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REDLINING IN BOSTON: DO MORTGAGE LENDERS DISCRIMINATE AGAINST
NE IGHBORHOODS? |

by

Geoffrey M. B. Tootell*

ABSTRACT

Historically, lenders have been accused of "redlin minority
neighborhoods as well as refus1ng to lend to minority applicants.
Considerable bank regulation is designed to prevent both actions. However,
the strong correlation between race and neighborhood makes it difficult to
distinguish the impact of geographic discrimination from the effects of racial
discrimination. Previous studies have failed to untangle these two .
influences, in part, because of severe omitted variable bias. The data set 1in
this paper allows the distinct effects of race and geography to be identified,
and it shows that the evidence for redlining is weak
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particularly Joe Peek, Eric Rosengren, Faith Kasirye, Lynn Browne, Alicia
Munnell, Lawrence Katz and two anonymous referees. The analysis and
conc]usions of this paper are not necessarily endorsed by the Federal Reserve
Bank of Boston or the Federal Reserve System.



Mortgage lenders are often accused of refusing to extend credit in low-
income and minority neighborhoods. When this traditional "redlining" occurs,
white and minorityyapp1ications in minority tracts are treated more harshly
than their counterparts in white neighborhbods, even though applications by
whites and minorities may be treated identically within each tract. In fact,
concerns about redlining helped motivate some of the regu1atiohs imposed by
the Community Reinvestment Act (CRA); for examé]e, CRA makes lending in poor
neighborhoods a requirement for merger approval. Whether such a policy is
appropriate depends on the nature of any discrimination in mortgage Tending;
does it occur against individuals, locations, both, or neither? Prior
attempts to test for redlining have been inconclusive, because the data
examined lacked variables vital to the mortgage lending decision. This study
includes almost the entire information set of the Tender. These new data
provide evidence that lenders do not discriminate on the basis of the racial
composition of the neighborhood, at least dﬁrect1y, although they may
discriminate based on the race of the applicant. Therefore, ]aws“such as CRA
aimed at preventing geographic discrimination are unlikely to alter the racial
disparities which occur in mortgage lTending.

Previous studies of redlining have produced mixed results. Bradbury,
Case, and Dunham [1989], Avery and Buynak [1981], Dedman et al. [1988], and
Gabriel and Rosenthal [1991] find evidence that the volume of loans originated
in minority tracts is significantly Tower than one would expect given certain
neighborhood characteristics. On the other hand, Bentson, Horsky, and
Weingartner [1978], Canner, Gabriel, and Woolley [1991], and Schafer and Ladd
[1981] find 1ittle evidence that different neighborhoods receive differential

treatment. Most of these studies examine only accepted applications, and all



of them omit property and applicant characteristics that are both important to
thé mortgage Tending decision and correlated with either neighborhood
characteristics or race. For this reason, the Federal Reserve Bank of Boston,
with the help of the other regulatory agencies, surveyed a large sample of
mortgage app]icétions in the Boston MSA in an attempt to collect data on all
the property, neighborhood, and individual characteristics necessary to
determine whether redlining is occurving in the mortgage Tending ﬁarket.

Even with a complete data set, separating the effect of the racial
composition of the neighborhood from that of the race of the applicant is
difficult, s{nce the two tend to be highly correlated. By including indicator
variables for each neighborhood in every regression, Munnell, Tootell, Browne,
and McEneaney (1996, hereafter MTBM) isolates the role that race plays in the
mortgage lending decision, controlling for the effect of geography. MTBM
finds that, within neighborhoods, race is an econqmicaf1y and statistically
significant determinant in the mortgage lending decision, even after
accounting for the additional variables collected in the extended Survey.

Although discrimination based on the applicant’s race is one obstacle to
minority access to credit, discrimination based on the racial composition of
the tract has historicaf]y been viewed as a more widespread problem. Yet, the
tract indicator variables used in MTBM to control for all neighborhood effects
cannot identify what these neighborhood characteristics are and what their
relative importance may be. Using tract dummies to isolate the role race may
play within each neighborhood makes it impossible to analyze the effect of any
specific neighborhood characteristic, such as its racial composition. Thus,
this study examines the other side of the coin; instéad of investigating the

role of race on mortgage lending given all the characteristics of the



neighborhood, here the importance of the racial composition of the
neighborhood is examined controlling for the race of the applicant.

In fact, most previous empirical work and current bank regulation have
been in response to concerns that tract-specific characteristics, such as its
racial composition, are important in the mortgage lending decis{on. This
paper shows that, with only one caveat, the racial composition of the tract
where the p}operty is Tocated is not significantly related to thé mortgage
lending decision. Areas appear to be redlined only because they are inhabited
by minorities; if morée whites moved into minority neighborhoods, the rate of
lending in these areas would tend to increase.

The first section of the paper discusses the data. FEvidence is
presented in section II that the racial composition of the neighborhood plays
1ittle direct role in the mortgage lending decision, but the race of the
applicant does. Section III shows that other tract characteristics often
thought to be alternative grounds for redlining also appear to have little
direct effect on;mortgage lending. The fourth section examines an indirect
route through which redlining may occur: Lenders are more apt to reqguire “
private mortgage insurance from applications in minority neighborhoods.
Various possible interpretations of the coefficient on race are then examined

in section V. A conclusion follows.

I. Data: Past and Present
This study builds on the 1990 Home Mortgage Disclosure Act (HMDA) data
for the Boston Metropolitan Statistical Area by adding an extensive follow-up
survey. HMDA was enacted in 1975 in response to concerns voiced by community

activists that banks had demarcated areas in cities where they were unwilling




to make mortgage Toans. The legislation required that banks report the number
of mortgage loans made, by location of property. In fact, under CRA the
volume of Toan originations in low-income tracts found in the HMDA data 1§¥one
criterion for merger approval. These déta,‘howéver, were never particularly
useful in evaluating Tenders’ performance, since information was collected
only on loans accepted, not on applications made; it was unclear from the
origiéa] HMDA data whether a small number of loan or%ginations in a
neighborhood was due to lTow mortgage demand or low créedit supply in that area.
Amendments to HMDA in 1989 reguired that lenders report not only the location
of Tloans actua11y made but the location of loans denied, as well as the sex,
race, and income level of all applicants. As a result, beginning in 1990
information became available about the applicant as well as the property and
about applications denied as'we11 as those approved.

The 1990 HMDA data showed substantially higher denial rates in minority
tracts than in white tracts. Various definitions of & minority neighborhood
were examined; the predominant description uséd in this paper is a tract with
over 30 percent minority population.' By this definition, 63 of the 524
tracts with mortgage applications in this study were minerity neighborhoods.
Table I shows that in our sample, applicants in minority neighborhoods were
almost three times as likely to be denied a Toan as applicants in white areas,
and minorities in general were almost three times as likely to be denied a
mortgage as were whites. Both~whites and minorities were more likely to be
rejected when the propérty was located in a minority tract, as would be
expected if redlining were occurring. The pattern of denials in the 1990 HMDA
data only fueled the debate about both redlining and discrimination. Some

people argued that the disparities were evidence of redlining and
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discrimination on the part of 1énders. Others argued that because the HMDA
data omit information on a host of factors that lenders consider in making
mortgage decfsiOns, any conclusions about redlining and racial discrimination
were suspect.

