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Using massive US mortgage lending data, we propose a method to
infer a borrower’s sexual orientation indirectly without a self-
identification requirement and demonstrate the method’s poten-
tial to approximately measure the sexual orientation of the US
population at the local level annually over decades. We continue
to examine the lending practices to same-sex borrowers and its
spillover effects. The persistent results since 1990 reveal that, in
contrast with otherwise comparable different-sex loan applicants,
the approval rate for same-sex applicants is ∼3–8% lower. Further-
more, conditional on approval, lenders, on average, charge about
0.02–0.2% higher interest to same-sex borrowers, which is equiv-
alent to an annual total of $8.6 million to $86 million in additional
interest/fees nationwide. Meanwhile, we find that same-sex bor-
rowers are less risky overall, as they exhibit similar default risk but
lower prepayment risk. Finally, we document findings of spillover
effects. That is, when the share of a neighborhood’s same-sex pop-
ulation increases, both same-sex and different-sex borrowers seem
to experience more unfavorable lending outcomes overall. The find-
ings should raise enough concerns to warrant further investigations.
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In the United States, owning a home has long been associated
with achieving the “American Dream.” Based on US Census

Bureau data, as of 2016, the national homeownership rate was
63.7%. One important vehicle that Americans can use to become
homeowners is a mortgage. As of 2016, the total US residential
loan balance was $11.45 trillion (1), in contrast to the national
debt of $19.98 trillion (2). Due to the heavy reliance of US
households on the mortgage market, an economically sound and
fair lending mechanism is crucial to sustaining and promoting the
welfare of society.
One disturbing concern in the credit market is the likely

practice by some lenders of denying loans to selected groups of
people for noneconomic reasons. Since the influential seminal
work of Black et al. (3), over the last four decades, many re-
searchers have studied lending and other discrimination based
on skin color, gender, and race. Relevant discrimination studies
can be found regarding the mortgage (4–10), rental housing (11,
12), and auto loan markets (13–16).
Many high-profile cases echo academic studies on discrimi-

nation. There have been several lawsuits alleging discrimination
by auto loan lenders (and the affiliated auto manufacturers, if
any) against minority borrowers by overcharging them on in-
terest. Most of these bias suits ended with multimillion dollars
settlements. For example, a case in 2016 against Toyota involved
up to $21.9 million on such settlements (17).
Potentially discriminatory practices also are documented in

the labor market. In 2009, Walmart agreed to an $11.7 million
settlement in response to an accusation of denying jobs to female
applicants from 1998 through February 2005 (18). Costco also
settled an $8 million bias suit in 2013 for the claim of discrimi-
nating against women in promotions to management jobs (19).
Despite the ample archival evidence of discrimination re-

garding race and gender in consumer and labor markets, fewer
cases of potentially unfair treatment based on sexual orientation
have been reported. According to Washington Blade, a popular
lesbian, gay, bisexual, and transgender (LGBT) news outlet, it
was not until 2016 that the US Equal Employment Opportunity

Commission (EEOC) reached its first settlement in history in an
antigay bias case (20). The case is against Pallet Companies for
firing a lesbian employee after she complained about being har-
assed by her supervisor due to her sexual orientation. Walmart also
settled a bias suit with a $7.5 million in 2016, after being accused for
denied spousal health insurance benefits to same-sex employees
between 2011 and 2013 (21).
Motivated by the huge stake that US households have in the

mortgage market and the lack of systematic investigation of sexual
orientation-based lending practices, we examine potentially differ-
ent lending treatments toward same-sex mortgage applicants. Al-
though the federal Fair Housing Act (FHA) of 1968 and the Equal
Credit Opportunity Act (ECOA) of 1974 prohibit lending dis-
crimination based on a borrower’s race, gender, marital status,
religion, and so forth, they do not specifically include sexual
orientation as a prohibited basis. To the best of our knowledge,
no previous academic study examines whether mortgage lenders
systematically provide less access to credit (e.g., higher denial
rates) or unfavorable terms (e.g., charging higher interest) for
LGBT borrowers. We suspect that this is mainly a data availability
issue. Unlike gender, race, and related categories, a loan applicant’s
sexual orientation is not required to be disclosed and, hence, is
impossible to be measured directly. In the wake of human rights
equality for the LGBT community in recent decades, the study of
mortgage lending discrimination for LGBT borrowers is timely.
Using the publicly available Home Mortgage Disclosure Act

(HMDA) data, we propose a method to identify potentially homo-
sexual borrowers (households) indirectly without a self-identification
requirement. As shown in Identification of Potentially Homosexual
Loan Applicants, when we compare our measured state-level
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We propose a method to infer people’s sexual orientation in-
directly through gender disclosure of the borrower and cobor-
rower in a mortgage. Furthermore, we examine lending practices
toward same-sex borrowers and its spillover effects. We at-
tempt to extend the research on race/gender discrimination by
systematically investigating the potentially different lending
treatment toward same-sex borrowers. The data reveal that,
compared with otherwise similar different-sex applicants,
same-sex applicants are 73.12% more likely to be denied, and
they tend to be charged up to 0.2% higher fees/interest. Fur-
thermore, neighborhoods’ higher same-sex population density
adversely affects both same-sex and different-sex borrowers’
lending experiences. Our method might approximately measure
the US homosexual population distribution up to the census tract
level annually over decades.
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percentage of same-sex borrowers with the 2015 Gallup survey
on the adult LGBT population, the correlation is remarkably high,
ranging from 0.6 to over 0.8. Furthermore, Washington, DC, data
show that, up to the census tract level, our measure matches well
with the LGBT population percentage survey released by the US
Census Bureau. As the massive HMDA data are compiled and
released annually to the public, we can almost reliably measure
the demographics of sexual orientation in the United States at
up to the census tract level every year, in contrast to a 10-y
release of similar information drawn from the census data. To
the best of our knowledge, no other dataset allows researchers to
measure and track homosexual representation annually at the
local level over decades.
Despite the lack of literature on disparate lending outcomes

by sexual orientation, there is some research in other markets/
fields that may shed light on the possible existence of such
lending inequality in the mortgage market. Using experimental
data of faked resumes with listed sexual orientation, research
shows that lesbians are less likely to be hired (22). A questionnaire-
based study (23) finds that the majority of the respondents had
experienced anti-LGBT discrimination. Furthermore, LGBT youth
experience more depression and a higher tendency to self-harm or
to commit suicide, and perceived discrimination is a significant
contributor to the observed pattern (24). It is also documented that
physicians with different political–ideological orientations tend to
provide different care to LGBT patients (25).
Our study begins with an investigation of whether mortgage

lenders are more likely to deny same-sex applicants than
different-sex applicants with similar backgrounds. We first apply
settings that are similar to those in previously studied racial- and
gender-based discrimination (5, 6) to our research question on
potentially different lending practices toward same-sex applicants.
This way, our results are as robust as those from previous literature,
and the potential discrimination level is contextualized.
To facilitate cross-comparison, we start our underwriting

