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Abstract

In this paper we meke two contributions toward a better understanding of the causes and
consequences of discrimination in credit markets. First, we develop an explicit theoretical model
of loan underwriting in which lenders use a smple Bayesian updating process to evaluate
applicant creditworthiness. Using asignal correlated with an applicant’ s true creditworthiness
and their prior beliefs about the distribution of credit risk in the applicant pool, lenders are able
to evaluate an applicant’s expected or “inferred” creditworthiness to determine which loans to
approve and which to deny. Second, we explicitly model the self-selection behavior of
individuals to show how market frictions like Beckerian “tastes for discrimination” can affect
application decisions. Because these decisions shape banks' prior beliefs about the distribution
of credit risk, they also affect the Bayesian posterior from which banks compute an applicant’s
inferred creditworthiness, implying that statistical discrimination can arise endogenoudly. In a
market in which only some lenders have tastes for discrimination, we show that there are
conditions under which lenders without racial animus will also discriminate. The model
produces a number of empirical and policy implications.
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1. Introduction

The issue of discrimination has remained as a fundamental challenge for policymakers as
we enter the 21% century. As demonstrated by Gary Becker's semind work on this topic
(Becker, 1971), economics can paying avital role in helping to inform and guide policy. Most of
the economic research on discrimination has focused on labor markets. Receiving less attention
has been discrimination in product markets, although there are notable exceptions (e.g., Ayers
and Seigleman, 1995). Recently, the question of whether financial service providers
discriminate has come to the forefront as well (Munnell et al., 1992, 1996, Harrington and
Neihaus, 1998, and Cavalluzzo and Cavalluzzo, 1998).

Ignited by empirica findings reported in the so-called “Boston Fed study” (Munnell et
a., 1992, 1996) and the availability of data through the Home Mortgage Disclosure Act
(HMDA), mortgage markets have emerged over the last decade as the primary focus of most
research on discrimination in credit markets. In the years following the initial Boston Fed study,
academics, bankers, activists, and policy makers have struggled to agree on how best to rectify
discriminatory practices in consumer credit markets. At the same time, no clear consensus has
been reached on whether or not lenders actually do discriminate. At the heart of this conundrum
is the difficulty in establishing what discrimination looks like and how it might be detected. This

paper is an attempt to confront these issues by studying the loan underwriting process.

Virtually al of the research on lending discrimination has been in the form of empirical
studies of mortgage discrimination. Much of it has focused on the validity of Munnell et a.’s
results and on finding ways to analyze and detect discrimination in mortgage lending data. In
contrast, there has been little work on economic theories that might explain discriminatory
behavior in credit markets or that would provide a framework for studying the loan underwriting

process.? This lack of economic theory has not only forestalled policy debates, it has also

! See, for example, Berkovec et al. (1994), Horne (1994, 1997), Yezer et al. (1994), Bostic (1996), Hunter and
Walker (1996), Black et al. (1997), Bostic and Canner (1998), Day and Leibowitz (1998), Ross (2000), and Black et
al. (2001). For acomprehensive review of the literature on mortgage discrimination, see Ross and Yinger (2002).

2 Some theoretical contributions include Calomiris et al. (1994), Calem and Stutzer (1995), Ferguson and Peters
(1995, 1997, 2000), and Han (1998).
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hindered the design of appropriate empirical tests for lending discrimination.

Our paper makes two contributions toward a better understanding of the causes and
consequences of discrimination in credit markets, yielding interesting insights into the behavior
of both lenders and applicants. First, we develop an explicit theoretical model of the loan
underwriting process that accounts for lenders' efforts to ascertain applicant creditworthiness in
the presence of imperfect information. In our model, lenders use a simple Bayesian updating
process to evaluate applicant creditworthiness, using both the information provided by the
applicant and the lender’s own prior underwriting experiences to determine which loans to

approve and which to deny.

