenders arises due to differences in consideration sets, rather
than differences in preferences. Although race is highly correlated with the market share
of specialized lenders, Column (4) of Table 11 shows that race is not correlated with the
relative withdrawal rates of specialized lenders compared to mainstream lenders. Thus
quality differences are unlikely to be the primary drivers of differences in market shares
of specialized lenders across tracts.

IV.G Summarizing the Reduced Form Facts

Specialized lenders attract minority borrowers despite higher risk-adjusted prices
and more distant branch locations. The price and quantity facts suggest that a standard
Beckerian story of taste-based discrimination in a homogeneous service market is an
incomplete explanation of minority borrower shopping behavior in the mortgage market.
While minority borrowers do sort to lenders who may be expected to discriminate less,
the higher prices at these specialized lenders suggest that specialized lenders also offer
a differentiated product . Specialized lenders may be able to attract minority borrowers
despite high prices either by reducing search frictions for minority borrowers, or by
improving service quality. Our model allows us to separate these channels and study
the supply-side determinants of lender specialization.

V Model

Motivated by the evidence from the previous sections, we build and estimate a struc-
tural model of minority specialized lending. We model minority borrowers” demand
for mortgages under imperfect consideration and lenders’ pricing decisions under fair-
lending enforcement. Our model allows us to recover minority borrowers” search behav-
ior and preferences from publicly available mortgage application data while allowing
for borrowers to conduct informal search before applying.

Motivated by the evidence from the previous sections, we build and estimate a struc-
tural model of minority specialized borrowing and lending. Our motivating results sug-
gest that minority specialization encompasses two dimensions: delivering higher utility
to minority borrowers and achieving greater visibility (consideration) among them. Sep-
arating these dimensions informs us about how lenders compete for minority borrowers.
For example, limited consideration by borrowers results in substantial mark-ups in this
otherwise fragmented market. We use the estimated preferences, consideration, as well
as cost of lending to minorities to study the implications of fair lending laws. The model
helps us understand why specialized lenders attract minority borrowers and why some
lenders specialize but not others.

27



Our demand side builds on limited consideration models , adapting them on two
dimensions to examine minority borrowing and lending. By modeling the application
and withdrawal process, we leverage withdrawn applications as partial observations of
consideration sets whose utility is lower than that of chosen products, enhancing our
ability to separate consideration from utility. To study minority specialized borrow-
ing, we allow differences in consideration set formation, acknowledging that search can
differ along minority and racial status. Furthermore, we model racial differences in
preferences, particularly regarding lender specialization.

The supply side of our model emphasizes two crucial aspects: multi-dimensional
minority specialization and adherence to fair lending laws. Second, we impose fair
lending laws prohibiting racial discrimination in pricing within a lender. This is the
case even if lenders find it costlier to lend to minorities, either because minority lending
requires specialized labor or effort, or because it is psychologically costlier in the spirit
of taste-based discrimination of Becker (1957). We use data on actual costs of lending to
minorities to verify model estimates and make some progress on determining to which

extent these costs are real or psychological.
V.A Stages of the Game

There are four stages of the game pricing, consideration, application, and origina-
tion. Pricing: Lenders, post race-neutral prices for mortgages in an MSA. Intuitively,
lenders are subject to fair-lending laws and do not discriminate on race in setting prices.
Consideration: Consumers form consideration sets. These sets are larger than eventual
mortgage applications, and capture borrowers informal search without applying. For ex-
ample, a borrower may call many lenders to get approximate quotes for mortgage rates,
but may only apply to some small number. Our model nests both a full-consideration
model in which borrowers search over all lenders in a market before originating a mort-
gage. Application: consumers draw utility levels for each lender in the consideration set.
They apply to a subset of lenders in their consideration set. Origination: Lenders can
approve or reject applications. Borrowers choose which approved mortgage application
to originate and which to withdraw.

Below we describe each stage of the consumer problem and conclude with the sup-
ply side. Because utility and consideration vary with MSA, tract, race, and years, we
suppress those subscripts in the discussion of the consumer problem and re-introduce
them when discussing supply.

A market is an MSA-year combination, so all potential borrowers in the Chicago MSA

in 2020 comprise one market. We focus on MSA, because it is the primary geographic
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unit of analysis when fair lending regulations are applied. Lenders are indexed by
j € L ={0,...,L} where the outside option j = 0 is a competitive fringe post. They
post one interest rate p; across all races in a given MSA-year combinations. For example,
Asian and white borrowers in the Chicago MSA face the same price from the same
lender.

V.B  Utility

Consumers are indexed by i. They differ in their race  and conditional on race, in
characteristics d;. The last term captures the idea that preferences within a certain race
can differ based on observable borrower characteristics. For example, some minorities
may speak a language other than English but others are native speakers, so they have
different preferences for specialized services.For convenience, we suppress market sub-
scripts and return to them when relevant in the estimation section. The utility from
borrower i obtains from lender j, u;j , depends on lender’s pricing and the services that
the lender provides:

ujj = —a'pj+ ¢+ (1 + 7 d;) + € 7)

A consumer’s utility declines in the loan interest rate, where the extent of price sen-
sitivity can differ across borrowers of different races, a”. All consumers value lender
convenience and services, ¢;. For example, a lender with a high ¢; has helpful loan offi-
cers, or a convenient online application tool, which appeal to borrowers of all ethnicities.
Lenders also offer minority specific services ¢;r. A lender with a high ¢;r is racially
specialized to race r. They may employ loan officers, who can better assist borrowers
of that race, for example, by hiring from that community. As discussed above, there are
differences between borrowers within race measured by d;. y; measures the strength of
differences in preferences for specialized services across these borrowers. Because we
later normalize to be between [-0.5,0.5], one can interpret ¢;r as the average preference
for specialized services by borrowers of race r, and 7 as measuring the dispersion of
these preferences within borrowers of the same race. Last, €; captures idiosyncratic

preferences for lenders across borrowers, and is distributed type 1 extreme value.
V.C Consideration

We model consideration with an alternative specific consideration (ASC) model (Go-
eree, 2008). Consideration captures broad, perhaps informal, search that customers un-
dertake prior to applying for a mortgage, which we model below. The idea is that

borrowers are better informed about mortgages than the relatively small number of
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mortgage application suggests. !! Within a market, each lender is included indepen-
dently in a consumer’s choice set with probability ¢;. As ¢ — 1, our model reduces
to the usual full-consideration model. Borrowers always consider the outside option, so

¢o = 1. The probability that a consumer considers inside lenders C C L is given by

PO =11gix]1(1-¢) ®)
jeC j&C
Consideration probabilities themselves can depend on price, which allows us to capture

the effect of price changes on search behavior in a reduced-form way. We parameterize

this as
U(¢j) = —azpj+ ¢ + 5 (1 + 7 = dy) ©)

where ¢ (p) = log %. The parametrization of the consideration probabilities follows
that of preferences, illustrating that we do not exclude or restrict preferences and utilities

to be a priory driven by different forces.
V.D Application, Origination, and Withdrawal

After forming choice sets, consumers apply to the highest utility lenders in their
choice set. For computational tractability, we assume that a share 6 of consumers applies
to the lenders with the top-two highest utilities, whereas the remaining 1 — 6 applies to
only their top choice. 2 6 captures the heterogeneity in application cost across otherwise
equally informed consumers. The share who apply to two lenders 6 does not affect
lender competition, which occurs at the consideration choice level. Instead, it influences
how to use application data to distinguish consideration and utility.

Each lender rejects each application with a probability x;. For tractability, we choose
to keep the rejection margin stylized because our analysis in Section IV.E suggests spe-
cialized lenders do not have substantially lower rejection rates. Among approved mort-
gages, the borrower originates the one with the highest utility and withdraws others, if
any, which were also approved.

Figure 3 illustrates the possibilities for applications, and we walk through the specific
cases below.

Aggregating across consideration sets allows us to construct lender market shares.

We depart from the existing literature and construct two sets of market shares: the share

11 Agarwal et al (2024) more extensive mortgage search in borrowers credit reports than is reflected in
mortgage applications

12We model two applications because NSMO data suggests the average applicant applies to around 1.5
lenders. The exact number of applications can be increased without conceptually changing the estimation.
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Figure 3: The outcomes of the application process. The row labeled “Lender
1” denotes what happens to the application to the highest-utility lender, and
the row labeled “Lender 2” denotes what happens to the application to the
second highest-utility lender. The rejection rates for lenders 1 and 2 are 1, x2.
The share of consumers who apply to two lenders is 8. The symbols O, W, R,®
denote originations, withdrawals, rejections, and the lack of a second applica-
tion.

