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Abstract
This study investigates whether mortgage financing regulation unintentionally leads to
minorities paying a higher loan contract rate under a risk-based pricing system. We provide
evidence that minority borrowers prepay less frequently than comparable non-minority
borrowers and thus have lower termination risk. Racially neutral lending policies prohibit
the lender from considering this reduced termination risk, resulting in a disparate impact from
the overstatement of a minority borrower’s termination risk. While we find little evidence of
a rate differential among borrowers under the current regulatory structure, results show
minorities pay a higher rate when the variation in termination risk is recognized.
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Introduction

This study focuses on the loan pricing behavior of lenders under racially neutral lending
policies and further investigates if mortgage financing regulation may unintentionally lead
to minorities paying more for a mortgage loan. The issue of racial discrimination in
mortgage lending has consistently drawn the attention of researchers since the enactment
of the Equal Credit Opportunity Act (ECOA) in 1974. Ross and Yinger (2002) and Turner
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and Skidmore (1999) note that racial discrimination in mortgage markets manifests itself in
several forms. Differential treatment discrimination occurs when equally qualified individ-
uals are treated differently due to explicitly considering prohibited factors such as a
borrower’s race or ethnicity. For example, lenders may deny loan applications of minority
applicants with a higher frequency, steer minority borrowers into the less favorable instru-
ments (e.g., subprimemortgage market) or price loans differently given the borrower’s level
of risk. Simply put, differential treatment discrimination means that applicants with equiv-
alent credit-related characteristics are treated differently. Disparate-impact discrimination
occurs when lenders apply a racially neutral policy to all borrowers, however the policy
itself disproportionately excludes or burdens borrowers in a certain group. An extensive
literature exists that has examined these forms of discrimination and specifically whether
fair-lending laws and regulations have successfully eliminated race-based disparity in credit
allocations and in loan pricing.1 Overall, the results aremixed. The focus of this study on the
loan pricing behavior of lenders is consistent with the lending industry’s shift towards a risk-
based pricing system. Under this system, borrowers with different risk levels have access to
credit, but at rates relative to their risk (Turner and Skidmore 1999; Ghent et al. 2014). This
implies borrowers with equivalent levels of risk should pay equivalent prices.

Using a sample of 30-year first-lien fixed-rate subprime mortgage loans for home
purchase, this study evaluates the existence of contract rate disparity between racial/ethnic
groups within a framework which mimics lenders’ loan pricing behavior. We first employ a
competing-risks hazard model to simultaneously assess the default and prepayment risks of
each loan in the sample based on the loan performance data. In the loan hazard model, the
effects of a borrower’s race as well as the effects of the racial composition of a borrower’s
neighborhood are assessed. For each loan in the sample, the probability of a borrower
defaulting upon or prepaying a loan is predicted based on the loan hazard model. The loan-
level predicted default and prepayment probabilities are then incorporated into a loan
contract rate determination model to investigate whether race-based disparity in mortgage
loan pricing exists after explicitly controlling for termination risk.

The results of the competing-risks loan hazard model indicate African American
borrowers and Hispanic borrowers tend to be less likely to exercise their prepayment
option than similar non-Hispanic white borrowers. However, we fail to reject the null of no
impact on default risk of the race and ethnicity variables. In a completely competitive
market, lower prepayment risk of loans reduces borrowing cost and enhances returns to
lenders, thus it should be reflected in loan pricing and result in more favorable loan terms.
However, the current fair-lending laws and regulations prohibit lenders from using a
borrower’s race and ethnicity to assess a borrower’s risk profile, leading lenders to over-
assess the risk level of a loan to a minority borrower. Overstating a borrower’s termination
risk leads to a higher contract rate being paid. The estimation results indicate African
American borrowers pay an additional 15–45 basis points and Hispanic borrowers pay
roughly 10–24 extra basis points for their contract rate.

1 Black et al. (1978) andMunnell et al. (1996) represent early studies focusing on the issue of credit allocation.
Holmes and Horvitz (1994), Tootell (1996), and Ross and Tootell (2004) are examples of studies emphasizing
the issue of redlining, analyzing whether the racial composition of an applicant’s neighborhood affects loan
credit allocations. A few recent studies investigate the existence of disparate treatment by mortgage loan
originators (Ross et al. 2008; Hanson et al. 2016) using experimental methods. Turner and Skidmore (1996),
Ladd (1998), LaCour-Little (1999), and Ross and Yinger (2002) provide thorough and detailed reviews of
previous studies.
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Themethods applied in this studymake it noticeably different from prior studies. Inmost
of the prior racial studies inmortgage lending, the existence of racial disparity in the contract
rate is evaluated through a reduced-form contract rate determination model. In a reduced-
form model, a loan’s contract rate is regressed against a borrower’s race or the racial
composition of a borrower’s neighborhood, as well as a set of covariates that are believed
to be associatedwith the risk level of a loan.One potential problemwith this approach is that
a reduced-form model does not enable us to explicitly explore the effects of race and
ethnicity on loan termination patterns and to separately derivemortgage pricing implications
of these termination patterns. By contrast, the analysis utilized in this study allows us to
mimic lenders’ pricing behavior by predicting the probability of a borrower defaulting upon
or prepaying a loan and explicitly account for loan termination risk on the contract rate by
including predicted probabilities of termination.More importantly, while prior studies using
the reduced-formmodel normally focus on default risk factors while ignoring the impact of
prepayment risk on the loan’s contract rate, this study simultaneously assesses the compet-
ing risks of mortgage default and prepayment. Kau et al. (1992) note that default and
prepayment are substitutes for one another and one cannot accurately value either option
without the other. In addition, numerous authors have emphasized the importance of
incorporating prepayment risk in the valuation of mortgage-backed security (e.g., see
Dunn and McConnell 1981a & 1981b; Schwartz and Torous 1989, Schwartz and Torous
1992; Chernov et al. 2017). Firestone et al. (2007) note that in practice default is a relatively
rare event relative to mortgage prepayment (0.6% vs 92% in their study). Using this
framework, we are able to explore whether borrowers of different racial and ethnic groups
have different prepayment risk, and thus enabling us to determine whether fair-lending laws
and regulations lead to minority borrowers paying a significantly greater contract rate.

Literature Review

Discrimination against minority borrowers in loan pricing may be directed at the
individual borrower or based on the racial and ethnic composition of a borrower’s
neighborhood (redlining).2

The Survey of Consumer Finance (SCF) data and the American Housing Survey
(AHS) data are widely used in prior studies to examine mortgage discrimination in loan
pricing as both data sets have information on a borrower’s race. Using the 1983 SCF
data and focusing on conventional fixed-rate mortgage loans, Duca and Rosenthal
(1994) did not find evidence of racial discrimination in the conventional mortgage
market. Getter (2006), using more recent 1998 and 2001 SCF data which better
differentiates households with severe delinquency problems from households with
minor repayment problems, arrived at the same conclusion - a borrower’s race does
not affect a loan’s contract rate. However, Cheng et al. (2015) using the 2001, 2004,
and 2007 SCF data consisting of various types of mortgage products, found that racial
disparity in the mortgage contract rate is both statistically and economically significant.
The newer SCF data used by Cheng et al. (2015) contain detailed information on a

2 The focus of our review of the literature is to examine racial and ethnic disparity in loan pricing. For
literature on racial discrimination in credit allocations, please see Turner and Skidmore (1996) and Ross and
Yinger (2002) for the summary.
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borrower’s race as well as the borrower’s characteristics including income, wealth,
debts, credit quality, age, and education. Based on the 1989–2001 AHS data, Boehm
et al. (2006) employed the Blinder’s decomposition approach commonly used in
empirical studies on labor discrimination and found empirical evidence of racial
discrimination in the mortgage market.

Although both the SCF data and the AHS data appear to provide rich data sources for
analysis of racial disparity in mortgage lending, they have some drawbacks. The SCF data
include detailed information on the borrower, but do not contain detailed information on
the attributes of the loan or the collateral. The AHS data, which is a household-level data
set, fails to provide information on a household’s financial condition (e.g., a borrower’s
credit score), but includes detailed information on a borrower’s personal traits, the loan
terms, and the collateral. These limitations have led to the use of proprietary data sets to
investigate the issue of racial disparity in mortgage lending, with the hope these data will
contain information to better account for risk.

Based on a proprietary data set of conventional loans and FHA/VA loans originated by a
national home mortgage lender from 1988 to 1989, Crawford and Rosenblatt (1999)
focused on differences in yield premiums across racial groups. They conclude that
conventional loan interest rates are race-neutral, and although African American borrowers
are shown to pay a smaller premium on average, the difference is not economically
significant. Black et al. (2003) utilize another proprietary data set from a major mortgage
lending institution to investigate whether racial differences in overage pricing exist in either
the home purchase mortgage market or refinancingmarket.3 Their results indicate minority
borrowers are significantly more likely to pay a positive overage than similarly situated
white borrowers for home purchase mortgage loans. However, they did not find any
significant difference in overage pricing across racial groups in the refinancing mortgage
market. Courchane (2007), using a sample of conventional home purchase loans and
refinancing loans, fail to provide any evidence of racial discrimination in either of the
two mortgage markets. By contrast, Zhang (2013), by matching proprietary loan data from
a national bank to HMDA data to obtain information on a borrower’s race, finds non-
Hispanic Asians and non-Hispanic African Americans tend to receive a lower price for
their first-lien conventional loans for home purchase.

Other studies have investigated the issue of racial discrimination in mortgage
lending by emphasizing the issue of redlining. Nothaft and Perry (2002) match their
loan origination data to census survey data to obtain the racial composition of a
borrower’s neighborhood. They find that borrowers in predominately Hispanic or
Asian neighborhoods pay slightly higher interest rates, while borrowers in predomi-
nately African American neighborhoods occasionally pay slightly lower interest rates.
By contrast, also using census survey data to measure the racial composition of a
borrower’s neighborhood, Kau et al. (2012) reveal that borrowers in predominantly
African American neighborhoods or Hispanic neighborhoods tend to prepay less
frequently, and after the predicted loan default and prepayment probabilities are
controlled for, only borrowers in predominately African American neighborhoods
pay significantly higher contract rates.

3 An overage is defined as Ba difference between the price at which a loan closes and the minimum price
acceptable to the lending institution as quoted on the lender’s rate sheet^. For details, see Black et al. (2003).
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A recent study by Ghent et al. (2014), utilizing loan level data combined with Home
Mortgage Disclosure Act (HMDA) data to obtain a borrower’s race and ethnicity as
well as the racial and ethnic composition of a borrower’s neighborhood, simultaneously
investigate the impact of both a borrower’s race and the neighborhood’s traits on loan
contract rate after accounting for the predicted loan default and prepayment probabil-
ities.4 Their results provide empirical evidence of adverse pricing against African
Americans and Hispanics. In addition, they also find that the evidence of adverse
pricing is strongest for home purchase mortgage loans and loans originated by non-
depository institutions. Bayer et al. (2017) find that minority borrowers tend to be more
likely to obtain a high cost loan, and racial and ethnic disparities can be largely
explained by the lender’s foreclosure risk.