analysis by using the classical Boston Fed data, which includes an
extensive list of property, neighborhood, borrower, and lender
characteristics for a random sample of borrowers in Boston in
1990. This dataset has been widely used by racial discrimination
literature (5, 6). The result reveals that same-sex applicants are
about 73.12% more likely to be denied a mortgage application
than are different-sex applicants with similar characteristics,
which leads to an ∼8% lower gross approval rate. In contrast,
prior research (5) using the same data and a similar methodology
finds that, compared with similar White applicants, minority
applicants are about 40% more likely to be denied a mortgage.
The Boston Fed data, despite its detailed coverage of un-

derwriting information used by lenders, only represents a sample
of loan applicants in Boston back in 1990. To gain some insight
into the potentially unequal lending practices against same-sex
borrowers to a bigger scope and more recent years, we expand
the study with a national sample of data from HMDA from
1990 to 2015. We report qualitatively similar results on loan
approval when we use these data. In particular, we find that
same-sex applicants have ∼3% lower approval rate nationwide
than that of different-sex applicants in the past three decades,
after controlling for the observable loan and borrower charac-
teristics. Furthermore, the pattern of lower loan approval rate to
same-sex loan applicants is persistent over time.
Although the findings using HMDA data are consistent with

lending discrimination, we acknowledge that there might be
other potential missing variables in the tests and HMDA has a
serious limitation because it has very limited coverage of bor-
rower and loan characteristics, which are crucial for a credible
underwriting study. Even after controlling for all essential un-
derwriting variables, lower loan approval rates alone do not es-
tablish a complete and convincing case for lending discrimination.
As Gary Becker (26), while commenting on minority lending dis-

crimination, points out in his 1993 Nobel Prize speech, “If banks
discriminate against minority applicants, they should earn greater
profits on the loans made to them than on those to Whites.” In-
spired by this observation, and to address the concern on the lim-
ited information covered in HMDA, we further merge the HMDA
data with Fannie Mae Single-Family Loan Performance data, which
provide more information on borrower characteristics, mortgage
terms, and performance. Our results on loan cost and performance
analyses show that, after controlling for loan and borrower char-
acteristics, lenders charge 0.02–0.2% higher interest to same-sex
borrowers. Based on our inferred loan balance of $43 billion
from same-sex borrowers in the United States, this is equivalent to
about $8.6 million to $86 million more interest/fees paid by same-
sex borrowers nationwide every year. Furthermore, the results seem
to reveal that borrowers’ same-sex status is associated with lower
prepayment risk but not associated with higher default risk.
Another finding from this study is a spillover effect. We use a

county’s (or tract’s) percentage of the same-sex population each
year as a proxy for the attractiveness of the neighborhood to
LGBT people. We find that when the share of a neighborhood’s
same-sex population increases, both same-sex and different-sex
borrowers residing in the same neighborhood seem to experience
more unfavorable lending outcomes overall. The findings should
raise enough concerns to warrant further investigations on this
topic by researchers, relevant government agencies, and other
interested groups.
Although this study focuses on potential disparate lending

practices against same-sex borrowers, our proposed method of
measuring the same-sex population enables demographers and
other social scientists to explore a wide range of LGBT-related
research topics that are otherwise difficult to conduct due to the
previous measurement barrier. We proceed as follows: In Data
and Identification of Potentially Homosexual Loan Applicants, we
describe the data and our research design; in Results, we sum-
marize our results; and, in Conclusion, we conclude.

Data
There have been three influential data sources regarding the
homosexual population in literature since the 1990s. Two of the
datasets come from surveys from the National Opinion Research
Center that rely on self-identification and voluntary participa-
tion: the 1992 National Health and Social Life Survey (NHSLS)
and the ongoing General Social Survey (GSS). The sample sizes
are relatively small, and survey data might not be consistent
across the years. For example, there are only 3,432 observations
in the NHSLS sample (27, 28), and the ongoing GSS covers only
up to 450 gay/lesbian/bisexual individuals from 1988 to 1996 (29).
A systematic source for nationwide same-sex population in-

formation is the decennial census. These data are released every
10 y. There are also miscoding (30) and data inconsistency issues
in the data because the US Census Bureau changes the survey
forms over time. Some additional data sources collected for
health surveys and other specialized purposes might be able to
provide insight from different angles, depending on the variables
that they cover. Black et al. (31) provide a more comprehensive
review of the datasets. Overall, although these datasets can
provide some information about same-sex couples, none of the
available individual-level data can be used to match individual
mortgage lending and serve in our research setting.
In this paper, we propose a method to infer homosexuality

indirectly by using mortgage data. In this section, we first in-
troduce the relevant datasets but defer our discussion of the
inference procedure until Identification of Potentially Homosexual
Loan Applicants. HMDA, a federal law enacted in 1975, requires
certain financial institutions to provide mortgage data to the
public. HMDA data cover information such as the applicant’s
race, gender, income, loan purpose, loan approval, and related
categories. The details of the HMDA data can be found at the
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website of the Federal Deposit Insurance Corporation (32). We
collect HMDA national data from 1990 to 2015. Because our
HMDA data cover the entire nation, resulting in a very large
sample size, we draw a 20% random sample from the full data.
One significant limitation of the original HMDA data are their

lack of coverage of some important information on loan and ap-
plicants, which is crucial to lenders’ approval decisions and any
credible investigation of lending discrimination. In response, in
1990, the Federal Reserve Bank of Boston surveyed a sample of
lenders in the Boston Metropolitan Statistical Area, collecting de-
tailed information on the borrowers’ financial and credit strength,
employment, and other demographic and property characteristics.
The data were later used to generate the famous Boston Fed Study
(5), which is the classic research on minority lending discrimination.
The Boston Fed data have been made public by the authors and
have since been used by numerous researchers.
To investigate loan cost and performance, we merge HMDA’s

full sample with Fannie Mae Loan Performance data. This
public-use Fannie Mae data include all 30-y, fully amortizing,
full documentation, single-family, and conventional fixed-rate
mortgages that Fannie Mae has purchased since 2000. In ad-
dition to loan performance records, the Fannie Mae data
provide crucial information that is not reported in HMDA,
such as borrowers’ credit scores, contractual interest rates, loan-
to-value ratios, debt-to-income ratios, and mortgage insurance
premiums, if any.
In SI Appendix, we provide additional details on data sources,

features, and the procedure for data merging and cleansing. A
list of the key variables is reported in SI Appendix, Table S1,
and their summary statistics are reported in SI Appendix,
Table S2.

