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Abstract

Mortgage is a major part of debt for households and one of the core businesses

for financial institutions. The disruption of mortgage market during 2007-2008 put

both households and financial institutions in distress. Mortgage related laws and

policies had significant impacts on both of them, as well as the macroeconomy. My

dissertation focuses on understanding households’ behaviors under foreclosure laws

and the implication of mortgage risks on lenders’ market expansion.

My first chapter investigates the implication of different foreclosure laws on mort-

gage foreclosure. Foreclosure laws govern how and when a default homeowner can be

evicted and the home can be put up for sale. Both judicial and non-judicial states exist

in the U.S., with judicial states having longer, more uncertain and costlier foreclosure

process. While naturally mortgage rate should be adjusted to reflect the difference in

foreclosure risk, it does not differ across judicial and non-judicial states. Government

sponsored enterprises (GSEs) disassociate mortgage rate from foreclosure risk through

a uniformly priced guarantee service that covers all credit risks related to foreclosure,

and impose a cross-subsidization. I build a dynamic structural model that allows

households to make mortgage payment decision under explicit foreclosure process.

The model shows that judicial law provides more protection to households, but leads

to higher foreclosure rate and longer duration, which attribute to a cross-subsidization

from non-judicial to judicial states. I then study a counterfactual experiment in which

GSEs charge differential fees while keeping the budget unaffected. Eliminating the
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cross-subsidization requires higher (lower) fee in judicial (non-judicial) states. It fur-

ther increases foreclosure rate and duration for low credit score households in judicial

states, and vice versa in non-judicial states. While aggregate welfare does not change,

households in non-judicial states benefit at the cost of those in judicial states. Welfare

redistribution mainly falls on low income households.

My second chapter, co-authored with Sophia Chen and Lev Ratnovski, examines

how lenders respond to mortgage portfolio risks when expanding to new markets. We

find that nonlocal mortgage lenders with greater exposure to high-growth housing

markets accept fewer loan applications in these markets and experience greater stock

return volatility. When these lenders expand to high-growth markets, they also ration

credit to a significantly greater degree than when they expand to other markets.

Mean-variance analyses show that nonlocal lenders’ exposure to high-growth markets

is associated with more risk, more efficiency, and more return on mortgage portfo-

lios. Overall, these results imply that expansion to high-growth markets leads to a

decline in screening and riskier investment by nonlocal lenders, which may reflect a

risk–return tradeoff in their portfolio strategy.

Index words: Mortgage Foreclosure, Foreclosure Laws, GSEs, Guarantee Fee,
Mortgage Portfolio, High-growth Market
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Chapter 1

The Impact of Different Foreclosure Laws on Mortgage

Foreclosure

1.1 Introduction

The collapse of housing market in the United States had led to a dramatic surge in

mortgage delinquency and foreclosure. According to a report by Corelogic, a leading

property information provider, there were about 7.8 millions foreclosures in the United

States between 2007 and 2016.1 However, households experienced significantly dif-

ferent foreclosure processes, depending on which states they live in.

In the United States, foreclosure laws govern how and when a default homeowner

can be evicted and the home can be put up for sale. The common practice is that

lenders will send out a “notice of default” after a mortgage passes 90 days delinquent

and start the foreclosure process. Usually, households can stay in the house for several

more months before being foreclosed. There are two types of states (judicial versus

non-judicial), with judicial states requiring the foreclosure process handled by the

court systems that often prolongs the time to foreclosure. On average, foreclosures

took 23 months in judicial states and 12 months in non-judicial states. The longer

duration in judicial states often imposes higher foreclosure costs to lenders. (See

Clauretie and Herzog (1990) and Ambrose et al. (1997)). Furthermore, empirical

studies show that judicial law fails to prevent foreclosure. Both Demiroglu et al.
1Corelogic, “United States Residential Foreclosure Crisis: Ten Years Later”, March 2017.
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(2014) and Zhu and Pace (2015) show judicial process is associated with significantly

higher likelihood of default. In addition, Gerardi et al. (2013) and Cordell and Lambie-

Hanson (2016) find that, conditional on mortgages being delinquent, households in

judicial states are not more likely to cure their mortgages.

Given the high foreclosure risk in judicial states, it is natural to think that mort-

gage rate should be higher to reflect the difference in the underlying risk. However, I

find mortgage rate, after controlling for borrower and loan characteristics, does not

differ significantly between judicial and non-judicial states. Government sponsored

enterprises (GSEs) in the residential mortgage market, most well-known examples

being Fannie Mae and Freddie Mac, provide a uniformly priced mortgage guarantee

to both judicial and non-judicial states and cover all credit risks related to foreclo-

sure. As a result, GSEs disassociate mortgage rate from foreclosure risk and impose

an implicit cross-subsidization between the two types of states.

This paper develops a dynamic structural model that allows households to make

mortgage payment decisions under explicit foreclosure process, and examines how the

difference in laws attributes to the cross-subsidization. In the model, mortgage foreclo-

sure is a result of both exogenous foreclosure shocks determined by laws and endoge-

nous payment decisions chosen by households. The model highlights the trade-off of

extending foreclosure process: increasing households’ ability to smooth consumption

versus reducing their incentives to pay mortgages. In particular, I discipline the model

with empirical evidence on short-term foreclosure and current rates. By comparing

to a scenario of immediate foreclosure, where households are foreclosed immediately

after missing one payment, I show that the judicial law provides more protection

to households, but leads to higher foreclosure rate and longer duration. As a result,

GSEs incur a negative return in judicial states and a positive return in non-judicial

states, which implies the cross-subsidization is from non-judicial to judicial states.
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I further consider a counterfactual experiment, where GSEs adopt a new pricing

policy that reflects the difference in foreclosure risks and is neutral to the budget, and

explore the implication of eliminating the cross-subsidization on foreclosure rate and

household welfare. The model reveals that eliminating the cross-subsidization implies

that the average household would pay extra $1648 in judicial states and save $1318

in non-judicial states. It significantly widens the gap of foreclosure rates between

judicial and non-judicial states. Especially, the foreclosure rate for low credit score

households would be 4.4% higher in judicial states and 3.1% lower in non-judicial

states. While aggregate welfare does not change, households in non-judicial states

gain and those in judicial states lose. The change in welfare, however, mainly falls on

low income households. Low income households in non-judicial states gain in welfare of

0.142% in consumption equivalence unit, while those in judicial states lose of 0.178%

in consumption equivalence unit.

The welfare impact of differential fee policy is of the same magnitude compared to

other policy reforms discussed in the literature. For example, Mitman (2016) estimate

that the bankruptcy reform implemented in 2005 will increase the welfare by 0.12%

for the average household. The reform cut bankruptcy rates by a cumulative 2.7

percentage points over the period of 2008-2013. Similarly, Guren et al. (2021) discuss

a potential switch of major mortgage type from fixed-rate mortgage to adjustable-

rate mortgage and find it can improve households’ welfare by 0.12%. Mortgage related

policies are critical to household welfare, no matter they focus on ex ante design of

mortgage product or ex post relief of distressed households (such as, foreclosure and

bankruptcy).

This paper is organized in the following way. Section 2 describes the literature

related to mortgage default, as well as papers on GSEs and foreclosure laws. Section

3 discusses institutional background about foreclosure process, foreclosure laws, and

3



GSEs. Section 4 presents empirical evidence that different foreclosure laws result

in significant differences in foreclosure duration and costs. However, mortgage rates

in judicial states do not differ from those in non-judicial states. Section 5 builds a

dynamic structural model, in which households make mortgage payment decisions and

GSEs set guarantee fees under explicit foreclosure process. Section 6 estimates the

model and discusses the results. Section 7 investigates the counterfactual experiment

where GSEs charge different fees across the two types of states while keeping the

budget balanced. Section 8 concludes.

1.2 Literature

This paper is connected to three strands of the literature on mortgages. The

first strand of literature is on mortgage default.2 There has been a large empirical

literature that tries to identify or quantify factors that affect default, such as loan to

value ratio, housing equity, income shocks, and so on. For example, Deng et al. (2000)

present a unified model of both prepayment and default risks and shows that initial

loan-to-value ratio is important to predict both outcomes. Foote et al. (2008) look at

foreclosure activities in Massachusetts during the early 1990s and finds that negative

housing equity is a necessary but not sufficient condition for default. Pennington-Cross

and Ho (2010) study subprime mortgages with hybrid and fixed rates and shows that

default probabilities increase dramatically when payment shocks are mixed with low

or no home equity. Gerardi et al. (2018) find that changes in ability to pay have large

estimated effects, as job loss has an equivalent effect on the propensity to default

as a 35% decline in equity. They also point out a significant strategic motive, as
2The term “default” has different meanings in empirical and theoretical studies. In empir-

ical studies, default occurs when a mortgage is beyond 90 days delinquent, although it may
not be foreclosed yet. Theoretical studies use default and foreclosure interchangeable, as
there is no intermediate stage.
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more than 38% of households in default could make their payments without reducing

consumption from its predefault levels.

In addition, there also exists a long literature on theoretical models. Campbell and

Cocco (2003, 2015) develop a dynamic model of household’s mortgage decisions, while

incorporating labor income, house price, inflation, and interest rate risk, and show

that heterogeneity in borrowers can explain differences in choices between fixed and

adjustable rate mortgages, as well as final default rates. Corbae and Quintin (2015)

study how relaxing payment-to-income requirement in mortgage market condition

could explain the increase in origination of high-leverage mortgages and the rise in

foreclosure rates during the crisis. Hatchondo et al. (2015) evaluate prudential policy

in mortgage market and finds that loan-to-value limits increase home equity and lower

the default rate, while having negligible effects on housing demand. Hedlund (2016)

and Garriga and Hedlund (2020) study mortgage debt overhang problem using a

directed search model of housing, and suggest a liquidity-adjusted double trigger of

default.

While all the papers shed light on mortgage default, they all rely on a simpli-

fied view that mortgages transition from current to default without any interme-

diate stage. This paper contributes to the literature by incorporating explicit foreclo-

sure process into theoretical models with pure foreclosure. With possible transitions

between delinquency and current during the process, the paper is able to study how

difference in the laws can affect mortgage foreclosure through the foreclosure process.

A closely related paper is Herkenhoff and Ohanian (2019). They show that the

probability of mortgages transitioning from foreclosure to cure (current or stay in

delinquent) is about 14.28% before the crisis, and build a model allowing for that

transition. The authors study the impact of foreclosure delays on the labor market and

find it decreases the employment rate by about 0.75 percentage points for households
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with mortgages. Guren and McQuade (2020) evaluate a policy that slows down the

pace of foreclosures in a model where homeowners can cure their delinquent mortgages

with an exogenous probability. They show that slowing down foreclosure can reduce

the severity of a housing crisis if the probability of curing mortgages is high enough.

Both their papers and mine highlight the importance of incorporating foreclosure

process into models with mortgage.

My paper is different from the two papers in two respects. First, I allow for a

state-dependent foreclosure risk and a flexible scheme for households to cure their

delinquent mortgages. In my model the conditional probability of being foreclosed

increases with the delinquency status for delinquent households, while it is constant

in Herkenhoff and Ohanian (2019) and Guren and McQuade (2020). A household’s

decision to repay mortgages will have an impact on its future risk of foreclosure,

therefore increases their incentives to cure their mortgages. Second, I focus on the

distortion effect of differences in the foreclosure process across judicial and non-judicial

states within the United States, while the two papers focus on the aggregate effect of

longer foreclosure process on unemployment or house prices.

This paper also contributes to the literature that studies the effect of government

policy, or more specifically GSEs, on the housing market. Jeske et al. (2013) find that

eliminating bailout guarantees for GSEs would lead to a large decline in mortgage

origination and increases aggregate welfare, but has little effect on foreclosure rates.

Elenev et al. (2016) show that correctly priced mortgage guarantee improves the

stability of financial system, with fewer but safer mortgages. Dagher and Sun (2016)

utilize the distinction between conforming loans and jumbo loans and shows that

banks in judicial states are more likely to reject jumbo loans, which are ineligible for

GSEs guarantee. Hurst et al. (2016) point out a general redistribution effect of the

GSEs. They show that even though there is significant regional variation in default
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risk, mortgages that are eligible for GSEs guarantee do not exhibit differences in

mortgage rates across regions. This paper also focuses on the distortion effect of

GSEs due to its uniform guarantee fee. Because GSEs can only charge one price when

facing two types of states with different risks, it leads to a cross-subsidization from

non-judicial states to judicial states. By explicitly including GSEs in the model, I am

able to quantify the magnitude of the distortion from GSEs and run counterfactual

analysis in which GSEs can adopt a different pricing policy.

This paper further extends the empirical findings on the impact of foreclosure

laws on mortgage foreclosure. For example, both Gerardi et al. (2013) and Cordell

and Lambie-Hanson (2016) find conditional on mortgages being delinquent, the judi-

cial law delays but do not prevent default, resulting in a build-up of persistently

delinquent borrowers. Delinquent borrowers experiencing longer foreclosure process

are not more likely to cure or renegotiate their mortgages. In addition, Demiroglu et

al. (2014) find that judicial foreclosure law is associated with significantly higher like-

lihood of default when home equity is negative. They consider this as evidence of the

judicial law lowering default costs and encouraging strategic default. Similarly, Zhu

and Pace (2015) find that longer foreclosure process significantly increases borrowers’

default using a dataset of privately securitized mortgages. This paper finds results

consistent with those papers and provides a unified framework to study delinquency

and foreclosure together. In addition, I can do counterfactual and welfare analysis on

the impact of foreclosure laws.

Another important issue for mortgages is the decision of refinancing. There are

various reasons for refinancing, such as switching to a lower interest rate, changing

the length of the mortgage, or cashing out some home equity. As refinancing is the

alternative outcome of terminating current mortgage, it indirectly affects household’s

decision on foreclosure. However, the literature has shown that households are not
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refinancing enough. As pointed out by Keys et al. (2016), about 20% of unconstrained

households would have saved for a total present-discounted value of $11,500 if they

refinanced. One of the attempts to reconcile the gap is the study by Chen et al.

(2020). They show that including the liquidity need of the households can explain

the countercyclical pattern of refinancing, as well as the cross-section variation of

households’ balance sheets and consumption. Refinancing is modeled in a simple

manner in this paper, because I do not observe the transition to new mortgages

through refinancing. Mortgages are labeled as prepaid in the data, no matter whether

households pay off the mortgage through refinancing or short sale. However, as a

non-targeted moment, I do show that the model can generate a reasonable average

age of mortgages that are paid off.

A few studies also examine mortgage default and bankruptcy jointly. The two deci-

sions clearly interact as filling for bankruptcy may free up resources for households to

keep their mortgage payments. Li et al. (2011) find that the 2005 bankruptcy reform

caused prime and subprime mortgage default rates to rise by 23% and 14% respec-

tively. Default rates rose even more for homeowners who were particularly negatively

affected by the reform. White and Reid (2013) find bankruptcy filings delay fore-

closures but are not generally effective in curing mortgage defaults. Mitman (2016)

builds a model of housing and default with rich heterogeneity in household balance

sheets and studies bankruptcy and mortgage default together. He finds that Home

Affordable Refinance Program reduced foreclosures, while providing substantial wel-

fare gains to households with high loan-to-value mortgages. While it is important to

consider default and bankruptcy together, this paper focuses on default as the goal

is to understand the transitions among current, delinquency, and foreclosure.

Last, the focus of mortgage types has shifted in the literature. At the early stage of

the aftermath of the crisis, people have been arguing subprime mortgage is the main
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reason of the financial crisis due to relaxing lending standards and securitization.(See

Mian and Sufi (2009) and Mian et al. (2015)) However, recent studies have shown that

during the crisis, both prime and subprime mortgage experienced significant increase.

Albanesi et al. (2017) find that credit growth between 2001 and 2007 was concentrated

in the prime segment. Adelino et al. (2017) show that average LTV at origination did

not increase over the boom period, and increases in homeownership had concentrated

in middle- and upper-income households. So understanding the behaviors of prime

mortgage is important given it is more common in the market. This paper follows the

recent literature and focuses on prime mortgages that are eligible for GSEs’ guarantee.

1.3 Background

In this section, I briefly discuss institutional background for foreclosure process,

foreclosure laws, and GSEs in the United States.

1.3.1 Foreclosure Process

Figure 1.1 presents the three stages a mortgage will experience before its ter-

mination. In most of the time, mortgages stay current as long as homeowners are

making timely payments. A mortgage becomes delinquent if the homeowner misses

one payment. After the first month of missed payment, lenders will usually contact

homeowners to discuss why a payment is missing and try to resolve the problem.

Lenders do not start the foreclosure immediately when a mortgage becomes delin-

quent.

The legal action starts when the homeowner misses payments for the third month.

Lenders will then send a “Notice of Acceleration” letter, stating the amount home-

owner is delinquent and that there are 30 days to bring the mortgage current. If the
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homeowner does not pay the specified amount or make any type of arrangements by

the given date, the lender will begin foreclosure proceedings.

During the foreclosure process, the homeowner can always come up with money

to pay all or some of the missed payments. A partial cure of the mortgage could

temporarily halt the process. However, as long as the mortgage is not fully cured,

lenders will continue with foreclosure following a timeline required by foreclosure

laws.

The timeline of foreclosure varies across states, as will be discussed in the later

section. Any type of foreclosure requires public notices to be issued and all parties

involved to be notified. The process completes when a sale date is scheduled, which

is the actual day of foreclosure. Homeowner will be notified of the date by mail, and

the sale may be advertised publicly.

After the property is sold through an auction, the homeowner has a short period

of time to move out before the sheriff issues an eviction. At some states, households

may enter a redemption period, where they can regain the foreclosed houses.

1.3.2 Foreclosure Laws

Foreclosure laws in the United States can be characterized by three features:

whether a state is judicial or not, whether it allows recourse for deficiency, and whether

it grants households the statutory right of redemption of foreclosed houses. A study

by Ghent (2014), shows that these features can date back to early nineteenth cen-

tury and were determined by case laws without consideration of economic situations.

Therefore, these laws can be treated as exogeneous.

The main feature is whether the process is required to be judicial or not. In

judicial states, the process is handled by the court. Lenders have to sue the delinquent

households in order to start the process. After that, they need to follow several legal
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steps before the house is foreclosed. In non-judicial states, lenders can quickly put

the house on auction through a trustee. Compared with non-judicial process, judicial

process is longer and more costly.

In the following analysis, I use both discrete and continuous measures of judicial

process. The first variable is an indicator variable that takes value one for judicial

states. There are 20 judicial states in the United States. The second variable is a

continuous index, which is an estimate of the number of days it takes to foreclose

on a property solely based on regulations, abstracting from additional operational

days. It is scaled by the longest length of foreclosure process. The continuous length

of process provides variation within each group and is highly correlated with the

indicator variable.

Other two features of the laws are whether households are subject to recourse, and

whether they have the right to redeem the foreclosed houses. In states with recourse

laws, households are responsible for any deficiency when the mortgage debt exceeds

the proceeds from the foreclosure sale. There are eight states that don’t allow lenders

to pursue a deficiency judgment against the household’s other assets. Also, studies

have shown that such action is rarely pursued in states allowing for recourse because

of the high legal costs. If households are granted the redemption right, they can regain

the house within a period ranging between 3 months and a year, as long as they can

pay for the amount of the delinquent payments and the costs of foreclosure. Only

nine states give households the statutory right of redemption.

1.3.3 Government Sponsored Enterprises (GSEs)

Fannie Mae and Freddie Mac are government sponsored enterprises, created by

the Congress in 1938 and 1970, respectively. Both of them are shareholder-owned

corporation organized and existing under the Charter Act. According to the Congress,
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they are considered to “have an affirmative obligation to facilitate the financing of

affordable housing for low- and moderate-income families in a manner consistent

with their overall public purposes, while maintaining a strong financial condition and

a reasonable economic return.”3 While GSEs have responsibility to their shareholders,

they are restricted from maximizing shareholder returns due to requirements from

U.S. government or Congress. For example, they may need to take actions to meet the

housing goals set by Department of Housing and Urban Development (HUD). After

bringing into conservatorship under the government, they are explicitly required to

support the conservator’s goal.

GSEs do not originate loans or lend money directly to households, but are the dom-

inant players in the secondary mortgage market, where they securitized mortgages

originated by lenders into mortgage-backed securities that they guarantee. Their busi-

ness model is guaranty-driven, where their incomes are primarily generated through

guarantee fees.