This structural model alows us to define discrimination with respect to observable
variables, making it more useful to both empiricists and policy makers. The model can be used
to design empirical tests to uncover any discrimination that may exist, as well as to reveal the
underlying motivation that gave rise to this discrimination. For example, we show that the
conditional default rate of minorities is lower than that of whites at bigoted banks (as suggested
by Becker, 1993), while the opposite is true at banks that statistically discriminate against
minorities (consistent with the findings of Berkovec, et al., 1994). Thus, while a Becker-style
test on loan default rates would be capable of identifying bigoted lenders, it would alow
statistical discriminators to discriminate with impunity. To avoid this problem, we describe a
test involving applicant denial rates that not only can determine whether lenders discriminate, but
also can ascertain whether that discrimination arises because of lender beliefs (statistical

discrimination) or lender preferences (bigotry).>

Our second contribution lies in our focus on the self-selection behavior of individual
applicants. We examine how the market as a whole responds when a subset of lenders have
“tastes for discrimination” (Becker, 1971). Our model illustrates how minority applicants
reactions to this discrimination alter the relative distributions of minority and white credit risk in

bank applicant pools, giving non-bigoted lenders an incentive to statistically discriminate against

3 Throughout this paper, we use the term “bigotry” to refer to lenders with Beckerian tastes for discrimination.
Importantly, lenders who statistically discriminate are not bigots.
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minorities. This statistical discrimination arises endogenously as a result of applicant responses

to bigotry.

The dearth of theoretical work addressing the problem of discrimination in credit markets
may arise out of a belief that theoretical results developed for labor markets apply directly to
credit markets as well. This, however, is often not the case. One example of this can be seen in
analyses of “cultural affinities.” Cornell and Welch (1996) consider a labor market in which
employers are better able to assess the true productivity of job applicants with whom they share a
common cultural background and show that employers will naturally tend to hire applicant s with
whom they have a cultural affinity, even in the absence of any tastes for discrimination. In
contrast, Longhofer (1996) analyzes virtually the same informational problem in the context of
credit markets and shows that it gives lenders an incentive to discriminate against applicants
with whom they have a cultural affinity.* Thus, the same informational friction provides two
diametrically opposing predictions for labor and credit markets, demonstrating the importance of

modeling discrimination separately for each

Recent empirical work has highlighted the importance of the applicant self-selection
behavior that we model in this paper. Bostic and Canner (1998) find that differences in
mortgage applicant pools across black-owned, Asianowned, and white-owned peer banks
account for most of their denia-rate disparities. Rosenblatt (1997) finds strong evidence that an
individual’s choice between conventional and FHA mortgage products (as well as whether to
apply at al) is based on how well their personal characteristics match the requirements of each.

Finaly, Avery et a. (1994) show that cross-lender variation in minority and low-income

* The intuition behind this aomalous result lies in understanding that affinities act to reduce the noise of an
applicant’s signal. As a result, lenders and employers have a more difficult time assessing the true quality of
applicants with whom they do not have a cultural affinity, who all tend to look like the average regardless of their
true quality. This tends to work to the disadvantage of the best applicants (who are less able to demonstrate their
merit) and to the advantage of low-quality applicants (who find it easier to pass themselves off as good). Because
the employer’s problem is typically to select the most desirable applicant, it only seriously considers applicants
sending signals well above the mean, benefiting the group with whom it has an affinity. In contrast, a lender
generally approves all applicants that exceed a given threshold, often accepting a majority of the applications it
receives. Asaresult, its cutoff threshold is below the mean of the applicant pool, in arange where applicants would
just as soon have noisy signals.

Heckman (1998) discusses how this kind of problem arises in “audit pair” tests for labor market discrimination.
He argues these tests are flawed because they typically do not control for the qualifications of the pair relative to the
qualifications necessary for acceptance.
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originations primarily reflects differences in home mortgage applications rates, again supporting
our notion that applicant decisions have a strong influence on lender behavior and other market

outcomes.

