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This article examines whether minority small business borrowers have the same access to
loans from financial institutions as similar white borrowers. Using matching methods, I find
that African-American borrowers are rejected at an approximately 30 percent higher
probability than similar white borrowers. I also find that the impact of unobservable
variables has to be greater than 85 percent the impact of observable variables to show no
discrimination. This bound seems to be a high number given that I have controlled for a
large number of borrower, firm, and lender characteristics. No such differential effect is
found for Asian and other minority borrowers. I also find equal expected default losses
between African-American and white borrowers. These results are consistent with the
information-based, laissez faire, and group hoarding theories of discrimination, and against
the taste-based theory of discrimination.

1. InTRODUCTION

The importance of small business to economic growth and employment has long been
understood by both policymakers and academics. For example, Federal Reserve Chair-
woman Janet Yellen recently stated: “After the onset of the crisis, the Federal Reserve
took extraordinary steps to stabilize the financial system and halt the plunge in econom-
ic activity. Since then the Fed has continued to use its monetary-policy tools to promote
the recovery ... Crucial to this process ... is job creation. ... Small businesses, of course,
are responsible for a large share of these new jobs” (National Small Business Week event
held at the U.S. Chamber of Commerce, May 15, 2014). But banks are a critical part of
financing for small firms. According to the 2003 Survey of Small Business Finance
(SSBF), 57 percent of debt funding for U.S. small businesses is from banks.

*Department of Finance and Economics, Rutgers Business School, Rm. 1142, 1 Washington Pk., Newark, NJ
07102; email: dpalia@rci.rutgers.edu. Thomas A. Renyi Endowed Chair in Banking, Rutgers Business School, and
Senior Fellow, Center for Contract and Economic Organization, Columbia Law School. I thank Alberto Abadie,
Michal Barzuza, Bernie Black, Patrick Bolton, Ivan Brick, Ryan Bubb, Albert Choi, Jack Coffee, Quinn Curtis, Ste-
ven Davidoff Solomon, Valentin Dimitrov, Nancy DiTomaso, Merritt Fox, Stavros Gadinis, Ron Gilson, Victor
Goldberg, Jamal Greene, Rich Hynes, Avery Katz, Robert Lawless, Justin McCrary, Ed Morrison, Daniela Oster-
rieder, Russell Robinson, Bob Scott, Andrei Shleifer, Matt Spiegel, seminar participants at the 10th Annual Con-
ference on Empirical Studies, Berkeley, Columbia, Northwestern, Virginia and especially two anonymous referees
for helpful comments and discussions. All errors remain my responsibility.

756



Access to Capital by Minority Entrepreneurs 757

But do race-based minority entrepreneurs’ have similar access to loans? The
Equal Credit Opportunity Act of 1974 (ECOA), as amended, prohibits discrimination
against any applicant with respect to any credit transaction. The Federal Institutions
Examination Council (FIEC) manual issued by the regulators explains that ECOA
“applies to any extension of credit, including extensions of credit to small
businesses.”

The ideal social experiment is to have two identical borrowers who differ only by
race (minority vs. white borrower). This is similar to studies undertaken in medicine,
wherein one group of patients is given a placebo, and another group of patients the
drug that is being tested. The patients do not know whether the pill that they took is
the drug or the placebo. The two groups are then followed for differences in the effi-
cacy of the drug and for side-effects in order to examine if the drug caused the
patients’ health to improve. I do not do such an experiment in minority entrepreneur-
ship because Heckman and Seligman (1992) and Heckman (1998) argue that testers
are either consciously or unconsciously trained to look for effects that are consistent
with their beliefs, experiments are not based on market data, and because it is
extremely hard to erase all possible differences in the audit pair due to unobservable
effects.

But I can create a pseudo-experiment using causal inference methods.”> Specifi-
cally, I am able to mimic in actual data an experimental audit study wherein similar risk
borrowers are randomly assigned to lenders but differ only in one dimension, namely,
the race of their principal owner. Accordingly, this article makes the following contribu-
tions to the existing literature. First, the prior literature* uses standard estimation tech-
niques such as logistic or probit regressions and finds that minority borrowers have a
higher probability of their loan application being rejected by their lender than do white
borrowers. Consistent with this literature, I find that the regression coefficient for
minority borrowers is positive and statistically significantly related to whether the loan
was rejected. But the regression coefficient on minority borrowers can be biased if the
characteristics of minority borrowers vary statistically significantly from the characteristics
of white borrowers (see Section II for details). Using four tests (¢ test for differences in
means with and without normalization, differences in standard deviations, and the
Kolmogorov-Smirnov test), I find strong evidence that the characteristics of minority
borrowers are statistically significantly different from the characteristics of white bor-
rowers. This suggests that the regression coefficient on minority borrower is biased
when one uses logistic or probit regressions.

'In this article I define minorities as borrowers who are either African American, or Asian, or Hispanic, or Native
American, or Hawaiian/Pacific Islander small business owners.

2See Federal Institutions Examination Council, Intraagency Fair Lending Examination Procedures, Aug. 2009,
page i.

3See Section Il and Dahejia and Wahba (1999).

“See Section III for a detailed explanation of the literature on discrimination and access to credit.
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I then rectify the above bias by using causal inference estimation methods—derived
by the seminal papers of Rubin (1974) and Rosenbaum and Rubin (1983, 1984)—in
order to examine whether minority borrowers have their loan application rejected with
the same probability as white borrowers. The idea behind the causal inference estimation
method is deceptively simple, and can be explained without detailed math. Specifically,
the researcher is usually interested in a single intervention or quasi-experiment, often
referred to as “treatment” (in my setting, minority borrower), which is then compared to
the baseline “control” (white borrower). I can then accurately test if race-based discrimina-
tion exists in access to small business loans from financial institutions. With regard to
causal inference methods, Imbens and Rubin (2014:7) state: “Another interesting compar-
ison is to the ‘but for’ concept in legal settings. Suppose someone committed an action
that is harmful, and a second person suffered damages. From a legal perspective, the
damage that the second person is entitled to collect is the difference between the eco-
nomic position of the plaintiff had the harmful event not occurred (the economic posi-
tion ‘but for’ the harmful action), and the actual economic position of the plaintiff.
Clearly, this is a comparison of the potential outcome that was not realized and the real-
ized potential outcome, this difference being the causal effect of the harmful action”
(emphasis added). In my setting, I am able to mimic in actual data an experimental audit
study wherein similar risk firms are randomly assigned to lenders but differ only in one
dimension, namely, the race of their owner (the Imbens and Rubin (2014) “but for” argu-
ment). When I do so, I find that the regression coefficient on minority borrowers
becomes statistically insignificant, suggesting that there is no discrimination.

Second, it is possible that aggregating all minority groups into one category masks
the confounding effects of different race-based groups. Accordingly, I divide the full
sample of minority borrowers into different races (African American, Asian, and
“Others” comprising of Hispanic, Native American, and Hawaiian/Pacific Islander). Of
the 127 total minority borrowers, there are 47 African-American borrowers, 61 Asian
borrowers, and 19 “Other” borrowers. I could not further categorize the “Other” group
because of data availability (my sample has only 6 Hispanics, 12 Native Americans, and 1
Hawaiian/Pacific Islander). I find that African-American-owned firms are generally
rejected at a higher probability (approximately 30 percent higher) than similar risk
white-owned firms. No such differential effect is found for Asian-owned firms or for the
“Others” category. These results show that, wherever possible, based on data availability,
researchers should examine for the most granular definition of each minority group.