The relationship between borrowers, lenders, investors, and GSEs in the mort-

gage market can be summarized in Figure 1.2.4 Mortgages are originated by lenders,

and then passed to investors as mortgage-backed securities through GSEs. Along the

securitization process, lenders can collect servicing fees, which has no risk. GSEs earn

guarantee fees, as an exchange, they carry a guaranty of timely payment of prin-

cipal and interest to the investors, whether or not there is sufficient cash flow from

the underlying group of mortgages. The coupon that is paid to investors is known

as “pass-through” rate and is the residual from mortgage rate after deducting the

servicing fee and guarantee fee.
3USC 4501: Congressional findings, Form Title 12 Chapter 46 - Government Sponsored

Enterprises.
4The figure is reproduced based on Fannie Mae’s “Basics of Fannie Mae Single Family

MBS.”
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While GSEs emphasize that the guarantee is solely GSEs’ and is not backed by the

full faith and credit of the U.S. government, investors still believe that GSEs are under

“implicit guarantee” from the government and the guarantee is strong enough to cover

all default risks. Their belief was confirmed in the financial crisis as U.S. government

bailed out the GSEs. Therefore, it is reasonable to assume that GSEs bear most of

the borrowers’ default risks. As a result, we can decompose mortgage rate into two

parts: 1) a risk free return earned by lenders and investors; 2) a guarantee fee earned

by GSEs as a compensation of credit risk. In practice, the fee is priced according to

the characteristics of mortgages, such as loan-to-value ratio or borrower’s credit score.

But it is uniform across geography.

1.4 Empirical Evidence

In this section, I provide evidence that differences in foreclosure laws result in sig-

nificant differences in foreclosure risks. The higher foreclosure risks are driven by both

higher probability of foreclosure and higher loss conditional on foreclosure. However,

mortgage rates for conforming loans are statistically indifferent across judicial and

non-judicial states, after controlling for both loan and borrower characteristics. This

is due to the mortgage guarantee service provided by GSEs.

1.4.1 Data

The data used in the empirical analysis is from Fannie Mae Single-Family Loan

Performance Data. The dataset contains a subset of Fannie Mae’s 30-year and less,

fully amortizing, full documentation, single-family, conventional fixed-rate mort-

gages. It covers 37 million mortgages acquired by Fannie Mae from January 2000 to
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December 2016. All the mortgages are tracked monthly to update their performance

until June 2019.

The dataset has two parts: acquisition data and performance data. Acquisition

data includes static information at the time of a mortgage loan’s origination, such

as origination date, principal balance, loan term, interest rate, LTV, DTI, borrower

credit score, as well as state and zip code. Performance data contains the monthly

performance data of each mortgage up until its current status as of the previous

quarter, or until it has been disposed. Information, such as updated principal balance,

remaining month to maturity, delinquency status, disposition date and disposition

reason, is updated each quarter.

I restrict the sample to be 30-year maturity mortgages, originated for the purpose

of purchase of one-unit property. I further drop mortgages in Alaska and Hawaii,

as well as those with missing data. The restriction left me with about 5.8 million

mortgages.5

1.4.2 Foreclosure Risks

In this subsection, I discuss the impact of foreclosure laws on foreclosure risks.

Foreclosure risks can be analyzed through decomposing it into two components: the

probability of foreclosure and the loss given foreclosure.

The literature has some indirect evidence on the probability of foreclosure. For

example, researches have shown that households in judicial states are more likely

to enter foreclosure, and those in foreclosure are less likely to cure their mortgages,

respectively.6 Combining the two pieces of evidence, the probability of foreclosure is

likely to be higher in judicial states.
5Detailed summary statistics can be found in Appendix.
6See, Gerardi et al. (2013), Cordell and Lambie-Hanson (2016), Demiroglu et al. (2014),

and Zhu and Pace (2015).
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Given the findings in the literature, I will briefly present some supportive evidence

by comparing initial default rate and foreclosure rate. Initial default rate measures the

percentage of mortgages that were more than 90 days delinquency for at least once,

therefore entering foreclosure process. Foreclosure rate measures the percentage of

mortgages that got foreclosed. Both rates are observed as in June 2019, and calculated

for each origination cohort separately. So each dot represents a corresponding rate for

all mortgages originated in the given cohort.

Figure 1.3 shows both rates for non-judicial and judicial states respectively. Blue

lines represent the rates in non-judicial states, while red lines represent the rates in

judicial states. First, not all mortgages entering default will end up being foreclosed.

The gap between initial default and foreclosure rate suggests that a significant amount

of mortgages were able to self-cure and avoid foreclosure. Following the common view

of considering default as final outcome of mortgages, we would miss the important

transition between delinquency and current. Second, foreclosure rate in judicial states

is not lower than that in non-judicial state.7 While this is only suggestive evidence,

because most of the mortgages are far from maturity, it does indicate that the judicial

law is not very successful in preventing foreclosure through extending the foreclosure

process.

While the literature has suggesting that the foreclosure process is time consuming

and requires the use of legal professionals. (See Clauretie and Herzog (1990)). There

has not be many direct tests. Here I take the advantage of data from Fannie Mae,

as it provides detailed information on various costs and losses related to foreclosure.

Those costs include foreclosure legal costs (expenses associated with obtaining title

7When regressing foreclosure rate onto judicial dummy and time fixed effect, the coef-
ficient on judicial dummy is not significant. In the appendix A, I further look at samples
with different household characteristics, such as income and credit score, I find foreclosure
rate is higher in judicial states for low income/low credit score households.
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to property and valuing the property), preservation and repair costs (expenses asso-

ciated with securing and preserving the property), recovery costs (expenses related

to removing occupants and personal property), miscellaneous expenses. In addition

to those costs, the data also reports proceeds from foreclosure sale and mortgage

insurance. I will focus on the foreclosure legal costs, total costs, and total losses for

each foreclosed mortgages. I further link those costs or losses to foreclosure duration,

which is directly affected by foreclosure laws.

As shown in Figure 1.4, there is a significant positive correlation between average

foreclosure cost (as percentage of loan amount) and the continuous index for the

length of foreclosure process. Here I use the length of foreclosure process based on the

law rather than the actual average length of foreclosure in months. It mitigates some

concerns that states may have higher foreclosure costs due to the limited capacity to

handle foreclosure cases.

I also test the hypothesis formally and report the results in Table 1.2. I regress

foreclosure costs, total costs, and total losses on state law characteristics and a con-

trol variable for house price appreciation. The first independent variable is a judicial

dummy, which takes value one for judicial states. The second variable is a contin-

uous index for the length of foreclosure process. The third and fourth variables are

dummies indicating whether a state allows for redemption or recourse. Bankruptcy

exemption specifies how much home equity the household can keep after a Chapter 7

bankruptcy filing. A higher value means households can keep more assets when filing

for bankruptcy. In addition, I include change of housing value between origination

and initial delinquency, calculated based on three digit zip code level house price.

In column (1) and (2), I look at the absolute foreclosure costs (in dollar amount).

In column (3) and (4), I change to foreclosure cost as percentage to loan amount.

In both cases, the cost is significantly higher for judicial states. In column (5) and
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(6), I examine total cost, which includes foreclosure cost, property preservation and

repair cost, asset recovery costs, and miscellaneous holding expenses and credits. The

result shows that total cost, which is positively correlated with foreclosure costs, is

also higher for judicial states. The last two columns show total loss, which is defined

as proceeds from foreclosure, minus foreclosure cost and mortgage debt. It suggests

that higher costs in judicial states are translated into larger losses in those states.

The higher foreclosure costs or losses are driven by the longer duration of fore-

closure process. There are two different measures of duration. The first measure is

the number of delinquent months when a mortgage is foreclosed. When a mortgage is

foreclosed, it may miss 6 payments or 12 payments, depending on when the process

is completed. A second measure is the number of months since a mortgage is beyond

3-month delinquency. The foreclosure process can be paused if the household can

make up fully or partially with the missed payments. Since the probability of being

foreclosed is lower in judicial states, mortgages are more likely to transit between

current and delinquent, therefore the second measure is longer than the first one.

Figure 1.5 plots the state-level average number of delinquent months against the

continuous index of the length of foreclosure process. Non-judicial states tend to

cluster at the lower left corner, suggesting they have shorter durations on average.

In Table 1.1, I regress the two measures of duration on measures of foreclosure.

The independent variables are the same as in Table 1.2. For both measures, durations

are longer in judicial states. This means households in judicial states can miss more

payments and stay in delinquent longer.

There may be some concerns that the results are driven by the fact that mortgages

originated before the crisis are in low quality and more difficult to foreclose. In the

Appendix, I split the sample into two parts based on the origination date of the
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mortgages and do the same analysis. The results continue to hold for the two split

samples.

1.4.3 Mortgage Rates

In this section, I present the evidence that mortgage rates do not differ significantly

across judicial and non-judicial state despite the differences in foreclosure costs. I also

show that the quality of mortgages is also similar using households’ credit score.

Following Hurst et al. (2016), I use the specification below to purge out variations

in mortgage rates that can be attributed to loan and borrower characteristics, and

time fixed effects.

rikt = α0 + α1Xit + α2Dt + α3Dt ·Xit + ηikt,

where rikt is the loan-level mortgage rate for mortgage i, in region k, at period t.

Region here can be at zip code level, MSA level, or state level. Xit includes control

variables for loan and borrower characteristics, such as loan-to-value ratio, debt-to-

income ratio, borrower’s credit score, the number of borrowers, whether the borrower

is a first time home buyer, as well as their quadratic terms of loan-to-value ratio,

debt-to-income ratio, borrower’s credit score. Dt is time dummies at the quarter of

origination. Xit and Dt are fully interacted in the regression.

I then take the residual from the regression and compute regional average mortgage

rate using the following formula:

Rkt =
1

Nkt

Nkt∑
i=1

ηikt.

In Figure 1.6, the average mortgage rate is computed at state level. In contrast

to the relationship in foreclosure duration and cost, there is no significant pattern

between average rate and foreclosure laws, using either judicial dummy or continuous

index of process length.
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Table 1.3 shows the formal test. I compute regional average rate at two levels: three

digit zip code level and state levels. The regional average rates are then regressed

on law characteristics. Standard errors are clustered at MSA level in the first two

columns, and at state level in the last two columns. In all specifications, the coeffi-

cients for judicial dummy and process length are not statistically significant. This is

consistent with the findings in Hurst et al. (2016).

There may be concern that lenders may adopt stricter screen in judicial states,

which is not reflected in the mortgage rate analysis. To mitigate the concern, I do

the same analysis for borrowers’ credit score. As shown in Columns 5 - 8, the quality

of households does not differ significantly across judicial and non-judicial states. In

addition, Dagher and Sun (2016) find that mortgage acceptance rates for conforming

loans, which are eligible for the GSEs’ guarantee, are the same in both types of states.

They show that lenders in judicial states are more likely to reject jumbo loans, which

cannot be guaranteed by the GSEs.

To sum up, foreclosure costs are significantly higher in judicial states due to the

longer duration, while mortgage rates do not exhibit any difference across both types

of states. The underlying reason is the guarantee from GSEs, which covers any credit

risk related to foreclosure.

1.4.4 Probability of Being Foreclosed

Now I turn to an alternative way to characterize the foreclosure process, other

than the judicial dummy and the length of foreclosure process. While the fact that

foreclosure process is faster in non-judicial states is well understood by both lenders

and households, both of them face significant uncertainty over the process. Foreclosure

laws only provide general timeline of the process, the exact time when the process will

be completed is not known for lenders and households. This is due the involvement of
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third-parties, such as the court systems in judicial states and public trustee in non-

judicial states. As a result, there are large variations for actual length of the process

within a state. A natural way to describe the process is to use conditional probability

of being foreclosed.

In Figure 1.7, I present foreclosure probability conditional on the delinquent status

of mortgages, where I pool all the mortgages that are ever delinquent and check their

probability of being foreclosed in the next month. The blue bar is for non-judicial

states, and the red one is for judicial states. I only present delinquency status up to

24 months and the pattern is stable and similar for longer delinquency.8

The difference between judicial and non-judicial states is striking. Conditional on

the same number of delinquency, households in non-judicial states face much higher

probability of being foreclosed than those in judicial states. For example, for those

in 8-month delinquency, the probability of being foreclosed in non-judicial states is

three times higher than that in judicial states. The difference in probabilities is very

persistent and stable even if we look at very large delinquency.

1.5 Model

This section develops a model that features households’ decision on mortgage

payments when facing a foreclosure process. I will focus on the performance of mort-

gages under different foreclosure laws. I also introduce GSEs by modeling their key

guaranty business. Modeling GSEs is interesting for two reasons. First, the guar-

antee service provided by GSEs is a key feature of the U.S. mortgage market, and

its impact on mortgages is interesting by itself. Second, GSEs can be considered as
8The probability is not zero for those with less than or equal to 3 months. This could be

caused by mortgages get foreclosed after some partial payments.
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quasi-government entities, therefore allows me to evaluate benefit or costs of potential

policies through its gain or loss.

1.5.1 Model Framework

The model economy is populated by a measure one of finitely lived households.

Households are different in terms of their income profiles, which can be characterized

by: 1) average income, y; 2) persistence, ρy, and variance, σy, of income shock. The

persistence and variance of income shock can be summarized into a credit score, o,

where high credit score indicates a more persistent and low variance income shock.

Without loss of generosity, I assume there are four types of households based on the

combination of average income and credit score, (yi, oj), where i, j ∈ {L,H}. The

population weight of the type (yi, oj) households is ωij. For simplicity, I will drop the

index i and j when I describe the household’s problem.

There are two types of states: non-judicial states (k = 1) and judicial states

(k = 2), with ω̄ fraction of the population live in non-judicial states.9 The distribution

of households is the same for both types of states. The only difference between judicial

and non-judicial states is the foreclosure law, where the probability of being foreclosed

in lower in judicial states. I will discuss the details later.

Households own houses through mortgages, which is provided by GSEs directly.

This is a simplification from the real world scenario, where mortgages are first origi-

nated by lenders, then packed into mortgage-backed securities by GSEs, and sold to

investors. In the alternative scenario, GSEs charge mortgage rate from households,

keep guarantee fee to themselves, and pay the difference to lenders and investors.

The two scenarios are equivalent as long as GSEs earn the same amount of guar-

antee fee while lenders and investors earn the same difference between mortgage rate
9For simplicity, I assume there is no mobility across states.
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and guarantee fee. However, the latter scenario is easier to model since lenders and

investors can be abstracted from the model.10 In the model, I assume total return

received by lenders and investors is constant and fixed at r. So mortgage rate and

guarantee fee are one to one. GSEs will charge guarantee fee, ζ, (hence mortgage rate

is r + ζ). Potentially guarantee fee can vary across some of the observable borrower

characteristics. I will describe GSEs’ decision in detail later.

From the point view of GSEs, they face a pool of mortgage portfolio after origina-

tion. What matters to the GSEs is the behavior of households, who stay in the pool.

For households who pay off or get foreclosed, they leave the pool and their behaviors

afterwards do not matters to the GSEs. Therefore, I assume all households start as

homeowners. They can become renters if they prepay or get foreclosed on their mort-

gages. Renting is an absorbing state in the model, where households cannot become

homeowners again.

Households with mortgages (homeowners) need to make decisions on mortgage

payments, consumption, and savings on both liquid asset and illiquid housing asset.

Households can be delinquent for several periods before final foreclosure. Being delin-

quent has the advantage of staying in the house and not making mortgage payment.

It provides households a buffer to absorb bad shocks and allows them to preserve

their consumption level before the shocks. But there are costs associated with it. The

first one is disutility of being delinquent, which can be interpreted as a psychological

cost. The second one is the risk of being foreclosed because of foreclosure shocks.
10Even if lenders partially securitize their mortgages, then arbitrage condition will force

them to earn the same return for mortgages they keep.
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1.5.2 Homeowner’s Problem

All homeowners live a finite period of T + 1, where T equals the maturity of

their mortgages. For a homeowner living in state type, k, with average income and

credit score characteristics, (y, o), it will choose a relative housing size, hs, and face

mortgage rate, r+ ζ, where hs and ζ are potentially depends on (k, y, o). The home-

owner’s objective is to maximize discounted expected utility. The expected utility has

two components: discounted sum of period utility before the mortgage matures; dis-

counted one-time utility at the time of maturity. Therefore, the household maximizes

discounted expected utility, U(k, y, o):

U(k, y, o) = maxE0[
T∑
t=1

βt−1u(ct, hs, dt) + βT+1wT (dT , m̃, ñ)].

In the first part, u(ct, hs, dt) is period utility from consumption ct, housing size

hs, and delinquency status dt. The form of period utility function is chosen as:

u(ct, hs, dt) =
(cαt hs

1−α)1−ρ

1− ρ
− 1{dt > 0} · δ,

where α is the share of nonhousing consumption in utility, ρ is the coefficient of

relative risk aversion, and δ is the disutility of being delinquent for any delinquency

status.

In the second part, wT (dT , m̃, ñ) is the one-time utility when the mortgage

matures, where dT is the delinquency status, m̃ is the liquid asset household holds

and ñ is the value of housing asset. One way to interpret this is to assume household

leave “bequest” to itself at the time of mortgage maturity. Following Floetotto et al.

(2016), I assume household derives one-time utility from the amount of “bequest”

left. I will discuss how wT (dT , m̃, ñ) is determined in details later.

At each period, homeowners face four shocks in the following order: First, idiosyn-

cratic persistent income shock, η. The income shock will depend on homeowners’
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characteristics, such as average income and credit score. Following Jeske et al. (2013),

I assume log income is an AR(1) process; Second, idiosyncratic persistent house price

growth shock, ψ. It will affect housing value and matter to households at the time of

liquidation. Similarly, I assume the growth of house price is an AR(1) process; Third,

foreclosure shock, θ(d) (d denotes the delinquent status), for delinquent households.

A household with delinquent status, d, will be hit by the shock with a probability

of θ(d) and forced to liquidate their houses. As described in previous section, the

probability of foreclosure shock will be increasing with delinquency status and dif-

ferent across judicial and non-judicial states. Lastly, moving shock, Λ, for any current

or delinquent homeowners. This is to capture the fact that people have to change

their houses for various of reasons, such as changing job, getting devoiced, or having

new children. After hit by the shock, households with net housing value greater than

the remaining mortgages will be allowed to sell the house and prepay the mortgage.

Otherwise, households will be foreclosed.

Homeowner’s problem can be solved using backward induction. I will first describe

the problem in the last period, then move backwards.

1.5.3 Last Period when Mortgages Mature

The household with a mortgage can be current or delinquent at the time of mort-

gage maturity. If the mortgage is current (dT = 0), the household will keep the house

for sure. If delinquent (dT > 0), the household faces some probability of being fore-

closed and is able to keep the house with the probability of 1−Θ(dT ).

If the household can keep the house, it will keep the liquid asset, mkeep = mT , and

the housing asset, nkeep = nT . If the household is foreclosed, the house is liquidated

and the household receives a fraction of liquidation value of the house, hvT = (1 −

τf )nT − upbT , where upbT is the amount of unpaid balance at the time of maturity.
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As a result, the household owns liquid asset, mliquidate = mT +max(hvT , 0), and zero

housing asset.

Two things need to be mentioned here. First, τf is the cost of terminating mort-

gages through foreclosure, which is set to be proportional to housing value. It captures

the fact that houses are sold at large discount during foreclosure sales. Second, house-

hold will receive money from liquidation if the proceed from sale exceeds unpaid

mortgage balance. Also it is not responsible for any debt if the proceed is not enough

to pay mortgage. This is a reasonable assumption since lenders usually do not pursue

it due to the high legal costs even if it is allowed.

The expected utility at the time of maturity is therefore:

wT (dT , m̃, ñ) = [1− θ(dT )]g(mkeep, nkeep) + θ(dT )g(mliquidate, 0).

The utility function has the following form:

g(m,n) =
m1−ρ

1− ρ
+ κ

n1−ρ

1− ρ
,

where κ is a scale parameter for owning housing asset, n.

1.5.4 Households who Prepay or Foreclose

Households can become renters due to prepayment or being foreclosed. This hap-

pens because of either foreclosure shock or moving shock, or because households find

it optimal to do so.

Renters face income shock and can only accumulate liquid asset, st. The utility

maximization problem becomes a simple consumption-saving problem:

V rent
t (st, 0) = max

ct
u(ct, h, 0) + βEV rent

t+1 (st+1, 0)

st+1 =R(st − ct) + ηt+1,
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where h is set to be a number close to epsilon to indicate renters have zero housing.

V rent is the renter’s value function, and the zero value in the second term of the value

function indicates that renters have zero housing asset.

