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Introduction

In 2000, the homeownership rate in the United States reached 67.4 percent — an dl-time high.
The benefits of homeownership were not evenly spread across ethnic groups, however. In fact, the
homeownership rate was 73.8 percent for non-Hispanic whites, 47.2 percent for blacks, and 45.5
percent for Higpanics (U.S. Census Bureau, 2001). See Figure 1. These homeownership gaps
undoubtedly have many causes, but one of the key suspectsis discrimination in mortgage lending. The
vast mgority of households cannot buy a house without a mortgage loan, and discriminatory barriers to
obtaining a mortgage could have a dramatic impact on homeownership.

A hint about the possible role of discrimination in mortgage lending comes from data collected
under the Home Mortgage Disclosure Act (HMDA), which records the ethnicity of the gpplicant and
the disposition of the gpplication for virtualy dl the mortgage gpplications filed in the United States. In
2000, black applicants were twice as likely as white gpplicants to be turned down for aloan, and
Higpanic applicants were 41 percent more likely to be turned down (FFIEC, 2001b). These loan+
approva disparities do not prove that blacks and Higpanics face discrimination in mortgage lending,
because they do not account for possible differences in loan features or borrower creditworthiness
across groups. Nevertheless, the differences are so dramatic that they focus attention on the possibility
that this type of discrimination might exis.

The purpose of this policy brief isto explore the posshbility that mortgage lending discrimination
contributes to ethnic digparities in homeownership, to evauate the current fair-lending enforcement
system, and to propose reforms in that system to make it more effective in uncovering — and,

ultimately, diminating — mortgege lending discrimination.



What IsDiscrimination in Mortgage Lending?

Discrimination in mortgege lending is prohibited by the Fair Housing Act of 1968 (FaHA) and
the Equal Credit Opportunity Act of 1974 (ECOA).> According to ECOA, as amended,

It shal be unlawful for any creditor to discriminate againgt any applicant, with respect to

any aspect of acredit transaction —

Q) on the basis of race, color, religion, national origin, sex or marital status, or age

(provided the applicant has the capacity to contract).
Thislanguage reveds tha alender is dlowed to consder an gpplicant’s “ cagpacity to contract” but is not
alowed to define this capacity differently for peoplein alegdly protected class.

ECOA ds0 assgnsfair-lending enforcement authority to the same federd financid ingtitutions
(namdly the Office of Thrift Supervison, the Office of the Comptroller of the Currency, the Federa
Reserve, and the Federa Deposit Insurance Corporation) that oversee other aspects of lender
behavior. Each of these ingtitutions regulates a different set of lenders. See FFIEC (20014a).
According to ECOA, enforcement authority for mortgage bankers, which are non-depository lenders, is
assigned to the Federa Trade Commission.*

FaHA a0 takes a strong stand againgt lending discrimination. This act gives enforcement
power to the Departments of Housing and Urban Development and of Justice. In generd, Jugtice is
entitled to prosecute cases involving a“pattern and practice’ of discrimination or an issue of nationa
importance, whereas HUD is the main agency for dedling with discrimination complaints® The Federal
Hnancid Indtitutions Examination Council (FFIEC), which conggts of dl the federd financid regulatory
ingtitutions, provides a guide to the fair-lending regulaions of its members. This guide covers

discrimination in many types of actions by lenders. For example, this guide saysthat it would be
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discrimination for alender to “Refuse to extend credit or use different standards in determining whether
to extend credit” based on an gpplicant’'s membership in alegaly protected class (FFIEC, 1999, p. ii).

These civil rights laws also make a key digtinction between different types of discrimination. As
the FFIEC guide putsiit:

The courts have recognized three methods of proof of lending discrimination under the ECOA

and the FH Act:

Overt evidence of disparate treatment
Comparative evidence of disparate trestment
Evidence of disparate impact.

The exigence of illegd disparate trestment may be established either by statements reveding

that alender explicitly consdered prohibited factors (overt evidence) or by differencesin

trestment that are not fully explained by legitimate nondiscriminatory factors (compar ative
evidence)....

When alender gppliesaracialy or otherwise neutrd policy or practice equdly to dl credit

applicants, but the policy or practice digproportionately excludes or burdens certain personson

aprohibited basis, the policy or practice is described as having a“ disparate impact” (FF EC,

1999, pp. ii-iv).

In this policy brief, the behaviors identified by the first two “methods of proof,” overt and
comparative, will be caled “ disparate-treetment” discrimination, and careful attention will be paid to
both disparate-trestment and disparate-impact discrimination. Indeed, recognizing that both type of
discrimination exigt is criticd for evauating — and reforming — the fair-lending enforcement system.