Identification of Potentially Homosexual Loan Applicants
Because sexual orientation is not a required disclosure item, it is
impossible to identify homosexual loan applicants directly from
the available mortgage data. A fair concern, therefore, is how to
attribute any findings to homosexual discrimination if we cannot
identify homosexual applicants. The definition of “discrimina-
tion” from the Cambridge Dictionaries Online is, “treatment or
consideration of, or making a distinction in favor of or against, a
person or thing based on the group, class, or category to which
that person or thing is perceived to belong to rather than on
individual merit.” Hence, it is the external perception, instead of
the authenticity of the underlying perception, that matters in
discrimination identification. In this regard, research shows that
it is very likely that perceived discrimination is a contributor to
emotional distress among LGBT 9th- to 12th-grade students
(24). Fortunately, measuring such external perception is possible.
To comply with FHA and ECOA, disclosing the gender in-

formation of the applicant and the coapplicant, if applicable, is
mandatory. As gender discrimination is illegal, we anticipate
that, compared with some other surveys, the reporting accuracy
of gender information will be high in mortgage data. Therefore,
based on HMDA data, whenever we observe a joint presence of
a loan applicant and coapplicant with the same gender, we assign
value 1 on the dummy variable, Same-Sex.
As identifying same-sex borrowers requires gender in-

formation for both the main applicant and coapplicant, we drop
the HMDA observations that include the main applicant only.
Processing this way helps us to avoid the attenuation bias in the
estimated population percentage of same-sex borrowers, as ob-
servations without a coapplicant can include both same-sex and
different-sex applicants, making potential sexual orientation
undistinguishable to researchers.
To verify that the indirectly identifying homosexual loan ap-

plicants strategy is mostly valid, we calculate the percentage of
same-sex pairs out of all identifiable applicant-pairs from the full
HMDA dataset in 2015 and for each state and Washington, DC,

and we compare this percentage with the Gallup estimate of the
state-level adult LGBT population percentage of the same year
(33). We augment the Gallup survey with a 2016 Williams In-
stitute study (34) that estimates the state-level transgender
population percentage. We then subtract the estimated percentage
of transgender people from the LGBT population to infer the state-
level LGB population percentage. Our prior expectation is that,
because the Same-Sex measure directly ties to the gay and lesbian
population, the correlation should be higher when we use the
Gallup–Williams LGB estimate instead of the Gallup LGBT one.
The correlation results are reported in Table 1.
Several important findings emerge. First, using the full sample

of HMDA data in 2015, the correlation between our measure
and the Gallup LGBT estimate is 0.8063 when Washington, DC,
is included in addition to the 50 states in the United States. In
contrast, it drops to 0.6186 when we remove Washington, DC.
The higher correlation when Washington, DC, is included sug-
gests that cities tend to have a higher representation of same-sex
couples; hence, the accuracy of the same-sex population per-
centage estimate tends to improve.
Second, the same-sex population percentage is best estimated

when we use the refinance subsample of the HMDA data. In this
case, the correlation is further increased to 0.8469 and 0.6587,
respectively, depending on whether Washington, DC, is included.
The correlation becomes lower when we use home purchase loans.
We believe that this finding makes sense, as Gallup surveys are
designed to reflect the static LGBT representation of current res-
idents (the same as borrowers who refinance their existing loans),
not the dynamic pattern of people who plan to move into a
neighborhood (the same as borrowers who purchase a home). In
contrast, using home improvement mortgages is not very informa-
tive for same-sex population estimation, suggesting that, compared
with those of different-sex couples, same-sex borrowers’ decisions
about home improvement can be much more idiosyncratic, prob-
ably due to their unique household structure.
Finally, it is surprising but interesting to see that HMDA-based

same-sex percentages have higher correlations with the Gallup
LGBT percentages than with the presumably better-suited
Gallup-Williams LGB percentages. This finding suggests that
our HMDA-based measure manages to capture the transgender
population as well. For example, it is certainly possible that a
male and a transgender female couple is identified as a same-sex
couple in HMDA because the transgender female applicant still
reports her biological sex of male when applying for a loan.
To help readers to visualize the matching quality of same-sex

population, in Fig. 1, we present a scatter plot of HMDA-implied
same-sex percentage (based on the refinance subsample) and
Gallup LGBT percentage in the 50 states of the United States.

Table 1. Correlation between HMDA-implied and survey-based
LGBT percentages (state level in 2015)

Location and purpose Gallup LGBT Gallup–Williams LGB

US 50 states and Washington, DC
Refinance 0.8469 0.7281
Purchase 0.7297 0.6854
Improvement 0.6248 0.4488
All included 0.8063 0.7066

US 50 states only
Refinance 0.6587 0.6168
Purchase 0.6132 0.5772
Improvement 0.2551 0.1525
All included 0.6186 0.5699

Note: This table presents the correlation of HMDA-implied LGBT percent-
ages and two survey-based LGBT percentages, Gallup LGBT estimate and
Gallup–Williams LGB estimate.
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Given the high correlation between these two aggregate esti-
mates, we are confident that our measure covers a significant
portion of homosexual loan applicants.
As the HMDA dataset allows us to map each observation up

to the census tract level, we further choose Washington, DC, and
calculate the percentage of same-sex applicants in each census
tract, using post-2010 data. We then compare our measure with
(i) an LGBT population survey from 2010 US Census, and (ii)
other anecdotal evidence (35) related to LGBT communities in
Washington, DC, such as Logan Circle and DuPont Circle, which
are considered to have large LGBT populations in the area. We
include the survey results of US Census data in Fig. 2, Left, and
we plot the heat map of our estimated same-sex percentage in
Fig. 2, Right. We can see that the pattern of the varying same-sex
population density from our measure is consistent with both the
results of the US Census and anecdotal evidence that Logan
Circle and DuPont Circle are the commonly perceived as
neighborhoods with concentrated homosexual population.
The summary statistics from SI Appendix, Table S2 reveal that,

compared with different-sex couples, same-sex couples are, on
average, younger and with lower credit scores but higher in-
comes. They are more likely to be the first-time home buyers and
tend to borrow at a higher loan-to-income ratio, probably due to
smaller down payments.

Although it seems that our proposed Same-Sex measure
closely tracks the underlying homosexual population, we ac-
knowledge that our measure has its flaws. For example, it is
certainly possible that some of the identified pairs in our sample
are merely family members. As a result, in Results, Extended
Analysis, we conduct a series of robustness checks to address the
concern of potential measurement errors.