Renting is the absorbing state for homeowners once have mortgages. As a result,

renter cannot purchase a house and become homeowner again. There are two reasons

for the simplification. First, this assumption is not binding for those choose to pay off

the mortgage early, since it is optimal for them to become a renter. Second, while it

reduces the value for households being foreclosed theoretically, the assumption is not

far from the reality. A foreclosed household will face significant damage in their credit

score, which usually prevent them getting a new mortgage for a period of seven years.

Furthermore, the actual likelihood of getting a mortgage is even lower. According

to a report by Urban Institution, for about 7.1 million households being foreclosure

between 2004 and 2014, only 8% of them obtain a mortgage as of 2015.11 For the

similar reason, Laufer (2018) makes the same assumption.

1.5.5 Current and Delinquent Households

Now I describe homeowners’ problem in details. Households need to make decisions

on mortgage payments, consumption, and savings. Following Druedahl and Jørgensen

(2017), I solve the homeowner’s problem using the endogenous grid method, which

introduces pre-decision and post-decision state variables into a dynamic problem.

Therefore, I further split the timeline of the homeowner within a period into three

stages: pre-decision, intermediate, and post-decision stages. Figure 1.8 shows the gen-

eral timeline. At the pre-decision stage, households will learn about all shocks. The
11Urban Institute, “The Lasting Impact of Foreclosures and Negative Public Records",

December 2016.
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key stage is the intermediate stage, in which households make mortgage payment deci-

sions. At the post-decision stage, households will consume and leave liquid asset and

housing asset for the next period. Households’ state variables after the pre-decision

stage are delinquency status, dit, liquid asset, st, and housing asset, ht. After the

mortgage payment decision, the state variables are denoted as dt, mt, and nt, respec-

tively.

At the pre-decision stage, a household enters period t and learns about income

shock, ηt, and house price shocks, ψt. If the household is delinquent in the last period,

it faces a foreclosure shock and loses the house with probability, θ(dt). For those

who are current or delinquent without being foreclosed, they face moving shocks and

are forced to prepay their mortgages with probability, Λ. After all the shocks, the

delinquency status, dit, is updated as the following:

dit =


foreclosed , if hit by foreclosure shock

prepaid , if not hit by foreclosure shock, but moving shock

dt−1 , if not hit by foreclosure shock or moving shock.

Households hit by either foreclosure or moving shock will liquidate their houses

immediately and receive a fraction of the liquidation value. The household’s liquid

asset, st, and housing asset, ht, are updated as the following:

hvt = (1− τ) · ht−1(1 + ψt)− upbt

st = R(st−1 − ct−1) + ηt + max{hvt, 0}

ht = 0,

where τ corresponds to different costs for foreclosure and prepayment cases.

At the intermediate stage, households who are not hit by foreclosure or moving

shock can chooses a new optimal delinquency status dt after making some payments
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pt. The choice, delinqs, represents all possible delinquent status of {1, 2, ..., D}, where

D is the maximum delinquency. Both current or delinquent households can choose

to prepay at any time. Active prepayment is feasible only if liquidation value of the

house exceeds unpaid mortgage debt. Only delinquent households who are one period

away from maximum delinquency can actively choose to be foreclosed by making zero

payment. After the decisions, the households’s asset holdings are mt and nt.

If the household chooses to prepay or being foreclosed , the house is liquidated

immediately and the household receives remaining value after paying mortgage debt.

In both cases, the household starts renting in the next period. Delinquency and savings

are updated as:

dt = prepaid (foreclosed)

pt = 0

mt = st + max{(1− τ) · ht(1 + ψt)− upbt, 0}

nt = 0.

If dt ∈ {current, delinqs}, delinquency and savings are updated as the following:

dt = dit + 1− pt

pt ∈ {0, 1, ..., dit + 1}

mt = st − χ · pt ∈ [0, st]

nt = ht.

Note that households cannot borrow to make mortgage payments, if they don’t have

enough liquid asset. Also, only discrete numbers of payments are allowed.
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The Bellman equation for the households can be formulated as the following:

Vt(dit, st, ht, εt) = max
dt∈D(dit)

υt(dt,mt, nt) + σεε(dt)

s.t. if dit ∈ current, D(dit) = {prepaid, current, delinqs}

if dit ∈ delinqs, D(dit) = {prepaid, current, delinqs, foreclosed},

where υt(dt,mt, nt) is choice-specific value function for households choosing new delin-

quency status, dt.

In addition to the choice-specific value function, households also face a taste shock,

ε(dt), which follows is an i.i.d. extreme value type I taste shock across the discrete

choices. σε is proportional to the variance of the taste shocks. Given the extreme value

distributed error term, expected value function has a close form expression:

EVt(dit, st, ht) =

∫
ε

Vt(dit, st, ht, εt)H(dε)

= σεlog
( ∑
dt∈D(dit)

exp
(υt(dt,mt, nt)

σε

))
.

At the post-decision stage, the household will decide how much to consumption

and how much to save for future liquid assets. The choice-specific value function is

then determined by the period utility based on consumption and delinquency status,

and the expected future values.

If the household chooses to be current, it faces two possible outcomes in the next

period. First, it may be hit by a moving shock, therefore has to prepay the mortgage

with probability, Λ. Second, if the household is lucky to avoid the moving shock, it

29



then can make choices as a current homeowner.

υcurrentt (dt,mt, nt) = max u(ct, hs, dt) + ΛβEV rent
t+1 (sprepayt+1 , 0)

+ [1− Λ]βEV current
t+1 (dit+1, s

current
t+1 , hcurrentt+1 )

s.t.

dt = 0

ct > 0 , ct ∈ (0,mt]

if hit by moving shock :

hvprepayt+1 = (1− τprepay) · nt(1 + ψt+1)− upbt+1

sprepayt+1 = R(mt − ct) + ηt+1 + max{hvprepayt+1 , 0}

if not hit by shocks :

dit+1 = dt

scurrentt+1 = R(mt − ct) + ηt+1

hcurrentt+1 = nt(1 + ψt+1)

If the household chooses to be delinquent (dt ∈ {1, 2, ...D}), it faces three possible

outcomes in the next period. First, as a delinquent household, it may face a foreclosure

shock and be foreclosed with probability, θ(dt). Second, it may face a moving shock

rather than the foreclosure shock, and have to prepay the mortgage with probability,

Λ. Lastly, if the household is lucky to avoid both foreclosure and moving shocks, it
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can make decisions as a delinquent household.

υdelinqst (dt,mt, nt) = max u(ct, hs, dt) + θ(dt)βEV
rent
t+1 (sforeclosedt+1 , 0)

+ [1− θ(dt)]ΛβEV rent
t+1 (sprepayt+1 , 0)

+ [1− θ(dt)][1− Λ]βEV delinqs
t+1 (dit+1, s

delinqs
t+1 , hdelinqst+1 )

s.t.

dt ∈ {1, 2, ...D}

ct > 0 , ct ∈ (0,mt]

if hit by foreclosure shock :

hvforeclosedt+1 = (1− τforeclosed) · nt(1 + ψt+1)− upbt+1

sforeclosedt+1 = R(mt − ct) + ηt+1 + max{hvforeclosedt+1 , 0}

if hit by moving shock :

hvprepayt+1 = (1− τprepay) · nt(1 + ψt+1)− upbt+1

sprepayt+1 = R(mt − ct) + ηt+1 + max{hvprepayt+1 , 0}

if not hit by shocks :

dit+1 = dt

sdelinqst+1 = R(mt − ct) + ηt+1

hdelinqst+1 = nt(1 + ψt+1)

The delinquent household’s problem highlights the importance of mortgage delin-

quent status, which enters both period utility function and future value functions.

Because foreclosure shocks in future value functions vary with delinquent status, the

household’s decision will be greatly shaped by foreclosure laws. The judicial law is

associated with lower probabilities of foreclosure shock at any delinquent status, it

potentially increases future values when the household chooses to be delinquent. As a
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result, the household may be more likely to choose delinquent over current, especially

when hit by bad shocks.

1.5.6 GSEs’ Problem

In this paper, I focus on the GSES’ main business activity, where they earn guar-

antee fee through providing guarantee service on mortgages. Because they operate

under the Charter Act and have to meet certain goals set by the government or

Congress, such as promoting affordable housing to low- and moderate- income house-

holds, I assume their goal is a balanced budget, rather than profit maximization.

As I discussed earlier, mortgage rate that households face has two component: a

basic return, r, earned by banks and investors, and guarantee fee, ζ, earned by GSEs.

The GSEs’ problem is, therefore, to set the guarantee fee.

GSEs can observe all borrower characteristics, such as income, credit score, and

location. Theoretically, they can charge different guarantee fees conditional on all of

observable characteristics. Some theoretical models in the literature adopt a pricing

rule, where financial institutions can set interest rate on a loan-by-loan basis for

unsecured debt as in Chatterjee et al. (2007), and for mortgages as in Jeske et al.

(2013) and Mitman (2016). However, the loan-by-loan pricing rule may not be feasible

to the GSEs. A key restriction for the GSEs is they cannot charge households in

different states with different fees.

Therefore, I assume GSEs only price the guarantee fee based on some of the

observable characteristic and treat mortgages with certain characteristics as a pool

of portfolio. For a given pool of mortgages, GSEs can earn zero return beyond an

administration cost.
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To mimic the actual GSEs’ pricing rule, I exclude income from their pricing func-

tion.12 The only two observable characteristics left are credit score (o) and location

(k), where k = 1 indicates non-judicial states and k = 2 indicates judicial states. A

fully differential fee policy is ζkj, where k ∈ {1, 2} and j ∈ {L,H}. Under the cur-

rent uniform fee policy, ζkj is restricted in the sense that it cannot vary cross states.

Therefore, ζ1j = ζ2j for all j ∈ {L,H}.

For any mortgage in the pool, the gross return for a mortgage terminated at period

T ′ is

mrt(ζ) =

T ′−dT ′∑
t=1

1

(1 + r + ζ)t−1

r + ζ

1− (1 + r + ζ)−T

+ 1{prepaid} · 1

(1 + r + ζ)T ′−1

upbT ′

M

+ 1{foreclosed} · 1

(1 + r + ζ)T ′−1

min{upbT ′ + hvT ′ , upbT ′}
M

.

The first term is the sum of discounted value of monthly payments up to period T ′,

adjusted by the number of delinquent months dT ′ . The second term is the discounted

value of remaining mortgage payment when prepayment occurs. The third term is the

discounted value of payment when foreclosed. Note that hvT ′ can be negative, which

indicates that GSEs will receive less than remaining mortgage payment. The GSEs’

loss comes from two channels: first, foreclosed households can miss several payments

when they are foreclosed; second, even for the same amount of payments, receiving

them later means lower present value for the GSEs.

Expected return under the differential fee policy is

πk =
∑
j=L,H

ωkjE[mrt(ζkj)]− r − rc, where k ∈ {1, 2}.

12Fannie Mae only include credit score and LTV ratio in its basic Loan-Level Pricing
Adjustment (LLPA) Matrix for eligible mortgages.
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Expected return under the uniform fee policy is

π =
2∑

k=1

∑
j=L,H

ωkjE[mrt(ζkj)]− r − rc.

1.5.7 Equilibrium

Conditional on the distribution of households’ average income and credit score,

Ξ(y, o), the probability of foreclosure shocks at different delinquency status, Θ, the

moving shock, Λ, and the income and house price shocks (η, φ):

1) Given mortgage rates, r+ζ , each type of households makes optimal decisions for

mortgage payment, {pt}Tt=1, consumption, {ct}Tt=1, liquid asset, {mt}Tt=1, and housing

asset, {nt}Tt=1.

2) GSEs earn zero return on mortgages beyond an administration cost, given

households’ payment decision.

1.6 Calibration and Estimation

1.6.1 Core Sample

Computing a model with full distribution of all household types is costly. There-

fore, I further restrict the sample to reduce computational burden, while still capturing

households with distinct characteristics.

First, I restrict the mortgages to have loan-to-value ration between 75 and 80,

which is the most common choice in the U.S. mortgage market. While LTV ratio

ranges from 1 to 97 in the full sample, 38% of them are in the range of 75-80.

Second, I divide households into four income quartiles and only keep those in the

top and bottom quartiles. This highlights the fact that GSEs are facing a pool of

mortgages from both low-income and high-income households.
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Third, in the actual GSEs’ fee structure, households are split into 8 groups based

on their credit scores (330-619, 620-639, 640-659, 660-679, 680-699, 700-719, 720-739,

740-900). I combine the first three groups (330-619, 620-639, 640-659) and treat them

as one group because they are charged for the same fee. I then keep two groups with

highest risk (330-659) and lowest risk (740-900).

The second and third restrictions reduce the size of the core sample to 759,781,

13% of the full sample. Within the sample, about 41% of mortgages are originated in

judicial states.

In the core sample, households are characterized as low income/low credit score,

low income/high credit score, high income/low credit score, and high income/high

credit score. Their population share is 6.98%, 31.67%, 3.89%, 57.46%, respectively.

So I apply the population share to both judicial states and non-judicial states and

focus my model to the difference in foreclosure laws, instead of population structure.

Again for computational reasons, I set the maximum delinquency at 9. While

this is a relative small threshold, it captures about 98.9% and 98.1% of delinquency-

month observations in judicial and non-judicial states, respectively. Only about 1.2%

and 2.1% mortgages are truncated, respectively. With this reasonable number, I am

able to capture the difference in average foreclosure duration between judicial and

non-judicial states, while keeping the computation burden small.

1.6.2 Data Moments

In the model, I focus on a set of short-term foreclosure and current rates. To

be comparable with the empirical literature, where people tend to study mortgage

performance after two years, I use mortgage outcomes between 25th and 36th months.

Another reason of using short-term rates is that the final outcomes are not available

for many mortgages since they have not reached the maturity. In order to have stable
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moments, I use the average rates over a 12 month period. Totally there are 16 moments

for 8 types of households.

Figure 1.9a presents the short-term foreclosure rate. It shows that households with

low credit score are more likely to be foreclosed than those with high credit score. Also

given the same credit score, high income households tend to have fewer foreclosure

than low income households. While there is no significant difference between non-

judicial and judicial states for households with high credit score, the gap is very

significant for low credit score households.

Figure 1.9b shows that in short term, households with high credit score are more

likely to stay current than those with low credit score. One surprising result is that

conditional on the credit score, the fraction of mortgages still being current is lower

for high income households.

Combining with the fact that foreclosure is lower, households with high income are

more likely to prepay their mortgages than those with low income. This prepayment

risk is also important for GSEs, as it means GSEs will earn a much lower return than

the contracted rate.

1.6.3 Simulated Methods of Moments Estimation

The model is estimated using simulated methods of moments. For the remaining

parameters discussed in the previous subsection, Γ = (β, ρ, τd, y
L, yH ,ΛL,ΛH ,∆1,∆2),

I estimate them by minimizing the following objective function

Γ̂ = argmin (M −m(Γ,Γ0))′W (M −m(Γ,Γ0)),

where M are the selected moments for the data, m(Γ,Γ0) is the moments from a

simulated solution of the model, W is a weighting matrix.
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For each type of households, I first solve the optimal policy functions for mortgage

payment and consumption and simulate a sample of 100,000 households. Then I

compute the selected moments for the simulated sample.

The weighting matrix, W = diag(M)−1S diag(M)−1, is scaled by the empirical

moments as a normalization and adjusted by another diagonal matrix giving spe-

cial weights to some moments. The special matrix diagonal S has 1 for each of the

moments, except that: the weight for foreclosure rates of low income/low credit score

households is set to be 5, and the weight for high income/high credit score households

is 0.1. This usage of adjusted weighting matrix, rather than a matrix based on esti-

mated variance-covariance matrix of moments, can be found in Chen et al. (2020). In

this way, I can make sure the key moments of interest, foreclosure rates, are matched

well.

1.6.4 Calibrated Parameters

All calibrated parameters are summarized in Table 1.4. Total model periods are

360 months, which corresponds to the maturity of 30-year mortgage. As mentioned in

previous section, loan-to-value ratio is set to be 0.8. The monthly risk free rate is set

to be 0.003 to match the average 1-year Treasury bill rate before the financial crisis.

For the house price process, I use monthly US house price from the FHFA. The

parameter is set to be the same for judicial and non-judicial states. This is inspired by

the fact that the average house price movements for both types of states, calculated

based on quarterly level three digit zip code house prices, are very similar. I estimate

the AR(1) process for monthly growth rate of house price. The mean growth rate,

µψ, is 0.0029, and estimated persistence, ρψ, is 0.708, and variance, σψ, is 0.005.

I choose the substitution between consumption and housing parameter, α, to be

0.859, following Jeske et al. (2013), which matches the share of housing in total
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consumption expenditures. The scale parameter for extra utility of paying off the

mortgage, κ, is set to be 0.139, from Floetotto et al. (2016).

The cost of paying off mortgage early involves a fixed proportional cost, τp, of 2

percent of the housing value, following Hurst and Stafford (2004) and Berger et al.

(2018). Both of them study mortgage refinancing and refer the 2 percent as the cost

of closing mortgage.

Since households’ income process is not available in the data, I set the related

parameters following Storesletten et al. (2004). Their study provide an estimation of

the persistence and variance of income shock. While they do not distinguish house-

holds with different credit scores, I assign their values to households with high credit

score, as those households account for about 90 percent of the sample. Because the

model period is month, their number implies a persistence, ρHy , of 0.9 and variance,

σHy , of 0.002 for monthly income shock. As to households with low credit score, I set

the persistence, ρLy , to be 0.95 and variance, σLy , to be 0.003, which reflects the fact

that low credit score households’ income is less stable.

I set the mortgage administration cost of GSEs as 10 basis points, following Jeske

et al. (2013). It corresponds to an annual cost of $1000 for servicing a $1 million mort-

gage. The number is close to an estimate by Urban Institute, where the administration

cost is about 7 basis points.13

The GSEs guarantee fee is only a function of loan-to-value ratio and credit score,

and do not change with households’ income and location. GSEs charge 3.25% for low

credit score households, and 0.5% for high credit score households.

As shown in the empirical section, mortgage rates do not differ across non-judicial

and judicial states, as long as household characteristics are taken into consideration.

Therefore, I use the average mortgage rate for each type of households regardless of
13Urban Institute, “A More Promising Road to GSE Reform", March 2016.

38



their locations. Also since there is no evidence that the distribution of households is

different across the two types of states, I set the same weight of households types for

both states. Overall, the market share of non-judicial states is 58.76 %, which reflects

the fact that the number of non-judicial states is slightly bigger than the number of

judicial states.

While housing size is an endogenous choice of households based on many consid-

erations, I simplify the problem by assuming it is a function of observable household

characteristics, such as income type and credit score. Therefore, I calibrate the values

to the average size for each type of households in the sample.

Lastly, I calibrate the foreclosure shocks in judicial and non-judicial states using

the truncated sample. The patterns are similar to those in Figure 1.7, although with

very high probabilities when delinquency equal 9.

1.6.5 Parameters to Be Estimated

There are four sets of parameters to be jointly estimated from the model, show in

Table 1.5. The first set is discount factor and coefficient of relative risk aversion. The

estimated β is 0.92 and ρ is 2.553. Both numbers are in line with the literature. The

second set is the sale discount for houses when foreclosure occurs. It reflects the fact

that lenders usually set lower prices in order to sell the house faster. The sale discount

is estimated to be 8.2 percent, lower than the usual estimates in the literature. For

example, Pennington-Cross (2006) compares liquidation sales revenue from foreclosed

houses with market prices constructed via the OFHEO repeat sale index, and finds a

discount of 22 percent. Using data on real estate listings, Anenberg and Kung (2014)

find foreclosure discount is about 16 percent.

The third set is average income and moving shock for both low and high income

households. Since I do not observe the full stream of households’ income after mort-
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gage origination, I leave them in a joint estimation. The moving shock summarizes a

bunch of forces that cause households to change their houses due to events, such as

changes in jobs or family number. A natural restriction on the parameters would be

high income households are more likely to change their houses because their economic

conditions allow them to be more flexible.

The fourth set is the disutility of being delinquent, which reflects how much house-

holds suffer when their mortgages are delinquent. It can be either psychological or

economical. For example, people will be stressed as they will be contacted by lenders

and asked questions about their economic conditions. Also mortgage delinquency may

raise a flag in their credit record and lead to lower consumption due to higher interest

rate or less access to credit. The estimated values are in line with intuitions. The

disutility is larger for low income households than high income households, because

low income households usually have less resources to deal with delinquency. Also, the

disutility is larger for households in non-judicial states than those in judicial states,

as they face more rapid foreclosure process and are likely to lose their houses faster.

1.6.6 Estimation Results

The data and model moments for short-term current and foreclosure rates are

summarized in the Table 1.6. The matching between estimated moments and data

moments is very good.