The current study utilizes similar technique of Kau et al. (2012), but is able to focus
on the impact of the individual borrower’s race and ethnicity on loan pricing. The
technique employed allows the current study to relax the orthogonality assumption of
Ghent et al. (2014) so that the contract rate of a loan is allowed to impact loan
performance. Additionally, a semi-parametric matching approach is utilized in the
current study as a robust test. The results show minorities may pay higher mortgage
rates despite regulation that prohibits discrimination, but the results are weak in that the
discrimination result is not present in a matched sample; however, the study unambig-
uously shows minorities pay higher rates than would be the case if regulation allowed
lenders to compensate minorities that prepay less frequently by offering those minor-
ities lower mortgage interest rates.

Model

The framework of the modeling is established from a lender’s perspective, as a loan’s
contract rate is determined at the time of loan origination. In setting the contract rate of
a loan, the risk level of the loan at origination is assessed, including the likelihood of a
borrower to default upon and to prepay a loan over the loan’s life. It is assumed lenders
have an accurate model to evaluate loan termination risk. In our model, the borrower’s
loan termination behavior is derived from the borrower’s default and prepayment
behavior observed in the sample.

Borrower’s Loan Termination Behavior Model

The borrower’s loan termination behavior is modeled using the Cox discrete-time
competing-risks loan hazard model (Deng et al. 2000). The model takes into consid-
eration that default and prepayment are substitutes (Kau et al. 1992). The borrower’s
loan termination behavior is observed and modeled at monthly intervals (in other
words, for each loan, the information is restructured to have one observation for each
month in which the loan is current). For each month of each loan subsequent to loan
origination, loan performance data is used to determine whether a borrower continued,
prepaid, or defaulted upon a loan. This discrete-time model solves the issue of left
truncation and right censoring which are common issues in the mortgage literature, and

4 The default and prepayment hazards are estimated using two separate models.
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allows the loan default and prepayment probabilities to be estimated appropriately.5

Specifically, a multinomial logit model is utilized to model a borrower’s loan termina-
tion behavior as6:

ln pjt=p0t
� �

¼ δ jαjt þ φ j
0
qjt þ β j

0
xjt þ εjt j ¼ 1; 2 ð1Þ

where p0t is the probability of a loan being continued in period t; pjt is the probability of a
loan being terminated in period t given this loan had been continued by the beginning of
period t, where j = 1 is the probability of default at time t, and j = 2 is the probability of
prepayment at time t. In this study, t refers to mortgage time. The variableαjt is the baseline
hazard rate for default and prepayment respectively, and is allowed to vary by mortgage
time. The vector qjt includes a set of variables indicating a borrower’s race and ethnic
group, as well as variables measuring the racial and ethnic composition of a borrower’s
neighborhood at mortgage time t. The vector of non-racial covariates (xjt) describes the
observed characteristics of the loan, the borrower, the collateral, the neighborhood, and the
economic conditions. These covariates may or may not be time varying.

It is assumed in the model that the possible future mortgage interest rate path is of
particular interest to the lender when predicting loan termination probabilities and is
among the time-varying covariates in xjt.

7 In this study, the 10-year treasury constant
maturity yield is adopted as the benchmark for the mortgage interest rate of 30-year
fixed-rate residential mortgage loans.8 In order to predict the possible future 10-year
yield path seen from loan origination yt(y0), the commonly used Cox, Ingersoll and
Ross (CIR) term structure model is employed.9 In this term structure model, the whole
term structure is assumed to be driven by a spot interest rate (r(t)). This spot interest rate
is assumed to follow a mean-reverting stochastic process with volatility affected by the
level of the spot rate as shown in Eq. (2):

dr tð Þ ¼ γ θ−r tð Þð Þdt þ σ
ffiffiffiffiffiffiffiffi
r tð Þ

p
dz tð Þ ð2Þ

5 See Fang and Munneke (2016) for a discussion on why the discrete-time competing-risks loan hazard model
can solve the issue of left truncation and right censoring.
6 The multinomial logit model is chosen with the independence of irrelevant alternatives (IIA) assumption that
the odds ratio for any pair of choices is assumed to be independent of any third alternative (one event is not
informative to the other conditional on all of the covariates in the model), and choices at any point in time are
independent of those at any other point in time. Based on the IIA assumption, a widely adopted approach was
utilized here to estimate this multinomial logit model in which we estimated default hazard and prepay hazard
separately. Hence, it is not necessary to estimate default and prepay hazard models within a simultaneous
equation framework, especially given the findings that studies show separate models perform well for most of
the data (Allison 2010). The advantage of estimating default and prepay hazard models separately also
includes the flexibility in having different specifications for different hazard models.
7 For other time-varying covariates, we either used the actual values if we were able to observe them, or
extrapolated values from the known values, whichever seemed more reasonable and appropriate.
8 This 10-year treasury constant maturity yield is widely used as the benchmark for the mortgage interest rate
of 30-year fixed-rate residential mortgage loans in practice.
9 Though several studies in asset pricing argue other interest rate models perform better than the CIR term
structure model with respect to out-of-sample prediction, those models could only be employed to forecast the
mean, not the density of the spot interest rate needed here. In addition, the CIR term structure model is the
standard model used in mortgage literature.
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where the first term on the right side of the equation is the deterministic part with θ as
the long-term mean of the spot interest rate and γ as the reversion rate, whereas the
second part describes the stochastic movements.

Using the estimated parameters in Equation (2),10 the density of future spot interest rate
for any forecast interval conditional on the spot interest rate at origination dF(r(t)| r(0)) is
forecasted, based on the transition density of the spot interest rate implied by the CIR term
structuremodel.11 As a change in the spot interest rate in the future (r(t)) is believed to result
in a change in the 10-year yield in the future (yt(r(t))), and the latter impacts the probability
of a borrower defaulting upon or prepaying a loan, the forecasted conditional density of
future spot interest rate dF(r(t)| r(0)) is employed to predict default probability and
prepayment probability for each loan in each period t as in Equations (3) and (4)12:

p̂̂1t y0ð Þ ¼ ∫p1t yt r tð Þð Þ½ � dF r tð Þjr 0ð Þð Þ ð3Þ

p̂̂2t y0ð Þ ¼ ∫p2t yt r tð Þð Þ½ � dF r tð Þjr 0ð Þð Þ ð4Þ

where p̂1t y0ð Þ is the predicted default probability in period t seen from loan origination
given that this loan had been continued by the beginning of period t and p̂2t y0ð Þ is the
predicted prepayment probability in period t.Here, as the forecasted conditional future spot
interest rate (r(t)| r(0)) is a continuous stochastic variable, in Equations (3) and (4) the
integrated expectations are numerically approximated through a discretization approach in
which the spot interest rate domain was divided into numerous but finite intervals.

The predicted probability of each termination event in any particular period t, calculated
based on Equations (3) and (4), is aggregated over a 10-year span to generate a total

predicted probability of each event P̂k (k = 1, 2) seen from origination as in Equation (5).13

10 The parameters in Equation (2) were estimated with the use of 4 time series of yields with different
maturities from 1987 to 2007 within the framework of the single-factor CIR term structure model. Those 4
time series are 6-month T-bill yield, 1-year Fama-Bliss bond yield, 3-year Fama-Bliss bond yield, and 5-year
Fama-Bliss bond yield. Data were obtained from CRSP. The reason we chose this estimation period (from
1987 to 2007) is many studies have found there was a shift in Federal Reserve monetary policy in the early
1980s (Duan and Simonato 1999) and the loan data in this study ends in 2007 based on loan origination year.
We used the GAUSS code offered by Jin-Chuan Duan on his website to implement the estimation, the one he
used to yield the results in Duan and Simonato (1999). We would like to acknowledge this help from him.
11 Notice here, this study forecasts the conditional density of the future spot interest rate rather than the simple
conditional mean to account for all of the possible path of future interest rate. For the transition density of the
spot interest rate, see Cox, Ingersoll, Ross (1985). Here, a normal distribution was used to closely approximate
the true transition density.
12 Note here, as we use the forecasted conditional density not the forecasted conditional mean to calculate the
predicted probability of each event at time t (p̂kt ; k ¼ 1; 2), the future market mortgage interest rate at time t
(the future 10-year yield here, yt(r(t))) could be any positive value in the spectrum. For each specific value of
yt(r(t)), the predicted probability of each event at time t based on that specific value could be calculated as
pkt[yt(r(t))]. As in the single-factor CIR model, the whole term structure is driven by the spot interest rate r(t),
the distribution of the future 10-year yield at time t is determined by the distribution of the future spot interest
rate at time t specified as dF(r(t)| r(0)). Therefore, considering all of the possible values of yt(r(t)), the predicted
probability of each event at time t is calculated as in Equation (3) and (4).
13 In this study, we chose a 10-year span instead of a 30-year span because in reality, most of the 30-year fixed
rate mortgage loans are prepaid within the first ten years if they were not defaulted upon. Notice here, a capital
P is used to distinguish total loan termination probabilities from time-specific loan termination probabilities.
The subscript k tells the type of the event, 1 for default and 2 for prepayment.
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This reflects the lenders’ concern on the total predicted probability of each event over the
life of a loan rather than that of a time-specific predicted probability for a particular period t.

P̂k ¼ ∑
T

t¼1
1þ y0

12

� �−t
p̂̂kt ∏

t−1

s¼1
1− ∑

2

k¼1
p̂̂ks

� �
k ¼ 1; 2 ð5Þ

Here, p̂kt is the predicted probability of event k in period t given that the loan had been

continued by the beginning of period t with the probability as ∏
t−1

s¼1
1− ∑

2

k¼1
p̂ks

� �
. Hence,

p̂kt ∏
t−1

s¼1
1− ∑

2

k¼1
p̂ks

� �
is the unconditional predicted probability of event k in period t.

These probabilities are discounted by the 10-year yield at origination (y0) with the
assumption that loan termination at earlier stages of a loan is more severe to the lenders.
Summation of discounted unconditional time-specific predicted probability of event k
over a 10-year window results in a total predicted probability of each event (P̂k).

Loan Contract Rate Determination Model

Risk-based pricing by lenders depends on the assessment of a loan’s risk level. To

capture termination risk, the total predicted probabilities (P̂k) based on borrower’s
termination model are included in a linear loan contract rate determination model,
Eq. (6). Such a model can be written as:

C0 ¼ α0y0 þ β1P̂̂1 þ β2P̂̂2 þ λ
0
bþ ξ

0
zþ ε ð6Þ

In addition to the predicted termination probabilities, the model includes: 1) the 10-year
yield at origination (y0) which is believed to be the benchmark used to set the interest
rate for 30-year fixed-rate mortgage loans; 2) a set of race and ethnicity variables, b,
including variables indicating a borrower’s race and ethnicity group as well as measures
of the racial and ethnic composition of a borrower’s neighborhood at origination; and 3)
a set of non-racial variables at origination (z) describing the traits of the loan, the
borrower, the collateral, and the collateral’s neighborhood. The estimation of this model
allows one to test whether a borrower’s race and ethnicity have an effect on the contract
rate after controlling for termination risk as well as the benchmark interest rate.

