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ABSTRACT

This dissertation focuses on the issue of whether inequality, specifically, gender inequality
and racial inequality, exists in mortgage loan pricing. Prior studies on this inequality issue
normally ignore the possibility that a borrower’s personal traits including gender and race might
be associated with loan termination patterns, specifically default patterns and prepayment patterns.
Failure to account for the possible association between a borrower’s personal traits and loan
termination probability might lead to biased estimation of the impact of a borrower’s gender or
race on a loan’s contract rate. Unlike prior studies, this dissertation examines whether a borrower’s
gender or race impacts the loan contract rate beyond the extent to which it affects the probability
of a borrower defaulting upon or prepaying a loan. Using data on the subsequent performance of
each loan in the sample, a competing-risks loan hazard model is employed to investigate the degree
to which a borrower’s gender or race is associated with loan default probability and prepayment
probability. The resulting loan-level predicted default probability and prepayment probability are
incorporated in a loan contract rate determination model to test whether a borrower’s gender or
race has additional impacts on contract rate. The first essay focuses on gender inequality, and the

second one concentrates on racial inequality.



The results reveal that a borrower’s personal traits are indeed associated with loan
termination probability. In terms of a borrower’s gender, the results show a female sole borrower
tends to be more likely to default than borrowers in other gender groups; while with respect to
race, African American borrowers and Hispanic borrowers are shown to be less likely to prepay
than non-Hispanic White counterparts. After these associations are completely controlled for, the
dissertation has found empirical evidence of both gender inequality and racial inequality in
mortgage lending. Female sole borrowers are shown to pay higher contract rates than borrowers
in other gender groups, while both African American borrowers and Hispanic borrowers tend to

pay more for their mortgage loans than non-Hispanic Whites.
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CHAPTER 1
INTRODUCTION

Since the Equal Credit Opportunity Act (ECOA) was enacted in 1974, the issue of whether
equality has been achieved in mortgage lending has drawn much attention, both politically and
socially, and with a voluminous literature. Inequality might exist in mortgage markets in several
forms. It may exist at the loan application stage. Mortgage lenders may treat loan applicants
differently on the basis of an applicant’s personal traits (including gender, race, and national
original, etc.) by denying loan applications more frequently by a specific group of applicants.
Inequality may also occur during the loan origination stage in which borrowers in a specific group
are charged at a higher price for their approved mortgage loan applications. While earlier studies
on the issue of inequality in mortgage lending concentrate more on this issue at the loan application
stage, recent studies have shifted their focus to the loan origination stage. This shift is consistent
with the evolution of the mortgage lending industry. Since the late 1990s with the development of
the subprime mortgage markets, lenders started to provide credit to risky borrowers who they
would have denied, but at a higher interest rate. This dissertation research, in accordance with this
shift, also aims to evaluate the existence of inequality at the loan origination stage. In other words,
the goal of this dissertation research is to investigate if a borrower’s personal traits, specifically, a
borrower’s gender and race, affect loan contract rate.

Though numerous prior studies have analyzed this study question, one common potential
problem involved in those prior studies is they ignore the possibility that a borrower’s personal

traits might be associated with loan termination risk including default risk and prepayment risk.



Previous studies commonly applied a reduced-form model to investigate the relationship between
a borrower’s personal traits and the loan contract rate. In a reduced-form model, a loan’s contract
rate is regressed against a borrower’s personal traits as well as a series of covariates that are
believed to impact loan termination risk, including the characteristics of the loan, the borrower,
the collateral, and the neighborhood. The potential problem of this reduced-form approach is if
some loan termination risk factors are unobserved in the data and are correlated with a borrower’s
personal traits, the estimation by a reduced-form model would be biased. In order to solve this
potential problem, loan default probability and prepayment probability are explicitly modelled and
accounted for in this dissertation research. A competing-risks loan hazard model is employed to
investigate the relationship between a borrower’s personal traits (gender and race) and loan default
probability and prepayment probability. The loan-level predicted default probability and
prepayment probability generated by this loan hazard model are accounted for in a loan contract
rate determination model to examine whether a borrower’s gender/race has an additional impact
on loan contract rate, the impact that could not be explained by any financial reasons. Additionally,
in terms of loan termination risk, different from prior studies that only focus on the impact of loan
default risk on loan pricing, this dissertation research models both default risk and prepayment risk
simultaneously through the competing-risks loan hazard model. The main reason for considering
both default and prepayment risk is they interact with each other in a competitive way, therefore,
a loan’s value could not be priced adequately without consideration of any one of them (Kau et
al., 1995).