Lender 1

[ ]
@) R
R @ R @)

0(1—
Lender 2 4%

of originated mortgages, and the share of withdrawn mortgages. These two shares al-
low us to separately identify consideration and utility, as we explain later. The market
share of originated mortgages is the standard market share (choice probability) one con-
structs in demand estimation: it reflects consumers highest utility choice given the set
of considered and approved mortgages. The withdrawn market share is new: it reflects
mortgages that were in borrowers consideration set, but which the borrower decided not
to take up because other, higher utility mortageges were also in their consideration set.
A consumer originates a mortgage at an inside lender j provided j was in their con-
sideration set C . Conditional on the consideration set, it was the highest utility option
and j did not reject the application, or j was the second choice, and the first choice was
rejected. The origination probability at lender j conditional on choice set C is then:

0j(C) = 1{j € C} x e"p(‘sf)(s)x<1—x]'>

Yrccexp (

-~

j is 15t choice, not rejected

J/

exp (&) exp (0;)

+ 6 x
ke i) tec exp (9) ZmGC\{kpr (6m)

X xx (1= Xxj)

7

jis 2nd choice, 15t was rejected, j was not

where 6; = —a’p; + &+ ¢ir(1+ v * d;).
The origination share s; of a lender is the expected origination share, where the
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expectation is taken over all possible consideration sets.

si= ), P(C);(C) (10)
Ce2t
Intuitively, the origination market share is high for lenders if they are considered a lot
and, conditional on being considered, offer high utility products.
We next construct withdrawal market shares. Conditional on considering lender
j, a consumer withdraws a mortgage application if she applied to two lenders, and
lender j did not offer the highest utility among approved choices. The conditional and
unconditional withdrawal probabilities w; (C) , w; are:

. exp () exp (¢))
(C)=1 C 0 1-— 1—x;
“(C)=IHj € Ch =8 kecjy Liec €xp (91) Lmec\ (i} exp (9m) < (=) (1= 1)
ZU]' = Z P (C) cu]- (C) (11)
Ce2t

Intuitively, lenders have high withdrawn market shares if they are frequently considered
but offer low utility relative to other considered lenders.

For completeness, we also write out the market shares of lenders in rejections. Re-
jections occur with probability x; as long as lender j receives an application, regard-
less of whether lender j was a borrower’s first or second choice. The conditional and
unconditional probabilities of rejection p; (C),r; are:

pj (C)=1{jeC}xyjx { exp (5]‘) 10 x exp (J%) exp ((Sj) }

Yiecexp (41) keCvijy Liec exXP (01) Lmec (ky exp (om)
ri= Z P (C) Oj (C) (12)
Ce2t
We assume that a borrower who is rejected by both of her top two inside lenders
originates a mortgage at the outside option. This assumption means that every borrower
originates a mortgage, as in Agarwal et al. (2023). Empirically, this lets us use the
total number of originations in a market as the denominator with which to calculate
probabilities.

V.E Supply

Consistent with fair-lending laws, lenders set uniform prices for borrowers of all
races within an MSA-year. We suppress the MSA index m, but we let z index tracts and
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M, equal the total dollar value of originated mortgages to borrowers of race r in tract z.
Lender j posts a price p; to solve

argmaxZMrzs]rZ (pj) (pj —crj) (13)
pj

Costs depend on both the race and the lender. These costs can capture both physi-
cal costs and racial animus in the spirit of taste-based discrimination of Becker (1957).
For example, if minority borrowers have less easily documented income, the process of
completing an application may be more costly.. Alternatively, loan officers have varying
degrees of racial animus towards minorities that can give rist to cost differences, as we
micro-found in Appendix A. We thus assume that costs for lender j to serve race r in an
MSA reflect both a lender-specific component ¢; and a component that is common to all
lenders for borrowers of race r.

Crj = Cr+¢; (14)

Despite potential racial animus, fair lending laws bind: lenders are unable to price dis-
criminate between borrowers of different races, and therefore prices satisfy a pooled

tirst-order condition. Taking derivatives of the definition of profits in equation 13 yields:

BS,Z]
Y, . Myss Yz Mz~
pj + =7 - VZa;ZZ] Zcr aSrZ + Cmj (15)
Yy Mzt Yoz M ap]

Intuitively, the left-hand side is a pooled marginal cost, whereas the right-hand side is
a weighted average of the costs for serving different races. The weights on the costs
reflect both the number of borrowers of each race (M,;) and the demand elasticities of

borrowers of each race g;

V.F Discussion of Key Modeling Assumptions

Imperfect Consideration and Competition In the model, borrowers do not consider all
lenders in the market before applying. One interpretation of imperfect consideration is a
flexible way to capture borrower’s likelihoods of searching at different lenders. Beyond
Imperfect consideration is important for modeling the US mortgage market because of its
highly fragmented market structure. The top 10 lenders in an MSA on average originate
only half of the mortgages, and smaller lenders quickly drop off in size. At the same
time, it is well understood that the mortgage market is imperfectly competitive. These
facts can only be rationalized in a model where borrowers do not consider all of the

lenders in the market.
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We interpret the consideration probabilities ¢ as combining both pure awareness and
search (Morozov, 2023). In a richer model, consumers may be aware of many lenders,
search for prices and approvals over a subset of those lenders, and ultimately apply to a
turther subset. We abstract away from the microfoundations of such a model and instead
model the choice set directly. We allow for consideration probabilities to depend on
prices, which captures the idea that consumers are more likely to search items that will
offer them high utility. Consumers may be more willing to search a lender if the lender-
specific search cost is low, and this would generate variation in ¢;. Our specification
flexibly captures these possibilities.

The assumption that borrowers apply to at most two lenders is a simplifying assump-
tion to map the model to the data. The extent to which lenders compete with each other
depends on the consideration probabilities ¢, not the share 6 of borrowers who apply to
multiple lenders. By modeling the mortgage market as a posted price market, borrow-
ers know the characteristics of lenders even without applying. Thus, as consideration
probabilities ¢ — 1, the model is equivalent to a standard full-consideration discrete-
choice model even if all borrowers apply to only one lender. The assumption of at most
two applications is consistent with survey data from the NSMO and helps us to map
consideration probabilities ¢p and mean utilities 6 to withdrawal probabilities.

Uniform Pricing Our assumption that lenders charge the same price for different races
is consistent with both empirical evidence and fair-lending laws. A large literature docu-
ments only 2 — 5 bp differences in within-lender pricing conditional on creditworthiness
(Bartlett et al., 2022; Bhutta et al., 2021; Willen and Zhang, 2022). Fair lending laws
prevent lenders from implementing discriminatory prices by charging higher prices at
subsidiaries or at branches in minority neighborhoods (FFIEC, 2009). Business prac-
tices that result in discriminatory prices without discriminatory intent are not allowed.
The wholesale mortgage lender, Provident, was investigated for fair-lending violations
because it gave independent brokers wide latitude in setting broker fees. Brokers work-
ing with Black and Hispanic borrowers would charge higher broker fees, and the CFPB
prosecuted this as a fair-lending violation (CFPB, 2015). In the wake of the financial
crisis, Wells Fargo settled a large fair-lending case that alleged it steered Black and His-
panic borrowers towards subprime adjustable rate mortgages instead of prime mort-
gages. While Wells Fargo did various forms of outreach to minority neighborhoods,
such as connecting with Black church leaders in various communities, the Do] nonethe-
less prosecuted the large price differences as violations of fair-lending laws (DOJ, 2012).
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Lender Costs We assume that lender costs for different borrowers can be decomposed
additively into a portion ¢; that is specific to the lender but applies to loans made by
that lender for all races, and a race-specific term ¢, that is common to all lenders in
a market. Some assumptions are necessary because the usual approach to identifying
race-specific costs from optimal pricing conditions fails when lenders charge uniform
prices to borrowers of different races. In Section VI.D we validate our cost measures

with accounting data, thus giving support to our simplifying assumption.

VI Estimation

We estimate our model by matching observed data on originations, withdrawals, and
rejections across races and across tracts. Our estimation recovers the consideration sets,
preferences, and lenders” marginal costs for borrowers of different races. We validate
our estimated model with external data on advertising, costs, and consideration. The
estimated model allows us to study why specialized lenders are successful in attracting

minority borrowers and why most specialized lenders are small.
VI.A Sample Construction

We construct market share and price data that lets us study how lenders compete for
borrowers of different racial groups. We define the universe of lenders for a combina-
tion of MSA, year, and race as any lender in the top 10 lenders of any racial group for
that MSA /year. For each MSA /year/race combination, we limit ourselves to the top 20
lenders. This construction allows us to study the largest lenders for each racial group
while also capturing how lenders” market shares may differ across racial groups. Ap-
pendix Table C.8 shows the number of lenders in the average market, broken down into
different institution types . The average market has around 15 inside lenders with a total
market share of 50 percent.

We compute the lender’s price in each market with the weighted average of its aver-
age prices across races, where the weights are the dollar value of originations for each
race. Price captures both rate spreads and total fees divided by 7, the average duration of
a mortgage. The correlation between the race-specific averages and the uniform price is
93%. We impose uniform pricing within lenders to both reflect existing fair lending laws
and to help us focus on how equilibrium interactions between lenders affect borrowers
of different racial groups.

We capture heterogeneity across tracts by matching the covariance of market shares
across tracts with different minority populations. We sort all tracts by the census popu-
lation share of that race. We then aggregate these tracts into 5 “synthetic tracts” with ap-
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proximately the same number of originated mortgages in each group. By correlating the
model-generated market shares of specialized and non-specialized lenders with the ac-
tual market shares across these “synthetic tracts,”, we can then estimate how consumers’

search behaviors and preferences vary across sub-geographies within an MSA.
VLB Separating Utility and Consideration Probabilities

The main objective demand model is to estimate two (latent) dimensions of minority
specialization for each lender: how much utility they provide to borrowers of each race,
and their visibility (consideration) among these borrowers. In our model, these two
dimensions are captured by (jjr. and ¢;r°. As we highlight below, estimating race specific
price sensitivity of utility (a#")and consideration («ay) also yields interesting insights into
racial differences in mortgage outcomes.