Data and Specifications

Data

The data used in this study contain 30-year first-lien fixed-rate home-purchase residential
mortgage loans serviced by GMACResidential Capital Company, LLC (GMACResCap).
GMAC ResCap was a finance firm that provided home financing, loan servicing, and
mortgage-back securities (MBS) issuance in the U.S. before the recent financial crisis.
Loans in this data were all packaged into private-label mortgage-backed securities and
traded in the secondary mortgage market. As the loan servicer, GMAC ResCap collected
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detailed information on the loan, borrower, and collateral at the time of loan origination. In
addition, they also tracked the performance of each loan they serviced on a monthly basis.
The monthly loan performance data provides information on the current interest rate and
balance of a loan, as well as prepayment and delinquency status.

GMAC ResCap data do not provide information on a borrower’s race or ethnicity.
This information is available in the Home Mortgage Disclosure Act Loan/Application
Register (HMDA-LAR) data. The Home Mortgage Disclosure Act (HMDA) is a
federal law that was enacted by the Congress in 1975 and implemented by the Federal
Financial Institutions Examination Council (FFIEC). Starting in 1989, amendments to
HDMA, resulting from the Financial Institutions Reform, Recovery, and Enforcement
Act (FIRREA), required financial institutions to collect and disclose data on race,
gender, and income of the applicant and the co-applicant (if applicable) for each loan
application (the LAR data). It is estimated that in 2007, more than 8800 lending
institutions reported their data to FFIEC, accounting for approximately 80% of all
home lending nationwide (Avery et al. 2007).14

To identify a borrower’s race and ethnicity, the loan data from GMAC ResCap were
matched with the HMDA-LAR data. One difficulty in matching the data is the two data
sets define the location of the property underlying the loan differently. Loans in the
GMAC ResCap data are reported based on the zip code, while loan applications in the
HMDA-LAR data are reported on the basis of the census tract. In addition, the
definition of a census tract adopted in HMDA-LAR data varies across time.15 To
address this issue, we first matched the GMAC ResCap loan data to a source of readily
available property transactions data from Miami-Dade County, FL, in order to identify
the geographic coordinates of the property securing each loan. To make this matching
feasible, the GMAC ResCap loan data were restricted to 30-year first-lien fixed-rate
home-purchase mortgage loans with underlying properties located in Miami. This loan-
property-sales matching is conducted based on the value of the underlying property,
property sale month (loan origination month), property type, and zip code, leading to a
matched loan-property-sales sample.16 Using geographic coordinates from the property
sales, the location of the loans within the 1980, 1990, and 2000 census tracts are
identified. Each matched loan-property-sale combination was then matched to ap-
proved conventional loan applications in the HMDA-LAR data based on the loan
amount (in thousand dollars), loan origination year (loan action year), property type,
property occupancy status, loan purpose, lien status (if applicable), and census tract.17

14 The FIRREA amendments in 1989 expanded the coverage of HMDA to many independent non-depository
lending institutions, in addition to the previously covered savings associations, banks, and credit unions. For
detailed information on who is required to report HMDA data, see the descriptions on the Federal Financial
Institutions Examination Council (FFIEC) website https://www.ffiec.gov/hmda/reporter.htm.
15 HMDA-LAR data from 1989 to 1991 used the 1980 census tract boundaries, data from 1992 to 2002
followed the 1990 census tract definitions, and data from 2003 to 2012 adopted 2000 census tract definitions.
16 Each mortgage loan was matched to property sales in the pool with replacements requiring that the gap
between the appraised value of the property in the loan data and the transaction price of the property in the
property sale data to be the minimum one in the pool. If multiple property sales were matched to a loan and
those multiple properties were located in the same census tract, this loan is treated as having a unique property
sale match, and its census tract identification number is identified as the common one for those multiple
properties.
17 As the loan amount in HMDA-LAR data is in thousand dollars, we allowed loan amount to differ by up to
$1000. Lien status is a new field added to the HMDA-LAR data beginning January 1, 2004.
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Only loans with a unique HMDA-LAR match are included for analysis in this study.18

One issue with the use of a borrower’s race and ethnic information in the HMDA-LAR
data is the reporting rules changed significantly in 2004 with regard to the classification of
race and ethnicity. Prior to 2004, an applicant (co-applicant) was required to self-identify
his/her race from among the five racial classifications: American Indian, Asian, African
American, Hispanic, andWhite. However, since 2004, applicants were asked to separately
report their ethnicity (Hispanic or non-Hispanic) and race (American Indian, Asian, African
American, Native Hawaiian, and White). In order to align the race and ethnicity data pre-
and post-2004, a hierarchy among all of the race and ethnic classifications is adopted.19

Specifically, if an applicant post-2004 self-identified as an African American/American
Indian/Asian/Native Hawaiian, no matter whether this applicant self-identified as a His-
panic or not, this applicant is treated as an African American/American Indian/Asian/
Native Hawaiian. If an applicant reported Hispanic for ethnicity andWhite for race, he/she
is treated as a Hispanic. Under this hierarchy, white borrowers are non-Hispanic whites. If
the applicant and the co-applicant chose different racial and ethnic groups, a hierarchy
ordering similar to the one described above is used. If either of the two applicants self-
identified as an African American, that loan is considered to be taken by an African
American borrower. If one applicant self-identified as a Hispanic and the other self-
reported as a non-Hispanic white, that loan is treated as one to a Hispanic. If both of the
two borrowers self-reported as non-Hispanic whites, the mortgage loan is considered to be
given to a non-Hispanic white.

The matched loan-property-HMDA data were augmented with other data sources
used to describe the characteristics of the underlying property’s neighborhood, based on
the property’s location. The decennial census survey data, normalized to the 1990
census tract boundaries, was used to generate time-varying variables describing a
neighborhood’s traits (including housing occupancy rate and poverty rate) on a monthly
basis by using a linear time-trend between the decennial data from 1990 to 2000 and
from 2000 to 2010. In addition, the yearly HMDA data was aggregated on the census-
tract level to create measures of the demographic characteristics of each census tract,
specifically, measures of median applicant income as well as the racial and ethnic
composition of a neighborhood.20 These aggregated HMDA neighborhood variables
are based on a three-year window (the previous year, the current year, and the next
year). To generate these variables, we use all of the loan applications including
applications that were approved or denied for 1-to-4 family dwelling purchases in a

18 In this study, if there are multiple HMDA-LAR matches for a loan that meet those matching criteria above,
and if those multiple matches have exactly the same race and ethnicity information on the borrower and the co-
borrower, this loan is allowed to be identified as having a unique HMDA-LAR match, since the goal of the
data matching is to obtain the race and ethnicity information on the borrower(s).
19 Avery et al. (2007) discussed several hierarchies to solve this issue, and this study adopted one hierarchy
that is reasonable here given the demographic characteristics of the population in Miami-Dade County, FL.
20 In this study, the census-tract level aggregated HMDA data is preferred rather than the decennial census
survey data to generate the time-varying variables describing the demographic characteristics of a census tract,
because the aggregated HMDA data is updated every year and is believed to be more accurate than census
survey data which is updated every ten years. Those measures include the median applicant income, the
proportion of African American applicants, the proportion of non-Hispanic white applicants, and the propor-
tion of Hispanic applicants. The applicant income is inflation adjusted by a GDP per capita deflator. All
income is defined in 2009 dollars. The racial and ethnic group of a loan application is identified using the
hierarchy described above.
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census tract across all lenders. The resulting yearly census-tract level measures were
further linearly time-trended to generate monthly measures.

Characteristics of the local housing market are measured by the change of and
variation in housing prices within a neighborhood (census tract) using the property
transactions data.21 A median housing price index was generated to measure the
changes in house price over the life of a loan relative to the time of origination. The
inflation-adjusted median house price index was calculated for each census tract based
on the 1990 census tract definitions, and for each month of analysis by creating a three-
year window of sale, eighteen months before and eighteen months after that month.22

The resulting index is a unique median house price index for each census tract on a
monthly basis. The standard deviation of the housing sale prices is also calculated
monthly for each census tract using the same three-year window to measure the
heterogeneity in housing sale price in a neighborhood. Recent house price appreciation
rate is calculated for each loan at origination using the change in the median house price
on a census tract in the two 3-year periods prior to origination.23

There were initially 1994 loans originated in Miami-Dade County, FL that could be
matched to the property transaction and HMDA-LAR data sets. Loans with missing
values on the loan, the borrower, the collateral or the neighborhood characteristics, or
loans without completed loan performance records were deleted. The sample is re-
stricted to loans originated from Jan. 1997 to Dec. 2006. The window could not be
extended beyond 2006, due to very few loans being originated beyond this point. In
addition, since only a few loans were originated to American Indian, or Asian, or
Native Hawaiian borrowers, they were removed from the data. The final sample
consists of 1404 observations of 30-year first-lien, fixed-rate subprime residential
mortgage loans for home purchase. Their performance was tracked from Jan. 2000 to
Oct. 2010, a period covering the recent mortgage crisis.

Model Specifications and Endogeneity Issue

On the basis of the option-theoretic model of mortgage loan Bfinancial^ termination
(Kau et al. 1992), default and prepayment are driven by different financial incentives.
Therefore, different baseline hazard rates (αjt) are applied to the default and prepayment
hazards. A scaled Standard Default Assumption schedule (SDA) is used for default
hazard and mortgage year fixed effects are employed to measure the prepayment
baseline hazard rate.24 Kau et al. (1992) note that changes in market interest rates
and changes in the value of the collateral are the two most prominent time-varying
factors affecting a borrower’s decision to default or prepay. In this discrete-time model,
the market interest rate change at time t is measured by the gap between the 10-year

21 The data on the pool of property transactions are sales from 1990 to 2013 in Miami-Dade County, FL.
22 The housing sale price is inflation adjusted by a GDP per capita deflator. All prices are defined in 2009
dollars.
23 Recent housing price appreciation rate at origination is defined as the ratio of the median housing sale price
in a neighborhood in a three-year period prior to the month of loan origination to the median housing sale price
in the same neighborhood in another three-year period prior to the three-year pre-origination period, then
minus 1.
24 The traditional Public Securities Association (PSA) schedule is not used because previous studies argued
this schedule did not describe the pattern of actual prepayments well, for more details, see Kau et al. (2004).
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Treasury constant maturity yield at loan origination and the 10-year yield at time t
lagged by 2 periods (y0 − yt − 2).

