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Abstract

Recent data released pursuant to the 1989 amendments to the
Home Mortgage Disclosure Act (HMDA) which show large disparities
in mortgage lending between minority and non-minority
neighborhoods, have refocused the attention of policy makers,
lenders, community advocates and academics on possible racial
discrimination in the home loan market. In this paper, we review
the existing literature on redlining. Many of the methodological
shortcomings of previous studies can be remedied by using post-
1989 HMDA data to examine whether lender acceptance or rejection
of mortgage applications is related to racial and ethnic
neighborhood composition. We test two models of the lender’s
decision to accept or reject loan applicants, one including and
one without variables that proxy for neighborhood risk using data
for Boston and Philadelphia. With proxies for neighborhood risk
included, the results do not support the hypothesis that
financial institutions redline neighborhoods in these two cities.



A Tale of Two Cities:
Racial and Ethnic Geographic Disparities
in Home Mortgage Lending in Boston and Philadelphia

Michael H. Schill and Susan M. Wachter"

In recent years, federal housing policy has increasingly
focused on promoting homeownership among low income households
(DiPasquale 1990, Schill 1990). In particular, legislation has
been enacted to encourage low income, predominantly minority
families living in central cities to become homeowners (Cranston-
Gonzalez National Affordable Housing Act 1990). Despite these
efforts, recent empirical studies show large disparities in
homeownership rates between whites and blacks. In 1989, the
proportion of white households that were homeowners exceeded the
homeownership rate among nonwhite households by twenty percentage
points, a disparity that has persisted for two decades (Wachter
and Megbolugbe 19982).

Disparities in homeownership rates between white and
nonwhite households are caused by economic as well as non-
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economic factors. On average, racial minorities earn less
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income than whites and possess less wealth (Wachter and Weicher
1989). 1In addition, recent housing audits indicate that minority
home buyers are discriminated against by sellers and real estate
agents (Turner, Struyk and Yinger 1991). Finally, many have
alleged that home loan mortgage originators systematically
discriminate against nonwhite applicants either individually or
by denying credit to the neighborhoods they live in through a
process identified as "redlining"? (Dreier 1991).

Whether mortgage originators redline predominantly minority
neighborhoods has enormous significance for public policy.
Arbitrary denial of credit may harm individual applicants who are
discouraged from owning homes. Denial of mortgage credit to
entire neighborhoods may lead to disinvestment in these
communities and the deterioration of living conditions for their
inhabitants. In this article, we seek to determine whether a
relationship exists between the granting of home mortgage loans
by financial institutions.in Boston and Philadelphia and the
racial composition of neighborhoods in which applicants wish to
live.

In the mid-1970s, Congress acted to fight what it believed
to be discrimihatory lending practices by home loan mortgage
originators. The Home Mortgage Disclosure Act of 1975 (HMDA)
requires lenders to disclose the location by census tract, number
and amount of mortgage loans they originate. The Community
Reinvestment Act of 1977 (CRA) imposes an affirmative obligation

on lenders to meet the credit needs of all residents in their



service areas. Financial institutions that do not meet their CRA
obligations will be denied federal approval of their applications
to acquire or merge with other institutions or to engage in other
businesses.

Prior to 1990, data made available under HMDA included only
the aggregate number of loans and the dollar value of the loans
originated in individual tracts. Studies using this data, by
necessity, were unable to isolate whether the amount of loans
originated in a particular neighborhood was determined by the
forces of supply or demand. For purposes of determining whether
banks redline, however, one must be able to isolate and ascertain
the factors that affect the supply decision. In 1989, as part of
the Financial Institutions Reform, Recovery, and Enforcement Act
(FIRREA), Congress attempted to address the shortcomings of HMDA
by requiring mortgage originators to provide data to federal
regqulatory agencies on whether they accepted or rejected
individual applicants by census tract. Loan originators must
also report the applicants’ income, sex and race. Post-1989 HMDA
data, by including information on whether individual applicants
are accepted or rejected, permit us to study separately the
determinants of the supply decision.

Together with recent journalistic reports of geographic
discrimination in the home loan mortgage market (Dedman 1988},
newly released HMDA data have refocused the attention of policy
makers, lenders, community advocates and academics on possible

racial discrimination in the home loan mortgage market. These



data show large disparities in the rates of acceptance between
white and nonwhite applicanfs for mortgage loans as well as
between minority and non-minority neighborhoods (Canner and Smith
1991, 1992).

In response to this new evidence of higher rejection rates
in predominantly minority areas, consumer advocates and community
groups have called for increased enforcement of existing legal
protections against home finance discrimination. In particular,
there have been calls for enhanced review of lenders’ performance
under the Community Reinvestment Act (CRA). One of the primary
reasons for passage of the Act was to deter banks from redlining
inner city communities disproportionately composed of minority
households.

The release of the newly constituted HMDA data permit us to
better understand the relationship between the racial and ethnic
composition of neighborhoods and home mortgage lending decisions.
In this paper, we specify models to test whether the racial and
ethnic composition of the geographic area in which loan
applicants wish to purchase, refinance or improve their homes is
related to lenders’ decisions to accept or reject their
applications. A test of whether lenders discriminate based upon
the race or ethnicity of individual applicants is impossible
because the HMDA data do not contain controls for borrower
creditworthiness and default risk.

The paper is organized as follows: Part I reviews the

empirical literature on home mortgage redlining. In Part II we



model the accept/reject decision as a function of borrower
characteristics and economic factors and include geographic
racial and ethnic concentration ratios to test for disparate
lending patterns. Part III describes the data used in the
estimated models. 1In Part IV we present and discuss the results

of our empirical analysis.

I. Previous Research on_Redlining

Most studies that test for the existence of redlining use
one of two methodologies. One set of studies (the "Aggregate
Studies") examines the aggregate supply of home mortgage loans
made in particular neighborhoods to determine whether the racial
composition of these communities is related to the number of
loans or amount of funds made available by lending institutions.
The second set of studies (the "Accept/Reject" Studies) examines
the relationship between the racial composition of neighborhocods
and the probability that applications for home loans are accepted
or rejected in those neighborhoods. Table 1 summarizes the
results of Aggregate and Accept/Reject Studies, describing the
daté used, methodology, level of geographic aggregation,
dependent variables, control variables and the measure(s) used to
test for possible redlining.

Aggregate Studies typically specify three sets of
independent variables. The first set is included to measure

demand for mortgage credit; the second set is included to capture



the risk of loss to the lender. Third, indicators of possible
redlining are included. Accept/Reject Studies typically include
the latter two sets of variables.

Table 1 contains the results of six Aggregate Studies
completed before 1982. All but one.(Listokin & Casey 1980) find
inconsistent results. The single early Accept/Reject Study

(Schafer & Ladd 1981) finds little evidence of redlining.

A. Recent Aggregate Studies

Table 1 summarizes the results of four recent Aggregate
Studies. Three examine lending patterns in individual
metropolitan areas or cities: Baltimore (Shlay 1989), Boston
(Bradbury et al 1989) and Chicago (Shlay 1988). Each area-
specific study finds evidence of geographic racial and ethnic
disparities consistent with the hypothesis of redlining. The
only recent study which does not consistently support the
hypothesis of redlining, Hula (1989}, has been criticized for
using aggregate data for the entire United states.?