Findly, acaseinvolving disparate-impact discrimination has three steps (FFIEC, 1999). The
fird step isto determine whether a practice has a digparate impact on alegally protected class of

people. The second step is to determine whether the practice can be justified on the grounds of

business necessity, and the third step is to determine whether there exists an dternative practice that
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achieves the same business objectives without the same disparate impact. Disparate-impact
discrimination in lending issaid to exigt if () an enforcement agency finds that alending practice has a
disparate impact on a protected group and either (b) the lender cannot show that the practice is judtified
on the grounds of business necessity or (€) the enforcement agency shows thet this disparate impact can
be avoided through the use of an aternative practice that achieves the same business objectives.
Although these steps are well established in law, the precise legd requirements for building a*“prima
facie’ casefor discrimination, part (&) or for building a business necessity defense, part (b), are not yet

clear (Mahoney, 1998).

Why Should We Care About Discrimination in Mortgage Lending?

Nobody clamsto bein favor of mortgage lending discrimination, of course, but some people do
not believe that we need to worry about it. Discrimination isathing of the past, they say, and no lender
could survive in today’ s competitive market if it practiced discrimination. For three principa reasons,
we bdieve that this position isincorrect and thet this nation should gtill care about discrimination in
mortgage lending.® These reasons are the lack of changein the HMDA data, the results of amgjor
sudy of mortgage lending discrimination, and the possibility of extendve digparate-impact

discrimination.

Lack of Changein the HMDA Data
If discrimination were disappearing from mortgage markets, one would expect the loan
approval digparitiesin the HMDA datato be declining over time.” This has not been the case. In fact,

the black/white loan-denid ratio has fluctuated around 2.0 since 1995, with a high of 2.07 in 1998 and
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alow of 1.92in 19992 The current ratio, 2.0, is dightly higher than the 1995 ratio, 1.95. See Figure 2.
The Higpanic/white denid ratio has fluctuated around the lower vaue of 1.5, but it exhibitsasmilar
pettern over time, with ardatively high vadue in 1998 and ardatively low vaue in 1999. Its current

vaue, 1.41, isdightly below itsvaduein 1995, 1.43.

Evidence from the Boston Fed Study

An important study based on data from 1990, Munndll et d. (1996), found extensive evidence
of mortgage lending discrimination. This study, which is known as the Boston Fed Study because its
authors were researchers at the Boston Federal Reserve Bank, supplemented the HMDA data with
extensve information on individud loan applications, including measures of the gpplicant’s credit history.
On the basis of these data, this sudy found that black and Hispanic gpplicants are 82 percent more
likely to be turned down for aloan than are equivaent white applicants® This result provides strong
evidence of discrimingtion.

This study’ s methodology has been criticized by many scholars. However, severd careful
examinations of its data and methods conclude that the study’ s main result cannot be explained by most
of theissues raised by these critics, including omitted credit variables, data errors, and mis-specification
of the esimating equation. *° See Carr and Megbolugbe (1993), Glennon and Stengel (1994), and
Ross and Yinger (forthcoming).

Oneissueraised by severd critics appears to have more bite. Specificaly, the Boston Fed
Study cannot rule out the possibility that underwriting criteria differ, for legitimate business reasons,
across lenders and that the lenders selected by black and Hispanic applicants are not as well suited to

their credit needs as are the lenders selected by whites (Glennon and Stengdl, 1994, Stengel and



Looking the Other Way, Page 6

Glennon, 1999). In this context, “legitimate’ variation in underwriting sandards is defined as variation
that arises because different lenders draw on different pools of applicants and therefore have different
experiences about the impact of various credit characteristics on the probability that a borrower will
defaullt.

Any such legitimate variation should be associated with the characterigtics of alender’sloan
portfalio, that is, with the characteristics of the loans alender provides. By adding many characteristics
of loan portfolios to the Boston Fed Study’ s data set, Ross and Yinger (forthcoming) are able to test for
this possibility. They find that underwriting standards do, indeed, vary across lenders based on portfolio
characterigtics, but that accounting for this has no impact in the estimated minority-white digparity inloan
goprovd. Legitimate differences in underwriting standards cannot explain the Boston Fed Study’smain
result, and one is left with the conclusion that this result isasign of discrimination.

The Boston Fed Study is based on 1990 data and it has not been replicated.™ Asaresult,
there exigts no direct evidence about the extent of discrimination in mortgage lending at the current time.
Nevertheless, the Boston Fed Study provides the best available evidence and the HMDA datafor the

last severd years provides no indication thet discrimination is dedining. ™

The Potential Importance of Disparate-lmpact Discrimination.

The third reason for concernis that disparate-impact discrimination in mortgage lending could
be widespread, even if, as severd scholars have argued, disparate-trestment discrimination is no longer
aserious problem. The potentia importance of disparate-impact discriminetion is suggested by two

principd arguments.
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First, disparate-trestment discrimination can readily be transformed into disparate-impact
discrimination. As clearly explained by Lundberg (1991), economic agents who want to practice
disparate-treatment discrimination but who are prevented from doing so may be able to achieve virtudly
identica outcomes by using characterigtics other than group membership to predict which group an
applicant belongs to.”® This approach only works, of course, if there exist characteristics that are
correlated with group membership. In the case of lending, thisis clearly the case; on average, black and
Higpanic loan gpplicants have poorer credit qudifications than do white applicants.