25 To measure the change in the value of the underlying
house, a monthly census-tract-level median housing price index is employed with the
assumption that the value of a house changes at the same pace as the median housing
price index in its census tract. For each mortgage time t, in order to reflect the changes
in the house price since loan origination, the ratio of the median house price index level
at time t to the one at origination is calculated, and this ratio is named the relative house
price at time t (RHPt). Additionally, an interaction term of the market interest rate
change (y0 − yt − 2) and relative house price at time t (RHPt) is also included in this
competing-risks model to account for any correlation between interest rate change and
house price change.

Variables describing the traits of the loan, borrower, property, and neighborhood are
also included in the hazard models. Loan traits include the loan contract rate spread at
origination (C0 − y0), original LTV, FICO score of the borrower, original loan amount,
loan origination season fixed effects, and dichotomous indicators for whether a bor-
rower provided full income documentation at origination, whether the loan is encum-
bered by a prepayment penalty at time t, whether the underlying property is owner
occupied, and whether the property is a single family detached house or a condo.26

Also, several time-varying variables are included to measure the characteristics and
evolution of an underlying property’s neighborhood, including the heterogeneity in
housing sale price, housing occupancy rate, poverty rate, and the median income of
loan applicants at time t.27

The specification of the default and prepayment models differs. In the default
equation, the prepayment penalty variable at time t is excluded, whereas in the
prepayment equation, the original LTV ratio, the income documentation status variable,
and the variable of neighborhood-level heterogeneity in housing price at time t are
excluded, because these variables are not believed to directly affect the corresponding
hazard, and also because of identification purpose.28

The contract rate C0 appears in the multinomial logit Equation (1) as part of the loan
contract rate spread and will be endogenous if there are omitted variables in the
estimation of the contract rate equation that are correlated with the errors in the
estimation of Equation (1). In other words, if a lender believes a borrower is more

25 Ayield at time t lagged by 2 periods is used because in practice there is usually a gap between a borrower’s
decision and actual termination, and borrowers typically rely on past information to make their decisions.
Notice here, for the first mortgage month and second mortgage month, the 10-year yield at loan origination (at
time 0) is used as the 10-year yield at time t lagged by 2 periods.
26 Contract rate spread at origination is defined as the gap between the contract rate and the 10-year yield at
origination. We chose the contract rate spread instead of contract rate itself because the 10-year yield as the
benchmark mortgage interest rate varied considerably within our study period, and this spread allows us to
make comparisons across mortgage vintages.
27 Heterogeneity in housing sale price at time t was measured by the standard deviation of housing sale price
within a three-year window prior to time t in a neighborhood. Housing occupancy rate and poverty rate in a
neighborhood at time t are from the census survey data. Median income of loan applicants in a neighborhood
at time t is generated by the aggregated HMDA data described in the data subsection. In order to reflect the
rank of each census tract in terms of median applicant income in Miami-Dade County, FL at time t, the ratio of
the median applicant income in a census tract at time t to the median applicant income in Miami-Dade County,
FL at time t was calculated and included in the model.
28 We also tested whether those excluded variables affect the corresponding hazard respectively. None of the
coefficient estimates of those variables are statistically significant.
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likely to default or prepay, the lender would charge a higher contract rate (spread),
however being charged a higher contract rate (spread) makes the borrower more likely
to terminate a loan. Since the usual two-stage least square procedure is inappropriate of
a non-linear logit model, we follow Petrin and Train (2003) and use a control function
method to address this endogeneity issue. To implement the CF method, a reduced-
form contract rate model is estimated in which the contract rate is regressed against all
of the exogenous variables in the system. The residual from the reduced-form contract
rate model is then included in the estimation of the multinomial logit model to solve the
potential issue of endogeneity. Recall that the termination probabilities (pjt) are esti-
mated based on the monthly observations of each loan and then combined with the
estimated CIR term structure model according to Eqs. (3) and (4), and the results

aggregated over time, according to Eq. (5), to obtain the expected probabilities (P̂k) at
origination.

Endogeneity is also an issue in the contract rate model (Eq. (6)) due to each of the

predicted probabilities (P̂k ) in the final contract rate equation being a function of the
contract rate (spread). To address this issue, a set of generated IVs (~Pk ) are used in the
estimation of the final contract rate in place of the corresponding predicted probabilities

(P̂k). Each generated IV (~Pk ) is calculated as its corresponding generated variable (P̂k),
but with the actual contract rate spread (C0 − y0) being replaced with a predicted

contract rate spread (Ĉ0−y0). The predicted contract rate (Ĉ0) is obtained from the
estimation of a reduced-form contract rate equation (the same reduced-form contract
rate model used in the CF method, results not reported in the paper). The predicted

contract rate (Ĉ0) is a function of all of the exogenous variables. Thus, each generated
IV (~Pk) is exogenous and serves as a valid IV for its corresponding generated variable

(P̂k) in the final loan contract rate equation. With those generated IVs, 2SLS is used to
estimate the contract rate model, since it is a linear in the parameters.

Other covariates included in the loan contract rate determination model are the 10-
year yield at origination (y0), as well as a set of covariates (z) that theory suggests
should affect loan pricing.29 These additional covariates include the original LTV, FICO
score of the borrower, original loan amount, loan origination season fixed effects,
prepayment penalty fixed effects, borrower’s income documentation status fixed ef-
fects, underlying property type fixed effects, property occupancy status fixed effects,
and a list of neighborhood characteristics at loan origination including recent house
price appreciation rate, heterogeneity in housing sale price, housing occupancy rate,
poverty rate, and median income of loan applicants. Individual- and neighborhood-
level race and ethnicity variables are included to test whether race and ethnicity affect
loan pricing. Additionally, a trend term in calendar time is also included. Table 11 in
Appendix A lists all of the variables used in this study and provides a detailed
description of each variable.

In both the loan hazard model and loan contract rate model, some variables take a
nonlinear function form based on prior studies and/or theoretical reasons. The original
LTV ratio is transformed into categorical variables: loans with LTV ratio less than or

29 This set of covariates are included in this loan contract rate determination model mainly for the identifi-
cation purpose. We tested whether the main results change if those covariates are excluded. The main results
remain the same.
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equal to 80%, loans with LTV ratio greater than 80% but less than or equal to 90%,
loans with LTV ratio greater than 90% but less than or equal to 100%, and loans with
LTV ratio exceeding 100%. Furthermore, FICO score is entered as a continuous linear
spline function with a knot point at 700 based on the assumption that once the FICO
score is above a threshold (e.g., 700), an additional increase in FICO score would have
relatively small marginal effects on loan termination probabilities/loan contract rate.30

Finally, following prior studies, a quadratic function form of the original loan amount is
utilized to allow for a non-linear relationship.

Statistical Descriptions

Table 1 presents a brief description of the characteristics of the loans at the time of loan
origination in the pooled sample, including the traits of the loan, borrower, collateral,
and neighborhood. The average original LTV ratio in the sample is approximately 85%,
and 88 loans (6.27%) have a LTV ratio greater than 100%. More than half of the
borrowers (52.35%) in the sample failed to provide full income documentation and
18.52% of the borrowers (260 loans) have a FICO score below 650. Approximately
33% of the loans are encumbered by a prepayment penalty. The average contract rate of
7.96% is relatively high, and is approximately 304 basis points higher than the 10-year
treasury yield at origination. During the observation period of loan performance in this
study, 122 loans (8.69%) of the 1404 loans were defaulted upon and ended up with a
foreclosure/short sale/deed in lieu of foreclosure, while 1129 loans (80.41%) were
prepaid. In this study, default is defined as the occurrence of a borrower being 90-days
delinquent, and that occurrence eventually results in a foreclosure, short sale, or deed in
lieu of foreclosure.

Table 2 provides descriptive statistics of the loans by the racial and ethnic group of
the primary borrower. Around 71% of the loans (995 loans) in the sample were
extended to Hispanic borrowers, about 22% of the loans (309 loans) were taken by
non-Hispanic white borrowers, and approximately 7% of the loans (100 loans) were to
African American borrowers. These proportions are close to the proportions from the
census survey describing the racial and ethnic composition of all the residents in
Miami-Dade County, FL. This indicates the working sample represents the overall
Miami-Dade population.31

Based on the information in Table 2, borrowers of different racial and ethnic groups
appear to have different loan termination patterns. The observed average default rate
within the study period by African American borrowers is around 13.00%, approxi-
mately twice as high as the observed default rate by non-Hispanic white borrowers

30 The FICO linear spline function was specified as follows: FICO(FICO ≤ 700) = minimum (FICO, 700); and
FICO(FICO > 700) = maximum(FICO, 700)-700. Therefore, the coefficient on FICO(FICO ≤ 700) measures the
effects of FICO score on dependent variable when FICO≤700; while coefficient on FICO(FICO> 700) measures
the marginal effects of FICO score when FICO>700. We tested whether the results are robust to the
specification of the FICO score knot point by conducting the same analysis with a knot point at 720 or
750, and results are robust.
31 The proportion of African American borrowers in the sample of this study is slightly lower than the
proportion of African American residents in Miami-Dade County, FL indicated by the census survey
(approximately 20% in 2000 census survey data). This leaves a research question for future study on whether
African Americans face more difficulties having access to credit than borrowers in other racial and ethnic
groups. As we do not have data on loan applications, this research question is beyond the scope of this study.
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(6.47%). Meanwhile, the observed prepayment rate by African Americas (77.00%) or
by Hispanics (78.39%) is lower than that by non-Hispanic whites (88.03%). The
observed differences in loan termination patterns among the three groups might be
explained by the differences in the credit risk of a borrower(s). African Americans

Table 1 Descriptive statistics of mortgage loans at loan origination

Variable Name Mean Std. Dev. Min. Max.

