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Abstract

This paper examines mortgage outcomes for a large, representative sample of
individual home purchases and refinances linked to credit scores in seven major
US markets in the recent housing boom and bust. We find that among those with
similar credit scores, black and Hispanic homeowners had much higher rates of
delinquency and default in the downturn. These differences are not explained by
the likelihood of receiving a subprime loan or by differential exposure to local
shocks in the housing and labor market and are especially pronounced for loans
originated near the peak of the boom. There is also heterogeneity within
minorities: black and Hispanics that live in areas with lower employment rates
and that have high debt to income ratios are the driving force of the observed
racial and ethnic differences in foreclosures and delinquencies. Our findings
suggest that those black and Hispanic homeowners drawn into the market near the
peak were especially vulnerable to adverse economic shocks and raise serious
concerns about homeownership as a mechanism for reducing racial disparities in
wealth.
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1. Introduction

Homeownership has long been viewed as an important mechanism for building wealth
and, hence, the substantially lower ownership rates of minority households are generally seen as
a serious impediment to reducing racial wealth disparities."? Motivated by this perspective, a
number of public policy programs have an explicit goal of encouraging homeownership and
many politicians have embraced it as a means of upwards mobility. President George W. Bush
famously said in a 2004 speech that “We're creating... an ownership society in this country,
where more Americans than ever will be able to open up their door where they live and say,
welcome to my house, welcome to my piece of property”. With this view in mind, the expansion
of housing credit in the United States from late 1990s to mid-2000s was largely cheered® and
homeownership by households of all races and ethnicities reached record high rates in the mid-
2000s.*

As the subsequent housing and economic crises developed, however, the risks of
homeownership became increasingly obvious. Delinquency and foreclosure rates rose sharply,
especially in minority and low-income neighborhoods, and many households not only lost
substantial housing wealth but also faced the prospect of lower credit scores (higher borrowing
costs) for years to come. A comparison of mortgage delinquencies and foreclosures between
2005 and 2009 provides a particularly stark picture of the differential impact of the downturn by
race. Figures 1 and 2 shows that while all homeowners had negligible 90-day delinquency and

! According to the Census, homeownership rates were 73.4 and 47.4 percent for whites and blacks, respectively, in
2000 and 74.5 and 45.6 in 2010. Moreover, there is evidence that black households historically hold a higher
fraction of their wealth in functional assets, such as houses and vehicles. See Terrell (1971) and Oliver and Shapiro
(1997).

2 Purchasing a home often requires a substantial downpayment, and so savings decisions and wealth accumulation
often play a substantial role in the decision to rent or own housing (Englehart, 1996 and Brueckner, 1986).
Moreover, racial disparities in wealth dwarf those in income. For example, in 1998, the median wealth of black and
Hispanic renters was less than $3,000 dollars and the 75th percentile wealth was below $10,000 (Herbert, Haurin,
Rosenthal and Duda 2005). In 1988, Oliver and Shapiro (1997) estimate that the financial assets and net worth of
black households nearing retirement (aged 50-64) were only 14 and 20 percent of those of white households,
respectively, while the analogous figure for income was 67 percent. Also see Deng, Ross and Wachter (2003),
Gyourko, Linneman, Wachter (1999), Duca and Rosenthal (1991, 1994), Wachter, S.M., Megbolugbe (1992),
Linneman, Wachter, (1989) on the role of borrowing constraints in explaining the black-white homeownership gap.

® For more specific arguments in favor of relaxing downpayment constraints see Rohe, Van Zandt and MacCarthy
(2002). Di and Liu (2007) document a reduction in the importance of household wealth in the transition to
homeownership, and many other papers document efforts to relax downpayment constraints for low income
borrowers, such as Belsky, Retsinas and Duda (2005), Herbert, Haurin, Rosenthal and Duda (2005), and Quercia,
McCarthy and Wachter (2003).

* Homeownership rates peaked in 2004 Q2 (49.7 percent) for blacks and in 2007 Q1 (50.1 percent) for Hispanics.



default rates in 2005 for our sample of seven major markets, large racial differences had emerged
by 2009. More than 1 in 10 black and Hispanic homeowners in our sample had a delinquent
mortgage by 2009, compared to 1 in 25 for white households, and a similar pattern held for
foreclosure rates. The differential impact of the downturn highlights a key concern with
homeownership as a means for reducing racial wealth disparities. Namely, if the downside risks
associated with owning a home are distributed unequally by race, increased rates of delinquency
and default may ultimately exacerbate rather than diminish the racial wealth gap.

In this paper, we examine mortgage outcomes by race during the last housing cycle in a
diverse set of U.S. housing markets. The main goal of our analysis is to distinguish among a
number of potential explanations for the higher rates of delinquency and default by minority
homeowners in the housing market bust, with the ultimate aim of providing a better
understanding of the benefits and risks associated with homeownership as a vehicle for building
wealth.

While researchers have documented the greater exposure of minority households to
income and health shocks,” much less is known about the differential impact of credit and
financial shocks, especially in housing markets.® The literature suggests that subprime lending
has been an important factor in explaining rising foreclosure rates in low income and minority
neighborhoods.” Here we take a different approach by proposing an important explanation for
high rates of negative credit market outcomes for minority homeowners during the crisis, i.e., the
selection of high-risk households into the housing market close to the peak of the housing cycle.

We explain this mechanism in the context of a simple model of credit markets in which
borrowers are heterogeneous in both their risk of having adverse economic events and in their
ability to manage adverse events should they occur. We show that an expansion in credit
availability selects borrowers into the market that face a higher risk of adverse events, leading to

an increase in default rates among borrowers unable to manage adverse events in any subsequent

> See, for example, Smith (1995), Altonji and Blank (1999), Shapiro (2004), and Shuey and Wilson (2008).

® Hoynes, Miller, and Schaller (2012) document dramatic demographic differences in labor market outcomes
following recession shocks.

" That the housing market crisis and the preceding growth of subprime lending have disproportionately affected low
income and minority neighborhoods has been documented in Gerardi and Willen (2009), Reid and Laderman
(2009), Edminston (2009), and Wachter, Russo and Hershaff (2010). More broadly, Mian and Sufi (2009)
document large increases in foreclosure rates in neighborhoods that had a large volume of subprime loans and that
this growth in subprime loans occurred primarily in neighborhoods with very low income growth.



market downturn. To the extent that wealth and liquidity gaps leave minority households
especially vulnerable to negative economic shocks, our model implies that those minority
households drawn into homeownership following a major expansion of credit are especially
likely to default in a subsequent downturn.®

There are significant empirical challenges to studying mortgage outcomes by race and
ethnicity. Most directly, data sets linking home purchases and mortgage decisions by race to
subsequent loan performance for a representative sample of homeowners have been essentially
non-existent. A second complicating factor is that individual credit scores, which are important
in explaining the credit decisions of lenders, the loan terms of individual borrowers, and the
subsequent performance of loans, are generally unavailable in public data sets.’

We overcome these issues by first assembling a unique panel data set that links a
representative sample of Home Mortgage Disclosure Act (HMDA) data on home purchase and
refinance mortgages originated between May and August in the years between 2004 and 2008, to
public records data on housing transactions and liens for approximately 270,000 homeowners in
seven distinct metropolitan housing markets.’® These data contain information on all liens as
well as the name and address of the individual purchasing the housing unit or refinancing their

mortgage and in many cases the name of the individual’s spouse, in addition to information

® The evidence presented in Charles and Hurst (2002) suggests that black households may also have fewer family
resources to draw on. In particular, they document that, conditional on credit score and income, young black adults
are less likely to purchase homes due in part to the ability and willingness of parents to provide down payment
assistance. Also, a large literature in economics has analyzed the extent of risk sharing in families and communities
— see, for example, Cochrane (1991), Townsend (1994), Hayashi, Altonji, and Kotlikoff (1996), Amin, Rai, and
Topa (2003), and Mazzocco (2004).

® Other commonly used data sets miss important subsets of the mortgage market. Most research documenting the
distribution and performance of high cost or subprime loans have used one of three sources: publically available
Home Mortgage Disclosure Act (HMDA) data, proprietary data aggregated from individual lenders, or data obtained
directly from individual lenders. Analyses using Home Mortgage Discolusre Act data (Calem, Gillen and Wachter
2004; Avery, Canner and Cooke 2005; Apgar, Calder and Fauth 2004) typically find significant racial and ethnic
differences in the allocation of high cost credit, but these studies can only control for the extremely limited borrower
and loan attributes in HMDA. This limitation is addressed in part by studies that exploit proprietary data aggregated
across many lenders (Mayer and Pence 2007; Mayer, Pence and Sherlund 2009; Reid and Laderman 2009; Fisher,
Lambie-Hanson and Willen 2010), but these studies often capture only a select subset of the mortgage market.
Further, these studies typically do not contain information on borrower race or ethnicity and have instead
documented differences at the neighborhood level. Alternatively, pricing models based on lender specific data
typically find at most very small differences the incidence of high cost mortgage credit between white and minority
borrowers (Nelson 2005; Courshane 2007).

19 Chicago IL CMSA, Cleveland OH MSA, Denver CO MSA, Los-Angeles CA CMSA, Miami-Palm Beach
Corridor, San Francisco CA CMSA, and Washington DC-Baltimore MD suburban Corridor.



about house prices, housing characteristics, and neighborhood identifiers that allow us to create
neighborhood sociodemographic characteristics based on Census data.*!

We then provided this rich sample to one of the major credit rating agencies. The credit
rating agency used the name and address to match borrowers to archival credit reporting data,
providing in each year a Vantage credit score plus detailed credit line information from each
individual’s report. This matched mortgage-home-credit data provides detailed information on
the financial circumstances of each homeowner at the time of mortgage origination, the terms of
the mortgage including whether it was a high-cost loan, and the performance of the mortgage
over the subsequent years.*?

