














height of the housing boom, data on nearly 11 million lending applications were recorded

annually in this fashion.2 For each lending application, the HMDA requires that lenders

record data on each applicant’s race, ethnicity (i.e., whether he or she is Hispanic or Latino),

gender, and income to the nearest thousand.3 Lenders are also asked to provide information

on (1) whether the loan was originated (i.e., the loan was processed and the funds disbursed),

(2) how much the loan was for, and (3) any applicable reasons for denial. Perhaps most im-

portantly, lenders must report whether the loan was a high-cost loan { de�ned as having an

interest rate greater than 3 percent of that o�ered by comparable U.S. Treasury instruments

(usually 30-year Treasury Bonds). The federal government also requires that lenders report

the interest rate on the loan, but only if the loan quali�es as a high-cost loan.

Although copious (n = 10,856,516), the data have signi�cant shortcomings. For example,

as many have observed, the de�nition of a high-cost loan under the HMDA is not consistent

with the colloquial understanding of a \subprime" loan. This is an accurate critique, as the

HMDA does not require lenders to report idiosyncratic loan speci�cs (length of the loan,

down payments, repayment terms, etc.). More importantly, lenders do not need to report

\private" information such as applicants’ credit scores, employment histories, savings, or debt

obligations. Unfortunately, even with identical incomes, property types, and geographical

demographics, two applicants with di�ering credit scores or debt obligations will nonetheless

be o�ered di�erent loan products { including loans with di�erent interest rates. The same is

2The HMDA was enacted by Congress for the speci�c purpose of detecting discriminatory patterns in
the home mortgage industry. Importantly, however, the HMDA covers only those lending agencies with
large mortgage portfolios. Pursuant to criteria annually issued by the Federal Reserve Bank, only lenders
with home purchasing loans exceeding 10 percent of all loans they have issued (or $25 million, whichever is
greater) were obligated to �ll out the HMDA paperwork in 2006. This requirement e�ectively means that
smaller, more specialized lenders can operate without having to disclose the kind of information mandated
by the HMDA.

3For income, lenders were instructed to \enter the total gross annual income your institution relied on
in making the credit decision. For example, if your institution relied on an applicant’s salary to compute
a debt-to-income ratio, and also relied on the applicant’s annual bonus to evaluate creditworthiness, report
the salary and the bonus. Report the amount in thousands, rounded to the nearest thousand ($500 should
be rounded up to the next thousand)."
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true for applicants with di�erent levels of savings for down payments or closing costs. This

is a key weakness of using the HDMA data, and will be discussed at length below.

3 Identi�cation Strategies in the Lending Context

The volume of data allow the use of matching techniques. By dividing observations along

a pre-speci�ed set of control variables (discussed below), and pairing the observations that

have identical values of these variables, matching in this context can e�ectively mimic the
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audit study, but, rather allowing individuals to go to di�erent lenders, and then taking the

average ex post e�ects.

Here, we can again leverage the unique agency identi�er in the HMDA data.4 As dis-

cussed above, if we include the unique identi�er, then we have controlled for across-agency

uctuations (i.e., we have compared only people going to the same lender). The end result

would be an estimate of the e�ect of race that constitutes impermissible racial discrimi-

nation by an individual lender. On the other hand, excluding the agency identi�er allows

us to estimate the e�ects of both individual-level discrimination and structural discrimi-

nation together. Under this speci�cation, a minority borrower could also be compared to

non-minority borrowers who went to di�erent lenders. If we believe that minority borrowers

were cajoled or prompted to seek out predatory lenders { ones more likely to o�er toxic

loans { then we would see this e�ect reected in these estimates. Important to note is the

fact that failing to condition on the unique agency identi�er does not neatly disaggregate

the two discriminatory mechanisms. What we can do, however, is to compare and contrast

the results under both modeling speci�cations. Di�erences in the two results can help us

pinpoint the relative impact of the two discriminatory mechanisms.

4 Matching Methodology

The abundance of data (nearly 11 million observations) allowed for exact matching in all but

a handful of states. Unfortunately, the staggering number of observations also meant that

matching methods relying on functional form assumptions, such as propensity score match-

ing, were impossible to implement (using even computing clusters and parallel processing).