Default (0,1) 0.0869 0.2818 0.0000 1.0000

Prepay (0,1) 0.8041 0.3970 0.0000 1.0000

Loan Characteristics

Contract rate at origination (C0) 7.9622 1.1282 5.2500 12.5000

10-year treasury yield at origination (y0) 4.9201 0.8163 3.3300 6.8900

Contract rate spread at origination (C0-y0) 3.0422 0.9476 1.0100 6.4650

Original LTV 84.8048 11.8555 36.0000 107.0000

FICO at origination 700.0370 53.2957 483.0000 822.0000

Original loan amount (in $10,000) 18.1243 12.1792 2.0000 80.0000

Full income documentation (0,1) 0.4765 0.4996 0.0000 1.0000

Without prepayment penalty (0,1) 0.6702 0.4703 0.0000 1.0000

Prepayment penalty for 1 to 3 years (0,1) 0.2236 0.4168 0.0000 1.0000

Prepayment penalty for 5 years (0,1) 0.1061 0.3081 0.0000 1.0000

Property Characteristics

Property owner occupied (0,1) 0.7778 0.4159 0.0000 1.0000

Property condo (0,1) 0.3376 0.4731 0.0000 1.0000

Neighborhood-Level Characteristics at Origination a

Recent housing price appreciation rate b 0.1949 0.2227 −0.4519 2.8150

Heterogeneity in housing price (in $10,000) c 11.2656 7.8752 1.1012 43.3243

Housing occupancy rate (from Census Survey) d 0.9094 0.0858 0.5373 0.9883

Poverty rate (from Census Survey) d 0.1441 0.0826 0.0216 0.5988

Median applicant income (from HMDA) e 1.2188 0.5786 0.5483 4.8597

Proportion of non-Hispanic white applicants (from HMDA) f 0.2069 0.1729 0.0171 0.7069

Proportion of Hispanic applicants (from HMDA) f 0.6902 0.2161 0.0742 0.9778

Proportion of African American applicants (from HMDA) f 0.0775 0.1439 0.0000 0.8399

Sample Size 1404

a The neighborhood of a loan’s underlying property is defined based on the property’s 1990 census tract
boundaries
b Recent housing price appreciation rate at origination is defined as the ratio of the median housing sale price in
a census tract in a three-year period prior to the month of loan origination to the median housing sale price in
the same census tract in another three-year period prior to the three-year pre-origination period, then minus 1
c Heterogeneity in housing price at origination is defined as the standard deviation of the housing sale price in
a census tract over a three-year period prior to the month of loan origination
d Housing occupancy rate and poverty rate were generated from the decennial census survey data in 1990,
2000, and 2010
eMedian applicant income was generated from the HMDA data aggregated on the census tract level on a
yearly basis. It is defined as the ratio of the median applicant income in a census tract at origination to the
median applicant income in Miami-Dade County, FL at origination
f Variables on the racial and ethnic composition of a census tract were generated from the HMDA data
aggregated on the census tract level on a yearly basis
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Table 2 Descriptive statistics of mortgage loans at loan origination by race

Race Group

Non-Hispanic white Hispanic African
American

Variable Name Mean Mean Mean

Default (0,1) 0.0647 0.0894 0.1300

Prepay (0,1) 0.8803 0.7839 0.7700

Loan Characteristics

Contract rate at origination (C0) 7.9198 7.9140 8.5731

10-year treasury yield at origination (y0) 5.1425 4.8526 4.9040

Contract rate spread at origination (C0-y0) 2.7773 3.0614 3.6691

Original LTV 81.2395 85.4995 88.9100

FICO at origination 712.7605 698.0683 680.3100

Original loan amount (in $10,000) 22.0816 17.4520 12.5855

Full income documentation (0,1) 0.4822 0.4633 0.5900

Without prepayment penalty (0,1) 0.2201 0.3497 0.4700

Prepayment penalty for 1 to 3 years (0,1) 0.0939 0.2492 0.3700

Prepayment penalty for 5 years (0,1) 0.1262 0.1005 0.1000

Property Characteristics

Property owner occupied (0,1) 0.7767 0.7799 0.7600

Property condo (0,1) 0.3495 0.3508 0.1700

Neighborhood-Level Characteristics at Origination a

Recent housing price appreciation rate b 0.1815 0.2016 0.1693

Heterogeneity in housing price (in $10,000) c 15.8298 10.2828 6.9411

Housing occupancy rate (from Census Survey) d 0.8748 0.9196 0.9148

Poverty rate (from Census Survey) d 0.1314 0.1410 0.2142

Median applicant income (from HMDA) e 1.5494 1.1506 0.8755

Proportion of non-Hispanic white applicants (from HMDA) f 0.3545 0.1676 0.1415

Proportion of Hispanic applicants (from HMDA) f 0.5469 0.7567 0.4708

Proportion of African American applicants (from HMDA) f 0.0646 0.0533 0.3587

Number of loans 309 995 100

a The neighborhood of a loan’s underlying property is defined based on the property’s 1990 census tract
boundaries
b Recent housing price appreciation rate at origination is defined as the ratio of the median housing sale price in
a census tract in a three-year period prior to the month of loan origination to the median housing sale price in
the same census tract in another three-year period prior to the three-year pre-origination period, then minus 1
c Heterogeneity in housing price at origination is defined as the standard deviation of the housing sale price in a
census tract over a three-year period prior to the month of loan origination
d Housing occupancy rate and poverty rate were generated from the decennial census survey data in 1990,
2000, and 2010
eMedian applicant income was generated from the HMDA data aggregated on the census tract level on a
yearly basis. It is defined as the ratio of the median applicant income in a census tract at origination to the
median applicant income in Miami-Dade County, FL at origination
f Variables on the racial and ethnic composition of a census tract were generated from the HMDA data
aggregated on the census tract level on a yearly basis
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appear to have the highest credit risk simply based on the average original LTVand the
FICO score, while non-Hispanic whites appear to have the lowest risk based on these
measures. Additionally, African Americans seem to be more likely to be encumbered
by a prepayment penalty. African American borrowers also tend to live in a neighbor-
hood with a relatively lower recent housing price appreciation rate, a higher poverty
rate, and lower median income. The observed differences in the characteristics of the
loan, the borrower, and the neighborhood among the three groups indicate the impor-
tance of accounting for all of those traits when examining the relationship between a
borrower’s race and loan hazard probability/ loan contract rate.

Results

Modeling Discrimination

The individual- and neighborhood-level race and ethnicity variables at time t are
included in the estimation of the loan hazard probability to test if they are associated
with the default and prepayment hazards after a set of loan risk factors in xjt are
accounted for.32 Ross and Yinger (2002) note that under fair-lending laws, it is illegal
for lenders to use a borrower’s race and ethnicity as a proxy for unobserved risk factors
by including race and ethnicity in the calculation of the predicted termination proba-
bilities. They further note that all of the race and ethnicity variables should be included
in the estimation of the loan hazard model, otherwise parameters of other variables in
this hazard model would be biased if they are correlated with those race and ethnicity
variables. Our base case strictly follows this guidance and thus fair-lending laws and
regulations by including race and ethnicity variables in the estimation of the loan
hazard model, but excluding (setting their coefficients to zero) them from predicting
loan termination probabilities. This avoids what Ross and Yinger (2002) call statistical
discrimination. We refer to these predicted probabilities as color-neutral. Separately, we
build a regulation-free model where the termination probabilities are forecasted includ-
ing the impact of race and ethnicity variables. This approach allows one to measure the
impact of the over-assessment of termination risk in the contract rate.

Do Minorities Have Different Loan Termination Patterns?

The loan default hazard estimates, reported in Table 3, do not provide any empirical
evidence that a borrower’s race and ethnicity are associated with loan default proba-
bility, as the estimates on the individual-level race and ethnicity variables are not
statistically significant. In addition, the neighborhood-level race and ethnicity variables
are not shown to affect loan default probability. These findings indicate that the
differences in the observed average default rate across the three racial and ethnic groups
reported in Table 2 are fully explained by the differences in the covariates incorporated
in the default hazard model.

32 The variables describing the racial and ethnic composition of loan applicants in a census tract at time t are
generated by the aggregated HMDA data described in the data subsection.
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Table 3 Default hazard model estimates

Variables Coef. P value

Intercept 6.4472 0.1871

Market Characteristics

Market interest rate change at time t (y0-yt-2) a −0.3274 0.5332

Relative house price at time t (RHPt) a −2.9636 <0.0001

(y0-yt-2) × (RHPt) a 0.6122 0.2020

Loan Characteristics

Contract rate spread at origination (C0-y0) 0.0565 0.8660

Original LTV categories (Base group: Original LTV< =80)

80 <Original LTV< =90 0.0231 0.9356

90 <Original LTV< =100 0.5379 0.1627

100 <Original LTV 1.2272 0.0423

FICO at origination continuous linear splines

Minimum (FICO, 700) −0.0126 0.0114

Maximum (FICO, 700) -700 −0.0005 0.8960

Original loan amount (in $10,000) 0.1378 <0.0001

Square term of original loan amount (in $10,000) −0.0012 0.0128

Full income documentation (0,1) −0.6791 0.0049

Property Characteristics

Property owner occupied (0,1) −0.5632 0.0265

Property condo (0,1) 0.3315 0.2197

Neighborhood-Level Characteristics

Housing price heterogeneity at time t (in $10,000) a 0.0285 0.2367

Housing occupancy rate at time t a −1.9855 0.1832

Poverty rate at time t a 1.5569 0.2772

Median applicant income at time t (HMDA) a −1.7441 0.0002

Proportion of African Americans at time t (HMDA) a −0.0234 0.9864

Proportion of Hispanics at time t (HMDA) a −0.2288 0.8156

Borrower Race (Base group: Non-Hispanic white)

African Americans 0.2831 0.5033

Hispanics −0.0603 0.8228

Control Function Variable

Residual b 0.6561 0.0611

Time Characteristics

SDA a 1.0497 0.0043

Origination season fixed effects c YES

Likelihood Ratio 230.8994

a Denotes time-varying variables
b The residual comes from the contract-rate reduced-form estimation
c The seasonal loan origination fixed effects estimates are omitted here, but are available upon request
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Overall, the results indicate a borrower’s decision to default is mainly driven by financial
incentives. The change in the value of the collateral affects the default probability. The
coefficient on the relative house price at time t (RHPt) variable is statistically significant and
negative. This is consistent with the option theory of mortgage loan termination (Kau et al.
1992) – as house price decreases, borrowers lose equity on their houses and tend to bemore
likely to default. In addition, estimation results on the variables describing the traits of the
loan, the borrower, and the collateral, demonstrate that borrowers with an original LTV
ratio above 100%, a lower FICO score, a larger original loan size, limited income
documentation, or borrowers using a loan to purchase a house as investment rather than
as their primary residence tend to be more likely to default on the loan. Note that the
estimation results on the two FICO score variables indicate that when a borrower’s FICO
score is above a threshold, 700, an additional increase in the FICO score does not have
significant marginal effects on default likelihood. Meanwhile, the original loan size has a
positive impact on default probability but at a decreasing rate as the original loan size
increases. Among the neighborhood-level variables, only the estimate on the median
applicant income variable is significant and negative. The results indicate borrowers living
in a relatively poorer neighborhood tend to be more likely to default. These results are
consistent with most of the prior studies.

Table 4 demonstrates the estimation results on prepayment hazard. The estimation
results on the individual-level race and ethnicity variables indicate both African American
borrowers and Hispanic borrowers are less likely to prepay than non-Hispanic white
borrowers after other covariates are controlled for. This result is consistent with prior
studies focusing on prepayment patterns of minority borrowers (Kelly 1995; Clapp et al.
2001; Deng andGabriel 2006; Firestone et al. 2007). It is worth noting that all of those prior
studies have found that minority borrowers are less likely to prepay. Possible explanations
for this finding are those minority borrowers might face more obstacles gaining access to
credit in the refinance market, have limited knowledge or information of mortgage
refinance opportunities, or are less mobile. Because of the limitation of the data, we leave
this question to future research. However, the results clearly demonstrate minority bor-
rowers prepay less frequently and therefore have a relatively lower lending cost than similar
non-Hispanic white counterparts.