Figure 1.10a and Figure 1.10b present the moments from the model estimation

(For comparison, data moments are represented by black diamonds). First, within

each type of income group, foreclosure rates for low credit score households are higher

than those for high credit score households. Second, high income households are less

likely to stay current than low income households. Third, foreclosure rates in judicial
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states are higher than those in non-judicial states for low credit score households,

while very similar for high credit score households.

There are two cases where the matching is not very good. First, the current rate

is slight higher for high income/low credit score households. Second, the model over-

estimates the foreclosure rate for low income/high credit score households. But the

overestimation does not reverse the pattern that foreclosure rate for low income/high

credit score households is lower than that for high income/low credit score households.

In addition to the short-term current and foreclosure rates, I also report the final

outcomes at the time of mortgage maturity in Table 1.7. In the end, a mortgaged is

either paid off or foreclosed. In all cases, the foreclosure rate in judicial states is higher

than that in non-judicial states. Also households keep their mortgages longer in judi-

cial states, both for paid-off mortgages and foreclosed mortgages. Average duration of

foreclosure process is longer in judicial states, which is consistent with the empirical

evidence in Section 4.

As a robustness check, I also look at the average age from model estimation, which

is not targeted in the estimation, and compare them to those from data. I pool judicial

and non-judicial states together and compute the population weighted average age

for each type of households. Figure 1.11a and Figure 1.11b report the average age for

foreclosed and paid-off mortgages separately. In both figure, blue bars represent the

data and red bars represent the model. The average age for foreclosed mortgages is

55.3 months from the model and 55.6 months from the data. For paid-off mortgages,

the average age is 42.6 months from the model and 41.8 months from the data. My

model is able to capture the fact that mortgages tend to be terminated very early

(within about 5 years), although the maturity is 30 years.

Given the estimated model, I compute the returns of mortgages for each type of

households. Table 1.8 shows both individual return and aggregated return for the
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GSEs. For comparison, column 3 reports the mortgage rate and column 4 reports the

actual return that GSEs earn.

The first thing to notice is that because of the foreclosure and prepayment risks,

actual return is lower than contracted mortgage rate. Second, both higher foreclosure

rate and longer duration attribute to lower return in judicial states. For each type of

households, those in judicial states impose larger loss than those in non-judicial states.

When charged with the same fee of 3.25%, low income/low credit score households

in non-judicial states impose a loss of -0.529%, while the same type of households in

judicial states impose a loss of -1.172%, which means the gap in risk is about 19% of

the fee charged. As to the high income/high credit score households, the differences

in their risks is only about 1.3% of the fee charged.

When aggregating at state-type level, GSEs are earning a positive return (3.2

basis points) in non-judicial states and a negative return (3.68 basis points) in judicial

states. It is not surprising given that GSEs can only charge a uniform price across

states with different levels of risks. This implies that households in non-judicial states

are subsidizing households in judicial states. Because the market share of non-judicial

states is slightly higher than 50%, the magnitude of positive return is smaller than

that of negative return.

1.6.7 Simulation Analysis

In this subsection, I examine the mechanism through which foreclosure laws can

affect households’ decisions during adverse income shock. I take the low income/low

credit score household type and simulate their outcomes with the same specific income

shock, while feeding them different probability of being foreclosed. In the simulation,

all households live with a normal income and house price shock for 24 months. Then
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a negative income shock hits for 12 months while the normal house price shock con-

tinues. After that income shock resumes to normal situation for the rest of periods. I

simulate with a sample of 100,000 and collect all foreclosed households, and compute

the average start and completion month.

Figure 1.12 presents the average start and completion month for one simulation.

Blue and red line represent non-judicial and judicial states, respectively. The two

dashed line indicate the start and end of the income shock. Given the shock, house-

holds in judicial states enter delinquency much earlier, almost immediately when they

are hit by the shock. On average, it takes a longer time for those households to reach

the completion of foreclosure.

Table 1.9 shows the summary statistics for foreclosed households. Because of the

early delinquency, households in judicial state make fewer number of payments at the

time of delinquent. The average foreclosure duration is 13.8 months in judicial states,

compared to 5.8 months in non-judicial states.

Households in judicial states are more likely to make payment when in delinquent.

They can make one payment to stay at the same delinquency, or make more than

one payment to reduce the delinquency. On average, they make about 7.3 payments,

which is much larger than those in non-judicial states. Also there are about 6% of

payments involved with extra payments. Therefore, when they are foreclosed, the

number of payments made increases dramatically, compared to almost no changes in

non-judicial states.

But the absolute number of payments when foreclosed is still lower in judicial

states, therefore they have larger percentage of unpaid balance and lower net housing

assets when foreclosed. While households in judicial states enjoy a longer period of

free housing during foreclosure, they actually exit with a worse situation in terms of

housing asset they take away.
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1.6.8 Immediate Foreclosure

In this subsection, I examine an extreme type of foreclosure process, which is

immediate foreclosure as long as a mortgage is delinquent. This is a common assump-

tion used in many theoretical models on mortgages, as in Campbell and Cocco (2003),

Corbae and Quintin (2015), or Hatchondo et al. (2015). In those models, there are

only two stages in the life of a mortgage: current or foreclosed. Households will lose

their houses as long as they miss one payment. The immediate foreclosure is equiva-

lent to a foreclosure process, where the probability of being foreclosed is one for any

delinquency status. By shutting down the whole foreclosure process, households are

left with a simple decision whether to get foreclosed.

Instead of going through several months before being foreclosed, the household

will transition from current to foreclosure between two periods. At period t, the

household can choose to make zero payment and becomes delinquent. At period t+1,

the delinquent household will be foreclosed with probability 1.

To highlight the impact of the change in foreclosure process, I make a few assump-

tions regarding the other parameters. First, I assume the disutility from being delin-

quent is the same, even though the foreclosure process only lasts for one period under

immediate foreclosure. It is not clear how the disutility will change. A faster fore-

closure process could lead to higher disutility because the household is facing higher

distress. It is also possible that the disutility will go to zero since the process results

in foreclosure for sure. Without any appropriate prior on the parameters, I use the

same parameters estimated from the model.

Second, I assume GSEs will not adjust the guarantee fee to keep a balanced budget.

With no changes in the fee, mortgage rate will stay the same. As a result, any gain
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or loss by the GSEs will be due to the change in households behaviors under the

alternative process.

Third, I solve the model under the assumption that both income and house price

shocks are the same as before. While the dramatic change in foreclosure process may

have general equilibrium effect on the demand of housing from households or the

supply of credit from lenders, they are beyond the focus of the paper.

Figure 1.13 presents the short-term foreclosure under the alternative process. The

short-term foreclosure rate actually decreases dramatically, although it is easier to

foreclose on mortgages. The result is not surprising, since it is really costly for house-

holds to lose their houses. Therefore households will try their best to avoid foreclosure.

Table 1.10 shows final outcomes under immediate foreclosure and compares with

benchmark foreclosure. Similar to the short-term foreclosure rates, final foreclosure

rates under immediate foreclosure (Column 3) are lower than those under benchmark

foreclosure (Column 5), except for those high income/high credit score households. 14

The pattern shows the trade-off of longer foreclosure duration. On the one hand, it

increases households’ ability to absorb bad shocks and avoid foreclosure. On the other

hand, it reduces the costs of foreclosure and decreases their incentives to pay. Under

immediate foreclosure, households face no influence from the foreclosure process. The

high foreclosure rates under benchmark foreclosure indicate that the disincentive effect

dominates.

In addition, the average age of foreclosed mortgages under immediate foreclosure

(Column 4) is larger than those under benchmark foreclosure (Column 6). Also the

average age of mortgages being initially delinquent is smaller under benchmark fore-

closure. Households are facing the highest cost of being delinquent and trying to
14Note that the outcomes under immediate foreclosure are slightly different across non-

judicial and judicial states. This is driven by the different parameter values on disutility of
being delinquent.
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postpone foreclosure as much as possible under immediate foreclosure. As the cost of

being delinquent decreases due to free housing, households are more likely to enter

delinquency under benchmark foreclosure.

The impact of immediate foreclosure on household welfare and GSEs profit is

summarized in Table 1.11. Column 3 reports the necessary change in consumption

equivalent compared to benchmark foreclosure. While foreclosure rates are low under

immediate foreclosure, households are worse off because they are taken away the pos-

sibility of absorbing bad shocks during foreclosure process . All households will suffer

a loss, though the impact on high income/high credit score households is negligible.

The loss ranges from -0.094% to -0.750% in consumption equivalent welfare. Given

that households in judicial states are facing a more generous foreclosure law under

the benchmark, their losses are generally higher than those in non-judicial states.

Comparing to zero return rate under benchmark foreclosure, GSEs earn a slightly

positive return under immediate foreclosure. However, the overall effect is not clear,

because GSEs are better off at the cost of households. For comparison, I calculate the

potential adjustment in GSE fee that could generate the same consumption equivalent

welfare for households. For example, a low income/low credit score household under

immediate foreclosure would need to receive a reduction of 6.53 basis points in fee to

be indifferent with the two different processes. Under immediate foreclosure, GSEs

need to lower households’ mortgage rates by 2.56 basis points in order to make them

indifferent, while itself incurs a positive return of 1.72 basis points. As a result, total

social welfare is lower compared to benchmark foreclosure.
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1.7 Counterfactual Experiment with GSE Fees

With the model, I can evaluate an alternative GSE pricing policy of guarantee

fee, where they can charge different fees for different types of states. Whether to

allow GSEs to charge different fees for judicial and non-judicial states has created hot

debates around the reform of GSEs. Due to political reasons, GSEs has practiced a

uniform pricing policy and tried to avoid any spatial-related discrimination. However,

the restriction on GSEs is costly to them. For example, GSEs experienced significant

default-related losses in states with longer foreclosure duration. On December 9, 2013,

the regulator of GSES, Federal Housing Finance Agency (FHFA), announced that

four states (Connecticut, Florida, New Jersey, and New York), which are states with

higher risks due to foreclosure laws, would face 25 basis point higher guarantee fee.

However, on January 8, 2014, Director of FHFA suspended the implementation of

these changes pending further review.

In this section I try to answer some more general questions: What happens if GSEs

can charge different fees for different types of states? What is the redistribution effect

from the current system?

While there are many ways to change the guarantee fee, one simple way is to

consider the same amount of changes for all types of households within a given type

of states. Instead of allowing GSEs to earn zero return in a national market with

both non-judicial and judicial states, GSEs can earn zero return in each type of states

respectively. As a result, GSEs can change a lower fee in non-judicial states and a

higher fee in judicial states. Because the fee is a part of mortgage rate, changing the

fee implies mortgage rate will be changed to the same extent. Under the new policy,

lenders will earn the same return as before because the difference between mortgage

rate and GSE fees stays the same.
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The model suggest that GSEs can achieve zero return in each type of states

with a 4.2 basis points higher fee in judicial states and 3.1 basis points lower fee

in non-judicial states. On average, an individual household in judicial states would

pay extra $1648, while a household in non-judicial states would save $1318. Changing

the mortgage rate by a few basis points means a significant amount of money once

we consider the total volume of mortgages guaranteed by GSEs. Between 2000 and

2016, Fannie Mae purchased $2.5 trillions of mortgages in judicial states and $4.4

trillions in non-judicial states and the average mortgage rate is 5.102%. The increase

in mortgage rate means households in judicial states would have to pay additional

$23 billion for interest payments. Similarly, households in non-judicial states would

save $30.2 billion. The number is comparable to the estimation in Hurst et al. 2016,

where the net transfer for an average household moving from locations with positive

employment shock to those with negative employment shock is about $815. Their

number is smaller because they are evaluated at Metropolitan Statistical Area (MSA),

which are smaller than states.

One thing to notice is that the necessary changes in guarantee fee is higher than

GSEs’ actual loss in judicial states and lower than the gain in non-judicial states.

This is because of the equilibrium effect. Table 1.12 reports final outcomes under

differential guarantee fee. Column 3 and 4 report the foreclosure rate and relative

change compared to the benchmark model. Figure 1.14 presents the changes in final

foreclosure rate relative to the benchmark model. Three types of households in non-

judicial states saw a big decrease in foreclosure rate, while two types of households

in judicial states increase their foreclosure. Foreclosure rate increases by 4.9% and

3.5% for low income/low credit score and high income/low credit score households in

judicial states. Correspondingly, the rate reduce the rate by 3.7% and 2.0% for the

same type of households in non-judicial states. In addition, low income/high credit
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score households incur a 7.7% decrease in foreclosure rate. As a result, the differences

in foreclosure rates across non-judicial and judicial states get larger.

In addition to changes in foreclosure rates, households also respond by changing

foreclosure durations. Except for the high income/high credit score households, house-

holds in non-judicial states also reduce their durations in the foreclosure process, while

those in judicial states extend their durations. The increases in both foreclosure rate

and duration for low credit score households lead to a higher loss for GSEs, which

requires larger increase in guarantee fee in order to reverse the negative return in

judicial states.

While small changes in fees, it generates some nontrivial gain to households in

non-judicial states and loss to those in judicial states. More importantly, most of the

changes in welfare fall on low income households. With low income households in

non-judicial states gain about 0.142% in consumption equivalent welfare, while those

in judicial states lose about 0.178%. The impact on welfare is of the same magnitude

of bankruptcy reform discussed by Mitman (2016), where the average household is

willing to pay 0.12% of lifetime consumption to implement the reform. Similarly,

Guren et al. (2021) estimate an improvement of welfare of 0.12% when the major

mortgage type switches from FRM to ARM. Comparing with those estimates, the

welfare impact of the alternative differential fee policy is not trivial.

Furthermore, adjusted by population weight, the changes in overall welfare is

about 0.005% higher, suggesting that there will not be deadweight loss in eliminating

the cross-subsidy between non-judicial and judicial states.

49



1.8 Conclusion

This paper studies the impact of different foreclosure laws on mortgage foreclo-

sure. In the United States, nearly half of the states adopt the judicial process, which

is usually associated with longer, more uncertain and costlier foreclosure process.

While judicial foreclosure is usually associated with higher foreclosure risks, GSEs

in the residential mortgage market create a disconnection between foreclosure risk

and mortgage rate through a uniformly priced guarantee service. This implies GSEs

impose a cross-subsidization from non-judicial to judicial states.

I build a structural model of households’ mortgage payment decisions with explicit

foreclosure process. In the model, I explore the trade-off of extending foreclosure pro-

cess: increasing households’ ability to absorb bad shocks versus reducing their incen-

tives to pay mortgages. The model shows that the judicial law leads to both higher

foreclosure rate and longer foreclosure duration, although it improves households’

welfare. Under the uniform guarantee fee, GSEs incur a negative return in judicial

states and a positive return in non-judicial states.

Using the model, I study a counterfactual experiment, where GSEs adopt a new

pricing policy that reflects the difference in foreclosure costs and is neutral to its

budget. The experiment reveals that eliminating the cross-subsidization implies that

average household would pay extra $1648 in judicial states and save $1318 in non-

judicial states for interest payment. The new policy also significantly widens the gap

of foreclosure rate between judicial and non-judicial states, as households in judicial

(non-judicial) states increase (decrease) their foreclosure rates. In addition, households

also respond to the new policy through changing their foreclosure durations. Most of

the changes in welfare fall on low income households, with households in non-judicial
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states gain in welfare of 0.142% in consumption equivalence unit and those in judicial

states lose about 0.178% in consumption equivalence unit.

There are several ways to expand the model for further research. First, mortgage

refinancing decision is not explicitly modeled in the paper. Homeowners can pay

off their mortgages early, but do not necessarily get new mortgages. It would be

interesting to investigate how refinanced households would behave if they are in the

foreclosure process. Also, this paper is built on a partial equilibrium model, which

potentially ignores some general equilibrium effects. For example, a new GSEs pricing

policy may change households’ demand for housing or affecting the recovery of local

economy from recession, as pointed out by Mian et al. (2015) and Guren and McQuade

(2020). Exploring some of the general equilibrium effects of the foreclosure laws will

be interesting topics for future research.
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Figure 1.1: Three Stages in the Life of a Mortgage.

Figure 1.2: Structure of Mortgage Market.
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Figure 1.3: Initial Default Rate and Foreclosure Rate.

Figure 1.4: Average Cost of Foreclosure.
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Figure 1.5: Average Number of Delinquent Months.

Figure 1.6: Average Adjusted Mortgage Rate.
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Figure 1.7: Conditional Probability of Being Foreclosed.

Figure 1.8: Timeline of Homeowner’s Action.
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(a) Foreclosure Rate.

(b) Current Rate.

Figure 1.9: Data Moments.
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(a) Foreclosure Rate.

(b) Current Rate.

Figure 1.10: Model and Data Moments.

57



(a) Foreclosed Mortgages.

(b) Paid-off Mortgages.

Figure 1.11: Average Age of Mortgages: Model and Data.
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Figure 1.12: Average Delinquency for Foreclosed Mortgages.

Figure 1.13: Foreclosure Rate: Under Immediate Foreclosure.
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Figure 1.14: Change in Final Foreclosure Rate: Under Differential Fees.
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Table 1.1: Foreclosure Duration

(1) (2) (3) (4)
No. of delinquent months No. of months since delinquent

Judicial dummy 5.904*** 6.117***
(6.57) (4.34)

Process length 12.31*** 16.76***
(8.07) (8.83)

Redemption dummy -5.591*** -0.0895 -5.792*** 0.506
(-5.20) (-0.16) (-3.34) (0.73)

Recourse dummy -0.0665 0.337 -2.176 -3.225***
(-0.05) (0.50) (-1.22) (-3.50)

Bankruptcy exemption 4.441*** 1.396** 2.486 -1.917*
(3.89) (2.11) (1.47) (-1.65)

Change in housing value 8.778*** 8.751*** 24.92*** 24.88***
(8.98) (9.04) (13.60) (13.70)

MSA and quarter fixed effect Y Y Y Y
N 83223 83223 83223 83223
R2 0.278 0.278 0.162 0.163

This table analyzes the impact of foreclosure process on foreclosure durations. Judicial dummy takes value one for judicial states.
Process length is the continuous index of the length of foreclosure process solely based on regulations. Redemption dummy takes
value one if the state allow households to regain the house within a period after the foreclosure. Recourse dummy takes value one
if the state allows lenders to pursue a deficiency judgment against the household’s other assets. Bankruptcy exemption specifies
how much home equity the household can keep after a Chapter 7 bankruptcy filing. Change in housing value measures the
appreciation of housing value between mortgage origination and initiation of foreclosure. I also control for quarter and MSA
fixed effects. ***, **, and * indicate statistical significance at the 1, 5, and 10 percent level, respectively.
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Table 1.2: Foreclosure Cost

(1) (2) (3) (4) (5) (6) (7) (8)
Foreclosure cost Foreclosure cost Total cost Total loss
(dollar amount) (% of loan amount) (% of loan amount) (% of loan amount)

Judicial dummy 1751.5*** 1.419*** 3.799*** -4.346*
(5.21) (2.92) (2.98) (-1.91)

Process length 5212.4*** 3.238** 8.913* -14.87**
(5.01) (2.14) (1.82) (-2.35)

Redemption dummy -1006.1** 851.1*** -1.186 0.172 -2.288 1.385 1.808 -3.088
(-1.99) (3.76) (-1.59) (0.28) (-1.39) (1.05) (0.42) (-0.87)

Recourse dummy -1784.4*** -2224.6*** -1.584* -1.581** -1.462 -1.543 7.214 9.012**
(-3.46) (-5.21) (-1.90) (-2.04) (-0.75) (-0.75) (1.44) (2.03)

Bankruptcy exemption -762.3 -2134.8*** -0.949 -1.756** -0.926 -3.162* 6.859 10.86***
(-1.38) (-6.23) (-1.33) (-2.48) (-0.60) (-1.76) (1.59) (2.73)

Change in housing value 2514.9*** 2503.9*** 3.420*** 3.413*** 9.141*** 9.124*** 19.13*** 19.16***
(8.45) (8.56) (7.83) (7.89) (10.37) (10.44) (6.23) (6.25)

MSA and quarter fixed effect Y Y Y Y Y Y Y Y
N 81625 81625 81625 81625 81625 81625 81622 81622
R2 0.106 0.106 0.160 0.160 0.195 0.196 0.192 0.193

This table analyzes the impact of foreclosure process on foreclosure cost, total cost, and total loss. Judicial dummy takes value
one for judicial states. Process length is the continuous index of the length of foreclosure process solely based on regulations.
Redemption dummy takes value one if the state allow households to regain the house within a period after the foreclosure.
Recourse dummy takes value one if the state allows lenders to pursue a deficiency judgment against the household’s other assets.
Bankruptcy exemption specifies how much home equity the household can keep after a Chapter 7 bankruptcy filing. Change in
housing value measures the appreciation of housing value between mortgage origination and initiation of foreclosure. I also
control for quarter and MSA fixed effects. ***, **, and * indicate statistical significance at the 1, 5, and 10 percent level,
respectively.
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Table 1.3: Mortgage Rate and Credit Score