" In fact, the HMDA data include only one piece of economic information
about the applicant - namely, income. Income alone actually has less
explanatory power than one might expect, because Tower-income borrowers
usually buy lower-priced homes. Lenders put much more weight on measures of
the applicant’s ability to support the loan, such as the ratio of housing
expense to income, the ratio of total debt to income, and thé stabjlity of the
applicant’s employment; on the applicant’s commitment to debt repayment, as
measured by credit history; on measures of potential loss, such as the loan-
to-value ratio, the presence of private mortgage insurance, and the stability
of the value of the mortgaged property; and on the characteristics of the
property, such as single-family versus multifamily units.

To augment the 1990 HMDA report and capture the effect of these other
variables on the mortgage lending decision, the Federal Reserve Bank of Boston
gathered information on 38 additional variables from the Tenders’ files for a
sample of applications in the Boston MSA. Variables quantifying»;evera]
rieighborhood éharacteristics were also taken from Census data to supplement
the application information.? Most important, the Census data were used to
calculate the racial composition of each tract. The sample was designed to
include all 1210 mortgage applications by blacks and Hispanics in 1990 and a
random samplé of 3300 applications by whites.® Because the rejection rates
for whites and in white tracts are so much Tower than the corresponding

minority rates, a larger number of applications from whites was required to




provide the power necessary to compare white and minority rejections
accurately.

Almost all of the inforhation contained in the standard morfgage
application form was gathered. Several other variables were taken from credit
reports, lenders’ worksheets, and the property appraisal. The additional
variables collected were chosen after repeated conversations with mortgage
loan officers and mortgage undérwriters. Every variable these Tenders
1Hd1cated as important in their deéision—making process was collected; the
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its thoroughness. A 1ist of the additional variables gathered and their mean
values-are presented in Tables II and III, for applications for properties in
hinority and white tracts, accepted and denied, and for applications from
minorities and whites, accepted and denied.

Tables Il and III highlight that differences do exist between mortgage
applications from white and minority tracts and applications from whites and
minorities. For example, the tables reveal that both applications from
minority tracts and applications from minorities tend to have higher loan-to-
value ratios than do applications from white tracts and applications from
whites. Miﬁorities and applicants for properties in minority tracts also tend
to have weaker credit histories and lower income and net wealth than whites
and applicants for properties in white tracté. On the other hand, similar
patterns of debt-to-income ratios for rejected'and accepted app]ications‘are
found across all four groups. The data in Tables II and III suggest an
economic basis for at Teast some of the difference in the Toan rejection rates

found between applications for properties located in minority tracts and those

for properties in white tracts, as well as for applications by minorities and



applications by whites. The importance of these variables in the mortgage
lending decision must, however, be examined in order to determine the extent
to which these economic distinctions can explain the different denial rates.
Table IV shows that the divergence of these denial rates cannot be
explained using only the HMDA data.® The four columns present the’
coefficients from logistic regressions and linear probability models that
estimate the probability of denial based solely on the information collected
for the Home Mortgage Disclosure Act and the Census data. Estimates from the
Jogistic regressions are included because they produce consistent estimates of
the standard errors and efficient estimates of the coefficients. Estimates
from the Tinear probability models are presented because they are easily
interpreted. For all regressig%s in this paper, the standard errors in both
the Togits and the Tinear probability models are corrected for
heteroscedasticity and for grouped errors at the tract level. The minority
status of the tract is measured two ways - as a dummy variable indicating if
the tract is more than 30 percent black and Hispanic, and as a continuous
variable representing the percentage of the tract’s population that is black
or Hispanic. Measured either way, the racial composition of the tract appears
to play a statistically significant role in the lending decision, even when
the race of the app]icantiﬁs included in the regression. Whether the
variation in rejection rates across these neighborhoods is due to different
distributions of creditworthy applicants in these aféas or to redlining,
however, is impossible to ascertain without accounting for the other economic

variables relevant to the mortgage lending decision.



I1. Do Mortgage Lenders Redline?

Lenders can redline along several possible dimensions including the
racial composition of the neighborhood, the income level of the tract, and the
boarded-up and vacancy rates in the area. Because these neighborhood
characteristics may be correlated, the effect all these variables have on the
probability of receiving a mortgage denial will be examined.

Table V presents logistic regressions and linear proBabiWity models
testing the role that the racial composition of the tract plays in the
mortgage lending decision once all the relevant variables collected in the
survey are included in the analysis.® If minority neighborhoods are being
redlined, rejection rates in these areas would be higher than expected, even
after accounting for the important information in the mortgage file. In
columns 1, 2, 5, and 6, thé coefficients on both measures of a tract’s
minority status revéal that applications for properties in minority areas have
a rejection rate about 6 percentage points higher than similar applications in
white tracts. These results support the conclusion that redlining is
occurring.

Lenders may appear to be redlining, however, only because the race of
the applicant is both important in the mortgage lending decision and
correlated with the minority composition of the tract. As a result, columns
3, 4, 7 and 8 control for the applicant’s race in order to isolate any
redlining of minority areas. With the race of the applicant included, the
coefficient measuring lender redlining becomes insignificant. On the other
hand, the estimated coefficient on race is significant in all four equations.
Apparently, the minority tracf coefficient was significant in equations 1,k2,

5, and 6 only because a disproportionate share of the applications in these



tracts were from minorities. This evidence suggests that discrimination based
on the race of the applicant, not the racial composition of the neighborhood,
is occurring.

It is also possible that the applicant’s race or the racia{ composition
of the neighborhood is correlated with omitted personal characteristics
relevant to the mortgage lending decision. Thus, the coefficients from re-
estimates of equations 3, 4, 7, and 8 in Table V when the applicant’s age,
education, marital status, number of dependents, and gender are added to the
analysis are presented in Table VI. Only the,cOefficients of these additional
variables are displayed in Table VI since their inclusion has Tittle effect on
the estimates of the other parameters. Of these other personal
characteristics, only the applicant’s marital status is significant. Again,
however, the race of the applicant and not the racial composition of the tract
is important in the mortgage lending decision.

It is difficult to unravel the effects of race from redlining when
minorities are geographically clustered, yet minority applications in the
Boston sample were not overly concentrated in minority areas; well over 50
percent of all minority applications were for properties located in white
areas. The evidence in Tables V and VI strongly suggests that the race of the
applicant, not the racial compositien of the neighborhood, is important in the
mortgage lending decision.

A misspecification of the equations in Tables V and VI could explain the
failure to find evidence of redlining. The racial composition of the tract
may have a highly nonlinear effect on mortgage lending; specifically, Tenders
may be particularly averse to loans from areas with a minority population

share above some threshold level other than 30 percent. Alternatively,



geographic discrimination may take on a more subtle form; race and the racial
composition of the neighborhood may interact in the mortgage lending'decision.
Lenders may be steering minority applicants away from white neighborhoods,
resulting in minority applicants in white areas being treated more harshly
than minority applicants in minority areas - and perhaps the reverse for
whites.®

Table VII examines both these hypotheses by adding the relevant
variables to the base regression in Table V. Again, only the relevant
coefficients are presented. Columns 1 and 4 include additional dummy
variabies indicating tracts with minority population shares from 30 to 50 -
percent and 51 to 70 percent. The minority tract variable is still
insignificant, as are the coefficients on the different subranges. Allowing
for this nonlinear reaction to minority concentration levels also has no
effect on the size or significance of the coefficient on the applicant’s
race.’