However, there are several signi�cant advantages to matching observations exactly.5 First,

4Note, however, that some literature has questioned whether the agency identi�er in the HMDA captures
meaningful distinctions between di�erent lenders { e.g., Laderman and Reid (2008).
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and perhaps most obviously, exact matching is intuitive { we simply pair identical obser-

vations together and then see how the lending decisions di�er.6 For example, using exact

matching, a borrower recorded as African-American, making $40,000 annually, looking to

purchase a single-family home in Cape Coral, Florida, would be matched with a white bor-

rower, also earning $40,000, and wanting to purchase a single-family home in the same

neighborhood. Second, because the matching is done exactly, all of the control variables are

by de�nition balanced { an advantage over, for example, propensity score matching (which

relies on a correct speci�cation of the propensity score and can make balance worse in some

instances (King et al., 2011)). On the other hand, matching exactly is data-exhausting; due

to the curse of dimensionality, matching along control variables exactly (i.e., without any

coarsening or distilling of any variables) means that many observations will be dropped,

leading to concerns that the post-matched population is ill-suited to make generalizations.

Here, the abundance of real estate activity at the height of the housing boom means that we

have nearly eleven million initial observations (n = 10,856,516). Thus, even though matching

exactly prunes large amounts of data (in this case, to be clear, a large fraction of the data),

we still have enough data left over to make valuable inferences { some 20,000 observations

under the most stringent of matching (see Table 2). To assuage concerns that the matching

inadvertently truncates a portion of the population space, however, additional results from

OLS models (that use all 10 million observations and do not discard any data) are included

in the Appendix; they are substantively similar to the structural-discrimination matching

results presented.

The pre-treatment control variables (i.e., those variables matched on) were those

taking place before the borrower �lled out a mortgage application (be it a �nal application

or an application for pre-approval).7 The variables matched on included any immutable

not feasible in two low-population states, Wyoming and Montana.
6Again, this provides an observational parallel to studies like Ross et al. (2008) and Yinger (1986).
7A full description of the variables is given by the HMDA o�cial manual, at http://www.ffiec.gov/
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attributes of the property, including where it was located (state, county, and census tract

number based on the 2000 U.S. Census)8 as well as the whether the property was owner-

occupied as a principal dwelling versus not owner-occupied. Other information considered

pre-treatment includes demographic information about the property location, including its

location in an metropolitical statistical area (MSA), the percent of the MSA population that

is minority (to the tenth of a percent), the MSA’s median income (to the nearest thousand),

and how many housing units (and family units) the MSA had.9 The pre-treatment variables

also include any borrower attributes una�ected by the treatment, including the borrower’s

income. Here, the income { the only continuous variable { was recorded to the nearest

thousand, and the wealth of data allowed for exact matching (to the nearest thousand) on

this variable as well.10

It is worth mentioning that we may or may not include the unique lending agency ID

with the pre-treatment variables. We have reason to think that the identity of the lending

agency is
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Pre-matching Structural Matching Individual Matching

For Blacks

N Blacks 977,847 211,241 21,238
N Whites 8,063,991 211,241





subprime status, a binary \yes" or \no" variable, was regressed on the treatment variable.12

The resulting estimate gives us the Average Treatment E�ect (ATE), which in this case can

be interpreted as the increased or decreased probability that the borrower in question re-

ceived a high-cost loan. For purposes of this analysis, note that \high-cost" (or \subprime")

refers to any loan that was (1) originated and (b) had an interest rate in excess of 3 percent

of a comparable treasury instrument.13

Individual Discrimination

Matching on the pre-treatment control variables { including on the unique agency identi�er

{ allows us delineate any possible individual-level discrimination that might be taking place.

Starting from 10,856,516 individuals, 21,238 African Americans and whites, 99,249 women,

42,561 Hispanics, and 15,589 Asian Americans were matched exactly to corresponding bor-

rowers from the control populations.14 Note that these are borrowers who were matched

exactly along all of the pre-treatment control variables and who, in addition, also �led an

application for a mortgage loan with the same lenders as their non-minority counterparts.