In the next section, we review several theories of discrimination and discuss how these
models relate to our own. In section 3, we introduce our model of loan underwriting and show
how lenders use their past underwriting experiences and beliefs to evaluate applicant
creditworthiness. In the following section, we formally define discrimination and show how
different motives can give rise to this behavior. In section 5, we allow minorities to self-select
among banks and demonstrate how this behavior can affect bank underwriting standards and
other market outcomes. Because both individua application decisions and bank lending
decisions are endogenous in our model, it provides a rich environment for analyzing a variety of
empirical and policy questions; we discuss these in Section 6. Section 7 concludes, while proofs

of all results and propositions are found in the Appendix.

2. Discrimination in Credit Markets

Becker (1971) pioneered the economic analysis of discrimination, developing a theory
based on the preference a bigot has for one group over another. As Becker argues, a taste for
discrimination makes a bigot willing to expend a cost (or forgo a benefit) to associate with a
preferred group. As applied to credit markets, a bigoted lender will hold applicants from its
preferred group to alower credit standard than applicants from another group, causing the lender
to make loans to high-risk applicants from the preferred group, while denying equally risky
applicants from other groups.® Alternatively, bigoted lenders may charge lower interest rates or

fees to members of the preferred group.

Becker’'s theory is one of preference-based discrimination. In contrast, statistical or
belief-based discrimination can arise when the characteristics of an individual’s group are used

to evaluate his or her personal characteristics.® For example, if liquid assets or income are better

® Ferguson and Peters (2000), however, show that if credit is rationed a bigoted lender can discriminate without forgoing
grofits and without creating adifference in marginal default rates between minorities and non-minorities.

Statistical discrimination is sometimes distinguished from taste-based discrimination through labels such as
“economic” or “rational” discrimination. Such labels can be misleading, however, since bigots are perfectly rational
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predictors of default risk for members of one group than another, even nontbigoted lenders may
want to take group membership into consideration when making underwriting decisions. Arrow
(19723, 1972b, 1973) and, separately, Phelps (1972) were among the first to consider models of
statistical discrimination, focusing on the problem of an employer with exogenously given
beliefs that the average productivity of white labor is higher than that of minority labor. Calem
and Sutzer (1995) model a similar problem in the context of credit markets using a Rothschild-
Stiglitz (1976) framework.

More recent research has suggested that cultural differences between banks and
borrowers (Calomiris et al., 1994, and Longhofer, 1996) or between employers and job
applicants (Cornell and Welch, 1996) can lead to a form of statistical discrimination. The
intuition behind this theory is that lenders may share a “cultural affinity” with members of one
group due to a common ethnic background, race, religious belief, gender, education, or other
social bond. Ferguson and Peters (1997) extend this idea, arguing that affinities may arise
endogenously based on a bank’s experience in working with applicants from different groups.
Whether cultural or experiential, however, an affinity allows lenders to more accurately evaluate

the creditworthiness of applicants with whom they share this common bond.

Our underwriting model is general enough to incorporate any of these potential sources
of discrimination. In this paper, we choose to focus on bigotry and the impact that it has not only
on minority applicants at bigoted banks, but also on the behavior of nonbigoted banks and its
applicants—both minority and white. We illustrate how the choices that individuals make
regarding whether or not to apply for loans—and to which bank they apply—are based on the
likelihood that they will be approved and, therefore, imply a correlation between the
creditworthiness of a bank’s applicant pool and race. Profit- and utility- maximizing banks have
an incentive to use the information this correlation reveals in order to more accurately assess
credit risk. In other words, applicant self-selection behavior can lead to endogenous differences
in the average creditworthiness of different groups. As aresult, statistical discrimination arises

even if lenders believe that the distribution of creditworthiness is the same across groups in the

economic agents, maximizing their (albeit socially-condemned) preference function subject to constraints.
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general population. In other words, bigotry on the part of some banks causes applicant self-

selection behavior that incents non-bigoted banks to statistically discriminate.

The empirical predictions that arise from our model are consistent with many existing
empirical studies on discrimination in credit markets. In addition, our model darifies the
importance of the source of discrimination for testing and policy. It isimportant to keep in mind,
however, that the primary contribution of our paper is not simply in specific empirical
predictions, but more generdly in the structure it provides for thinking about how market
frictions may affect the underwriting process. Our framework for analysis will provide a
foundation for researchers and policymakers to better understand the true causes of observed
racial differences in credit markets, and to analyze how various policy corrections may affect the

market.