This dissertation research also contributes to the existing literature by proposing and
employing a non-parametric approach to analyze the relationship between a borrower’s

gender/race and contract rate that has not been used in previous studies. Specifically, matching is



conducted to pair a loan by a borrower in a particular gender/race group to a comparable loan by
a borrower in another group with the closest distance on the predicted default probability and
prepayment probability generated by the loan hazard model. This matching approach is aimed to
eliminate any systematic differences in loan termination risk between the resulting two gender/race
groups, and thus to test if there is any significant difference in loan contract rate between these two
groups. This non-parametric matching approach is adopted as it has several advantages over the
parametric regression technique. First, it does not depend on the specifications of the contract rate
determination model. Additionally, it could generate a matched sample consisting of relatively
more homogenous loans in terms of loan termination risk across gender/race groups for the
purpose of comparison. However, one disadvantage of this non-parametric technique is it reduces
the sample size. In this dissertation research, both of these two approaches are applied, and it is
anticipated that they yield similar results.

Unlike prior studies that only concern whether inequality exists in mortgage lending, this
dissertation research is not only interested in testing if a borrower’s personal traits impact loan
contract rate, but also interested in figuring out the potential sources of the inequality, if empirical
evidence of inequality is found. Several potential explanations for the phenomenon of inequality
are proposed, and tested when the data needed is available.

The goals of this dissertation research are addressed in two essays. The first essay focuses
on the issue of gender inequality by examining if a borrower’s gender affects loan contract rate
beyond the extent to which it impacts loan default probability and prepayment probability. The
second essay aims to evaluate the existence of racial (ethnic) inequality in mortgage loan pricing.

In the second essay, two forms of racial (ethnic) inequality are investigated, the one based on a



borrower’s race (ethnicity), and the other one on the basis of the racial (ethnic) composition of a
borrower’s neighborhood, commonly referred as redlining.

The dissertation is organized as follows. Chapter one provides a brief introduction of this
dissertation research. Chapter two presents the first essay on gender inequality in mortgage
lending. Chapter three demonstrates the second essay on racial inequality in loan pricing. The last

chapter summarizes all the results of the two essays.



CHAPTER 2

ESSAY ONE: GENDER EQUALITY IN MORTGAGE LENDING!

! Fang, Lu and Henry J. Munneke. To be submitted to The Review of Financial Studies.



Abstract

Few papers have attempted to empirically examine whether gender inequality exists in the
mortgage market, even though this issue has been extensively explored in other markets. Using a
sample of 30-year fixed-rate subprime mortgage loans, this paper empirically tests whether a
borrower’s gender affects the loan contract rate charged, more specifically if a borrower’s gender
impacts the loan contract rate beyond the extent to which it impacts the borrower’s probability of
default or prepayment. A loan hazard model is estimated to investigate the degree to which a
borrower’s gender is associated with loan default probability and prepayment probability using
data on the outcome of each loan since origination. A loan contract rate model is then estimated to
examine whether gender impacts the loan contract rate when the probability of default and
prepayment are accounted for. The results reveal that borrowers of different gender have different
loan termination patterns. In addition, this study indicates that after controlling for the correlation
between a borrower’s gender and the probability of a borrower defaulting or prepaying, female
borrowers are shown to pay a higher contract rate in the subprime mortgage market over the study

period.



2.1. Introduction

Research related to gender equality in employment opportunities, education, housing, and
business activities has become more prevalent in the literature over the last 30 years. For instance,
the issue of a gender pay gap has been extensively explored for decades, and continues to draw a
lot of attention (Altonji & Blank, 1999; Marianne, 2011).2 There have also been intense debates
on whether females are discriminated against in consumer markets, including car retail markets
(Ayres, 1991; Ayres & Siegelman, 1995; Goldberg, 1996; Morton et al., 2003) and rental housing
markets (Ahmed & Hammarstedt, 2008a; Ahmed & Hammarstedt, 2008c). By contrast, even
though the Equal Credit Opportunity Act (ECOA) was enacted in 1974, the issue of gender equality
in credit markets, especially in the mortgage market, has attracted far less attention in the academic
literature. While most of the previous studies on gender equality in credit markets focused on
small-business lending (Cavalluzzo & Cavalluzzo, 1998; Coleman, 2000; Cavalluzzao et al., 2002;
Blanchflower et al., 2003; Blanchard et al., 2008; Bellucci et al., 2010; Agier & Szafarz, 2012,
Alesina et al., 2013), there have been very limited studies on this topic in mortgage lending
literature (Black et al., 1978; Ladd, 1982; Munnell et al., 1996; Cheng et al., 2011). The topic of
gender equality in the mortgage market is timely given the facts that females make up of a sizable
and growing share of mortgage borrowers (Fishbein & Woodall, 2006) and that lenders have
tightened regulation on loan origination after the recent financial crisis.