Thus, any remaining e�ect of the race or gender variable will, assuming no omitted variables,

only be picking up impermissible racial considerations. Table 3 presents these �gures for the

entire United States, as well as by region.15 Figure 2 presents the same data, but does so

12This was done using an ordinary least squares regression, even though a logit regression might have also
been used. Because the treatment variable was the only independent variable, and because the treatment



state by state.

The results are the strongest and most interesting for those borrowers classi�ed by the

HMDA lenders as African American. Even though they constitute the largest minority in

the United States, blacks comprise the second smallest sample in this study (behind Asian

Americans); consequently, the con�dence bounds for the state-by-state estimates are quite

large in comparison to the other groups.16 (This is especially the case for those African-

American borrowers living in low population states such as Maine, Utah, and Connecticut.)

Nonetheless, the e�ects are quite sizable and, for about half the states, signi�cant. For

some states { Wisconsin, Mississippi, Indiana, and Nevada { being classi�ed by a lender as

African-American results in an approximate 10 percent higher probability of being awarded

a high-cost loan. Given that we exactly matched on all available �nancial and demographic

variables and compared only borrowers going to the same lenders, this is quite a strong

result.

The estimates are signi�cantly more informative when looking at speci�c regions of the

country and also at the United States as a whole. Indeed, pooling over all of the states gives

us a treatment e�ect on the African-American variable of 0:575, and it is signi�cant at the

1 percent level with 21,238 matched African-American borrowers. Thus, African Americans

{ even when going to the same lender and even when displaying the same �nancial pro�les

as white Americans { are approximately 6 percent more likely than similarly situated white

borrowers to receive high-cost loans. Note that African Americans living in the Midwest

and Northeast appear more likely to be disadvantaged, while those living in the West and,

surprisingly, the South are less so.

For women, the results are striking for precisely the opposite reason. The state-by-

state distribution of the female treatment e�ect looks approximately normal and centered

16It may very well be the case that African Americans as a whole are less likely than other minority groups
to submit mortgage applications.
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Black

−0.2 −0.1 0.0 0.1 0.2 0.3 0.4

oregon (25)
idaho (20)

newyork (397)
newmexico (62)

ohio (351)
alaska (31)

california (2871)
southcarolina (495)
colorado (230)

georgia (2295)
virginia (825)

connecticut (86)
florida (3061)

arizona (879)
washington (191)

texas (3060)
michigan (297)

kentucky (132)
massachusetts (162)

newjersey (274)
louisiana (255)

northcarolina (1292)
utah (40)

illinois (687)
alabama (361)

pennsylvania (290)
tennessee (508)

maryland (778)
oklahoma (119)

arkansas (72)
nevada (578)

indiana (172)
minnesota (83)

kansas (65)
missouri (244)

mississippi (221)
wisconsin (66)
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Hispanics

−0.2 −0.1 0.0 0.1 0.2 0.3 0.4

southdakota (18)
oklahoma (122)

iowa (87)
alaska (51)
kentucky (65)

newyork (643)
rhodeisland (82)
massachusetts (286)

alabama (105)
oregon (247)

westvirginia (29)
delaware (38)

minnesota (116)
northdakota (6)

virginia (690)
maryland (488)

michigan (220)
northcarolina (863)
indiana (155)

kansas (138)
missouri (175)

california (11978)
texas (5387)

pennsylvania (436)
hawaii (48)

idaho (224)
georgia (1271)

connecticut (194)
newjersey (436)

colorado (897)
illinois (1666)

florida (6302)
louisiana (88)

washington (506)
southcarolina (221)

utah (463)
newmexico (670)

ohio (171)
nevada (1914)
arizona (4269)

wisconsin (160)
tennessee (317)
nebraska (86)

dc (44)
arkansas (124)

mississippi (37)
maine (10)

vermont (5)
newhampshire (13)
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southdakota (247)
alabama (997)

arkansas (455)
wisconsin (1106)

idaho (789)
dc (167)

indiana (1140)
kansas (578)

ohio (2006)
iowa (819)

newyork (1859)
oregon (855)

missouri (1341)
connecticut (491)

kentucky (713)
pennsylvania (2401)
southcarolina (1679)

georgia (5674)
newmexico (766)

rhodeisland (272)
virginia (2583)

texas (8283)
michigan (2001)
maine (217)

northcarolina (3499)
oklahoma (523)

massachusetts (1234)
washington (2015)