3. A Modd of Loan Underwriting

Consider a world in which individuals want to make a purchase such as a house or other
consumer good but lack sufficient funds to do so. As a result, they must obtain loans from a
financia institution, which we will call a“bank.” Each individua in the population is assumed
to have a true creditworthiness represented by g 1 [0,1]. We interpret g as an individual’s
likelihood of repaying his loan (although this interpretation is not required for our analysis), and
we assume that it captures all of the factors that might cause him to default, including disruptions
to his income, changes in the value of the asset financed, and his persona compunction about

defaulting on an obligation.

Creditworthiness is assumed to be distributed throughout the population according to the
probability density function f (q), with cumulative distribution function F(q) = d] f(t)dt; al
banks and individuals share these prior beliefs about the distribution of true creditworthiness in
the population.

Although each individual’s creditworthiness, g, is given exogenously, an individua’s

application decision is endogenous.” Therefore, we must distinguish between the distribution of

" Our model allows individuals to choose whether to apply for aloan given their creditworthiness, but it does not
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creditworthiness in the population, F(q), and the distribution of creditworthiness in the applicant
pool. We will denote thislatter distribution by G(q) with corresponding density g(q) .

The mortgage market, like many other consumer loan markets, is a “posted-price”
market. Lenders set a loan price ex ante, taking into account their cost of funds, the loan terms,
market conditions (including their expectations of the applicant pool, and competition from other
lenders), and then approve all applicants that are profitable at the posted price.® Let r* denote
the competitive market interest rate and r, the bank’s cost of funds. For an applicant of type q,
the bank’s expected profit is qr’ - r_, implying that the bank would like to offer loans to all

applicants forwhom q3q " °r /r" .°

Unfortunately, banks cannot perfectly observe g. Instead, they observe a signal, s=
g + e, where e represents the bank’s errors in assessing credit risk. We assume that this signal
aggregates al the information banks collect about an applicant’s creditworthiness (i.e., liquid
assets, credit history, collateral characteristics, debt ratios, and any other information that banks
collect in the application process).

Let p(s]|q) be the likelihood that a bank observes signal s from an applicant of type q.

allow them to enhance or ater their true underlying q, in contrast to Yezer et al. (1994). Such an extension to our
model would be feasible, in principle.

8 Gan and Riddiough (2003) provide a theoretical model in which pooled pricing can persist in the mortgage market.
In their model, secondary market agencies forego the rents available from risk-based pricing in order to preserve the
monopoly rentsthey derive from their superior screening technology.

° This begs the question of how the competitive market rate r” is determined. To help preserve the tractability of
the analysis we simply assume its existence. A more thorough treatment of this problem would require developing
an equilibrium concept capable of supporting a pooling equilibrium in the context of our market structure.
Unfortunately, existing equilibrium concepts such as a Riley Reactive Equilibrium or a Wilson Anticipatory
Equilibrium are not directly applicable in the present case. Although our framework is directly translatable into a
Rothschild-Stilitz insurance world, we have further complicated this model by adding a screening technology that is
applied after lenders have achieved ex ante sorting of applicants though a menu of contracts. As a result,
equilibrium concepts that have been used to support pooling equilibriain these models break down in our own.

Ben-Shahar and Feldman (2003) consider what they term a “signaling-screening equilibrium” in which low-risk
borrowers first obtain a high credit score and then further indicate their quality by choosing loans with shorter
maturities. In two respects this model fails to address the concerns we raise  First, the timing of the credit scoring
screen and the menu sorting is reversed in their model. Second—and more importantly—theirs is implicitly a risk-
based pricing model; they do not consider how to model a pooling equilibrium.