Lenders may be discriminating against minorities, discriminating against
minority tracts, and/or steering minorities (whites) to minority (white)
neighborhoods. In columns 2 and 5 the interactive effects are added to the
base model, while columns 3 and & further friclude both the interactive effects
and additional personal characteristics of the applicant. The interactive
coefficient measures the degree of steering in the sample and should be -
negative if minorities are being directed toward minority neighborhoods. In
none of the equations presented is the coefficient measuring potential
steering statistically significant. Further, since racial steering could mask
red1inin§ when the- interactive term is omitted, it is interesting to note that

the coefficient on the minority neighborhood indicator variable remains
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insignificant. These results are robust to whatever threshold Tevel of
minority share is chosen as the definition of a minority tract.
Discrimination, not redlining or steering, appears to be occuryring in the
mortgage markef in Boston.

Most of the unexplained difference between the denial rates in the two
types of tracts is due to the unexplained difference between the denial rates
for minority applications in both types of tracts. The economic variables in
these equations consistently underpredict the actual minority denial rate by
about 8 percentage points, in both\white and minority tracts. It is the race
of the applicant that affects the mortgage lending decision;< the location of

the applicant’s propérty appears far less relevant.

ITI. The Possibility of Non-Racial Redlining

Although redlining is traditionally viewed as a refusal by banks to lend
in areas with Targe minority populations, lenders may also avoid dilapidated
or Tow-income neighborhoods, regardless of the race of the residents. That
is, red]ihing need not be based on the racial composition of the neighborhood
but could be based on other attributes of the tract. In fact, tracts with
high rates of vacancy and boarded-up property, as well as those with many Tow-
income residents, do have higher actual rejection rates. Table VIII presents
tests for these alternative forms of redlining. Equations 1 to 6 in Table
VIIT add to the base equation such tract-specific variables as the rent-to-
value ratio for property in the area, the median income level of households in

the neighborhood, and the vacancy and boarded-up rates in the tract.® Only

the rent-to-value ratio of property in the tract is significant in the Tending

11




decision, suggesting that the higher the rent-to-value, the higher the asset
rfsk and the higher the probability that an application will be denied.

The inclusion of these additional tract variables has no effect on the
results on discrimination, redlining, 6r steering. Both méasures of the
racial composition of the tract are stil] statistically insignificant, and the
coefficients on the race and minority tract interactive variable in columns 3
and 6 show little evidence of steering. Omitted tract characteristics do not
seem to explain the Tack of evidence of redlining. Furthermore, there is
1ittle evidence that redlining is occurring along other characteristics of the
tract. The difference in rejection rates between tracts that vary along any
one of these neighborhood traits is explained by the economic characteristics
of the applicants for properties in these different tracts. The influence of
tract characteristics are either very slight or not well captured by the

Census data.

IV. Indirect Forms of Redlining

The data indicate that lenders are not redlining minority neighborhoods
when deciding whether to grant a mortgage loan, but this finding is not
sufficient to conclude that the racial composition of the tract plays no role
in the mortgage lending process. Forcing an applicant to seek private
mortgage insurance (PMI) can be an important part of the mortgage decision,
sincé an app]icéfion rejected for PMI almost always is rejected for the loan,
and applications accepted for PMI must pay more for the loan. PMI is
discussed in detail in Canner and Passmore (1994) and Tootell (1995).
Essentially, private mortgage insurance is purchésed by the borrower to

protect the lender from losses caused by asset price deflation and foreclosure
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costs. Since PMI is costly, if applications for loans on properties in
minority tracts, or from minorities, are more likely to be forced to acquire
PMI, the redlining, or discrimination, would be in terms of price rather than
action taken.

In order to test fhis hypothesis, the determinants of the lender’s
decision to‘require PMI must be examined. PMI is usually demanded when the
down payment is less than 20 percent of the assessed value of the property and
the loan is to be sold in the secondary market.® The importance of these
secondary market guidelines should be captured by the thresholds used to
define the different segments of the loan-to-value ratio in all the
regressions presented in this paper.'” Yet, the loan-to-value ratio need not
be all that determines whether PMI 1is requived. If the loan is to be held in
the bank’s portfolio, applicants may be forced to acquire PMI even if the down
payment is greater than 20 percent or, conversely, the lender may eschew PMI
even if the down payment is less than 20 percent. Since much more discretion
is involved when deciding whether to require PMI for portfolio Toans, other
variables besides the loan-to-value ratio could also be significant in the
decision. Essentially, the lender’s request for PMI will depend on its
assessment of the expected costs and risks of a default; thus, many of the
determinants of the mortgage decision might also help explain the decision to
require PMI.

In fact, the major determinant of whether PMI is requested is whether
the loan-to-value ratio is greater than 80 percent, as one would expect given
the secondary market guideline. A poor mortgage history and Tow net wealth
also increase the_odds that PMI will have to be sought. Other tract

characteristics, like the boarded-up and vacancy rates, tend to have the
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expected effect on the decision. Yet, holding all these ecohomic and personal
variables constant, the racial coﬁposition of the tract significantly helps to
explain whether PMI is required."

Possible redlining in the decision to require PMI raises concerns about
whether the variable in the base regression indicating that PMI was denied is
masking redlining iﬁ the mortgage lending decision. The relevant coefficients
of the base equation are reproduced in columns 1 and 4 o% Table IX. The
specification includes the dummy varidble indicatiné a PMI rejection;

inclusion of this variable £4

45}

ssen
responsibility for denials by mortgage insurers. Alternatively, columns 2 and
5 present the coefficients of interest from a mortgage denial regression when
Tenders are given responsibility for PMI denials. The size of the coefficient
on the minority tract indicator variable increases when the denied PMI
variable is omitted, and it approaches statistical significance at the 5
percent level, which is consistent with the idea that the PMI decision is
hiding redlining. Finally, columns 3 and 6 drop these PMI rejections from the
sample altogether. This specification examines lender behavior when PMI
rejections are not an issue at all. The size of the coefficient on the
minority tract variable declines without the PMI denials and it no longer is
close to significant at the 5 pefcent Tevel.” 1Including the other tract
variables in this analysis has no effect on these basic results. Thus, any
evidence of redlining in mortgage denials is contained in the PMI denials.
Theory is not clear about how best to specify PMI’s fo]e in the mortgage

Jending decision.”™ Including a dummy variable to indicate whether an

application was denied PMI gives the lenders credit for granting bas1ca11y

every loan in a minority area once PMI is acqu1red even though they were
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forced to acquife PMI. Omitting that variable makes the lenders alone
responsible for that rejection. In truth, lenders share responsibility for
these rejections.

There is 1ittle evidence that the racial composition of the tract
directly increases the probability that a mortgage will be denied. However,
some evidence suggests that the decision to require PMI depends on the
midority composition of the tract. This indirect form of redlining would

incredse the price paid by applications from these areas.

V. The Effect of Race

The racial composition of the neighborhood does not appear to directly
affect the mortgage lending decision, but the race of the applicant does. The
exact interpretation of the positive coefficient on the race variable is,
however, debatable. Three alternative explanations are possible. Omitted
variables may still exist that are positively correlated with both race and
the probability that a loan will be denied. Alternatively, statistical
discrimination, where race is an effective proxy for loan profitability, may
be the source of the significantly higher probability of mortgage denial for
minorities. And finally, the coefficient on race could be capturing the
effects of discrimination based on race thHat are uncorrelated with the
profitability of the application.”