Third, my results are robust to three different causal inference methods, namely,
propensity score matching, inverse probability weighting matching, and nearest neigh-
bor matching. Fourth, I find similar expected default losses between African-American-
owned and white-owned firms. Finding higher probabilities of rejection and equal
expected losses for African-American-owned firms, when compared to white-owned firms,
is consistent with the information-based, laissez faire, and group hoarding theories of
discrimination. I do not find evidence in support of the taste-based theory of
discrimination.

Fifth, I check whether unobservable variables significantly bias my results for
African-American borrowers. These unobservable variables could be quantifiable (such
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as the lender’s screening methodology) but are not included due to data unavailability,
or could be nonquantifiable (such as the borrower’s bargaining power). Although I
have included a large set of covariates, one cannot completely control for all unobserv-
able variables. Therefore, I bound my point estimates. In doing so, this is the first article
to use the Rosenbaum bounds (2002)° to capture the impact of unobservable variables
on the probability of a loan application being rejected. I find that the impact of unob-
servable variables has to be greater than 85 percent the impact of observable variables
to show no discrimination. This bound seems to be a high number given that I have
controlled for a comprehensive list of borrowers’ risk variables that include their actual
credit score and wealth. If the effect of the unobservable variables is less than this
bound, then I have found a causal impact of race on access to capital for African-
American-owned small business firms.

There are a number of limitations of this study. First, I have used Dun and Brad-
street’s business credit score, which is the only score provided by SSBF. These credit
scores might be different from the credit scores used by the lender (from Equifax,
Experian, Trans Union, or a proprietary score). There might not be a high correlation
between the credit scores. Second, the number of African-American, Asian, and Other
principal owners who borrow from financial institutions in my sample is small. Finding a
statistically significant result in a small sample increases the chances that the actual
impact might be higher if the sample was larger. But having a small sample suffers from
the limitation that these observations may not be representative of the full population.
That said, what I need, and have, for good matching is a large sample of white bor-
rowers (over 1,300) from which I can match for each minority borrower. Third, SSBF
provides data only for a few lender characteristics. I do not have data on the size of the
financial institution or the type of loan (term loan, credit line, etc., which although giv-
en, is often missing in SSBF). Fourth, even within races, there are significant differences.
It is argued that there are significant differences between the subcategories of Hispanics
such as Mexicans, Cubans, Salvadorans, and so forth, and among Asians such as Kore-
ans, Chinese, and so forth. Differences have also been suggested based on skin color
(see, e.g., Pulido & Pastor 2013; Hannon 2015; Hannon & DeFina forthcoming). I am
unable to make such distinctions due to data limitations. With respect to caveats three
and four above, my results on the Rosenbaum bounds suggest that these omitted varia-
bles has to have an affect greater than 85 percent of the impact of included indepen-
dent variables to show no discrimination for African-American borrowers.

II. CausaL INFERENCE METHODS

Causal inference is inherently a comparison of potential outcomes (see Rubin 1974;
Rosenbaum & Rubin 1983, 1984). The causal effect for individual ¢ is the comparison of
individual ¢’s outcome if the individual receives the treatment (Y;(1)), and the same
individual’s outcome if she receives the control (Y;(0)). Causality is hence defined as

®See Section V.D. for further details.
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equal to Y;(1) — Yi(0). In our setting, the outcomes are whether the borrower’s loan
application is granted or rejected, and treatment is whether the applicant is a minority
borrower; the control is whether the applicant is a white borrower. The causal question
is whether being a minority borrower increases one’s probability of a small business
loan application being rejected, ceteris paribus. One observes that minorities have a
higher probability of their loan application being rejected when they apply for a loan.
The question of causality implies that had the borrower not been a minority, ceteris par-
ibus, his or her loan would have had a lower probability of being rejected.

But estimating causality is challenging. The fundamental problem of causal infer-
ence (Holland 1986) is that for each individual borrower I can observe only one of
these potential outcomes. In my setting, I can observe if a minority or white borrower
was either denied or granted a loan, and not both. The estimation of causal effects can
thus be thought of as a missing data problem (Rubin 1974). I would like to compare
treated (R=1 for minority) and control (R=0) groups who are very similar in observable
risk variables X.° I use three matching methods, which I describe below.

A. Propensity Score Matching

The first method is the propensity score method. Let us define the propensity score
p(X) as the selection probability conditional on the observable risk variables X, namely,
p(X) =Pr (R=11X). Under two assumptions, one, the treatment assignment R is inde-
pendent of potential outcomes Y;(1) and Y;(0), namely, Yi(1), Y;(0) L R | X; and, two,
often called the “common support” assumption, wherein there is a positive probability
of receiving treatment for all values (i.e., 0 <Pr (R=1 IX) <1). Rosenbaum and Rubin
(1983) prove that conditioning on the propensity score is equal to having independence
between the treatment indicator R and potential outcomes Y;(1), Y;(0). In other words,

Pr (R=1 | Yi(1), Yi(0), p(x)) = (Yi(1), Yi(0))L R | p(x).

The above equation results in a substantial reduction in the dimensionality of the
matching variables as one does not need to match on the covariates (Dahejia & Wahba
1999). In the actual estimation I use a logistic regression to estimate p(X). Abadie and
Imbens (2006, 2011) derive the standard errors for such an estimate.

B. Inverse Probability Weighting Estimator

The inverse probability weighting estimator uses weighted averages of the observed out-
come variable to estimate the means of the potential outcomes. Each weight is the
inverse of the estimated probability that an individual is a minority. Outcomes of

SA number of papers, including Cochran and Rubin (1973), Rubin (1973a, 1974, 2001), Heckman et al. (1998),
and Rubin and Thomas (2000), have shown that linear regressions and their adjustments can increase the bias in
the estimated treatment effect, especially when there are significant differences between the means and variances
between the treated and control groups. I show in Section V.B. that there are significant differences between
such observable characteristics in our sample.
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individuals who are more likely to be a minority borrower receive a weight close to 1,
and outcomes of individuals who are more likely to be a white borrower receive a weight
greater than 1. As the propensity score p(X) is the probability of being a minority bor-
rower conditional on the observable risk variables X, the weights are therefore p(X) and
1-p(X).”

C. Nearest Neighbor Matching Estimator

Rather than conditioning on the probability of being a minority borrower, the nearest
neighbor matching estimator conditions on the covariates X directly. This estimator is
nonparametric in that it has no functional form, but it comes with a price. It converges
to the true value at a rate of square root of the sample size.” I use matching with
replacement to reduce the bias.

III. RELATED LITERATURE

A. Theories of Discrimination

There are many theories of discrimination in sociology and law and economics. While
there are overlaps between these theories suggesting they are not always mutually exclu-
sive, for ease of explanation, I categorize them in the following manner. Additionally, I
present the predicted testable hypothesis for each theory. As explained below, note that
all theories suggest that minority borrowers would be rejected at a higher probability
than white borrowers with similar risk characteristics. The distinguishing characteristic
between the various theories is the differences in the expected default losses between
minority and white borrowers. Because lenders can also discriminate when actual losses

occur, I focus on expected default losses.”