All three area-specific studies are consistent in their
findings that financial institutions redline minority
neighborhoods. Nonetheless, all of these Aggregate Studies are
subject to the same methodological problem. Because the studies
use reduced form equations, they cannot identify coefficients of
racial concentration variables as reflecting supply rather than

demand influences. The use of reduced form equations which



combine demand and supply factors result in geographic racial and
ethnic concentration measures that reflect demand-side
influences, although they are included to test for lender

discrimination (Galster 1992b).

B. Recent Accept/Reject Studies

Guttentag and Wachter (1980) and Ostas (1982) suggest the
use of Accept/Reject Studies as a way to remedy the
methodological shortcomings of Aggregate Studies. Prior to 1991,
only one Accept/Reject Study had been published (Ladd & Schafer
1981). The primary reason is that data released under HMDA did
not contain information about individual loan applicants. As a
result of the 1989 amendments to HMDA these data are now
available. Three recent studies, all using post-1989 HMDA data,
have examined whether racial and ethnic geographic disparities
exist in mortgage lending. Two studies by Canner and Smith
(1991, 1992) report the disposition of home loan applications by
the purpose of the loan and the racial characteristics of the
census tracts in which the properties were located. The data,
which cover all metropolitan areas in the United States, show
that approval rates for households wishing to purchase homes in
predominantly minority census tracts are considerably lower than
approval rates elsewhere.

A third study that utilizes HMDA accept/reject data (Munnell

et al. 1992) extensively tests for discrimination against



individual applicants based upon race. Although redlining is not
a central focus of their study, the authors present one model
with a geographic racial composition variable measuring whether a
neighborhood has a population that is more than 30% black. The
study finds that the coefficient for this variable is
statistically insignificant.

Existing Accept/Reject Studies do not adequately test
whether geographic racial and ethnic disparities exist in the
home loan mortgage market. Canner and Smith (1991, 1992) do not
conduct multivariate analysis; their study is limited to
crosstabulations. Schafer and Ladd (1981) and Munnell et al.
(1992) include few neighborhood risk variables in their studies.

The models presented in this article use the Accept/Reject
methodolegy to examine whether geographic racial and ethnic
disparities in home mortgage lending exist in two large American
cities: Boston and Philadelphia. The use of an Accept/Reject
model permits us to identify separately the effects of supply and
demand. Furthermore, we control for neighborhood risk by using

extensive data from the 1990 Census of Population and Housing.
IT. Methodology

In this section we use a simple framework to examine the
effect of racial and ethnic minority neighborhood composition on
loan acceptance rates, For each of three loan types (home

purchase, refinancing, and home improvement loans), we specify
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two alternative Accept/Reject models (with and without
neighborhood risk proxies) to test whether the racial and ethnic
composition of geographic areas in which applicants seek
conventional home mortgage loans are related to the decision by
lenders to accept or reject their loan applications. Our
analysis focuses on conventional rather than FHA- or VA-insured
mortgages because previous studies suggest that racial
discrimination is more likely to affect the origination decisions
of the former (Canner, Gabriel & Wooley 1991, Gabriel and
Rosenthal 1991).

We medel financial institutions’ mortgage lending decisions
by hypothesizing that these decisions are a function of risk and
return factors that affect the expected net present value of the
loan. In the absence of discrimination,? to maximize profits,
financial institutions are assumed to accept loan applications
whenever a loan’s expected net present value (NPV) exceeds zero.

The probability that an individual applicant in a particular
census tract is accepted for a mortgage locan is described as
follows:

Prob (P)ij= £(Iy, Cj)
where Piy is the probability that a mortgage loan application by
individual i for a dwelling unit in census tract j is accepted;
I, and Cj are sets of individual loan application and census
tract characteristics, respectively, which are hypothesized to
affect NPV. P=1 if the loan application is accepted and P=0 if

the application is rejected.
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The analysis employs a standard logit regression model to
estimate the probability that a borrower will be accepted for a
loan:

P=exp [BX]/{l+exp[BX])
where P represents the probability of acceptance for a loan with
characteristics X and X is a vector of the attributes of the
loan, including sets of borrower and location characteristics I;
and Cy. The vector of estimated coefficient values B indicates
the effects of each characteristic on the likelihood of
acceptance. The modeling of lenders’ accept/reject decisions in
this form assumes that the separation of the sample into accepted
and rejected applications is only the lender’s decision (Maddala
& Trost 1982).5 Furthermore, the mortgage interest rate is
assumed to be set by market conditions and financial
institutions’ willingness to bear risk. (Stigiitz & Weiss 1981).
The acceptable level of risk is determined by secondary market
and lending institutions. These institutions prescribe sets of
standards (related to risk) above which they will purchase or
originate loans for a given return.

The empirical specification of the above model uses measures
of borrower and location characteristics that are hypothesized to
affect the loan’s NPV through their expected impact on mortgage
loss attributable to default. This expected loss is, itself, a
combined function of the likelihood of default and the expected
loss upon default.

We next consider the expected effects of the individual and
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neighborhood risk proxies in our model on the lenders’
accept/reject decisions. The economic literature on mortgage
defaults shows that individual borrower characteristics may or
may not be related to the risk of default (Stegman & Quercia
1992). We employ all individual borrower characteristics
contained in the HMDA loan register including the applicant’s
race, ethnicity, income and sex in our first specification, Model
1. In addition, we use HMDA data to construct a loan constraint
variable that we expect will be negatively related to the
probability of loan acceptance (Linneman & Wachter 1989).

We also include as an individual characteristic in Model 1
the size of the loan requested. A lender’s decision to accept or
reject a potential borrower may be related to the size of the
loan requested although the direction of the relationship is
unclear. Ceteris paribus, lenders may prefer to originate larger
loans to those that are small because of economies of scale in
loan production. On the other hand, the loss upon default is
likely to increase with the size of the loan.

The use of publicly available data limits our access to
individual borrower and property risk characteristics. 1In
particular, we lack borrower credit history. Because we lack
detailed borrower characteristics, we cannot interpret the race
or ethnicity of the borrower as a measure of individual race
discrimination. We thus test for disparate lending patterns
assuming that financial institutions do not discriminate on the

basis of individual borrower characteristics. Alternatively, if
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financial institutions do so discriminate, we test for whether
the racial or ethnic composition of neighborhoods has an
additional negative impact on loan acceptance rates.

In our second model (Model 2), we add to the individual
applicant variables of Model 1, variables that proxy for
neighborhood risk. Empirical studies of the determinants of
mortgage default (Quercia and Stegman 1992) consistently find
that the loan-to-value ratio at the time of default is the
critical factor in whether borrowers exercise their default
option. To minimize expected mortgage loss, financial
institutions must, ex ante, predict whether the expected future
value of the property securing the loan will exceed the
outstanding debt.

Because we rely solely on publicly available data, we are
unable to include in our model a number of property-related risk
characteristics that lenders often use in their underwriting
decisions. Most critically, we lack loan-to-value ratios at the
time of loan application as well as during subsequent periods
since we do not have the appraised value of the property.6
Nonetheless, we are able to include neighborhood risk proxies
that are likely to affect future loan-to-value ratios.