Our final panel data has two critical advantages relative to others that have been analyzed
in the recent literature. First, all of the information is matched at the individual rather than
neighborhood level. This allows us to examine how the pricing and performance of loans varies
with the race of the homeowner as well as the racial composition of the neighborhood. Second,
our data set includes a representative sample of all mortgages that were originated in these
markets in the time period.

Our empirical results show that black and Hispanic households are more likely to become
delinquent and default on their mortgages than white households with similar credit scores,
house type, neighborhood, and loan characteristics, especially for mortgages originated for new
home purchases in 2005-06. One prominent, potential explanation for higher delinquency and
foreclosure rates is that minority borrowers were concentrated in the subprime sector of the
market, where they faced higher interest rates and more onerous loan terms than white borrowers
with equivalent credit history and circumstances. Since 2004, the Home Mortgage Disclosure
Act data has contained an indicator for high cost (or rate-spread) loans that is often considered a
proxy for subprime loans. Yet, while having a high-cost loan is a strong predictor of subsequent

delinquency and default, controlling for this variable has only a minor impact on the estimated

1 Information on subordinate liens is typically not available except in lender provided samples of mortgages
because only individual loans are tracked not entire mortgage transactions. See Foote, Gerardi, Goette, and Willen
(2010) for another example where HMDA is matched to housing transaction data in order to obtain information on
subordinate liens.

12 In parallel research efforts, Researchers in the Federal Reserve System have purchased large samples of credit
repository data, e.g. Haughwout, Lee, Tracy and van der Klaaw (2011) and Avery, Brevoort, and Canner (2012), but
to our knowledge this data has not been used to examine the relative experience of minority borrowers leading up to
and during the crisis.



racial and ethnic differences in future credit market outcomes. These differences in delinquency
and default are also relatively unaffected by the inclusion of lender and neighborhood fixed
effects, and additional controls for the influence of subprime lending. Thus, strikingly, most of
the observed differences in credit market outcomes for minority homeowners are not related to
differential access to lenders, types of loans, or any observable factor that might have been used
to price the mortgages in the first place.

We next consider whether racial and ethnic differences in loan performance might be
attributable to differential exposure to the housing market collapse and associated recession. To
capture shocks associated with both the labor and housing market, we include a series of controls
that measure variation in the severity of the crisis: (i) tract and county by year fixed effects, (ii)
individual indicators of a household’s equity position in each year, and (iii) the interaction of
equity position and county by year unemployment rates. The addition of these controls has little
impact on estimated differences between either black or Hispanic homeowners and white
homeowners in either the new purchase or refinance sample.

As an additional test of the predictions of our mortgage market model following a major
expansion of credit, we examine whether the timing of the selection into the housing market has
an effect over and above the other mechanisms proposed in the literature. We find that racial
and ethnic differences are largest for home purchase originations in 2006, the peak of the
housing boom according to the Case-Shiller price index, even after controlling for the subsequent
higher rates of negative equity for borrowers who purchased near the peak of the housing market.
These findings hold for the entire sample as well as for the subsample of borrowers with prime
credit scores. Along similar lines, we also examine racial and ethnic differences for a subsample
of refinance mortgages that were originally purchased between 1998 and 2008 and subsequently
refinanced in our sample period. For this subsample, racial and ethnic differences in foreclosure
are tiny for homes that were originally purchased from 1998 to 2000, but substantial for
homeowners who originally purchased their homes between 2001 and 2007, i.e., those drawn
into the market during the credit expansion, with the largest effects between 2004 and 2007.

Finally, we examine whether racial and ethnic differences in the composition of the pool
can explain some of the observed differences in the home purchase mortgage sample. First, we
use the American Community Survey to measure race and ethnicity specific rates of employment

and to measure the average marital status and educational attainment of recent homebuyers.



Differences in unemployment can explain about 1/3 of the racial differences in delinquency and
foreclosure, but only explain about 1/8th of ethnic differences. Demographic differences in the
composition of homebuyers cannot explain any of the observed differences. Next, we examine
whether the racial and ethnic differences are concentrated among a specific subsample of
borrowers, and find that racial differences are near zero for moderate to low debt to income
borrowers and that ethnic differences are near zero in counties with moderate to low rates of
unemployment and non-labor force participation.

Taken together, our results provide strong evidence that minority households drawn into
homeownership late in the recent housing market boom were especially vulnerable in the
subsequent downturn in ways that are not explained by (i) exposure to different lenders or loans,
(ii) the performance of local labor and housing markets, and (iii) the differences in equity
position. These results call into question the idea of encouraging homeownership as a general
mechanism for reducing racial disparities in wealth. To the extent that increases in
homeownership are driven by the entry of especially vulnerable households into the owner-
occupied market, such a push may backfire, leaving these households in a difficult financial
situation and adversely affecting their wealth and credit-worthiness for years.

There are important caveats to our results. First, we do not directly observe household
savings or wealth, which might help to explain why some households are able to manage adverse
economic shocks more easily than others. Future work could more explicitly measure whether
the estimated differences in mortgage outcomes by race reported here are primarily due to
differences in wealth. Another limitation of our analysis is that our study period only covers the
recent housing crisis. While Hoynes, Miller, and Schaller (2012) shows similar patterns by race
for negative labor market shocks in a number of recent recessions, there is a chance that the
recent housing market boom and bust may be unique in history.

The remainder of this paper proceeds as follows. The next section presents a simple
model of the credit market and defines our notion of financial vulnerability. Section 3 presents
the data used in the analysis. Section 4 presents the main results from our analyses of credit
outcomes. Section 5 examines the impact of including controls for economic shocks on
estimated racial and ethnic differences in credit outcomes. Section 6 presents additional
discussions about the behavior of lenders and about the impact of foreclosures on other credit

market outcomes. Section 7 concludes.



2. Model

In this section, we introduce a simple theoretical model that distinguishes between the
two aspects of the sensitivity of homeowners to housing market and financial shocks highlighted
above. We use the expression exposure to negative shocks to indicate how likely households are
to experience negative events of a magnitude that could lead to a mortgage default. If, for
example, a homeowner works in an industry or occupation that is particularly sensitive to the
business cycle and is more likely to be laid off in a recession, we will say that s/he has a greater
exposure to negative shocks.

A second aspect of the responses of homeowners to downturns in the local economy or
housing market is their ability to manage negative events when they do occur. We use the
expression vulnerability t0 negative events to indicate the degree to which a household can
absorb a serious negative event without defaulting on her mortgage. Households with greater
precautionary savings or with the ability to draw on family or social networks to make ends meet
in tough times, for example, will generally be better equipped to make their mortgage payments
during a period of unemployment.

To help clarify the roles of the exposure versus vulnerability to negative events in
mortgage default behavior, we develop a simple two-period model of home ownership and
mortgage default. In the first period, households decide whether to rent or own. In the second
period, homeowners decide whether to default or to meet their mortgage obligations conditional
on the realization of an employment shock.

We assume that households are heterogeneous in two dimensions that correspond to the
exposure and vulnerability to negative shocks, respectively. First, each household i face a
probability of job loss between the first and second periods given by p;. Second, households are
distinguished by the cost of borrowing in the second period to meet their mortgage obligations,
facing an effective interest rate of »;. If, on the one hand, a household can draw on its own
wealth or borrow easily on the private market, ; will correspond to the market interest rate that it
receives or forgoes. If, on the other hand, a household must use extraordinary means to meet its
obligation (e.g., borrowing from several friends and family members) »; may be very high,
indeed approaching infinity in the limit if the household simply has no means to borrow enough
money to make its mortgage payment.



For simplicity, we assume that households are identical in all other respects and focus on
how the home ownership and default decisions of households are affected by the heterogeneity in
the cost of borrowing and the probability of job loss. In particular, we assume that each
household:

I. earns income, y, in the second period if employed

ii. borrows M, and faces a cost of mortgage borrowing in the first period, p

ii. buys a home with value, V, or rents a home with rent, R

(\2 faces a fixed cost of default, C

V. has a utility function u(tenure, 1) defined over tenure (owning versus renting) and
net income | in the second period.13

As mentioned above, households make two decisions in the model. In the first period,
they decide whether to rent or own taking into account uncertainty about their employment in the
second period. In the second period, homeowners decide whether to make their mortgage
payment. For simplicity, we assume that the cost of default C is high enough that all employed
households find it in their best interest to avoid default.

Unemployed households face a simple trade-off regarding the default decision in the
second period, choosing to default if u(own, -riM) > u(rent, -C). * Given this simple decision
rule, a threshold interest rate, »* exists such that homeowners with »; > r* default and those who
can borrow relatively cheaply meet their mortgage obligations.

Knowing that they face the risk of job loss and possible high-cost borrowing or default in
the second period, the decision to rent or buy in the first period is a function of both p; and 7;. In

particular, households with r; < »* become homebuyers if:

3 In characterizing the household’s net income 1 in the second period below, we abstract from any complications
due to unemployment insurance, dual earner households, etc. As a result, the measure of net income that we
characterize in a number of situations we present below is negative. This has no real effect our characterization of
the solution to the household’s problem.

¥ The main purpose of introducing this model is to characterize how a household’s exposure and vulnerability to
financial shocks affects its decisions to buy a house and meet its mortgage obligations. To keep this analysis as
straightforward as possible, we abstract from the role that the household’s equity position (i.e., whether it is
underwater on the mortgage) has on the default decision. In general, households should default (rather than sell)
only when they have a negative equity position and, thus, one can view our model as a characterization of the
household’s problem in a negative equity environment. We also abstract from other potential differences between
owning and rent, such as control of the property, property tax payments, etc.