The posshilities for exploiting the correlation between credit characteristics and group
membership are demonstrated by Buist et a. (1999) and by Blackburn and Vermilyea (2001), who
show, using two different data sets, that the loan-gpproval decisons of lenders can be explained ether
by setting alower gpprovd rate for blacks and Higpanics than for whites with a common set of credit
standards across lenders or by devising lender-specific underwriting standards that do not smply
predict “the capacity to contract” but instead also predict group membership.** The latter possibility is,
of course, disparate-impact discrimingtion.

The second argument for concern about disparate-impact discrimination isthat it can eadly be
built into a credit-scoring or other automated underwriting scheme, even one that appearsto treet dl
groups equdly.

This argument isimportant because of the recent growth in the uses of these schemes™ Severd
private companies now provide credit scores, which are formulas that trandate a loan applicant’s
financid characterigtics and credit history into a score designed to predict default on aloan. These
formulas are based on a gatistical analyss of the impact of gpplicant characteristics on loan

performance, usualy measured by loan default, for asample of previousloans. More generd
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automated underwriting schemes bring in additiond explanatory variables, such as the nature of the loan
or of the property being purchased. For example, Fannie Mae and Freddie Mac, key indtitutions in the
secondary mortgage market, have developed automated underwriting schemes for use by loan
originators who want to sell mortgages to these indtitutions. In some cases, automated underwriting
schemes are so complete that mortgage transactions based on them are conducted entirely over the
internet.

As severa scholars have pointed out, automated underwriting schemes make disparate-
trestment discrimination more difficult because they provide adetailed formulalinking applicant
characterigtics to loan decisions, without any consderation of an applicant’ s race, ethnicity, or gender.
See Avery et d. (2000), Buist et d. (1999), Yezer (1995). Indeed, in the extreme case of loans
provided over the internet, the lender may not ever observe the gpplicant and may therefore not be able
to use different underwriting criteriafor different groups. The growth in automated underwriting does
not make disparate-treatment discrimination impossible, because most schemes leave some room for
lender judgment, but it gppearsto lower the likelihood that this type of discrimination takes place.

These scholars dso point out, however, that automated underwriting does not rule out the
possibility of disparate-impact discrimination. Indeed, an gpparently group-neutra procedure for
developing an automated underwriting scheme can lead to disparate-impact discrimination whenever
groups differ on credit characteristics that are unobserved by the lender, such asthe probability that a
relaive will be able to provide financid assstance in the case of unemployment or some other negative
income shock.

Suppose, for example, that an automated underwriting scheme is based on a Satisticd andysis

that ignores group membership atogether, which gppears to be the procedure behind existing
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schemes’® In this case, the esimated underwriting weights of observed credit characteristics capture
not only the relationship between these characteristics and the probability of default, which is entirdy
legitimate, but a0, to the extent that the observed credit characteristics are correlated with group
membership, the role of average unobserved credit characteristics for each group, which lenders are not
adlowed to consider.’” The only way to avoid disparate-impact discrimination in this Situation is to base
the underwriting weights in the scheme on agatigticd andysis that includes group membership varigbles
but then to ignore the impact of these variables in making aloan-gpprovd decison. By leaving group
membership variables out of its datigica andyss, therefore, an automated underwriting scheme may
appear to be group neutra but is, in fact, introducing disparate-impact discrimination.

More generdly, it is possble to test whether one automated underwriting scheme represents a
legitimate, that is, nondiscriminatory improvement over ancther scheme by determining whether it
improves the predictions of loan performance within each group (Ross and Yinger, forthcoming).
Digparate-impact discrimination arises when a scheme sdlects elther the variables used to rate an
goplication or the weights placed on these variables so asto predict the group to which an gpplicant
belongs. Improved prediction for the set of gpplicants from a Sngle group, say, whites, obvioudy
cannot be affected by provisions that predict group membership. Asaresult, switching to a scheme that
IS common across groups and that improves within-group predictions is non-discriminatory, whereas
switching to a scheme that improves overdl predictions only by doing a better job of identifying group

membership by definition involves disparate-impact discrimination.
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What Isthe Fair-Lending Enforcement System?
As explained earlier, many federd indtitutions share responsbility for enforcing the ECOA and
FaHA. Thefird line of enforcement a depostory lenders comes from the financid regulatory agencies,
which, as noted earlier, have jointly developed a set of enforcement procedures (FFIEC, 1999). These
procedures, as implemented by the Federd Reserve, are described in Calem and Canner (1995).
Alternative procedures devel oped by the Office of the Comptroller of the Currency are described by

Stengdl and Glennon (1999) and Courchane, Nebhut, and Nickerson (2000).

Traditional Enforcement M ethods
Cdem and Canner (1995) begin by describing what they cdl “the traditiond far-lending

enforcement method.”