The economic literature indicates that declines in home
values in particular geographic areas are likely to be correlated
because of the existence of externalities.” The decision by
individual homeowners not to maintain their homes reduces the

value of these homes. Because of externalities, these individual
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decisions to disinvest reduce land values in the community.
Lower property values, in turn, reduce the incentives of
neighboring homeowners to maintain their homes. Homeowners will
not invest in physical repairs because they will be unable to
recapture the value of their investments due to decreased sales
prices.

A household’s ability to maintain its home is correlated
with its financial capacity. Homeowners with lower incomes are
less able than more affluent residents to invest in repairs and
improvements (Linneman & Wachter 1989, Gyourko & Linneman 1993).
Moreover, the income elasticity of demand for housing is lower
for low income households (Ihlanfeldt 1982). In addition,
Potepan (1989) finds that the propensity to move rather than
engage in home improvement increases with household income. As a
result, the level of disinvestment in a particular neighborhood
may be negatively related to the income of its residents. 1In
particular, neighborhoods with high proportions of very low
income households may experience significantly higher levels of
capital consumption. To capture the effects of income and
poverty we include in our model two variables: median household
income and the proportion of households receiving public
assistance.

Homes that have either not been maintained in the past or
that currently require high levels of repair are especially
likely to deteriorate because greater costs of maintenance deter

homeowners from investment (Galster 1987). These homes are also
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more likely to generate negative externalities when the owner
disinvests. Since older homes are often in worse physical
condition than new homes and are more costly to repair, we expect
that the age of housing in a neighborhood will be positively
related to the risk of disinvestment.® A lack of adequate
maintenance of housing is also more likely to occur when
structures are occupied by tenants rather than homeowners. Due
to agency costs, homes are more likely to be well maintained when
the owner is in possession.? Neighborhoods with higher levels
of homeownership are thus less likely to experience
disinvestment. In our model, we attempt to capture these
dynamics by including variables that measure the median age of
homes in the neighborhood as well as the proportion of
homeowners.

Disinvestment is also more likely to occur in neighborhoods
with high levels of vacant housing units.l® vacant units and
low house values may reveal expectations of property owners that
the opportunity cost of continued investment in that community is
not justified.!! These lower expectations of capital gains
would also be indicated by higher rent-to-value ratios.1? To
capture these effects we include in Model 2 vacancy rate, median
house value and rent-to-value ratio variables.

Finally, we include variables to measure the proportion of
households in each census tract in 1990 that are headed by
persons designated as black and Hispanic. These variables are

used in both Models 1 and 2 to test for disparate lending
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patterns based on the racial and ethnic composition of the

geographic area.

IIT. Description of Data

Two sources of data are used in this study. Data on the
individual characteristics of applicants for mortgage loans and
their success or failure in obtaining these loans is provided by
the Federal Financial Institutions Examination Council (FFIEC).
Under HMDA, all lending institutions located within a
metropolitan statistical area with assets in excess of ten
million dollars are required to file loan registers with the
FFIEC in which they report for each mortgage loan applicant the
type of loan they applied for (i.e. conventional or federally
insured), the purpose for the loan (i.e. home purchase, home
improvement, refinance or multi-family dwelling), the dollar
amount of the loan, the census tract in which the dwelling
securing the loan is located, whether the dwelling is owner-
occupied and whether the loan application was approved or denied.
The HMDA disclosure records also provide information on the
applicant’s income, sex and race.

To estimate our models, we use HMDA data on applicants for
conventional home mortgage loans.!3 The dependent variable in
our study is ACCEPT, a dummy variable which takes on the value of
"i" if the applicant is granted a lcan and "0O" if denied credit.

Other individual variables derived from the HMDA data used
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in our model as independent variables include continuous
variables for the applicant’s income (APNINC), the amount of the
loan requested (APNLOAN} and to test for non-linear effects, the
square of the applicant’s income {(SQAPHINC) and the square of the
the loan amount reguested (SQAPLOAN). We also employ a dummy
loan constraint variable (LOANCON3) which estimates the ratio of
mortgage payments to income. Since mortgage rates averaged
approximately 10% in 1990 (Wefa Group 1590), with a 33% loan
payment-to-income ratic, we constrain LOANCON3 to take on the
value of *i® if the requested loan amount exceeds 10/3 of the
applicant’s income and "0" if it does not. Dummy variables are
also included to indicate whether the applicant is black
(APBLACK), Hispanic (APSPAN), or male (APMALE).

Neighborhood risk variables are derived from the 1990 Census
of Population and Housing (File STF-3). The unit of observation
for all neighborhood variables is the census tract in Boston and
Philadelphia. The variables are the median household income
(MEDHHINC), median house value (MEDVALUE), median age of houses
(MEDAGSTR), the percent of vacant housing units (RVACUNIT), the
percent of owner-occupied units (ROWN) and the percent of
households receiving public assistance income (RWELFARE). We
also construct a variable to proxy for the risk of real estate
investment in the census tract (RENTVAL). RENTVAL is a
continuous variable equal to the median rent divided by the
median house value.

Finally, we include two variables to represent the
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proportion of black and Hispanic households in the census tract:
RBLACK represents the percent of all households that are headed
by a black person; RSPAN is the percent of all households that
are headed by an Hispanic individual.

Tables 3 and 4 provide sample statistics for Philadelphia
and Boston. As indicated by the neighborhood risk variables, the
housing markets in these two cities are quite different. In
particular housing is far more expensive in Boston and the
homeownership rate is substantially lower with respect to
applicants in the sample. Applicant incomes are also higher on
average in Boston. Our constructed variables, RENTVAL and
LOANCON3, also significantly differ, indicating respectively that
the expected rental appreciation rate is higher for the Boston
neighborhoods in which our sample is applying for lcans and that
a higher percentage of applicants are income constrained in that
city.

Compared to home purchase mortgages, loan amounts and

applicant incomes for home improvement loans in both cities are

lower.14

Within Philadelphia, applicants for refinance loans
have higher incomes, larger loan amounts and neighborhood
characteristics indicative of somewhat lower risk than applicants
for home purchase loans. The reverse pattern holds for Boston.
We examine correlation coeffiéients for our variables and
find that two of our independent variables are relatively highly

correlated with RBLACK: APBLACK and RWELFARE.!® For the sample

of home purchase applications, the correlation coefficients
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between RBLACK and APBLACK in Philadelphia and Boston are .69 and
.57, respectively. The correlation coefficients between RBLACK
and RWELFARE in the two cities are .51 and .70.

Table 5 shows rates of acceptance by loan type and city.
For home purchase loan applicants, the overall acceptance rate in
Boston is 7% percent and 85 percent in Philadelphia. These
differences in approval rates may be attributable to dissimilar
housing market dynamics in the two cities. For both cities, as
shown in Table 5, substantial disparities exist in acceptance
rates between applicants for loans in census tracts with high
proportions of black households and those with low proportions.

In Part 1V, we examine the sources of these disparities.