louisiana (661)
nebraska (470)

delaware (233)
mississippi (443)
vermont (96)

arizona (6920)
illinois (3859)

alaska (263)
florida (10916)

hawaii (232)
utah (1204)

maryland (2089)
california (16218)

newjersey (1425)
nevada (3467)

newhampshire (308)
westvirginia (300)

tennessee (1955)
colorado (2214)

minnesota (1161)
northdakota (105)
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louisiana (49)
southcarolina (123)

arkansas (41)
michigan (97)

oklahoma (50)
arizona (1042)

texas (1550)
idaho (65)

utah (141)
newjersey (299)

iowa (82)
pennsylvania (255)

florida (1019)
kentucky (35)

maryland (218)
northcarolina (367)

georgia (694)
wisconsin (83)
tennessee (128)

washington (609)
indiana (87)
oregon (180)

illinois (822)
california (4060)

newmexico (87)
nevada (1282)
colorado (341)

massachusetts (109)
delaware (18)

maine (6)
northdakota (4)

newhampshire (19)
vermont (6)

westvirginia (12)
missouri (72)

alabama (68)
rhodeisland (15)

virginia (542)
kansas (77)

ohio (145)
newyork (237)

minnesota (154)
connecticut (44)

mississippi (22)
nebraska (61)

hawaii (116)
dc (16)

southdakota (9)
alaska (31)

Figure 1: Likelihood of receiving a high-cost loan (individual-level measurements). The
solid dots represent the point estimates for the average treatment e�ect in each state, while
the numbers in parentheses represent the number of treated units in the matching. In
substantive terms, the point estimates are estimates of the increased or decreased probability
that the treatment group in question will receive a high-cost loan. The line around each point
represents the 95% con�dence interval. If the spread includes the number zero, then we fail
to reject the null hypothesis (at the � = 0:05 level) that there is no e�ect of a borrower’s
noted race or gender on receiving a high-cost loan. For the most part, the results suggest
positive e�ects associated with being African American, Hispanic, and female, but negative
e�ects for being Asian American.
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US Total Midwest South West Northeast

N AT E N AT E N AT E N AT E N AT E

Blacks 21238 0.0575 2062 0.0839 12106 0.0565 4929 0.0463 2141 0.0635
(0.00443) (0.0148) (0.00567) (0.00958) (0.0142)



no e�ect of being Hispanic on the ultimate lending decision. Similarly, pooling over all of

the states gives a coe�cient on the Hispanic variable of 0:0256. Although signi�cant (with

42,561 Hispanic borrowers matched in this sample), this is not a particularly large e�ect. In

terms of regional variables, it appears that Hispanics living in the Midwest and Northeast

are treated very similarly to other borrowers; the sole exception is the West coast, where

being Hispanic is associated with an approximate 3 percent increase in the probability of

being awarded a subprime loan.

Perhaps the most surprising results come in the Asian-American category. The hypothe-

sis so far has been that being categorized as a minority would, if anything, lead a borrower to

have a greater likelihood of being o�ered a subprime loan. The data demonstrate that this

is actually not the case for Asian Americans living in certain parts of the country. Indeed,

with a few notable exceptions { namely Alaska { the results show that being categorized as

Asian-American actually lowers the probability that a borrower will be awarded a subprime

loans. The most dramatic results here come in the more rural areas of the country { Okla-

homa, Arkansas, South Carolina { where being categorized as Asian-American results in an

approximate 10 percent drop in the likelihood that a borrower will receive a subprime loan.

Pooling over all �fty states plus Washington D.C. results in a slightly more modest estimate

of �0:



question by the presence of omitted variables, an issue discussed at length below.