(1) (2) (3) (4) (5) (6) (7) (8)
Adjusted Mortgage Rate Credit Score

zip code level state level zip code level state level
Judicial dummy 0.00369 0.0106 0.377 -0.191

(0.50) (0.81) (0.43) (-0.19)
Process length 0.0228 0.0325 2.769 1.116

(1.24) (1.16) (1.05) (0.54)
Redemption dummy -0.0134 -0.00905 -0.0199 -0.0188 -0.660 -0.155 1.741 1.820

(-0.70) (-0.48) (-0.99) (-0.92) (-0.28) (-0.06) (1.28) (1.34)
Recourse dummy 0.0423** 0.0373* 0.0309 0.0342* -3.261 -3.903* -4.455*** -4.528***

(2.13) (1.94) (1.56) (1.77) (-1.42) (-1.71) (-3.54) (-3.80)
Bankruptcy Exemption 0.0169 0.0121 0.0306 0.0311 -2.979 -3.566 -5.641*** -5.588***

(0.85) (0.62) (1.48) (1.46) (-1.39) (-1.52) (-5.44) (-5.46)
MSA fixed effects Y Y Y Y Y Y Y Y
N 195228 195228 10530 10530 195228 195228 10530 10530
R2 0.103 0.103 0.036 0.037 0.043 0.043 0.018 0.018

This table analyzes the relationship between mortgage rate (credit score) and foreclosure process. Judicial dummy takes value
one for judicial states. Process length is the continuous index of the length of foreclosure process solely based on regulations.
Redemption dummy takes value one if the state allow households to regain the house within a period after the foreclosure.
Recourse dummy takes value one if the state allows lenders to pursue a deficiency judgment against the household’s other assets.
Bankruptcy exemption specifies how much home equity the household can keep after a Chapter 7 bankruptcy filing. I also
control for MSA fixed effect for the zip-code level analysis. ***, **, and * indicate statistical significance at the 1, 5, and 10
percent level, respectively.
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Table 1.4: Calibrated Parameters

T model periods 360 Data
ltv loan-to-value ratio 0.8 Data
R risk-free return on saving 1.003 Data; 1-year Treasury bill rate
fgse GSE fees for low credit score HHs 3.25 Data: GSE

GSE fees for high credit score HHs 0.5
µψ mean of house price growth rate 0.0029 Data; Monthly US house prices
ρψ persistence of house price growth 0.708
σψ variance of house price growth 0.005

α share of nonhousing consumption in utility 0.859 Jeske, Krueger, and Mitman (2013)
κ scale parameter for housing assets 0.139 Floetotto, Kirker, and Stroebel (2016)
τp cost of closing mortgages in prepayment case 0.02 Hurst and Stafford (2004)
rc annual mortgage administration cost 0.1 Jeske, Krueger, and Mitman (2013)

ρLy , ρHy income correlation for low/high credit score HHs 0.9;0.95 Storesletten, Telmer, and Yaron (2004)
σLy , σHy income risk for low/high credit score HHs 0.003;0.002

rm annual mortgage rates for HHs with income/credit 5.756; 5.536;

Sample calculation

type of L/L, L/H, H/L, and H/H 5.539; 5.337
hs housing size for HHs with income/credit 7.079; 7.511;

type of L/L, L/H, H/L, and H/H 4.643; 5.166
Ω population weights for HHs with income/credit 7.06; 31.95;

type of L/L, L/H, H/L, and H/H 3.89; 57.1
ω̄ population weights for HHs in non-judicial states 0.5876

Θ1 Prob. of foreclosure shock in non-judicial states
Θ2 Prob. of foreclosure shock in judicial states

Table 1.5: Estimated Parameters

β discount factor 0.919
ρ coefficient of relative risk aversion 2.553
τd discount of foreclosure sale 0.082
yL, yH average income for low/high income HHs 0.672;0.822
ΛL,ΛH probability of moving shock for low/high income HH 0.0039;0.0103
∆1 disutility of being delinquent for HHs in non-judicial states

with income/credit type of L/L, L/H, H/L, and H/H 0.7841; 0.8238; 0.1044; 0.2464
∆2 disutility of being delinquent for HHs in judicial states

with income/credit type of L/L, L/H, H/L, and H/H 0.4100; 0.6753; 0.1128; 0.2354
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Table 1.6: Data and Model Moments

(1) (2) (3) (4) (5) (6)
State (Income, Credit) Data Rates Model Rates
Law Current Foreclosure Current Foreclosure

Non-judicial

Low, Low 61.869 1.503 63.414 1.505
Low, High 72.273 0.111 71.131 0.473
High, Low 46.746 0.801 50.198 0.787
High, High 56.959 0.054 57.098 0.125

Judicial

Low, Low 61.576 1.641 61.323 1.646
Low, High 73.151 0.107 74.937 0.486
High, Low 49.445 0.947 53.611 0.905
High, High 60.245 0.058 59.208 0.125

Table 1.7: Final Outcomes under Model Estimation

(1) (2) (3) (4) (5) (6) (7)
State (Income, Credit) Final Outcome Average Age Average
Law Paid-off Foreclosed Paid-off Foreclosed Duration

Non-judicial

Low, Low 92.94 7.06 41.96 49.16 5.03
Low, High 97.37 2.64 47.84 55.82 4.26
High, Low 95.22 4.78 35.58 49.78 7.53
High, High 99.28 0.72 36.39 60.69 10.09

Judicial

Low, Low 90.44 9.56 46.82 51.47 9.90
Low, High 95.90 4.10 56.97 62.37 5.52
High, Low 95.17 4.83 39.13 52.49 11.33
High, High 99.28 0.73 38.38 61.03 11.82
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Table 1.8: GSEs Return under Model Estimation

(1) (2) (3) (4) (5) (6) (7) (8)
State (Income, Credit) Mortgage Actual Difference GSE Net GSE
Law Rate Return in Return Fee Return Return

Non-judicial

Low, Low 5.756 5.227 -0.529 3.25 2.720

0.0320Low, High 5.536 5.001 -0.536 0.5 -0.036
High, Low 5.539 4.502 -1.037 3.25 2.212
High, High 5.337 4.428 -0.910 0.5 -0.411

Judicial

Low, Low 5.756 4.584 -1.172 3.25 2.077

-0.0368Low, High 5.536 4.976 -0.560 0.5 -0.061
High, Low 5.539 4.196 -1.343 3.25 1.906
High, High 5.337 4.421 -0.916 0.5 -0.417

Table 1.9: Profiles of Foreclosed Mortgages under Difference Laws

Non-judicial Judicial
No. of payments when delinquent 47.33 24.38
Duration 5.85 13.79
No. of payments 0.06 7.34
Pct. of extra payment 0.00 0.06
No. of payments when foreclosed 47.38 31.72
Pct. of unpaid balance when foreclosed 0.8 0.8
Net housing assets when foreclosed 1.051 1.006
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Table 1.10: Outcomes under Immediate Foreclosure and Benchmark Fore-
closure

(1) (2) (3) (4) (5) (6) (7)
State (Income, Credit) Immediate Foreclosure Benchmark Foreclosure
Law Foreclosure Foreclosed Foreclosure Foreclosed Initial Delinquent

Rate Age Rate Age Age

Non-judicial

Low, Low 0.43 67.22 7.06 49.16 38.89
Low, High 0.44 68.11 2.64 55.82 46.87
High, Low 0.76 62.20 4.78 49.78 35.07
High, High 0.72 60.63 0.72 60.69 46.55

Judicial

Low, Low 0.48 72.02 9.56 51.47 38.09
Low, High 0.47 71.15 4.10 62.37 54.12
High, Low 0.78 63.72 4.83 52.49 37.31
High, High 0.73 60.95 0.73 61.03 44.27

Table 1.11: Household Welfare and GSEs Return under Immediate Fore-
closure

(1) (2) (3) (4) (5)
State (Income, Credit) Immediate Foreclosure
Law Consumption Rate GSEs

Equivalent Adjustment Returns

Non-judicial

Low, Low -0.312 -6.43

2.41Low, High -0.118 -2.63
High, Low -0.121 -11.86
High, High -0.001 -0.12

Judicial

Low, Low -0.750 -19.70

0.73Low, High -0.233 -5.42
High, Low -0.094 -10.30
High, High -0.002 -0.15

Weighted Total -2.56 1.72
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Table 1.12: Final Outcomes under Differential Guarantee Fees

(1) (2) (3) (4) (5) (6) (7)
State (Income, Credit) Foreclosure Rate Foreclosure Duration Consumption
Law % change % change Equivalent (%)

Non-judicial

Low, Low 6.80 -3.73 4.99 -0.79 0.1521
Low, High 2.43 -7.74 4.20 -1.43 0.1393
High, Low 4.69 -2.03 6.88 -8.62 0.0309
High, High 0.71 -0.84 10.30 2.07 0.0351

Judicial

Low, Low 10.02 4.87 10.40 5.03 -0.1633
Low, High 4.09 -0.17 5.53 0.12 -0.1808
High, Low 4.99 3.46 11.56 2.06 -0.0372
High, High 0.73 0.14 11.25 -4.81 -0.0468
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Chapter 2

Do Lenders Make Less-Informed Mortgage Investments in

High-Growth Housing Markets?

2.1 Introudction

Lenders can rely on private or public information to screen mortgage applicants.

Private information allows lenders to measure and price risk more accurately, but col-

lecting private information is costly because it requires lenders to acquire and evaluate

customized measures of credit quality like local default rate. In comparison, public

information like credit score is less costly to obtain and can be more easily used with

standardized risk-pricing formulas for lenders to scale up lending. As a result, lenders

that expand beyond their primary local markets may have fewer incentives than local

lenders to collect private information and hence make less-informed investment deci-

sions (Stein 2002; Berger et al. 2005; Liberti and Mian 2009). In this paper we ask

whether such lending behavior is consistent with evidence surrounding the expansion

of mortgage lending by U.S. banks in the past two decades and whether a lower level

of screening may have contributed to riskier mortgage lending in some local markets

that experienced acute housing cycles.

By answering these questions, we aim to connect two important features of the

U.S. housing market during this period. The first is a large-scale geographic expansion

of mortgage lending by U.S. banks. In 1995, local lenders—those with over half of

their lending in a single local market—originated 11.5 percent of mortgages. The

69



market share of local lenders declined to 4.3 percent before the 2007–2008 crisis. It

rebounded after the crisis, then declined again, reaching 7.3 percent in 2017 (Figure

2.1). The second feature is the historic boom and bust in housing prices that occurred

around the time of the crisis in 2007–2008. The housing cycle was most acute in high-

growth markets—such as Sand States (Arizona, California, Florida, and Nevada) and

areas with low land availability for housing development such as Miami, FL and

New Orleans, LA—where mortgage lending increased dramatically during the boom

and collapsed after the crisis. For example, the share of mortgages to Sand States

increased from 31 percent in 1995 to 40 percent in 2005. It then fell to 25 percent

in 2010 before a gradual recovery (Figure 2.2). Not surprisingly, the share of lending

by nonlocal lenders in high-growth areas follows the same boom–bust cycle. As total

lending to high-growth areas increases, so does lending by nonlocal lenders and vice

versa (Figure 2.3).

Using both public signals and private information to screen mortgage applicants

should allow lenders to evaluate applications based on a broader set of information

than public signals alone and hence accept a higher proportion of the applications

conditional on public information. Thus, market expansion, coupled with a lower level

of screening, will lead to more credit rationing. To the extent that private informa-

tion allows lenders to price risks more accurately, we also expect market expansion to

lead to higher ex post risk for the lenders. Although these arguments are in principle

applicable to the expansion to any markets, they are particularly relevant for expan-

sion to high-growth markets because rapid expansion to these markets makes lenders

less likely to invest time and money in collecting private information. Based on these

arguments, our empirical tests exploit variations in mortgage acceptance rates and

lenders’ risks associated with expansion to high-growth markets from a comprehensive

data of mortgages from 1995 to 2017.
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In our first test, we compare the mortgage acceptance rates of lenders with different

exposure to high-growth markets. We find that exposure to high-growth markets is

associated with lower acceptance rates by nonlocal lenders in these markets, consistent

with a lower level of screening by these lenders.

To examine whether these variations in acceptance rates are driven by lenders’

incentives to invest in private information, we explore an exogenous shift in lenders’

incentives resulting from a discontinuity in the eligibility of loans for guarantees from

government-sponsored enterprises (GSEs: Fannie Mae and Freddie Mac). The will-

ingness of GSEs to purchase mortgages based on a prescribed set of underwriting

criteria reduces lenders’ incentives to collect private information to screen loans that

are eligible (i.e., conforming loans) compared to loans that are ineligible (i.e., jumbo

loans).1 Consistent with this argument, we find that the negative effect of the high-

growth market lending share on the acceptance rate is much stronger for jumbo loans

than for conforming loans.

We then test whether lenders behave differently when they expand to high-growth

markets. Those within-lender regressions exploit variations of the same lender in dif-

ferent markets, allowing us to account for all cross-lender variations, cross-market

variations, and time-varying lender-specific shocks using lender × year fixed effects

and market fixed effects. Therefore, we can attribute the variations in acceptance rate

to differences in lender behaviors in different markets. We find that lenders approve

significantly fewer loan applications in peripheral markets than they do in primary

markets. Such credit rationing is more pronounced for peripheral markets in high-

growth areas. In other words, when lenders expand to high-growth markets, they
1GSEs are restricted by law to purchase single-family mortgages with origination balance

below a specific cutoff, knows as “conforming loan limit”. Loans above the cutoff are jumbo
loans. The national conforming loan limit was $417,000 for 2006-2008.
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ration credit significantly more than when they expand to other markets. Further-

more, lenders accept significantly fewer applications in the jumbo segment than they

do in the conforming segment. The rationing of jumbo loans is also more pronounced

in high-growth areas.

Can these results be driven by greater selectivity among lenders in high-growth

markets? If they are more selective in high-growth markets, they ought to perform

better and experience lower risk. If, in contrast, they invest less in private information

for screening and risk assessment, they will be unable to price risks as accurately and

thus perform more poorly and bear higher risk. We therefore examine how exposure to

high-growth areas affects lender profitability and risk. We find that such exposure is

associated with higher stock volatility for nonlocal lenders but not for local lenders,

consistent with the notion that nonlocal lenders in high-growth markets engage in

a lower level of screening instead of exercising greater selectivity. Evidence of prof-

itability is mixed, likely reflecting a subtle tradeoff between lenders’ risk and return.

Evidence of systemic risk seems inconclusive, possibly because of small sample size.

Our next test further explores the risk return tradeoff for lenders by examining

the performance of their mortgage portfolio. This test is also beneficial because it

does not rely on equity-based measures of risk, which may reflect a lender’s business

unrelated to mortgage lending. Specifically, we test whether exposure to high-growth

areas affects the risk, return, and efficiency of the mortgage portfolio. To do so, we

first construct the mortgage portfolio of each lender using geographic information

on the mortgages it originated and kept on the books. We treat loans in the same

local market as a single asset in the portfolio. This approach abstracts from the

heterogeneity of loan return and risk in the same market and allows us to focus on

portfolio composition across markets.
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Using a mean-variance analysis for the mortgage portfolios, we find that expo-

sure to high-growth markets is associated with higher portfolio risk, corroborating

our earlier evidence from stock return volatility. We also find that higher portfolio

volatility is accompanied by higher portfolio efficiency and higher portfolio return.

This risk–return tradeoff suggests that the higher risk associated with expansion to

high-growth markets may reflect portfolio strategy of lenders: they are willing to

accept higher risk in exchange for higher efficiency and higher return.

We close our analyses by showing that our findings are not tales of the past.

Although the crisis of 2007–2008 is now in the past, the boom–bust cycle is not.

Since the trough in 2010, lending in high-growth areas has recovered. The share of

lending to Sand States has since grown at a rate faster than during the runup to

the crisis, surpassing the precrisis peak by 2016 (Figure 2.2). Housing prices in Sand

States have also soared from the postcrisis trough, reaching nearly the precrisis peak

by 2017 (Figure 2.4). Our findings on a lower level of screening and higher risks

associated with the expansion to high-growth markets continue to hold in the post

crisis period of 2010–2017. These findings alert us to the danger associated with ill-

informed investment during a new housing boom in high-growth areas.

Our paper is related to substantial literature on the housing cycle around the

2007–2008 crisis. Our results corroborate previous findings showing that deterioration

in lending standards has contributed to the housing bust following a crisis (Mian

and Sufi 2009; Keys et al. 2010; Dell’Ariccia et al. 2012). Although most of the

previous literature focuses on subprime markets, our results suggest that less-informed

decisions by lenders associated with their geographic expansion of mortgage lending

constitute an important supply-side factor that may have contributed to higher risks

in lenders’ prime mortgage portfolios. Compared to previous findings based primarily

on metropolitan statistical areas (MSAs) over the precrisis period, our findings are
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more broad-based, covering nearly all zip codes in the US over a period of 23 years,

pre- and postcrisis.

Our paper is also related to a sizable literature on the real estate exposure of

lenders. Although mortgages may not be high-risk loans during normal times, they

may have severe implications for lender risks during a downturn. Because housing

prices are highly correlated with the business cycle and across geographic areas,

lenders often experience difficulty with liquidity in mortgage portfolios during a down-

turn.2 Several recent studies point to the important linkage between bank risk and real

estate exposure. Altunbas et al. (2017) show that banks with higher real estate expo-

sure exhibited higher risk during the crisis. Chakraboty et al. (2018) show that before

the 2007–2008 crisis, banks reallocated their lending capacities to bubbly housing mar-

kets at the expense of other borrowers. We complement these papers by highlighting

lenders’ less-informed lending in high-growth housing markets as a contributing factor

to lender risks related to real estate exposures.

Our paper is furthermore related to the literature on the geographic expansion

of mortgage lending. Prior to the 2007–2008 crisis, geographic expansion was consid-

ered by many commentators to be a means to diversify local mortgage credit risks.3

The crisis suggests, however, that it may have been ineffective in delivering on the

diversification promise because of correlated housing markets (Cotter et al. 2015) and

uninformed investment associated with diversification. Loutskina and Strahan (2011)

show that compared to concentrated lenders—lenders that make the most loans in

one local market—diversified lenders focus less on the information-intensive jumbo
2For discussions on risks associated with real estate exposure, see Favara and Imbs (2015),

Jorda et al. (2015), Mian et al. (2017), and Calomiris and Chen (2020).
3Geographic diversification as a risk-mitigation strategy was discussed, for example, in

the Freddie Mac 2007 Annual Report and in the 10-Ks of many real estate investment trusts
(REITs).
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market and ration credit more. They also show that diversified lenders have lower

profits and worse stock market performance during the crisis. Our results comple-

ment theirs by showing that expansion to high-growth areas is a particularly risky

form of geographic diversification, associated with lower profitability and higher risk

for the lenders. We further complement these results with additional direct evidence

of the risk and efficiency of lenders’ mortgage portfolios.

On the effect of geographic expansion on bank risk more generally, extant empir-

ical evidence is mixed.4 Demsetz and Strahan (1997) find that better diversification

does not translate into reduction in risk because banks operate with higher leverage.

Acharya et al. (2006) find that diversification does not guarantee greater safety for

banks because of less effective monitoring. In contrast, Deng et al. (2007) associate

geographic diversification with value enhancement and risk reduction. Goetz et al.

(2016) exploit variations resulting from the removal of interstate branching regulation

and find that geographic expansion lowers risk by reducing exposure to idiosyncratic

local risks. Our paper contributes to this literature by offering new evidence of the

positive link between mortgage diversification and lender risks.

The rest of the paper is organized as follows. Section 2 documents evidence of

mortgage loan screening. Section 3 presents results of lender risk. Section 4 discusses

mortgage portfolio risk. Section 5 describes evidence from the postcrisis period and

concludes.
4The theoretical prediction is also ambiguous. Geographic diversification may hedge

against idiosyncratic local risk according to portfolio theory. Theories based on agency costs
suggest that lenders that concentrate on local markets may be better able to collect private
information and price local risks (Stein 2002; Berger et al. 2005; Liberti and Mian 2009).
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2.2 Evidence from Mortgage Application Acceptance

2.2.1 Data and Measurements

We build our datasets from a comprehensive loan-level sample of mortgage appli-

cations and originations collected by the Federal Reserve under a provision of the

Home Mortgage Disclosure Act (HMDA). Under this provision, all regulated finan-

cial institutions, including commercial banks, savings institutions, credit unions, and

mortgage companies, with more than $30 million in assets are required to report their

house-related lending. HMDA covers close to 95 percent of mortgage originations in

the US. The comprehensive coverage of HMDA offers an advantage over other datasets

on housing-related lending, which focus on securitized loans. The comprehensiveness

of HMDA is key to characterizing lenders’ geographic presence.