We estimate a flexible model of demand with rich heterogeneity in borrower pref-
erences and consideration sets across races and tracts using lender market shares in
origination, withdrawls, and rejections Appendix G contains the details. Our approach
joinly uses originated and withdrawn applications to separate consideration and utility.

Intuitively, if we observe a lender with a high origination share but also high with-
drawal rates when lending to borrowers of a given race, then this must be a lender with
high consideration ¢ and low quality é with respect to that race. This lender is fre-
quently in consideration sets but is often only the second-highest option. In contrast to
Abaluck and Adams-Prassl (2021), we do not use Slutsky asymmetry. We also do not
need to make strong assumptions about excluded shifters of consideration and utility,
as in Agarwal and Somaini (2022). Instead, we can in principle separate consideration
versus utility from one cross-section of origination and withdrawal data.

We illustrate the above intuition more systematically by comparing predictions from
our model to those of a full consideration model. We simulate our model under full
consideration, holding estimated parameters fixed. Under full consideration, lenders
with high market shares should have low withdrawal rates. Because the only source
of variation across lenders in a full-consideration model is quality (for a given price
and borrower composition), lenders with higher average quality are less likely to be the
second choice of a borrower. In the data however, the correlation between origination
and withdrawal shares is low. We illustrate this in two ways.

Figure 4 uses data for Asian borrowers in the Atlanta MSA in 2018. The red dots
represent different lenders. The horizontal axis is the lender’s origination share, and
the vertical axis is the ratio of withdrawn applications to originated applications. The
red dots illustrate the data, and the blue triangles illustrate the predicted relationship
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Figure 4: Illustration of how imperfect consideration is identified
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Notes: The chart illustrates how withdrawal shares are highly correlated with origination shares under
full consideration but are not highly correlated in the data. The red dots plot the relationship between
the ratio of withdrawals to originations against origination shares for Asian borrowers in the 2018 Atlanta
MSA. The blue triangles illustrate the relationship in a counterfactual world in which utilities are held
constant, but consumers have full consideration.

when we hold fixed the estimated values of utility but allow consumers to have full
consideration. A model of full consideration yields a counterfactually strong relationship
between withdrawal ratios and origination shares.

More formally, we regress withdrawal rates on origination shares while allowing for
MSA-race-year specific slopes and intercepts. In the full consideration model the R?
is 0.98, confirming the intuition that lender quality drives both origination and with-
drawals. In the data, on the other hand, this regression, despite the large number of
fixed effects, yields an unadjusted R? of only 0.26. The low empirical R> compared to
the high full-consideration R? illustrates that the weak relationship between withdrawal
ratios and origination shares helps to identify consideration.

To identify price-sensitivity of preferences and consideration sets, we instrument for
prices. As we discuss in Section , we use demand estimates to infer costs and mark-ups,
which we then compare to accounting data. The high correlation gives us more confi-
dence that our price sensitivity is reasonably well estimated. We instrument for price
using two different approaches. We instrument for price using two different approaches.
First, we use the average price charged by that lender to borrowers of all races in other
MSAs that do not share a state with the focal MSA using lender fixed effects. The fixed
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Table 12: Estimating price elasticities

Log Shares  Utility = Consideration Rejection

Asian x Price -1.343***  -1.339%** -0.974** 0.000
(0.386) (0.341) (0.357) (0.020)
White x Price -1.119%**  -0.956*** -0.772%** -0.001
(0.226) (0.237) (0.222) (0.016)
Black x Price -1.052** -1.216** -0.635*% 0.041
(0.358) (0.445) (0.305) (0.031)
Hispanic x Price -0.799** -1.197** -0.392 0.000
(0.302) (0.426) (0.276) (0.026)
N 84034 84034 84034 84034
MSA x Tract x Year x Race FE X X X X
Lender x MSA x Tract x Race FE X X X X

+p <0.1,%p < 0.05*p < 0.01,** p < 0.001

Notes: This table shows the results of instrumental variable regressions of log market shares, our utility
measure, and our consideration measure on price and lender specialization. Price is instrumented for by
the average price of the same lender in other MSA’s that do not share a state with the focal MSA. The
prices, instruments, and measures are winsorized at the 1% level. Standard errors are clustered at the
lender-year level.
effects mean that price elasticities a are identified by within-lender variation in prices
over time. The advantage of this approach is that we can use the variation in our entrie
sample. The second approach

We find that Asian, white, and Black borrowers are similarly price-elastic, whereas
Hispanic borrowers are the least price-elastic. Table 16 shows the results of these re-
gressions. The first column shows a simple regression of the log origination share of a
lender on the price and whether a lender is specialized. Here, we see that consumers
seem to obtain fewer mortgages from high-cost lenders. The second and third columns
decompose why consumers are less likely to borrow from high-cost lenders. Most of the
effect comes from lower utility, while Asian, white, and Black borrowers appear also less
likely to consider high-priced lenders. The fourth column shows that relatively little of
this relationship comes from higher or lower rejections at high-priced lenders. We find
that a one-basis point increase in interest rates at a lender lowers Asian, Black, white,
and Hispanic borrowers” demand by 1.3%, 0.9%, 1%, and 0.7%, respectively. Hispanic
borrowers’ lower demand elasticity is an important force in the model for why Hispanic

borrowers face higher markups.
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Table 13: Estimates of incremental costs of serving different minorities

All Lenders Drop Big Banks

Asian 0.158** 0.169**
(0.050) (0.053)
Hispanic 0.523*** 0.544***
(0.062) (0.062)
Black -0.091 0.028
(0.064) (0.065)
N 6615 5665
MSA x Year FE X X
Institution Type x Year FE X X

Notes: Estimates of marginal costs for different minorities come from regressing lender level marginal
costs on elasticity adjusted shares of lending to different minority groups.

VI.C Estimates of Supply Parameters

We estimate race-specific marginal costs using demand estimates and lenders’ first
order conditions. If lenders could charge race-specific prices, then we could use race-
specific first-order conditions to recover lenderrace-specific costs. However, fair-lending
laws mean that lenders must charge a pooled price for borrowers of different races. Thus
we estimate the marginal cost using (15) from the pooled marginal cost and equilibrium
weights. We include include institution-by-year fixed effects to accont for across-lender
difference in average cost.

We estimate that minorities are approximately 20 basis points (bps) more expen-
sive to serve than white borrowers. Table 13 shows the result of the cost regression.
Our preferred specification drops the large banks as they may be more likely to enter
endogenously in response to the opportunity to serve minority borrowers. Asian and
Black borrowers are around 10 bps more costly to serve, whereas the additional cost for
Hispanic borrowers is even higher at around 50 bps.

The marginal cost estimates reflect the combination of how price elasticities and
the relationship between specialization and prices differ across races. Black borrow-
ers’ marginal costs are not that different from white borrowers because the prices at
Black-specialized lenders are not much higher than the prices at mainstream lenders.
The model recovers higher marginal costs for Asian borrowers because lenders with a
large share of Asian borrowers charge higher prices despite Asian borrowers” high price
elasticity. The model recovers an even higher cost for Hispanic borrowers because His-
panic charge much higher prices, and this cannot be entirely accounted for by Hispanic
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borrowers’ lower price elasticity.
VI.D Model Fit

We evaluate the fit of our model on several dimensions.

Margins and Costs Our model implied markups and costs are highly correlated with
accounting estimates supplied in lenders’ regulatory filings. Because the data used to
infer these costs come from our demand estimation, especially the price IVs, we view
this exercise also as a partial test of our IVs. We obtain costs from the shadow bank
call reports which mortgage originators file with state regulators (Jiang et al., 2023).
Revenueare the sum of total origination non-interest income and secondary market gains
from mortgage sales. Origination income includes origination fees.!3> Costs are the sum
of origination-related compensation, professional fees, and other operating expenses.
This measure of costs excludes costs from servicing, as well as important fixed costs
such as occupancy expenses or an allocation of corporate expenses.

Our model matches both the level of markups and cross-sectional variation in rev-
enues and costs. On a sample of shadow banks for which we have regulatory data, our
model recovers a markup of 97 bps, whereas the accounting data yields a markup of 130
bps.

Model-implied marginal costs correlate almost one-for-one with per dollar account-
ing costs (Column XX, Table 14 ) Similarily, we find that model implied price is correlated
around one-for-one with per-dollar revenues (Column XX). While our measures of mar-
gins are noisy, the third column shows that our model-implied and accounting measures
of margins are also correlated in the cross-section of lenders. The fourth column shows
that a significant part of the variation in costs is explained by the fact that lenders who
do more lending to Hispanic borrowers have higher costs. This suggests that our higher
estimated marginal costs for Hispanic borrowers reflects real resource costs, rather than
the psychological costs that may arise from taste-based discrimination.