1) (1— pl.)u(own,y — pM )+ p[u(own,—r[.M) > (1— p[)u(rent,y —R)+ pu(rent,—R)

The decision rule looks similar for households with high borrowing costs, »; > r*. These
households account for the fact that they would default following a negative event in the second

period and, therefore, buy if:
@) (1— pi)u(own,y - pM)+ pu(rent,—C) > (1— p,.)u(rent,y - R)+ pu(rent,—R)

Figure 3 illustrates the household decision problem in (p, r) space. The vertical line at »*
divides the space between the region to the left where homeowners meet their mortgage
obligations even if they lose their jobs and the default region to the right where homeowners
default upon the realization of a job loss.

In the default region, a horizontal line divides those with low probabilities of job loss,
who decide to own given the minimal risk, and those with higher probabilities of losing their
jobs, who decide to rent. The line is horizontal because the decision to own versus rent is not a
function of how high the household’s borrowing cost 7; is above r;*, as can be seen in equation
(2).

In the region to the left of »*, homeowners borrow (at what might still be pretty high
effective interest rates) in the second period to meet their mortgage obligations even if they lose
their jobs. Households with lower values of »; find it less onerous to borrow in the event of a job
loss and, therefore, are willing to become a homebuyer for higher values of p; than those with
borrowing rates near r.* As a result, the locus of households that are indifferent between buying
and renting in this region is downward sloping.

The implications of our model for racial differences in mortgage outcomes depend on the
correlation of race with effective borrowing costs, ». If wealth and liquidity gaps leave black and
Hispanic households especially vulnerable to negative economic shocks, they may be more
likely to have r; > r* and, therefore, to default upon receiving a negative economic shock.

Marginal Homebuyers and Defaulters
The decision problem depicted in Figure 3 characterizes the household’s side of the
mortgage market. Of course, banks need to be willing to lend at the rate r assumed above. Their

10



willingness to do so depends on the fraction of homebuyers who will repay their mortgages in
the second period and their external cost of capital. Thus, given a distribution of households in
(p, r) space, the external cost of capital that the banks face pins down the equilibrium mortgage
rate p.

This simple characterization of the banks’ side of the market can be used to examine the
set of households that are drawn into home ownership and (following negative events) into
default with a decline in mortgage interest rates.”®> In particular, Figure 4 depicts how the
boundary locus between buying and renting shifts upward as the result of a decline in the
mortgage interest rates o, < p;. This shift is driven by the trade-off in the own versus rent
decision of households characterized in equations (1) and (2).

As can be seen in the figure, at every level of r;, the marginal households drawn into the
owner-occupied market have higher probabilities of job loss p; than those who would own homes
at higher mortgage interest rates. Similarly, the marginal defaulters are those households with 7;
> r* with relatively high values of p; that are lured into homeownership by the lower mortgage
interest rates. In this way, the marginal households drawn into the market by cheaper access to
mortgage credit have the highest chance of losing their jobs and the highest likelihood of
defaulting in that case (conditional on r;).*® Further, as again can be seen in figure 4, the share of
high r; individuals increases as p falls because the flattening of the boundary as r; increases
implies a larger percentage increase for borrowers with higher values of ;.

The implications of our model for racial differences in mortgage outcomes following a
major credit expansion depend on the correlation of race with effective borrowing costs for those
households drawn into homeownership by reduced credit costs. Given large racial wealth
disparities, it would not be surprising if the marginal black and Hispanic households drawn into

> While our model considers a reduction in interest rates as opposed to relaxing downpayment constraints, this
model implicitly captures the effect of a falling price of credit at any fixed level of downpayment. Further, shifts
towards lower downpayments will only increase the role of financial vulnerability since households who need a
lower downpayment to enter the market also likely have less financial assets on which to drawn after experience a
negative shock.

' The model above abstracts from other causes and consequences of lowering borrowing rates, such as its
macroeconomic impacts. There is a quite large literature in finance though, suggesting that capital bonanzas that
lower loan costs are associated with economic crises, such as debt defaults and banking crises — see Reinhart and
Reinhart (2008), for example. But it is beyond the scope of this paper to estimate whether lending availability and
low interest rates caused the economic crises.
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the market were more concentrated in the higher effective borrowing cost region, »; > r* and, as

a result, were subsequently more likely to default following an adverse event.

3. Data

Our data set is based on public Home Mortgage Disclosure Act (HMDA) data from
between 2004 and 2008 and proprietary housing transaction/lien and assessor’s databases
purchased from Dataquick.'” We begin with a convenience sample of seven major housing
markets where Dataquick has information on refinance mortgages going back to at least 2004:
Chicago IL CMSA, Cleveland OH MSA, Denver CO MSA, Los-Angeles CA CMSA, Miami-
Palm Beach Corridor, San Francisco CA CMSA, and Washington DC-Baltimore MD suburban
Corridor. We restrict our HMDA data to home purchase or refinance mortgages on owner-
occupied, 1-4 family properties. In the Dataquick sample, we eliminate non-arm’s length
transactions, transactions where the name field contains the name of a church, trust, or where the
first name is missing, and transactions where the address could not be matched to a 2000 Census
tract or the zip code was missing."®* The HMDA and Dataquick data are then merged based on
year, loan amount, name of lender, state, county, and census tract. We obtain high quality
matches for approximately 50% of our HMDA sample.®

Next, we draw a sample of mortgages to provide to a credit-reporting agency. These
mortgages were sampled from May through August so that the March 31* archival credit report
for the year of the mortgage provides appropriate information on the borrowers’ credit quality
prior to obtaining the mortgage. We oversample mortgages to minority borrowers, mortgages to
white borrowers in minority or low-income neighborhoods, and high cost mortgages as
designated in HMDA as high rate spread loans. In order to maximize the number of minority

loans given the likelihood of sample saturation, we first draw the following oversamples based

7 Data provided by DataQuick Information Systems, Inc. www.dataquick.com. The property transaction data is
collected by Dataquick or by intermediaries from county assessor’s offices and contains a population of all sales and
liens of all types including refinance mortgages, home improvement loans, and home equity lines of credit..

'8 This eliminates very few records due to the high quality of the name and address records in the assessor files.

19 The key factor limiting the match rate is the lender name because the lender of record in the local assessor’s data
often differs from the respondent in HMDA.. Less restrictive match criteria can yield a match rate around 90%, but
in order to be conservative we restricted ourselves only to instances where we successfully match on lender name.
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on race and ethnicity: 500 in each site, year and group (400 for 2004)% selected randomly from
mortgages to black borrowers, mortgages to Hispanic borrowers, and mortgages to white
borrowers in minority or low-income neighborhoods.?* We then split the remaining sample into
rate spread and non-rate spread loans drawing 1000 borrowers associated with rate spread loans
in each year and site (800 for 2004) and 2714 borrowers (2286 for 2004) from the non-rate
spread sample in each year and site. Weights are developed based on the probability of
selection,?” and each site receives equal weight in the pooled sample.?®

This sample is provided to Experian Information Solutions, Inc.* who matches the name
and address of each borrower and co-borrower to archival credit report data from March 31
preceding the mortgage transaction and March 31% for every year that follows this transaction
through 2009. Our match rate for the pre-mortgage archive is 81.4 and 84.5 percent in the home
purchase and refinance samples, respectively. For years following the mortgage, the match rate
rises by 4 to 5 percentage points. In many cases, these individuals also may not have been found
by the credit reporting agencies when the lender requested a report in which case lack of a score
matches the information that the lender would have had when approving and pricing the loan, but
lenders can enter by hand additional information that is not available to us such as social security

number or previous addresses.?

% The smaller sample in 2004 is driven by budgetary restrictions because costs depend upon the number of records,
and earlier years imply more records because we follow every borrower from the origination year until 2009.

21 Our budget at the credit reporting agency is based on number of borrowers so whenever a mortgage is sampled
which contains the name of the coborrower, typically the borrower’s spouse, this was counted as having sampled
two borrowers.

22 The sampling is explicitly based on 8 strata for each site: black borrowers, Hispanic borrowers, white borrowers
in minority or low-income neighborhoods, and all other borrowers divided into rate spread and non-rate spread
loans. All loans from the same strata and year receive equal weight.

8 \We have a convenience sample of housing markets so it would be inappropriate to weight based on the number of
mortgages. In any stratified sampling scheme, Los Angeles, which dominates our sample in terms of total number
of HMDA mortgages, would be selected with certainty while housing markets like Denver and Cleveland would be
assigned to a stratum with other similarly sized and located metropolitan areas and if chosen would receive a higher
weight (offsetting the smaller number of mortgages) based on the probability of being selected from the stratum.

2 Experian is a service mark and registered trademark of Experian Information Solutions, Inc.

% For home purchase mortgages, we only observe the address of the new housing unit, but in practice this does not
present a major problem for the credit data match because the archival data can be matched based on current and
several past addresses and in practice we observe only a small difference between the home purchase and refinance
match rate.
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Table 1 illustrates the impact of our match process on the sample mean on race and
ethnicity of the borrower, whether the primary mortgage is a high cost or rate spread loan,? loan
amount, family income of the borrower, and census tract variables including median income,
percent black, Hispanic and Asian resident, and percent of properties owner-occupied. The first
column shows the mean for the entire HMDA sample for our seven sites where each site receives
equal weight in the mean. The second column shows the mean for our HMDA-Dataquick match,
and the third column restricts our sample to mortgages between May and August. The fourth
column shows the weighted mean for the sample of mortgages that was provided to the credit
reporting agency. The last column in Table 1 shows the weighted means on these common
variables for just the subsample where the name and address was matched to the minimum
amount of credit line data in order to generate a record. The sample composition is quite stable
except for a moderate decline in share white and moderate increase in loan amount between
columns 1 and 2 associated with the difficulty of matching lender names between HMDA and
the Dataquick provided assessor files.