Overall, the results on other covariates are in accordance with theoretical expectations
and prior studies. The results indicate changes in market interest rates play an important
role in a borrower’s decision to prepay. As the market interest rate drops, borrowers are
more likely to prepay, as rational borrowers always have financial incentives to take
advantage of a lower interest rate through prepayment (Kau et al. 1992). In addition, the
likelihood of a borrower prepaying a loan is shown to also be affected by the change in the
value of the collateral. In a market seeing great house price appreciation, borrowers would
have more incentives to prepay their loans to cash out the equity on their house.

In addition to market interest rate change and house price change, other factors are
shown to affect the probability of loan prepayment. The contract rate spread at
origination (C0 − y0) appears to be positively associated with loan prepayment proba-
bility. The contract rate spread (C0 − y0) measures the extent to which the contract rate
at closing (C0) deviates from the baseline interest rate (y0), a measure of risk premium.
The results indicate that a borrower with a higher risk premium tends to be more likely
to prepay. This result may also reflect the impact of points used to buy down a contract
rate. As theory suggests, a borrower anticipating a lower likelihood of prepaying a loan
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in the near future self-selects more points at loan closing in exchange for a reduced
contract rate. Thus, the likelihood of a loan being prepaid is positively associated with
loan contract rate (spread).33 Estimation results on other covariates demonstrate

33 Points are not included in the data set.

Table 4 Prepay hazard model estimates

Variables Coef. P value

Intercept −10.8479 <0.0001

Market Characteristics

Market interest rate change at time t (y0-yt-2) a 0.5741 0.0002

Relative house price at time t (RHPt) a 1.3042 <0.0001

(y0-yt-2) × (RHPt) a −0.0734 0.5298

Loan Characteristics

Contract rate spread at origination (C0-y0) 0.4834 <0.0001

FICO at origination continuous linear splines

Minimum (FICO, 700) 0.0044 0.0020

Maximum (FICO, 700)-700 −0.0021 0.1001

Original loan amount (in $10,000) 0.0301 0.0046

Square term of original loan amount (in $10,000) −0.0005 0.0111

Within prepayment penalty period at time t (0,1) a −0.5057 <0.0001

Property Characteristics

Property owner occupied (0,1) 0.0206 0.8047

Property condo (0,1) −0.2132 0.0183

Neighborhood-Level Characteristics

Housing occupancy rate at time t a 0.3369 0.4778

Poverty rate at time t a −0.3579 0.4657

Median applicant income at time t (HMDA) a 0.1426 0.0964

Proportion of African Americans at time t (HMDA) a 0.1357 0.7342

Proportion of Hispanics at time t (HMDA) a 0.0402 0.8874

Borrower Race (Base group: Non-Hispanic white)

African Americans −0.3291 0.0400

Hispanics −0.2465 0.0036

Control Function Variable

Residual b −0.0479 0.6555

Time Characteristics

Mortgage year fixed effects c YES

Origination season fixed effects c YES

Likelihood Ratio 620.2642

a Denotes time-varying variables
b The residual comes from the contract-rate reduced-form estimation
cMortgage year fixed effects estimates and the seasonal loan origination fixed effects estimates are omitted
here, but are available upon request
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borrowers with a higher FICO score or a larger loan size appear to be more likely to
prepay. Meanwhile, borrowers encumbered by a prepayment penalty, or borrowers
using a loan to buy a condo versus a single-family detached house tend to be less likely
to prepay, ceteris paribus.

Do Minorities Pay Higher Contract Rates?

The results in Table 5 indicate that when a lender sets a loan’s contract rate, the lender
takes into account how likely a borrower is to default or prepay in the future, as the
coefficients on the predicted loan termination probability variables are significant and
positive. Specifically, a 10-percentage-point increase in the default probability leads to
a 15 basis point increase in the contract rate. A 10-percentage-point increase in the
prepayment probability would lead to an increase in the contract rate by 26 basis points.

The estimation results on other covariates in the loan contract rate determination equation
are consistent with either theoretical expectations and/or prior studies. The estimate on the
10-year yield at origination is significantly positive and close to 1. The estimates on the three
category variables of original LTV ratio are all significant and positive. The results show as
the original LTV ratio increases, the loan contract rate rises monotonically. A borrower’s
FICO score also plays an important role in determining a loan’s contract rate. Lenders are
shown to charge a higher contract rate for borrowers with a lower FICO score. However,
when a borrower’s FICO score is above 700, we fail to reject that an additional increase in
FICO score does not marginally impact loan contract rate. In addition, lenders tend to charge
a lower contract rate to borrowers who provide full income documentation at origination, as
well as borrowers who use a loan to purchase a house as the primary residence rather than as
an investment. Borrowers using a loan to purchase a condo are charged a higher contract rate
on average than borrowers using a loan to purchase a single-family detached house. Among
the neighborhood traits variables, the recent house price appreciation rate and the housing
occupancy rate at origination are shown to affect loan contract rate in a negative way.

The estimation results on the original loan size variables and two prepayment penalty
category variables require additional explanations. The results on the original loan size indicate
as the original loan size rises, the contract rate decreases, but at a decreasing rate. This finding
is consistent with most of the previous related studies. One possible explanation for this
finding is that the original loan size is believed to be positively associated with a borrower’s
income and wealth, and the latter is anticipated to be negatively correlated with loan contract
rate. The estimates on the two category prepayment penalty variables are shown to be
significant and positive. This finding may initially be somewhat puzzling given that the
prepayment penalty transfers a portion of the prepayment risk from the lender to the borrower,
and thus should reduce the contract rate. The results show that as the length of the penalty
period increases, the contract rate decreases, indicating the penalty itself reduces the loan
contract rate. The observed positive relationship between the prepayment penalty and loan
contract rate reflects that borrowers selecting a prepayment penalty tend to be riskier, other
things equal.34

Turning our attention to the estimates on the individual- and neighborhood-level race
and ethnicity variables. The results indicate an African American borrower pays a contract
rate approximately 20 basis points higher than a non-Hispanic white borrower, ceteris

34 A prior study by Mayer et al. (2013) provided evidence for this explanation.
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Table 5 Loan contract rate estimates (Color neutral) -2SLS a

Variables Coef. P value b

Intercept 9.5309 <0.0001
Termination Risk

IVc - Predicted default probability 1.5370 <0.0001
IVc - Predicted prepayment probability 2.6425 <0.0001

Loan Characteristics
10-year treasury yield at origination (y0) 0.8194 <0.0001
Original LTV categories (Base group: Original LTV< =80)

80 < Original LTV < =90 0.1646 <0.0001
90 < Original LTV < =100 0.3892 <0.0001
100 < Original LTV 0.5986 <0.0001

FICO at origination continuous linear splines
Minimum (FICO, 700) −0.0105 <0.0001
Maximum (FICO, 700)-700 0.0002 0.7061

Original loan amount (in $10,000) −0.0359 <0.0001
Square term of original loan amount (in $10,000) 0.0005 <0.0001
Full income documentation (0,1) −0.1160 0.0021
Prepayment penalty categories (Base group: No prepayment penalty)

Prepayment penalty for 1–3 years 0.6069 <0.0001
Prepayment penalty for 5 years 0.4308 <0.0001

Property Characteristics −0.1046 0.0084
Property owner occupied (0,1) −0.1046 0.0084
Property condo (0,1) 0.1291 0.0040

Neighborhood-Level Characteristics
Recent housing price appreciation rate at origination −0.1834 0.0447
Housing price heterogeneity at origination (in $10,000) −0.0011 0.7941
Housing occupancy rate at origination −0.4359 0.0464
Poverty rate at origination 0.1659 0.4740
Median applicant income at origination (HMDA) −0.0333 0.4761
Proportion of African Americans at origination (HMDA) 0.0173 0.9269
Proportion of Hispanics at origination (HMDA) 0.1691 0.1921

Borrower Race (Base group: Non-Hispanic Whites)
African Americans 0.2011 0.0111
Hispanics −0.0197 0.5942

Market/Time Characteristics
Time Trend 0.0004 0.9698
Loan origination season fixed effects d

Number of loans 1404
Adjusted R2 0.7599

a The contract rate determination model was estimated with color-neutral predicted loan termination
probabilities incorporated, ignoring the impact of race and ethnicity on loan performance
b The method outlined in Appendix 6A of Wooldridge (2010) was employed to correct the standard errors and
to calculate the p values to account for the presence of generated regressors
c. The predicted default and prepayment probabilities (P̂k ) are generated variables and are endogenous given
they are a function of the contract rate (spread). To address this issue, a set of generated IVs (~Pk ) are used, each
serves as a valid IV for its corresponding generated variable (P̂k ). Each generated IV (~Pk ) is calculated as its
corresponding generated variable (P̂k ), but with the actual contract rate spread (C0 − y0) being replaced with a
predicted contract rate spread (Ĉ0−y0). The predicted contract rate (Ĉ0) is obtained from the estimation of a
reduced-form contract rate equation
d The seasonal loan origination fixed effects estimates are omitted here, but are available upon request
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paribus. Meanwhile, we fail to reject the null that the racial and ethnic composition of a
borrower’s neighborhood, or being a Hispanic borrower, does not have a significant impact
on a loan’s contract rate. Overall, we find empirical evidence of adverse pricing against
African American borrowers in the subprime mortgage market over this study period, after
controlling for the predicted loan termination probabilities as well as a set of covariates in
this contract rate determination model. This result may be driven by aggressive lenders or
high-risk lenders operating in minority markets (Ross et al. 2008) or members of minority
groups may be less likely to comparison shop for mortgage products. Whatever the reason,
African American borrowers are treated unfavorably in the mortgage market even with the
presence of fair-lending laws and regulations.

Do Fair Lending Laws and Regulations Help or Hurt Minorities?

Recall that the results on the prepayment hazardmodel (Table 4) show that after controlling
for a full set of covariates, minority borrowers including African American borrowers and
Hispanic borrowers are less likely to exercise the prepayment option than non-Hispanic
white borrowers. Therefore, those minorities have a relatively lower lending cost than their
non-Hispanic white counterparts, ceteris paribus. In a competitive lending market, loans
with a relatively lower lending cost should be originated at a relatively lower contract
rate.35 However, fair lending laws and regulations prohibit lenders from taking a bor-
rower’s race and ethnicity into account in assessing a loan’s risk level. In other words,
because lenders are unable to take a borrower’s race and ethnicity into account in assessing
a loan’s risk level, lenders are overcompensated for loan termination riskwhen dealingwith
loans to minorities and thus disadvantaging minority borrowers.