These markup numbers also illustrate the value of modeling imperfect consideration.
Even though there are on average 15 lenders in each market, we can still recover large
markups because the average consideration set is small. In contrast, past studies have
had to impose the assumption that the typical borrower considers borrowers in a narrow
geographic area, such as their census tract (Buchak et al., 2023).

13Because shadow banks operate on an originate-to-distribute model, net interest income is not a
meaningful source of revenue relative to the gains from mortgage sales.

40



Table 14: Comparison of measured prices against measured revenues, and
measured costs and model-implied costs

Revenue Costs Margins Accounting Costs

Model 1.011*  0781*  0.899
(0.383)  (0.307)  (0.672)

Asian -0.768
(0.663)
Black -0.044
(0.599)
Hispanic 1.003**
(0.310)
N 178 178 178 178
Year FE X X X X

*p <0.05 **p<0.01

Notes: Model cost is the lender’s marginal cost implied by the demand model. Marginal costs for each
lender are computed as an origination dollar-weighted sum across markets. Price is the fee-inclusive rate
spread as measured by HMDA. Per-dollar revenue and costs are measured from the shadow bank call
reports in Jiang et al. (2023). Race shares are measured as a share of dollars originated to each race.
Consideration Data Our model matches the average size of consideration sets and ap-
plications from NSMO (2018-2019) survey evidence , even though we do not use survey
data in the estimation. We calculate the average consideration set size C and average
application size A from the estimated model as one plus the average number of in-
side lenders considered / applied for (since an outside lender is always considered). If a
lender rejects an applicant, the lender is not counted in the consideration and application
set:

C=) ¢i(1—-x)) Zz(l—i—@)x%ﬁpm

j ] 7]

Figure 5 shows that the model matches the fact that the typical borrower considers
around two lenders matching the survey data. The fit is surprisingly good given that the
model uses only observed applications and withdrawals to identify consideration. The
right graph shows that the model correctly matches that borrowers apply to an average
1.4 lenders.

Advertising Our estimated lender level visibility (CJC-) is positively correlated with ad-
vertising in the data, whereas the measure of quality (xi;) is not correlated. We compare
the estimated parameters of lender visibility in a specific market (consideration) against
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Figure 5: Comparing model implied consideration set and application set
sizes with survey data
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Notes: The size of an average consideration set in the model adjusts for the average rejection rate at each
lender. The application set is the average number of applications per borrower, with fewer rejections. The
empirical data is from the NSMO 2018-2019 waves.

TV television advertising expenditures, conditional on positive advertising expenditures
in the Nielsen dataset. We include lender and MSA fixed effects, and testing if con-
sumers are more aware of lenders in the MSA’s where the lender is spending relatively
more on advertising when compared to the lender’s average expenditure. shows the
results of these regressions. There is a positive relationship between consideration and
advertising, but little relationship between utility and advertising. This matches the find-
ings of Honka et al. (2017) who find that advertising in the banking industry primarily

shifts consumer awareness, not utility.

VII Results

After estimating our model, we can compare the choice sets and preferences of mi-
nority and White borrowers. We also use our model to simulate what happens to lender
profits under different patterns of specialization, which sheds light on lenders” incen-
tives to specialize. Our demand model shows that minority borrowers choose different
lenders primarily because of different consideration sets, and our supply model shows
that fair lending laws discourage mainstream lenders from targeting Hispanic borrow-
ers. While our model cannot speak to the overall desirability of fair-lending laws, it
nonetheless highlights how fair-lending laws can have adverse effects on the supply of
minority specialized services and advertising.
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Table 15: Advertising and Measures of Utility and Consideration

Consideration Utility

Log Spot TV Spending 0.044** 0.007
(0.015) (0.015)
N 1640 1640
MSA x Year x Race FE X X
Year x Race x Lender FE X X

+p < 0.1,*p < 0.05,* p < 0.01, ** p < 0.001

Notes: These regressions compare estimated consideration and utility fixed effects with log TV advertis-
ing spending by lender. Regressions include parameters for all races and are clustered at the level of
advertising, i.e. at the lender X MSA X year level

VII.LA Decomposing Demand for Specialized Lenders

Minority borrowers are more likely to choose specialized lenders when compared to
borrowers of other races primarily because they are more likely to consider such lenders.
We evaluate the effects of specialization on the demand parameters by projecting the
recovered race-lender-market-tract fixed effects on specialization, market-fixed effects,
and lender-MSA-tract fixed effects. We thus run the regressions:

Mrimz = Z’)’rdrjm + Vrmzt + Vimzt + €rjmzt (16)
r

where v+ are race-market-tract-year fixed effects and Vjmzt are lender-MSA-tract-year
tixed effects. Thus variation in this regression comes from comparing minority versus
white borrowers at specialized lenders, with the difference between minority and white
borrowers at mainstream lenders serving as the control group. If 7y, > 0, then borrowers
of race r are more likely to consider or derive higher utility from specialized lenders
when compared to borrowers of other races at those lenders. Table 16 shows the results
of the regression. Because choice probabilities depend on the logistic of these utility and
consideration measures, we transform these coefficients into marginal probabilities at
the sample averages for utility and consideration. Because unconditional consideration
probabilities are low, the parameter estimates imply that minority borrowers are near
3 ~ exp (1.1) times as likely to consider a specialized lender when compared to bor-
rowers of other races. In contrast, the utility effect is more modest and increases choice
probabilities conditional on consideration by a much smaller 4%. Because rejection rates
across races are less than 10%, the lower measured rejection rates only account for 1%

greater market shares.
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Table 16: Effects of specialization

Utility Consideration Rejection

Asian x Specialized 0.419*** 1.097%*** -0.009***
(0.049) (0.038) (0.002)
Hispanic x Specialized 0.205%** 1.187%** -0.010**
(0.061) (0.052) (0.003)
Black x Specialized 0.546*** 1.055*** -0.001
(0.096) (0.057) (0.005)
N 85059 85059 85059
MSA x Tract x Year x Race FE X X X
Lender x MSA x Tract x Year FE X X X

+p <01, *p <0.05 *p <0.01,**p < 0.001

Notes: This table shows the results of projecting the estimated lender fixed effects on lender observables.
Standard errors are clustered at the lender-MSA-race level.

Consideration also explains why minority borrowers in minority neighborhoods are
more likely to choose specialized lenders compared to minority borrowers in neighbor-
hoods with a smaller minority population. Table 17 regresses the tract-level measures
of utility, consideration, and rejection rates on lender specialization, the minority share
of the tract, and the interaction. The minority share of the tract has been linearly scaled
so that the coefficient represents the gap between the tracts with the highest and low-
est population share of that minority. The key coefficient of interest is the interaction,
which explains why specialized lenders are more common in areas with higher minority
shares. The interaction is only large for consideration, which indicates that differences
in consideration probabilities drive the relative market shares. This is consistent with the
reduced-form results in Table 11, where we found that specialized lenders did not have
substantially lower withdrawal rates in minority neighborhoods. Similar relative with-
drawal rates mean that minority borrowers derive similar utility from specialized versus
mainstream lenders. Thus the high market share of specialized lenders in minority
census tracts must be explained by different consideration sets.

One concern with the regression in equation 16 is that the specialization measure on
the right is constructed from market shares, and so there is a mechanical relationship be-
tween the specialization measure and the left-hand side variables which are themselves
recovered from market shares. One version of this concern is that our results may be
driven by small sample bias in our measurement of specialization. We can account for
this by using predictive regressions as in equation 2 to build a "leave-one-out" measure

of specialization in year t that uses only data from other years. We can use the leave-
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Table 17: Estimated parameters for specialized lenders across tracts

Utility Consideration Rejection

Specialized 0.343*** 0.470*** 0.004+
(0.034) (0.021) (0.002)
Normalized minority share 0.022 -0.018 0.019***
(0.056) (0.017) (0.002)
Specialized x normalized minority share  0.094 0.746*** -0.019%**
(0.075) (0.039) (0.003)
N 52924 52924 52924
R2 0.24 0.21 0.14
MSA x Year x Race FE X X X

+p <01, *p <0.05 *p <0.01,***p < 0.001

Notes: This table shows the results of projecting the estimated lender parameters on whether a lender is
specialized, the minority population share of the tract relative to the median in the MSA, and the inter-
action. Consideration is the logit of the consideration probability, and Reject is the estimated arithmetic
rejection rate for that lender.

one-out measure to instrument for the main specialization measure. This IV approach
negates any mechanical correlation between measured specialization and market shares
in any given year. We do this in Appendix Table C.9 and find quantitatively similar
results. While the leave-one-out measure does address any concerns with small sample
bias, it is separately true that specialized lenders must show up as having higher utility
or consideration in order to over-represent a minority group. However, ex-ante it is not

clear how much of the effect is through utility or consideration.
VIL.B Supply-Side Drivers of Specialization

While our demand estimates demonstrate that minority borrowers value the differ-
entiated advertising of specialized lenders, they do not directly speak to why certain
lenders choose to specialize compared to others. For example, why do Citibank and
Bank of America overrepresent Black and Asian borrowers in many MSA'’s, but do not
have as strong of representation among Hispanic borrowers? We find that one potential
reason for this is that fair-lending laws discourage large lenders from attracting minority
borrowers. Our supply estimates suggest that minority borrowers are more expensive
to serve. Fair-lending laws prevent within-lender price dispersion, but allow for large
price differences between lenders. Mainstream lenders, who must charge low prices to
avoid fair lending scrutiny, then advertise less intensely for minority borrowers when
compared to the specialized lenders who charge high prices.
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VII.C Repealing Fair Lending

To quantify the effects of fair-lending requirements for uniform prices across races
within lenders, we first simulate what happens when fair lending laws are repealed. We
modify the lender conduct assumption to allow for race-specific prices. Equation 13 then

changes to race-specific maximization problems described by

argpmax Svi (Pri) (Prj — crf) (17)
]

This counterfactual shows how fair-lending laws protect Black and Hispanic borrow-
ers at the cost of increasing prices for white and Asian borrowers. While prices rise on
average by 13 bps from repeal, this hides substantial heterogeneity across races. Table
18 breaks down the results by race, and shows that while Asian and white borrowers
see their prices fall by 9, 6 bps, Black and Hispanic borrowers see their prices rise by 5
and 49 bps. Uniform pricing insulates Black and Hispanic borrowers from their higher
marginal costs and greater lender market power. In contrast, uniform pricing hurts rela-
tively price-sensitive Asian and white borrowers by preventing lenders from competing
to attract them. In equilibrium, repealing fair lending raises the surplus of Asian and
white borrowers by 12 and 6 bps, respectively, whereas Black and Hispanic borrowers
see their surplus fall by 4, 40 bps.