1. Taste-Based Discrimination

The study of discrimination in law and economics began with the seminal study by Beck-
er (1957).'° Under what is now often called the taste-based theory of discrimination, the
motive that drives the discriminatory behavior is animus or prejudice toward a particular
group. That is, lenders knowingly incur the costs of prejudice when interacting with cer-
tain minority groups. Whereas the motive under Becker (1957) is explicit, Bertrand

“See Busso et al. (2014) for conditions wherein this method works well.
8See Abadi and Imbens (2006, 2011).

“Consistent with Han (2004), I also use expected default losses because they can be empirically estimated. They
are defined as the probability of default times the size of the loan, wherein the probability of default is proxied
by Ohlson’s (1980) O score. This proxy for the probability of default has also been used by Dichev (1998) and
Griffin and Lemmon (2002).

""Many of the theoretical papers generally focus on the labor market between employers and employees. For
ease of explanation, I rephrase their arguments in terms of lenders and borrowers.
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et al. (2005) offer a refinement of motive, namely, that discrimination can take place
through “implicit” attitudes, which are unconscious mental associations toward agents of
a certain group. These implicit associations are often fleeting and impulsive rather than
deeply thought and rational. Under this theory, lenders inaccurately perceive minority
borrowers to have higher risks than white borrowers and therefore reject them more
often. In doing so, the lenders bear a cost that reduces their expected profit on the
loan. In a general equilibrium model, Han (2004) shows that expected default losses
should be less for minorities than for whites under the taste-based theory of discrimina-
tion. Accordingly, if taste-based discrimination is to be confirmed, I would expect to
find minorities to have higher loan rejection probabilities and lower expected default
losses than whites.

2. Information-Based or Statistical Discrimination

Under the information-based or statistical discrimination theory of Phelps (1972), Arrow
(1972), and Bordalo et al. (2016), the motive that drives the agent’s behavior is
expected profit maximization. In an imperfect information world, economic agents dis-
criminate against certain groups because they believe or speculate that these groups
have higher risks, which will reduce their profit. In Arrow (1972) and Phelps (1972),
stereotypes are accurate as they substitute for missing information. In Bordalo et al.
(2016), the decisionmaker only recalls the group’s most representative or distinctive
group characteristic. Stereotypes are inaccurate because the decisionmaker overreacts to
information that confirms the stereotype (exhibiting “confirmation bias”) and ignores
any information that contradicts the stereotype (exhibiting “base rate neglect”). Interest-
ingly, in these models, the lender’s biased beliefs are confirmed in equilibrium, even
though the ex ante probability of loss is identical. Calomiris et al. (1994) and Hunter
and Walker (1996) suggest that discrimination against minority borrowers could arise
because of lack of cultural affinity between white loan officers and minority borrowers.
White loan officers will rely more heavily on basic characteristics that can be easily col-
lected and observed for minorities rather than invest resources in gathering additional
“soft” borrower information.

According to Han’s (2004) model, the expected default losses for minorities
should be greater than or equal to those for whites in order to find support for the
information-based theory of discrimination. Accordingly, if information-based or statisti-
cal discrimination is to be confirmed, I would expect to find minorities to have higher
loan rejection probabilities and expected default losses that are greater than or equal to
those of whites.

3. Laissez Faire Discrimination

Sociologists such as Bobo et al. (1996) and Bobo and Smith (1998) have suggested that
racism against African Americans has moved from the rigid and strictly institutionalized
Jim Crow form of racism to the free market or laissez faire form of racism. Under the
latter, more modern form of discrimination, these sociologists argue that African Ameri-
cans are wrongly stereotyped and blamed as the architects of their own disadvantaged
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status. Accordingly, even racially neutral whites would not support compensatory pro-
grams such as affirmative action because they wrongly believe that most African Ameri-
cans deserve the disadvantaged labor market/housing/loan outcome they face because
of their culturally inferior behavior that leads to higher crime, welfare dependency,
bankruptcy, and the like. Pager (2003) shows that African-American job applicants who
were never incarcerated received fewer callbacks from potential employers than similar
white job applicants. In my setting, the laissez faire discrimination theory would suggest
that loan applications by minority borrowers would be rejected at a higher probability
even though their expected default losses are equal to those of white borrowers.

4. Group Hoarding Discrimination

The group hoarding theory of discrimination suggests that people who share group
traits like belonging to a similar race have monopoly access to valuable resources that
they opportunistically hoard at the expense of people with different traits (Blumer
1958; Tilley 1998; Brown et al. 2003). Status identities enable groups to organize and
make resource claims against other groups who do not share the same identity (Murphy
1988; DiTomaso 2013, 2015). White borrowers can obtain more loans from the lender
at the expense of minority borrowers because white borrowers are known or more
accepted to the white lenders who share their racial traits. In other words, minority bor-
rowers with the same expected losses as white borrowers should have the same probabili-
ty of their loan being rejected, but have a higher probability of loan rejection because
minority borrowers do not share the same traits as the white lender. Accordingly, the
group hoarding theory of discrimination would suggest that loan applications by minori-
ty borrowers would be rejected at a higher probability even though their expected
default losses are equal to those of white borrowers.

B. Empirical Studies of Discrimination

Empirical studies have examined discrimination in different settings, from home mort-
gages to the goods and services market to labor market hiring. With respect to home
mortgages, studies have found that the likelihood of rejection by a lender is higher if
the borrower is from a minority racial group (e.g., Black et al. 1978; Holmes & Horvitz
1994; Berkovec et al. 1998; Munnell et al. 1996; Hunter & Walker 1996; Ross & Yinger
1999; Clarke et al. 2009; Hubbard et al. 2012). The above articles conduct regression
analysis using actual market data. In contrast, Ayres and Siegelman (1995) present evi-
dence from a paired audit experiment that shows new car dealerships in Chicago quote
significantly lower prices to white males than to African-American or female buyers. List
(2004) finds that minorities received lower offers in the baseball sports card market
than majorities. Zusman (2013) finds evidence that fictitious advertisements of used cars
by Arab sellers received fewer responses than similar fictitious advertisements by Jewish
sellers. Ayres et al. (2011) find that baseball cards photographed as being held by an
African-American hand sold for less than cards photographed as being held by a white
hand in eBay auctions. Goldin and Rouse (2000) find that hiding the identity of a musi-
cian via a screen increased the probability of female musicians being hired by symphony
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orchestras. Fershtman and Gneezy (2001) find evidence of ethnic discrimination by
Israeli Jewish males toward men of Eastern origin in a game of trust. In response to
help-wanted ads, Bertrand and Mullainathan (2004) find that “black-sounding” names
such as Lakisha and Jamal were less likely to be called back for job interviews than
“white-sounding” names such as Emily and Greg. In different experiments, Gneezy et al.
(2012) find discriminatory behavior against females, sexual orientation, the disabled,
nonwhites, and the elderly in different settings. They find support for information-based
discrimination when the source of discrimination is uncontrollable (such as race, gen-
der), and for taste-based discrimination when it is perceived to be controllable (such as
sexual orientation).

More directly relevant to this study, a number of articles have examined whether
minority small business borrowers have the same probability of their loan application
being rejected as white small business borrowers. Bates (1997), Bostic and Lampani
(1999), Cavalluzzo and Cavalluzzo (1998), Blanchflower et al. (2003), Cavullozo et al.
(2002), Coleman (2002), Cavullozzo and Wolken (2005), Blanchard et al. (2008), Roper
and Scott (2009), Roomi et al. (2009), Fairlie and Robb (2010), and Bewaji et al. (2015)
find evidence in support of discrimination as minority small business borrowers have a
higher probability of their loan application being rejected than white small business
borrowers."!