Structural Discrimination

Matching Results. For borrowers categorized as African-American, the treatment e�ects

are large, suggesting that African-American borrowers are worse o� when they go to di�erent

lenders than white borrowers. In all states, being categorized as African American is linked

with a higher likelihood of receiving a high-cost loan, even matching exactly for all avail-

able �nancial and demographic information. The e�ect is particularly striking in a small

number of states where a African-American borrower is over 20 percent more likely than

an applicant classi�ed white to receive a high-cost loan. (These states include Minnesota,

Utah, Mississippi, Wisconsin, South Carolina, Alabama, and Arkansas.) Note also that for

all of the states { with the exception of Maine and Idaho17 { the results are statistically
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vermont (32)
mississippi (302)
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arizona (5471)
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Figure 2: Likelihood of receiving a high-cost loan (structural-level measurements). The solid
dots represent the average treatment e�ects for each state. In substantive terms, these are
estimates of the increased or decreased probability that the treatment group in question
will receive a more expensive loan. The line around each point represents the 95 percent
con�dence interval. If the spread includes the number zero, then we fail to reject the null
hypothesis (at the � = 0:05 level) that there is no e�ect of a borrower’s noted race or
gender on receiving a high-cost loan. For the most part, the results suggest positive e�ects
associated with being African American, Hispanic, and female, but negative e�ects for being
Asian.
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US Total Midwest South West Northeast

N AT E N AT E N ATE N AT E N AT E

Blacks 211241 0.170 25331 0.210 111217 0.184 43716 0.129 30977 0.147
(0.000) (0.000) (0.000) (0.000) (0.000)

Women 899182 0.0367 149664 0.0373 323466 0.0313 296235 0.0436 129817 0.0335
(0.000) (0.000) (0.000) (0.000) (0.000)

Hispanics 380184 0.0806 31173 0.0812 126818 0.0803 188671 0.08316 33522 0.0672
(0.000) (0.000) (0.000) (0.000) (0.000)

Asian Am 117617 -0.0465 14782 -0.0214 32959 -0.0635 57585 -0.0422 12291 -0.0511
(0.000) (0.000) (0.000) (0.000) (0.000)

Table 4: Average Treatment E�ect (structural-level measurements), subprime status as the
outcome variable. The total number of treated individuals is on the left, while the coe�cient
estimate of the treatment variable is on the right. Note that the sample sizes are approxi-
mately ten times the size of the earlier analysis, which reects the fact that many similarly
situated borrowers are in fact going to di�erent lenders. The standard errors are reported
in parentheses, although all were extremely close to zero due to the large sample sizes.

in the Midwest and southern regions of the country. Moreover, for all but a handful of

states with low Hispanic populations (Alaska, Mississippi, Washington DC, and Iowa) the

con�dence intervals do not include zero, meaning that, sensitivity aside, we can again be

fairly certain that there exists some sort of positive treatment e�ect. Looking at the United

States overall, Hispanic borrowers can expect to have 8 percent increased probability of

receiving a high-cost loan, even when compared to exactly-situated non-Hispanic borrowers.

This e�ect is, moreover, signi�cant with a p-value of less than 0:01.

While the picture is brighter for women applicants, they are still more disadvantaged

than if they had gone to the same lenders as their male counterparts. Unlike women who

go to the same lenders as men, those who go to other lenders are more likely to be o�ered a

high-cost loan, with the e�ect being somewhere around 3-5 percent. (The strongest e�ects

appear to be in California, Utah, Alaska, Oklahoma, and Illinois.) This e�ect appears to be
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relatively stable across regions of the country and stands in contrast to our earlier analysis,



6 Sensitivity Analysis



variable (for example, bad credit scores, insu�cient down payments, poor working histories,

or oppressive debt obligations) � times more frequently than the control group. So, logically,

if the treatment were truly randomized, and thus independent of all confounders, then � = 1.

But if the treatment were applied non-randomly, perhaps due to a missing confounder, then

we would expect a value of � > 1, such that the treatment group would be more likely to

be a�ected by the confounder. For example, when � = 2, then the confounding variable is

twice as likely to be present in the treatment group as opposed to the control group.

To determine the appropriate � values, I use the speci�cation developed by Rosenbaum

(2002) and implemented by Keele (2009).19 For each possible value of � > 1, the sensitivity

test recalculates the p-values associated with the treatment e�ect. It continues increasing

hypothetically the � value until the p-values are no longer statistically signi�cant. Thus, once

the p-value for any given � exceeds 0:05 (the maximum p-value that constitutes \statistical

signi�cance" in most social science literature), the sensitivity test \stops" because it has

found the level at which the treatment e�ect is no longer signi�cant. This method therefore

provides us with the amount of bias necessary in order for the results to be called into

question.