Results
Loan Approval Analysis, Using Boston Fed Data. Before we conduct
the loan approval analysis, we calculate the distribution of different-
sex and same-sex applicants based on different loan types and
programs. The results, calculated based on a 20% random sample of
mortgages with a coapplicant, are reported in SI Appendix, Table S3.
SI Appendix, Table S3 shows that applications filed by same-

sex borrowers account for 4.03% of the total received. Condi-
tional on the approved loans, however, this percentage drops to
3.75%. Given the total residential loan balance of $11.45 trillion
as of 2016, we infer that same-sex applicants borrow approxi-
mately $43 billion. The approval rate for different-sex applicants
is 82.74%, in contrast to only 76.82% for same-sex applicants.
The lower approval rate for same-sex applicants is persistent
among various loan purposes and programs, although the gaps
are smaller for government-sponsored programs.
The lower raw approval rate is not enough to establish a case

of potentially unfair treatment of same-sex applicants, as we do
not control for other confounding factors that affect a lender’s
approval decision. As a result, based on Eq. 1 in Materials and
Methods, we run a series of logit models with available controls
from Boston Fed data. As discussed earlier, a significant ad-
vantage of Boston Fed data over HMDA is its detailed coverage
of borrower and loan characteristics, including borrowers’ credit
and employment histories, educational backgrounds, loan-to-
value ratios, mortgage expense-to-income ratios, etc. A con-
sumer’s mortgage lending approval and interest rate are affected by
the applicant’s neighborhood. For example, the cohort of the most
recent purchase or refinancing is influential in predicting defaults
(36). Before the subprime mortgage crisis, lenders targeted geo-
graphic areas with historically low rates of home ownership, where
loan sellers identified many underserved consumers. To test for
the potential neighborhood heterogeneity effect, and due to the
narrow geographic coverage, we calculate the percentage of Same-
Sex applicants at the census tract level (LG_TractPct), using the full
sample of HMDA data in 1990, and include it in our analysis here.
We report our findings in Table 2. The model specification

progresses as follows. As seen in column 1, we begin with a
baseline model that includes only those controls that are also

Fig. 1. Percentage of 2015 state-level same-sex population from HMDA and
Gallup (correlation: 0.66). Gallup source: ref. 33.

Fig. 2. Left shows the choropleth heat map of the
population density of same-sex couples in Wash-
ington, DC, using 2010 census data. The light-to-dark
color represents from 0.00 to 79.09 of same-sex cou-
ples per 1,000 households. Right shows the choropleth
heat map of the percentage of same-sex borrowers,
measured using post-2010 HMDA full data. The light-
to-dark color represents from 1.89 to 29.53% of the
inferred same-sex mortgage applicants. Gray color
represents no data available in the area.
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available from HMDA and without lender fixed effects. We then
include Boston Fed-only controls for additional loan and borrower
characteristics in column 2. As seen in column 3, we further add
lender fixed effects. In column 4, in addition to lender fixed effects,
we allow lenders to put different underwriting weights on various
loan, borrower, and lender characteristics. Ross and Yinger (6)
emphasize the importance of controlling for these types of varia-
tions. Following their suggestion, we first identify a list of key un-
derwriting variables (i.e., house expense-to-income ratio, total debt
expense-to-income ratio, loan-to-value ratio, bankruptcy history,
and borrowers’ consumer and mortgage credit history). Also, we
identify a group of key lender portfolio variables (i.e., the percent-
age of conventional loans sold to a secondary market, average loan
size, average applicant’s income, and average loan-to-income ratio).
We then construct pairwise interaction terms for these variables and
add them to our model in column 4. Finally, we add the interaction
term between Same-Sex and LG_TractPct in column 5. Throughout
all specifications, we also control for county fixed effects.
Progressing as outlined above allows us to investigate the impacts

from the potentially confounding factors on our key Same-Sex–
related coefficients. In particular, it enables us to understand
better the possible implications of some key missing variables
from HMDA, the data that are the basis for the expanded
underwriting analysis later.
With HMDA controls only, the coefficient for Same-Sex in

column 1 is negative (−0.4585, with an average marginal effect
of −0.0542) but insignificant (with a SE of 0.3330). Interestingly,
when we include additional controls from Boston Fed in column 2,
the negative coefficient on Same-Sex becomes significant at 1%, and
the associated average marginal effect increases to −0.0851, suggest-
ing an even stronger adverse treatment of same-sex borrowers.
The effect remains stable and significant when we add lender
fixed effects, as seen in column 3, and adopt the more flexible
underwriting model, as seen in column 4. In the meantime, we
find some evidence that neighborhoods with a stronger presence
of same-sex populations tend to have lower approval rate, on
average. The coefficient on LG_TractPct is negative throughout
all models, although it is insignificant (at 15% level) in columns

3 and 5. The average marginal effect is about −0.002 across
models, suggesting that, when the same-sex population per-
centage in a census tract increases by 1%, the heterosexual ap-
plicant’s loan approval rate declines by 0.2%.
Notably, when we further add the interaction term between

Same-Sex and LG_TractPct in column 5, the main coefficient
on Same-Sex becomes negative (an average marginal effect
of −0.0252) but insignificant, and the interaction term is negative
and significant at 5%, suggesting that same-sex couples who live in
denser same-sex neighborhoods are more likely to be rejected.
Coupled with the negative coefficient on LG_TractPct, column
5 suggests that when the same-sex population percentage in a
census tract increases by 1%, the approval rate for same-sex ap-
plicants further declines by about 0.58% than the base group.
Although the lower approval rate of same-sex applicants is per-

sistent, as our model in Table 2 progresses, we note the instability of
the key coefficients of Same-Sex–related variables when additional
key underwriting variables missing from HMDA are added (vari-
ables available from Boston Fed data). This is a clear indication
that these coefficients tend to be biased with HMDA controls only.
The specific direction of the bias, however, is inconclusive.
Finally, following Boston Fed study (5), we run a full logit

regression (i.e., column 5 of Table 2, but excluding Same-Sex–
related control variables) on non–same-sex observations. Then,
for the same-sex applicants, we plug their attributes into the
model, pretending that they are different-sex, and compare the
average predicted denial probability with the actual denial rate
observed in the data. Compared with otherwise similar different-
sex applicants, same-sex applicants are 73.12% more likely to be
rejected. The results are reported in Table 3.

Loan Approval Analysis, Using HMDA Data. To expand our in-
vestigation to a broader scope and more recent years, we run a
series of logit and linear probability models with available con-
trols from HMDA and census data, keeping in mind that HMDA
data lack extensive coverage on loan and borrower characteris-
tics and hence may bias the estimated coefficients on the vari-
ables of interest. Although a 20% random sample is chosen due

Table 2. Boston Fed data results

Variables Logit (1) Logit (2) Logit (3) Logit (4) Logit (5)

Same-Sex −0.4585 −1.0274*** −1.1878*** −1.2913** −0.3855
(0.3330) (0.3885) (0.4127) (0.5478) (0.7507)

[Average marginal effect] [−0.0542] [−0.0851] [−0.0864] [−0.0846] [−0.0252]
LG_TractPct −0.0181* −0.0273* −0.0262 −0.0330** −0.0250

(0.0093) (0.0160) (0.0175) (0.0161) (0.0172)
[Average marginal effect] [−0.0021] [−0.0023] [−0.0019] [−0.0022] [−0.0016]
Same-Sex × LG_TractPct −0.0642**

(0.0256)
[Average marginal effect] [−0.0042]
County fixed effects Y Y Y Y Y
Lender fixed effects N N Y Y Y
Key underwriting variable and lender portfolio interactions N N N Y Y
N 2,316 2,316 2,316 2,316 2,316

Note: See SI Appendix for the full display of this table on other controls. SEs in parentheses are robust and clustered at the lender
level. *P < 0.1, **P < 0.05, and ***P < 0.01.