All the above articles are limited in that they cannot claim a causal effect of dis-
crimination, as the race variable is correlated with the risk covariates (a result I will
show later). As they are not experimental audit studies, they are unable to create a ran-
dom sample of observationally equivalent small business borrowers that differ only in
their race. By using the causal inference methodology, I am able to create a pseudo-
random experiment using actual market data that successfully addresses the criticism of
experimental audit studies by Heckman and Seligman (1992) and Heckman (1998).
Additionally, even after including the social capital and liability of newness measures'”
of Bewaji et al. (2015), I still find evidence that African-American borrowers have a
higher probability of their loan being rejected than equivalent risk white borrowers.
Finally, I examine how much of my results are impacted by unobservable variables.

IV. DATA AND VARIABLES

I use the latest (2003) version of the Survey of Small Business Finance (SSBF), which is
published by the Division of Research and Statistics of the U.S. Federal Reserve Board
of Governors. Unfortunately, the Federal Reserve has discontinued the publication of

"'While not analyzing whether the entrepreneur was denied or granted credit, Marlow and Patton (2005) study
female entrepreneurs in the United Kingdom, Kushnirovich and Heilbrunn (2008) study immigrants in Israel,
Sepulveda et al. (2011) study the “superdiverse” migrant enterprises within London, Haynes et al. (2008) study
the sources of financing for Mexican-American and Korean-American borrowers, and Aldrich and Zimmer
(1986) argue for an evolutionary population perspective for successful entrepreneurship.

2These measures are the CEO’s age, level of education, and prior industry and entrepreneurial experience.
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the Survey of Small Business Finance. The SSBF database is the largest and most com-
prehensive data set of its type. Between June and December 2004, the Federal Reserve
surveyed 4,240 small firms with less than 500 employees that were in operation during
December 2003. Surveyed firms represent a random sample of small business firms that
are stratified by size, geographic location, race, and gender. SSBF has a wealth of finan-
cial statement data, as well as data on the types of financial products used by these
firms.

My sample consists of 1,512 observations, 1,385 of which are white borrowers and
127 of which are minority borrowers. The latter group consists of 47 African-American
borrowers, 61 Asian borrowers, 6 Hispanic borrowers, 1 Hawaiian/Pacific Islander bor-
rower, and 12 Native-American borrowers. I begin by creating the race-based borrower
variables. Specifically, I create a dummy variable, Minority, which is set to unity if the
borrower is either African American or Asian or Hispanic or Hawaiian/Pacific Islander
or Native American, and set to 0 if the borrower is white. I also create a dummy vari-
able, African American, which is set to unity if the borrower is African American, and set
to 0 if the borrower is white. A similar dummy variable for Asian borrowers (Asian) is
created. Given the small number of observations for each of the Hispanic, Hawaiian/
Pacific Islander, and Native-American borrower groups, I create a variable, Other, which
is set to unity if the borrower is either Hispanic or Hawaiian/Pacific Islander or Native
American, and set to 0 if the borrower is white.

For my dependent variable, I create a dummy variable, Reject, which is set to unity
if the borrower’s loan application is rejected, and set to 0 if it is always approved or
sometimes approved or rejected. No borrower has applied for more than one loan. If
there is race-based discrimination, the dummy variables on race (namely, Minority, Afri-
can American, Asian, Other) should be positively related to the probability of being
rejected for a loan (Reject) in the presence of other independent variables.

For my control variables (i.e., other independent variables), I create a large set of
borrower, firm, and lender characteristics. Table 1 summarizes the different variables
and presents, wherever possible, their expected relationship to the probability of the
loan application being rejected (namely, Reject). No borrower in the sample has more
than one loan application. I begin by including variables that capture borrower charac-
teristics that might potentially correlate with the probability of whether the loan applica-
tion is rejected. First, I include the borrower’s Dun & Bradstreet’s business credit score
variable, which I call Credit Risk. SSBF has the following categories: 1 equal to the most
risky scores, namely, 0-10; 2 equal to 11-25; 3 equal to 26-50; 4 equal to 51-75; 5 equal
to 76-90; and 6 equal to the least risky scores, namely, 91-100. Note that a lower value
for Credit Risk denotes more risky firms. Accordingly, I expect Credit Risk to be negatively
correlated with the probability of the loan application being rejected (Reject). 1 then
include the borrower’s wealth (Wealth), defined as the net worth of the borrower exclud-
ing the value of her primary home or current business. Given that it is reasonable that
lenders look more favorably at wealthy borrowers, I expect Wealth and Reject to be nega-
tively correlated. I also include a variable that captures the personal financial distress of
the business owner. I define a variable P_bankrupt, which is set to unity if in the past sev-
en years the business owner has declared bankruptcy, or if in the past three years the
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Table 1:
and Description

Variable Names, Expected Relationship to the Probability of Loan Rejection,

Name

Expected
Relationship

Description

Independent variables
Reject

Expected default loss

Race variables

Minority

African American

Asian

Other

Borrower characteristics
Credit score

Wealth

P_bankrupt

CEO age
Education

Experience
Female
P_loan
Ownership

Firm characteristics
Size

Dummy variable set to unity if loan application is always denied, and
set to 0 if always approved or sometimes approved/denied

Is equal to loan size times the expected probability of default; the
expected probability of default is proxied by Ohlson’s (1980)
O-score and is —1.32 — 0.407log (assets) + 6.03 (liabilities/assets) —
1.43 (working capital/assets) + 0.076(current liabilities/current
assets) — 1.72(1 if liabilities > assets, 0 otherwise) — 2.37 (net
income/assets) — 1.83(funds from operations/liabilities) + 0.285(1 if
a net loss for last two years, 0 otherwise) — 0.521(change in net
income from current year to previous year/absolute value of change
in net income from current year to previous year)

Dummy variable set to unity if borrower is African American or Asian
or Hispanic or Hawaiian/Pacific Islander or Native American, and
set to 0 if borrower is white

Dummy variable set to unity if borrower is African American, and set
to 0 if borrower is white

Dummy variable set to unity if borrower is Asian, and set to 0 if bor-
rower is white

Dummy variable set to unity if borrower is Hispanic or Hawaiian/Pacif-
ic Islander or Native American, and set to 0 if borrower is white

Dun & Bradstreet’s business credit score; SSBF has the following cate-
gories: 1 =most risky scores, namely, 0-10; 2 = 11-25; 3 = 26-50;
4 =51-75; 5 ="76-90; 6 = least risky scores, namely, 91-100

Natural logarithm of net worth; the net worth of the owner excludes
the value of her primary home and current business

Dummy set to unity if in the past seven years the business owner has
declared bankruptcy, or if in the past three years has had any busi-
ness obligation due for 60 days or more, or has any business judg-
ments rendered against her

Age of the CEO in years

Highest level of education the borrower has received: 1 =less than
high school diploma; 2 = high school or GED; 3 = some college but
no degree; 4 = associate degree occupational/academic; 5 = trade
school/vocational; 6 = bachelors; 7 = graduate and postgraduate
degree

Number of years the borrower has worked managing or owning a busi-
ness, including this business

Dummy variable set to unity if borrower is female, and set to 0 if bor-
rower is male

Dummy variable set to unity if the borrower gave the firm a loan, and
set to 0 if did not

Percentage ownership of the borrower

Natural logarithm of total assets
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Table 1  Continued