HMDA data provides information on mortgage originating institution, loan size,

and applicant characteristics, including income, gender, race, and ethnicity, as well as

information on the detailed location of the property, the year of loan application, and

whether the application was accepted. As we will show, this is the key information we

rely on to construct a picture of lenders’ presence in local market over time. To ensure

the comparability of our mortgage sample, we restrict the sample to conventional

loans by excluding loans guaranteed by the Federal Housing Administration, Veterans

Administration, Farm Service Agency, or Rural Housing Service. We also restrict to

loans for the purpose of single-family home purchase and exclude loans for refinancing

or home improvement.

We define local markets at the 3-digit zip code level. This geographic unit is a

good measure for local markets because it usually delineates geographic areas that are

well-aligned with local housing markets, such as county or a few contiguous counties.

In urban areas, 3-digit zip codes also align well with metropolitan statistical areas
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(MSAs), which usually encompass a city and surrounding areas with close economic

ties (see Appendix Figure D1 for examples of 3-digit zip codes and MSAs). Our final

dataset covers 880 local markets out of 882 3-digit U.S. zip codes. Compared to most

literature on the geography of mortgage, which focuses on the MSA level, this dataset

offers the advantage of characterizing high-growth and low-growth markets as well as

lenders’ geographic presence in the most comprehensive way. We will return to the

definition of the geographic market in our robustness tests.

We also collect lender-level data by merging HMDA with the Report of Condition

and Income (“Call Reports”) based on the identification of reporting institutions in

each filing year. We merge the two data by linking the Call Report identification

number with the HMDA identification number.

For housing prices, we use the quarterly house price index produced by the Federal

Housing Finance Agency (FHFA). This index measures house prices in 3-digit zip

codes using appraisal values and sales prices for homes purchased with conforming

mortgages.

The raw HMDA sample contains 485 million applications over the 1995–2017

period. After dropping applications to lenders not included in the Call Reports (those

not reporting to the Federal Deposit Insurance Corporation, Federal Reserve, and

Office of the Comptroller of the Currency) due to the lack of data on lender charac-

teristics, and loans with missing data on loan characteristics, property location, and

applicant characteristics, we are left with a sample of 362 million mortgage applica-

tions.

Table 2.1 reports summary statistics on applicant characteristics and mortgage

acceptance for conforming and jumbo loans. In the conforming segment, 20.9 percent

of the applicants are women and 3.6 percent are members of minority groups. The

average acceptance rate is 87 percent by loan number and 88.2 percent by loan volume.
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Lenders on average originate $190 million of loans per year and keep 45 percent of

them on their balance sheets.

In the jumbo segment, the percentages of female and minority applicants are 9.6

and 2.1 percent respectively. The acceptance rate for jumbo loans is 90.3 percent by

loan number and 90.4 by loan volume. Lenders on average originate $79.4 million

mortgages and keep 80 percent of them on their balance sheets.

In our sample, the mean and median of lender size are $2.4 billion and $206 million

respectively, suggesting that most lenders are small institutions. The average exposure

to Sand States (constrained areas) is 10.5 (6.2) percent of total loans.

In our analyses, we distinguish between high-growth markets—local housing mar-

kets with highly cyclical patterns—and other markets. We use two alternative defi-

nitions of high-growth markets. One is the Sand States: Arizona, California, Florida,

and Nevada.5 The other is geographically constrained areas with low availability of

land for development. The use of land availability to measure constraints to housing

development was pioneered by Saiz (2010) and is widely used to explain housing

cycles.6 Saiz (2010) developed a land availability index for 269 MSAs with population

of 50,000 or more from satellite data by excluding geographic constraints to housing

development resulting from either a steep slope (e.g., mountainous land) or bodies of

water (e.g., oceans, lakes, rivers, wetlands). Lutz and Sand (2019) extended the Saiz

(2010) index to all 3-digit zip codes and counties in the contiguous United States.7 We

5The term was used by the Federal Deposit Insurance Corporation (FDIC, 2009).
6The Saiz (2010) index has been used in the literature to proxy house price cyclicality

based on the observation that housing supply in more geographically constrained areas is
less responsive to housing demands or house price movements (see, for example, Mian and
Sufi 2011; Mian et al. 2013; Charkraborty et al. 2018).

7Lutz and Sand (2019) also differ from Saiz (2010) in technical aspects. Each geographic
area is defined in the former by a geometric polygon plus a 5 percent buffer and in the
latter by a 50 km radius around the polygon’s centroid. Thus, the former covers the entire
polygon (plus buffer); whereas the latter likely misses peripheral areas of large polygons.
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define zip codes at the bottom decile of Lutz and Sand (2019) index as constrained

areas.

Figure 2.2 shows that the volume of mortgages in high-growth markets followed

with a strong precrisis expansion and a rapid postcrisis collapse. The share of mort-

gages originated in Sand States increased from 31 percent of the total in 1995 to 40

percent in 2005, collapsing after the crisis to as low as 25 percent in 2010 before a

recovery. The share of loans to constrained areas followed a very similar trend albeit

of a smaller magnitude.

Figure 2.4 shows that house prices in high-growth markets are also highly

cyclical. House prices grew by 103 (51) percent in Sand States (constrained areas) in

2001–2005, compared to the national average of 44 percent In 2008–2010, house prices

in Sand States (constrained areas) collapsed by 27.8(10.5) percent, compared to the

national average of 8.7 percent. Postcrisis, house prices in high-growth markets again

grew faster than the national average. Prices in Sand States (constrained areas) grew

by 6.3 (3.1) percent in 2011–2017, compared to the national average of 2.6 percent.

2.2.2 Acceptance Rate in High-Growth Markets

In our first test, we compare the mortgage acceptance rate of lenders with different

exposures to high-growth areas. We estimate the following regression:

Yijt = α + βHighGrowthShareijt−1 + λXijt−1 + µt + εijt (2.1)

where i, j, and t index lender, loan segment (conforming or jumbo), and year,

respectively. Y is acceptance rate, defined as accepted applications as a share of total

applications. The share is calculated based on the number of applications or loan

volume. HighGrowthShare is lending to high-growth markets as a share to total

Despite their difference in methodology, the Lutz and Sand (2019) and Saiz (2010) indexes
are highly correlated with a correlation of 0.8 and R2 of 0.7.

79



lending. We control for year fixed effects and a vector of lender characteristics and

applicant characteristics, X, including lender size (measured by the logarithm of total

assets), Tier 1 capital ratio, deposit-to-total assets ratio, lender diversification, the

average income of applicants, the percentage of applicants who are women, and the

percentage of applicants who are minority. Lender diversification is an index that

measures a lender’s overall level of mortgage diversification. This index is measured

as 1 minus the sum of squared shares of mortgages in all markets in which the lender

operates, and it ranges from zero (for lenders that lend to a single market) to nearly

1 (for lenders that operate in many markets).

In this simple setup, we can compare the acceptance rate for lenders with relatively

high and low exposure to high-growth markets. If lenders with high exposure to high-

growth areas accept fewer applications, we expect a negative relationship between

high-growth market exposure and acceptance rate (β < 0).

We then test the following regression:

Yijt = α + βHighGrowthShareijt−1 + γHighGrowthLenderijt−1

+ δHighGrowthShareijt−1 ×HighGrowthLenderijt−1

+ λXijt−1 + µt + εijt

(2.2)

where HighGrowtheLender is an indicator variable, which takes value 1 if a

lender’s mortgage loans to high-growth markets exceeds 25 percent of its total mort-

gage loans.8 Equation (2.2) sharpens the identification of equation (2.1) by allowing

the acceptance rate to vary with exposure to high-growth markets depending on a

lender’s primary market location. It thus distinguishes between lenders that primarily

serve high-growth areas and those that serve high-growth areas as peripheral mar-

kets. This distinction helps us to rule out alternative interpretations of our results—a
8The distribution of high-growth lending share (Figure D2 in Appendix) clusters close

to 0 or 1. Our results are robust to alternative thresholds of 20, 33.3, or 50 percent.
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point to which we will return. If lenders that expand to high-growth areas as periph-

eral markets ration credit more than local lenders in these markets, we expect a

positive coefficient on the interaction term (δ > 0).

Table 2.2 reports the results for equation (2.1). We find that lenders that are more

exposed to high-growth markets have significantly lower acceptance rates. The results

are robust to defining acceptance rate by the number of loans (columns 1 and 3) or

by loan volume and to defining high-grow markets by Sand States or constrained

areas. The difference in acceptance rate is not driven by borrower characteristics.

The estimates without (columns 1 and 2) and with (columns 3 and 4) controlling

for borrower characteristics are very similar. The estimated effects are economically

large. If a lender’s lending share to Sand States increases by 1 standard deviation

(28.4 percent), the model (Panel A column 3) suggests that the likelihood of the

rejection of a loan increases by 10 percent (from 13 to 14.4 percentage points) in the

conforming segment. The effects are higher in the jumbo segment. In this case, the

model (Panel B column 3) suggests that a 1 standard deviation increase in a lender’s

lending share to Sand States increases the likelihood of the rejection of a loan by 17

percent (from 9.7 to 11.3 percentage points).

A comparison of Panel A and B shows that the negative effect of a high-growth

market lending share on acceptance rate is stronger for jumbo loans than for con-

forming loans. What can explain this difference between the two loan segments? One

explanation is that the willingness of GSEs to purchase conforming mortgages reduces

lenders’ incentive to invest in private information for conforming loans for all lenders.

This GSE effect, however, is absent from the jumbo segment because jumbo loans do

not conform to the GSE purchase criteria.

Table 2.3a reports the results of equation (2.2) for conforming loans. We find a

negative relationship between exposure to high-growth markets and the acceptance
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rate for nonlocal lenders. The result is again robust to the definition of high growth

market and applicant controls. The coefficient of high-growth market exposure and

the high-growth market lender dummy is positive with a magnitude that offsets the

standalone term of high-growth market exposure (with a negative sign). This suggests

that exposure to high-growth markets has a negligible effect on the acceptance rate

for local lenders in high-growth markets.

These results also hold for jumbo loans as reported in Table 2.3b. For nonlocal

lenders in high-growth areas, high-growth exposure is significantly negatively corre-

lated with acceptance rate. As shown in Table 2.2, the effect on jumbo loans is larger

than that on conforming loans: 212 percent and 131 percent for the high-growth

market defined as Sand States and constrained areas, respectively. The estimated

effects are also economically large. For example, if a lender’s lending share to Sand

States increases by 1 standard deviation (28.4 percent), the model (Table 3b column

3) suggests that the likelihood of the rejection of a loan increases by 58 percent (from

13 to 20.6 percentage points).

The distinction between local and nonlocal lenders in high-growth markets pro-

vides useful insights. First, if credit rationing in high-growth areas occurred only

because lenders accept fewer applications in peripheral markets, then we would expect

the acceptance rate to increase in high-growth exposure among high-growth market

lenders. We do not observe this for high-growth market lenders, suggesting first, that

credit rationing is unique to nonlocal lenders serving in high-growth markets; and

second, that lenders may behave differently in their peripheral markets than in pri-

mary markets. We next examine this cross-market difference more closely.
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2.2.3 Within-Lender Tests

We perform a within-lender test and compare the acceptance rate of the same

lender in different markets. This test addresses two important questions. First, could

our results so far be driven by unobserved heterogeneity across lenders? For example,

lenders that have less comparative advantage to scale up may concentrate on nonhigh-

growth areas. Second, do lenders behave differently in different markets?

We estimate the following regression:

Yijkt = α + βPrimaryMarketikt + γJumboj + δHighGrowthMarketk

+ θPrimaryMarketikt ×HighGrowthMarketk

+ φJumboj × PrimaryMarketikt + ψJumboj ×HighGrowthMarketk

+ λXijkt + µit + εijkt

(2.3)

where i, j, k, and t index lender, loan segment, (3-digit zip code) market, and

year, respectively. Y is acceptance rate. PrimaryMarket is a dummy variable that

takes a value of 1 for a lender’s primary market, defined as the market with the

highest lending volume. HighGrowthMarket is a dummy variable for Sand States or

constrained areas. Because our previous results show a difference between jumbo and

conforming loans, we include a dummy variable for jumbo loans (Jumbo). We include

the same vector of lender and applicant controls as in (2.1).

Importantly, we also include lender × year fixed effects to control for all observed

and unobserved factors at the lender-year level. We also include market fixed effects

to control for heterogeneity across local markets. This extensive set of controls allows

us to control for all time-varying lender-specific shocks and demand-side factors asso-

ciated with local market characteristics. Our identification thus comes from variations

across loans in different loan segments and in different markets in the same lender and
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same year. This approach sharpens the identification and provides strong complemen-

tary evidence to the cross-lender tests we discussed earlier. Specifically, it allows us

to test whether lenders behave differently when they expand to high-growth markets

and to attribute the difference to lender behaviors in different markets.

Table 2.4a shows the results. The dependent variable is the average acceptance

rate defined by the number of applications in columns 1 and 2 and by loan volume in

columns 3 and 4. We offer two main findings. First, lenders accept significantly fewer

loan applications in peripheral markets than they do in primary markets. Such credit

rationing is more pronounced for peripheral markets in high-growth areas. In other

words, when lenders expand to high-growth markets, they ration credit significantly

more than if they expand to nonhigh-growth markets. For example, column 1 (2)

indicates that the average acceptance rate is 1 percentage point lower for peripheral

markets in nonhigh-growth areas, compared to 2 (1.9) percentage points lower for

peripheral markets in Sand States (constrained areas). This difference is also eco-

nomically meaningful considering the average likelihood of the rejections of a loan is

12 percent. The results based on loan volume are very similar.

Second, lenders accept significantly fewer applications in the jumbo segment than

they do in the conforming segment. The rationing of jumbo loans is more pronounced

in high-growth areas. For example, column 1 suggests that the average acceptance rate

(by the number of applications) for jumbo loans is 1.5 percentage points lower than

conforming loans in non-Sand states. It is 2.8 percentage points lower than conforming

loans in Sand States. As before, we interpret these two results of credit rationing

as evidence of lenders investing less in private information to screen applicants in

peripheral nonhigh-growth areas, and in jumbo segment in which loans are not eligible

for GSE subsidies.
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We have shown that lenders accept significantly fewer loan applications when

they expand to high-growth markets. Is this driven by local or nonlocal lenders or

both? To answer this question, we reestimate equation (2.3) by dropping market fixed

effect. This allows us to estimate the average acceptance rate in high-growth markets

relative to nonhigh-growth markets, which in turn allows us to estimate the change

in acceptance rate when a nonlocal lender expands to a high-growth market. For a

high-growth market lender, its change in acceptance rate when expanding to another

high-growth market can be calculated from the coefficient of the primary market and

its interaction with the high-growth market dummy.

We show the results in Table 2.4b. We find that when they expand to a high-growth

market, both local and nonlocal lenders accept fewer applications. For example,

column 4 shows that the difference for a nonlocal lender expanding to a constrained

area is 1.6 percentage points (measured by loan volume) in the conforming segment

and 4.3 percentage points in the jumbo segment (column 4). In comparison, the dif-

ference for a constrained-area lender expanding to another constrained area is 2.3

percentage points (measured by loan volume) in the conforming segment and 4.5 per-

centage points in the jumbo segment.9 The difference between the conforming and

jumbo segment further corroborates our previous results involving a greater degree of

credit rationing for jumbo loans. Overall, local and nonlocal lenders similarly reduce

their acceptance rate when they expand to high-growth markets; therefore, the results

we find in Table 2.4a are driven by both local and nonlocal lenders.

Thus far, we have defined local markets by 3-digit zip codes. As we discussed ear-

lier, we do so because this measure aligns well with the administrative and economic

boundaries of local housing markets. A reasonable alternative definition is counties
9The differences are obtained by the coefficients in column 4: 0.015-(-0.001)=0.016, 0.015-

(-0.001)+0.022-(-0.005)=0.043, 0.015+0.008=0.023, and 0.015+0.022+0.008=0.045.
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that delineate the boundaries of local administrative regions and tend to be of similar

size as 3-digit zip codes. MSAs are another commonly used definition in the literature.

An MSA is usually defined by a county or counties with close economic ties. As a

result, using the MSA allows one to treat an area larger than a county as a single

local market. The disadvantage of MSA is that it does not include regions outside

urban areas (above a population threshold), which may capture local housing market

activities better than counties. For robustness checks, we reestimate our regression,

using counties and MSAs as alternative definitions of local market and we obtain very

similar results (Appendix Tables A1 and A2).10

2.3 Evidence from Lender Profitability and Risk

We have shown that lenders expanding to high-growth markets accept fewer loan

applications. Can the results be driven by lenders greater selectivity in these markets?

If they are more selective in high-growth markets, they ought to perform better and

have lower risk. If, in contrast, they invest less in private information for screening and

risk assessment, they will not be able to price risks as accurately and thus perform

more poorly and bear higher risk. Based on these arguments, we test how expansion

to high-growth areas affect lender performance.

We estimate equation (2.2) with measures for lender profitability and risks as

independent variables: return of equity (ROE), daily stock return volatility, and excess

stock return volatility. ROE, measured as the ratio of net income to equity, captures

lender profitability on and off the balance sheet because net income accounts for all

interest and fees as well as loan loss provisions. Excess stock return is calculated as

the difference between stock return and the 10-year treasury bond yield. As before,
10We define constrained areas as counties (MSAs) at the bottom decile of the Lutz and

Sand (2019) (Saiz 2010) index.
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our key variables of interest are a lender’s exposure to high-growth markets and

interaction with the high-growth-market lender indicator. We include the same set

of lender-level controls as in (2.1), and we include year fixed effects to control for

aggregate shocks.

Table 2.5 reports the results. We find mixed evidence from lender profitability.

Exposure to Sand States is not significantly associated with ROE for local or non-

local lenders to Sand States (column 1). Exposure to constrained areas is negatively

correlated with ROE for nonlocal lenders but positively associated with ROE for local

lenders (column 2).

The evidence from lender risk is strong and robust. Exposure to high-growth mar-

kets is positively correlated with volatility for nonlocal lenders (columns 3 to 6).

The effect is statistically significant and economically large. A 1 standard deviation

increase (28.4 percent) in exposure to Sand States is associated with a 0.67 increase

in stock return volatility (column 3). For constrained areas, a 1 standard deviation

increase (19 percent) in exposure is associated with a 0.43 increase in stock return

volatility (column 4). Results of excess return volatility are quantitatively very sim-

ilar (column 5 and 6). In contrast, we find a negligible effect of high-growth market

exposure on the risks of local-lenders. The interaction term of high-growth market

exposure and local-lender dummy is negative with a magnitude that offsets the stand-

alone term of high-growth market exposure (with a positive sign). As a result, the

overall effect is not statistically different from zero. Consistent with Table ??, this

finding on the difference between local and nonlocal lenders also suggests that the

effect of high-growth market exposure is unique to nonlocal lenders expanding to

high-growth markets.
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The mixed results on profitability, together with the robust results on risks, may

reflect a subtle tradeoff between lenders’ risk and return—a point to which we will

return in the next section.

We further evaluate lenders’ systemic risk (SRISK), which captures the externality

of lender distress in relation to the rest of the financial system or the real economy. We

follow Brownlees and Engle (2017) and Acharya et al. (2012) to proxy systemic risk

through an SRISK measure, defined as a lender’s contribution to the deterioration

of the capitalization of the financial system as a whole during a crisis. SRISK is

calculated in two steps. The first step estimates marginal expected shortfall (MES),

defined as the tail expectation of a firm’s equity return conditional on a market decline.

The second step calculates the firm’s expected capital shortfall given its capitalization

and the MES.11 The calculation of SRISK results in a significant loss of our sample

because it is limited to large lenders trading on the stock exchange. We are left with

a sample of 67 lenders over a sample period of 2000-2017.

Table 2.6 shows the results. We find that exposure to Sand States is associated

with higher MES for nonlocal lenders and lower MES for local lenders in these mar-

kets (column 1). Results of exposure to constrained areas is similar, and they are

statistically significant for SRISK (column 4) but not for MES (2). Effects of expo-

sure to Sand States on SRISK is also not statistically significant (column 3). Overall,

evidence of systemic risk seems inconclusive. We note that the small sample size in

these analyses means that results in systemic risk may not be representative of all

lenders and may not be comparable to our earlier results.