Table 3. Plug-in of Same-Sex attributes to non–Same-Sex regression: Boston Fed data

Characteristics and experience Rates

Actual denial rate for Same-Sex borrowers in sample (n = 69) 20.29%
Predicted denial rate for Same-Sex borrowers with their characteristics but non–Same-Sex experience 11.72%
Odds ratio 1.7312

Note: This table presents the predicted denial rate and actual denial rate for Same-Sex borrowers and odds ratio.
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to the extremely large data size, the small percentage of same-sex
couples in the population means that we potentially are ex-
cluding a great deal of information on same-sex borrowers.
Thanks to the property of unbiased estimation from the exoge-
nous stratification, in the following HMDA-based loan approval
analysis, we use the full sample of identifiable same-sex obser-
vations and pool them with our 20% random sample on
different-sex couples, unless stated otherwise.
We report the results in Table 4. Column 1 contains the

baseline logistic regression result. The coefficient for same-sex
applicants is −0.1972 (1% level of significance). The corre-
sponding average marginal effect indicates that the chances are
2.72% lower for same-sex applicants to be approved for a
mortgage loan after controlling for an entire set of basic mort-
gage loan control variables, such as property type, natural log of
applicants’ income, loan purpose, and so on.
In column 3, we include county-level percentages of same-sex

applicants measured each year (LG_CountyPct) and their in-
teraction with Same-Sex dummy as control variables, and the
results become more negative for the main effects. We also re-
port the average marginal effect in column 4. The Same-Sex
coefficient is −0.3708 at the 1% significance level. The margin
coefficient of −0.0511 suggests that, relative to an otherwise
similar different-sex applicant, the approval rate for the base
group same-sex applicant is 5.11% lower, on average.
The coefficient of LG_CountyPct is −0.0650 at the 1% sig-

nificance level. Its margin of −0.0090 indicates that, when the
share of a county’s same-sex population increases by 1%, the
loan approval rate to different-sex applicants who reside in that
county drops by 0.9%. The interaction term between Same-Sex
dummy and LG_CountyPct is 0.0372 at the 1% significance level
(with a corresponding margin of 0.0051). This finding seems to
contradict our previous finding using Boston Fed data, which has
a positive and significant coefficient on the interaction term. The
opposite signs of the interaction term from the two datasets
suggest that factors such as the differences in sample size, time
frame, and available controls may affect the estimates. That said,
a closer look reveals that there is no qualitative inconsistency
here. The reason is that, as a neighborhood’s same-sex pop-
ulation density increases, the gross incremental effect to the
same-sex applicant shall be the sum of the marginal effects from
LG_CountyPct (−0.9%) and its interaction with Same-Sex
dummy (0.51%). This combined effect turns out to be −0.39%,

which is close to the estimated gross effect of −0.58% (although
measured at census tract level) from Boston Fed data. Our findings
from both datasets seem to suggest a two-sided spillover effect
when neighborhood LGBT population density changes. That is,
in more LGBT-populated neighborhoods, both same-sex and
different-sex borrowers residing in the same neighborhood experi-
ence lower approval rates. Given its robustness with extensive
controls of neighborhood/time fixed effects, as to be seen in the
subsequent analysis, this finding does not seem to be driven by the
underlying unobservable characteristics of the neighborhoods.
Although the results in columns 1 and 3 are consistent with a

pattern of lending discrimination, several concerns warrant more
in-depth analysis. First, it is possible that much of the “observed”
discrimination is driven by the heterogeneous search patterns when
borrowers choose their lenders. Thus, it is worthwhile to look at
how major coefficients change when we further control for lender
fixed effects. Also see SI Appendix, section 3.2, for additional dis-
cussion of lender level analysis that also helps to address the issue
of heterogeneous searching patterns from loan applicants. Second,
the use of county fixed effects may disguise much geographic het-
erogeneity regarding where homosexual couples reside within a
county. Although in columns 1 and 3 we control for census tract
demographics in addition to county fixed effects, a more convincing
case can be made if we directly control for census tract fixed effects.
The only caveat of doing so is that the boundary definition of a
census tract can change over time. As HMDA is not always using
the most up-to-date tract definition, this can make the specification
of a time-unvarying tract fixed effects problematic.
To address the above concerns, and due to the greatly ex-

panded number of control variables, we use a linear probability
model in the remaining analyses, as also presented in Table 4. In
column 5, we begin with a baseline model that includes only the
observed HMDA controls, census tract demographics, and year
fixed effects. We then separately add the lender fixed effects in
column 6, the census tract fixed effects in column 7, and both
lender and tract fixed effects in column 8. Finally, to address the
concern of the changes in tract definition over time, we add
lender and tract-by-year fixed effects in column 9.
A valuable feature of the linear probability model is that it

allows for the simple probabilistic interpretation of coefficients,
and, as can be seen, the findings are qualitatively unchanged
from column 3. We once again find significant evidence of a
lower approval rate for same-sex applicants and the two-sided

Table 4. HMDA-based national loan approval (1990–2015)

Variables Logit (1)

Average
marginal
effect (1) Logit (2)

Average
marginal
effect (2)

Linear
probability (3)

Linear
probability (4)

Linear
probability (5)

Linear
probability (6)

Linear
probability (7)

Same-Sex −0.1972*** −0.0272 −0.3708*** −0.0511 −0.0590*** −0.0362*** −0.0489*** −0.0360*** −0.0350***
(0.0248) (0.0277) (0.0049) (0.0026) (0.0042) (0.0024) (0.0022)

LG_CountyPct −0.0650*** −0.0090 −0.0075*** −0.0023*** −0.0093*** −0.0039*** N/A
(0.0095) (0.0012) (0.0004) (0.0019) (0.0008)

Same-Sex ×
LG_CountyPct

0.0372*** 0.0051 0.0062*** 0.0017*** 0.0042*** 0.0016*** 0.0016***

(0.0049) (0.0008) (0.0004) (0.0008) (0.0004) (0.0003)
Tract demographics Y Y Y Y Y Y N/A
Year fixed effects Y Y Y Y Y Y N/A
County fixed effects Y Y N N N N N
Lender fixed effects N N N Y N Y Y
Tract fixed effects N N N N Y Y N/A
Tract × year fixed

effects
N N N N N N Y

N 33,664,547 33,664,547 33,664,547 33,664,547 33,664,547 33,664,547 33,664,547
Adjusted R2 N/A N/A 0.0665 0.1914 0.0825 0.1973 0.2073