Expected

Name Relationship Description

Family owned +,—  Dummy variable set to unity if the business is owned by a family, and
set to 0 otherwise

Firm age - Number of years the business has been established by current owner

Company - Dummy variable set to unity if the business is set up as a corporation,
and set to 0 otherwise

Profit - Ratio of net income to total assets

Debt + Ratio of all liabilities excluding equity to total assets

Cash - Ratio of cash holdings to total assets

F_bankrupt + Dummy set to unity if in the past seven years the firm has declared
bankruptcy, or if the firm in the past three years has had any busi-
ness obligation due for 60 days or more, or has any business judg-
ments rendered against it

Urban + Dummy variable set to unity if firm is located in a MSA, and set to 0 if
not

Census SSBF has the following categories:1 = New England; 2 = Middle Atlan-
tic; 3 = East North Central; 4 = West North Central; 5 = South Atlan-
tic; 6 = East South Central; 7= West South Central; 8 = Mountain;
9 = Pacific

Sic = 1 if two-digit SIC code is in mining (10-14); = 2 if two-digit SIC
code is in construction (15-19); = 3 if two-digit SIC code is in trans-
portation/public utilities (40-49); = 4 if two-digit SIC code is in
wholesale trade (50-51); =5 if two-digit SIC code is in retail trade
(52-59); = 6 if two-digit SIC code is in fire, insurance, & real estate
(60-69); = 7 if two-digit SIC code is in services (70-89); = 8 if two-
digit SIC code is in public administration (91-98); =10 if
unclassified

Lender characteristics

Commercial - Dummy variable set to unity if lender is a commercial bank, and set to
0 if lender is not

Savings - Dummy variable set to unity if lender is a savings bank or a savings
and loan association, and set to 0 if lender is not

Relation - Number of months lender has conducted business with the borrower

Concentration + SSBF has the following categories: 1 = if the Herfindahl-Hirschman
Index (HHI) is between 0 and 999; 2 = if HHI less than or equal to
1000 and less than 1800; 3 = if HHI greater than or equal to 1800

Distance + Distance in miles between borrower and lender offices

business owner has had any business obligation due for 60 days or more, or has any
business judgments rendered against her, and 0 otherwise. I expect P_bankrupt and Reject
to be positively correlated.

I then control for the signaling, social capital, and lender familiarity variables of
Bewaji et al. (2015). I include the CEO’s age (CEO Age), as younger CEO’s might be
perceived to be more risky and have less access to social networks (Rai 2008; Mudambi
& Treichel 2004; De Carolis & Saparito 2006; Bewaji et al. 2015). Therefore, I expect
CEO Age and Reject to be negatively correlated. Education has often been used as a signal
of the economic agent’s ability and success in entrepreneurial activity (Spence 1973;
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Davidson & Honig 2003; Bewaji et al. 2015). SSBF has the following categories for the
highest level of education the borrower has obtained: 1 equal to less than high school;
2 equal to high school graduate or GED; 3 equal to some college but no degree; 4 equal
to associate’s degree in occupational or academic fields; 5 equal to associate’s degree in
trade or vocational fields; 6 equal to bachelor’s degree; and 7 equal to master’s and oth-
er postgraduate degrees. I create the education variable, Education, which maps exactly
to the above SSBF categorization. If education is perceived to be a signal of the bor-
rower’s future profitability and success, I expect Education and Reject to be negatively cor-
related. The borrower’s prior industry experience might signal to the lender the
borrower’s market knowledge and managerial skill as well as access to valuable social
networks (Escriba-Esteve et al. 2009; Finkelstein & Hambrick 1990; Kim et al. 2006;
Bewaji et al. 2015). Accordingly, I create a variable, Experience, defined as the number of
years the borrower has worked managing or owning a business, including this busi-
ness.'? I expect Experience and Reject to be negatively correlated.

A number of papers have examined for differences between male and female
entrepreneurs in accessing external financial capital markets (e.g., Carter et al. 1997;
Coleman 1999, 2000; Coleman & Robb 2009, 2014; Roper & Scott 2009; Robb et al.
2014). Accordingly, I include a dummy variable, Female, that is set to unity if the borrow-
er is female, and 0 if the borrower is a male."* I expect Female and Reject to be positively
correlated.

It is possible that other shareholders and the owner of the firm have already given
the firm a loan. I create a variable P_loan that is set to unity if shareholders or the own-
er has given the firm a loan, and 0 if they did not. On the one hand, the presence of
such a loan might suggest to the lender that the owner or shareholders have confidence
in the firm’s future profitability. In such a case, I would expect P_loan and Reject to be
negatively correlated. On the other hand, the presence of the loan might suggest to
lenders that the firm is financially constrained. In this case, I would expect P_loan and
Reject to be positively correlated. It is possible that managerial agency issues of corporate
ownership impact the effort put forward by the borrower in making her firm successful.
I hence include the variable, Ownership, defined as the percentage ownership of the bor-
rower in the firm. Managerial agency theory suggests that having a higher financial stake
in the firm makes the borrower work harder and choose investments that maximize
firm value. I would therefore expect Ownership and Reject to be negatively correlated.

I next include a set of firm-specific variables that might be correlated with the
loan application being rejected or accepted. The first firm-specific variable is firm size
(Size), which I define as the natural logarithm of the firm’s total assets. I would expect
larger firms to have a higher probability of their loan application being accepted, sug-
gesting a negative relationship between Size and Reject. 1 also include a dummy variable,
Family Owned, which is set to unity if the firm is family owned, and 0 if not. On the one

SSBF does not distinguish between the number of years the entrepreneur managed her current and previous
business. Additionally, SSBF does not provide data on whether the borrower is a U.S. citizen or not.

Al my results hold when I exclude the gender dummy variable.
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hand, family ownership might be perceived as an organizational advantage given that
family members are all working toward a common goal. In this case, I expect Family
Ouwned and Reject to be negatively correlated. On the other hand, family ownership might
result in a number of personal and business grudges, resulting in noncooperative behav-
ior between family members, suggesting a positive expected correlation between Family
Owned and Reject.

The next firm-specific variable that I include is the firm’s age (Firm Age). Younger
firms are more likely to be perceived by lenders to have not proven their business suc-
cess and also have less access to business and social networks. Accordingly, I would
expect Firm Age and Reject to be negatively correlated. Similarly, firms that are incorpo-
rated as companies might be perceived by lenders to have lower default risk than firms
that are sole proprietorships, partnerships, or S-corporations. I create a dummy variable,
Company, that is set to unity if the organization form of the borrower is a limited liability
company, and 0 otherwise. I expect a negative correlation between Company and Reject.
To further control for the firm’s financial health, I include the firm’s profitability (Prof
it), defined as the ratio of net income to total assets, Debt, defined as the ratio of all lia-
bilities excluding equity to total assets, Cash, the ratio of cash holdings to total assets,
and F_bankrupt, which is set to unity if in the past seven years the firm has declared
bankruptcy, or if the firm in the past three years has had any business obligation due
for 60 days or more, or has any business judgments rendered against it, and 0 otherwise.
I expect Profit and Cash to be negatively correlated with Reject, and Debt and F_bankrupt
to be positively correlated with Reject.