This study investigates whether mortgage lenders charge different loan contract rates on
the basis of a borrower’s gender beyond the extent to which it affects loan termination risk. Unlike
the few previous studies on gender equality in mortgage lending, this study focuses on the loan

origination stage instead of the loan approval stage. This focus is consistent with the lending

2 Altonji & Blank (1999) and Marianne (2011) provided thorough reviews of previous research on gender equality in
the labor market.



industry’s shift away from a system in which lenders would deny borrowers with highest credit
risk to the one in which lenders offer credit to almost everyone but at different prices (Turner &
Skidmore, 1999; Ghent et al., 2014). Because of this, gender inequality may occur primarily in
loan pricing instead of credit allocation.

A sample of 30-year first-lien fixed-rate subprime mortgage loans for home purchase
originated in Miami-Dade County, FL from 1997 to 2006 is used to examine the influence of a
borrower’s gender on the loan contract rate set by the lenders. To mimic the lender’s behavior at
origination, the probability of a loan being prepaid or defaulted upon is estimated, using a loan
hazard model based on loan performance data. The loan-level predicted default probability and
prepayment probability are incorporated into a loan contract rate model to control for the degree
to which a borrower’s gender is associated with the probability of loan default and prepayment.
This framework allows one to examine whether gender differences in the loan contract rate are
attributable to gender or its impact on tendencies to default or prepay a loan.

The estimation results show that a borrower’s gender is associated with the loan
termination probability. Thus, it is important to control for this correlation when examining the
impact of a borrower’s gender on the loan contract rate. The results show that a female sole
borrower is more likely to default than joint male and female co-borrowers. With this correlation
controlled for in the loan contract rate model, the results indicate that female borrowers pay a
higher contract rate than joint male and female co-borrowers. Specifically, the results reveal that
a female sole borrower pays contract rates 13 basis points higher than joint male and female co-
borrowers. Because this gender disparity in contract rate is only attributed to the gender itself, the

results provide empirical evidence of gender inequality in mortgage lending.



The methodology employed in this study differs significantly from the commonly used
reduced-form approach employed in prior gender studies. In a reduced-form model, the contract
rate is regressed against a borrower’s gender as well as a set of covariates including variables (e.g.
loan characteristics, borrower characteristics) that are believed to affect the likelihood of loan
termination.® If a borrower’s gender is associated with some loan termination risk factors that are
unobserved, the estimates on gender in the reduced-form model would be biased. The methodology
employed in this study explicitly models and accounts for the loan termination likelihood in the
loan contract rate model using data on loan performance since origination. In addition, some prior
related studies have very little to say about prepayment risk and its impact on the loan’s contract
rate while others assume prepayment risk is the predominant consideration. The current study,
however, does not impose the condition that either default or prepayment is more influential than
the other for loan contract rate. In fact, the prepayment hazard is examined simultaneously with
the default hazard through a competing-risk hazard model, and both default probability and
prepayment probability are accounted for in the contract rate model. Within the study, a distinction
is made between pecuniary prepayment and non-pecuniary prepayment, based on the hypothesis
that lenders would charge different risk premiums for these two types of prepayment. Furthermore,
by employing a discrete-time hazard model, when modelling default hazard and prepayment
hazard, the issue of left truncation and right censoring, which is common in mortgage related
studies, is addressed.

The paper is organized as follows. The second section offers an overview and a discussion
of previous studies on gender equality in credit markets. The third section explains the empirical

model in detail. The fourth section describes the data. The fifth section explains model

3 See Cheng et al. (2011) as an example.



specifications. The sixth section presents the results. The seventh section discusses the results and

final section provides the conclusion.

2.2. Literature Review

Gender equality in mortgage lending has not drawn as much attention, either politically or
socially, as racial equality. One reason for the dearth of research on this topic may be the need for
loan-level data on a borrower’s gender. Whatever the reason, the issue of gender equality in
mortgage market remains an open question.

Cheng et al. (2011) focus on loan contract rate disparity across gender groups in mortgage
lending using borrower-level data from Survey of Consumer Finances (SCF). The authors find the
contract rate paid by female borrowers is significantly higher than that paid by males. However,
they also find that this significant disparity disappears after the search behavior variable of the
borrower is controlled for in the loan contract rate determination equation. The search variable
controls for whether a borrower’s lender choice is based on the search for the lowest rate, or based
on recommendations by others. Given the results, the authors conclude that the gender disparity in
contract rate is attributable to less searching efforts by females, not discrimination by lenders.