The idea that lenders would cut prices for white borrowers due to their higher price
elasticities is consistent with the CFPB’s supervisory highlights cautioning against this
practice as a fair-lending violation. According to the CFPB, a lender that offered pric-
ing exceptions to white borrowers in response to competitive offers from other institu-

tions violated fair-lending laws because the lender gave fewer exceptions to Black and
Hispanic borrowers (CFPB, 2021).

VIL.LD More Specialization

To estimate the gains from more lender specialization, we evaluate how equilibrium
prices and quantities change when large banks become specialized lenders for all mi-
norities. We interpret this counterfactual as having these lenders introduce the same
kinds of advertisements, loan officer hiring practices, and underwriting standards that
make existing specialized lenders so successful at lending to minorities. We implement
this counterfactual by increasing the baseline utility and consideration parameters for all
large banks by the estimated coefficients in Table 16.

Specialization has the largest effects on increasing consideration probabilities. This

dramatic increase in consideration probabilities forces lenders to cut prices and allows
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Table 18: Counterfactual Results for Consumers by Race

Counterfactual
Race Change In Repeal Specialize Both
Asian Shares (pp) 4 6 10
Price (bp) -9 -1 -11
Surplus (bp) 12 16 31
Black Shares (pp) -1 6 5
Price (bp) 5 -2 3
Surplus (bp) -4 17 14
Hispanic Shares (pp) -10 7 -3
Price (bp) 49 -3 43
Surplus (bp) -40 17 -24
White Shares (pp) 2 0 2
Price (bp) -6 0 -6
Surplus (bp) 6 0 6

Notes: Repeal is a counterfactual in which all lenders can charge race-specific prices. More specialization
changes minority borrowers’ consideration and utility from large banks as if these lenders were in-group
lenders. “Both” combines the two policies.

Table 19: Average changes in profit and prices when comparing the equi-
librium with higher marginal costs, race-specific prices, but broader lender
specialization against the baseline equilibrium

Price (bps) Profit (%)
Race Lender Type Repeal Specialize Both Repeal Specialize Both
Asian New Specialized -8 7 -3 -4 103 92
Old Specialized -4 -1 -6 -3 -5 -9
Other -12 -1 -15 -2 -7 -10
Black New Specialized 11 8 18 4 116 127
Old Specialized 9 -1 6 4 -7 -3
Other 4 -1 1 3 -8 -5
Hispanic New Specialized 58 10 64 68 168 347
Old Specialized 39 -3 35 41 -6 33
Other 65 -2 61 63 -8 52
White New Specialized -6 6 -6 -3 -3 -3
Other -6 -1 -6 -2 0 -2

Notes: Repeal is a counterfactual in which all lenders can charge race-specific prices. More specialization
changes minority borrowers’ consideration and utility from large banks and non-bank lenders as if these
lenders were in-group lenders. Both combines the two policies.
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minority borrowers to have a greater chance of finding a lender that offers high utility.
Thus across minority groups, surplus rises by 17 bps on average. Table 19 shows that
these effects do not vary significantly across races.

Introducing new specialized lenders forces other lenders to compete harder for mi-
nority borrowers. Table 19 shows that while the newly specialized lenders roughly dou-
bles, the resulting increase in competition lowers profits at existing specialized lenders.
Prices at existing specialized lenders also have to fall in order to stay competitive. Thus,
the model predicts that the increase in specialized lending creates benefits from reduc-
ing market power. This counterfactual also illustrates that minorities can benefit from
changes to the market structure of the mortgage market that actually result in a reduced

role for minority-owned lenders.
VILE Combining Repeal with More Specialization

Our third counterfactual interacts the effects of repealing fair lending laws with in-
creasing lender specialization. This helps to illustrate two points about how fair-lending
laws and lender competition interact. First, more lender competition through more spe-
cialization can mitigate the harms of discrimination. When lenders compete intensely
to attract minority borrowers, the harms of discriminatory pricing are reduced. Sec-
ond, fair-lending laws can discourage large lenders from investing in attracting minority
borrowers. Intuitively, if minorities are costlier to serve, then fair-lending laws prevent
large lenders from charging prices commensurate with costs. Ultimately, it then falls on
smaller lenders who exclusively serve one minority group to lend to minorities.

Specialization, when combined with a repeal of fair-lending laws, results in more
modest price increases for Black and Hispanic borrowers when compared to a repeal of
fair-lending laws by itself. The last column of table 18 shows the results of combining the
two changes. Whereas repealing fair-lending laws results in 5 and 49 bps average price
increases for Black and Hispanic borrowers, this moderates to only 3 and 43 bps when
the repeal is accompanied by an increase in lender specialization. This price decline is
even more impressive given that the increase in specialization increases average product
quality in this market, which would typically be associated with higher prices. After
accounting for the effects of higher quality, surplus rises by 14 and —24 bps for Black

and Hispanic borrowers, respectively.
VILF Uniform Pricing, Lender Profits, and Investment Incentives

The model highlights that fair-lending laws may be one reason why large banks spe-
cialize in lending to Black and Asian borrowers but not to Hispanic borrowers. By com-

paring lender profits from Asian and Black borrowers under the repeal of fair-lending
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laws combined with specialization versus specialization alone, we see that the marginal
effect of repealing fair lending laws only has a small effect on profit. This picture differs
for Hispanic borrowers. Whereas specialization on its own increases the profits of the
large banks and non-bank lenders by from serving Hispanic borrowers by 168%, this
increases to 347% if they are also allowed to freely set prices. Table 3 shows that large
banks are more likely to become specialized when the market opportunity for serving
the minority group is large. Taken together, these facts suggest that large banks would
also provide more Hispanic specialized services if they could afford to cover the higher
costs of serving Hispanic borrowers.

One way to understand the potential harms of fair lending laws is to interpret them
as imposing a ceiling on price differences between borrowers of different races, despite
borrowers having different costs. This extends the argument in Cuesta and Sepulveda
(2021) to the cases where price differences between races are capped. An important
difference is that while the harms of price ceilings in other consumer credit settings may
show up in rejections, banks have strong reasons to limit their rejections of minority
borrowers in order to comply with fair-lending laws. Instead, large banks optimally
choose not to advertise or provide specialized services to certain segments of the market
that have higher costs. Thus the harms of uniform pricing show up in underinvestment
rather than rejections or higher prices.

A Beckerian interpretation of our results is that price regulations such as fair-lending
laws may hurt minorities even if some lenders have a taste for discrimination. Our re-
sults show that when lenders have market power, preventing discriminatory prices can
help Black and Hispanic borrowers in the short run. However, if lenders can adjust
their marketing and service provision in the long run, then fair lending laws discourage
investment in attracting minority borrowers. Allowing repugnant profits from discrim-
inatory pricing may still improve minority borrower welfare to the extent the profits

encourage more lender specialization.
VIL.G Interpreting Extensive Margin Discrimination in the Context of our Model

Our counterfactuals have a different interpretation if one believes large mainstream
banks are discriminating against minority borrowers on the extensive margin in the base-
line equilibrium. For example, perhaps the reason minority borrowers go to specialized
lenders is because they know that the mainstream lenders do not lend to minorities.
Minority borrowers pay high prices at specialized lenders not because these lenders are
higher quality, but rather because minority borrowers do not have access to the cheaper,

mainstream lenders. Because we only use data on borrower choices, we cannot sepa-
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rately identify if mainstream lenders are discriminating and specialized lenders are not,
or if mainstream lenders are not discriminating and specialized lenders are taking ad-
ditional actions to attract minorities. If mainstream banks are discriminating against
minorities, our counterfactuals can be thought of as quantifying the welfare gains of

ending this kind of extensive margin discrimination at mainstream lenders.