Note: See SI Appendix for the full display of this table on other controls. These results are based on a 100% Same-Sex sample plus a 20% heterosexual
sample. SEs in parentheses are robust and clustered at the lender level. ***P < 0.01.
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spillover effect, as discussed above. It is also clear, however,
when comparing columns 5 and 6 that the potential discrimina-
tion effect drops significantly after adding lender fixed effects. The
main coefficient on Same-Sex drops from −0.0590 to −0.0362, and
the coefficient of the interaction term between Same-Sex and
LG_CountyPct drops from 0.0062 to 0.0017. This suggests that the
borrowers’ self-selection on lenders can drive a large portion of
across-lender effects.
Recall that same-sex couples tend to be younger and have

lower credit scores. Imagine that, for some reason, many of them
choose to borrow from some particular lenders. Although
HMDA data do not contain information on an applicant’s age
and credit score, by adding lender fixed effects, we can at least
partially control for the impacts driven by these unobserved
borrower characteristics if there is significant self-selection by
loan applicants. This observation motivates us to look further at
the sorting patterns among borrowers, as well as to investigate
the discrimination effect at the individual-lender level. We pre-
sent these further analyses in SI Appendix, section 3.2.
As previously discussed, if same-sex couples exhibit extreme

sorting to neighborhoods within a county, then some effects can
be driven by the unobserved neighborhood characteristics rather
than by discrimination. The results in column 7 provide supporting
evidence of this. For example, compared with the results in column
5, when adding census tract fixed effects, the coefficients on both
Same-Sex and its interaction with LG_CountyPct decline in magni-
tude, although to a lesser extent than when we add lender fixed
effects. Finally, when we add tract-by-year fixed effects in column 9,
the little change in the key coefficients suggests that our major
findings on potential discrimination effect are unlikely affected by
the time-varying census tract definitions.
Another concern about our finding of the lower approval rate for

same-sex applicants is that the result might be driven by observa-
tions of early years or a few extreme years. We run the regressions
year by year, using the full sample of national HMDA data, and
report the estimates and confidence interval in SI Appendix, Fig. S1.
The pattern of lower approval rate to same-sex applicants is per-
sistent over time, except in 1996 and 2000, in which the negative
coefficient is not significantly different from zero at 5%. Surpris-
ingly, the extent of discrimination seems unmitigated in the last
decade, when the Democratic Party was in power.
Our HMDA-based analysis has its limitations. One serious

concern is the unbalanced representation of same-sex borrowers in
the sample. For example, as can be seen in SI Appendix, Table S2
and the discussion in Identification of Potentially Homosexual Loan
Applicants, same-sex couples tend to be younger, with lower credit
scores and higher incomes. They are more likely to be first-time
home buyers and tend to borrow with higher loan-to-income ratios.
Unfortunately, many of these characteristics are missing from the
HMDA data. A good example is credit score. As a proxy for bor-
rower’s risk, we expect that, ceteris paribus, lenders will reject more
applications from borrowers with lower credit scores, which has
nothing to do with discrimination.
Suppose we find the coefficient of Same-Sex to be negatively

significant when using HMDA data. As credit score is unavailable
from HMDA (and, hence, is not included in the regression), we do
not know whether the observed lower approval rate for same-sex
borrowers is due to lending discrimination or the fact that we fail to
include credit score as a control variable. The same problem also
applies to the interaction of Same-Sex with LG_CountyPct, a key
term that is used to measure the spillover effect. In SI Appendix,
section 3.1, we report on a simple test on the conditional correla-
tion (conditional on Same-Sex and LG_CountyPct) between Same-
Sex × LG_CountyPct and some key variables observed in HMDA.
The test result rejects the null hypothesis of zero conditional cor-
relation at 1%, suggesting another balance failure.
To investigate the property of unbalanced representation in Same-

Sex–related coefficients, we conduct a series of linear probability

regressions by gradually adding more HMDA controls to observe
their impacts on the key coefficients. We begin with an extremely
basic approval model that includes only Same-Sex, LG_TractPct,
and census tract and year fixed effects as controls. We then
gradually add loan attributes, borrower attributes, census tract
demographics, lender fixed effects, and, finally, lender tract fixed
effects to the model. We report the results in SI Appendix, Table
S4. Compared with what is seen in the baseline model, the ad-
dition of loan characteristics leads to a more negative Same-Sex
coefficient. The size of this estimated “discrimination” effect
shrinks when borrower and census demographic controls are
added, and it further declines (but remains economically and
statistically significant) when we add lender fixed effects, as seen
in the last column of SI Appendix, Table S4. The major takeaways
are twofold. On the one hand, there is clear evidence that the
unbalanced representation of Same-Sex sample may affect the
estimation accuracy of the size of the discrimination effect, as
shown by the varying magnitudes of the Same-Sex–related coeffi-
cients. On the other hand, the qualitative finding of unfavorable
treatment to same-sex borrowers and the spillover effect turns out
to be rather persistent and robust to the omitted variables, which is
consistent with a pattern of lending discrimination.

Loan Cost Analysis: Annual Percentage Rate Based. Measuring
mortgage costs to borrowers can be tricky. One obvious choice is
to use the contractual rate. Nevertheless, we are aware that the
contractual rate is often not an accurate measure of the effective
borrowing cost. Unlike the annual percentage rate (APR), the
contractual rate ignores the impact of loan fees and other closing
costs charged by the lender. As a simple example, consider a 30-y
fixed-rate mortgage for $200,000. Suppose a lender offers a 4.5%
contractual rate with 2% upfront loan fees. The terms observed
from the merged HMDA–Fannie Mae data will have a loan
amount of $200,000 and a contractual rate of 4.5%, and the
monthly mortgage payment will be $1,013.37. Nevertheless, due
to the loan fees, the lender will charge an extra $4,000 upon
closing. Assuming that the borrower chooses to amortize the fees
over the loan term, the actual monthly payment will be
$1,033.64, which is based on the principal value of $204,000. In
other words, this borrower receives only $200,000 from the
lender, but his or her mortgage payment will be calculated as if
he or she had borrowed $204,000. The effective borrowing cost
(hence the APR) is 4.67%, which is 0.17% higher than its con-
tractual rate. This example demonstrates why the contractual
rate often underestimates the true financing cost. As a result, we
focus our analysis here on APRs.
Under HMDA, since 2004, a rate spread for a loan must be

reported if it is above a certain threshold. Between January
2004 and September 2010, the rate spread was defined as the
difference between the APR on a loan and the prevalent rate for
Treasury securities of comparable maturity. HMDA mandates
disclosure of such a rate spread if it is at least 3% for a loan
secured by a first lien. Due to this high threshold, only 3.89% of
the loans in our usable sample have reported rate spreads. In
October 2010, HMDA changed its definition of rate spread to
the difference between a loan’s APR and a survey-based estimate of
prevalent APR (instead of Treasury rate) for comparable loans.
Given this new definition, the disclosure is required if a rate spread
is above 1.5%. The new disclosure threshold is even higher than
before, as only 1.01% of the loans in our sample are above this
threshold and, hence, have reported spreads.
One data restriction is that our sample is censored below the