In order to explore the extent to which minority borrowers are disadvantaged by those
fair lending regulations, we estimate the contract rate determination model (Equation (6))
after allowing the termination probabilities to vary by a borrower’s race and ethnicity.
Specifically, we re-calculate the termination probabilities based on the estimates from Eq.
(1) allowing the probabilities to vary by race and ethnicity. We name these predicted
probabilities regulation-free to distinguish them from the color-neutral probabilities used
in the prior analysis. The regulation-free scenario allows lenders to recognize the lower
termination risk of minority borrowers. The primary hypothesis of the regulation-free
model is that the coefficients on the individual race and ethnicity variables will increase to
reflect the lower rate these borrowers should be charged due to their lower level of
prepayment risk. The results of the estimation of the contract rate model with regulation-
free probabilities are reported in Table 6. The results show that both of the individual-level
race and ethnicity fixed effects variables are significant and positive. Specifically, the
coefficient estimate on the variable of African American is approximately 35 basis points,
while the coefficient estimate on the variable of Hispanic is nearly 10 basis points. Recall
that in the color-neutral base case with fair-lending laws and regulations, only one

35 This argument is supported in a few prior studies analyzing loan termination patterns of minority borrowers.
Deng and Gabriel (2006) using a competing-risks loan hazard model found minority borrowers prepay their
mortgage loans more slowly, but defaulted more. However, considering both default and prepayment risks,
they revealed that the elevated default risks of loans by minority borrowers are more than offset by the damped
prepayment speeds of those loans. Therefore, they argued that those damped termination risks of loans by
minority borrowers should be reflected in the pricing of those loans, and the efficient risk-based pricing of
loans should serve to enhance mortgage and housing affordability among those minority populations.
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Table 6 Loan contract rate estimates (Regulation free) -2SLS a

Variables Coef. P value b

Intercept 9.6391 <0.0001
Termination Risk

IVc - Predicted default probability 1.2754 <0.0001
IVc - Predicted prepayment probability 2.4349 <0.0001

Loan Characteristics
10-year treasury yield at origination (y0) 0.8091 <0.0001
Original LTV categories (Base group: Original LTV< =80)

80 < Original LTV < =90 0.1633 <0.0001
90 < Original LTV < =100 0.3851 <0.0001
100 < Original LTV 0.5902 <0.0001

FICO at origination continuous linear splines
Minimum (FICO, 700) −0.0104 <0.0001
Maximum (FICO, 700)-700 0.0002 0.6596

Original loan amount (in $10,000) −0.0354 <0.0001
Square term of original loan amount (in $10,000) 0.0005 <0.0001
Full income documentation (0,1) −0.1147 0.0018
Prepayment penalty categories (Base group: No prepayment penalty)

Prepayment penalty for 1–3 years 0.6000 <0.0001
Prepayment penalty for 5 years 0.4296 <0.0001

Property Characteristics
Property owner occupied (0,1) −0.1068 0.0064
Property condo (0,1) 0.1396 0.0017

Neighborhood-Level Characteristics at Origination
Recent housing price appreciation rate at origination −0.1660 0.0654
Housing price heterogeneity at origination (in $10,000) −0.0009 0.8245
Housing occupancy rate at origination −0.4092 0.0587
Poverty rate at origination 0.1684 0.4635
Median applicant income at origination (HMDA) −0.0332 0.4728
Proportion of African Americans at origination (HMDA) −0.0253 0.8912
Proportion of Hispanics at origination (HMDA) 0.1659 0.1914

Borrower Race (Base group: Non-Hispanic Whites)
African American 0.3519 <0.0001
Hispanics 0.0962 0.0154

Market/Time Characteristics
Time Trend 0.0016 0.8910
Loan origination season fixed effects d YES

Number of loans 1404
Adjusted R2 0.7660

a The contract rate determination model was estimated with regulation-free predicted loan termination
probabilities included, considering the impact of race and ethnicity on loan performance
b The method outlined in Appendix 6A of Wooldridge (2010) was employed to correct the standard errors and
to calculate the p values to account for the presence of generated regressors
c. The regulation-free predicted default and prepayment probabilities (P̂k ) are generated variables and are
endogenous in this contract rate equation being a function of the contract rate (spread). To address this issue, a
set of generated IVs (~Pk ) are used, each serves as a valid IV for its corresponding generated variable (P̂k ).
Each generated IV (~Pk ) is calculated as its corresponding generated variable (P̂k ), but with the actual contract
rate spread (C0 − y0) being replaced with a predicted contract rate spread (Ĉ0−y0). The predicted contract rate
(Ĉ0) is obtained from the estimation of a reduced-form contract rate equation
d The seasonal loan origination fixed effects estimates are omitted here, but are available upon request
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individual-level race and ethnicity variable, African Americans, is significant and its
coefficient estimate is around 20 basis points, while the other one, Hispanics, is not
(Table 5). Combining these results indicates that both African Americans and Hispanics
are disadvantaged by fair-lending laws and regulations. African American borrowers pay
an additional 15 basis points and Hispanic borrowers pay an additional 10 basis points for
their mortgage loans. This unintended consequence of regulation is equivalent to an
increase in monthly mortgage payment of approximately $19 for African American
borrowers or of roughly $13 for Hispanic borrowers for a 30-year fixed-rate mortgage
loan of $180,000with an annual interest rate of 8%.36 Note that the coefficient estimates on
other covariates are similar between color-neutral and regulation-free scenarios.

Robustness Test - a Matching Approach

To explore the robustness of the main result of this study, a matching approach is employed.
The matching approach mimics risk-based pricing; borrowers with the same level of loan
termination risk should be charged the same contract rate regardless of their race and ethnicity.
The matching approach applies a quasi-experimental design to construct a control (racial)
group of loans that are as similar as possible to a target (racial) group of loans in terms of loan
termination risk. This matching technique should mitigate systematic differences in loan
termination risk between the two racial and ethnic groups and allow for systematic differences
in loan contract rate between the two groups to be examined. Note that in this study, the risk

level of a loan is represented by the predicted probability of loan termination (P̂k).
37

To generate a balanced matched sample, we use a nearest 1-to-1 matching process with
replacement based on Mahalanobis distance along with calipers restrictions. Details on this
matching approach have been provided in Appendix B. The resulting matched sample is
examined to ensure the target and control group borrowers have the same distributions of
loan termination risk, as well as the matching variables, to determine if a balanced sample
was found. A standard measure used to determine balance in the matching literature (Rubin
and Thomas 2000; Austin 2011) is a mean difference t-test. However, the mean difference t
test has been criticized bymany scholars (Imai et al. 2008; Austin 2008& 2009) because the
significance levels are confounded with sample size. Therefore, in addition to the mean
difference t test, the standardized difference of the mean and the ratio of the variance of each
variable is used to check if a matched sample is well balanced.38 Following Rubin (2001), a
variable is well balanced if and only if the standardized difference of the mean falls in the

36 The average original loan size and the average contract rate in the sample of this study are approximately
$180,000 and 8% respectively.
37 The matching conducted here is similar to propensity score matching that is conducted based on a predicted
propensity score (Rosenbaum and Rubin 1983). However, it is not exactly the same as the typical propensity
score matching, as the loans are matched based on the predicted termination probabilities instead of the
probability of a borrower being in a particular racial and ethnic group.
38 For a single continuous variable x, the standardized difference of the mean is defined as SD ¼
xgroup1−xgroup2
� �

=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
s2group1 þ s2group2

� �r
=2, where xgroup1and xgroup2 denote the sample mean of this variable

in racial and ethnic group 1 and group 2, respectively, whereas s2group1and s
2
group2denote the sample variance of

the variable in racial and ethnic group 1 and group 2, respectively. For a dichotomous variable, the

standardized difference of the mean is defined as SD ¼ xgroup1−xgroup2
� �

=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
xgroup1 � 1−xgroup1

� ��q
þxgroup2

� 1−xgroup2
� �Þ =2.
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range of (−0.25, 0.25) and the ratio of the variance falls in the range of (0.5, 2). If thematched
sample is determined not to be balanced for a specific caliper radius, the sampling process
described in Appendix B is repeated with other values of caliper radius until a balanced
matching sample is arrived at and in which there are sufficient loans for comparison across
the two groups.39 Following prior studies analyzing the optimal caliper radius ratio (ρ) for
matching (Cochran and Rubin 1973; Rosenbaum and Rubin 1985; Austin 2011), an
appropriate caliper radius ratio is adopted if the caliper radius ratio could significantly reduce
the mean difference between matched pairs without losing many unsuccessful matching
pairs. For the matching between African American borrowers and non-Hispanic white
borrowers and the matching between Hispanic borrowers and non-Hispanic white bor-
rowers, caliper radius ratios of 0.8 and1.0 turn out to meet this criterion. A caliper radius
ratio (ρ) of 0.8 requires that the difference in a matching criterion variable between loans in
two racial groups should not exceed 80% of the pooled standard deviation of that variable.

Using this matching process, we generate a matched sample for African American
borrowers (target group) and non-Hispanic white borrowers (control group) and a
second sample for Hispanic borrowers (target group) to non-Hispanic white borrowers
(control group). These samples are generated separately based on the color-neutral
probabilities and the regulation-free probabilities and reported for two caliper radii (ρ =
0.8 and ρ = 1.0) resulting in 8 samples. In the appendix, Tables 12,13,14,15 report the
matching balance diagnosis for the color-neutral and the regulation-free scenarios for
each of the matched samples. All of the matching criterion variables are balanced in
those matching samples except for the original loan amount variable. The original loan
amount variable is unbalanced in the matched sample for African American borrowers
(target group) and non-Hispanic white borrowers (control group) when the caliper is
equal to 1. The matched balanced samples allow us to compare the mean contract rate
between the control and target groups to measure whether there is a systematic
difference in the contract rate between the two groups. We also estimate the loan
contract rate determination model (Eq. (6)) over each of the matched balanced samples
to account for the potential locational/neighborhood variation in the matched loans.40

Table 7 reports the results on nearest 1-to-1 matching between loans of African
American borrowers and loans of non-Hispanic white borrowers based on two
matching samples (ρ = 0.8 and ρ = 1.0), while Table 8 demonstrates the results on
two matching samples between Hispanics and non-Hispanic whites. The samples in
both Tables 7 and 8 are generated using the color-neutral probabilities. Panel A of the
Tables report the mean difference in loan contract rate between the control and target
groups and a t-value to test if the mean difference is zero. Panel B of these tables
contains the regression adjustment results for each matching sample. Based on the
matching of African American borrowers to non-Hispanic white borrowers, the results
show little evidence of a significant difference in the contract rates between the two

39 A caliper is applied to impose a tolerance level on the maximum distance on a matching criterion variable

between two groups. Specifically, the caliper is defined asCaliper ¼ �ρ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
s2group1 þ s2group2

� �r
=2, where ρ is

the caliper radius, s2group1and s2group2denote the sample variance of a matching criterion variable in target and

control groups.
40 Applying the same diagnosis technique to other variables included in the loan contract rate determination
model (Eq. (6)) reveals that the neighborhood traits variables are typically unbalanced, providing justification
for the regression adjustment to be applied.
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groups. While the mean difference in the ρ = 1.0 matched sample is statistically
significant, it is not found to be significant once neighborhood characteristics are
controlled for in the contract rate equation based on the same matched sample. The
results based on the matching of Hispanic borrowers to non-Hispanic white borrowers
show no evidence of a significant difference in the contract rates between the two
groups.