Several studies with a focus on racial or ethnic equality in the mortgage market also shed
some light on the issue of gender equality because they incorporate a borrower’s gender as a
control variable when examining a loan’s contract rate. Overall, the results relating to gender are
mixed within these studies. Cheng et al. (2014), using the same data set as Cheng et al. (2011),
examine whether there is rate discrimination in lending against African Americans. The results
show African Americans pay significantly higher interest rates than their white counterparts.

Furthermore, quantile regression results indicate that the magnitude of the racial disparity in loan

10



contract rate appears to be larger for African American females relative to African American males,
but the significance of this difference was not formally tested. Also using the Survey of Consumer
Finances (SCF) data, Duca and Rosenthal (1994) focus on conventional fixed-rate mortgage loans,
but fail to establish the existence of gender inequality in the conventional loan market. Zhang
(2013) matched a proprietary loan-level data from a national bank with the Home Mortgage
Disclosure Act (HMDA) data to obtain information on a borrower’s gender, and concludes that
single males tend to obtain a higher interest rate than joint male and female co-borrowers
conditional on the loan application being approved, while single females do not.

Gender disparity in the loan approval process is also an important aspect to understand
gender equality in the mortgage market. Using the Comptroller of the Currency-FDIC nationwide
survey data, Black et al. (1978), fail to find any significant difference in loan denial rate between
male and female applicants. Ladd (1982), studying the same issue, finds that loan applications by
females in New York City are more likely to be denied than those by males. However, Ladd (1982)
does not find that a borrower’s gender affects the 1oan denial rate for loans originated in California.
Using data from the Boston Federal Reserve, Munnell et al. (1996) demonstrate that males are
more likely to be denied access to credit than female applicants.

While research on gender equality in the mortgage market may be sparse, gender equality
has been examined in other credit markets, including small-business lending market. The results
indicate that a consensus has not been reached. With the use of the National Survey of Small
Business (NSSBF) data, Cavalluzzo & Cavalluzzo (1998), Blanchflower et al. (2003), and
Blanchard et al. (2008) fail to establish the existence of gender inequality in small-business lending.
The results show that after controlling for a large set of borrower, firm, and loan characteristics,

small business loan applications by female owners are not significantly less likely to be approved,
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and the interest rates charged on their loans are not significantly different from those charged on
loans granted to male borrowers. However, also using the NSSBF data, Cavalluzzo et al. (2002),
Coleman (2000) find empirical evidence of gender inequality in this market. Coleman (2000)
demonstrates that lenders do not seem to discriminate against female owners in the form of credit
allocation, but rather in the form of loan pricing and collateral requirement. Females are shown to
be more likely to be asked to pledge collateral and pay higher interest rates. Cavalluzzo et al. (2002)
offer evidence of gender inequality in less competitive small-business lending markets. The results
demonstrate that female-owned firms experience increased loan denial rates when the measure of
lender competition falls. In addition, using data from banks in Italy, both Bellucci et al. (2010) and
Alesina et al. (2013) report support for the existence of gender inequity in small-business lending.
Bellucci et al. (2010) conclude that female entrepreneurs are disadvantaged compared to their male
counterparts in the terms of credit availability and collateral requirement, but not in the terms of
loan pricing, Alesina et al. (2013) demonstrate robust evidence that female owners of small
business pay more for credit than males. Agier et al. (2012), using data from a Brazilian
microfinance institution find that although a gender gap does not exist in the terms of credit
availability, it does exist in the terms of loan size. Results reveal that females with large business
projects face a “glass ceiling” effect and experience harsher loan downsizing than men.

Overall, results from previous studies on the issue of gender inequality in credit markets
show mixed results. However, when it comes to loan pricing, previous studies consistently ignore
whether a borrower’s gender is associated with the loan default probability or prepayment
probability. By contrast, this study explicitly accounts for the probability of loan termination in

testing whether a borrower’s gender affects loan contract rate.
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2.3. Model

The loan contract rate is determined by the lender at the time of loan origination. In order
to accurately set the terms of a loan, the lender must carefully consider the probability of a loan
being defaulted or prepaid upon by a borrower, since these decisions affect the future cash flows
the lender expects to receive from the loan. Thus, the borrower’s behavior with respect to loan
termination is critical to the lender. Following Kau et al. (2012), the lender’s loan origination
behavior is modelled at origination, along with the borrower’s loan termination behavior in each
subsequent month since loan origination. The framework makes this paper noticeably different
from previous studies in which only the lender’s origination behavior was taken into account.