IV. Empirical Analysis

In this section, we present the results of estimating the
accept/reject models described in Part II. Model 1 contains
individual borrower characteristics as explanatory variables.
Model 2 adds to these characteristics variables that proxy for
neighborhood risk. Each model is estimated separately for
Philadelphia and Boston and for each of the types of conventional
loans reported by HMDA (ie. home purchase, home improvement and
refinancing).®

Table 6 presents the estimates of Models 1 and 2 for home
purchase loan applicants.l” The coefficients for RBLACK in

Model 1 for both Philadelphia and Boston are negative and
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significant, results that are consistent with a hypothesis of
redlining. When the neighborhood risk variables are added in
Model 2, however, we are unable to find a significant
relationship between lending decisions and neighborhood racial or
ethnic cosposition.i8

In the Philadelphia home purchase equations, other
independent variables with the exception of MEDVALUE and ROWN
(which are not significant) enter both models with the
anticipated signs. 1In Models 1 and 2, the coefficients for both
LOANCON3 and APNLOAN are significant. 1In Boston, in both models
the LOANCON3 coefficients are significant and negative as
anticipated. The coefficient for APNLOAN in both models has a
negative sign, but is not significant. In the two cities,
different neighborhood risk variables are significant: in
Philadelphia, RVACUNIT and RWELFARE and, in Boston, MEDVALUE and
ROWN. In addition, the coefficients for APBLACK and APSPAN in
both models in Philadelphia and Boston are negative and
statistically significant. We cannot, however, interpret the
significance of these variables as indicating the preségce of
discrimination based upon the race or ethnicity of the applicant.
Since we lack individual borrower characteristics, APBLACK and
APSPAN are likely to proxy for these missing variables.

Tables 7 and 8 present the results for home improvement and
refinance loans. Consistent with the results for home purchase

loan applicants, the coefficient for RBLACK in Model 1 is

negative and statistically significant in three of the four
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estimated equations. The exception is for refinancing loans in
Philadelphia, where the coefficient is ingsignificant. In
addition, in three of the four estimates of Model 2, the
coefficient for RBLACK is statistically insignificant. 1In one
estimation for refinance lcans in Boston, we find that the RBLACK
coefficient is negative and statistically significant.19

The Boston refinance results differ from those in
Philadelphia in other ways as well. The coefficients for APNLOAN
and RENTVAL are significant and have negative signs in Boston,
but not in Philadelphia whereas the LOANCON3 coefficient is
significant and negative in Philadelphia, but not in Boston.
Moreover, the RVACUNIT coefficient has a positive sign and is
statistically significant in the refinance loan equation for
Boston. For home improvement loans, all variables in both models
perform similarly in Boston and Philadelphia, with both APNINC
and APNLOAN coefficients significant with expected signs.

The results also presented in Tables 6, 7 and 8 for the
proportion of Hispanic households in each tract are generally
consistent with the results for black households. With respect
to home purchase loans, the coefficient for RSPAN in Model 1 is
negative and significant in both cities. When neighborhood risk
variables are entered in Model 2 the coefficient is no longer
statistically siqnificant.2°

The findings for Boston and Philadelphia indicate that when
the independent explanatory variables included in our model are

restricted to the individual characteristics of the applicant and
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the size of the loan requested, financial institutions appear to
be arbitrarily denying credit to home buyers in minority
neighborhoods. Nevertheless, once the set of independent
variables is expanded to include measures that proxy for
neighborhood risk, the results do not reveal a pattern of
redlining. With one exception, our results show similar patterns

with respect to applications for home improvement and refinance

loans.?!

our results suggest that the choice between an Aggregate
study or an Accept/Reject Study may influence the results with
respect to a finding of redlining. Our Accept/Reject study fails
to support the hypothesis that financial institutions deny credit
arbitrarily to black neighborhoods, whereas an Aggregate Study in
one of the same cities (Bradbury et al. 1987) found results that
supported a conclusion of redlining. 22

our study also demonstrates that the omission of proxies for
neighborhood risk affects whether disparate racial and ethnic
geographic lending patterns are found to exist., Inferring
redlining solely from the individual variables contained in the
HMDA disclosure reports can be misleading. Although the
inclusion of neighborhood risk variables is necessary, the choice
of which variables to include is problematic. Insufficient data
exist to identify conditions that predict neighborhood decline.
Moreover, two of our independent variables are correlated with
the proportion of minority households in these areas. 1In

particular, APBLACK and RBLACK have correlation coefficients of
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.57 and .69 in Boston and Philadelphia, respectively. Recent
studies demonstrate that blacks in both cities live in segregated
environments (Massey & Denton 1993). Therefore with the
existence of racial segregation in these markets, discrimination
against black loan applicants might have a similar effect as
redlining black areas. If individual applicant characteristics
or neighborhood risk proxies are highly correlated with the
proportion of minority households in a neighborhood, including
these variables in an Accept/Reject model may generate a finding
of no redlining when redlining exists. Similarly, we find that
neighborhood risk proxies are significant, but neighborhood
racial concentration is not. If neighborhood risk proxies are
correlated with neighborhood race and these neighborhood risk
proxies do not really affect profitability, then use of these

factors in the loan decision would be tantamount to redlining.
Conclusion

In response to recent newspaper articles and acadenic
research showing racial disparities in the home loan mortgage
market, policymakers and neighborhood activists have called upon
the federal government to increase enforcement of anti-redlining
regulations such as the Community Reinvestment Act.
Unfortunately, little empirical evidence exists to demonstrate
whether financial institutions deny credit systematically to

minority communities. Data recently released pursuant to the
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Home Mortgage Disclosure Act permit us to examine lending
patterns using a methodology that had heretofore not been
possible. Rather than test a reduced form equation that
confounds the effects of supply and demand, we estimate whether
neighborhood racial and ethnic composition affects lenders’
decisions to accept or reject loan applications.

Our results do not support the hypothesis that financial
institutions redline neighborhoods. Nevertheless, we cannot
state definitively that neighborhood racial and ethnic
composition is unrelated to lenders’ decisions to accept or
reject loan applications since HMDA data do not include a full
set of individual risk characteristics and those that are
included may be correlated with neighborhood risk variables. Our
findings, however, should demonstrate the need for further
research in this area and caution policymakers against new
interventions in the home loan mortgage market that may not be

necessary or desirable.
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Endnotes

1.Wachter and Megbolugbe (1992) find that differences in group
economic endowments explain approximately 80 percent of the
difference in the predicted probability of ownership between black
and white households.

2.Redlining takes its name from the practice by the Federal Housing
Administration of delineating certain areas of cities in which it
would not insure loans. These areas were typically those
disproportionately composed of racial minorities or neighborhoods
in transition (Guttentag & Wachter 1980, Jackson 1985, Wachter
1980) .

3.Hula (1992) has been criticized for combining neighborhoods
throughout the nation and thereby subjecting his results to biases
caused by aggregating disparate samples. See Galster (1992a).

4.The description of discrimination used in this paper does not
necessarily track the legal definition of racial discrimination.
In some contexts, the failure to grant a loan to an applicant even
when the loan’s NPV is positive, would not violate the law unless
some evidence of an intent to discriminate based upon race is
present (Metropolitan Housing Development Corp. V. Vvillage of
Arlington Heights 1977).

5.In a broader framework, mortgage terms woiuld be endogenously
determined as part of a structural model. Using a single equation
approach to model the loan decision may give rise to additional
sources of endogeneity. The decision to apply for a loan from a
specific lender is likely to be affected by the probablility that
the loan application will be accepted. Also, it is possible that
lenders who redline some areas might, nonetheless, provide
financing for prospective minority home owners in other areas with
heavy concentrations of minority households. If so, minority
households might be more likely to apply for mortgage loans in
these areas. Our model will fail to discern evidence of redlining
when such a sorting mechanism occurs. In general the steps a
prospective home owner takes between seeking a mortgage loan and
actually applying toc a specific lender are not well understood.
The use of structural equations to model these steps is beyond the
scope of this paper.