To sum up evidence from lender profitability and risk, we find that exposure to

high- growth markets is associated with higher stock return volatility for nonlocal
11We follow Brownlees and Engle (2017) and calculate SRISK as the percentage of capital

shortfall when the U.S. financial stock index falls by 40 percent over six months.
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lenders in these markets. These results provide direct evidence of the linkage between

mortgage exposure and lender risk. They also corroborate results in Section II indi-

cating that credit rationing in high-growth markets is likely the result of a lower level

of screening rather than more selective lenders.

2.4 Evidence from Portfolio Risk

Our early results hinted at a subtle tradeoff of lenders’ risk and return. In this

section, we further explore this tradeoff by examining evidence from lenders’ mortgage

portfolios. Unlike our early analyses of equity-based measures of risk, which may

reflect a lender’s business unrelated to mortgage lending, the analysis in this section

is based solely on lenders’ mortgage portfolio composition. Our analysis proceeds in

three steps. We first construct all lenders’ mortgage portfolios in our sample. We then

evaluate their portfolio volatilities. Finally, we assume an asset pricing model and use

it to conduct a mean-variance analysis at the lender level.

2.4.1 Portfolio Risk

We construct a lender’s mortgage portfolios each year based on loans kept on

the lender’s books.12 Because we are interested in the geographic distribution of the

loans, we treat loans in the same local market as a single asset in the portfolio. This

approach abstracts from the heterogeneity of loans within a local market and allows

us to focus on portfolio composition across markets. This approach also provides a

good approximation of key risks associated with lenders’ mortgage exposure because
12After origination, lenders may sell or securitize the loans or keep them on the books.

HMDA does not provide direct information on whether a loan is sold or securitized, but we
can see whether the loan remains on the book. The vast majority of loan sale and securitiza-
tion occurs shortly after loan origination with the likelihood of loan sale and securitization
drops significantly after 120 days (Jiang et al. 2014).
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the credit risks of loans in a local market are idiosyncratic and more diversifiable than

the risks across markets correlated with housing markets (Cotter et al. 2015).

Because we observe no trading of assets during the period, we cannot directly

compute asset return. We instead estimate the moment of asset return. Assume each

asset generates a random return between the end of period t and period t+ 1. For a

portfolio with N assets, we compute the variance–covariance matrix of the assets Σ.

We proxy quarterly return in a local market by its quarterly house price growth plus

the average mortgage rate.

Housing price growth is a good proxy for our purpose for several reasons. The

return of a mortgage portfolio depends on interest income and expected loss. Mortgage

loans are more profitable when house prices increase (Chakraborty et al. 2018). The

expected loss of the mortgage portfolio is lower when house prices increase because

the loans are less likely to default (Deng et al. 2000; Ghent and Kudlyak 2011; Bajari

et al. 2013) and loss given default is also lower (Qi and Yang, 2009; Andersson and

Mayock, 2014; Park and Bang, 2014).13 Finally, what matters in practice for lenders’

risk–return tradeoff is the lender’s information set about the future return of the

market. House price is a key indicator that lenders use to assess the credit risk of

local markets.14

2.4.2 Estimating the Mean Returns of Portfolios

As acknowledged in the literature, expected asset returns are difficult to estimate

especially if the sample period is short; therefore, we opt to infer the mean portfolio

return from an asset pricing model. Even if the asset pricing model is not exactly
13Hurst et al. (2016) show that conditional on mortgage characteristics, mortgage rates do

not vary geographically despite significant variations in default risks related to local house
prices, suggesting that local default risk is a key factor in local mortgage return.

14Indicators for aggregate conditions are less relevant for our purpose because, as we will
show, we are assessing individual lenders’ portfolios relative to the national portfolio.
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correct, it likely gives us better estimates than the direct approach because it reduces

the variance of the estimate (Calvet et al. 2007).

The capital asset pricing model (CAPM) is a natural framework for our purpose

because it captures expected excess return associated with portfolio diversification.

We assume that lenders can trade risk-free assets in the market. Thus, the CAPM

holds in mortgage portfolio excess returns relative to U.S. Treasury bills:

rejt = βjr
e
mt + εjt (2.4)

where the market return remt is measured as the excess return of a market portfolio

of mortgages. The market portfolio aggregates all geographic markets in the US,

weighted by total loan volumes. Intuitively, the market portfolio is constructed as if a

lender holds a representative “national portfolio,” which reflects the extent to which

a lender can diversify in the country. Specifically,

remt = Rmt + rt − rft (2.5)

where Rmt captures return from house price appreciation, calculated as the value-

weighted house price growth in all the geographic markets in the US in year t. rt

captures return from interest payment, measured by the average mortgage rate in

year t.15 The excess return of a lender’s portfolio rejt is calculated similarly as rejt =

Rjt + rt − rft , where Rjt is the value-weighted house price growth in all the markets

in which lender j has presence in year t. Using equation (2.5), we estimate portfolio

mean return µ given the variance-covariance matrix Σ, following standard procedure

summarized in Calvet et al. (2007). Figure 2.5 illustrates mortgage portfolios in the

mean-standard deviation plane for all lenders in 2017. The national portfolio, denoted

by a black diamond, appears quite efficient.
15Ideally, we would use the mortgage rate for each geographic market and each year, but

data for this level of disaggregation are not available.
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Table 2.7 summarizes portfolio risks across lenders. The average mortgage portfolio

return is 5.93 percent with a standard deviation of 3.58 percent. Average risk is about

5.76 percent.

2.4.3 Mean-Variance Analysis of Mortgage Portfolios

We now proceed with a quantitative assessment of portfolio risk and return using

moments computed with equation (2.5). For each lender i’s portfolio in each year, we

denote the mean and standard deviation of the excess of return by µi and σi. The

corresponding Sharpe ratio is Si = µi/σi. We similarly define the Sharpe ratio of a

benchmark (i.e. national) portfolio as SB = µB/σB.

Portfolio risk, return, and efficiency can be accessed against the benchmark port-

folio in the following way:

σi =
RLi

SBRSRLi
(2.6)

where RSRLi is the relative Sharpe ratio loss defined as 1−Si/SB. RLi is the average

return loss by choosing portfolio i instead of a position combining the benchmark

portfolio with cash to achieve the same risk level: RLi = SBσi− µi.16 Thus, portfolio

volatility is related to return (measured by RL) and portfolio inefficiency (measured

by relative Sharpe ratio loss). Taking logs of (2.6) gives

lnσi = lnRLi − lnRSRLi − γ (2.7)

where γ = lnSB is a constant. This equation can be intuitively interpreted: higher

portfolio risk (lnσi) can be compensated by higher return (i.e. lower return loss

lnRLi), and the uncompensated risk results in lower portfolio efficiency (lnRSRLi).

To assess how exposure to high-growth market affects the lender’s mortgage port-

folio risk, return, and efficiency, we regress each components of equation (2.7) on the
16When the benchmark is mean-variance efficient, return loss measures the vertical dis-

tance between portfolio i and the efficient frontier.
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same set of covariates as in equation (2.2). As we noted earlier, the results on portfolio

risk does not rely on any asset price model while the results on return and efficiency

do.

Table 2.8 reports the results. We have three main findings. First, consistent with

our earlier results on stock return volatility, we find that exposure to high-growth

markets is significantly positively associated with portfolio risk for nonlocal lenders

(columns 1 and 2). For example, a 1 standard deviation increase in exposure is asso-

ciated with a 0.26 (0.11) increase in the log of portfolio risk for nonlocal lenders in

Sand States (constrained areas). The interaction term of high-growth market expo-

sure and local lender dummy is negatively significant, indicating a significantly smaller

effect for local lenders. In the case of constrained areas (column 2), the magnitude of

the interaction term offsets the standalone term for exposure, suggesting a negligible

effect of exposure to constrained areas on local lenders. In the case of Sand States,

the interaction term is negatively significant with a smaller magnitude than the stan-

dalone term; therefore, the overall result remains positive for local lenders albeit with

a much smaller magnitude than nonlocal lenders.

Second, exposure to high-growth markets is associated with lower return loss (i.e.,

higher return) for nonlocal lenders (columns 3 and 4). A 1 standard deviation increase

in the lending share to Sand States (constrained areas) is associated with 1.1 (0.2)

decrease in the log of return loss for nonlocal lenders. For local lenders, the effect is

negligible.

Third, exposure to high-growth markets is negatively associated with relative

Sharpe ratio loss for nonlocal lenders (columns 5 and 6), whereas the effect for local

lenders is again negligible.

Exposure to high-growth markets has significant implications for portfolio perfor-

mance: it increases portfolio risk yet improves portfolio efficiency and return. Similar
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to previous results based on stock market volatility, results of portfolio risks are con-

sistent with the notion that nonlocal lenders in high-growth areas make less-informed

investments. Together with results of portfolio efficiency and return, our results point

to subtle portfolio tradeoff. The high risk associated with less-informed investment

by nonlocal lenders in high growth markets may reflect lenders’ portfolio strategy:

They may be willing to accept higher risk in exchange for higher portfolio efficiency

and higher return.

2.5 Discussion and Concluding Remarks

A few years after the 2007–2008 crisis, U.S. housing markets rebounded. The

national average housing price grew by 2.6 percent between 2010 and 2017. Perhaps

unsurprisingly, high-growth areas again grow faster than other parts of the country.

Housing prices in Sand States have soared from the postcrisis trough, reaching nearly

the precrisis peak by 2017. Constrained areas follow a similar trend albeit at a smaller

magnitude. Since the trough in 2010, the share of lending to Sand States has grown

at a faster rate than during the runup to the crisis and surpassed the precrisis peak

by 2016. We cannot help but wonder whether this boom differs from the previous

one?

In the Appendix (Tables A3-A8), we show that all our findings continue to hold

in the postcrisis period. Nonlocal lenders in high-growth markets continue to ration

credit more in these areas, significantly more so in the jumbo segment than in the

conforming segment. Their stock return volatility continues to increase with exposure

to high-growth markets. Their portfolio tradeoff involving higher risk, high efficiency,

and high return associated with high-growth markets also continues to hold. Although

the housing market may have seen many changes since the last crisis, these results
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warn against ill-informed investment and associated risk in high-growth areas during

a new housing boom.
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Figure 2.1: Mortgage Origination by Local Lenders.
This figure plots the share of mortgage origination by local lenders. Local lender is
defined as those with 50 percent or more of total lending in a single local market.

Figure 2.2: Mortgage Lending in High-Growth Markets.
This figure plots the share of mortgage lending in high-growth markets. High-growth
markets are measured by Sand States (Arizona, California, Florida, and Nevada)
or constrained areas, defined as areas with land availability in the bottom decile
according to Lutz and Sand (2019).
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Figure 2.3: Nonlocal Lender Share in High-Growth Markets.
This figure plots the share of mortgage lending by nonlocal lenders in high-growth
markets. Nonlocal lender is defined as those with less than 50 percent of total lending
in a single local market. High-growth markets are measured by Sand States (Arizona,
California, Florida, and Nevada) or constrained areas, defined as areas with land
availability in the bottom decile according to Lutz and Sand (2019).

Figure 2.4: House Price Index in High-Growth Markets.
This figure plots the average house prices in the U.S. and in high-growth markets.
High-growth markets are measured by Sand States (Arizona, California, Florida, and
Nevada) or constrained areas, defined as areas with land availability in the bottom
decile according to Lutz and Sand (2019). House price data is from Federal Housing
Finance Agency. House prices in 1994 is normalized to 100.
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Figure 2.5: Mortgage Portfolio Return and Risk.
This figure plots lender-level mortgage portfolio return and risk in 2017 estimated
with CAPM. The national portfolio is denoted by a black diamond.
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Table 2.1: Summary Statistics of Mortgage Acceptance Rate

(1) (2) (3) (4) (5) (6)
Variables N Mean Std p10 p50 p90

Panel A: Conforming Loans
No. of accepted application 83088 1448 20964 11 106 830
No. of rejected application 83088 487 9323 0 13 113
No. of unsecuritized loans 83088 637 8905 8 74 437
Vol. of accepted application (million) 83088 190 3206 .974 9.08 96.7
Vol. of rejected application (million) 83088 48.9 1056 0 .947 10.8
Vol. of unsecuritized loans (million) 83088 65.6 1096 .751 5.97 39.3
Ave. size of accepted application (thousand) 82477 110 65.8 43.1 96.2 191
Ave. size of unsecuritized loans (thousand) 81616 100 65.5 39.7 84.4 180
Average income (thousand) 81699 .117 .131 .0503 .0924 .193
Pct. of full documentation 82625 .837 .214 .548 .921 1
Pct. of women 82031 .209 .156 .0366 .183 .406
Pct. of minority 81940 .0362 .103 0 .0017 .0952
Acceptance rate by number 82625 .87 .12 .73 .896 .998
Acceptance rate by volume 82625 .882 .123 .742 .913 1

Panel B: Jumbo Loans
No. of accepted application 83088 114 2299 0 3 37
No. of rejected application 83088 23.8 560 0 0 4
No. of unsecuritized loans 83088 83.1 1765 0 3 29
Vol. of accepted application (million) 83088 79.4 1421 0 2.1 30.7
Vol. of rejected application (million) 83088 16.3 357 0 0 3.05
Vol. of unsecuritized loans (million) 83088 61.1 1159 0 1.76 25.5
Ave. size of accepted application (thousand) 65503 790 1469 319 621 1288
Ave. size of unsecuritized loans (thousand) 63593 805 1488 322 636 1320
Average income (thousand) 60256 .353 .428 .107 .249 .646
Pct. of full documentation 66806 .641 .353 0 .733 1
Pct. of women 62135 .096 .19 0 0 .304
Pct. of minority 61935 .0209 .101 0 0 .0236
Acceptance rate by number 66806 .903 .186 .696 1 1
Acceptance rate by volume 66806 .904 .192 .696 1 1
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(1) (2) (3) (4) (5) (6)
Variables N Mean Std p10 p50 p90

Panel C: Lender Characteristics
Total assets (millions) 83088 2394 34210 58.9 206 1235
Tier 1 ratio 79139 .15 .0777 .0961 .131 .222
Deposit/Total assets 83088 .833 .0787 .739 .85 .906
Return on equity 83088 .764 1.11 .0524 .878 1.59
Diversification 82929 .554 .249 .157 .598 .845
Share of lending in sand states 82929 .101 .284 0 0 .338
Share of lending in constrained areas 82929 .0616 .192 0 0 .142

This table provides summary statistics for acceptance rate (conforming loans in Panel A
and jumbo loans in Panel B) and lender characteristics (Panel C). Acceptance rates are
calculated as the number (volume) of accepted applications divided by the total number
(Volume) of applications. Total assets, tier 1 capital ratio, and deposit to asset ratio and
return on equity, are from Call Report. Diversification and share of lending to high-growth
markets are computed from HMDA data. Diversification is measured as 1 minus the sum
of squared shares of mortgages in all markets in which the lender operates, and it ranges
from zero (for lenders that lend to a single market) to nearly 1 (for lenders that operate in
many markets). High-growth markets are measured by Sand States (Arizona, California,
Florida, and Nevada) or constrained areas, defined as areas with land availability in the
bottom decile according to Lutz and Sand (2019).
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Table 2.2: Acceptance Rate and Exposure to High-growth Markets

(1) (2) (3) (4)

Panel A: Conforming Loans
Exposure to High-Growth Markets (sand states) -0.044*** -0.051***

(0.005) (0.005)
Exposure to High-Growth Markets (constrained areas) -0.021*** -0.024***

(0.006) (0.006)
Applicant controls No No Yes Yes
Lender controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
N 69,580 69,580 68,723 68,723
R2 0.038 0.029 0.088 0.076

Panel B: Jumbo Loans
Exposure to High-Growth Markets (sand states) -0.052*** -0.056***

(0.005) (0.005)
Exposure to High-Growth Markets (constrained areas) -0.032*** -0.034***

(0.006) (0.006)
Applicant controls No No Yes Yes
Lender controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
N 57,426 57,426 51,103 51,103
R2 0.023 0.018 0.044 0.038

This table shows results on the relationship between acceptance rate and exposure to high-growth markets at the lender level
over the period of 1995-2017. Panel A (B) reports the results for conforming loans (jumbo loans). Acceptance rates are
calculated as the number of accepted applications divided by the total number of applications. High-growth markets are
measured by Sand States (Arizona, California, Florida, and Nevada) or constrained areas, defined as areas with land availability
in the bottom decile according to Lutz and Sand (2019). Applicant controls include the share of loans with full documentation,
the share of women applicants, and share of minority applicants. Lender controls include the log of total assets, Tier 1 capital
ratio, and deposit to asset ratio. We also include year fixed effects. Standard errors clustered at the lender level are in
parentheses. ***, **, and * indicate statistical significance at the 1, 5, and 10 percent level, respectively.
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Table 2.3a: Acceptance Rate of Local and Nonlocal Lenders, Conforming Loans

(1) (2) (3) (4)

Measure using sand states:
Exposure to High-Growth Markets -0.129*** -0.126***

(0.040) (0.038)
Local Lender -0.037** -0.030**

(0.015) (0.014)
Exposure to HGM * Local Lender 0.122*** 0.104**

(0.046) (0.043)
Measure using constrained areas:
Exposure to High-Growth Markets -0.197*** -0.210***

(0.032) (0.031)
Local Lender -0.019** -0.019**

(0.009) (0.009)
Exposure to HGM * Local Lender 0.203*** 0.214***

(0.036) (0.035)
Applicant controls No No Yes Yes
Lender controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes

N 73,285 73,285 72,403 72,403
R2 0.037 0.029 0.087 0.077

This table shows results on the relationship between acceptance rate of conforming loans and exposure to high-growth markets
over the period of 1995-2017. Acceptance rates are calculated as the number of accepted applications divided by the total
number of applications. Local lender in high-growth markets is defined as those with 25 percent or more of total lending in those
markets. High-growth markets are measured by Sand States (Arizona, California, Florida, and Nevada) or constrained areas,
defined as areas with land availability in the bottom decile according to Lutz and Sand (2019). Applicant controls include the
share of loans with full documentation, the share of women applicants, and share of minority applicants. Lender controls include
the log of total assets, Tier 1 capital ratio, and deposit to asset ratio. We also include year fixed effects. Standard errors clustered
at the lender level are in parentheses. ***, **, and * indicate statistical significance at the 1, 5, and 10 percent level, respectively.
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Table 2.3b: Acceptance Rate of Local and Nonlocal Lenders, Jumbo Loans

(1) (2) (3) (4)

Measure using sand states:
Exposure to High-Growth Markets -0.237*** -0.267***

(0.051) (0.051)
Local Lender -0.066*** -0.072***

(0.016) (0.016)
Exposure to HGM * Local Lender 0.251*** 0.285***

(0.058) (0.059)
Measure using constrained areas:
Exposure to High-Growth Markets -0.247*** -0.275***

(0.036) (0.037)
Local Lender -0.035*** -0.034***

(0.011) (0.011)
Exposure to HGM * Local Lender 0.264*** 0.289***

(0.040) (0.042)
Applicant controls No No Yes Yes
Lender controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes

N 60,113 60,113 53,646 53,646
R2 0.024 0.019 0.045 0.039

This table shows results on the relationship between acceptance rate of jumbo loans and exposure to high-growth markets over
the period of 1995-2017. Acceptance rates are calculated as the number of accepted applications divided by the total number of
applications. Local lender in high-growth markets is defined as those with 25 percent or more of total lending in those markets.
High-growth markets are measured by Sand States (Arizona, California, Florida, and Nevada) or constrained areas, defined as
areas with land availability in the bottom decile according to Lutz and Sand (2019). Applicant controls include the share of loans
with full documentation, the share of women applicants, and share of minority applicants. Lender controls include the log of
total assets, Tier 1 capital ratio, and deposit to asset ratio. We also include year fixed effects. Standard errors clustered at the
lender level are in parentheses. ***, **, and * indicate statistical significance at the 1, 5, and 10 percent level, respectively.
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Table 2.4a: Acceptance Rate: Within-Lender Test

(1) (2) (3) (4)

Primary Market 0.010*** 0.010*** 0.013*** 0.013***
(0.000) (0.000) (0.000) (0.000)

Jumbo -0.015*** -0.018*** -0.025*** -0.027***
(0.001) (0.001) (0.001) (0.001)

Primary Market * Jumbo 0.026*** 0.027*** 0.026*** 0.027***
(0.001) (0.001) (0.001) (0.001)