Table 2 shows the weighted means for our final samples of post mortgage credit reports
for the home purchase and refinance subsamples that were successfully merged to pre-mortgage
credit report data.”’ The first three columns show the sample size, the mean and standard
deviation for our sample of home purchase mortgages, and the last three columns show these
values for refinance mortgages. From the contemporaneous credit history data, we obtain
number of 90 to 180 day mortgage delinquencies and foreclosures in the last 12 months. From
the pre-mortgage data, we obtain these same outcomes prior to the mortgage and the borrowers’
(or if unavailable coborrower’s) Vantage score. The first credit report observation following the
mortgage is used to obtain monthly mortgage payment, which when combined with HMDA

% It identifies first liens with a 3 percentage point or more spread between the mortgage Annual Percentage Rate
(APR) and the interest rate on 10 year treasury notes. The Annual Percentage Rate or APR includes both the interest
or note rate on the loan and the effect of closing costs on the cost of credit. HMDA only reports the actual APR if it
exceeds this rate spread, and so our dependent variable is defined as a binary variable capturing whether the APR
exceeds the reporting threshold or the rate spread.

2" The samples sizes in Table 2 are substantially larger than the samples sizes in Table 1 because each mortgage in
Table 1 will have one post mortgage credit report observation for every year between the year after origination and
the final year of our data in 2009.
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income is used to calculate the mortgage payment to income ratio.”> The monthly mortgage
payment is combined with debt payments from the pre-mortgage credit data and HMDA income
to calculate debt payment to income ratio. Finally, age is observed for many borrowers and
coborrowers in the credit history files.

The HMDA data contains whether the loan is a high cost or exceeds a standard rate
spread above treasury rates, borrower race and ethnicity, gender, loan amount, applicant income,
and whether a coborrower is present. We use the loan amount to calculate whether the loan is
non-conforming or a jumbo loan, i.e. too large to be purchased by the Government Sponsored
Enterprises, and based on census tract we observe tract racial and ethnic composition, income,
poverty rate, share owner-occupied and the value of median rents to median home price, which is
viewed as a proxy for anticipated housing price appreciation. From the match with transaction
data, we observe the presence and size of subordinate liens, whether the liens are fixed or
variable rate mortgages, the loan to value ratio based on sales price for home purchase mortgages
and on an estimated value based on either previous sales price®® or assessed value for refinance
mortgages when a previous sale is unobserved,® and detailed property attributes including

whether single family home, a condominium, number of units on the property.

4. Delinquencies and Foreclosures by Race

In this section, we present empirical estimates for models of two housing market
outcomes, delinquencies and foreclosures. Each mortgage origination contributes one or more
observations based on the origination date. Specifically, the 2004 originations contribute
housing market outcome observations in 05, 06, 07, 08 and 09, while each 2008 origination
contributes only a single post mortgage outcome for 09. We write those outcomes 4 for

individual , of race r, at time of origination s, calendar time ¢, and MSA m, as:

%8 The mortgage payment for the current mortgage is only observed in the credit line data from the year following
the mortgage. However, in most instances, borrowers who are matched by the credit reporting agency prior to the
mortgage are also matched in the following year.

2 \We use our extensive housing transaction data to develop both a hedonic and repeat sales quarterly price index for
each county. When we observe a previous sale of the property, we simply adjust that earlier sales price to estimate
current value based on the hedonic index. However, the repeat sales index yields quite similar estimates.

%0 When a previous sale is not observed, we use the county assessment and adjust that value by the average ratio of
sales price to assessed value for that county and quarter, see Clapp, Nanda and Ross (2008). In California, our
refinance sample is restricted to mortgages where a previous purchase is observed because property assessments are
uninformative as to the value of the underlying property. This restriction is feasible because the Dataquick data in
California contains transactions back to the late 1980s.
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(3) Airstm = BRir + ¥ Xis + 85t + Oy + Eirsem

where R includes dummies for blacks, Hispanics and Asians, so all estimates are relative to white
households. X include the set of pre-mortgage origination variables reported in Table 2.3* Our
design relies on the fact that we are controlling for almost all characteristics of borrowers,
houses, and mortgages that were observed by lenders at time of origination. Especially
noteworthy is the information about credit scores, which in principle means that we will compare
housing outcomes between blacks and whites, for example, with similar creditworthiness and
with similar choices of house type, neighborhoods, and loan characteristics. Finally, the model
also includes year of origination by year of the credit profile indicators J,; to deal with common
trends, as well as MSA fixed effects. Racial and ethnicity estimates for this baseline model are
presented in Table 3, while richer variations of this model — that include tract fixed effects and
subprime lending proxies for example — are shown in the subsequent tables.

The first two columns of Table 3 present results for the sample of home purchases and
the last two columns for the refinance sample. We find large unexplained differences for both
black and Hispanic borrowers in the probability of facing delinquencies and foreclosures. For
example, the likelihood of a foreclosure is approximately 4.2 and 3.9 percentage points higher
for blacks and Hispanics, respectively, in the home purchase sample. The estimates for the
refinance sample also reveal statistically significant differences by race in foreclosure rates, but
the point estimates are smaller: 1.7 and 2.4 percentage points for blacks and Hispanics,

respectively. Estimates for Asians are also statistically significant but substantially smaller than

%1 The loan to value ratio is included as bins below 0.6, 0.6 to 0.8, 0.8 to 0.84, 0.85 to 0.89, 0.90 to 0.94, 0.95 to
1.00, 1.00 to 1.04, and 1.05 and above. In addition to controlling for the combined loan to value ratio, we control for
the number of subordinate liens and whether each is a fixed or variable rate loan. The Vantage scores are included
as a series of dummy variables based on 20 point intervals. The mortgage payment and debt to income ratios are also
divided into bins. The bins vary in size. For mortgage payment to income ratios, the smallest bins are 0.02 are
around the pre-crisis secondary market criteria of 0.28, and for total debt payment to income ratios the smallest bins
are 0.03 around the threshold of 0.36.** The model also controls for the presence of a coborrower, and for whether
the loan amount is non-conforming or the loan is a jumbo. Finally, we include controls for relative lender size and
dummy variables for the agency that regulates the lender and in some cases lender fixed effects. Relative lender size
varies across site, and agency code sometimes varies over time for the same lender.
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the differences observed for African-Americans and Hispanics. Similar results obtain for 90-180
day mortgage delinquency rates.*

One potential explanation for the differences in housing outcomes by race is that
minorities in the last housing cycle had a large fraction of the so-called subprime loans.
Although we controlled for many loan characteristics in the baseline model, we add other proxies
for subprime lending in Table 4. The first column replicates the main results from Table 3. The
second column includes a dummy for rate spread loan, as defined in the data section above. The
direct effect of obtaining a rate spread loan on the likelihood of negative credit market outcomes
are sizable and statistically significant for all credit market outcomes in both the home purchase
and refinance market. The rate spread loan variable clearly contains information about inherent
risk associated with either the borrower and/or the loan terms.®** However, the inclusion of the
rate-spread indicator at most moderately reduces the estimated racial differences in foreclosure
and delinquency rates. For example, the delinquency coefficient for blacks in the purchase
sample changes from 3.08 to 2.74 percentage points, and that change is not statistically different
than zero (declines across all black and Hispanic coefficients range between 2 and 18 percent
with an average decline of 9 percent).

Since subprime lending shares are highly concentrated in a subsample of lenders — and
such borrowers may exhibit alternative behavior or be affected by the typical attributes of
subprime loan products - we include lender fixed effects in column 3. Such controls again lead
to only moderate reductions (on average the decline is 7 percent) in the economic magnitude of
baseline results and have no impact on their statistical significance. Subprime lending is also
potentially concentrated in certain cities and neighborhoods. In column 4 we include a set of
tract fixed effects instead of a set of neighborhood level variables (while still controlling for
lender fixed effects). The inclusion of tract fixed effects leads to moderate reductions for some
coefficients and increases for other, leaving the main results little changed.

Finally, the last column includes additional controls for subprime borrowing recognizing

that the impact of key loan terms on borrower outcomes may vary between prime and subprime

%2 The R-squares for these models are not very high in large part because future adverse outcomes are heavily driven
by events that happen after the borrower obtains their mortgage, but also because the fit of linear models tends to be
lower when events are infrequent.

* These effects cannot simply arise from the higher cost of these loans because our model contains detailed controls
for the housing and total debt expense to income ratios faced by households.
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borrowers. We identify borrowers with Vantage scores below 701 as subprime borrowers® and
then interact the subprime dummy with dummy variables associated with key thresholds of loan
to value ratio, debt to income ratio, mortgage payment to income ratio, as well as with the
presence of subordinate debt and whether the primary mortgage is adjustable rate. The estimates
of racial and ethnic differences are practically identical to the ones reported in the previous
column. Thus, while these variables have considerable explanatory power, they have little effect
on estimated racial and ethnic differences in mortgage outcomes.

Overall, the estimated differences in housing market outcomes by race suggest that most
of the racial and ethnic differences in delinquencies and foreclosures are not related to
differential access to lenders, types of loans, or any observable factor that might have been used
to price the mortgages in the first place. In particular, the racial and ethnic differences decline by

only 12 to 29 percent across columns 1 to 5.