Given the empirical relevance of the single-price assumption in credit markets, devel oping an equilibrium concept
that can support a pooling equilibrium in our framework would be an extremely useful exercise. It would also entail
asignificant detour from our present course. Because the pooling outcomeis a natural—and empirically observed—
case to consider in our analysis, we proceed by simply assuming this single price exists and is adopted by all lenders
in a pooling market. In section 6 we discuss how our results would change in a market that exhibits risk-based
pricing.
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The usefulness of the signal will depend on the characteristics of this signal generation process.

For our analysis, we assume that p is characterized as follows:

ASSUMPTION A1: For every applicant type q,

1) E[sla]=q;
2) p-d|g)=p@+d]q), "d;

3) pYslg)>0,"s<qg and p(s|q)<0,"s>q ;
g JTpGla)fia

p(slq)
5) p(<|q) isstrictly positive on its support, (- ¥,+¥), and has continuous partial and

cross-partial derivatives.

isincreasing in s; and

Part 1 of this assumption simply states that s is an unbiased signal of an applicant’s true
underlying creditworthiness, g. Part 2 is a symmetry assumption, and guarantees that applicants
are equally likely to send erroneous signals in either direction. Part 3 ensures that p is unimodal,
or “hump-shaped.” Part 4 states that p satisfies the monotone likelihood ratio property. Finaly,
part 5 is a technical assumption to facilitate some of the proofs that follow. All of these
assumptions are reasonably standard and are satisfied by a number of common distributions,

including the normal, logistic, and non-central t distributions.

Based on this signal generation process and the distribution of its applicants, the

unconditional density of signals observed by abank is

w(s) = op(sla)g(@)da, (1)

where T is the set of al types that apply in equilibrium. We then define the likelihood that an
applicant sending signal s has true creditworthiness q as

p(s19)9@) v o T,

p@ls) = w(s)

)
and O otherwise. Thus, p isthe bank’ s Bayesian posterior beliefson g.

Banks are not interested in an applicant’s signal, per se. Rather, they grant credit based

on an applicant’s expected creditworthiness derived from this posterior p.1° We will often refer

10 This Bayesian process formally models the intuitive notion that lenders use their past experiences to interpret the
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to this expected creditworthiness as an applicant’s inferred “quality,” which is denoted by
q(s) =P @ | s)dq . 3)
T
Therefore, the bank’ s expected return from a loan to an applicant sending signal sis

q(s)r” - 1 (4)

banks will approve any applicants for whom this expression is positive.

ResSULT 1: Inferred creditworthiness isincreasing in the observed signal: q¢(s) > 0.

RESULT 2: There exists a unique cutoff signal s © q*(q’), such that every applicant with signal
s3 s isapproved.

Result 1 is simply a formalization of the intuition that applicants who send better signals
tend to be more creditworthy. More importantly, it assures us that there exists a unique cutoff

signal determining which applicants will be approved (Result 2).

Using these results, we can write the bank’s problem as choosing the cutoff signal that

maximizes its total expected profit:
¥
max Ga(9r” - r.Jw(s)ds, (5)

Total bank profit is therefore smply the sum of the profit the bank earns on al those loans it
approves. Differentiating with respect to s allows us to derive the bank’s zero margina profit

condition: q(s’) = rr—c °q.

Given this structure of the underwriting process, we can now determine which
individuals will apply for loans. Let a(q) denote the probability that a type-q applicant is
approved for aloan. Using Result 2,

a@)= g‘)p(slq)dS- (6)

It is straightforward to verify that the probability of being accepted for aloan isincreasing in the

information on loan applications. This is true regardless of whether lenders formally subject their loan applications
to scoring models.
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applicant’stype: a«(q) > 0.

We assume that applying for a loan is costly, so that individuals will only do so if their
chance of being approved is sufficiently high. Let B denote the gross benefit an individual
receives from a loan (the utility stream from owning the house or other good financed by the
loan) and C the individual’s cost of applying for aloan (both shoe-leather and direct application
costs). SolongasO0< C<B-—r’, thefact that a(q) >0 ensures that there exists a cutoff type
g™ such that

a(qm)=§op(slqm)ds= 5 & ()

implying that al individuals with g3 q™ will apply for loans, while those who are less
creditworthy will not.** We will often refer to q™ as the “marginal” goplicant type. Casua
observation suggests that most individuals will only apply for aloan if their likelihood of being
approved is relatively high. Thus, we make the following assumption.