A closey examination of this data set finds Tittle support for the
conclusion that important variables have been omitted or that statistical
discrimination is occurring. The purpose of the study was to include any
variable that is systematically in the lenders’ information set, and there is

strong evidence that this goal was accomplished. Further, although the data

15



in this paper were not designed to examine whether statistical discrimination
is occurring, what information they do contain concerning this issue does not
justify the conc]usfon that race’s use as a signal of a higher conditional
default probability ebeains the size and significance of its role in the
mortgage lending decision.

A. Omitted Variable Bias

Studies of mortgage Tending have been rife with complaints of omitted
variable biasl Previous research, and any analysis using only the raw HMDA
data, certainly suffer from this problem. The Boston Fed attempted to
reproduce the information set of the lender in order to assess the role of
race in the mortgage lending process. Accordingly, every variable on the
standard loan form, as well as important information from the credit reports
and the property appraisal, was collected. Many loan officers and
uhderwriters in the Boston area were consulted to ensure that no variables
important to the mortgage lending decision had been omitted from the survey,
and every variable they mentioned as important was collected. Furthermore,
all the information systematically provided to any secondary market buyer of
the loan is in the data set collected for this study. Omitted idiosyncratic
variables correlated with race could still exist, but in order for the
omission of such variables to have a large eFFecﬁ on the estimate of the
coefficient on race, they must be correWa&ed with race even after accounting
for all the other variables in this study. For example, idiosyncratic
variables may be correlated with income, location, educational attainment, and
so forth, which are also correlated with race, but race remains important in
the mortgage Tending decision even after 16c1ud1ng all these other variables

in the analysis. Whether an important factor has been omitted is always
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difficult to disprove. However, the prima facie case for an important omitted
variable is not compelling.

It is possible that any important omit{ed variables would affect the
estimation of the coefficients of other variables collected in the extended
survey. Omitted variables correlated with race might also be correlated with
other individuaf characteristics. For example, education in and of itself has
no clear relationship to the probability of default, although it could be
positively correlated with omitted variables, such as future income, that do
affect the mortgage lending decision. If the effect of future income was not
being captured by the variables in the base model, this correlation would
produce a significant coefficient on education in the full model.

Tabte XAexamﬁnes this hypothesis for a collection of other individual
characteristics that might be related to possible omitted variables but not
intrinsically important to the mortgage lending decision. The first column
presents the coefficient estimates and t-statistics for these other personal
characteristics in a regression of mortgage dénia] on just these variables and
race. The coefficients on the applicant’s marital status, race, and whether
the applicant had schooling beyond cp11ege were all significant beyond the 5
percent Tevel, while the coefficients on the applicant’s number of dependents
and years on the current job are statistically significant at the 10 percent
level. Higher education and being married significantTy increase the
probability of getting approved, while fewer years on the job and more
dependents decrease it.

Once the other variables in the base regression are included in the
estimation, column 2, only the borrower’s marital status and race still

significantly affect the decision to lend, even at the 10 percent level.®
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However, both these coefficients decline by the same order of magnitude. The
final regression includes dummy variables for each tract as well. The
inclusion of the tract variables tends to have little effect on any of the ‘
coefficient estimates for these personal characteristics. Yet now, of all ) ‘
these personal characteristics that could be correlated with omitted ) - ‘
variables, only race remains significant in the lending dec{sion; Clearly
omitting these .control va;iab1es biases upwards the cdefficient estimates of
all the personal characteristics, including race. The fact that race alone
among these characteristics remains statistically significant, once these
other control variables are inciuded in the analysis, suggests that it is
affected less. The insignificance in the basé model of these other individual
characteristics with no clear relationship to the mortgage lending decision
suggests that no important factors correlated with these individual traits
have been omitted. Inclusion of these control variables does lessen the
effect of rdce; the real issue is whether other such variables are still being
omitted.

There appears to be 1ittle evidence that 1mpoftant variables
systematically related to the mortgage lending decision have been omitted.
Further examination of omitted variable bias requires specification of exactly
which variables important to the decision are missing, proof that the lenders
collect this information, and evidence that these variéb1eg are correlated
with the race of mortgage applicants.

B. Statistical Discrimination

. Statistical discrimination occurs when the base probability of default
of one identifiable group is greater than that of another. The higher default

probability is not necessarily related to economic fundamentals but is simply
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a statistical relationship. If the default rate for minorities, holding all
else in the lender’s information set constant, is higher than the rate for
whites, statistical discrimination could produce a significant race
coefficient in the denial equation. If statistical discrimination were
occurring, the default probability of the marginé] application for whites and
for minorities should be equal, and the coefficignt on race in the fully
specified denial equation should be positive and sta%istica]ly significant.
It is often argued, conversely, that if the race coefficient in the denial
equation is significant owing to taste-based discrimination, then the minority
defauit rate shouid be Tower as, on dverdge, higher-quality minorify
applicants would be selected.™ .
However, Tootell [1993; 1995] and Yinger [1993] show how examining the
average default rates fails to prove whether any discrimination that might be
occurring is statistical or taste-based. Firms Tend at the margin, while
accepted applications Vary over a spectrum of denial probabilities. It is
possible that the marginal minority Toan that qua]ifieé for a mortgage is of
higher quality than the marginal white loan that qualifies, yet the average
creditworthiness of the accepted minorities is lower than that of the accepted
whites. If the distribution of minorities is skewed toward weaker
applications, then more of their accepted applications will be near the
potentially higher threshold for marginally acceptable minority Toans. Tables
II and III reveal that, in fact, on average minority applications are siight]y
weaker, even for accepted loans. Yet it is whether, at the margin, a white
loan is accepted and a similar minority loan is denied that determines if
taste;based discrimination is occurring, not a comparison of the average

qualifications of accepted applications.
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In fact, default studies have not shown conclusively that the
conditional probability of default for minorities is higher than that for
whites. = Seme findings, as in Van Order, Weston, and Zorn [1992] and Berkovec,
Canner, Gabriel, and Hannan [1994] suggest that minorities are just as Tikely
or more Tikely to default, as would be consistent with a finding justifying
statistical discrimination.” However, these studies omit variables such as
credit history, which are positively correlated with racé and rejection; this
biases upward the estimation of the conditional default probability of
minorities, and makes it difficult to interpret the results from these
studies.™

Finally, attempting to account for possible statistical discrimina%ioh
with these data did not affect the results. Using the applicant’s credit
history as the dependent variable, the applicant’s probability of defaulting
on other forms of debt was calculated as a function of race, net wealth, years
on the job, and other personal and financial characteristics available to the
Tender.™ The predicted default probabilities were then included in the
equation explaining mortgage denials. Since race was significant in the first
stage regression, every minority applicant was expected to have a higher
probability of mortgage default in this specification. Generalizing the
higher default propensities to minorities who do not themselves have a record
of a default reduces somewhat the importance of race, but it still does rnot
eliminate the effect of minority status on thejmortgage lending decision. As
a result, any basis for statistical discrimination found in this data set
 still does not explain the significant coefficient for race in the denial

equation.
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Although these data are not sufficient to distinguish perfectly between
taste-based discrimination and statistical discrimination, what tests can be
performed with fhis data set suggest that statistical discrimination is not
the explanation for the significance of the race coefficient. The evidence
here indicates that the correlation between race and the consumer delinguency
probab11i£ies does not explain the coefficient on race in the denial
regression. Current studies df mértgage default data are also inadequate to
provide clear evidence on whether race is correlated with defaults. In any
event, however relevant this debate is for theory, whether statistical
discrimination, taste-based discrimination, or both are occurring is

irrelevant to issues of enforcement, since they are both illegal.