VIII Conclusion

In this paper we study the equilibrium consequences of differences between minor-
ity and majority borrowers’ shopping behavior for the potential welfare effects of fair-
lending laws. We document that minorities benefit from the presence of specialized
lenders who are effective at attracting minority borrowers despite charging higher prices
than mainstream lenders. We use a model to show that the benefits these specialized
lenders are large, so that the gains from more lenders being able to serve minority bor-
rowers in the same way are large relative to the costs of discriminatory pricing. In fact,
fair lending laws may discourage mainstream lenders from investing in attracting minor-
ity borrowers. Our story goes beyond the standard Beckerian story with homogenous
products to incorporate product differentiation, but ultimately arrives at a Beckerian
conclusion. Even if lenders harbor taste-based discrimination, fair-lending laws may not
help minorities.

A full welfare analysis of fair-lending laws is beyond the scope of this paper. Rather,
we see our results as a first step towards understanding the equilibrium consequences of
fair-lending laws. An interesting extension would be to study the equilibrium allocation
of loan officers to lenders. Our model suggests that the highest skilled minority loan
officers should be hired by the specialized lenders who can charge high prices. Because
minority borrowers are less profitable to a mainstream bank, the bank cannot pay the
minority loan officers high wages. To the extent that minority loan officers reduce infor-
mation frictions for minority borrowers (Frame et al., 2024), fair-lending laws may make
large banks less effective at lending to minority borrowers in equilibrium. We hope to

address such questions in future work.
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A Microfoundation for Cost Decomposition

This section outlines a simple model of taste-based discrimination in line with Becker
(1971) in which lenders who serve minority borrowers face higher marginal costs.

Within an MSA, suppose there are two markets k = 0,1. Market 0 is purely white
borrowers and so the minority share my = 0, and market k = 1 has some share of minor-
ity borrowers my. Let the share of overall borrowers in market 1 be s, and normalize the
total mass of borrowers to 1. Within each market, lenders compete in undifferentiated
Nash-Bertrand.

The cost of originating a mortgage is the cost of hiring a loan officer to process the
mortgage. Suppose in this simple case the mass of loan officers and borrowers are
identical, so every loan officer is matched up to a borrower in equilibrium.

Loan officers are mobile across markets. For a loan officer i, her utility from working
at a lender j in a market k as a function of the wage w; and the minority share my in the
market is:

Uik = —d +w; — O;my (18)

Where d is the disutility of labor, and the variable 6; ~ F captures the distribution of
taste-based discrimination in the population of loan officers. Each loan officer has an
outside option of zero, and let F admit a density.

An equilibrium is a wage level wy in each market k and a set of loan prices py in
each market such that lenders are maximizing profits, loan officers and consumers are
optimizing, and loan supply equals loan demand in each market.

In equilibrium, there is a cutoff type 6 such that F (8) = s, wy = d + my 8, and py = wy.
All loan officers with 6; < € work in the minority market 1. Such a cutoff type exists
because F has no atoms.

In the putative equilibrium, no loan officer with 6; > 6 would switch markets be-
cause the wage is not enough to compensate for the distaste of working with minority
borrowers. Similarly, no loan officer with 8; < 6 would gain from switching to the mar-
ket without minorities because the wage is too low relative to the disutility of working
with minorities. Firm wage setting and pricing is then pinned down by the assumption
of undifferentiated Nash-Bertrand competition for both consumers and workers.

The assumption that loan officers are mobile whereas consumers are fixed in markets
captures the idea that lenders may target specific consumers (e.g. those in a neighbor-
hood, those in one community), whereas lenders can hire more broadly.

In equilibrium, a regression of marginal costs on minority shares recovers the equi-

librium amount of taste-based discrimination that is priced.
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B Proof of Logistic Regression Approximation

Let X be the lender and R be the race of the borrower. Let ~ denote the complement.
By Bayes’ rule, the ratio of application shares captures

Ay P (X|R)
log . = log P (X[~ R)
_ P (R|X) P(~R)
= log—P (~ RX) +log—P ®

By the definition of a logistic regression, the regression coefficient recovers

o PERIY) P(R| ~ X)
P=18p (Rix) "B P(~ R~ X)

. PERIX) P(~R)

~~ log—P(N R|X) —Hog—P (R)

where in the last step we use the fact that if lender X is small, P (R| ~ X) ~ P (R).
Figure B.1 tests this relationship in the data by computing the plug-in market share

ratio and comparing it against the regression coefficient. The naive market share ratio

overstates specialization due to the finite-sample bias of the market share ratio, but

otherwise the relationship between the two measures is strong for all races.

Figure B.1: Comparison of regression approach to measuring specialization
and raw market share approach
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C Additional Tables

Table C.1: Race by race breakdown of the correlation between specialization

and fees

Residualized fee shares

All Asian  Black Hispanic
Specialization score 0.132*** 0.073*** 0.072**  0.238***
(0.012)  (0.015) (0.027)  (0.020)
N 1340624 508529 280821 551274
R2 0.1175 0.1069 0.0894  0.1215
MSA x Race x Year FE X
MSA x Year FE X X X

+p <01, *p <0.05 *p <0.01, ** p < 0.001

Table C.2: Borrower LTV at specialized and mainstream lenders

Race Mainstream Specialized Diff Pooled Std. Dev. (Diff)/Pooled Std. Dev.
Asian 80.8 782 -25 14.3 -0.2
Black 89.5 928 33 11.3 0.3
Hispanic 86.7 885 1.8 13.1 0.1
White 82.2 804 -1.8 15.3 -0.1

Notes: The table compares average LTV at specialized and mainstream lenders.

Table C.3: Borrower DTI at specialized and mainstream lenders

Race Mainstream Specialized Diff Pooled Std. Dev. (Diff)/Pooled Std. Dev.
Asian 36.3 365 0.2 11.6 0.0
Black 38.0 387 0.7 11.3 0.1
Hispanic 38.4 388 0.5 10.8 0.0
White 34.7 347 0.0 11.1 0.0

Notes: The table compares average DTI at specialized and mainstream lenders.
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Table C.4: The interaction of specialization and institution type and rate
spreads

Residualized rate spreads

All Asian Black  Hispanic

Specialization x Big bank -0.061*  -0.005 -0.335***  0.004
(0.025)  (0.023)  (0.026) (0.062)
Specialization x Small bank 0.208** 0.209**  -0.020  0.297***

(0.017) (0.030) (0.015) (0.017)
Specialization x Non-fintech shadow bank  0.039***  -0.002 0.052***  (.158***
(0.007) (0.009) (0.012) (0.010)

Specialization x Fintech shadow bank 0.032***  0.027 0.105* 0.104***
(0.010)  (0.017) (0.044) (0.016)

N 1625901 527646 294488 573464

R2 0.1763 0.1965 0.1570 0.2082

MSA x Race x Year FE X

MSA x Year FE X X X

Institution Type FE X X X X

+p <0.1,*p <0.05 *p <0.01, ** p < 0.001

Table C.5: The interaction of specialization and institution type and fee shares

Residualized fee shares

All Asian Black  Hispanic

Specialization x Big bank 0.288**  0.142*  0.389**  0.464***
(0.043)  (0.068)  (0.120)  (0.110)
Specialization x Small bank 0.178** 0.143** -0.010  0.297***

(0.018)  (0.025)  (0.046)  (0.029)
Specialization x Non-fintech shadow bank  0.035**  -0.016  0.136***  0.140***

(0.011)  (0.010)  (0.035)  (0.030)
Specialization x Fintech shadow bank 0.011 0.002 0.074 0.016

(0.015)  (0.016)  (0.131)  (0.065)

N 1579381 513852 283913 557162
R2 0.1356 0.1378  0.1258 0.1498
MSA x Race x Year FE X

MSA x Year FE X X X
Institution Type FE X X X X

+p <01, *p <0.05 *p <0.01, ** p < 0.001
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Table C.6: Rate spread regression with a categorical definition of specializa-
tion

Residualized rate spreads

All Asian Black  Hispanic

Specialization score greater than 2 0.357***  0.208***  -0.076 0.664***
(0.037)  (0.050)  (0.053) (0.054)
Specialization score between 1 and 2 0.033*  -0.078** -0.112**  0.230***
(0.013)  (0.014)  (0.037) (0.022)
Specialization score between 0 and 1  -0.028** -0.114** -0.072**  (0.045***
(0.007)  (0.009)  (0.014) (0.011)
Specialization score less than 0 -0.008  0.042**  -0.054*** -0.065***
(0.008)  (0.009)  (0.012) (0.012)

N 1625901 614842 345117 665942
R2 0.1092 0.1049 0.0424 0.1353
MSA x Race x Year FE X

MSA x Year FE X X X

+p <0.1,*p <0.05 *p <0.01,**p < 0.001

Table C.7: Fee share regression with a categorical definition of specialization

Residualized fee shares

All Asian Black  Hispanic

Specialization score greater than 2 0.317%*  0.086* 0.154 0.628***
(0.039)  (0.043)  (0.118)  (0.079)
Specialization score between 1 and 2 0.073**  -0.109***  0.098+  0.257***
(0.025)  (0.031)  (0.057)  (0.047)
Specialization score between 0 and 1~ -0.025  -0.182***  0.003 0.061*
(0.015)  (0.019)  (0.030)  (0.026)
Specialization score less than 0 -0.005  0.064*** -0.102**  -0.070*
(0.016)  (0.017)  (0.031)  (0.029)

N 1579381 598972 333229 647180
R2 0.1031 0.1123 0.0879 0.1023
MSA x Race x Year FE X

MSA x Year FE X X X

+p <0.1,*p < 0.05 *p < 0.01, ** p < 0.001
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Table C.8: Average number of lenders of each institution type per market

Institution Type Average Count
Large Bank 24
Fintech Shadow Bank 2.2
Non-Fintech Shadow Bank 7.7
Small Bank 3.0
Total 15.4

Notes: This table shows the typical size of a market in our sample, broken down by institution type.