ASSUMPTIONAZ2: a” >%.

Given our assumption that p is symmetric, thisimpliesthat s* <q™ in any equilibrium.*?

We are now able to define an equilibrium in our model as the (s',q™) pair that
simultaneously solves the following two equations:
q(s) =q’

. 8
a@@m=a. ®)

4. Credit Market Discrimination

The model of loan underwriting developed in the last section is quite general, and can be

M tispossiblethat ™1 (01), in which case either all individuals apply for loans or remain out of the market. We
will ignore this possibility throughout the rest of the paper.

12 Note that this in turn implies that a majority of all loan applicants are approved. This s consistent, for example,
with the findings from HMDA data, which indicate that over 80 percent of all mortgage applicants are approved.
This does not suggest, however, that all applicants are acceptable to banks. In fact, it is easy to show thatq™ <’
in any equilibrium; otherwise banks would accept all applicants without screening, which cannot occur in
equilibrium.

10
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applied to a wide variety of problems. In this section, we expand the model to consider the
circumstances under which banks might discriminate in their underwriting decisions.

We divide the population of potential applicants into two groups, W and M, consistent

with the common racial context of “white’ and “minority.”**

Similarly, we assume that
individuals can apply at one of two different banks, B and N.}* Bank N has no preference for
members of either group, while bank B has a Beckerian “taste for discrimination” against
minority applicants (group M); we will commonly refer to bank B as the “bigoted” bank and
bank N as the “nonbigoted” bank. Following Becker (1972), we employ a discrimination
coefficient d >0 as a measure of the utility loss a bigoted bank incurs when lending to a
minority individual. Thus, the bigoted bank’s utility on aloan to a minority is
O (9(r - d)- .. ©)
Thisimplies that
s © —5 > s =G =0l % (10)
where q*j is the lowest inferred quality a group i applicant may have and till be approved at

bank j; further uses of the subscripts W, M, B, and N should be interpreted similarly. *

To proceed, we must formally define what behavior constitutes “discrimination” in our
model. Although thisterm is not explicitly defined in either the Equal Credit Opportunity Act or
the Fair Housing Act, we employ a definition consistent with how these laws are enforced by

regulators.®

DEFINITION: A bank is said to discriminate against members of group i if it requires them to
meet a higher cutoff signal than members of groupj (s > s;).

13 This division may be along any racial, ethnic, cultural, gender, geographic, or other publicly observable
characteristic that lenders can use to classify applicants; we merely use racial mnemonics for expositional
convenience.

14 More accurately, we assume that there are two types of bank, all of which behave competitively. For simplicity,
we will focus on the behavior of arepresentative bank of each type.

15 \When a group’ s treatment or behavior does not vary across banks we omit the bank subscript.

16 See Longhofer and Peters (1998) for a discussion of the confusion that has arisen because of the lack of a precise
working definition of discrimination in the literature.

11
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Note that this definition of discrimination does not depend on the bank’s inferred
creditworthiness standard, q . Rather, it is based solely on information that is directly verifiable
by regulators and others outside the bank.

Alternatively, one might imagine that lenders could discriminate by applying the same
cutoff signal to white and minority applicants, but instead charging minorities a higher interest
rate (e.g., r, >r, ). In amarket characterized by a single price offered to all applicants who
qualify—the mortgage market is a prime example—this will not occur. In particular, the fact
that interest rates and other fees charged are observable to both regulators and potential
applicants means that lenders will be unable to offer different prices to minority and white
borrowers. First, minorities would avoid lenders posting such discriminatory prices, instead
applying at non-discriminatory lenders. More practically, such lenders would be easy targets for

both prosecution and negative publicity. 8

It is aso important to note that this definition of discrimination does not make a
distinction among various motivations that might give rise to discriminatory behavior. To better
understand this, consider Figurel. Panel A depicts a market in which a bigoted lender’ s taste for
discrimination causes it to set q,, > q,, . Assuming that the distribution of true credit risk (@) is
the same across both groups so that q,,(s) = q,, (S) for al s the bigoted lender will discriminate
against minority applicants by setting s, > s, .