6.If loan-to-value ratios at the time of loan origination are
correlated with areas having higher proportions of minority
applicants, our failure to include this variable might bias our
results toward finding evidence of redlining when it does not
exist. In addition, loan-to-value ratios at the time of loan
origination might be higher in neighborhoods with higher
proportions of nonwhite households because these households are
likely to have 1less financial assets to use as downpayments
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(Wachter and Weicher 1989). This bias toward finding redlining
would not exist if other included variables proxy for high loan-to-
value ratios.

7.See Rothenberg, Galster, Butler & Pitkin (1991) for a discussion
of the theory and empirical evidence on housing investment
decisions.

8.0n the other hand, if land values are increasing, older houses
may become more desirable for redevelopment. If so, a homeowner
might disinvest because his rate of return on home repair would be
low given that the structure will soon be demolished (Rosenthal &
Helsey forthcoming).

9.For a discussion of other reasons why owner-occupied housing is
better maintained than investor-owned housing see Galster (1987).

10. High levels of vacant housing may reflect abandonment. Vacant
housing may also indicate units for which operating costs exceed
market rents. The excess of operating costs over market rents may

be attributable to low demand. In addition to vacancies, low
demand for housing in a neighborhood is likely to result in low
house values. Low median house values may also signal the

existence of homes for which it does not pay to make major capital
investments.

11.It is also possible, however, that vacant units may reflect
speculative investments rather than abandonment.

12.It would be preferable to use the hedonic predicted rent and
value for each tract. Unfortunately, the STF-3 Census File used

in this study does not contain micro-data that would permit us to
compute these estimates.

13.Due to small sample sizes, we were able to estimate only one
equation for loans insured by the Federal Housing Administration
(FHA) . The results of this equation are described in note 16.

14.This disparity may occur because low income households are more
likely to purchase homes that are in need of repair.

15.A copy of the correlation matrix is available from the authors.

16.Because of small sample sizes, we could estimate only one
equation for FHA-insured loans. Among applicants for FHA-insured
home purchase loans in Philadelphia, the coefficient for RBLACK in
Model 1 is negative and statistically significant; the estimate for
Model 2 is insignificant. Thus the FHA loan estimates, at least
with respect to home purchase loans in Philadelphia, are consistent
with our results for conventional loans.

26



30 Apgecrud ‘e o ) 50

v} Aorsny apans sdedom L K
LAY 130MEULS Yy ram 32U '
FEit s EEL AT I S BUTRRTTTESUS TET] RO T

SIORIL SMSUST) UT w401
M) 210 1B ) o[

wroy afirduoo
® p2itsh vum wenidde i Appgeyesy

wnsogy

1tay oy

(nns 1) rre
1380 $18U273 "L00e | ) YOTIRI L

(661 |IPIo0
Kaumou gy ‘Yo Fauuny

{43 Apadoid jo 23ud ostyund

AR U] —..u.nun_vv;.. IUVHHEDR *) ) } s
saesdde -1 siuded wop Afpocur

s stidedm (01 1g2p mep Aoy
Joemad spsnods (4 ) wanatoydas go
BI02.8°0 4 MU0 S PIMOPU "PAdIOAID HFLw
Uy prauseiy st pmonkle “pwua) o peondde
o1 A stoyuesnckie ‘swomo Apureg
PRI W0y PAtNDRG- IMLMG AR
e dusiey pov 28 repous sun

IUFIRA 0 &, 'Soeno] pdinasg 1mo 5,

$2p02 ALz U {4 ) 2A0gm HED2IRY

sapor dz n sppoyasioy gag | 1d
paund saBwdow jo mgumy aedantiy

T Aumo)y yeo

iRy

pod de &g

pardaBie ({111,615 1%x

Auna 100, ) 481 Jo Aaamg
prog o imo) swop)
19934 (fol ) WP Suvua,)

(061} 4523 pun waopr)

e
‘SIH3K Gam) o)

oy 1l suosoxd
HE M Msu2y opn
paacrns ursny votemdod Jo jasd
“ANLPIEAL Jik uonEmIp SRRISAY ‘(¢ 1240
veprprdod e o 61-0ug] e
Apadoad ur a¥umga “ayra (uadond

e B3
JERGTTRETITRE

3| _vo-.w:u.!-._oa-?r‘_.s

IHIHIE ']y ) nonemp>
JO sauz & umpaty " patuioyduisen
EHMNGE PIURPIS3 JO 28 Ay

f0RT) AASUD )

1 0;61-096F Xelq janad

w Fury '(4 o) pomnbs yosiq
uonwpidod Jo naod (- -4 )
xvjq uoyemidod Ju Jusaieg

SIORE SMIBUDY
WSRO UM ISACHIUN-2s0Y pare eumoy
MIOGLIANOS 'Ry Jo Iquinu 31835183y

110 ‘opsio ),

By

(SL61) B VORI
(0L6T) MIvp 140 susun )

{1161 D3y Py yuosumgingy

3 TN PRI WU VSIS
aeomy afaiaar 'uongpidod «nm

Bursnayg papnnsues {pasm 'smn

1 [RI9) T ISIUAG JO Bgniny

£+ () spen
SR U AJomu 150124

ST FNUD ) UY Sureof juour aosdun
UG U Y AL VT RIOQUIAUGS Jo
13qum 3vBauiiie piw snpea sepop wefl
2083w 2y) Jo sanneaa pnpmpIig

$21e4 patg)

andoBy

{081 WP 3390 snvlp )
PUm (2 [ Bad F BUP VOINEE

(6ol ) ¥mEp

« BLO80 1Y)
11 530U JO W14

TR fTISU2) W
P332 suoywapdde weoy jo wtuodox

NS paaIn

wolaypdasoy

0061 wiE) my
RIS (0611 YUINH

({6011 ynuws pure 10w

« FI2P0 405U3 )
W S3UIUIN JO B3Rd

e snsua ) u
pa13alas sucysandde weop po umpodosg

SIS Ry

Palagadasy

(06611 v 10ur
WU (0061 VITINH

ot | QIS pire Ly

MEMMINUGS J1¢ gon)w saxdond jo o,
129w ASUwea L 1] U311 ) Fnpea Bl

YITa4'0 ) LI YN Uepapy

SYSN T
4-) yompq uadsad paew yamq
uBy) Lo UL U221

tshndno® pen
SUSUS))E SV N PE 5 NSO 1N Spum
HOPUOS PUE SINYINNE AL
Spavmredos o1 1o (o) o0 TR MRy
PRREIO QU] JO Bquima 2rdoEdy

uayg

yedaddy

(08e ! Mo 1220
U} WP SDNUSY 39|

Lodg | NITRLRIng ) 2+ ) umgpesyy

el “oral axy g 2ad i Fnsnony

Jousanad e e 2dinngs piasiad

(- somn
SUSUI T Lo Oresk
1o 38uiurax ue sduey 3

spen
FOEURY I SI2)SURH P3P v 1 L]

aedaiiife o) yiorg sasua_y ul sueo e
e iy o anqimu siedadide o onoy

wunAn )

apidachity

STUR) Tog ] -Loe ) VKDL

(ERe ) wing pue Lsay

T U {-) sim Jurses

Jo nn vt Aoy paidhose tatas

Ju manad o

un (L] UTaLY

SIRIE $U3 3 0 tonemdod
L UNORUERTEIRUIEY, (1 T

"y vogeqedid Jo jteaanayy

LIBLT K BTPRNTY

FIPOY uzu::::__: 15

‘suma] adeduow 1o anpea ardartdy

[(LATE ]

medoddy

(oL 61-CL0F) mep Juauauadaey
By Ap oy A Mgy p

tLonl b uriqpyy

ER TNILENINIIERY EIRETEN

Apredbic] 3y pue eioey
anpderdoay 0 (somvea)y

15)opRUP A Wapuady

2oy anpdniBinry

Gopporpaty

EIr(

10y

siaxseny abebuow ueo awoH vl sanuedsiq olydesoas oluy)a pue [BIoRY UO SAIPMS 40 Aewwng