5. Mortgage Outcomes and Negative Shocks

We next examine whether the observed racial and ethnic differences in mortgage
outcomes might be attributable to local variation in economic shocks. We test this hypothesis in
the first column of Table 5 by adding a set of county-year fixed effects to the specification
reported in the last column of Table 4 (which includes tract and lender effects). Results are only
shown for black and Hispanic homeowners to simplify the exposition. We find that the inclusion
of flexible controls for local trends leaves the direct effect of the race and ethnicity indicators on
delinquencies and foreclosures virtually unchanged.

In the second column of Table 5 we also include an indicator for negative equity, as
homeowners in that situation could strategically default in order to avoid the payment of a loan
that is worth more than the value of the asset. We use county-year variation in prices based
hedonic models estimated using the Dataquick transaction sample to develop measures of

negative equity associated with each housing unit in each credit reporting period. We create a

% The credit reporting agencies that developed the Vantage score algorithms describes scores below 701 as non-
prime. Further, a Vantage score of 701 is comparable to a FICO score of 660 in that in both cases approximately
30% of individuals have credit scores below these thresholds.

% The loan to value thresholds of 0.80, 0.90, 0.95 and 1.00, the debt to income thresholds used are 0.36 and 0.45,
and the mortgage payment to income ratio thresholds used are 0.28 and 0.33

18



dummy for whether the owner is in negative equity, as well as dummies for whether the current
loan to value ratio is between 1.0 and 1.1, 1.1 and 1.3, 1.3 and 1.5, and above 1.5.

The literature on mortgage foreclosure and default suggests that the likelihood of
foreclosure and the effect of negative equity on foreclosure will vary with the employment
outcomes and prospects of homeowners. We do not have individual information about
employment. Instead, we create measures of local employment and unemployment rates for
prime age males for each county and year using the public use sample of the American
Community Survey. Columns 2 and 3 of Table 5 add the negative equity variables, either just
the negative equity dummy or the full set of LTV bins, and their interactions with these local
employment measures to the model.

The results reported in Columns 2 and 3 imply that negative equity has a major direct
impact on credit market outcomes. Beginning with the results in Column 2, at average local
employment levels (93.6 percent), households in our home purchase sample are 1.8 percentage
points more likely to be 90 days delinquent on their mortgage payments and 2.7 percentage
points more likely to enter foreclosure when their house is underwater. When local employment
rates are one standard deviation higher than the average, the effects of negative equity are near
zero.®*® The effect of employment rates on the importance of negative equity can be interpreted
as a difference-in-differences estimate because after controlling for county by year FE’s and
negative equity the employment-negative equity interaction estimates simply indicate
delinquency and foreclosure rates rise more sharply with negative equity in the lowest
employment county by year cells. Similar results arise for the model with LTV bins, strong
effects of negative equity that are entirely eliminated for very high employment rates.

Importantly, despite the direct importance of negative equity and local employment rates,
the estimated racial and ethnic differences in default and foreclosure rates are unchanged in both

models. ¥’

% The effects of negative equity for the refinance sample are considerably smaller.

%7 Gyourko and Tracy (2013) demonstrate substantial attenuation bias in credit outcome models when county level
employment rates are used to proxy for actual future employment outcomes. In our case, however, we find that
county employment rates (at least as a proxy for the risk of unemployment) have strong explanatory power for
differential rates of mortgage delinquency and foreclosure.
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6. Heterogeneity in Mortgage Outcomes by Year of Origination

We next examine the pattern of risk based on year of origination. Figures 5 and 6 present
unconditional racial differences in delinquencies and foreclosures for White, African-American
and Hispanic homeowners in the home purchase and refinance markets by origination year.
Delinquencies and foreclosures rise for all groups until 2006 and fall afterwards. However,
changes in rates are relatively small for white borrowers, and quite large in both absolute and
relative terms for minorities.

We then examine conditional differences by year of origination. First, we restrict the
sample to 2008 and 2009 delinquencies and foreclosures in order to focus on delinquencies
during the crisis period.®® Table 6 presents the racial and ethnic differences by origination year
with 2004 originations as the omitted category for the final/LTV bin specification in Table 5.%°
For black home purchase originations, there is a substantial increase in the likelihood of
foreclosure and delinquency for 2006 originations with a decline in later years. For Hispanics,
the pattern is less clearly focused on 2006, but nonetheless ethnic differences in foreclosure and
delinquency tend to higher in 2005-2007 relative to 2004 and 2008 originations. Overall,
mortgages originated for home purchases by black and Hispanic borrowers in 2006 are 2-4
percentage points more likely to experience a foreclosure than 2004 originations. The pattern for
refinance mortgages is much less clear with smaller effects for black delinquencies and Hispanic
foreclosures and zero or negative effects for Hispanic delinquencies and black foreclosures,
respectively.

In order to assure that the estimated racial differences are not entirely driven by lending
in the subprime sector, we repeat our analysis for a sample of prime borrowers with vantages
scores of 701 or higher. Table 7 shows origination year results for the negative equity model for
both our sample of home purchase mortgages. The results are very similar to the estimates for
the home purchase sample shown in Table 6. Racial and ethnic differences for home purchase

loans are substantially larger for 2006 originations with estimates effects being larger in three of

% The basic pattern of previous findings are unchanged by the restriction of our sample to 2008 and 2009
delinquencies and foreclosures except that the average incidence of foreclosure rises during this time so that observe
racial and ethnic differences are larger. For example, in comparison to Table 3, racial differences (blacks) increased
by between 30 and 53 percent while ethnic differences increased by between 62 and 73 percent. Finally, restricting
the sample also avoids confounding the direct effect of origination year with differences that arise because earlier
origination years allow for foreclosure and delinquency during the pre-crisis period.

% Estimates using earlier specifications from Table 4 are very similar.
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the four sets of estimates and somewhat smaller and insignificant for the blacks in the
delinquency model.*

We next use the refinance sample in order to examine home purchase originations over a
longer timeframe. Specifically, we match refinance mortgages with the original home purchases
back to 1997, which is the earliest year for which we observe home purchases in all seven of our
markets, and present the racial and ethnic differences in foreclosure by origination year in Table
8. While the sample represents only home purchases that selected into refinance and our model
must control for credit scores observed after the home purchase, our estimates demonstrate the
significance of purchase year for a representative sample of refinance mortgages. Notably, the
origination year coefficients are relatively flat for the first four years of the sample 1997 to 2000.
After 2000, we see substantially larger racial and ethnic differences in foreclosures for homes
that were originally purchased closer to the boom, and the largest differences arise between 2004
and 2006.

Overall, these results corroborate the intuition presented in the credit market model that
we developed in Section 2. As credit expanded during the housing boom, households with
higher unobserved risk of defaults and delinquencies entered the housing market and,
empirically, black and Hispanic borrowers were much more likely to be in this group. The
selection of these especially high-risk households in to the market translated into much higher
rates of delinquencies and defaults once the recession started, especially among minority

borrowers.

7. Mechanisms and Vulnerable Populations

In a final step of our analysis, we examine whether the racial and ethnic differences
documented above can be explained by differences in the attributes of who was buying housing
at various points in time and space. For this analysis, we use the American Community Survey
(ACS) to examine two different compositional effects. First, we recreate the employment
variables examined in Table 5 using race and ethnicity specific employment measures by county
and year. Second, we use the ACS to calculate the fraction of homebuyers in each racial and

ethnic group by county that have key demographic attributes, specifically the fraction married

0 Again, estimates using earlier specifications from Table 4 are very similar.
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and the level of education for these homebuyers.** These variables are intended to proxy for
borrower attributes that are not observed in our sample.

Table 9 presents the results of this analysis for the homebuyer sample. The first column
replicates the results from Table 5, and the estimates presented in the attribute interacted rows
are based on interacting race-neutral employment measures with the negative equity bins. The
second column presents estimates based on interacting race-specific employment with the
negative equity bins. The use of race-specific employment rates lowers the baseline difference
in black delinquency and foreclosure rates by between 30 and 35 percent and lowers the
differences for Hispanic buyers by between 12 and 13 percent. The third column includes the
interaction of race-specific homebuyer demographic shares with the negative equity bins. The
estimates presented show the difference between homebuyers with a high school degree, but less
than two years of college, compared to buyers with at least two years of college. The outcomes
of non-college homebuyers deteriorate much faster with negative equity than college
homebuyers, but these differences do nothing to explain racial and ethnic differences in
outcomes. The share married also has little effect on outcomes, but this may be because the
model already controls directly for the presence of a coborrower, while our sample does not
contain any relevant proxy for borrower education.

Finally, for the remaining racial and ethnic differences, we examine if there are specific
groups among which the differences in delinquency and foreclosure are concentrated. Table 10
presents these results with the first column replicating the results from Table 9 column 2 using
race specific employment rates. The second column presents the results that arise from
interacting race and ethnicity with key loan and borrower attributes, subprime credit score
(vantage below 701), rate spread loan and high debt to income ratio (DTI above 0.45). The final
column interacts race and ethnicity with one minus the race-specific employment rate or a non-

employed rate.** The estimated coefficients on black interacted with race spread loan and black

41 The ACS asks how long individuals have lived in their home, and we identify homebuyers in a given year as
those households who reported in the ACS of the following year that all individuals residing in the owner-
occupied residence moved in during the last year. This variable can be created by county by year by group or
by county by group using samples drawn from five years of the ACS. The results presented in the paper use
the pooled sample to minimize measurement error, but results are quite similar using set of variables.