To help assess the consstency of underwriting decisons, examiners traditiondly have
gpplied a technique know as “comparative loan file review” or “matched-par andyss”
Essentidly, this procedure can be described asfollows. The examiners begin by selecting a
sample of applications. Next, they note on “ Applicant Profile Worksheets’ the key factors
congdered in the underwriting decision, and the disposition of each application. The examiners
then evauate the information on these spreadsheets to identify potentia instances of disparate
trestment of smilarly quaified gpplicants (pp. 118-119).

Cdem and Canner then discuss various problems with this gpproach. Our own evaludtion,

which is presented below, builds on thisandyss. According to Cdem and Canner,

The traditional matched-pair examination procedure suffers from two important
limitations. Frg, itisdifficult for examinersto find gpplicants that are perfect, or even close,
meatches, some differences in underlying financia or property related characteristics nearly
dways remain.

Such differencesin creditworthiness make it difficult to identify cases of unequd
treetment. Even if there exist close matches among an inditution’ sfiles, it may be difficult for an
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examiner to find them through manud effort done. Moreover, in some ingtances, there may not

be many close matches among the pool of applicants.

The second difficulty with the traditiona matched-pair pproach isthat even if some
differences in treetment are detected, it is hard to determine whether these are isolated events
that do not result from discrimination, or the result of a pattern or practice of discrimination.
Differencesin trestment observed for a particular “matched pair” could be a purely random
outcome of the underwriting process (p. 119).

Another way to express these limitationsisto say that it is difficult, if not impossble, to make
judgments about the use of amultivariate procedure, such as loan underwriting, usng one pair of
obsarvations. A multivariate procedure is one in which adecison is based on the weighted vaues of
severd different variables. In the case of underwriting, a comparison of one minority and one white
goplication yields vaid inferences about the treatment of that minority applicant only if those two
gpplications are both comparable on al applicant, loan, and property characteristics and representative
of other loans with those characterigics. Thisis an extremdy demanding standard. Moreover, any
procedure that does not meet the two above conditions could run into severa problems not mentioned
by Cdem and Canner. For example, a casein which aminority gpplicant is expected to meet a higher

standard could be mistaken for a case in which *comparable” minority and white applications are both

approved.

The Use of Regression Procedur es by Fair-lending Enforcement Agencies
Severd fair-lending enforcement agencies have supplemented traditiona enforcement
procedures with regresson andysis for individua large lenders. This approach has been used, for

example, by the Justice Department (Siskind and Cupingood, 1996), the Office of Comptroller of the
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Currency (Stengd and Glennon, 1999; Courchane, Nebhut, and Nickerson, 2000), and the Federd
Reserve Board (Caem and Canner, 1995; Avery et d., 1997; Calem and Longhofer, 2000).

Calem and Canner (1995) explain that these procedures were developed at the Federd
Reserve in an atempt to overcome the limitations of traditiona enforcement techniques. The Federa
Reserve' s regression-based technique involves supplementing HMDA datafor a sample of loan
goplications, both minority and white, submitted to a particular lender.

Once the data have been collected, the next step in the procedure is to estimate a loan-approva
regresson.

To gauge the effect of gpplicant race on the digposition of loan goplications, examiners, in

consultation with Reserve Bank economists, construct a statistical mode of the lender’s

underwriting decisons. This modd is developed on the basis of information gathered from the
bank’ s written underwriting guidelines and from interviews with loan officers. Factors

considered important to the decision of whether to gpprove an gpplication are included as
explanatory variablesin the model of loan disposition (p. 121).

The next Sep involves interpreting the results of this regresson.

If the results of the statistica analyssindicate that the race of the gpplicant isa datidicaly
sgnificant predictor of loan digposition, then thisis viewed as an initid indication that a pattern
or practice of discrimination may exis.

However, the satistical model is necessarily an abstraction that can only partidly
replicate the loan approval process. Each and every factor that might reasonably influence an
underwriting decison cannot possibly be incorporated into amodd. Therefore, the Satistica
results done are not consdered definitive. In order to more fully evauate the discrimination
issue, examiners salect specific loan filesfor closer review (Caem and Canner, 1995, p. 123).

Theloan files selected for further review are minority/white pairs conssting of “minority
applicants who have been denied credit and who appear aswell qudified as, or better than, white

applicants who were agpproved” (Calem and Canner, 1995, p. 123). For these file pairs, which appear
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to involve discrimination, the examinerstry to identify alegitimate business explanation for the rdatively
unfavorable treatment of the minority goplicant. If any such explanation isfound, thefileis not
consdered to be a case of discrimination. As Caem and Canner (1995, p. 124) put it: “examiners
may find that factors omitted from the model may account for these decisons” See dso Cdem and
Longhofer (2000) and Stengel and Glennon (1999).

Although similar to those devel oped by the Federa Reserve, the OCC procedures described
by Courchane, Nebhut, and Nickerson (2000) place more weight on the statistical andysis and less

weight on the follow-up comparisons of loan files.