VI. Conclusion

It is usually difficult to unravel the possible effect of race from the
possible effect of the racial composition of the neighborhood. In Boston,
these two forces can Be identified since over 50 percent of the minofity
applicants applied for mortgages on properties in predominantly white areas.
The extended HMDA data show that lenders do not appear to be redlining
neighborhoods based on the racial composition of the tract, the average income
in the area, or a variety of other neighborhood characteristics. There is
some evidence that redlining is occurring in the lender’s decision to.require
PMI. However, the evidence of discrimination in Boston strongly points to a‘
reluctance of lenders to make loans to minorities wherever they apply, and not
to a reluctance of lenders to extend credit in poor areas that happen to be

minority.
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ENDNOTES

1. Alternative thresholds for the definition of a minority tract were
examined in all the empirical work, and most of the estimation in the paper
includes the minority population share, a continuous variable. The results
are not sensitive to the choice of the threshold. The 30 percent level is
selected because tracts were either heavily minority, above 80 percent, or
heavily white, below 30 percent minority. The threshold is set low for two
reasons. First, lenders may look at neighborhoods as white versus nonwhite
tracts, suggesting a Tow minority threshold may be relevant. Further, so few
whites applied in tracts with a high minority composition that the power of
many of the most interesting tests was very Tow when a higher threshold was
set. It cannot, however, be rejected that the effect of being in a tract that
is roughly 30 percent minority differs from being in one that is above 80
percent minority. It also cannot be rejected that blacks and Hispanics, or
black tracts and Hispanic neighborhoods, are treated identically. As a result
the two groups are pooled.

2. The 1990 Census of Population and Housing STF 1A is the source of all
the Census data used in the study.

3. Only conventional, home-purchase loans were examined in order to avoid
any complications that might arise from the potential use of different lending
standards for refinances and government-guaranteed FHA/VA loans.

4. Several of the independent variables examined in the paper are missing
some observations. The sample analyzed in each regression is as large as
possible once these missing observations are excluded from the analysis. As a
result, the sample size varies slightly across some of the tables.

5.  The debt and loan-to-value ratios, credit history, local labor market
conditions, type of building purchased, and race of the applicant are all
important determinants of the lender’s decision to approve or deny a loan.

The lToan-to-value ratio is separated into three segments, with thresholds at
80 and 95 percent. MTBM examines the importance of all the variables
collected in the survey. The most robust specification is presented in Table
V. The base results are, however, robust to a wide variety of specifications:
for example, the probability of experiencing a spell of unemployment was
calculated in several ways depending on the applicant’s occupation, industry,
and personal characteristics, with no effect on the differential in rejection
rates between minorities and whites. Further, none of the different
functional specifications examined, including nonlinear threshold effects
around the secondary market standards for the housing expense-to-income ratio,
the total obligations-to-income ratio, and the loan-to-value ratio, as well as
other nonlinear and interactive relationships of the variables, altered the
findings for the coefficient on race or minority tract. A complete discussion
of the other variables in the survey found to be insignificant in the loan
denial equation, and of the different specifications examined, can be found in
MTBM.

6. A]thodgh real estate agents have frequently been accused of steering,
mortgage Tenders might be less likely to indulge in this practice since their
involvement in the purchase is less visible.



7. The same results occur if deciles are used when creating the different
composition dummies.

8. Several observations are lost in regressions using the Census median
tract income variable because of missing data. The boarded-up and vacancy
rates are dummy variables equal to one when the tract’s value of these
variables is over two standard deviations above the mean. The median income
variable in the tract is a dummy variable indicating when the value of this
variable is a standard deviation below the sample mean. The results do not
depend on the thresholds chosen or even whether the variables are used
continuously. One justification for using indicator variables, however, is
that these variables attempt to capture asset-price risk. S1nce Tenders would
only share in the losses, not the gains, from asset price changes, they are
disproportionately concerned about the Tower tails of the asset-price risk.

9. On rare occasions in 1990 the secondary market would purchase mortgages
with loan-to-value ratios above 80 percent and no PMI.

10. Loan-to-value ratios of 80 percent and 95 percent represent the
thresholds for the secondary market guidelines for requiring PMI and,
generally, rejecting a loan even with PMI. As a result, the thresholds chosen
for the segments of the loan-te-value ratio in every regression, 80 and 95
percent, should capture the importance of these secondary market standards for
PMI.

11. Lenders may be redlining minority neighborhoods indirectly by fercing
applicants from these tracts to acquire PMI. VYet, it is also possible that
applications that otherwise would have been rejected are given an extra chance
if they qualify for PMI; in such .a case, this indirect form of redlining would
represent not an added burden for applicants in these areas, but another
chance. To test whether PMI is being used as a boost rather than an added
hurdle to applications from minority areas, the sample was divided into
applications with very Tow Toan-to-value ratios, strong credit histories, and
lTow obligation ratios, and those with weak values for these variables. If
seeking PMI represents an extra chance for. applicants from minority
neighborhoods, the coefficient on the minority tract variable in the decision
to require PMI would be Targer for the weaker applications. On the cortrary,
this coefficient is larger in the subsample of stronger applications.
Apparently Tenders are not helping weaker applications in minority tracts by
requiring them to get PMI but are imposing a higher pr1ce on stronger
applications that happen to be for properties located in minority areas.

12.  When the continuous measure of the racial composition of the tract is
included in the regression without the denied PMI variable, it is
statistically significant: When observations that were rejected by PMI are
removed from the sample, the coefficient on the continuous neighborhood racial
composition variable becomes insignificant.

13. Still another alternative specification, including both a dummy variable
for applications that sought PMI and a variable that interacts the Toan-to-
value ratio with this dummy variable, also finds no direct redlining in the
mortgage Tending decision.



14. Note that even if statistical discrimination is possible, its cost might
be prohibitive because of the possibility of legal recourse. If these
punitive costs are, in fact, prohibitive, the Tenders would not choose to
discriminate. In that case, the coefficient on race in the denial equation
would be zero, even if minorities did have a higher conditional probability of
defaulting.

15. . The significance of the marital status indicator variable is not robust
to alternative specifications. As a result, it is omitted from the base
model.

16.  The minority default rate need not be lower under some models of taste-
based discrimination. For example, if discrimination does not take the
rational form of requiring stronger applications from minorities, the sign of
the coefficient on race in a default regression would be uncertain.

17. Even a finding that, all else held constant, minorities have a higher
probability of defaulting on a loan says little about whether discrimination
is occurring at the margin, however. See Tootell [1993; 1985] and Yinger
[1993].

18. It is also unclear whether the conditional default propensities from
different loan characteristics are known by the lender. If Tenders did not
know the conditional default propensity, they would have no information that
would motivate statistical discrimination.