42 It is important to remember that this measure captures the all fraction of prime age males in the group that
are not currently employed, rather than the unemployment rate, in order to also capture changes in the labor
force participation rate during the downturn.
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and Hispanic interacted with high DTI loan are significant and positive, and no black-white
differences exist for non-rate spread low, DTI mortgages. Given the larger coefficient on black
interacted with DTI and the greater frequency of high DTI loans, most of the racial differences in
the sample are driven by high DTI loans. Turning to the third column, race- and ethnicity-
specific rates of non-employment also explain high delinquency and foreclosure rates among
blacks and Hispanics, with especially large effects among Hispanics. If we evaluate the race and
ethnicity coefficient at a relatively high non-employment rate of 0.04, the black differences are
similar in magnitude to column 1 at 0.018 and 0.029, but the Hispanic differences are 0.004 and
0.004 suggesting that baseline ethnic differences in foreclosure and delinquency are near zero in
counties and years with high employment rates among Hispanics.*?

8. Summary and Conclusion

In this paper, we identify robust racial and ethnic differences in the likelihood of
mortgage delinquencies and foreclosures in the recent housing market bust and associated
recession. Substantial differences remain after controlling for (i) the borrower, home, and
market attributes, including the individual’s credit score, that would have been observed by
lenders ex ante, (ii) the characteristics of the lender and loan itself and (iii) ex post measures of
exposure to local housing and labor market shocks. Collectively, these results imply that the
relatively poor mortgage outcomes for minority borrowers are not simply a function of greater
participation in the subprime sector or greater exposure to neighborhood housing price declines
or unemployment rates.

A further decomposition of our main findings by origination year reveals that the large
estimated racial and ethnic differences in mortgage outcomes are concentrated in mortgages that
were originated in 2004-07. That is, black and Hispanic households drawn into homeownership
at the peak of the credit expansion and housing boom were especially likely to subsequently
become delinquent and default on their mortgages. This finding is again robust to the inclusion
of a broad set of controls for borrower, lender, loan, and neighborhood attributes. Finally, these

differences are concentrated among borrowers who may have difficulty making mortgage

43 We also examined the interaction of race and ethnicity with the ACS measures of share homeowners single
and with below two years of college, but the resulting standard errors were very large for both the
interactions and the black and Hispanic differences for the omitted categories
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payments during the crisis either due to high debt payment to income ratios among black buyers
or low employment rates in their county of residence for Hispanic buyers.

The simple credit market model that we develop early in the paper highlights a potential
unified explanation for the full set of empirical results. Drawing a distinction between the
exposure to adverse economic shocks and the ability to deal with these events when they occur
(through, for example, personal savings, access to credit, financial help from friends or family
members), the model implies that (i) those households drawn into homeownership late in a major
credit expansion are especially at risk for adverse economic outcomes and (ii) the financially
vulnerable among these households are especially likely to default when such shocks occur.
This model provides a coherent explanation for our empirical findings that black and Hispanic
households drawn into homeownership late in the housing boom were especially vulnerable to
the adverse economic shocks that occurred during the recent financial crisis.

Our empirical analyses on the factors driving the observed racial and ethnic differences in
several ways are consistent with our model’s suggestion that borrower exposure to risk plays an
important role. Exposure to unemployment is important for both minority groups with racial
differences in loan performance being partially explained by racial differences in unemployment
risk and ethnic differences being concentrated among Hispanic borrowers who faced the greatest
unemployment risk. While borrower education levels do not directly explain higher levels of
delinquency and foreclosure among minority borrowers, racial differences in loan performance
are concentrated among borrowers with rate spread loans, and Bayer, Ferreira and Ross (2014)
show African-American borrowers are more likely to have rate spread loans when those
borrowers have lower education levels using the same proxy for education that was used in this
paper. At the same time, it is important to acknowledge that a large portion of unexplained racial
differences in loan performance are related to loan terms in that the increase in the risk of
delinquency or foreclosure arising from having a high debt to income ratio is much larger for
African-American borrowers.

Our results complement a recent literature that aims to understand the causes and
consequences of the last housing cycle. For example, while Mian and Sufi (2009) demonstrate a
significant role for subprime lending in explaining overall neighborhood level foreclosure rates,
our analysis implies that subprime lending can explain at most a modest fraction of observed
racial and ethnic differences in credit market outcomes. In addition, tighter underwriting
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standards and increased financial oversight arising from recent financial reforms are unlikely to
address these concerns because the observed differences arise after controlling for all traditional
underwriting variables, are based on comparisons within lenders and neighborhoods, and occur
across a broad spectrum of minority borrowers.

Finally, regardless of the ultimate explanation for the observed higher rates of negative
mortgage outcomes, our study raises serious concerns about homeownership as a vehicle for
reducing racial wealth disparities. Our findings suggest instead that homeownership may be
especially risky for households with a low initial level of wealth (savings) or fewer family
resources on which to draw when hit with an adverse economic shock. Because delinquencies
and default have consequences that go beyond the direct loss of housing equity/wealth, they can
contribute substantially to perpetuating the wealth gap across generations. The increased cost of
all subsequent borrowing (through the lower credit scores), in particular, makes future wealth

accumulation much more difficult.
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Table 1: Sample Selection of HMDA Variables

DQ High quality Experian Matched

HMDA full sample DQ High quality match match--May-Aug Sample, weighted Sample, weighted
Variable Mean Std. Dev. Mean Std. Dev. Mean  Std. Dev. Mean Std. Dev. Mean Std. Dev.
Black 11.1% 33.9% 11.6% 34.5% 11.4% 34.3% 11.4% 34.3% 11.2% 31.5%
Hispanic 17.4% 41.0% 19.4% 42.7% 19.3% 42.6% 19.2% 42.6% 18.5% 38.8%
Asian 7.5% 28.4% 8.6% 30.3% 8.5% 30.1% 8.6% 30.3% 8.9% 28.4%
White 67.8% 50.5% 60.1% 52.9% 60.5% 52.8% 60.5% 52.8% 61.1% 48.7%
Loan Amount $247 $243 $271 $221 $274 $224 $274 $227 $278 $211
Applicant Income $107 $142 $105 $128 $105 $127 $106 $132 $106 $115
Tract Median Inc $59.1 $25.6 $59.6 $25.2 $59.7 $25.2 $59.7 $25.2 $60.4 $23.5
Tract Pct Black 12.6% 23.8% 11.6% 22.5% 11.5% 22.4% 11.5% 22.4% 11.3% 20.4%
Tract Pct Hispanic 16.9% 22.7% 16.5% 22.1% 16.4% 22.0% 16.5% 22.1% 16.3% 20.2%
Tract Pct Asian 6.3% 10.9% 6.5% 11.2% 6.5% 11.1% 6.5% 11.1% 6.6% 10.4%
Number of
Observations 9,345,709 4,002,996 1,459,468 273,589 238,785

Notes: The first column presents the means and standard deviations for all Home Mortgage Disclosure Act (HMDA) home purchase and refinance mortgages in
our seven market areas between 2004 and 2008 where each market is given equal weight in the means. The second column presents the means for the subsample
where we have a high quality match between HMDA and the housing transaction file based on loan amount, type of loan, census tract and lender name, and the
third column is based on further restricting the sample to mortgages originated between May and August. The fourth column presents means for the stratified
sample that was merged to the credit history data weighted by the inverse of the sampling probabilities again with equal weights for each market, and the fifth
column presents weighted means for the subsample that was successfully merged to an established credit history prior to mortgage origination.
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Table 2: Descriptive Statistics

purchase refinance
Credit Data Mean Std. Dev. Mean  Std. Dev.
Mortgage Delinquency 90-180 Days 0.035 0.214 0.030 0.196
Foreclosure 0.053 0.319 0.037 0.250
Delinquency prior to Mortgage 0.001 0.025 0.002 0.046
Foreclosure prior to Mortgage 0.001 0.037 0.006 0.082
Vantage Score 781 104 775 110
Mortgage Payment to Income Ratio 0.256 0.280 0.247 1.064
Debt Payment to Income Ratio 0.321 0.336 0.348 1.191
Borrower Age 27.1 23.1 34.3 24.8
HMDA Data
Rate Spread 0.151 0.358 0.168 0.374
American Indian 0.003 0.054 0.003 0.056
Asian 0.097 0.296 0.086 0.280
Black 0.089 0.284 0.126 0.331
Hispanic 0.195 0.397 0.182 0.386
White 0.616 0.486 0.604 0.489
Male 0.643 0.479 0.643 0.479
Female 0.355 0.478 0.355 0.478
Loan Amount 106 106 101 109
Applicant Income 286 210 262 199
Coborrower Present 0.354 0.478 0.476 0.499
Jumbo Loan Amount 0.280 0.449 0.189 0.392
Tract Median Income 60,041 23,427 60,436 23,543
Tract Pct Black 10.0 18.3 12.3 21.7
Tract Pct Hispanic 16.2 20.2 17.1 20.6
Tract Pct Asian 6.5 10.3 7.1 10.8
Tract Pct Owner Occ 68.3 23.9 69.2 22.7
Tract Pctin Poverty 7.71 7.27 7.96 7.49
Tract Price/Rent 0.004 0.002 0.004 0.002
Dataquick Data
Loan to Value Ratio 0.885 0.242 0.576 0.416
Subordinate Lien 0.428 0.495 0.016 0.127
First Lien Adjustable Rate 0.515 0.500 0.478 0.500
condo 0.218 0.413 0.139 0.346
mobile 0.001 0.035 0.001 0.034
Single Family 0.774 0.418 0.837 0.369
lot size 15,675 575,974 15,051 397,858
Unit square feet 1,798 26,193 1,766 20,119
number of bathroom 1.99 6.60 2.00 1.15
number of bedroom 2.17 6.85 2.04 1.77
stories 1.17 1.58 1.22 1.33
units 141 14.83 1.49 19.88
Number of observations 327124 306213