What 1sWrong with the Fair-L ending Enfor cement System?

The new regression procedures used by severd fair-lending enforcement agencies are vauable
contributions to the fair-lending enforcement syssem. Most importantly, they recognize that building a
prima facie case for discrimination requires amultivariate procedure. Even with these new procedures,
however, this system retains two serious limitations: it misses many instances of diparate-treatment

discrimination and it fails to look for disparate-impact discrimination &t all. ™

The Need to Obtain an Accur ate Estimate of Disparate-Treatment Discrimination
Enforcement procedures to measure disparate-treetment discrimination should, of course, be as
accurate as possble. According to the officid interagency definition, discrimination in loan approva
exigs when, among other things, lenders “use different Sandards in determining whether to extend
credit” to people in alegally protected class (FFIEC, 1999, p. ii). The underwriting standards to which

this definition applies depend upon many applicant, loan, and property characteristics. These standards
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cannot be directly observed but must instead be inferred from the actions taken by lenders through the
use of amultivariate Satistical procedure; in other words, an accurate enforcement procedure requires a
multivariate andyss.

The new regression procedures used by fair-lending enforcement agencies represent a
ggnificant sep in theright direction because they recognize this principle. Compared to traditiond file
reviews, in other words, these regressions lead to a process that is more likdly to find discrimination
when it exigts and lesslikdy to find discrimination when it does not exist. Asthey are currently
designed, however, thefile-review procedures used by the Federd Reserve appear to forget this
principle and therefore have the potentid to undermine the gains from using regressons. The problem
here lies not with file reviews as such, but ingead with the way information from file reviewsis used by
some enforcement agencies.

To be specific, information from post-regression file reviews can be used in two ways. Thefirgt
way, which isthe one built into the Federd Reserve procedure, isto search for “information that would
legitimately account for the divergent credit decisons’ (Cadem and Canner, 1995, p. 124), that is, for
benign explanations for cases in which minority gpplicants gppear to have been treated less favorably
than comparable whites.

Unfortunatdy, however, this goproach runs into exactly the same problems as traditiond file
reviews, namdy, that it may be difficult to identify comparable files and any two files identified as
comparable may ill differ inimportant ways. Caem and Canner admit this when they say that their
new procedure “is very Smilar to the ‘matched-pair’ technique traditionaly used by examiners’ (p.
123). However, they go on to argue that the new approach is better because “the statistical model

guides the identification of matched pairs for review” (p. 123). It isno doubt true that the qudity of the
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matches isimproved through the use of the satistical modd, but amodd cannot diminate the problem.
Even if two matched files have identicd vaues for “key underwriting variables,” they are bound to differ
on some other characterigtics, and it isnot logicaly possble for afile review to determine the impact of
these differences on the underwriting decison. In short, afile review cannot provide an dterndtive test
for the hypothess that discrimination exigts.

Theinformation from post-regression file reviews can aso be used to improve the regresson
specification or to do tests for the robustness of the results. The OCC procedures in Courchane,
Nebhut, and Nickerson (2000) appear to follow this approach. This second way of using the
information is congstent with principle that underwriting discrimination cannot be identified without a
multivariate procedure. Condder the examples provided by Calem and Canner (1995). If some
goplicants are unable to document al reported income, then regulators should re-estimate the regresson
with an “unable to document” variable. If underwriters make a digtinction between revolving debt and
installment debt in scoring late payments, then regulators should estimate a regression that incorporates
thisdigtinction. These revised regressions would make full use of the information in the file reviews
without giving up the regresson’s multivariate sructure.

Another way to put thisis thet file reviews may be able to identify underwriting factors that were
missed in aninitid regresson, but they cannot determine the weights placed on these underwriting
factors. Asexplained earlier, these weights cannot be directly observed but instead must be inferred
using multivariate gatigics. It isnot logicaly possble to determine whether anewly identified
underwriting factor can explain aminority regjection without estimating the weight placed on this factor by

the lender — and controlling for other factors.
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The lesson from this analyssis that aformd test for digoarate-treatment discrimination requires
amultivariate underwriting mode estimated with a carefully determined specification and carefully
collected data. The specification of this modd should reflect, asfully as possble, alender’s sated
underwriting standards, and it should, to the extent possible, incorporate lessons learned from interviews
or filereviews. Far lending laws require lenders to use the same underwriting standards for dl
goplicants, regardless of their group membership. Allowing lenders to eva uate gpplications on the basis
of idiosyncratic factors and to place unobservable welghts on these factors in making their underwriting
decisions eviscerates these laws by making it impossible to determine whether common standards are
goplied to dl gpplicants. Thus, fair lending laws cannot be enforced unless lenders are held to a
standard of equa treatment based on an available and objective sandard, namely, a multivariate
andysis of the lender’ sloan-denid decisons.