Tables 9 and 10 contain the matched sample results based on the results of the
regulation-free scenario. The results based on the matched sample of African American
borrowers to non-Hispanic white borrowers indicate African American borrowers pay a
significantly higher contract rate. This result is consistent across the mean comparison
and the contract rate estimation. In Table 10, the results based on the matching of
Hispanic borrowers to non-Hispanic white borrowers indicate a significant difference in
the contract rates between the two groups once neighborhood characteristics are
controlled for in the contract rate equation.

The matching results provide evidence that minority borrowers are disadvantaged by
fair-lending laws and regulations in the subprime mortgage market over this study
period. Based on the regression results of the color-neutral matching samples, we fail
to find any evidence of adverse pricing against minority borrowers. However, the
results in Tables 9 and 10 demonstrate both African American borrowers and Hispanic
borrowers pay a significantly higher contract rate, given their prepayment habits, than
their non-Hispanic white counterparts. In other words, because lenders are not allowed
to use race and ethnicity to evaluate risk, minority borrowers are charged a higher
interest rate. The magnitudes of the race-based contract rate disparities shown in
Tables 9 and 10 are slightly larger than those reported in Table 6.

Discussion

A limitation of the data used in this study is that the number of points paid by a
borrower is not observed. As points are usually used by borrowers to buy down a loan
contract rate, one might argue that a possible explanation for the higher contract rates
paid by African American borrowers and Hispanic borrowers is they tend to choose
less points on average at loan closing. However, in this study both African American
borrowers and Hispanic borrowers are shown to be less likely to prepay, other things
equal. Rational borrowers, anticipating a lower likelihood of prepaying a loan in the
near future, would choose to pay more points, ceteris paribus.41

The study is also limited by its focus on the Miami area. However, it is important to
note that we are not alone in this prepayment finding, several prior studies have found
empirical evidence that a borrower’s race and ethnicity are associated with loan
prepayment patterns. Kelly (1995), using loan-level data from the VA’s mortgage
program from 1971 to 1989, found that African American borrowers and Hispanic
borrowers prepaid less frequently than whites. Based on a pool of fixed-rate residential

41 Woodward and Hall (2010, 2012) note that borrowers may suffer an informational disadvantage compared
to the brokers and fail to recognize that more upfront cash payments (more points) should lead to a lower
interest rate. Under such a scenario, they find that minority borrowers pay significantly higher total origination
fees including points than similar white borrowers.
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mortgage loans originated from 1993 to 1994, with their performance tracked through
1998, Clapp et al. (2001) concluded that a borrower’s minority status is negatively
associated with prepayment rate. The same conclusions could also be found in Deng
and Gabriel (2006) and Firestone et al. (2007). While some of these studies are also
based on city level data, several are based on national data (e.g., Kelly (1995), Deng
and Gabriel (2006), and Firestone et al. (2007)). The result of minority borrowers
prepaying with less frequency does not seem unique to the Miami metropolitan area.

Conclusion

Overall, this study provides empirical evidence that fair-lending laws and regulations
may actually have unintended consequences with respect to mortgage pricing. What
should not be overlooked is this consequence is a direct result of prepayment risk, a
phenomenon more generally observed than default. Further, given the consideration
that a borrower’s race and ethnicity may be correlated with loan termination behavior,
we explicitly model and control for loan termination risk (default and prepayment) in
the contract rate estimation rather than using a reduced-form approach. The results
demonstrate that African American and Hispanic borrowers are less likely to prepay
than non-Hispanic white borrowers. This loan performance finding provides us with
mortgage pricing implications. In a completely competitive mortgage market, the lower
prepayment risk would be reflected in the pricing of those loans.

Fair-lending laws and regulations prohibit lenders from using a borrower’s race or
ethnicity in assessing a loan’s risk. In this color-neutral world, minority borrowers with
a relatively lower prepayment risk would not be offered a lower contract rate given their
prepayment habits. The empirical results provide little support for a contract rate
disparity in this color-neutral world; the rates paid by borrowers, charged by lenders,
are consistent with the goals of equal contract rates across racial and ethnic groups.42

However, in this color-neutral world, the termination risk of minority borrowers
does not reflect the true termination risk, minority borrower’s termination risk is
overestimated given they are less likely to prepay. If the prepayment risk of minority
borrowers is considered in determining termination risk, what we term as a regulation-
free scenario, the estimation results on the loan contract rate model indicates African
American borrowers pay an additional 15 basis points and Hispanic borrowers pay
roughly 10 extra basis points for their contract rate as a result of regulation. Such an
increase in contract rate raises the monthly payment by $19 for African Americans and
$13 for Hispanics based on the average size and contract rate of the loans in the sample.
These results are robust to a matching approach.

Acknowledgements We would like to thank Stephen L. Ross for his helpful and insightful comments, as
well as Lingxiao Li and the other participants of the 2018 ARES Meeting for their helpful feedback. We
acknowledge and appreciate the constructive comments of the anonymous referees.

42 In this Bcolor neutral^ world, although the contract rate estimation results based on the full sample (Table 5)
show that African American borrowers pay a significantly higher contract rate than non-Hispanic white
borrowers, this racial disparity disappears with the matched samples in which borrowers in the two racial
groups are more homogeneous in terms of loan termination risk (Table 7).
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Appendix 1

Table 11 Definition of variables

Variables Variable definition

Loan Characteristics
Contract rate at origination (C0) Contract interest rate at origination, in percentage
10-year treasury yield at origination
(y0)

10-year treasury constant maturity yield at origination,
in percentage

Contract rate spread at origination
(C0-y0)

Contract interest rate at origination minus 10-year
treasury constant maturity yield at origination, in percentage

Original LTV The LTV ratio at loan origination, in percentage
FICO at origination Credit score at loan origination
Original loan amount (in $10,000) Loan size at loan origination (in $10,000)
Full income documentation (0,1) =1 for a loan with full documentation of a borrower’s income
Prepayment penalty for 1–3 years =1 for a loan encumbered by a prepayment penalty for up to the first

3 years
Prepayment penalty for 5 years =1 for a loan encumbered by a prepayment penalty for the first 5 years
Within prepayment penalty period
(0,1) a

=1 for a loan encumbered by a prepayment penalty in a given mortgage
month t

Property Characteristics
Property owner occupied (0,1) =1 for a loan secured by a property occupied by the owner
Property condo (0,1) =1 for a loan secured by a condo

Neighborhood-Level Characteristics
Recent housing price appreciation rate
at origination

The ratio of the median housing sale price in a census tract in a three-year
period prior to the month of loan origination to the median housing sale
price in the same census tract in another three-year period prior to the
three-year pre-origination period, then minus 1

Heterogeneity in housing price b The standard deviation of the housing sale price in a census tract over a
three-year period prior to a given month (in $10,000)

Housing occupancy rate (from Census
Survey) b

Housing occupancy rate in a census tract

Poverty rate (from Census Survey) b Poverty rate in a census tract
Median applicant income b Ratio of the median applicant income in a census tract to the median

applicant income in Miami-Dade County, FL.
Proportion of non-Hispanic white ap-
plicants (from HMDA) b

Ratio of the number of loan applications of non-Hispanic white borrowers
in a census tract to the total number of loan applications in that census
tract.

Proportion of Hispanic applicants
(from HMDA) b

Ratio of the number of loan applications of Hispanic borrowers in a
census tract to the total number of loan applications in that census tract.

Proportion of African American
applicants (from HMDA) b

Ratio of the number of loan applications of African American borrowers
in a census tract to the total number of loan applications in that census
tract.

Market Characteristics
Relative house price at time t (RHPt) a The ratio of the median house sale price index at time t to the median

house sale price index at loan origination c

Market interest rate change at time t
(y0-yt-2) a

10-year treasury yield at loan origination minus 10-year treasury yield at
time t, lagged by 2 months, in percentage

Others
Time Trend A variable that equals to 1 for a loan originated in year 1997, 2 for a loan

originated in year 1998, and so forth

a Denotes time-varying variables in default/prepayment hazard model
b Denotes variables that are time-varying variables in the default/prepayment hazard model, but represent
values at loan origination in the contract rate determination model
c This median house price index is at the census tract level and is generated from the property transaction
database in Miami-Dade County, FL. For each month, this index is calculated based on the inflation-adjusted
median housing sale price over a three-year window around that month, eighteen months before and eighteen
months after that given month. All prices are defined in 2009 dollars
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Appendix 2

Matching Algorithm Descriptions

The matching approach is implemented as follows.

Step 1: Examine common support region.

Before matching, the density distribution of each predicted probability (P̂k)
in the target group is compared to that in the control group to check if they
overlap with each other. Loans in the target group that fall in this overlapping
region are defined as falling within the common support pool.

Step 2: Apply calipers restrictions to select potential control group matches for each
target group loan.

For each target group loan which falls within the common support pool,
loans in the control group that satisfy the calipers restrictions for the set of
matching variables are identified as potential control group matches.43 The
matching variables include the predicted probability of each termination event

(P̂k), the 10-year yield at origination (y0), as well as several variables that are
believed to be the major loan risk factors including the original LTV ratio,
FICO score, and original loan amount.44

Step 3: Select the nearest 1–1 match based on the Mahalanobis distance.
To identify a specific control loan from the pool of potential matches for

each target loan, the Mahalanobis distance, based on the predicted loan

termination probabilities (P̂k), is used. Specifically, the Mahalanobis distance

(MD) is defined asMD ¼ ΔP̂1;ΔP̂2;

� �
V−1 ΔP̂1;ΔP̂2;

� �
T , whereΔP̂k is the

difference in the predicted probability of each event k (k = 1, 2) between the
target loan and a loan in the control group, andVis the sample covariance
matrix of the predicted termination probabilities from the full set of loans in
the control racial group. The Mahalanobis distance is commonly used for
multi-dimensional matching because it accounts for the variance of each
predicted probability as well as the covariance between the two predicted
probabilities. The loan with the smallest MD is identified as the control loan.

43 A caliper is applied to impose a tolerance level on the maximum distance on a matching criterion variable

between two groups. Specifically, the caliper is defined asCaliper ¼ �ρ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
s2group1 þ s2group2

� �r
=2, where ρ is

the caliper radius, s2group1and s2group2denote the sample variance of a matching criterion variable in target and

control groups. Austin (2011), Cochran and Rubin (1973), and Rosenbaum and Rubin (1985) all examine the
extent to which the caliper radius (ρ) reduces the bias between the two groups.
44 Although LTV is a continuous variable, the loans in the sample tend to fall on common LTV ratios (e.g.,
80%, 85%, 90%, etc.). Thus, we convert the LTV ratios into three categories based on the original LTV ratio:
loans with original LTV ratio below 80, loans with original LTV ratio above 80 but below 100, and loans with
original LTV ratio above 100. Matched loans must fall in the same original LTV ratio category.
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