Of course, bigotry is not the only possible source of discriminatory behavior. Panel B in
Figure 1 depicts the actions of a lender that statistically discriminates when, for example,
minorities are less creditworthy than whites on average. If this were true, q,(s) would lie

everywhere above @, (s) and as a result, even though the lender has no taste for discrimination

17 See also Black et al. (2003) who find that although minorities pay larger overages than whites for mortgage loans,
this appearsto reflect differencesin borrower pools rather than racial discrimination.
18 Available empirical evidence supports this conclusion, showing that a lender’s consumer loan terms vary
surprisingly little with applicant characteristics (Sirmans and Benjamin, 1990, Duca and Rosenthal, 1994, Benjamin
et a., 1995, and Avery et a., 1996). In addition, although Black et al. (2003) find that minorities tend to pay larger
overages than whites for home purchase mortgages, they argue this disparity reflects differences in borrower pools
rather than racial discrimination.

We should note that charging different prices to white and minority applicants is more feasible in a market with
risk-based pricing, because the schedule of prices offered makes it more difficult to determine whether an individual
offer isdiscriminatory. We analyze this type of market in Section 6 below.

12
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(g, =0, ) its beliefs about the prior distribution of credit risk across the two groups would cause
it to infer that a minority applicant sending a given signa s is less creditworthy than a white
applicant sending that same signal. This gives the lender an incentive to statistically discriminate
against minorities by setting s, > s, -

In this example, statistical discrimination arises because of the assumption that the
minority population is exogenously less creditworthy on average than the white population.®
More interesting, however, is the possibility that individual decisions about whichbank to apply
will affect the distribution of credit risk across banks, thereby giving rise to dsatistical
discrimination even if the distribution of credit risk were the same across the two populations.

We address this problem next.
5. Thelmpact of Self-Selection

Individuals decisions over whether and a which bank to apply affect the loan
underwriting process by altering the distribution of credit risk in applicant pools across groups

and across banks. To analyze this phenomenon, we make

AsSUMPTIONA3: f(q)=1forall gl [0],i=M,W.

Assuming a uniform distribution greatly simplifies our analysis of self-selection. For example, if
there were no applicant or lender heterogeneity, g(q) :J/ (A-9q™), so that applicant

creditworthiness would be uniformly distributed on the interval [q™,1] .

As discussed above, the bigoted bank has an incentive to discriminate against minority
applicants, so that s,,; > S, - Thisin turn affects a minority applicant’s chance of receiving a

\

loan. Indeed, because a(q)=1- P(s |q) (where P(s|q)° QS¥ p(t]g)dt), it must be the case
that a5(q) <ay (q) forevery q.

If minority applicants could costlessly and perfectly distinguish between the bigoted and
non-bigoted bank, they would always choose to apply at the non-bigoted bank and minorities

19 Thiswould be the case, for instance, if F, (@) werefirst-order stochastic dominant over F, (q) .

13
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would never suffer from discrimination. Therefore, if discriminatory outcomes are to arise as a
result of bigotry we must assume that the information that distinguishes between banks is costly

and/or imperfect.

We assume goplicants must pay a cost ¢ to acquire information about bank types,
reflecting the time and effort required to inquire about a bank’s reputation regarding its treatment
of minorities. To account for the noise inherent in such information, we assume that only a
fraction g > %2 of individuas, uniformly distributed across the population, succeed in applying at
their preferred bank. Thus, individuals know how they will be treated by each bank, but must
expend a cost to learn which bank is which. Furthermore, because this information is imperfect

some individuals who pay this cost nevertheless end up applying at the bigoted bank.