The location of the firm might be correlated with the probability of the bor-
rower’s loan application being rejected. I include a variable, Urban, that is set to unity if
the firm’s headquarters is located in a Metropolitan Statistical Area (MSA), and 0 other-
wise. I expect that urban firms are more likely to have their loan application rejected,
suggesting a positive expected correlation between Urban and Reject. 1 then create a vari-
able, Census, that maps SSBF’s geographic categories. Specifically, SSBF has the code 1
for New England; 2 for Middle Atlantic; 3 for East North Central; 4 for West North Cen-
tral; 5 for South Atlantic; 6 for East South Central; 7 for West South Central; 8 for
Mountain; and 9 for Pacific. I do not posit any expected relationship between Reject and
these geographic regions.

To control for industry effects, I set a dummy variable equal to 1 if the two-digit
SIC code is in mining (10-14); equal to 2 if the two-digit SIC code is in construction
(15-19); equal to 3 if the two-digit SIC code is in transportation/public utilities (40-49);
equal to 4 if the two-digit SIC code is in wholesale trade (50-51); equal to 5 if the two-
digit SIC code is in retail trade (52-59); equal to 6 if the two-digit SIC code is in fire,
insurance, and real estate (60-69); equal to 7 if the two-digit SIC code is in services
(70-89); equal to 8 if the two-digit SIC code is in public administration (91-98); and
equal to 10 if unclassified. I do not expect a specific correlation between any industry
group and the probability of the loan being rejected.

The final set of independent variables that I include captures the lender’s charac-
teristics. The first two variables capture the type of financial institution that is examining
the loan application. Specifically, I create a dummy variable, Commercial, that is set to
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unity if the lender is a commercial bank, and 0 otherwise; and another dummy variable,
Savings, that is set to unity if the lender is a either a saving bank or a savings and loan
association, and 0 otherwise. It is possible that commercial banks have higher credit
standards than saving banks and S&Ls, which in turn have higher lending standards
than credit unions, finance companies, and the like. In such a case, I would expect a
larger negative relationship between Commercial and Reject, and a smaller negative rela-
tionship between Savings and Reject.

A number of papers have shown that lending relationships between the borrower
and lender impact access to loans and the terms of the loans. For example, Petersen
and Rajan (1994) show that lending rates to small businesses are lower when the bor-
rower and the bank have a longer relationship. Accordingly, I define a variable, Relation,
which is calculated as the number of months the borrowing firm has had a previous
lending relationship with the lender. Given prior experience with the borrower, I would
expect lenders to more readily grant loans to entrepreneurs with whom they have previ-
ously dealt. I would therefore predict a negative correlation between Reject and Relation.
Petersen and Rajan (1994) also suggest that more concentrated banking markets have
financial institutions with stricter lending standards. I create a dummy variable, Hhi,
equal to 1 if the Herfindahl-Hirschman Index (HHI) is between 0 and 1000, equal to 2
if the HHI is between 1001 and 1799, and equal to 3 if the HHI is greater than or equal
to 1800. As a higher HHI denotes a decrease in competition and an increase in market
power, I would expect to find a positive relationship between Hhi and Reject. Finally,
Berger et al. (2005) show that banks are better at processing soft information of small
business borrowers by being close to them geographically and communicating with
them in person. I therefore include the variable Distance, defined as the distance in
miles between the borrower’s and lender’s offices, and expect a positive relationship
between Distance and Reject.

V. Tests AND RESULTS
A. Logistic and Probit Regression Results

Consistent with the prior literature, I begin by estimating logistic and probit regres-
sions. The dependent variable is whether the borrower’s loan application is rejected.
The independent variables include the dummy variable for a minority borrower and
other borrower, firm, and lender characteristics. The results of such regressions are
given in Table 2. The first two columns present the regression coefficient and its asso-
ciated standard error for each independent variable when I estimate a logistic regres-
sion. Similarly, the next two columns present the regression coefficient and its
associated standard error for each independent variable when I estimate a probit
regression. Given that the dependent variable is binary, I present the marginal regres-
sion coefficient for each independent variable that is evaluated at the average value of
each independent variable.

I find the regression coefficient on Minority to be positive and statistically signifi-
cantly related to the probability of the borrower’s loan being rejected. The marginal
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Table 2: Estimated Impact of Being a Minority Entrepreneur on the Probability of
Being Denied Credit Using Standard Regression Methods

Logistic Regression Probit Regression

Variable Coefficient (Standard Error) Coefficient (Standard Error)
Minority 0.036%* (0.011) 0.043%* (0.013)
Credit score —0.008%* (0.002) —0.010%* (0.003)
Wealth —0.001 (0.001) —0.002 (0.001)
P_bankrupt 0.038%* (0.010) 0.047%% (0.012)
CEO age —0.001 (0.000) —0.001 (0.001)
Education —0.004* (0.002) —0.004* (0.002)
Experience 0.005 (0.007) 0.007 (0.008)
Female 0.002 (0.009) 0.002 (0.010)
P_loan 0.011 (0.008) 0.014 (0.009)
Ownership 0.000 (0.000) 0.000 (0.000)
Size —0.009%* (0.002) —0.010%* (0.002)
Family owned 0.003 (0.009) 0.005 (0.010)
Firm age 0.007 (0.005) —0.007 (0.006)
Company 0.002 (0.008) 0.005 (0.009)
Profit 0.000 (0.000) 0.000 (0.000)
Debt —0.000 (0.000) —0.000 (0.000)
Cash 0.003 (0.003) 0.003 (0.004)
F_bankrupt 0.006 (0.008) 0.006 (0.010)
Urban —0.003 (0.012) —0.007 (0.013)
Census 0.002 (0.002) 0.002 (0.002)
Sic —0.002 (0.002) —0.002 (0.002)
Commercial —0.022% (0.011) —0.027 (0.014)
Savings —0.007 (0.016) —0.012 (0.019)
Relation —0.000 (0.000) —0.000 (0.000)
Concentration —0.005 (0.005) —0.006 (0.006)
Distance 0.000 (0.000) 0.000 (0.000)
Intercept 4.617%% (1.442) 2.267%* (0.722)
Pseudo R? 0.215 0.215

*Significant at 5 percent; **significant at 1percent.
Nortes: This table reports the results of logistic and probit regressions where the marginal regression coefficients
are calculated at the mean of each independent variable.

coefficients show that minority borrowers have a 0.036 to 0.043 higher probability of
their loan application being rejected than does a white borrower. Borrowers with a
higher credit score have a lower probability of their loan being rejected, and their
wealth does not seem to have a statistically significant effect on the probability of loan
rejection. On the other hand, borrowers who went personally bankrupt have a higher
probability of loan rejection, as do borrowers with lower levels of education. No statisti-
cally significant relationship is found for the borrower’s age, gender, experience, owner-
ship level, or whether s/he previously gave the firm a loan.

I now examine the firm and lender characteristics. Smaller firms are more likely
to have their loan application rejected and to some extent commercial banks are more
stringent than other financial lenders in approving loans. No other firm or lender char-
acteristic is statistically significantly related to the probability of the loan being rejected.
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The regression specifications have a pseudo-R® of 0.215, suggesting quite a high good-
ness of fit."”

B. Avre There Observable Differences Between Minority and White Borrowers?

Per the instructions of Imbens and Rubin (2014) and the many articles referenced in
Section II, I now examine whether there are differences between the observable borrow-
er, firm, and lender characteristics of minority borrowers and white borrowers. The
results of such an analysis are given in Panel A of Table 3. I use four types of tests. I
explain them in the context of minority borrowers and white borrowers, but they are
similar for testing differences in the other samples (Panels B, C, and D).