The lender’s origination behavior is modelled differently from the borrower’s termination
behavior. The lender’s behavior is only exhibited at the time of origination, while the borrower’s
termination behavior is observed at monthly intervals since loan origination. Note that a
borrower’s decision on whether or not to terminate a mortgage loan is only affected by the terms
of the loan in a given month, and is not influenced by the lender’s behavior. By contrast, in
determining the contract rate of a loan at origination, the lender needs to meticulously think over
the borrower’s possible future behavior. The lender must consider how likely the borrower is to
default or prepay based on all of the information the lender has on the loan, the borrower, and the
property at loan origination. It is assumed lenders possess an accurate model of the borrower’s
behavior and utilize this model to predict loan default probability and prepayment probability by
each borrower to approximately assess the loan termination risk and determine the contract rate. It
is also assumed that in the model, the borrower’s behavior can be derived from the observation of

the actual borrower’s behavior over time.

13



Within this framework, we are able to examine whether lenders take into account a
borrower’s gender beyond the extent to which it affects loan default probability and prepayment
probability in determining the loan contract rate. It is important to note that this framework models
the borrower’s termination behavior with regard to both prepayment and default. These two forms
of loan termination both impact the flow of proceeds from the loan, thus the value of the loan. This

IS an important modelling trait not found in prior mortgage literature on this and related topics.

2.3.1. The Borrower’s Termination Behavior Model

The borrower’s loan termination behavior is modelled using the Cox discrete-time
competing-risks model (Deng et al., 2000). The discrete-time nature of the loan performance data,
which is tracked monthly, is consistent with this modelling approach. From loan performance data,
on the basis of the timing of the loan termination event, whether a borrower continued, prepaid, or
defaulted, can be identified for each loan each month subsequent to origination (i.e., one
observation for each month of each loan). This modelling approach also helps with the issue of
left truncation and right censoring which are fairly common in mortgage literature. Left truncation
occurs when a loan had been defaulted or prepaid upon before the start point of the observation
window of loan performance, and thus is not observable. Right censoring refers to a situation
where a loan has not been defaulted nor prepaid upon by the end of the observation window of
loan performance. If the analysis merely classifies loans in the sample into three groups based on
whether a loan was defaulted on, or prepaid at some point, or continued within the observation
window of loan performance, the default probability and prepayment probability would be
underestimated by this loan-level analysis (i.e. only one observation for each loan). In contrast, the

discrete-time model, with the assumption that loans when unobservable follow the similar
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termination pattern as loans when observable, could appropriately estimate loan termination
probability.

Following the option-theoretic model of default and prepayment (Kau et al., 1995) in which
default and prepayment are believed to compete with each other as a substitute, a multinomial logit
model is employed at monthly intervals as in Equation (1) to model the borrower’s loan
termination behavior.*

IN(p;. / Po) =0, + B "X +&; 171, 2 1)
where p, is the probability of a loan being current in period t; p;, is the probability of termination
in period t for a loan given that this loan had not been terminated by the beginning of period t,
where j=1 it is the probability of default at time t, and j=2 is the probability of prepayment at time
t. Here, t refers to mortgage time.> The baseline hazard rates for default and prepayment (aje) are
allowed to vary across mortgage time. The vector of covariates (x;.) includes observed traits of the
loan, the borrower, the property, the neighborhood, and the economic conditions. These covariates
may or may not be time varying.

For each loan in each period t, the probability of a borrower defaulting on or prepaying a
loan is predicted based on Equation (1). Among the time-varying covariates in x;;, it is assumed

the term structure, specifically, the variation in the future mortgage interest rate would be of

4 Here a widely adopted method was utilized to estimate this competing risk model in which we estimated default
hazard and prepay hazard separately, treating other event as censoring and assuming that one event is not informative
to the other conditional on all the covariates. This was done mainly because in each hazard model we included almost
all of the variables that were likely to affect both of these two events. Another reason is, for loan default and
prepayment, there is no theory that could be used as the guideline to impose any parameter restrictions that cross these
two hazard equations. Hence, it is not necessary to estimate default and prepay hazard models within a simultaneous
equation framework, especially studies show separate models perform well for most of the data (Allison, 2010). In
addition, there are other advantages of estimating default and prepay hazard models separately, including the flexibility
in specifying different models for different events.