Table C.9: Leave-one-out estimates of the effect of specialization on utility,
consideration, and rejection rates

First Stage  Utility Consideration Rejection

Leave One Out 0.821%***
(0.015)
Asian x Specialized 0.449*** 1.190%** -0.010%**
(0.052) (0.041) (0.003)
Hispanic x Specialized 0.237%** 1.294%** -0.010**
(0.067) (0.058) (0.003)
Black x Specialized 0.523*** 1.179%** -0.001
(0.096) (0.061) (0.005)
N 86234 85059 85059 85059
MSA x Tract x Year x Race FE X X X X
Lender x MSA x Tract x Year FE X X X X

+p <0.1,*p <0.05 *p <0.01, ** p < 0.001

Notes: This table replaces the lender-level specialization measure which is computed with data from
all of the years with a leave-one-out measure in which the specialization in year t is calculated only
using applications from other years neqt. The leave one out measure is then used as an instrument for
the baseline measure. The different columns show how specialization affects utility, consideration, and
rejection.
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D Comparing Race Versus Other Characteristics

IV.A  Income Specialization

We adapt our approach for measuring racial specialization to measure income spe-
cialization among lenders and find that almost no lenders specialize in serving high-
income borrowers.

To adapt the approach, in each MSA we define the borrowers in the top-10 percent of
income as “high-income”. We choose 10 percent to match the typical size of a minority
borrower group. We then repeat the exercise of the main text of using lender identities to
predict whether a borrower is high-income. We can define a lender as income specialized
if its LASSO coefficient exceeds 0.7 ~ log 2.

By this definition, only 3% of high-income borrowers originate their loan at a lender
that specializes in high-income borrowers, whereas around 25% of minority borrow-
ers originate their mortgages at a racially specialized lender. Figure D.1 overlays the
mortgage-level distribution of income specialization among high-income borrowers against
the distribution of racial specialization among minority borrowers. The tails in the
racial specialization distributions are much thicker, illustrating how many more lenders

racially specialize rather than specialize by borrower income.

Figure D.1: Comparing the distribution of income specialization with the
distribution of racial specialization
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IV.B Geography

We measure specialization at the MSA level. One concern is that specialization is
driven by the decisions of lenders to lend in some neighborhoods but not others. Under
this story, an Asian-specialized lender like Metro City Bank appears specialized only
because it lends more in Asian neighborhoods, and the Chase branches in the same
neighborhood also attract Asian borrowers at the same frequency.

To rule out this theory, we test if our lender-specialization measure can predict race
even within finer geographic measures. However, most of the effect persists even after
including tract fixed effects.

Add an index z for the census tract of the loan. We then regress the race of a borrower

against the specialization measure with census tract fixed effects:
Tijmt = ,ijmt + Omz + €ijmt (19)

Table D.1 shows the results of this regression. For each race, we compare the results
with and without census tract fixed effects. Adding census tract fixed effects reduces the
coefficient by only around 30 percent across the races. If specialized lenders’ advantage
arose because they put more branches in minority neighborhoods, we would expect that
the racial composition of their borrowers within those minority neighborhoods should
match the composition of the borrowers at mainstream lenders within that neighbor-
hood. However, we instead find that even within a census tract, specialized lenders are

much more likely to serve minority borrowers.

Table D.1: Within census tract effects of lender specialization

Asian Asian Black Black  Hispanic Hispanic

Specialization ~ 0.162** 0.122%* 0.135%* 0.085"*  0.178*%*  0.134***
(0.004)  (0.001) (0.009) (0.001)  (0.006)  (0.001)

N 7002099 7000840 6948923 6947632 7011425 7010106
R2 0.15 0.26 0.06 0.21 0.15 0.23
MSA FE X X X

Census Tract FE X X X

+p <0.1,*p <0.05 *p <0.01, ** p < 0.001
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IV.C Other Observables: LTV, Loan Size, Income

Little of the observed specialization reflects specialization on the basis of loan to
value, debt to income, or raw income. To study the role of these other observables, we
can modify the regression framework in equation 2 to include observables Z; on the
right hand side of the regression. After we include observables, the coefficients on the
lender dummies then indicate whether a certain lender’s identity predicts race, even
conditional on the loan observables. We can then re-run the regression and compare the
estimated f; coefficients with the ones reported in the main text.

We design our approach and comparison to account to prevent mechanical results
arising from our L1 regularization scheme. First, when estimating the regressions we
do not penalize the coefficients on the observables. This allows us to conservatively
assess how much lender identity matters for predicting race. Second, in comparing
the two measures, we drop lenders who make fewer than 20 or who are in MSA /race
combinations with fewer than 100 total applications. We make these restrictions because
the regularization methods we use can shrink coefficients to zero when there are not
enough applications.

Figure D.2 compares the two measures of specialization. The average slope from
regressing the adjusted measure of specialization against the measure from the main
text is around 0.90. Thus the racial specialization we observe is not mainly driven by
observable features of the mortgages.

Figure D.2: Comparing specialization conditional on observables versus the
specialization measure from the main text
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E Risk Adjustment

Even with richer controls for ex-ante and ex-post risk, the higher prices at specialized
lenders are not explained by differences in borrower risk.

V.A FICO

Throughout the paper, we control for LTV and DTI to construct risk-adjusted prices.

In this section, we show that our results on risk-adjusted price differences between
specialized and non-specialized lenders are robust to adding credit scores as a control.

To explore the importance of credit scores in explaining cross-lender differences in
prices, we first follow Buchak and Jerring (2021) to construct a merged sample of mort-
gages in both the HMDA data and the GSE mortgage data. As a first pass, Figure E.1

plots the distribution of credit scores at specialized versus non-specialized lenders by

race. The credit score distributions, conditional on securitization, are similar across both
types of lenders.

Figure E.1: The distribution of credit scores at specialized and non-specialized
lenders
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As a more formal test, we regress rate spreads on an interaction between special-

ization and institution type combined with controls for LTV and DTI. We then include

64



controls for the credit score (which we derive from the GSE data) to see if the differ-
ential sorting of borrowers with different credit scores across lenders explains cross-
lender differences in prices. In running these regressions, we include the controls
non-parametrically with 8 bins of LTV, 4 bins of DTI, and 7 bins of credit scores.

Table E.1 shows the result of this exercise. On the merged HMDA-GSE sample, by
focusing on the columns with no FICO controls, we see that the relationship between
specialization and prices is more moderate compared to the relationships in Table C.4
in the main text. This is consistent with the GSE sample being skewed towards larger
lenders who exhibit a weaker relationship between specialization and high prices. How-
ever, when we compare the columns that include credit score controls with the columns
that do not, we see that the inclusion of the credit score control has a minimal effect
on the specialization coefficient. Credit scores matter for pricing, as evidenced by the
much higher R? after including them. However, they do not explain differences in pric-
ing between specialized and non-specialized lenders. Moreover, the general pattern that
non-bank lenders and small banks have a stronger relationship between specialization
and high prices is consistent with the tables from the main text that omit credit scores.

Table E.1: Incorporating credit scores into pricing regressions

Rate Spread

Asian Asian Black Black Hispanic Hispanic

Specialization 0.159%%  -0.150%* -0281%** -0267** -0221*  -0.215*
0.019)  (0.017)  (0.036)  (0.033)  (0.071)  (0.066)
Specialization x Fintech Shadow 0.092%  0.090%**  0.337** 0316 0276™*  0.256**

(0.020)  (0.018)  (0.050)  (0.043)  (0.075)  (0.069)
Specialization x Non-Fintech Shadow ~ 0.125**  0.120**  0.368***  0.341**  0.393**  (.365**
(0.020)  (0.018)  (0.038)  (0.034)  (0.072)  (0.067)
Specialization x Small Bank 0.118%*  0.109%**  0.274***  0.250%*  0.247*%  (.224%*
(0.023)  (0.021)  (0.038)  (0.034)  (0.073)  (0.067)

N 215802 215802 120695 120695 263976 263976
R2 0.2791 0.4060 0.2203 0.4370 0.2672 0.4338
MSA x Year FE X X X X X X
Institution Type FE X X X X X X
Controls: LTV and DTI X X X X X X
Controls: FICO X X X

+p <0.1,*p < 0.05*p < 0.01, ** p < 0.001
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V.B Defaults

Only Black-specialized lenders are more likely to originate loans that become delin-
quent, but Black-specialized lenders exhibit the weakest relationship between prices and
specialization. Thus the strong relationship between specialization and prices for Asian
and Hispanic-specialized lenders is unlikely to reflect unobserved default risk.