Sensitivity analyses are relatively underused in policy research. As such, there appears

to be little agreement as to what constitutes a suitable � value for observational studies

such as this one. Rosenbaum (2005) provides some guidance, particularly with regard to

experimental studies, for which � values greater than 3 or 4 appear to be the norm. But

for observational studies, more attainable � values might be found in Keele (2009), which

reproduces the results of the Lalonde job training study. Replicating the treatment e�ect

estimated via experimental techniques yielded upper bound on possible � values of 1.3. This

benchmark represents a much lower � value than those calculated by Rosenbaum (2005) for

19This paper uses a modi�ed version of the Rbounds package (Keele (2009)), written for the statistical
software R.
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black women Hispanic Asian Am
North Carolina 1.40 - - -

Minnesota - 1.00 0.00 0.00
South Carolina - 0.00 - 1.70

Alabama 1.00 0.00 0.00 0.00
Oregon 0.00 0.00 0.00 -

Utah - - - -
Virginia 1.00 - - 0.00

Texas 1.00 - 1.00 1.30
Colorado - 1.00 - 0.00
Georgia 1.20 - 1.00 1.00

Table 6: Sensitivity results (individual-level measure of discrimination) for a handful of
key states. The dash indicates that the original results were not statistically signi�cant at
the 5% level. Again, because � represents the amount of bias we can tolerate before the
treatment e�ects lose their statistical signi�cance, we would like high � values. These values
suggest that state-by-state results are actually quite sensitive to omitted variables, with a
few exceptions { North Carolina (for African Americans) and South Carolina (for Asian
Americans).

much" as the white borrowing population in order for the results to lose signi�cance, and

South Carolina, where Asian Americans would have to display a characteristic 1.70 as often

as white borrowers for the results to be called into question.

The results measuring structural discrimination in addition to individual discrimination

are more robust to omitted variables { but still open to the concern that unobserved con-

founders are playing a role. Consider African-American. For these applicants, certain states

{ among them Alabama, Arkansas, Georgia, Louisiana, Minnesota, North Carolina, Ten-

nessee, and Utah { have � values greater than 1.6. What this means is that an omitted

confounder { perhaps poor credit scores, insu�cient savings, or lackluster employment his-

tories { would have had to be present in the treatment population at least 1.6 times more

often in the African-American borrowing population than in the white borrowing population

for the results to lose their signi�cance. (With a � value of 2.3, North Carolina is particularly

striking { African Americans would have to have, for example, poor credit scores at twice
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US Total Midwest South West Northeast
Blacks 1.52 1.57 1.59 1.34 1.42
Women 1.11 1.11 1.09 1.10 1.10
Hispanics 1.23 1.21 1.22 1.23 1.17
Asian Am 1.22 1.07 1.37 1.16 1.30

Table 7: Sensitivity Results (structural-level measure of discrimination): The cells contain
the largest � values at which the treatment e�ects observed are still statistically signi�cant
(e.g., have p-values less than 0.05). For example, borrowers classi�ed by the HMDA as
African American would have to have some trait approximately 1.57 as frequently as white
borrowers in order for our earlier results to be rendered insigni�cant. With the exception
of the results for women (which are quite sensitive), the results are in the range of � values
typically seen in observational studies.

the rates of whites for the results to be a�ected.) Unless some relatively large discrepancy

exists between similarly earning blacks and whites in terms of terms of credit scores, savings,

or employment histories, some structural discrimination probably exists in these regions.

The same cannot be said for the conclusions for the other groups. For female borrowers,

all of the results have low � values, suggesting that these treatment e�ects are sensitive

to potential missing confounders. For Hispanics and for Asian Americans, the sensitivity

results are not particularly determinative either way and are, for the most part, squarely

in the range of � values that we would expect to see in observational studies. There are

strong exceptions, however. Among these are Virginia, Utah, Oregon, for whom the results

for Hispanic borrowers are actually fairly robust (� = 1:50 and � = 1:60), and Texas, for

which the results for Asian Americans are also more robust (� = 1:70).