5 Variables in calendar time could also be expressed with mortgage time, because calendar time could be simply
transformed to mortgage time with the use of loan origination month.
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particular interest to the lender for the prediction.® In this study, the 10-year treasury constant
maturity yield is used as the benchmark for the mortgage interest rate of 30-year fixed-rate
mortgage loans. Notice here, lenders are assumed to be allowed to differentiate pecuniary
prepayment from non-pecuniary prepayment. Pecuniary prepayment occurs when the future 10-
year yield at time t (y,) drops below the yield at origination (y,), while non-pecuniary prepayment
occurs when the future 10-year yield at time t (y,) is above the one at origination (y,).” The reason
for allowing lenders to make a distinction between pecuniary prepayment and non-pecuniary
prepayment is the former is normally driven by financial incentives from a dropping interest rate,
while the latter is driven by some non-financial reasons (i.e. divorce, relocation, etc.). In addition,
from the lender’s perspective, in the case of non-pecuniary prepayment, lenders could reinvest the
proceeds at higher interest rates, whereas in the case of pecuniary prepayment, lenders could only
reinvest the proceeds at lower interest rates. Thus, it is anticipated that pecuniary prepayment is
more disadvantageous to lenders than non-pecuniary prepayment, and lenders would require a
higher premium to compensate the risk for pecuniary prepayment than for non-pecuniary
prepayment.

The commonly used Cox, Ingersoll and Ross (CIR) term structure model was employed to

predict the future 10-year yield.® In the CIR term structure model, the whole term structure is

5 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 seem more reasonable and appropriate.

"In this study, we also adopted an alternative way to define pecuniary prepayment and non-pecuniary prepayment,
based on the argument that borrowers would not immediately prepay when the interest rate drops just below the one
at origination because of the prepayment cost as well as the option values of future prepayment and future default
(Kau et al., 1995). With the alternative definition, it is deemed pecuniary prepayment occurs when the 10-year yield
at time t (y,) drops by more than 100 basis points relative to the yield at origination (y,), and non-pecuniary
prepayment occurs when the 10-year yield at time t (y,) exceeds the yield at origination (y,), or drops by less than
100 basis points relative to the yield at origination (y,). The results on these two definitions are both reported in the
results section, and are shown to be consistent with each other, suggesting that the way these two types of prepayment
are defined does not affect the results and the conclusions. Thus, we focus on the first definition here.

8 Though several studies in asset pricing argue other interest rate models perform better than CIR term structure model
with respect to out-of-sample prediction, those models could only be employed to forecast the mean, not the density
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driven by a spot interest rate (r(t)). This spot interest rate is believed to follow a mean-reverting
stochastic process with volatility affected by the level of the spot rate. The form for the spot interest

rate is as follows:

dr(t) = (8 —r(t))dt + o[ (t)dz(t) ()
where the first part is the deterministic one with 6 as the long-term mean of the spot interest rate
and y as the reversion rate, whereas the second part describes the stochastic movements.

Based on the estimated parameters in Equation (2),° 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, with the use of transition density of the spot interest rate implied by CIR term structure
model.1? Since the change of 10-year yield is driven by the change of the spot interest rate, and the
former affects loan default probability and prepayment probability, the forecasted conditional
density of future spot rate dF(r(t)|r(0)) is utilized to predict default probability and prepayment

probability as in Equations (3) - (5).

B (¥) = [ pu[Y (r(®)] dF (r(t) | r(0)) ©)

of the spot interest rate needed here. In addition, the CIR term structure model is the standard model used in mortgage
literature.

% 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 why 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, 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 for the estimation part, the one used by himself to yield the results in Duan, Simonato (1999). We would like
to acknowledge this help from him.

10 Notice here, this study forecasts the conditional density of the future spot interest rate rather than the simple
conditional mean, as the forecasted density enables the calculation of both predicted pecuniary prepayment probability
and non-pecuniary prepayment probability for each loan, while forecasted mean only allows one to calculate either
predicted pecuniary prepayment probability or predicted non-pecuniary prepayment probability for each loan. 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.
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Pa¥o)= | Pulv(r®)]dF(r(®)|r(0)) (4)

Ye(r(t)=vo

P (Yo)= [ puly(r®)]dF(r®)|r(0) ()

Y (r()>Yo
Here, p1:(yo) 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, p,:(y,) is the predicted pecuniary
prepayment probability in period t, and ps:(yo) is the predicted non-pecuniary prepayment
probability in period t. Here, 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 loan’s termination event in any particular period t, from
Equations (3) - (5), is aggregated over a 10-year span to arrive at the total predicted probability of
each event P, (k=1, 2, 3) seen from origination as in Equation (6). This reflects the lender’s

concern regarding the total predicted probabilities at origination rather than in each time period.!

. T t-1 3
8 ->avky o[- 2o (=123 ©
t=1 k=1

s=1

Here, Py is the predicted probability of event k in period t given that the loan had survived by the

beginning of period t with the probability as ﬁ(l—iﬁksj' Hence, ﬁktﬁ(l—iﬁksj is the

s=1

unconditional predicted probability of event k in period t. These probabilities are discounted by
the 10-year yield at origination (y,) with the assumption that lenders are more concerned with loan

termination at earlier stages of the loan. The total predicted probability of each event (P,) is the

1 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, 2 for pecuniary prepayment, and 3 for non-
pecuniary prepayment.
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summation of time-specific discounted unconditional predicted probability of event k over a 10-

year window.