Notes: The first two columns contain means and standard deviations for our sample of post-mortgage
credit reports for each home purchase mortgage borrower for which a credit score was observed prior to
mortgage origination. The last two columns contain the same information for the post-mortgage reports of
mortgage refinancers.
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Table 3: Racial Differences in Credit Outcomes

Home Purchase Sample

Refinance Sample

Race Delinquencies Foreclosures Delinquencies Foreclosures
Black 0.030816%** 0.041926™** 0.015711%** 0.016984***
(0.002115) (0.003613) {0.001804) (0.002377)
Hispanic 0.023411%** 0.038697*** 0.015130%** 0.023853%**
(0.001558) (0.002504) (0.001359) (0.001980)
Asian 0.003359** 0.005623** 0.007799%** 0.011862**
(0.001673) {0.002466) {0.002185) (0.002760)
R-square 0.057 0.074 0.046 0.046

Notes: This table presents the OLS estimates for number of 90 to 180 day mortgage delinquencies and
number of foreclosures within the last 12 months for the samples described in Table 2. The models include
detailed controls for pre-origination vantage credit score, loan to value ratio, mortgage and total debt
payment to income ratios, whether interest rate is adjustable, presence of subordinate debt, whether a
jumbo loan, borrower income, race, ethnicity, gender, age, presence of coborrower, census tract

demographics and detailed unit attributes, as well as origination year by credit year fixed effects. Standard
errors (in parentheses) are robust to heteroscedasticity, and clustered at tract-credit year level. *** indicates
significant at 1% level, ** means significant at 5% level, and * is significant at 10% level.
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Table 4: Credit Outcomes and Subprime Controls

Home Purchase Sample

Add'l Subprime

Model Race Baseline Rate Spread Lender FE's Lender and Tract FE Controls
Black 0.030816%** 0.027429%** 0.026969"** 0.023542%** 0.023164%**
(0.002115) {0.002106) {0.002125) (0.002315) (0.002314)
Hispanic 0.023411*** 0.020849*** 0.018841*** 0.018888*** 0.018885***
Delinquencies {0.001558) (0.001561) (0.001574) {0.001652) (0.001646)
Rate 0.036033*** 0.034187%** 0.033655%** 0.033330***
Spread (0.002016) (0.002464) (0.002441) (0.002461)
R-square 0.057 0.060 0.064 0.098 0.099
Black 0.041926%** 0.034357*** 0.033230%** 0.030188*** 0.028918***
{0.003613) (0.003558) (0.003587) {0.002921) {0.003910)
Hispanic 0.038697=** 0.032979*** 0.029501*** 0.030629%** 0.030823***
Foreclosures {0.002504) {0.002521) {0.002521) (0.002745) {0.002754)
Rate 0.080369*** 0.061783%** 0.058779%** 0.056879***
Spread {0.003226) {0.004037) (0.004001) {0.004051)
0.074 0.080 0.086 0.123 0.123
Refinance Sample
Add'l Subprime
Model Race Baseline Rate Spread Lender FE's Lender and Tract FE Controls
Black 0.015711%%* 0.014743%** 0.013600%** 0.012385%** 0.012413%%*
(0.001804) (0.001802) (0.001820) {0.001904) (0.001901)
Hispanic 0.015130%** 0.014763%** 0.012914%** 0.012425%** 0.012668%**
Delinguencies (0.001259) (0.001358) (0.001366) {0.001455}) (0.001456)
Rate 0.018598*** 0.017965%** 0.018793%** 0.018268***
Spread (0.001572) (0.001941) {0.001891) (0.001908)
R-square 0.046 0.047 0.052 0.080 0.081
Black 0.016984%%* 0.015506%** 0.014384%** 0.014745%** 0.014787%**
{0.002277) (0.002379) (0.002299) {0.002547) (0.002549)
Hispanic 0.023853*** 0.023282%** 0.021612%** 0.020747%** 0.020975%**
Foreclosures {0.001980) {0.001978) {0.001994) (0.002116) {0.002121)
Rate 0.028534%** 0.024762%** 0.023953%** 0.023098***
Spread {0.002178) {0.002592) (0.002523) {0.002588)
R-square 0.046 0.047 0.052 0.096 0.096

Notes: The first column presents the estimates from Table 3. Panel 1 contains the estimates for the home
purchase sample, and Panel 2 for the refinance sample. The second column adds a dummy variable to
control for whether the interest rate was high cost or above the HMDA rate spread threshold, the third
column presents estimates after also adding lender fixed effects, and the fourth column adds census tract
fixed effects. The final column estimates are based on the same specification in the fourth column except
that borrowers are divided between those with vantage scores less than or greater than or equal to 701. The
resulting subprime dummy variable is interacted with key loan term variables based on loan to value ratio,
mortgage and total debt payment to income ratios, whether interest rate is adjustable, and presence of

subordinate debt. Standard errors (in parentheses) are robust to heteroscedasticity, and clustered at tract-

credit year level. *** indicates significant at 1% level, ** means significant at 5% level, and * is significant

at 10% level.
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Table 5: Credit Outcomes and Contemporaneous Controls

Home Purchase Sample
Delinquencies Foreclosures
Negative Equity and LTV Bins and Negative Equity and LTV Bins and
Race Cnty-Year FE Employment Employment Cnty-Year FE Employment Employment
Black 0.022986*** 0.022892*** 0.022322*** 0.029607*** 0.029410*** 0.028656***
(0.002316) (0.002317) (0.002318) (0.003916) (0.003918) (0.003918)
Hispanic 0.018459*** 0.018263*** 0.017606™** 0.030120*** 0.029758*** 0.028614***
(0.001644) (0.001646) (0.001645) (0.002747) (0.002758) (0.002756)
Negative Equity 0.519101%** 1.059106***
(0.058957) (0.094168)
Emp*Neg Equity -0.535920%** -1.102721%**
(0.062170) (0.099259)
LTV 100-110 0.352791*** 0.418448%**
(0.072673) (0.114345)
LTV 110-130 0.337909*** 0.552708***
(0.069624) (0.117861)
LTV 130-150 0.449225*** 0.919167***
(0.089590) (0.145861)
LTV above 150 0.482958*** 1.046922***
(0.085812) (0.133552)
Emp*LTV 100-110 -0.370104*** -0.445315%**
(0.076324) (0.120302)
Emp*LTV 110-130 -0.341312%** -0.568184***
(0.073418) (0.124160)
Emp*LTV 130-150 -0.441101*** -0.909618%**
(0.095517) (0.155576)
Emp*LTV above 150 -0.450510*** -1.016590***
(0.092757) (0.144313)
R-squared 0.105 0.106 0.108 0.133 0.134 0.137
Refinance Sample
Delinquencies Foreclosures
Negative Equity and LTV Bins and Negative Equity and LTV Bins and
Race Cnty-Year FE Employment Employment Cnty-Year FE Employment Employment
Black 0.012350*** 0.012364*** 0.012426*** 0.014788*** 0.014908*** 0.014956***
(0.001902) (0.001905) (0.001907) (0.002547) (0.002548) (0.002556)
Hispanic 0.012422*** 0.012419*** 0.012530*** 0.020593*** 0.020679*** 0.020760***
(0.001455) (0.001460) (0.001456) (0.002119) (0.002109) (0.002122)
Negative Equity 0.184635*** 0.230915%**
(0.049956) (0.057935)
Emp*Neg Equity -0.197139*** -0.243035%**
(0.052326) (0.060643)
LTV 100-110 -0.064213 0.209326*
(0.077790) (0.112716)
LTV 110-125 0.076824 0.056586
(0.083540) (0.085960)
LTV 125-150 0.257062%** 0.173787*
(0.089705) (0.104369)
LTV above 200 0.398603*** 0.528196***
(0.053631) (0.063818)
Emp*LTV 100-110 0.064546 -0.223435*
(0.082087) (0.119037)
Emp*LTV 110-125 -0.081966 -0.063244
(0.088268) (0.091194)
Emp*LTV 125-150 -0.271796™*** -0.178546
(0.095084) (0.110781)
Emp*LTV above 200 -0.419146*** -0.551124***
(0.056995) (0.067816)
R-squared 0.096 0.097 0.097 0.102 0.103 0.103

Notes: The models in the first and fourth columns add county by credit profile year fixed effects to the last specification
shown in Table 4. The models in the second and fifth columns also add a control for whether the borrower has
negative equity based on the mortgage amount and a county specific hedonic housing price index, and the interaction
between the negative equity dummy and a county specific employment rate for prime age males for each credit year.
The last pair of columns replaces the negative equity dummy with a series of dummy variables based on bins for loan
to value ratios above 1.0. Standard errors (in parentheses) are robust to heteroscedasticity, and clustered at tract-credit
year level. *** indicates significant at 1% level, ** means significant at 5% level, and * is significant at 10% level.
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Table 6: Credit Outcomes by Origination Year

Black Estimates

Delinquencies

Foreclosures

Race Interactions Home Purchase Refinance Home Purchase Refinance
Level 0.021703*** 0.016675*** 0.037782*** 0.038607***
(0.006013) (0.005584) (0.011417) (0.007065)
2008 -0.031173*** -0.024675*** -0.048412%** -0.049178***
(0.007069) (0.006545) (0.012299) (0.007534)
2007 0.005109 -0.009216 -0.029458** -0.034131***
(0.007156) (0.006346) (0.012037) (0.007662)
2006 0.027910*** 0.012317* 0.030880** -0.018698**
(0.007712) (0.006969) (0.014066) (0.008300)
2005 0.014361* 0.005600 -0.005141 -0.014360*
(0.007898) (0.006654) (0.013507) (0.007896)
R-squared 0.139 0.13 0.182 0.144
Observations 204844 190844 204844 190844

Hispanic Estimates

Delinquencies

Foreclosures

Ethnicity Interactions Home Purchase Refinance Home Purchase Refinance
Level 0.018406™*** 0.016643*** 0.040812*** 0.029742***
(0.005063) (0.004768) (0.009981) (0.007285)
2008 -0.027274*** -0.022499*** -0.063945*** -0.050313***
(0.006542) (0.005841) (0.010615) (0.008036)
2007 0.021940*** 0.010508* 0.003489 -0.009005
(0.006335) (0.005833) (0.011983) (0.008083)
2006 0.020588*** 0.008208 0.036064*** 0.014517*
(0.006562) (0.006013) (0.012121) (0.008507)
2005 0.015192** 0.005840 0.011576 0.021159**
(0.006609) (0.005964) (0.011045) (0.008446)
R-squared 0.139 0.13 0.182 0.144
Observations 204844 190844 204844 190844

Notes: The models in Table 6 are based on the LTV bin models in Table 5 plus interactions of origination
year dummy variables with borrower race and ethnicity. The first panel presents the estimates of
origination year interacted with borrower black, and the second panel presents the estimates of origination
year interacted with borrower Hispanic. The first row in each panel labeled Level represents the effect for
the omitted category, 2004 originations. Standard errors (in parentheses) are robust to heteroscedasticity,

and clustered at tract-credit year level. *** indicates significant at 1% level, ** means significant at 5%
level, and * is significant at 10% level.