I dgqe]



ROLE L3[I20A M8 L3R ISID0 £ T SMIuouI Jo onredod s HIIMIG FYsINa d

PRENPUOD 2w 33w rudhs o

WPy L 2annfiaa camanms a opyeima nrapundap o pus apnma wg Ui dnjuumier .!._. Hqmma £
PRANILSERON |18 Ut apgrima juapundap pm Mquums uaamiag dnjsmtinz g rubic Afesgemeys

JomEm o iaafar st yonemdde

L) O P STy | FIRES PUY JHAR ) oY A e 2y,

RING) anmpy e ey anpluBanrd Ky xespu- -
puw 2umeflou ¥ sapupun -

Iumangnides yurw 2agvsod S4m02n108 N apqeima wapuxlap i i quuma 2 wiaq dnj g apEs Lnvchig | onnn g e e ey angdnsbosn LURCTLL T T
PHEI| S[APOUL It LA dap puw oy q dngruonagss preogiuin Agronsyns puw aaniod v $2mMpIA +
AW IO PR N, ) Kita|
2P MY 2, Doty o
RL LULSE S TE 1TE S e Tpe
AMOPHODAKININS JUT & | o Jaquin [NN Bwa)) W
L OPDOY PR IO 28 Ut s1usg seduout Aq apeus wie vy
PAUTCLAE AR ITTHOY JUIIPIN W WOt T $) @G “SAURE AN A e
~dod « ‘(g &, Fuucsn pHoyovmon Foeq numo Spuny 3jEins proyuasuea jo An {ru6t-1861) mep v
eI T+ JAIURIY Dofeaginuan SO ) (-) e uealeg -Tonb puv saquumis 32188 s Jo Jo awyry sisdocly (Ona ) B)Op Jougy sPaus ) (6Ba ) Avjys
1+ hoogpaxw |
"H{UE Iy A S
HOMI 20801 40! HPW)
o, "Pandiae 120w
O3 PUR L2001 S INIG - | |0 13qume TR MIFTUI 1N
*2SNOL PuINIne- 121mo J0 anfrL impa s $Beuoin Ag sps sary vy
AL NTAR U ITTURITELEIHIRT BT PHE B G s [msiswaios A auiud
W23 P yitm sadnna pateay SIOTN ERSIEA 3 (- <) Muwdsyy | Huro] Sy AU Feogiasuod jo L (€861 -ORRTI YCHINN
Wa1246 {1 RO proyasnony weipagy waasl pun(-) gy w4 -1t puw saqunue sjvdaiiie au) yo duoy offwangy A ety “(OHG 1} g 1ael susd ety Ay
[ TLEN AT | sdinppmyg i
01| [0 Uirea) (g6 | areiisam pided
13 (SEAUT AN 2101 O g ¥
[ ELTI Y I T S OTETY
S1t:0 v )y n
- -1riel a7 By o o wo sanenu ey A4 MO fazal)
ALHT AN rasid in P suaangd) " oty Apare] p o LI SRMEMOY X1K3IE) PIOP SHI TOLEE) ®inp ey
SRy (- b atpwuou pesag [ uo wledpou pnusae Jo Agumdy  pud ‘susangy sy adaitdy na 610061 voivn
1) 0ka T 20 H) g srnoy Yo
(4] 24 JNT] 2ULINN AN UE S3ERI 3P MIN PATY EOJIR Y apury
§-) DU O 4L URIPANET - } 0y | T #1380 £NsU 3wl 4) Josnee ng dez Aq popeBartie (9 611
OO0y ] SAR|E DAL SPR[aSHOY JO Y181 (Ao wumny (- -NAO vy SRR $NS3]) W ™o e podansw NP SUL QL6118 WITy forn
ewanes passandduum] (4 RUIORIANE | snumdsipg (- - Py neag P13 sjuwondde umoy jo urypoding {ew waag wobyadany AR (R -9L61) YOW (186 1) ppa pue w)egag
“adwnp e
LI DY RN TR ua__._;.._ sl 1My Jiun
Sprugg - | uo 3800n v angea Apxdoad
IBVIIAT OO’y 1§ 04 Ansed spioy
“PRHA] U ety PR g sHepyimg
SO UMITY SUEO] [o) 0 SRNEohan)
Jor ey uonepdod o adimy arepom
euley 3od vn aduwys o) wides Apmauag
14 "awong wichs 1ad i sduep [+ ¢ - -)s100n §J2eD) SNEU2} A ) - ey
YL TR RURET LITETIURTRY s 1, SRUI Y I pLe] 061 wnm Ubs3mon aeandy pus ‘sdumy ‘xuony Puv 1Ay
sBuning pum Ajaie) - uo Aeaun wry ~odud 3prgamston jo pwraasd U1 SIS0 AMUBJNDIMIE SU (00 S8 858001 MUl oyng siotu
YR A LR RETTHRET RIS (E T Ry adue 1) amymiou T gonm Apnire) By o1 duo o tafiedpo pasnsu RUSIYTET ETIPE S1apran pamndon e Ly
JUEIWA SHUM Bty ‘CButppnig sad snjep, :Q_q__:_ahhh.m; Jo i ._h_q-.uvu__ PUR [UOQIRAUGCD JO AlQUEndy MIN ey g wda iy .El;_ } €1Ep pud) mnoy _E_L.:B_:_un
SORELN Y fonue ) paisafay Aumdsy) anng 3 pue oy ($3y v Juapudag 3oog tydwBons Adotpagiapy LL4] ogmy

anydeioany Jo {6)amweaiy

panuiiuod--siaxiel abebuopw ueo swon Ui sanuedsig siyderBoas oyl pue [e1oEY VO SAIPNIS JO AlBWWING

panupuod--4 aige)



%
[

TABLE 2: Definition of Variables

Variable Variable
Name Definition

ACCEPT 1 if loan application is approved; 0 if den:ied

LOANCON3 1 1f loan amount requested is greater than 10,3
of applicant's income; 0 if not

APNINC Applicant's income (in $1,000's)

SQAPINC Square of APINC divided by 10,000

APNLOAN Amount of loan requested (in $1,000's)

SQAPLOAN Square of APNLOAN divided by 100,000

APBLACK 1 if race of applicant is black: 0 if not i

APSPAN 1 if ethnicit? of applicant is Hispanic; 0 Lf!
not

APMALE 1 if sex of applicant is male; 0 if not

MEDHHINC Median household income in census tract

MEDVALUE Median house value in census tract

MEDAGSTR Median age of houses in census tract

ROWN Percent of owner-occupied housing units in'
census tract :

RVACUNIT Percent of vacant housing units in census tract 1

RENTVAL Median rent divided by MEDVALUE in census tract

RWELFARE Percent of households in census tract receiving
any public assistance income

HHRSPAN Percent of households in census tract headed by
person whose ethnicity is Hispanic

HHRBLACK Percent of households in ceneus tract headed by

person whose race is black




ACCEPT
LOANCON3
APNINC
SQAPNINC
APNLOAN
SQAPLOAN
APBLACK
APSPAN
APMALE
MEDHHINC
MEDVALUE
MEDAGSTR
ROWN
RVACUNIT
RENTVAL
RWELFARE
RSPAN
RBLACK

N E

TABLE 3:
Applications
MEAN 5.D.