2.3.2. The Lender’s Origination Behavior Model

Since these three total predicted probabilities (P,) derived from the borrower’s loan
termination behavior model appropriately represent the expectations of the lender at the time of
loan origination, they are incorporated into a loan contract rate determination equation (Equation
(7)) that models the lender’s loan origination behavior.
C,=a,Y,+ P+ PP +pP+7'7+¢ )

In Equation (7), in addition to the three generated regressors (total predicted default
possibility and prepayment possibilities), the 10-year yield at origination (y,) is incorporated, and
this rate is believed to be a fundamental factor in determining a loan’s contract rate. Additionally,
a full set of covariates at loan origination are also included in z, including the characteristics of
the loan, the borrower, the property, and the neighborhood. The estimates from Equation (7) will
allow us to examine whether a borrower’s gender played a role determining the loan contract rate,
in addition to the loan contract rate being rationally determined by the current yield and various

risk premiums that reflect the probability of the borrower defaulting or prepaying the loan.

2.4. Data

The data in this study consist of 30-year fixed-rate mortgage loans serviced by GMAC
Residential Capital Company, LLC (GMAC ResCap). GMAC ResCap was a real estate finance
company that specialized in servicing subprime residential mortgage loans. Loans in the data were

originated by different lenders, and then bundled into residential mortgage-backed securities and
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sold in the secondary mortgage market. From the loan origination data, detailed information on
loan characteristics and borrower financial characteristics was obtained. In addition to loan
origination data, information on monthly performance of each loan was obtained from GMAC
ResCap servicing records. The loan origination data was matched to the loan performance data
through a unique loan identification number created by this servicer. The loan performance data
include the current balance of the loan, as well as prepayment and delinquent status of each loan
on a monthly basis. In this study, default is defined as the occurrence of a borrower being 90-days
delinquent, and that occurrence eventually leads to a foreclosure.

The loan origination and servicing information does not identify a borrower’s gender.
However, information on a borrower’s gender is available in mortgage documents recorded by
local governments. To make use of this source of gender information, the loan data is restricted to
residential home purchase mortgage loans with underlying properties located in Miami-Dade
County, FL to match with a source of readily available property transactions. The loan origination
data was matched to property sale data offered by the Office of the Property Appraiser in Miami-
Dade County to identify the property securing each loan in the sample based on a series of
transaction characteristics. Those characteristics include the value of the underlying property,
property sale month (loan origination month), property type, and zip code at sale, resulting in a
matched sample of loan-property sales.'? For each of the property transactions matched to a loan,
a deed document was obtained from the records system. The deed document provided detailed

information on the grantor(s) and grantee(s) including their name, gender, and marital status. With

12 Fach 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 property sale data is the
minimum one in the pool. In some cases, one mortgage loan has multiple property sale matches with the same
minimum gap. However, information on deed document and mortgage document linked to each property sale could
be used to identify the correct unique match for each mortgage loan, and the procedure was described below.
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the use of their name and property sale date, the corresponding mortgage document was manually
searched in the records system. Within the mortgage document, the number of borrowers who
signed their name, gender, and marital status could be accurately identified. In addition, note date
and original loan amount were also included in the mortgage document. Hence, we were able to
verify the accuracy of each loan-property sale match by requiring that the note date and original
loan amount in the mortgage document be identical to those in the loan origination data.

By identifying the unique property transaction which secures the loan, the property’s
location can be used to gather neighborhood traits for the loan. A property’s neighborhood is
defined as its location based on the 1990 census tract boundaries. Using this information,
neighborhood characteristics such as housing occupancy rate, poverty rate, average household
income, and the proportion of African Americans can be obtained. Time-varying variables of
neighborhood characteristics are generated using a linear time-trend between the decennial census
survey data from 1990 to 2000 and 2000 to 2010 normalized to the 1990 census tract boundaries.