Because aregresson andyssinevitably involves judgements, alender should, of course, be
alowed to comment on aregresson andyds that finds it practices disparate-trestment discrimination.

In our view, a thoughtfully conducted loangpprova regresson that finds a sgnificantly higher loan
denid rate for minorities than for whites, controlling for credit characteristics, establishes aprimafacie
case for disparate-trestment discrimination and therefore shifts the burden of proof onto the lender. In
this Stuation, the lender can escape the charge of disparate-trestment discrimination only if it can
provide an dternative regression specification that is consstent with its expressed underwriting policies
(and with principles of regresson methodology) and that indicates no sSgnificant differencein loan

goprova between minority and white applicants.
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The Need to Look for Disparate-lmpact Discrimination

Both the traditiona enforcement policies and the regressionbased policies developed by
severd fair-lending enforcement agencies aso have another mgjor flaw: they are incgpable of identifying
most cases of digparate-impact discrimination. In fact, as sated in Avery et d. (1997), Stengd and
Glennon (1999), and Courchane, Nebhut, and Nickerson (2000), the explicit purpose of the
regression-based proceduresis to identify disparate-trestment discrimination alone. AsAvery et d. put
it (p. 14):

In any Satigicd andysis of discrimination (parametric or nonparametric), the god isto
determine whether or not the treetment of an individua would have been different had the
individua been of adifferent minority satus.

Thisis atextbook definition of digparate-trestment discrimination and it completely ignores behavior that
has a disparate-impact on member of aminority group.

Moreover, Courchane, Nebhut, and Nickerson (2000) explicitly reect regressions that pool
information across lenders, such as those proposed in Section 10.3, on the grounds that pooling isa
poor technique for isolating disparate-trestment discrimination:

Specificdly, thefinding of digparate trestment requires comparison of the trestment of all

applicants a a particular inditution, under the credit guiddines of thet indtitution. Whilea

merged set of data from severd inditutions might reved an underlying problem, and analysis of
public uss HMDA data might indicate where problems might be more likely to exist, it isthe
examination of an inditution under its own standards that can best indicate the extend and scope

of the disparate treatment. (p. 2)

The problem we see hereis not in the logic of this statement, which isfine, but in the choice of objective,

whichisnot. Thefar-lending enforcement agencies are responsible for identifying both disparate-
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treatment and disparate-impact discrimination, and it makes no senseto rey exclusvely on methods
thet, in effect, Imply look the other way when confronted with the possibility of disparate-impact
discrimination.

As shown by Ross and Yinger (forthcoming), disparate-impact discrimination can enter aloan
goprovd regressonintwo ways. Firg, it can show up in the estimated difference in loan approva
between minority and white gpplicants, controlling for credit characterigtics, if the regresson
gpecification does not exactly accurately reflect alender’s actua underwriting standards. Second, it can
show up in the estimated weights for the credit characteristics, and therefore will not be recognized as
discrimination in aloan-approva regresson.

Thefirgt possibility needs to be consdered because it helps to show why looking for disparate-
impact discrimination is so important. Specificaly, an investigator following the Federd Reserve
procedures (or alender responding to them) might be able to reduce gpparent discrimination, as
indicated by the estimated minority-white difference in loan approva, controlling for credit
characterigtics, by introducing alender’ sidiosyncratic, but illegitimate underwriting standards into the
specification of the regression. This step could shift the effect of disparate-impact discrimination from
the estimated minority-white difference in loan gpprova to the estimated weights of individua credit
characteristics, where it will not be observed. Thus, the search for the * correct” specification, that is,
the specification most accurately portraying alender’ s underwriting criteria, a search that is centra to the
logic of the Federal Reserve s regression procedure, can be seen as away to ensure that disparate-
impact discrimination isignored.

The problem runs even deeper than this, however. As shown in such acompelling fashion by

Buist et d. (1999) and Blackburnand Vermilyea (2001), lenders may be able to hide disparate-
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trestment discrimination by transforming it into disparate-impact discrimination. In this case, the Federd
Reserve s regression procedure could miss discrimination altogether, even when it is severe. Indeed,
we believe it isinappropriate — if not irresponsble — for these agencies to use a procedure that
violates the FFIEC guide by assuming that disparate-trestment discrimination is the only kind worth

looking for.

How Can the Fair-Lending Enfor cement System Be | mproved?

In our judgment, the current fair-lending enforcement system is serioudy inadequate becauseit is
likely to miss some cases of discrimination in loan gpprova that take the form of disparate trestment and
isincapable of identifying loan-approval discrimination that takes the form of disparate-impact.™

We propose three steps for diminating these flaws.

Fr4, the fair-lending enforcement agencies should come up with the resources needed to make
certain that they are not missing alarge share of existing disparate-trestment discrimination. Multivariate
regressions should be employed by dl these agencies, these methods based on virtuadly complete
information; and loan file reviews should be treated as a method for improving, not overruling,
regresson andyss.