35



Table 7: Credit Outcomes by Origination Year for Prime Borrowers in Home Purchase

Sample
Delinquency Foreclosure
Race Interactions Black Hispanic Black Hispanic
Level 0.019691** 0.015891*** 0.027445* 0.043666™**
(0.007779) (0.005890) (0.016439) (0.014312)
2008 -0.022854** -0.028641*** -0.026971 -0.068138***
(0.009422) (0.007502) (0.017756) (0.014602)
2007 0.000788 0.024032*** -0.003151 0.006440
(0.009458) (0.007410) (0.016670) (0.016807)
2006 0.016071 0.032306*** 0.042383** 0.049067***
(0.010267) (0.007713) (0.019409) (0.017198)
2005 0.012512 0.021917*** 0.017474 0.003537
(0.011151) (0.008225) (0.018970) (0.015374)
Observations 148,648 148648
R-squared 0.157 0.194

Notes: The models in Table 7 are the same models presented in Table 6 for the home purchase sample re-
estimated using the subsample of prime borrowers (Vantage scores 701 or above). The columns contain
the estimates on the interaction of race and ethnicity with the origination year dummies. The first row in
each panel labeled Level represents the effect for the omitted category, 2004 originations. Standard errors
(in parentheses) are robust to heteroscedasticity, and clustered at tract-credit year level. *** indicates
significant at 1% level, ** means significant at 5% level, and * is significant at 10% level.
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Table 8: Foreclosure Models with Home Purchase Origination for Refinance Subsample

Delinquency Foreclosure
Race Interactions Black Hispanic Black Hispanic
Level 0.009025** 0.010539*** 0.014864*** 0.024854***
(0.003958) (0.003809) (0.004818) (0.005940)
2008 -0.020489 -0.033486 -0.027162 -0.101319**
(0.054233) (0.026887) (0.025391) (0.050016)
2007 0.030982 0.039055 0.027616 0.070768*
(0.028930) (0.024554) (0.037183) (0.039339)
2006 -0.003197 0.037867*** 0.000436 -0.006683
(0.015903) (0.013755) (0.021191) (0.017081)
2005 0.020938** 0.028194*** 0.025208* 0.024891**
(0.010634) (0.008402) (0.013527) (0.011280)
2004 0.032246*** 0.020934*** 0.013264 0.042330***
(0.009252) (0.006901) (0.010651) (0.010220)
2003 0.015488 0.018178** 0.014378 0.015152
(0.009615) (0.007482) (0.010788) (0.010049)
2002 0.012023 0.022731*** 0.019868* 0.012920
(0.009093) (0.008200) (0.011085) (0.011204)
2001 0.027541** 0.002457 0.008863 0.007911
(0.011635) (0.007661) (0.010280) (0.011469)
2000 -0.001259 -0.005485 -0.005713 -0.008439
(0.008741) (0.008602) (0.009955) (0.010417)
1999 0.005957 -0.001350 0.012710 -0.009034
(0.009280) (0.008292) (0.010622) (0.010624)
1998 0.009723 0.002947 -0.011147 -0.002956
(0.010561) (0.009825) (0.010306) (0.011526)
Observations 190,844 190,844 190,844 190,844
R-squared 0.048 0.048 0.144 0.144

Notes: The models in Table 8 are based on the models presented in Table 6 for the refinance sample except
that we identify the origination year for the purchase mortgage that preceded the refinance and control for
the home purchase origination year interacted with race and ethnicity. The model is estimated using only
refinance mortgages issued on home purchases from 1997 forward, when our transaction sample begins for
most of our sites. The columns contain the estimates on the interaction of race and ethnicity with the home
purchase origination year dummies. The first row in each panel labeled Level represents the effect for the
omitted category, 1997 originations. Standard errors (in parentheses) are robust to heteroscedasticity, and
clustered at tract-credit year level. *** indicates significant at 1% level, ** means significant at 5% level,
and * is significant at 10% level.
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Table 9: Racial and Ethnic Differences Controlling for PUMA Attributes

Delinquency Foreclosure
Race Not Race Specific Employment Demographics Not Race Specific Employment Demographics
Black 0.022322*** 0.014737*** 0.023897*** 0.028656*** 0.017425*** 0.029377***
(0.002318) (0.002881) (0.002798) (0.003918) (0.004365) (0.004491)
Hispanic 0.017606™** 0.015425*** 0.016562*** 0.028614*** 0.025299*** 0.036125***
(0.001645) (0.001684) (0.003173) (0.002756) (0.002827) (0.005578)
Attr*LTV 100-110 -0.370104*** -0.214757*** 0.005621 -0.445315*** -0.246912*** 0.008239
(0.076324) (0.046116) (0.011253) (0.120302) (0.075841) (0.014963)
Attr*LTV 110-130 -0.341312%** -0.284508*** 0.028765*** -0.568184*** -0.395101*** 0.047480***
(0.073418) (0.043703) (0.011021) (0.124160) (0.074313) (0.017355)
Attr*LTV 130-150 -0.441101*%** -0.401391*** 0.051684*** -0.909618*** -0.853800*** 0.119110***
(0.095517) (0.056487) (0.016937) (0.155576) (0.097258) (0.028563)
Attr*LTV above 150 -0.450510*** -0.556335*** 0.051989*** -1.016590*** -0.841455*** 0.157774***
(0.092757) (0.047948) (0.019632) (0.144313) (0.076372) (0.027536)
R-squared 0.108 0.109 0.11 0.137 0.138 0.139

Notes: The first and fourth columns present the estimates from the LTV bin models for the homeownership sample in Table 5. The next pair of columns
replaces the interaction between overall county specific employment rate and LTV bins with interactions using a county by race specific employment rate. The
final pair of columns presents the estimates retaining the overall county specific employment rate interactions from Table 5 and interacts the LTV bins with the
race specific fraction of homebuyers during this period who have completed less than two years of college and the fraction who are single. The rows labelled by
Attr*LTV bin contain estimates for the employment rate interacted with the LTV bins in all except the last pair of columns. In the last pair of columns, the
estimates presented are for interactions of the LTV bins with share buyers of own race without two years of college. The share single interactions are
insignificant and so are not presented.
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Table 10: Race and Ethnicity Interactions with Risk Factors

Delinquency Foreclosure
Race Employment Risk Factor Attributes Employment Risk Factor Attributes
Black 0.014737*** -0.002324 -0.004337 0.028843*** 0.000411 -0.000766
(0.002881) (0.003008) (0.004587) (0.003919) (0.005039) (0.007045)
Hispanic 0.015425%** 0.016474*** -0.032619*** 0.028444*** 0.020380*** -0.056428***
(0.001684) (0.001929) (0.003341) (0.002753) (0.003401) (0.004704)
Black*Subprime 0.006489 -0.010465
(0.004131) (0.006735)
Hispanic* Subprime -0.006136* 0.002047
(0.003519) (0.005162)
Black*Rate Spread 0.017659*** 0.034756***
(0.005185) (0.008558)
Hispanic*Rate Spread 0.000086 0.007361
(0.004419) (0.007007)
Black*High DTI 0.045367*** 0.065395%**
(0.006032) (0.009991)
Hispanic*High DTI 0.012857*** 0.026244***
(0.004336) (0.007542)
Black*Unemp Rate 0.565001*** 0.757188***
(0.065310) (0.093435)
Hispanic*Unemp Rate 0.917850*** 1.531509***
(0.066976) (0.089934)
R-squared 0.109 0.109 0.11 0.137 0.139 0.139

Notes: The first and fourth columns present the estimates from the race specific employment models in
Table 9. The next pair of columns interacts race and ethnicity with whether the borrower has a subprime
Vantage score (below 701), whether the borrower obtained a high cost or rate spread loan and whether the
borrower had a high debt expense to income ratio (above 0.45). The final pair of columns interacts race

and ethnicity with one minus the race specific employment rate, i.e. an unemployment rate.
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Figure 1. Unconditional rates of mortgage delinquency by race and year
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Figure 2. Unconditional rates of mortgage foreclosures by race and year
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Figure 3: Homeownership and Default Decisions in (p, r) Space
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Figure 5. Unconditional rates of mortgage delinquency by race and origination year
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Figure 6. Unconditional rates of mortgage foreclosures by race and origination year
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