0.845
0.01 0.12
45.3 122.7
1.7 100.6
59 50
0.06 .27
0.19 0.40
0.07 0.25
0.72 0.45
28019 9512
70535 50340
42.7 11.1
68.0 17.2
8.5 5.5
0.73 0.36
10.5 10.0
4.7 11.3
21.8 33.8

5334

Sample Statistics for

Philadelphia

urcha
Rejected
Applications
MEAN 5.D.
0.04 0.21
44,7 298.6
9.1 255.7
45 44
0.04 0.14
0.41 0.49
Q.09 0.29
0.64 0.48
24386 8972
529886 44611
45.9 9.3
66.5 15.9
10.4 6.0
0.90 0.39
15,3 11.8
6.3 14.6
39.1 41.1
825

Accepted
Applicaticns

MEAN 5.2.
0.01 2.23
45.4 :3.°
0.4 M
61 sl
Q.08 2.23
0.15 C.:zs5
0.06 .24
0.73 .44
28684 9433
73746 506772
42.1 11.3
68.2 17.3
8.1 5.3
0.70 Q.34
9.6 9.4
4.4 1C.5
18.6 31.2

4509



TABLE 3:

ACCEPT
LOANCON3
APNINC
SQAPNIC
APNLOAN
SQAPLOAN
APBLACK
APSPAN
APMALE
MEDHHINC
MEDVALUE
MEDAGSTR
ROWN
RVACUNIT

RENTVALx100

RWELFARE
RSPAN
RBLACK

N =

Statistics for Philadelphia

Sample
B. Hom
All
Applicationg
MEAN 5.D.
0.668
0.01 0.10
34.3 78.1
0.7 28.9
10 17
0.00 0.09
0.30 0.46
0.07 0.2%
0.68 0.47
25974 9287
55313 38832
45.2 9.6
69.1 15.3
9.2 5.8
0.84 0.37
13.5 11.4
5.1 13.2
33.1 40.3
5531

m

vement [ca
Rejected
Applications
MEAN S.D.
0.02 0.13
31.4 130.1
1.8 50.2
11 21
0.01 0.15
0.40 0.49
0.09 0.29
0.62 0.49%
23568 8181
45419 30646
47.1 8.0
67.5 15.1
10.4 6.0
0.95 0.39
16.5 12.4
6.9 15.8
41.9 41.3
1835

(cont,;

Accepted

Applications
MEAN 5.0.
0.01 0.09
35.7 26.3
0.2 0.7
10 15
0.00 .22
0.25 0.43
0.05 0.22
0.71 Q.45
27169 9569
60225 41027
44,2 10.1
69.9 15. 4
8.6 5.5
0.79 0.35
12.0 10.58
4.3 11.7
28.7 39.0

3696



TABLE 3: Sample Statistics for Philadelphia (cont.)

C. Mertgage Refinance Loans

ACCEPT
LOANCON3]
APNINC
SQAPNINC
APNLOAN
SQAPLOAN
APBLACK
APSPAN
APMALE
MEDHHINC
MEDVALUE
MEDAGSTR
ROWN
RVACUNIT
RENTVALx100
RWELFARE
RSPAN
RBLACK

N =

All

Applications
MEAN 5.D.

0.808
0.02 0.13
58.6 73.0
0.9 6.5
68 64
0.09 ¢.29
0.13 0.33
0.03 0.16
0.78 0.42
30273 9130
80763 50164
42.4 10.8
67.4 17.9
8.0 5.7
0.63 0.30
7.9 7.2
2.5 5.8
18.3 30.3

1204

Rejected
Applications
MEAN S.D.
0.04 0.19
50.7 51.3
0.5 1.8
65 56
0.07 0.18
g.22 0.41
0.04 0.20
.74 0.44
28961 813158
74832 45222
43.6 10.3
65.6 18.9
8.7 5.2
0.68 0.35
9.1 7.8
3.0 7.6
24.7 34.2
231

Accepted
Applications

973



ACCEPT
LOANCON3
APNINC
SQAPNINC
APNLOAN
SQAPLOAN
APBLACK
APSPAN
APMALE
MEDHHINC
MEDVALUE
MEDAGSTR
ROWN
RVACUNIT
RENTVAL
RWELFARE
RSPAN
RBLACK

N =

TABLE 4: Sample Statistics for Boston

A. Hom urz e an
All Rejected
Applications Applications
MEAN S.D. MEAN S.D.
- 0.751
0.16 .36 0.29 0.45
71.1 81.6 63.0 91.1
1.2 8.2 1.2 11.8
137 90 143 105
.27 0.75 0.31 1.14
0.22 0.42 0.41 0.49
0.05 0.23 0.07 0.26
0.73 0.44 0.74 0.44
33000 90s0 30464 9029
218834 122489 195040 108019
46.5 8.9 46.5 8.8
31.6 15.6 3i.1 14.1
8.7 4.5 9.2 4.9
0.36 0.13 0.37 0.12
10.6 8.7 14.0 10.2
7.0 7.7 9.2 8.1
21.5 3l1.1 33.3 36.1
19986 497

A
Appl

MEAN

0.12
73.8
1.2
135
0.25
g.16
0.0%
0.73
33841
226723
46.5

ccepted
icart.ons

S.D.
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TABLE 4: Sample Statistics for Boston (cont.)

B. Home Inmprovement Loans

All

Applications
MEAN 5.0.

ACCEPT 0.821
LCANCON3 0.01 0.12
APNINC 55.2 63.4
SQAPNINC 0.7 5.2
APNLOAN 33 77
SQAPLOAN 0.07 0.59
APBLACK 0.27 0.45
APSPAN 0.06 0.23
APMALE 0.71 0.46
MEDHHINC 31615 7707
MEDVALUE 168939 63644
MEDAGSTR 47.7 6.6
ROWN 34.8 13.5
RVACUNIT 8.0 3.6
RENTVALx100 0.40 6.10
RWELFARE 13.3 8.8
RSPAN 7.9 7.9
RBLACK 34.7 37.8

N = 641

Rejected
Applications
MEAN S.D.
0.03 0.16
45.7 33.6
0.3 0.8
30 47
0.03 0.13
0.43 0.50
0.10 0.31
0.64 0.48
29714 7836
154819 484086
47.3 6.8
31.9 12.7
8.7 3.7
0.42 0.11
16.8 9.7
9.2 7.2
50.6 38.2

115

Accepted
Applicaticns

MEAN

0.01
57.3
0.8
34
0.08
0.24
0.05
0.72
32031
172026
47.8
35.4
7.8
0.40
12.86
7.7
31.2
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TABLE 4 Sample Statistics for Boston (cont.)