19.  There aré several problems with modelling the probability of default in
this way. The data from the mortgage lending survey are not ideal for
uncovering the determinants of consumer defaults because the determinants of
consumer defaults may differ from those of mortgage defaults. Furthermore,
the mortgage lending decision is forward-Tooking, not backward-looking.
Looking backward at credit history also raises questions of timing. It is
unclear whether the right-hand-side variables were valid at the time of, or
before, the credit history blemish occurred. For example, a consumer default
may have occurred when the applicant was a student; in that case, the )
education variable used in these first stage regressions would be too large.
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Table I
Mortgage Denial Rates

. White Tracts Mindrity’ Tracts qual by ra‘c:e
White applicants 10% 17% 10%
Minority applicants 24% 33% 28%

Total by tract 12% ' 31%




Mean Values of Variables Collectcd by the Follow-up Survey: by Tract

Table I

Mortgage A}jphcatlon for rroperties Tocaled i While Itacts Black Tracts
Accepted Rejeoted Accepted Rejected
Personal/Financial Characteristics -
] Mean age of applicant 36.6 36.6 353 372
2. Mean age of coapplicant . 26.1 236 20.5 19.6
3. Mean years of school (applicant) 15.5 14.9 13.9 137
4 Mean years of school (coapplicant) 10.5 9.27 7.3 7.2
5 Mean number of years in hne of work (applicant) 10.8 9.94 7.72 §43
6. Mean number of year# in line of work (coapplicant) 8.1 776 6.86 528
7. Mean number of applicant dependents 0.75 0.88 0.92 0.88
8. Mean number of years on job (applicant) 6.64 5.98 5.80 544
9. Mean number of years on job (codapplicant) 512 5.33 4.49 406
10. Proportion self-employed 0.12 0.17 0.05 0.09
11 Mean base monthly income (applicant) 4374.6 40016 24777 2508.80
12, Mean base monthly income (coapplicant) 1378.6 14877 942.10 779.10
13. Mean total monthly income (applicant) 5008.8 4647.6 2816.1 2866 6
14. Mean total monthly mecome (coapplicant) 1490.8 1687.5 9952 914,50
15. Mean proposed monthly housing éxpense (§) 1487.3 1510.9 1058.7 1107.10
i6 Mean purchase price ($) 195.594 180.690 127.980 140.039
17. Mean value liquid assets (§) 89,990 118,870 22,710 24730
I8, Mean value total assets (§) 345080 353,980 89,990 83,360
19. Mean of nefworth 260.4 284.20 62.5 34.01
20. Mean total nonhousing monthly payments ($) 47713 594.20 271.10 447 50
21 Mean value of total liabilities (§) 84.690 69,810 27,440 49353
22. Mean obligation ratio (housing expense/income) 24.9 29.0 251 301
23. Mean total obligation rafio (total obligations/income) 321 39.45 32.4 417
24. Mean of unemployment region 3.78 4.12 3.67 3.92
25. Mean of probability of unemployment 0.19 0.22 0.24 0.22
Credit Historv
26. Mean of no late mortgage payments 0.33 0.21 0.16 010
27. Mean of no mortgage payment history 064 0.72 0.84 0.89
28, Mean of one or two late mortgage payments 0.02 0.03 .00 0.02
29 Mean of more than two late mortgage payments 0.008 (.03 0.004 000
30. Mean of no "slow pay" consumer account 0.61 032 0.53 0.25
31 Mean of one or two slow pay consumer accounts 018 017 0:13 010
32. Mean of more than two slow pay consumeér accounts 0.05 0.08 0.05 0.11
33. Mean of msufficient consumer credit history 0.03 0.05 0.09 0.15
34. Mean of delinquent consumer credit history 0.07 0.14 0.08 0.18
35. Mean of serious consumer delinquencies 0.06 0.24 0.12 0.21
36. Proportion with public records 0.05 0.27 0.06 0.23
37. Mean number of commercial credit reports on file 1.48 1.55 1.45 1.38
38. Mean number of credit lines on report 13.4 14.2 9.27 9.50
Loan_and Propertv_Characteristics
39.° Fixed loan 0.66 0.64 0.67 075
40. Term (Months) 3435 344 4 3558 357
41. Proportion for special programs 0.03 0.04 0.28 0.32
42. Mean appraised value of property ($) 240,880 184,072 139,513 145,632
43. Proportion denied private mortgage insurance 0.001 0.14 0.008 0.25
44, Mean of loan-to-value ratio 0.75 0.84 0.85 0.89
45, Mean number of units in property purchased 1.12 1.25 1.58 1.86
Neigshborhood Characteristics
46, Mean of rent to value in tract 0.08 013 0.16 0.14
47, Median income in tract 55,669 52,445 28,830 28,744
48. Boarded-up rate 0.02 0.02 0.10 0.09
49. Vacancy rate 0.06 0.06 Q.10 0.10
50. Number of white applicants 1965 220 48 10
51. Number of black/hispanic applicants 299 97 191 93

Nole: Perceniage base 1or ach ilem does Dol inciude applicants foF whom InToTmalion was Thissing,
&



Values of Variables Collected on 1992 Follow-up Survey

Table I

Applications by Whites

Applications B}f Blacks/Hispanics

Characteristic Accepted Rejected Accepted Rejected
Personal/Financial Characteristics v

1 Mean age of applicant 36 36 37 37

2 Mean age of coapplicant 26 22 24 23

3 Mean years of school (applicant) 16 15 14 14

4 Mean years of school (coapplicant) 11 9 9 9

5 Mean number of applicant dependents 0.71 0.82 0.98 0.94

6. Mean number of years in line of work (applicant) 11 11 9 8

7. Mean number of years in line of work (coapplicant) 8 9 7 6

8 Mean number of years on job (applicant) 7 6 6 5

9. Mean number of years on job (codpplicant) 5 6 5 4

10. Proportion self-employed 0.12 0.22 0.08 0.07
1 Mean base monthly income (applicant) 4,439 4,150 3,186 3,008
12. Mean base monthly income (coapplicant) 1,378 1,475 1,169 1115
13. Mean total monthly income (applicant) 5,096 4,911 3,581 3359
14. Mean total monthly income (coapplicant) 1,484 1,684 1,276 1269
15. Mean proposed monthly housing expense (§) 1,499 1,579 1,229 7 1209
16: Mean purchase price (§) 198,000 189,000 151,000 149,000
17. Mean value hiquid assets (§) 94,000 140,000 40,000 43,000
18. Mean value total assets (§) 365,000 442,000 139,000 101,000
19. Medn of networth 275,000 354 000 103,000 64,000
20. Mean total nonhousing monthly payments ($) 474 588 391 522

21 Mean value of total liabilities (§) 90,000 88,000 36,000 37,000
22. Mean obligation ratio (housing expense/income) 24 .80 29.50 25.20 29.0
23 Mean total obligation ratio (total obligations/income) 32.00 40.32 32.83 39.69
24, Mean of unemployment region 3.8] 4,37 3.61 371
25, Mean of probability of unemployment 0.19 0.22 0.23 0.23
Cre(lit History

26, Mean of no late mortgage payment 0.35 0.25 0.17 0.09
27, Mean of one or two late mortgage payments 0.01 0.04 0.01 0.02
28. Mean of no mortgage payment history 0.63 0.67 0.81 0.87
29. Mean of more than two late mortgage payments Q.01 0.03 0.00 0.02
30. Mean of no "slow pay" consumer account 0.62 0.37 053 0.21
3. Mean of one or two slow pay consumer accounts 0.19 .19 0.13 0.11
32 Mean of more than two slow pay consumer dccounts 0.05 0.08 0.08 0.10
33. Mean of insufficient consumer credit history 0.02 0.03 0.07 0.13
34, Mean of delinquent consumer credit history 0.07 011 0.08 0.20
35. Mean of serious consumer delinquencies 0.05 0.21 0.12 0.26
36. Proportion with public records 0.04 0.22 0.09 0.31]
37. Mean number of commercial crédit reports on file ] 2 2 1

38 Mean number of credit lines on report 14 15 11 11
Loan_and Property Characteristics

39. Fixed loan 0.68 0.66 0.60 0.69
40. Mean term 347.23 346 .84 356.27 357.79
41. Special Programs 0.03 0.03 0.17 10.20
42. Mean appraised value of property ($) 208,000 192,000 159,000 153,000
43. Proportion denied private mortgage insurance 0.00 0.15 0.00 018
44, Mean of loan-to-valie ratio 0.74 0.83 0.85 0.88
45. Mean number of units in property purchased 1.12 1.25 1.36 1.58
Neighborhoed Characteristic

46. Mean of rent to value ratio n Tract 0.08 0.10 0.12 0.17
47, Median income in tract 56,091 54,767 40,279 36,891
48, Boarded-up rate 02 02 0.06 0.05
49. Vacancy rate _ 06 06 0.07 0.08
50. Mean in minority tracts 48 10 191 95
51 Mean in white tracts 1965 220 299 97

Note: Percentage base for each item does not include applicants for whom information was nussing.