Second, these agencies should conduct loan-approva regressions based on gpplications
submitted to alarge sample of lenders. These regressions should recognize the complexity of
underwriting standards and the possibility that these sandards vary systematicaly across lenders based
on their loan portfolios. Thistool makesit possible to estimate the extent of discrimination by each
lender in the sample, regardless of whether that discrimination takes the form of disparate impact or of

digparate trestment. Moreover, becauseit is based on alarge sample, thistool provides precise
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estimates of the weights placed on awide range of underwriting variables, yields an estimate of
discrimination even for lenders that are too smal for current regression procedures, and diminatesthe
arbitrary separation of lenders based on the agency that regulates them. In short, thistool provides the
best possible lender-specific estimates of discrimination that are available without |oan performance
information and is an ided way to determineif there is a primafacie case for discrimination by any
lender in the sample.

As before, alender should of course be allowed to build a business-necessity defense. Inthis
case, however, alender cannot mount such a defense by adding its own idiosyncratic underwriting
criteriato aloan-approva regresson. Not only can alender hide intentiond discrimination by
manipulaing its underwriting weights, but, as shown earlier, these weights may reflect discrimination
even if they are based on an gpparently group-neutrd andysis of loan performance. Insteed, alender
cannot defend the underwriting weights it uses on business necessity grounds unless it can demondtrate
that these weights do a better job of predicting loan performance (as measured, say, by loan default)
than the weights implied by the enforcement agency’ s regresson. Following the non-discrimingtion test
developed earlier, this demongtration must apply within each ethnic group, not to al groups combined.

Third, the fair-lending enforcement agencies should implement a performance- based andysis of
loan-gpprova decisons to supplement the first tool. This second enforcement tool requires an
enforcement agency to estimate amodd of the factors that determine loan default or some other
measure of loan performance, which isthe type of modd on which an automated underwriting system is
based. More specificdly, thistool compares the minority compaosition of the gpplications that have the
highest predicted loan performance based on this loanperformance modd with the minority

composition of the gpplications alender actualy approves® Discrimination existsif significantly more
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minority gpplications would be gpproved on the basis of the agency’ s predicted performance than are
actudly approved on the basis of the lender’ s underwriting standards.

Thistoal requiresinformation on loan performance and on credit characteritics for alarge
sample of loans, which the fair-lending agencies have, so far, been reluctant to obtain, even though they
have the power to do so. However, it does not require the investigator to know the formulas behind a
lender’ s underwriting standards or credit scores, which may be considered proprietary. Thistoal, like
the previous one, captures both disparate-impact and disparate-trestment discrimination but cannot tell
them apart.

Thistool would yield more precise answers about discrimination than the first tool, but it would
obvioudy be more costly to implement. Loan performance is observed by the indtitution servicing a
loan, which may not be the same as the indtitution that issued the loan. To examine discrimination in
underwriting, therefore, regulators must develop procedures that link loan performance information with
information about the issuing lender. These issues arise even for large lenders who originate and then
continue to service many loans. After al, these lenders aso sal some of their loans on the secondary
market and the sample of loans they retain is not a random sample of the loans they originate.

To build abusiness-necessity defense in this case, alender would have to show that his
underwriting weights are derived from aloan-performance model that does a better job of predicting
within-group loan performance than does the modd estimated by regulators. If an enforcement agency
has made a prima facie case for discrimination and the lender cannot supply an dternative loan
performance modd that meets this non-discriminationtest, then the third part of a disparate-impact case

isautomaticaly satisfied. Under these circumstances, the loan-performance modd estimated by the
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enforcement agency provides an dternative underwriting scheme that meets the lender’ s legitimate
business objectives without any discrimination.

Although our second and third recommendations would require lenders to provide information
from their loan files, they are designed, in part, to protect lenders from unwarranted charges of
discriminatory behavior. Recdl that we recommend stringent standards for establishing a primafacie
case for disparate-impact discrimination, based on a multivariate procedure. Regulators should make it
clear that the sdlection of alender for further investigation does not imply that the regulator has dready
built a primafacie case for discriminaion by that lender. Just as an income-tax audit does not imply that
ataxpayer has cheated on his taxes, alending investigation does not imply that alender has practiced
discrimination. Instead, alender is charged with discrimination only if agatistica procedure finds a
minority-white disparity after controlling for al legitimate underwriting variables. With these procedures,
alender who does not discriminate has nothing to worry about.

Despite their unique ahility to collect the rdlevant data, the fair-lending enforcement agencies
have decided not to provide the public with any credible evidence on the current extent of discrimination
in mortgage underwriting. Asin the case of fair-lending enforcement, they gpparently favor looking the
other way. Consequently, neither we nor anyone e'se knows how much of this discrimination still exigs.
According to the best available evidence, however, extensve underwriting discrimination existed in
1990 and there is no more recent evidence to show that this discrimination has gone away. Moreove,
black and Hispanic households continue to have homeownership and loan-approvd rates that are far
below the rates attained by white households, even after controlling for income and other factors

(Gyourko, Linneman, and Wachter, 1999).
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Under these circumstances, this nation cannot begin to live up to the important principles
embodied in itsfar-lending lawvs without actively searching for mortgage discrimination in dl its possble
forms using the most accurate tools possble. The current fair-lending enforcement system does not
even come close to meeting this standard.