The first is a simple ¢ test in order to check if the means between minority and

white borrowers are the same. It is given by ;“7'“ 5, where x, is the mean value for a

e

na Ty
minority borrower, x, is the mean value for a white borrower, o, is the standard devia-
tion for a minority borrower, ¢, is the standard deviation for a white borrower, and n,
and ny, is the sample size of minority and white borrowers, respectively. I find that
minority borrowers have a statistically significantly higher loan rejection probability (0.26
percent) than white borrowers (0.06 percent). Minority borrowers also have lower credit
risks (remember that in SSBF’s classification, a higher number suggests lower credit
risk), lower wealth levels, higher personal bankruptcy problems, younger CEOs, entre-
preneurs with lower education and experience levels, higher numbers of female entre-
preneurs, are younger firms, more likely to be located in urban areas, have less of a
relation with their lender, the latter of which tends to be in a more concentrated bank-
ing market. The above ttest might potentially suffer from finding statistical significance
because the sample sizes n, and n;, might be large. Therefore, Imbens and Wooldridge
(2008) suggest using the normalized difference in means test, defined as —*—{5. They

2. 9\ 1/2°
‘711+Gh
2

suggest that if the absolute value of the normalized difference is greater than 0.25, it

shows that the means are statistically significant. I find similar results using the normal-
ized difference test as in the simple #test, suggesting that sample size issues are not over-
stating our results for differences between minority and white borrowers.

The third test evaluates whether there are differences in the standard deviations
between minority and white borrowers. An F-test for equality in the dispersion measures
finds that there are statistically significant differences in the standard deviations of the
various variables. The fourth test, the Kolmogorov-Smirnov test, examines whether the
distributions are the same between minority and white borrowers. It is defined as
suplF,, (x) —F,, (x)l, where F,, and F,,/ are the empirical distribution functions of
minority and white borrowers, respectively. The test shows that the distributions of the
various borrower, firm, and lender characteristics significantly differ between minority

“Although many studies present a pseudo-R® measure, limited dependent regressions are econometrically well
known to have low pseudo—Rz measures (see Greene 2011).
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and white borrowers. In summary, all four tests show significant differences in the bor-
rower, firm, and lender characteristics of minority and white borrowers, suggesting that
the results of Table 2 might be statistically biased.

In Panel B of Table 3, I repeat the above analysis, but check for differences
between African-American and white borrowers. I find that African-American borrowers
have a statistically significantly higher loan rejection probability (0.50) than do white
borrowers (0.06). As in Panel A for minority borrowers, I find significant differences in
the borrower, firm, and lender characteristics of African-American and white borrowers.
In Panel C, I find a statistically insignificant difference in the loan rejection probability
between Asian and white borrowers. However, I do find significant differences in the
borrower, firm, and lender characteristics of Asian and white borrowers. Finally, I find
that the other minority groups (consisting of Hispanic/Hawaiian/Pacific Islander/
Native American) have a statistically significantly higher loan rejection probability (0.31)
than do white borrowers (0.6%). All four tests show some differences in the borrower,
firm, and lender characteristics of other minority and white borrowers.

In summary, the above results suggest that the results of Table 2 might be biased
because of significant differences between the borrower, firm, and lender characteristics
of minority (and its constituent subcategories of race) and white borrowers. Accordingly, I
now examine whether one obtains different results using the causal inference methods.

C. Causal Inference Tests to Examine Whether Minority Borrowers are Rejected More Often than
White Borrowers

Before one can estimate three causal inference methods, Imbens and Ruben (2014) sug-
gest that I should check whether the two distributions have common support. Using the
min-max condition for minority and white borrowers, I find common support, which is
confirmed in the kernel density plot of propensity scores.

I estimate three causal inference regressions to test whether minority borrowers
are rejected more often than comparable white borrowers. The results of such an analy-
sis are given in Table 4. The first method, namely, the propensity score method,
matches the minority borrower with the closest white borrower by propensity score. I
find that the minority borrower loan applications are not rejected at a higher probability
than those of comparable white borrowers. Similar statistically insignificant differences
are found when I use inverse probability weighting matching or nearest neighbor match-
ing. In summary, in contrast to the logistic and probit regression results, I find no signif-
icant differences in the probability of loan rejection between minority and white
borrowers. This confirms (along with the results of the four tests for differences between
the borrower, firm, and lender characteristics of minority and white borrowers) that the
results from probit or logistic regressions can be inaccurate and biased.

I now examine for the more granular subcategories of minority borrowers. I find
that the African-American borrower is rejected at a 0.30 higher probability than a similar
white borrower. This result is consistent across all three causal inference methods, namely,
propensity score matching, inverse probability weighting matching, and nearest neighbor
matching. No statistically significant difference is found for loan rejection probabilities
between Asian and white borrowers or other minority groups and white borrowers.
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Table 4: Estimated Impact of Being a Minority Entrepreneur on the Probability of
Being Denied Credit Using Causal Inference Methods

African American

Minority vs. White vs. White Asian vs. White Other vs. White
Propensity score 0.047 0.296%* 0.021 0.091
matching (0.042) (0.121) (0.033) (0.087)
Inverse probability 0.047 0.296%* 0.021 0.091
weighting (0.042) (0.121) (0.033) (0.087)
matching
Nearest neighbor 0.129 0.296%* 0.021 0.182
matching (0.07) (0.115) (0.050) (0.116)

*Significant at 5 percent; **significant at 1 percent.

Notes: The first number is the probability of being rejected credit if the entrepreneur is a minority borrower
when compared to a white borrower, and the number in parentheses is its associated standard error. Similar rep-
resentations are presented for African-American borrowers, Asian borrowers, and other (namely, Hispanic, Hawaiian/
Pacific Islander, or Native American) minority borrowers.

D. Tests of the Various Discrimination Theories

The above results have shown that African-American loan applications are rejected with
a higher probability than those of similar white borrowers. I now examine the various
theories that were described in Section IIL. Briefly, the taste-based theory of discrimina-
tion predicts that African-American borrowers will have lower expected default losses
than similar white borrowers, the taste-based theory of discrimination predicts that
African-American borrowers will have a greater than or equal to expected loss of default
than similar white borrowers, and the laissez faire and group hoarding theories predict
equal expected default losses between African-American and white borrowers. Accord-
ingly, I need to calculate the expected default losses for African-American and white
borrowers. Given that lenders might also discriminate against African-American bor-
rowers at the default stage, note that I use the expected losses faced by the lender if the
borrower defaults rather than the borrower’s actual default losses.

The expected loss of default is defined as the probability of default times the size
of the loan. As in Dichev (1998) and Griffin and Lemmon (2002), I use Ohlson’s
(1980) O-score to proxy for the probability of default.'® The variable O-score is defined
as —1.32 - 0.407log(assets) + 6.03 (liabilities/assets) — 1.43(working capital/assets) +
0.076(current liabilities/current assets) — 1.72(1 if liabilities > assets, 0 otherwise) —
2.37(net income/assets) — 1.83(funds from operations/liabilities) + 0.285(1 if a net loss
for last two years, 0 otherwise) — 0.521 (change in net income from current year to previ-
ous year/absolute value of change in net income from current year to previous year). I
find the average O-score for African-American borrowers to be 0.44, which is statistically
significantly higher (at the 5 percent level) than the 0.287 average O-score for white
borrowers. African-American borrowers are found to have higher probabilities of

'l am unable to use other measures of default such as Altman’s zscore because they require the market value of
the firm. My borrowers are small businesses who are not traded.
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Table 5: Estimated Impact of a Minority Entrepreneur on the Expected Losses Faced
by the Lender Using Causal Inference Methods

African American vs. White

Propensity score matching 0.113
(0.123)

Inverse probability weighting matching 0.239
(0.205)

Nearest neighbor matching —0.319
(0.197)

*Significant at 5 percent; **significant at 1percent.