Given this setup, minority applicants will acquire information about banks’ types if and
only if?°

(B- r)gauwm @) +2- g @)]- C- ¢ >(B- rsan@+x4a,.@)]-C, (11

which simplifiesto
(B- 1)@- Hlaw@)-2aus@)]>c. (12)
The left-hand side of expression (12) is simply a minority’s expected net benefit from acquiring
information about bank types. It incorporates the gross benefit from obtaining a loan (B- r"),
the increased probability of applying at the nonbigoted bank that results from this information
(9—¥2), and the higher probability of being approved at this bank (a,,, (@) - a ,z(d)). For any
minority applicant with creditworthiness q, if this net benefit exceeds the cost of acquiring

information (c), he will attempt to self-select between banks.

Close examination of expression (12) verifies that if gathering information about banks
behavior is inexpensive (c is small), all minority applicants will do so. On the other hand, if ¢ is
large so that distinguishing between banks is quite costly, minorities will be better off avoiding
these costs and taking their chances of ending up at the bigoted bank. In either case, the

distribution of minority credit risk at the two banks is identical, and our basic underwriting

20 Note that white applicants have no incentive to distinguish between banks, since they face the same cutoff signal
regardless of where they apply.
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model remains unchanged.

In contrast, for moderate costs of information acquisitionminority self-selection behavior
between the bigoted and nontbigoted banks can have a dramatic impact on the distribution of
applicant credit risk at these two banks, and hence on lender discrimination incentives. This fact

leads us to the following proposition.

PROPOSITION 1: For moderate levels of the information acquisition cost c,

1) Thereexistsa cutoff typeq®l (q,'1) such that all minority applicants with

creditworthiness g T [qg,1',q°] will gather information on bank types and attempt to

self-select to the non-bigoted bank; those with a higher g will not gather this
information and will apply at each bank with probability %%

2) Theinferred quality of minority applicants at the bigoted bank will be higher than
that of minorities at the non-bigoted bank and of whites at either bank:

Ows(S) > Aun (S)," s and qys(s) > q, (s),” s; and
3) Bigoted banks will discriminate against minority applicants by holding themto a
higher cutoff signal than they do white applicants, and to a higher cutoff signal than

do non-bigoted banks: s, >s,,, and S,z > S, .

The initial part of this proposition follows from the fact that the value of information
about bank types is decreasing in an individua’s true creditworthiness, g. That is, high-q
minorities are likely to be approved at either bank, so distinguishing between banks is less
important. In contrast, it is low-q minority applicants that bear the brunt of the bigoted bank’s
preferences, because they are more likely to receive signals that the nonbigoted bank would
approve while the bigoted bank would not. As a result, low-quality minorities attempt to self-
select away from the bigoted bank.

This self-selection behavior alters the composition of applicant pools across banks, which
in turn affects how banks asses the inferred creditworthiness of minority and white applicants.
Recall that an applicant’s inferred creditworthiness qg(s) is smply the bank’s expectation of that
individual’s true q given its prior beliefs about the distribution of creditworthiness in its
applicant pool and the signal sent by the individual. The second part of Proposition 1 therefore

follows from the first. Because low-q minorities try to avoid the bigoted bank, their average
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creditworthiness at that bank is higher than that of whites or that of minorities at the non-bigoted
bank.

The third part of this proposition ssimply states that this self-selection behavior on the part
of minority applicants is not sufficient to offset the bigoted bank’s incentive to discriminate
againgt minorities. When low-g minorities self-select, it raises the average creditworthiness of
the minority applicant pool at the bigoted bank, and lowers it at the other. This tends to bring
sys ad s, closer together. Nevertheless, it cannot entirely eliminate the gap between the two,
because it is this gap that gives minority applicants an incentive to self-select in the first place.
Similarly, s, isawayslarger than s, since the self-selection effect that tends to lower s, is

second-order to the bigotry effect that raises it.

Our most striking result is that bigotry on the part of some banks can affect the treatment
of minority applicants at other banks. The decision of relatively low-creditworthy minorities to
seek out the non-bigoted bank reduces the average quality of its minority applicant pool, which
in turn gives it an incentive to datistically discriminate against minorities. Thus, the self-
selection behavio