7 Conclusions



black women Hispanic Asian Am
North Carolina 2.30 1.00 1.10 -

Minnesota 1.90 1.10 1.30 1.10
South Carolina 1.90 1.00 1.20 1.00

Alabama 1.80 1.10 1.20 -
Oregon 1.50 1.00 1.60 1.20

Utah 1.80 1.10 1.50 1.00
Virginia 1.50 1.10 1.50 1.00

Texas 1.50 1.00 1.10 1.70
Colorado 1.40 1.00 1.30 1.10
Georgia 1.80 1.00 1.10 1.20

Table 8: Sensitivity Results in ten interesting states (structural-level measure of discrimi-
nation): The cells contain the largest � values at which the treatment e�ects observed are
still statistically signi�cant (e.g., have p-values less than 0.05). For example, applicants clas-
si�ed as African American in North Carolina would have to have some trait at least twice
as frequently as applicants classi�ed as white in order for the results presented earlier to
disappear. The results for several Southern states are relatively robust (by observational
study standards) for applicants classi�ed as African American. Results for other groups
are more sensitive with the exception of Texas (Asian Americans) and Oregon, Utah, and
Virginia (Hispanics). The results displayed here are for the ten most \robust" states for the
African-American group.

African-American borrowers were o�ered high-cost loans at a rate exceeding that of iden-

tically situated whites. These results are robust in some instances to omitted variables,

suggesting that the distribution of unrecorded data like credit scores or employment histo-

ries would have to be somewhat skewed in order to call this conclusion into question. There

is also more limited evidence of structural discrimination against borrowers categorized as

Hispanic and, to a lesser extent, for women. These results are, however, more sensitive to

potentially omitted variables, and, as a whole, are weaker than those for African Americans.

Second, the evidence regarding discrimination at the individual level is actually quite

weak, owning mostly to the issue of sensitivity and unobserved �nancial characteristics. We

do see positive e�ects associated with African American and Hispanic status, particularly

in the Midwest and Northeast (for African Americans) and in the South and West (for
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Hispanics). These e�ects are, however, quite sensitive to unobserved variables, and we

simply cannot rule out the fact that such variables (including credit scores and accumulated

savings) may be driving the results.

Third, Asian Americans represent a startling contrast with the other groups studied here.

African Americans, Hispanics, and women are, if anything, disadvantaged by their minority

status. Asian Americans, on the other hand, appear to bene�t from their racial identity. We

see this e�ect not just when we look at Asian Americans who have gone to di�erent lenders,

but also when we narrow the scope to borrowers going to the same agencies. Although these

results are in some instances sensitive to potential omitted variables, they do suggest that

Asian Americans are not disadvantaged in the lending process and that there is no evidence

of individual-level or structural discrimination.

Beyond the substantive conclusions, this research has several broader implications for

policy research. First, the paper shows how leveraging matching techniques and di�erent

identi�cation strategies can be e�ectively used to measure di�erent kinds of discrimination

quantitatively. Here, it was the identity of the lending agency that provides the key bridge

between structural and individual-level discrimination, but similar analogies exist in other

areas { for example, in the education context, or in the labor setting, where, respectively,

choice of school or employer identity would play a similar role. Second, the paper illustrates

how sensitivity techniques can be used alongside the causal inference framework in order

to quantify the role of key omitted variables. This is crucial in cases such as these, where

necessary information is often withheld due to legal or political concerns.
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Appendix

Estimate 95% CI Std Err p-value
Not Controlling for Loan Amount

African Americans 0.1829 0.1819, 0.1839 0.0005 0
Women 0.0411 0.0405, 0.0417 0.0003 0

Hispanics 0.0999 0.0991, 0.1008 0.0004 0
Asian Americans -0.0558 -0.0572, -0.0544 0.0007 0

Controlling for Loan Amount
African Americans 0.1792 0.1782, 0.1802 0.0005 0

Women 0.0399 0.0393, 0.0405 0.0003 0
Hispanics 0.1026 0.1017, 0.1034 0.0004 0

Asian Americans -0.0500 -0.0514, -0.0487 0.0007 0

Table 9: Coe�cients from separate OLS regression results testing structural discrimination.
All models include controls for (1) loan type, (2) property type, (3) property occupancy, (4)
borrower income, (5) MSA population, (4) MSA minority population, (5) median income,
(6) MSA number of units, and (8) MSA number of family units. The second set of regressions
also include controls for the amount of the loan.
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