Nortes: The first number is the expected losses faced by the lender if the entrepreneur is an African-American
borrower when compared to a white borrower, and the number in parentheses is its associated standard error.
All numbers are 10°.

defaults at the 5th, 10th, 25th, 50th, and 75th percentile levels than white borrowers.'”

When I examine loan size, I find that African-American borrowers obtain smaller loans
on average (approximately $331K) than do white borrowers (approximately $1.17M).

I now conduct the three causal inference tests while replacing the dependent vari-
able loan rejection probabilities with the expected default losses for the lender. The
results of such an analysis are given in Table 5. In all three tests I find that African-
American borrowers have statistically insignificantly different expected default losses
when compared to white borrowers. Finding a higher loan rejection probability and
equal expected loss for African-American-owned firms when compared to white-owned
firms is consistent with the information-based, laissez faire, and group hoarding theories
of discrimination and against the pure animus taste-based theory of discrimination.

E. Impact of Unobservable Variables on the Differential Impact for African-American
and White Borrowers

It is possible that the discriminatory effect that I found for African-American borrowers is
because I did not include a number of variables that were not provided in SSBF. For exam-
ple, Hubbard et al. (2002) find that low-capital banks charge higher loan rates to
information-captured small borrowers when these banks are hit by a negative shock. Gan
and Riddiough (2008) suggest that lenders possess proprietary credit quality information
embedded in their screening technologies that is not observable to empirical researchers.
Such excluded or unobservable variables could impact my finding for differential access to
capital. For the logistic distribution, Rosenbaum (2002) shows that the odds ratio of two
matched individuals (i, j) of receiving treatment is bounded as follows: elg H <eé,
where p; and pi are the probability of being treated, and 7y is the sensitivity of being treated
to unobservable variables. If ¢ is equal to unity there is no bias, and increasing e’ reflects
the bias of overtreatment in our results. The overtreatment bias can be calculated using
the Mantel and Haenszel test statistic. I provide the pvalues of this statistic at different

17A¢ the 90th percentile, both African-American and white borrowers have a probability of default close to unity.
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Table 6: Sensitivity of the Results in Table 4 for African-American Borrowers to
Unobservable Variables Using the Rosenbaum Bounds (2002)

Value of Bias (e”) Mantel-Haensel Statistic p-Values
1 (no bias) 2.545%* 0.005
1.05 2.494%* 0.006
1.10 2.423%* 0.008
1.15 2.355%* 0.009
1.20 2.290% 0.011
1.25 2.223% 0.013
1.30 2.170% 0.015
1.35 2.114* 0.017
1.40 2.060% 0.020
1.45 2.008* 0.022
1.50 1.959* 0.025
1.55 1.911* 0.028
1.60 1.865* 0.031
1.65 1.820% 0.034
1.70 1.777* 0.038
1.75 1.736% 0.041
1.80 1.696* 0.045
1.85 1.657* 0.049
1.90 1.619 0.053
1.95 1.582 0.057
2.00 (large bias) 1.546 0.061

*Significant at 5 percent; **significant at 1percent.

Nortes: This table shows the Mantel-Haensel test statistic to be statistically significant up to a e’ value of 1.85. This
suggests that the impact of unobservable variables has to be greater than 85 percent of the impact of observable
variables to show no discrimination for African-American borrowers.

levels of ¢ in Table 6. At the 5 percent level of significance, I find that the impact of unob-
servable variables has to be greater than 85 percent in order to have an impact on my
results. This suggests that the impact of unobservable variables has to be greater than 85
percent to show no discrimination. The 85 percent bound seems to be a high number giv-
en that I have controlled for a large number of borrower, firm, and lender risk variables.
If the effect of the unobservable variables is less than these bounds, I have found a causal
impact of race on access to capital for African-American-owned small business firms.

VI. CONCLUSIONS

This article examines whether minority small business borrowers have the same access to
loans from financial institutions as similar white borrowers. I begin by showing that stan-
dard regression techniques (such as logistic or probit regressions) can lead to biased
regression coefficients. Accordingly, this is the first article to use matching methods to
test if there is a causal impact of race on access to entrepreneurial loan capital from finan-
cial institutions. These methods allow us to control for observable differences in borrower,
firm, and lender characteristics of minority- and white-owned small business firms.



Access to Capital by Minority Entrepreneurs 781

I find that African-American-owned firms have lower access to capital than white-
owned firms. They are rejected with an approximately 30 percent higher probability
than similar white-owned firms. My results are robust to three different causal inference
methods, namely, propensity score matching, inverse probability weighting matching,
and nearest neighbor matching. Using the Rosenbaum (2002) bounds, I find that the
impact of excluded and unobservable variables has to be greater than 85 percent the
impact of included observable variables to show no discrimination. This bound seems to
be a high number given that I have controlled for a large list of borrower, firm, and
lender characteristics. If the impact of the excluded variables is less than this bound, I
have found a causal impact of race for African-American small business borrowers. I also
find no causal impact of access to loans from financial institutions for Asian-owned and
other minority-owned firms. Based on data availability, these results suggest that
researchers should examine minority categories at the most granular level.

Finally, I find similar expected default losses between African-American-owned
and white-owned firms. Finding higher probabilities of rejection and equal expected
losses for African-American-owned firms when compared to white-owned firms is consis-
tent with the information-based, laissez faire, and group hoarding theories of discrimina-
tion. I do not find evidence in support of the taste-based theory of discrimination.

Given that the taste-based theory of discrimination has been refuted, one may not
be able to use legal remedies such as class action suits to rectify the lending environ-
ment for African-American borrowers. Instead, one might use programs that are more
informal in nature in order to decrease the information asymmetry and increase the
relationships between African-American borrowers and their potential lenders. For
example, the U.S. Small Business Association’s Minority-Owned Business Development
Program helps minority-owned firms to develop, grow, and finance their businesses
through one-on-one counseling sessions, training workshops, and management assis-
tance. Similarly, the organization SCORE provides free advice, mentoring sessions, and
live conferences to help small business borrowers become conversant with questions
that a lender might ask. Individual bank programs such as Bank of America’s Small
Business Community enable small business owners to share their experiences and
exchange solutions for problems that entrepreneurs might face. Financial institutions
might also employ more qualified minority lending officers who are familiar with the
behavioral traits of the minority-owned borrower. In a variant of the Huffington Posts
“Move Your Money” campaign, Michael Render (aka “Killer Mike”) suggests that one
should “bank black, bank small, and bank local.”"® The Woodstock Institute recently got
Key Bank to sign a $16.5b Community Reinvestment Agreement that would assist in serv-
ing underserved communities.'” Finally, I recommend that the Consumer Financial Pro-
tection Bureau empirically examine a much larger sample of loans to check for any
differential impact to minority borrowers.

18http://www.hufﬁngtonpost.com/entry/killer—mike—citizens—trust—bank_us_F)6d4838764b0871f606c26€5

1(Jhttp://www.woodsLockinst.org/blog/?O1 6/small-business-lending-and-cra-issues-trending
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