Table IV

Determinants of Mortgage Lending: Tests of Redlining Using the Original HMDA Data.

Dependent Variable = 1 if application is . v Logit Linear Probability
denied
Constant -2.46 -2.48 0.06 0.06
(-17.8) (-17.8) (3.60) (3.36)
Loan amount/income ‘ 0.10 0.10 0.02 0.02
(2.02) (2.03) (2.24) (2.25)
Jumbo 0.24 0.24 0.03 0.03
(1.39) (1.42) (1.22) (1.25)

Personal and Tract Characteristics

Female -0.08 -0.09 -0.009 -0.01
(-0.55) (-0.64) (-0.53) (-0.63)
Minority tract 0.44 0.08
(2.60) (2.55)
% Minority in neighborhood , 0.006 0.001
(3.32) (3.28)
Race 1.06 1.02 0.15 0.14
(7.92) (7.38) (6.76) (6.14)
Log likelihood -1100.6 -1100.0
Adjusted R-squared ; 0.06 0.06
Number of observations 2866 2866 2866 2866

Jumbo = 1 if the amount of the loan is greater than $192,000 and zero otherwise. Minority Tract = 1 if the population
of the fract is over 30 percent minority and zero otherwise. t-statistics, adjusted for heteroscedasticity and for
grouped errors at the tract level, are in parentheses.




Table V

Tests of Mortgage Redlining Including the Variables from the Extended Survey

Dependent Variable = 1 if Application is Denied

Logit Linear Probability
! Redlining excluding Race Redlining and Race Redliniiig excluding race Redlining and. Race
Constant -6.58 -6.60 -6.62 -6.63 -0.2t -0.22 -0.21 -0.21
(-10:40) (-10.40y (-10.5) (-10.5) (-6.71) (-6.79) (-6.78) (-6.83)
Ability to Support Loan ‘
Housing expense 0.46 0.46 045 0.45 0.06 0.06 0.06 0.06
: 3:14) 3.15) (3.04) (3.04) (3.60) (3.60) (3.53) (3.53)
Total debt payinerits/income 0:05 0.05 0.0% 0.05 ©0.005 © 0,005 0.005 0.005
(5.06) (5.09) (5.12) (5:13) (6.36) (6.35)- (6.37) (6.98)
Net wealth 0.00007 0.00007 0.00009 0:00008 0.0400008 0.000008 0.000009 0.00009
~ (1.96) (1.88) (2.33) (2.29) (1.82) (1.84) (1.89) (1.89)
Unemploymerit region 0.07 0.07 0.08 0.08 0.007 0.007 0.007 0.007
(2.32) (2.28) (2.64) (2.61) 2.13) (2.12) 2310 (2.30)
Self emploved 0.41 0.41 0.42 0:46 0.04 0.04 0.04 0.04
(2:19) (2.21) (2.25)- (2.26) 220 (2.20) (2.23) (2.23)
Consumej Credit History
One or two' slow pay accounts 0.64 0.64 0.64 0.64 0.04 0.04 0.04 0.04,
(3.54) (3.52) (3.54) (3.53) @3.10) (3.03) (3.09) (3.08)
More than two  slow pay accounts 0.87 0.86 0.78 0.78 0.06 0.06 0.06 8.06
(3.22) (3.19) (2.83) (2.83) (2.19) (2.14) (1.92) (1.91)
Insufficient ¢credit history 1.59 1.58 1.51 1.51 0.15 0.13 0.15 0.14
(5.70) (5.74) (5.47) (5.51) (4.10) (4.10) (3.89) 3.91)
Delinquencies 1.34 1.32 1.30 1.30 0.13 0.13 0.13 0.13
(6.38) (6.31) (6.20) 6.18%) (5:02) 5.0) (4.96) (4.95)
Serious delinquencies 1.63 1.62 1.58 1.57 0.19 0:19 0.18 0.18
(8.60) (8.49) (8.20) (8.17) (6.94) (6.86) (6.73) (6.70)
Mortgage Credit History R
No mortgage history 0.34 0.33 0.30 0.30 0.02 0.02 0.02 0.02
(1.90) (1.82) , (1.65) (1.62) (1.96) (1.87) (1.67) (1.64)
One or two  slow accounts 0:69 0.68 0.66 0.66 0.06 0.06 0.06 0.06
(1.50). (1.49) (1.42) (1.42) (1.03) (1.02) (1.00) (1.00)
More than two late payments 1.17 1.17 1.15 L.15 015" 0.15 05 1.15
(2.3%) (2.32) (2.32) (2.31) (1.79) (1.75) (1.74) (174
Public record history 1.32 1.33 1.24 1.23 0.21 0.21 0:20 0.20
(7.09) (7.12) (6.68) (6.68) (6.6 (6.6%) (6.42) (6.43)




Table V continued

'

Logit' Linear Probability
Dependent Variable = 1 if Application is Denied Redlining excluding Race Rédlining and Race Redhning excluding Race ~Redlining and Race
Property Characteristic
Two.to four-family honie 0.49 0.48 0.44 0.43 0.05 0:05 0.05 0.05
(2:95) (2.90) (2.60) (2.5T) @2.72) (2.65) (2.34) (2.31)
Not owner occupied 1.06 1.05 1.13 1.12 0.10 0.10 0.10 0:10.
(3:28) (3.26) (3.50) (3.49) (2.89) (2.89) (3.01) (3.00)
Terms of Loan
Denied private morigage insurance 4.53: 4:53 4.58 4,58 0.67 0.66 0.67 0.67
(8.39) (8.37) (8.43) (8.43) (18.6) (18.7) (18.8) (18.9)
Loan/appraised valtie: low 1:19 1.19 1.13. 1215 0.03 0.03 0.02 0.02
(1.67) (1.66) (1.63) (1.62) (0.75) (0.74) (0.63) (0.63
{
Loan/appraised value: mediuin 1.36 1.35 1.23 1.23 0.06 0.05 0.04 0.04
- (2.30): (2.27) (2.12) (2.11) (1.68) (1.65) (1.33) (1.33)
Loan/appraised valie: high 1.57 1.53 1.43 1.43 0.10 0.09 0.09. 0.08
.71) (2.64) (2.50) (2.48) (.47 (2.3%) (2.17) 2:13)
Tract Characteristics
Minotity tract 0:50 0.16 0.06 0.02°
(3.01) (0.88) (3.02) (1.00)
Percentage of minority in neighborhood 0.008 0.0003" 0.001 0.0004
(3:81) (1.29) (3.85) (133)
Personal Characteristics
Raee 0.63 0.60 0.07 0.07
(3.72) 3.5D) (3.57) 3.3
Log of likelihood -845.3 -844.1 -838.0 -838.0
Adjusted R-squared 0.29 0.29 0:30 0.30
Number of obsetvations 2925 2925 2925 2925 2923 2925 2925 2925

% of Correctly predicted

* Lstatistics, adjusted for heterascedasticity and for grouped errors at the traci level. are in pareritheses.