threshold that triggers the rate spread disclosure. We, therefore,
adopt a Tobit model to address the data censoring issue. Due to
the 2010 change to the reporting threshold and the definition of
rate spread, we split our sample into periods before and after
2010, and report the Tobit regression results in Table 5. Here, we
drop the loans originated in the last quarter of 2009 as it is the
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transitional period of the changing reporting rules. Models 1 and
4 correspond to the baseline model for pre- and post-2010 periods
separately, and models 3 and 6 are full models after controlling for
the interaction term between Same-Sex and county-level Same-Sex
percentage variable and additional fixed effects for the corre-
sponding periods. Following prior literature on loan cost analysis
(8), we include the combined loan to value ratio as a series of
dummy variables for below 0.6, 0.6–0.8, 0.8–0.85, 0.85–0.9, 0.9–0.95,
0.95–1, and above throughout all models. We add dummy variables
for debt-to-income ratio around the threshold of 0.36 with bins as
small as 0.03. We also add dummy variables for borrower and
coborrower credit score separately for below 600, above 820, and in
20-point bins otherwise.
The results show that same-sex borrowers are charged higher

rate spreads. For example, the coefficient of Same-Sex borrowers
for the full model before 2010 (model 3) is 0.1902 at a 1% signif-
icance level, which implies that the base group of Same-Sex bor-
rowers on average pay 0.1902%more on their mortgages compared
with otherwise similar borrowers The result is both statistically and
economically significant. The same coefficient for post-2010 (model
6) is smaller at 0.1032, still highly significant.
As far as the spillover effects, the coefficient for LG_CountyPct is

negative across all models, although insignificant. For same-sex
borrowers who live in these counties, the combined effect is also
negative. Overall, we find some weak evidence of a two-sided
spillover effect on rate spread as well.

Loan Cost Analysis: Contractual-Rate Based. Although the Tobit
model is suitable to handle censored data, the extremely high
censoring rate in our sample and the strong normality assump-
tion made by the Tobit model can still be of concern. In re-
sponse, in this section, we report on our examination of the
original contractual rate, which is available for all observations,
thanks to Fannie Mae data.
Understanding that the contractual rate usually underesti-

mates the effective financing cost, we report the ordinary least-
squares (OLS) regression results when using contractual rate as
our cost measure, as seen in Table 6. The model specifications
are otherwise identical to those in Table 5. As the changing
disclosure rule on rate spread is no longer relevant, we first re-
port the full sample results in columns 1–3. Then, to facilitate
comparisons with Table 5, we break our sample into the same
pre- and post-2010 periods in columns 4 and 5. The findings from
the contractual rate are qualitatively consistent with the previous
APR-based rate spread analysis. For example, in column 1, the
coefficient for Same-Sex is 0.0183 (SE, 0.0030), which suggests
that Same-Sex borrowers, on average, pay 1.83 more basis points
on the contractual rate compared with otherwise-similar different-
sex borrowers. The pattern is persistent across different subperiods,

suggesting that overpricing to same-sex borrowers is a common
business practice. Finally, the larger coefficient for Same-Sex after
2010 in column 5 echoes the trend of decreasing approval rate for
same-sex applicants since 2004, as shown in SI Appendix, Fig. S1.

Loan Performance Analysis: Mortgage Default. Our findings so far
suggest that same-sex borrowers are more likely to be rejected
when they apply for loans, and, conditional on being approved,
they are charged higher financing costs by lenders, primarily
through upfront fees. Although we have controlled for an ex-
tensive list of characteristics of both borrowers and their loans, it
may still be plausible that there could be some unobserved
characteristics that cause same-sex borrowers to be riskier and,
therefore, more likely to default. In this case, the higher APRs
charged to same-sex borrowers could simply reflect the premium
of their higher default risk. To investigate whether the higher
financing costs to same-sex borrowers can be justified by the
default risk premium and, hence, a reflection of financial necessity,
we look at the loan performance, using our merged HMDA–

Fannie Mae sample.
We estimate logit models for the mortgage defaults. The de-

pendent variable is a dummy variable that indicates when a
mortgage becomes delinquent for at least 60 d within 5 y of its
origination date. As the most recent performance updates in our
data were from the end of 2015, we restrict our sample to loans
that originated before 2010 to generate a 5-y observation win-
dow. The results are shown in SI Appendix, Table S5. Model 1 is
our baseline model. In model 2, we add LG_CountyPct. In model
3, we add the interaction between Same-Sex and LG_CountyPct.
Although there is no reason to associate subsequent loan per-
formance with the original lender after loan characteristics are
controlled for, we still include the annually measured lender’s
county-level market share measured and lender fixed effects in
model 4. None of the coefficients of Same-Sex borrowers across
all four models is significant. Hence, we feel comfortable saying
that same-sex status exhibits no greater risk of default.

Loan Performance Analysis: Mortgage Prepayment.Another key risk
factor to lenders is regarding prepayment. For example, when
the market rate drops, borrowers tend to prepay the existing
higher-rate loan through refinancing. These prepayments can be
risky to lenders, as the lenders need to reinvest a large amount of
unexpected cash inflows (due to prepayment) at the lower
prevalent market rate. Even worse, in many cases, it is illegal for
lenders to charge a prepayment penalty as a remedy because of
the consumer protection laws. In this section, we report on our
investigation of whether same-sex borrowers exhibit higher pre-
payment risk, which can potentially justify the higher interest
rates and lower approval rates for their loans.

Table 5. Tobit regression on rate spread

Variables
Model 1
(pre-2010)

Model 2
(pre-2010)

Model 3
(pre-2010)

Model 4
(post-2010)

Model 5
(post-2010)

Model 6
(post-2010)

Same-Sex 0.1718*** 0.1722*** 0.1902*** 0.0452*** 0.0455*** 0.1032***
(0.0113) (0.0113) (0.0155) (0.0096) (0.0096) (0.0142)

LG_CountyPct −0.0027 −0.0024 −0.0018 −0.0008
(0.0043) (0.0043) (0.0034) (0.0034)

Same-Sex × LG_CountyPct −0.0036* −0.0128***
(0.0026) (0.0028)

Census tract demographic controls Y Y Y Y Y Y
Loan month fixed effects Y Y Y Y Y Y
Lender × County fixed effects Y Y Y Y Y Y
N 176,502 176,502 176,502 237,131 237,131 237,131

Note: See SI Appendix for the full display of this table on other controls. This table reports Tobit regression results. SEs in parentheses are robust and
clustered at the lender level. *P < 0.1 and ***P < 0.01.
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Similar to what was discussed in Loan Performance Analysis:
Mortgage Default, we create a dummy variable that equals 1 when
a mortgage is prepaid within 5 y of its origination date and focus
on the loans that originated between 2004 and 2010. Our model
specifications are otherwise identical to the ones that we use in
the loan default analysis. We report the results in SI Appendix,
Table S6. The coefficient on Same-Sex is negatively significant at
1% in columns 1 and 2. It is worth noting that, in columns 3 and
4, the appropriate test for Same-Sex performance is an F test for
the coefficients of Same-Sex and its interaction with LG_CountyPct
(which are both negative) for joint significance. The corresponding
F statistics of 19.05 (P < 0.0001) and 19.58 (P < 0.0001), respec-
tively, present strong evidence that same-sex borrowers are less
likely to prepay compared with their peers.