The change in house prices, as well as the variation in house prices, within a census tract
(neighborhood) is calculated using property transaction information.®®> A median housing price
index is generated for each month of the analysis by creating a three-year window of sales, eighteen
months before and eighteen months after, for each census tract and calculating the median price.'*
The result is a unique monthly median house price index for each census tract. This index is used
to measure the changes in house prices over the life of the loan relative to origination. The standard
deviation of house prices is also calculated for each 3-year window and is utilized to measure the

heterogeneity in housing sale price in a neighborhood. In addition, for each loan at the time of

13 The property transaction data are sales over the 1990 to 2013 period in Miami-Dade County, FL.
14 Notice here, we chose the median house sale price instead of average house price in order to prevent any extreme
house sale prices in a neighborhood from affecting the measurement of overall house price level.
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origination, the neighborhood-level recent housing price appreciation rate is calculated using the
growth rate of the calculated median housing sale price within a pre-origination window.*®

In the data set, there were initially 4,790 loans that were originated in Miami-Dade County,
FL. Of these 4,790 loans, 3,419 loans were correctly and uniquely matched to property sales. Loans
with missing values on the loan, borrower, property, or neighborhood characteristics, or loans
without loan performance data were deleted. In addition, the sample was restricted to loans
originated from 1997 to 2006 simply because there were few subprime loans originated before
1997 or after 2006 in this data set. Furthermore, we only included loans with an underlying
property sold through a warranty deed. The final sample consists of 2,206 observations of 30-year
first-lien fixed-rate residential primary mortgage loans for home purchase. They were originated
from Jan. 1997 to Dec. 2006. Monthly performance of these loans was observed from Jan. 2000
to Oct. 2010, a period that covers the recent financial crisis.

Tables 2.1 and 2.2 contain summary statistics on the loans in the final sample. Table 2.1
provides a brief description of the characteristics of the loan, the borrower, the underlying property,
and the neighborhood at the time of origination for the pooled sample. Loans in this sample cover
most of the census tracts in Miami-Dade County, FL, which allows for great variation on the
neighborhood characteristics. Because loans in the sample are subprime loans, the feature of high
credit risk of borrowers is demonstrated by the average original LTV ratio and the proportion of
borrowers who failed to provide full income documentation. The average original LTV ratio is
around 85%, and 154 loans (6.98%) have their original LTV ratio exceeding 100%. In the final

sample, only 47.96% of the borrowers provide full income documentation. The proportion of loans

15 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.
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that are encumbered by a prepayment penalty is approximately 36%. The spread between the
contract rate and 10-year treasury constant maturity yield indicates a high risk premium. The
average contract rate is 8.04%, approximately 308 basis points higher than the 10-year treasury
constant maturity yield. Of the 2,206 loans, 9.43% (208 loans) in the sample were defaulted upon
and ended in foreclosure, while approximately 80% of the loans were prepaid during the study
period.

Table 2.2 provides descriptive statistics of the loan sample by the gender of a borrower(s).
Borrowers are broken into three gender-based categories and are defined as: a male sole borrower,
a female sole borrower, and one male and one female co-borrowers. More than half of the loans
(56.71%) in the final sample were originated jointly by male and female co-borrowers. The number
of the loans originated by female sole borrowers is quite close to that by male sole borrowers. This
confirms the fact that females make up a sizeable share of mortgage borrowers (Fishbein &
Woodall, 2006).

The descriptive statistics of the three gender-based categories, found in Table 2.2, may
provide some information on gender-based steering in the mortgage market. Gender-based steering
occurs when borrowers are steered towards risky and high-cost subprime loans simply because of
their gender. If steering exists on the basis of a borrower’s gender, it would be anticipated that the
quality of female borrowers on average is higher than that of borrowers in other gender groups in
the subprime sector. Among the three gender groups, joint male and female co-borrowers, appear
to have loans with the lowest original LTV ratio and the largest loan size. Differences in FICO
score among the three gender groups appear to be small on average. Also a female sole borrower
appears to be less likely to offer full income documentation than borrowers in other groups. Overall,

these descriptive statistics do not appear to indicate that in the subprime sector, female borrowers
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tend to have higher credit quality than borrowers in other gender groups. In addition, among the
three gender groups, a female sole borrower appears to default on average more frequently than
borrowers in other groups in the sample. The observed default rate by a female sole borrower is

about 14.64%.

2.5. Model Specifications
2.5.1. The Borrower’s Termination Behavior Model

In the borrower’s loan termination behavior model, the baseline hazard rates a;;, together
with all other covariates in x;;, are used to model the borrower’s decision to terminate a loan.
Given the option-theoretic model of “financial” termination (Kau et al., 1995), financial
motivations for default and prepayment are not the same; therefore, different covariates are
included in the two hazard equations. In the default model, a scaled standard Default Assumption
schedule (SDA) is used, while for prepayment, mortgage year fixed effects are used to allow for
more flexibility in baseline hazards.

To measure the market interest rate change at time t, the gap between the 10-year treasury
constant maturity yield at loan origination and the 10-year yield at time t lagged by 2
periods (y, — v:_,) is measured.!” As Kau et al. (1995) note, another prominent time-varying
covariate is the house price change at time t seen from loan origination.'® Recall that to measure

the change in house prices, a census tract-level median house price index is generated from the

16 The trad