It does not have to be thisway. More comprehensive and accurate enforcement tools that build
on alarge body of scholarly research and are consstent with legd standards are reedily avalable. We
grongly urge the far-lending enforcement agencies to make these tools aregular part of their
enforcement activities. We aso urge interested citizens, community groups, academics, lenders and
other participants in the mortgage market, and public officids to work for improvementsin the fair-
lending enforcement system. Every American household should be able to enter the mortgage market

feding confident that it will not encounter discrimination.
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Endnotes

Thispolicy brief is based on Rossand Yinger (forthcoming).

’FaHA and ECOA also prohibit “redlining,” defined as unfavorable actions by alender toward loans involving
properties in neighborhoods where members of a protected class are located. Redlining is not considered in this

policy brief.

% U.S. Code Title 15, Chapter 41, Section 1691.

“Nondepository |enders obtain mortgage capital from investorsin the secondary mortgage market, instead of from
deposit. These investors want to receive their income in the form of mortgage interest payments. See the citationsin

note 14.

°For amore detailed discussion of the enforcement duties of these two agencies, see Schwemm (1994) or Yinger

(1995).

®A fifth reason, which istoo technical for full discussion in this policy brief, isthat discrimination may be profitable,
and therefore may not be eliminated by competition. For more on this view, see Ferguson and Peters (2000),

Longhofer and Peters (1998), and Ross and Yinger (forthcoming).

"Avery et al. (1996) discuss several other HM DA results that are consistent with, but do not prove, the existence of

discrimination.

8See FFIEC (2001b), which is the source of all the numbersin this paragraph. The pre-1995 HMDA data are not

comparable to datafor 1995 and later years. See Scheessle (1998).

*Munnell et al. also explored awide range of alternative specifications for their estimating equation and found that

their result was remarkably robust to these changes.

Several scholars have also argued that Munnell et al. should have looked at |oan defaults, not loan approvals. Ross

and Yinger (forthcoming) examine this argument in detail and show that it is not correct.
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"The federal fair-lending agencies have the authority to collect the information needed to replicate this study but
they have not done so. Thislack of replication isitself apowerful indictment of these agencies. In our judgment,
one of the principal responsibilities of any civil-rights enforcement agency isto educate the public on the magnitude

of the problem.

“2Thetrendsin the HMDA data do not, of course, prove that discrimination remains at its 1990 level. In principle, a
declinein discrimination since 1990 could have been accompanied by adeterioration in the relative creditworthiness

of black and Hispanic applicants. We know of no evidence, however, that thistype of deterioration has taken place.

BBecause of this possibility, civil rights laws that only cover disparate-treatment discrimination have an enormous

loophole.

“Both Buist et al. (1999) and Blackburn and Vermilyea (2001) interpret their results as evidence that one cannot tell
whether lenders practice disparate-treatment discrimination, practice disparate-impact discrimination, or smply use
different underwriting standards on legitimate business grounds. As explained earlier, however, Rossand Yinger
(forthcoming) rule out the third possibility (using the same dataas Buist et a.). Moreover, Blackburn and Vermilyea
show that inter-group differencesin loan approval are explained by across-lender differencesin the definitions of
underwriting variables, not in the weights placed on common underwriting variables. (For example, one lender might
have special rulesfor mortgages with aloan-to-valueratio, LTV, above 0.90, whereas another might usean LTV cut-
off of 0.95.) It seemsunlikely that theseidiosyncratic differencesin definitions are justified by alink to performance

data, which would be required for a business-necessity defense.

The increased reliance on automated underwriting is related to several other trends, including atrend toward
“unbundling” various mortgage services, the emergence of mortgage bankers, and the growth of the secondary
mortgage market. See Follain and Zorn (1990), LaCour-Litttle (2000), Lea (1996), Ross and Yinger (forthcoming), and

Van Order (2000).

*The actual statistical procedures are considered proprietary and are not released, but the available descriptions of

the schemes never mention group membership variables.
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YIn technical terms, thisis an example of omitted variable biasin aregression analysis. See Rossand Yinger

(forthcoming).

8Several other weaknesses of the current enforcement system are discussed in Ross and Yinger (forthcoming).

Thefair-lending enforcement system could also do a better job preventing discrimination in lender actions other

than loan approval, such asloan pricing. See Rossand Yinger (forthcoming).

%I alender has approved A applications, then this test compares the minority composition of approved loans with
that of the A highest-ranking applications according to the enforcement agency’ s loan-performance model. See Ross

and Yinger (forthcoming).
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Figurel
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Figure 2
Conventional Home-Pur chase L oan-Denial Ratios by Y ear
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