We study specialization and default by merging the GSE performance data with our
HMDA-GSE origination data. We measure default as any period with more than 3
months of delinquency. We then regress default on specialization, with controls for ob-
servable measures of risk such as DTI, LTV, and credit scores as well as MSA-year and
origination month fixed effects. Thus our regression compares loans with similar ob-
servable characteristics that were originated at the same point in time. Table E.2 shows
the results. Loans by Asian and Hispanic-specialized lenders to Asian and Hispanic bor-
rowers, respectively, are not statistically significantly more likely to default. In contrast,
loans originated by Black-specialized lenders are much more likely to default than loans

by mainstream lenders to Black borrowers.

Table E.2: Default and lender specialization

Default Indicator x 100

Asian  Black Hispanic

Specialization -0.103  0.747** 0.130
(0.098) (0.232)  (0.114)
N 186982 102949 225806
R2 0.0449 0.0581 0.0495
MSA x Year FE X X X
Origination Year x Month FE X X X
Controls: LTV, DTI, and FICO X X X
Mean Default Rate (in percentage)  3.29 6.76 4.72

+p <0.1,*p < 0.05 *p < 0.01, ** p < 0.001

If pricing were entirely driven by risk, we would expect that the pricing gap between
mainstream and Black-specialized lenders should be the largest, Hispanic-specialized
lenders should have an intermediate price difference, and finally Asian-specialized lenders
should have the lowest price differential. In contrast, Table 6 shows that Black-specialized
lenders actually have the lowest difference, Hispanic-specialized lenders have the highest

difference, and Asian-specialized lenders are in the middle.
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F Validating Withdrawals as Reflecting Consumer Preferences

Withdrawals appear to reflect consumer preferences rather than shadow rejections.
To validate our interpretation of withdrawals as a sign that the consumer has a better
offer elsewhere by showing that withdrawals are associated with borrowers that look less
risky based on income. We focus on income as the key observable because it is reported
even for applications that are abandoned by the applicant, whereas other observables
such as LTV or DTI are not. We test the correlation between income and withdrawals

versus rejections with logistic regressions of the form
Yijrm¢ = P1Log Income; + &t + €; (20)

where Y is an indicator of whether applicant i at lender j of race r in MSA m in
year t withdraws the application or is rejected. We also run regressions with lender by
MSA by year fixed effects to exploit comparisons of higher and lower income borrowers
within a lender. Table F.1 shows the results of this regression. Withdrawals have higher
incomes, whereas rejections have lower incomes. These relationships hold both within
and across lenders. This supports the finding in Munnell et al. (1996) that withdrawals
in the HMDA data do not appear to be shadow rejections.
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Table E1: Correlations of income with withdrawals and rejections

Withdrawals Rejections

Across  Within Across Within

Log income 0.087**  0.031***  -0.734***  -0.823***
(0.010)  (0.009)  (0.011)  (0.009)

Log income / loan size ~ 0.062** 0.031*** -0.187** -0.294**
(0.010)  (0.009)  (0.017)  (0.017)

N 3118882 3002693 3384962 2972499
Year x MSA x Race FE X X X X
Year x MSA x Lender FE X X

+p <0.1,*p <0.05 *p <0.01, ** p < 0.001

Notes: The table reports the results of logistic regressions of withdrawal or rejection on income. The
regressions exploiting across lender variation drop white borrowers to exploit only variation among mi-
nority borrowers. For the withdrawal regression, the base class is if the mortgage was originated. For the
rejection regression, the base class is if the application was either withdrawn or resulted in a originated

mortgage.

The vast majority of withdrawals (80 %) are cases when the applicant actively with-
draws the application, whereas the remaining cases are evenly split between cases when
the loan is approved, but not accepted and when the application is closed for incom-
plete information. By comparing Tables F.1 and F.2, we see that the negative relationship

between income and rejections is not evident for any category of withdrawals.
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Table E.2: Correlations of income with specific withdrawal categories

Withdrawn by Applicant Approved not Accepted Incomplete Data

Log income 0.058*** -0.109*** -0.024
(0.008) (0.014) (0.015)
Log income / loan size 0.001 0.195%** 0.034*
(0.009) (0.017) (0.017)
DV Mean 0.18 0.02 0.03
N 2901649 1941253 1747864
Year x MSA x Race FE X X X
Year x MSA x Lender FE X X X

+p <01, *p <0.05 **p <001, ***p < 0.001

Notes: The table reports the results of logistic regressions of different types of withdrawal on income. In
each regression, the base class is if the mortgage was originated.

The lack of withdrawals at specialized lenders also does not reflect lower applica-
tion rates by borrowers who have a preference for specialized lenders. One concern is
that minorities who borrower from specialized lenders are less financially sophisticated
and are therefore less likely to apply to multiple lenders. This mechanically would re-
sult in these applicants withdrawing fewer applications even if these specialized lenders
provide worse services. We test this hypothesis by exploiting the fact that minority bor-
rowers who live in tracts with large minority populations are more likely to originate
loans at specialized lenders. If the preference for specialized lenders is correlated with
lower application rates, then we should expect to see fewer withdrawals in these tracts.
However, Table E3 shows that minority tracts have higher aggregate withdrawal rates.
Thus the lower withdrawal rates seen at specialized lenders is strong evidence that spe-
cialized lenders provide high utility for minority borrowers because the borrowers who

value specialized lenders are more likely to apply to multiple lenders.
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Table E.3: Cross-tract correlations of withdrawal rates and minority popula-
tion shares

Withdrawal Rate

Asian  Black  Hispanic

Race share 0.03*  0.11*** 0.04***
(0.01) (0.01) (0.01)
N 164684 139679 189216
Adj. R2 0.08 0.04 0.03
Within R2 0.00 0.01 0.00
MSA x Year FE X X X

+p<0.1,*p < 0.05*p < 0.0L,**p < 0.001

Notes: We regress the ratio of withdrawals to originations against minority population shares across tracts.
For all minority groups, tracts with a larger minority population have higher aggregate withdrawal rates,

suggesting they apply to more lenders.
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G Estimation Details

We recover lender-level parameters for each combination of race, MSA, and year by
matching MSA-level and cross-tract moments for each lender. Since all calculations are
done within a market, we suppress race, MSA, and year subscripts in the following
discussion.

Within each “synthetic tract” z, we can calculate the total number of originations
M, = Z]'L:() O;; where Oj;, is the number of originations by lender j in tract z. For each
lender j, we can construct the empirical tract-level origination share as

O

o jz
§:, = —— 21
]z Mz ( )

We also construct the empirical withdrawal and rejection shares for lender j as

W

Djp = 31 (22)
V4
R .
Pe=r (23)
Z

where W, R; are the number of withdrawals and rejections at lender j.

Each synthetic tract is ranked according to the population share of the racial group.
Order the tracts in the order of increasing population share z = 1,...,G, and we can
define the normalized tract rank g, = ZE%? as a linear transformation of these ranks so
that g1 = —0.5 and g = 0.5.

Each lender has a racial specialization of d;, where d; = 1 if the lender is specialized

for the racial group and d; = 0 otherwise.

Our model requires us to recover L mean utilities §, L consideration probabilities ¢,
L rejection probabilities x, one share 0 of consumers who apply to multiple lenders, 4
slopes 8 of how average utility, consideration, rejection rates, and per-capita application
counts vary across tracts, and 3 slopes -y of how utility, consideration, and rejection differ
across specialized and mainstream lenders across tracts.

To recover the 3L + 1 mean utilities, consideration, rejection, and the share of appli-
cants who apply to multiple lenders, we match MSA-level origination, withdrawal, and
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rejection probabilities for each lender

ZMZZMZX(§jZ—SjZ(9)):0 i=1,...,L

Z

> MZZMZ (0, —wjz () =0 j=01,...,L
Z

3 MZZMZ (Piz =12 (8)) =0 ji=1,...,L
74 z

To recover the 4 slopes across tracts, we target the covariance of the prediction errors
across tracts by setting the following moments to zero

EM X g ><§ 8i; —5; )=0
zzMz 82 A e o

M =0
2ZMZZ Zngx]; . — wj: (0))

M, x g, X Pi, —1; ) =0
EZMZ; z X &z ; 2 = 7z (

Y M ZMngz (o, — wo (0)) =0

Last, to recover the last 3 parameters on how mainstream and specialized lenders
offer different utility, consideration, or rejection rates across tracts with different racial
composition, we target the joint covariance of tract demographics, lender specialization,
and the shares.

Z M ZMngZde X (8, —sjz(0)) =0
zZ Z

j>1
M d - (0)) =0
Y, MZ ) M:xg: X}; x () — wj: (0))
M; x gz x Y djx (P =11 (0)) =0
EZMZZ z z ]>21 JZ Jz )

In practice, we modify the approach in a small way to reduce computational burdens.
In principle, calculating a market share s; requires iterating over 2L potential choice sets.
Since NSMO data suggest most borrowers only consider a small number of lenders,

we re-normalize our probability measure over choice sets to only consider choice sets
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with k < 4 options. This reduces an exponential number of choice sets to a polynomial
number. Thus we replace the P (C) with B (C), where

P (C) {0 cl>k (24)
kA=) = P(C)
Ys,s|<k P(S) ICl < k

Given that the typical choice set features one inside lender, this approximation is quite
accurate.
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