Table VI
Estimated Coefficients of Individual Characteristics

v Dependent

variable=1 1f Logit Linear Probability

application is

denied

Tract

Characteristic

Minority Tract 0.09 0.02
(0.46) (0.64)

% of Minerity 0.002 (.0002

in Tract (6.63) (0.79)

Personal

Characteristic

Education -0.04 -0.04 -0.003 -0.003
(-1.83) (-1.80) (-1.38) (-1.36)

Single 0.34 0.33 0.03 (.03
(2:05) (2.00) (2.08) (2.05)

Number of 0.008 0.007 0.0002 0.0002

Dependents 0.13) (0.12) (0.04) (0.03)

Age 0.006 0.006 0.0005 0.0005
(0.75) (0.76) (0.75) (0.74)

Female -0.21 -0.21 -0.02 -0.02
(-1.16) (-1.18) (-1.23) (-1.25)

Race 0.61 0.59 0.07 0.07
(3.51) (3.40) (3.38) (3.22)

Log of -817.03 -817

Likelihood

Adjusted R- 0.29 0.29

squared

Observations 2872 2872 2872 2872

* t-statistics, adjusted for heteroscedasticity and for grouped errors at the
tract level, are in parenthieses.



Table VII
Alternative Specifications for Redlining

Logit ‘ = Linear Probability
Dependent Variable = 1 if application Nonlinear Steering, Redlining, Steering,Redlining, Nonlinsar Steering, Redlining, Steering, Redlining,
is denied Redlining® and Diserimination® arid Discrimination, Redlining® and Discrimination® and Discrimination,
including additional including additional
\ personal pérsonal
characteristics’ characteristics®
Tract Characteristics
Minority Share: 50%-75% -0.02 0.02
(-0.05) 0.32)
Minority Share: 30%-50% -0.18 -0.02
(-0.52) (-0.43)
Minority Tract 0.22 0.38 0.34 0.03 0.02 0.02
(1.05) (0.95) (0.86) (1.00) 0.57) (0.45)
Mingrity Tract * Race -0.27 -0.31 0.001 -0.004
(-0.54) (-0.64) 0.02) (0.07)
Personal Characteristics
Race 0.62 0.66 0.64 0.07 0.07 ' 0.07
(3.68) (3.70) (3.53) (3.46) (3.26) (3.14)
Log Likeliliood -837.9 -837.8 -816.8
Adjusted R-squared 0.29 0.29 0.29
Number of Observations 2925 2925 2872 2925 2925 2872

These additional tract and race viriables are added to the base equation in Table V. Onlv the relevant coellicients are presented.

These additional tract and race variables arc added to the basc cquation in tabje V along with the personal characterislies of gender. marital status. number of dependents.age.and education.
Onlv the relevant ceofficients are presented.

t-statrstics adinsted for heteroscedastiony and for grouped crrors at the tract level are i parentheses.

N



Table VIII
Redlining Based on Alternative Tract Characteristics

Dependent vanable = | if Logit: ' . Linear Probability
application is denied ‘

Tract Characteristics

High boarded-up rate® S 012 0.08 0.14 -0.01 -0.02 -0.01
0.47) 0.3 (0.52) (-0.37) (-0.55) (-0.36)
High vacancy rate® -0.16 017 —0.15 -0.04 -0.01 -0.01
(-0.50) (-0.53)  (-0.47) (-0.53) (-0.58) (-0.53)
Low income® 0.03 -0.003 0.02 0.003 -0.002 0.003
(0.10) (-0.01) (©.07) (0.08) (-0.05) (0.08)
Rent/value 0.60 0.60 0.60 0.07 0.07 0.07
(3.15) 3.1 3.14) (2.15) (2:13) (2.15)
Minority tract 0.08 0.29 0.02 0.02
(0.28) (0.62) (0.49) (0.34)
% of Minority in tract 0.002 0.0004
051 (0:81).
Minority Tract * race -0.26 0.0001
(-0.51) 0.002)

Personal Characteristics

Race 0.62 0.60 0:65 0.07 0.07 0.07
(3.67) (3.49) (3.66) (3.58) (3.3 (3.27)

Log of Likelihood -745.3 ~745.2 ~745.2

Adjusted R-squared . 0.31 0.31 0.31

Observations 2615 2615 . 2615 o 2615 2615 - 2615
" High boarded-up rate and high vacancy rate refer to boarded-up rates and vacancy rates greater than 0:12 and .16
respectively. Low income refers 1o median traet incomes less than $34,000. These additional tract.and race variables
are added to the base equation in Table V.. Only the relevant coelficients are. presented. (-statistics, adjusted for
heteroscedasticity and for grouped errors at the tract level, . parentheses.



Table IX
Redlining and the Decision. to Require Private Mortgage Insurance

Dependent Variable = 1 1f Logit ~ Linear Probability
application 15 denied ’
' Omitting Omittimg
Observations Observations
Denied PMI » Denied PMI
Traet Characteristics ‘
Denied Private Mortgage 4.58 - 0.67
Insurance (8.43) (18.8)
Minority Tract 0.16 0:30 0.19 0.02 0.05 v 0.03
(0.88) (1.69) (1.02y (1.00) (1.91) (1.19)
Personal Characteristics
Race 0.63 0.54 0.62 0.07 0.07 0.07
3.7 (3.38) 3.71) G.57 (3.25) (3.46)
Log of Likelihood -838.00 <9239 -820.00
Adjusted R-squared 0.29 0.21 0.20
Number of Observations 2925 2925 2850 2925 2925 2850

% of Correctly Predicted

* t-statistics, adjusted for heteroscedasticity and for grouped errors at the tract-level, are in parentheses.



Table X
Redlining and the Decision to Require Private Mortgage Insurance

Linear Probability

A

Dependent variable = 1 if Personal Characteristics Personal Characteristics with Personal Characteristics with base
application is denied base model model and tract dummies
Constant 0.09 -0.24 ' -0.34
(5.82) (-6.69) (-3.88)
Education: less than high school 0.05 0.05 0.07
(0.84) (0:94) (1.23)
Education: greater than college -0.03 -0.02 -0.02
(-2.44) -1.33) (-148)
Female -0.02 <0.01 -0.02
(-6.92) (-0.61) -1.20)
Age 25 0.04 ‘ 0.04 0:04
(1.56) (1.88) (1.78)
Years in current line of 0.0009 0.002 0.002
employment (0.75) (1.37) (1.85)
Years in current job -0.002 -0:001 -0.001
(-1.80) (-1.39) (-1.02)
Single 0.05 0.03 . 0.02
(2.96) (2.03) (1.23)
Number of dependents 0.01 0.003 0:006
(1.82) (0.44) (0:91)
Race 0.17 0.08 0.08
(8.59) (4.40) (3.26)
Adjusted R-squared 0.05 0.30 0.30

Observations 2817 2817 2817

* t-statistics, adjusted for heteroscedasticity and for grouped errors at the tract level, are in parentheses.
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