App

MEAN
ACCEPT 0.747
LOANCON? 0.11
APNINC 69.9
SQAPNINC 0.9
APNLOAN 126
SQAPLOAN 0.26
APBLACK 0.186
APSPAN 0.03
APMALE 0.74
MEDHHINC 32594
MEDVALUE 158342
MEDAGSTR 47.5
ROWN 34.4
RVACUNIT 8.2
RENTVALX100 0.37
RWELFARE 11.3
RSPAN 6.8
RBLACK 22.0

N =

C. Mortgage Refinance lLoans

All
lications

S.D.

6.32
64.0
3.0
102
0.80
0.37
0.17
0.44
8683
103754

1203

Rejected
Applications
MEAN S.D.
0.18 0.328
69.5 51.8
c.8 2.1
151 121
0.37 1.23
0.29 0.45
0.05 0.22
0.71 0.45
308132 8845
196327 105983
46.7 8.7
30.2 12.6
B.6 3.5
0.38 0.12
13.8 8.7
8.8 7.9
35.3 37.9
304

Accepted
Applications
MEAN S.D.
0.09 0.29
70.0 67.%

1.0 3.3
118 33
0.23 .3
0.12 0.32
0.02 0.4
0.75 0.43
33190 8550
199024 103040
47.8 7.1
35.8 15.4
8.1 4.3
0.37 0.11
10.4 8.1
6.2 7.0
17.5 29.5

899
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TABLE 6: Home Purchase Loan Applications

Philadelphia Boston

Model 1 Model 2 Model 1 Model 2
LOANCON3 =0,2720** =0.,2713%» =0.1223 % =0.1170%=
APNINC 0.00018 0.00009 0.00059# 0.00057*
SQAPNINC =-0.00292 ~0.00096 -0.00443 ~-0.00439
APNLOAN 0.00094%x 0.00067 % -0.000234 -0.Q00040
SQAPNLOAN -0.06487%% =-0.,039132 -0.00602 -0.00324
APBLACK ~0,11451*% -0,.1168)+* ~0.17830n» =0.19276%¢
APSPAN -0.06361%* =0.05974*» -0,08776xw =0.10277#¢=
APMALE 0.00124 -0.00015 =0.04394* -0.04439»
MEDHHINC 2.10E-06 -1.65E~-06
MEDVALUE -3.41E-07 4.56E-07»
MEDAGSTR -2.00050 -0.00057
ROWN -0.00049 0.00280*
RVACANT =0.00229* -0.00128%
RENTVAL -2.43 25.71
RWELFARE -0.00210%w 0.00015
RSPAN -0.0008¢6* 0.00077 =0.00402*+ -0.00206
RBLACK -0.00084** =-0,00029 =0.00088#%+ -0.00056
Intercept 1.826 2.443 2.041 0.960
N 53234 5334 1996 1996
-2Ln(L) 4182.0 4148.2 2016.3 2023.6
Chi-sq 413.0 446.8 204.1 216.8
Notes:

The dependent variable in each logit is a binary indicator of
whether or not the loan application was accepted (1) or rejected
{(0) . The number given for each independent variable is the
partial derivative of the expected probability that a loan
application is accepted with respect to the given variablae,
evaluated at the sample means of all the variables.

*:= significant at the .10 level (two-tailed test).
**:= gignificant at the .05 level (two-tailed test).



TABLE 7: Home Improvement Loan Applications

Philadelphia Boston

Model 1 2 HModel 2 Model 1 = HModel 2
LOANCON?] 0.07627 0.0754) ~0.05912 -0.05648
APNINC 0.00703 x> 0.0063G4 0.00222%» 0.00209 %
SQAPNINC =-0.16511#%% -=0,15917#%+ -0.02979* -0.02795
APNLOAN -0.00441*% -0,00492*¢ -0.00111¢* =0.00124*
SQAPNLOAN 0.50957%* 0.5661)%y 0.21784 0.20019
APBLACK -0.11033#% =0,11357 % =0.09038«» -0.08829%»
APSPAN =0.09465%% =0.10002** =0.16495%* =0.16242*
APMALE 0.01965 0.021349 0.0237% 0.03102
MEDHHINC 1.25E=-06 -4,41E-06
MEDVALUE 1.26E-Q6** 5.78E-Q7
MEDAGSTR -0.00082 0.00107
RCWN 0.00107 0.001319
RVACANT -0.00110 0.00068
RENTVAL -4.061 14.975
RWELFARE 0.00065 -0.00573
RSPAN -0.00206** -0.00045 0.00044 0.001326
RBLACK -0.00058%* 0.00023 =0.001254» -0.00033
Intercept 0.313 -0.187 1.528 1.408
N 5531 5531 641 641
-2Ln(L) 6560.5 6498.2 559.7 552.6
Chi-sq 468.6 530.8 43.5 50.6
Notes:

The dependent variable in each logit is a binary indicator of
whether or not the locan application was accepted (1) or rejected
(0). The number given for each independent variable is the
partial derivative of the expected probability that a loan
application is accepted with respect to the given variable,
evaluated at the sample means of all the variables.

#:= significant at the .10 level (two-tailed test).
##:1m significant at the .05 level (two-tajiled test).



TABLE 8: Mortgage Refinance Loan Applications

Philadelphia
Model 1 HModel 2  Model 1  Mode) 2

LOANCON3 -0.15600%*% -0, 615549+«
APNINC 0.00078 0.00087
SQAPNINC -0.00458 -0.0037s8
APNLOAN -0.00064 =~0.00072
SQAPNLOAN 0.07440 0.08169
APBLACK -0.12628** =0,14508#+
APSPAN -0.11520 -0.12926w
APMALE 0.02316 0.02333
MEDHHINC ~9.59E-07
MEDVALUE 4.33E-07
MEDAGSTR -0.000613
ROWN 0.00144
RVACANT -0.,00003]
RENTVAL ~1.137
RWELFARE ~0.00127
RSPAN -0.00092 0.00099
RBLACK -0.00015 0.00056
Intercept 1.515 1.205
N 1204 1204
=2Ln(L) 1143.1 1137.7
Chi~-sq 34,1 39.6
Notes:

The dependent variable in
whether or not the loan appli
(0). The number given for
partial derivative of the
application is accepted wi
evaluated at the sample

*:= significant at the .10 level (two-
*#:= significant at the .05 level (two-

cation was acce
each independent v
expected probability that a lean
th respect to the given varjiabla,
means of all the variables.

tailed test).
tailed test).

Boston

-0.04015
~0.00077
0.04700
~0.00127¢»
0.04060
~0.10523 %
=0.11270
0.04781

=0.00508#*+«
=0.00174%»

2.412
1203

1229.4
130.7

-0.038133
-0.000864
0.04662
“0.00125#»
0.03122
=0.11725#%»
-0.12205~*
0.04502
-3.78E-06
-2.80E-07
0.00223
0.00582+»
0.00712+
58.53%»
-0.00052
-0.00363+#
=0.00142%+=

2.465
1203

1205.0
155.0

each logit is a binary indicator of
pted (1) or rejected
ariable is the
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