Extended Analysis. As seen in SI Appendix, we conduct a series of
robustness checks. In particular, we examine the following:

i) To support the findings presented in Loan Approval Analy-
sis, Using HMDA Data, we run a balanced representation
test on Same-Sex × LG_CountyPct in HMDA.

ii) In the Boston Fed approval analysis, we use appropriate
subsamples of observations to address the concern that
same-sex borrowers are younger, on average; more likely
to live in multifamily units than single-family units; and more
likely to have a cosigner.

iii) In the HMDA approval analysis, for identified same-sex
applicants, we drop the observations if the races of the main
applicant and coapplicant are the same to rule out potential
father/son (or brother/sister) types of relative pairs.

iv) In the cost analysis, we use a linear probability model to test
whether same-sex borrowers are more likely to have a dis-
closed high APR spread. This treatment frees us from the
data-censoring problem.

v) In the performance analysis, we use the Cox proportional
hazard model to test whether, conditional on the subsample
of loans in default, same-sex borrowers default sooner, on
average, which is costlier to lenders.

In short, our key findings remain qualitatively unchanged
across these robustness checks. In SI Appendix, we also provide a
more in-depth discussion of the types of lending discrimination
and discriminatory behaviors at the individual-lender level.

Conclusion
We propose a method to infer a borrower’s sexual orientation in-
directly without self-identification and examine potentially unequal
lending practice to same-sex borrowers and its spillover effects. The
results indicate that same-sex mortgage applicants in the United
States are more likely to be denied than are different-sex applicants

with similar characteristics. We then check the cost of the approved
loans, and our results show that lenders tend to charge same-sex
borrowers higher financing costs, primarily through upfront fees.
Furthermore, our investigation on mortgage performance reveals
that same-sex applicants are less likely to prepay mortgages and are
no more likely to default than their peers, indicating that they are
less risky to lenders. Given the absence of evidence that suggests
that same-sex status is a reliable signal for loan underperformance,
potential disparate lending practices against sexual orientation
might exist in the mortgage market.
Our analysis also provides evidence of spillover effects. That

is, holding other factors constant, when a neighborhood’s same-
sex population density increases, both same-sex and different-sex
applicants seem to experience either lower approval rate or
higher financing cost, or both.
Our research might be subject to omitted variable bias, data

errors, and endogeneity problems in several of the explanatory
variables, especially in our HDMA-based loan approval analysis.
We acknowledge the potential overstatement of the discrimina-
tions and constraints of the limited data items available to test,
and we further check the loan performance after we check the
approval rate of the mortgage applications. We also try to ad-
dress these concerns with both different econometrics specifi-
cations and robustness tests for all of the helpful additional data
we can find. For example, the original HMDA data suggest that
differential treatment by sexual orientation is occurring in the
mortgage market, but important confounding variables related to
both loan approval and sexual orientation are missing from the
HMDA data. To cross-validate the reliability of our findings, we
employ Boston Fed data that cover in detail the lenders’ in-
formation, including essentially all of the information the lenders
use in their decision-making process, and find that same-sex
status still plays a significant role in mortgage-lending deci-
sions. The bottom line is that our results could still be refuted
with potential evidence that the homosexual–heterosexual dif-
ferences in loan approval and loan performance can be entirely
explained by nondiscriminatory differences in business-justifiable
underwriting standards across lenders.
Although it is still premature to conclude the existence of

lending discrimination against sexual orientation, we believe the
documented findings in this study should raise enough concern
to warrant further investigations on this topic by researchers,
relevant government agencies, and other interested groups.
In addition to its original contribution to the literature on

discrimination studies, this paper sheds light on a broad group.
For demographers, economists, and other social scientists, we
propose a reliable and low-cost method to approximately mea-
sure the sexual orientation of US households at the local level
annually over decades. This method is in contrast to alternative

Table 6. Linear regression on contractual rate

Variables OLS 1 (full sample) OLS 2 (full sample) OLS 3 (full sample) OLS 4 (pre-2010) OLS 5 (post-2010)

Same-Sex 0.0183*** 0.0181*** 0.0288*** 0.0185** 0.0290***
(0.0030) (0.0030) (0.0050) (0.0084) (0.0058)

LG_CountyPct 0.0012 0.0014* 0.0027** 0.0019**
(0.0008) (0.0008) (0.0013) (0.0008)

Same-Sex × LG_CountyPct −0.0021** 0.0004 −0.0029***
(0.0008) (0.0013) (0.0010)

Census tract demographic controls Y Y Y Y Y
Loan month fixed effects Y Y Y Y Y
Lender × County fixed effects Y Y Y Y Y
N 420,175 420,175 420,175 176,502 237,131
Adjusted R2 0.9097 0.9097 0.9097 0.7511 0.7511

Note: See SI Appendix for the full display of this table on other controls. This table presents linear regression results for contractual rates. SEs in parentheses
are robust and clustered at the lender level. *P < 0.1, **P < 0.05, and ***P < 0.01.
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ways, such as the 10-y release of similar information from the US
Census survey. For policymakers, lawmakers, and researchers, as
the current federal fair lending acts do not explicitly list sexual
orientation as a prohibitory class, our findings have direct im-
plications for the urgency of protecting the LGBT community
regarding fair credit accessibility. Furthermore, for credit moni-
toring agencies, such as the Consumer Financial Protection Bureau,
and given its data advantage, we provide a possible approach
to measure and investigate sexual orientation-based disparate
lending practices.

Materials and Methods
There is a large body of literature on lending discrimination, although the
research focuses primarily on racial/gender-based discrimination. To facilitate
comparison with other studies and for consistency, we adopt a similar
methodology to that used in prior classic studies (5, 6).

We first investigate lenders’ loan approval decisions, using both Boston
Fed and HMDA data. Our baseline model is a logistic regression (and linear
probability model) with the following specifications:

Approve= β0 + β1Same‐Sex + β2Borrower   Characteristics

+ β3Loan  Characteristics+ β4Census  Tract  Demographic  Controls

+ Fixed   Effects+ error   term. [1]

To examine the potential spillover effect, we further expand our analysis
based on Eq. 1 by adding LG_CountyPct, which measures the percentage of

same-sex applicants annually out of the total paired applicants. We use it as
a measure of a neighborhood’s prevalent LGBT population density. We also
add the Same-Sex × LG_CountyPct interaction term as well as various lender/
location fixed effects to account for varied lenders’ underwriting models in a
systematic way. Using similar model specifications, we also examine the
potential differential outcomes for same-sex borrowers on loan cost and
performance.

The key challenge that scholars face as they try to understand lending
discrimination is that different lenders may use different underwriting
standards (6). As a result, it is possible that, at the individual-lender level,
there is a common underwriting standard for everybody and, therefore, no
“discrimination.” Because applicants might be sorted disproportionately to
different lenders, however, the sorting might lead to the case that certain
types of applicants are more (or less) likely to have their applications ap-
proved. To address this concern, we follow the methodology proposed in
the lending discrimination literature (6) and examine several variations of
lenders’ underwriting models. In SI Appendix, we provide a more in-depth
discussion of and justification for various model specifications that evolved
from our baseline models and correspond to different datasets.
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