Measure using sand states:
High-Growth Market * Primary market 0.010*** 0.007***

(0.001) (0.001)
High-Growth Market * Jumbo -0.013*** -0.011***

(0.001) (0.001)
Measure using constrained areas:
High-Growth Market * Primary market 0.009*** 0.008***

(0.001) (0.002)
High-Growth Market * Jumbo -0.011*** -0.010***

(0.001) (0.001)
Applicant and lender controls Yes Yes Yes Yes

N 8,460,571 8,460,571 8,460,571 8,460,571
R2 0.397 0.397 0.392 0.392

This table shows within-lender test for the acceptance rate at lender-market-year level over the period of 1995-2017. Acceptance
rates are calculated based on loan number in columns 1-2, and loan volume in columns 3-4. Primary market is dummy that takes
the value 1 for the market with the largest share of a lender in a year. Jumbo is a dummy that takes the value 1 for the jumbo
segment. Local lender is a dummy that takes the value 1 for lenders with 25 percent or more of total lending in high-growth
markets. High-growth markets are measured by Sand States (Arizona, California, Florida, and Nevada) or constrained areas,
defined as areas with land availability in the bottom decile according to Lutz and Sand (2019). Applicant controls include the
share of loans with full documentation, the share of women applicants, and share of minority applicants. Lender controls include
the log of total assets, Tier 1 capital ratio, and deposit to asset ratio. We also include market fixed effects and lender×year fixed
effects. Standard errors clustered at the lender-year level are in parentheses. ***, **, and * indicate statistical significance at the
1, 5, and 10 percent level, respectively.
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Table 2.4b: Within-Lender Test: Expansion to High-Growth Markets

(1) (2) (3) (4)

Primary Market 0.012*** 0.012*** 0.015*** 0.015***
(0.000) (0.000) (0.000) (0.000)

Jumbo -0.008*** -0.012*** -0.018*** -0.021***
(0.001) (0.001) (0.001) (0.001)

Primary Market * Jumbo 0.020*** 0.021*** 0.021*** 0.022***
(0.001) (0.001) (0.001) (0.001)

Measure using sand states:
High-Growth Market 0.015*** 0.013***

(0.001) (0.001)
High-Growth Market * Primary market 0.007*** 0.005***

(0.001) (0.001)
High-Growth Market * Jumbo -0.018*** -0.015***

(0.001) (0.001)
Measure using constrained areas:
High-Growth Market 0.001 -0.001

(0.001) (0.001)
High-Growth Market * Primary market 0.009*** 0.008***

(0.001) (0.001)
High-Growth Market * Jumbo -0.006*** -0.005***

(0.001) (0.001)
Applicant and lender controls Yes Yes Yes Yes

N 8,460,571 8,460,571 8,460,571 8,460,571
R2 0.393 0.393 0.388 0.388

This table shows within-lender test for the acceptance rate at lender-market-year level over the period of 1995-2017. Acceptance
rates are calculated based on loan number in columns 1-2, and loan volume in columns 3-4. Primary market is dummy that takes
the value 1 for the market with the largest share of a lender in a year. Jumbo is a dummy that takes the value 1 for the jumbo
segment. Local lender is a dummy that takes the value 1 for lenders with 25 percent or more of total lending in high-growth
markets. High-growth markets are measured by Sand States (Arizona, California, Florida, and Nevada) or constrained areas,
defined as areas with land availability in the bottom decile according to Lutz and Sand (2019). Applicant controls include the
share of loans with full documentation, the share of women applicants, and share of minority applicants. Lender controls include
the log of total assets, Tier 1 capital ratio, and deposit to asset ratio. We also include lender×year fixed effects. Standard errors
clustered at the lender-year level are in parentheses. ***, **, and * indicate statistical significance at the 1, 5, and 10 percent
level, respectively.
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Table 2.5: Lender Profitability and Stock Return Volatility

(1) (2) (3) (4) (5) (6)
Return on Equity Stock Return Volatility Excess Return Volatility

Measure using sand states:
Exposure to High-Growth Markets -0.271 1.877*** 1.857***

(0.251) (0.399) (0.396)
Local Lender 0.046 0.756*** 0.748***

(0.119) (0.151) (0.150)
Exposure to HGM * Local Lender -0.090 -2.361*** -2.339***

(0.300) (0.496) (0.493)
Measure using constrained areas:
Exposure to High-Growth Markets -1.081*** 1.744*** 1.718***

(0.181) (0.452) (0.448)
Local Lender -0.354*** 0.334* 0.331*

(0.071) (0.174) (0.172)
Exposure to HGM * Local Lender 1.413*** -2.214*** -2.186***

(0.222) (0.602) (0.596)
Lender controls Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes

N 69,233 69,233 8,281 8,281 8,281 8,281
R2 0.137 0.133 0.486 0.482 0.489 0.485

This table shows results on lender profitability and stock return volatility over the period of 1995-2017. Return on equity is
calculated as the net income to equity ratio. Excess stock return is calculated as the difference between stock return and the
10-year treasury bond yield. Local lender is a dummy that takes the value 1 for lenders with 25 percent or more of total lending
in high-growth markets. High-growth markets are measured by Sand States (Arizona, California, Florida, and Nevada) or
constrained areas, defined as areas with land availability in the bottom decile according to Lutz and Sand (2019). Lender
controls include the log of total assets, Tier 1 capital ratio, and deposit to asset ratio. We also include year fixed effects.
Standard errors clustered at the lender level are in parentheses. ***, **, and * indicate statistical significance at the 1, 5, and 10
percent level, respectively.
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Table 2.6: Lender Systemic Risk

(1) (2) (3) (4)
Marginal Expected Shortfall SRISK(%)

Measure using sand states:
Exposure to High-Growth Markets 19.751*** -3.215

(6.750) (2.319)
Local Lender 12.233*** 1.518

(2.669) (1.238)
Exposure to HGM * Local Lender -31.356*** 2.916

(7.904) (3.490)
Measure using constrained areas:
Exposure to High-Growth Markets 7.279 8.534**

(10.343) (3.705)
Local Lender 5.873 0.898

(5.101) (1.809)
Exposure to HGM * Local Lender -7.721 -9.634*

(13.498) (5.553)
Lender controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes

N 759 759 759 759
R2 0.534 0.494 0.296 0.273

This table shows results on systemic risk over the period of 2000-2017. Marginal expected shortfall is defined as the tail
expectation of a firm’s equity return condition on a market decline. SRISK calculates the firm’s expected capital shortfall as a
percentage of total assets given its capitalization and marginal expected shortfall. Local lender is a dummy that takes the value 1
for lenders with 25 percent or more of total lending in high-growth markets. High-growth markets are measured by Sand States
(Arizona, California, Florida, and Nevada) or constrained areas, defined as areas with land availability in the bottom decile
according to Lutz and Sand (2019). Lender controls include the log of total assets, Tier 1 capital ratio, and deposit to asset ratio.
We also include year fixed effects. Standard errors clustered at the lender level are in parentheses. ***, **, and * indicate
statistical significance at the 1, 5, and 10 percent level, respectively.
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Table 2.7: Summary Statistics of Mortgage Portfolio

(1) (2) (3) (4) (5) (6)
Variables N Mean Std p10 p50 p90

Mortgage portfolio return 82062 .0593 .0358 .0237 .0488 .105
Mortgage portfolio risk 82062 .0576 .0242 .0344 .052 .0916
Return loss 82062 .0217 .0143 .00829 .0189 .0384
Relative Sharpe ratio loss 82062 .301 .189 .0908 .262 .579

This table summarizes mortgage portfolio performance at lender-year level. Portfolio risk is calculated as the standard deviation
of the excess return. Return loss is the average return loss by choosing a given portfolio rather than a portfolio combining the
benchmark portfolio with cash. Relative Sharpe Ratio loss is one minus the ratio of a given portfolio’s Sharpe ratio and the
benchmark portfolio’s Sharpe ratio.
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Table 2.8: Mortgage Portfolio Performance

(1) (2) (3) (4) (5) (6)
Log Risk Log Return Loss Log Relative

Sharpe Ratio Loss

Measure using sand states:
Exposure to High-Growth Markets 0.924*** -3.803*** -4.727***

(0.028) (0.105) (0.112)
Local Lender 0.117*** -1.068*** -1.185***

(0.014) (0.049) (0.048)
Exposure to HGM * Local Lender -0.255*** 5.254*** 5.509***

(0.041) (0.148) (0.149)
Measure using constrained areas:
Exposure to High-Growth Markets 0.576*** -0.707*** -1.283***

(0.040) (0.102) (0.111)
Local Lender 0.130*** 0.025 -0.105***

(0.012) (0.029) (0.031)
Exposure to HGM * Local Lender -0.612*** 0.685*** 1.296***

(0.046) (0.122) (0.132)
Lender controls Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes

N 77,263 77,263 77,263 77,263 77,263 77,263
R2 0.977 0.966 0.942 0.925 0.959 0.940

This table shows results on mortgage portfolio performance over the period of 1995-2017. Portfolio risk is calculated as the
standard deviation of the excess return. Return loss is the average return loss by choosing a given portfolio rather than a
portfolio combining the benchmark portfolio with cash. Relative Sharpe Ratio loss is one minus the ratio of a given portfolio’s
Sharpe ratio and the benchmark portfolio’s Sharpe ratio. Local lender is a dummy that takes the value 1 for lenders with 25
percent or more of total lending in high-growth markets. High-growth markets are measured by Sand States (Arizona, California,
Florida, and Nevada) or constrained areas, defined as areas with land availability in the bottom decile according to Lutz and
Sand (2019). Lender controls include the log of total assets, Tier 1 capital ratio, and deposit to asset ratio. We also include year
fixed effects. Standard errors clustered at the lender level are in parentheses. ***, **, and * indicate statistical significance at the
1, 5, and 10 percent level, respectively.
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Appendix A

Supplemental Evidence on Mortgage Foreclosure and Rate

In this appendix, I first present some summary statistics for the Fannie Mae Loan

Performance Data. Then I provide supplemental empirical analysis on the impact of

foreclosure process on foreclosure costs and mortgage rate.

Table A1 reports the number of loans purchased by Fannie Mae from 2000 to

2016. The number of mortgages reached its peak of 5.1 millions in 2003 and gradually

declined to about 1.1 millions in 2006. This is consistent with the development of

private securitization market in early 2000s, where the market share of Fannie Mae

shrunk during this period. The number increased slowly after the financial crisis as

GSEs played bigger role in the securitization market.

Table A2 presents summary statistics for 30-year fixed rate single-family mort-

gages with the purpose of home purchase. First, the average mortgage rate is 5.654%,

with a standard deviation of 1.4%. Second, the average loan amount is much higher

than the median loan amount. Thirdly, the average loan-to-value ratio is slightly

higher than 80, as mortgages with higher loan-to-value ratio are eligible for Fannie

Mae’s purchase with additional mortgage insurance.

For the empirical results reported in the paper, there may be concerns that mort-

gages originated before and after the financial crisis could be different. Lenders may

use more stricter screening rule after the financial crisis, therefore increases the quality

of mortgages and the behaviors during the foreclosure process. In order to address

the concern, I split the sample into two periods based on the origination year: before
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the financial crisis (2000-2007) and after the crisis (2008-2016). Then I re-do all the

analysis for foreclosure duration (Table A3), foreclosure costs (Table A5), mortgage

rates and credit score (Table A6). All results hold for the split samples.

Another concern could be that foreclosure process is different before and after the

financial crisis. Especially due to dramatic increase in the number of mortgages under

foreclosure, foreclosure process may be prolonged after the financial crisis. Controlling

for the time of origination is not enough, as mortgages originated before the crisis

may actually enter foreclosure after the crisis. To mitigate the concern, I replace the

origination quarter fixed effects with initial delinquent quarter fixed effect, as well as

splitting the sample based on the initial delinquent year. The results are reported in

Table A7, Table A8, Table A9, and Table A11. The results do not change with the

new time fixed effect. Judicial states have longer duration and higher cost even before

the financial crisis.

I also take state-level average mortgage rate from FHFA’s Monthly Interest Rate

Survey. The survey is the nation’s most comprehensive source of information on con-

ventional mortgage rates and terms. In addition to the usual contract rate, the data

also includes effective rate, which is the sum of contract rate and other charges at

the time of origination. If we are concerned that GSEs may impose higher charges

other than contract rate in judicial states, the effective mortgage rate will mitigate

that concern. Table A12 reports the results from panel regressions. The results still

hold with the effective rate.

Lastly, I examine the impact of foreclosure laws on initial default rate and foreclo-

sure rate in Table A13. Initial default rate is the percentage of mortgages that ever

beyond 90 days delinquency, and foreclosure rate is the percentage of mortgages get

foreclosed. While none of the mortgages reach their maturity, I observe their outcomes

as of June 2019. Both rates, as well as average LTV and credit score, are computed
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for each origination cohort and type of foreclosure laws separately. In addition to the

full sample, I also split the sample based on households’ income and credit score. In

all samples, initial default rate in judicial states is significantly higher than that in

non-judicial states. Foreclosure rate is not statistically different across judicial and

non-judicial states, except for the low income/low credit score households.
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Table A1: Loan Number by Year

Year Count
2000 1267892
2001 3371876
2002 3857280
2003 5107349
2004 1744509
2005 1446211
2006 1080840
2007 1252500
2008 1491728
2009 2363169
2010 1951533
2011 1661775
2012 2680140
2013 2207406
2014 1444942
2015 1859767
2016 2066308

This table reports the number of loans purchased by Fannie Mae from 2000 to 2016.

Table A2: Summary Statistics

Count Mean Std. p25 p50 p75
Interest Rate 5852202 5.654 1.400 4.375 5.75 6.625
Loan Amount 5852202 191212.6 107029.6 114000 167000 244000
Loan-to-value Ratio 5852202 81.22 13.84 80 80 94
Debt-to-income Ratio 5852202 34.98 10.92 27 35 42
Credit Score 5852202 738.98 52.74 704 750 782

This table reports summary statistics for 30-year fixed rate single-family mortgages with
the purpose of home purchase.
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Table A3: Foreclosure Duration in Subsamples

(1) (2) (3) (4) (5) (6) (7) (8)
No. of delinquent months No. of months since delinquent

2000-2007 2008-2016 2000-2007 2008-2016
Judicial dummy 6.067*** 5.222*** 6.281*** 5.403*

(7.17) (3.37) (4.92) (1.80)
Process length 11.41*** 17.07*** 16.32*** 19.89***

(4.10) (3.86) (6.50) (5.11)
Redemption dummy -5.527*** -0.119 -6.813** -0.461 -5.223*** 1.044 -9.397** -2.472

(-5.25) (-0.16) (-2.22) (-0.22) (-2.73) (1.15) (-2.50) (-0.89)
Recourse dummy -0.466 0.409 3.022 0.775 -2.403 -3.137** 0.572 -2.611

(-0.37) (0.37) (0.86) (0.25) (-1.24) (-2.46) (0.12) (-0.70)
Bankruptcy exemption 4.305*** 1.662* 5.868* 0.306 1.395 -2.721* 9.531** 2.995

(4.11) (1.67) (1.67) (0.12) (0.76) (-1.79) (2.33) (0.96)
Change in housing value 8.777*** 8.749*** 10.43*** 10.38*** 25.68*** 25.63*** 15.84*** 15.79***

(8.96) (8.97) (3.86) (3.93) (13.63) (13.72) (4.94) (5.00)
MSA and quarter fixed effect Y Y Y Y Y Y Y Y
N 70501 70501 12722 12722 70501 70501 12722 12722
R2 0.278 0.277 0.302 0.305 0.155 0.155 0.230 0.232

This table reports analysis similar to Table 1, while splitting the sample into before crisis sample (2000-2007) and after crisis
sample (2008-2016). Judicial dummy takes value one for judicial states. Process length is the continuous index of the length of
foreclosure process solely based on regulations. Redemption dummy takes value one if the state allow households to regain the
house within a period after the foreclosure. Recourse dummy takes value one if the state allows lenders to pursue a deficiency
judgment against the household’s other assets. Bankruptcy exemption specifies how much home equity the household can keep
after a Chapter 7 bankruptcy filing. Change in housing value measures the appreciation of housing value between mortgage
origination and initiation of foreclosure. I also control for quarter and MSA fixed effects. ***, **, and * indicate statistical
significance at the 1, 5, and 10 percent level, respectively.
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Table A4: Foreclosure Cost in Subsamples

(1) (2) (3) (4) (5) (6) (7) (8)
Foreclosure cost (dollar amount) Foreclosure cost (% of loan amount)

2000-2007 2008-2016 2000-2007 2008-2016
Judicial dummy 1630.8*** 2453.6*** 1.387*** 1.441**

(5.29) (3.82) (2.88) (2.39)
Process length 4905.0*** 6852.4*** 3.318** 3.006*

(4.18) (11.88) (2.25) (1.96)
Redemption dummy -873.1* 849.2*** -1444.3 1337.6** -1.149 0.190 -0.581 0.886

(-1.81) (3.63) (-1.42) (2.39) (-1.58) (0.35) (-0.69) (1.15)
Recourse dummy -1615.5*** -2044.2*** -2247.3* -2795.6*** -1.436* -1.490** -1.734 -1.665

(-3.52) (-4.33) (-1.84) (-3.65) (-1.89) (-2.10) (-1.41) (-1.55)
Bankruptcy exemption -952.9* -2215.0*** 370.8 -1799.9*** -1.111* -1.924*** -0.209 -1.124

(-1.92) (-6.01) (0.32) (-2.66) (-1.71) (-3.03) (-0.22) (-1.17)
Change in housing value 2510.9*** 2498.8*** 2703.2*** 2658.1*** 3.333*** 3.326*** 1.696*** 1.670***

(8.63) (8.76) (3.13) (3.13) (7.47) (7.52) (2.73) (2.68)
MSA and quarter fixed effect Y Y Y Y Y Y Y Y
N 69574 69574 12051 12051 69574 69574 12051 12051
R2 0.112 0.112 0.095 0.096 0.168 0.168 0.148 0.148

This table reports analysis similar to Table 2, while splitting the sample into before crisis sample (2000-2007) and after crisis
sample (2008-2016). Judicial dummy takes value one for judicial states. Process length is the continuous index of the length of
foreclosure process solely based on regulations. Redemption dummy takes value one if the state allow households to regain the
house within a period after the foreclosure. Recourse dummy takes value one if the state allows lenders to pursue a deficiency
judgment against the household’s other assets. Bankruptcy exemption specifies how much home equity the household can keep
after a Chapter 7 bankruptcy filing. Change in housing value measures the appreciation of housing value between mortgage
origination and initiation of foreclosure. I also control for quarter and MSA fixed effects. ***, **, and * indicate statistical
significance at the 1, 5, and 10 percent level, respectively.
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Table A5: Foreclosure Loss in Subsamples

(1) (2) (3) (4) (5) (6) (7) (8)
Total cost (% of loan amount) Total loss (% of loan amount)
2000-2007 2008-2016 2000-2007 2008-2016

Judicial dummy 3.681*** 4.247*** -3.989* -6.181**
(2.90) (2.80) (-1.70) (-2.38)

Process length 9.250* 8.339* -13.85* -16.38***
(1.89) (1.92) (-1.91) (-4.47)

Redemption dummy -1.715 1.903 -3.341 0.900 0.506 -3.981 6.466 -0.397
(-1.05) (1.54) (-1.59) (0.58) (0.11) (-1.01) (1.19) (-0.09)

Recourse dummy -0.871 -1.175 -1.813 -1.408 7.330 9.052* 5.068 6.109
(-0.48) (-0.58) (-0.68) (-0.61) (1.44) (1.93) (0.95) (1.46)

Bankruptcy exemption -1.812 -4.106** 3.193 0.680 8.462* 12.11*** 0.146 5.301
(-1.24) (-2.39) (1.47) (0.33) (1.92) (2.90) (0.03) (1.12)

Change in housing value 9.363*** 9.342*** -1.533 -1.608 15.66*** 15.70*** 26.82*** 26.93***
(10.23) (10.30) (-1.01) (-1.05) (5.34) (5.36) (6.77) (6.85)

MSA and quarter fixed effect Y Y Y Y Y Y Y Y
N 69574 69574 12051 12051 69571 69571 12051 12051
R2 0.201 0.201 0.201 0.201 0.197 0.197 0.192 0.192

This table reports analysis similar to Table 2, while splitting the sample into before crisis sample (2000-2007) and after crisis
sample (2008-2016). Judicial dummy takes value one for judicial states. Process length is the continuous index of the length of
foreclosure process solely based on regulations. Redemption dummy takes value one if the state allow households to regain the
house within a period after the foreclosure. Recourse dummy takes value one if the state allows lenders to pursue a deficiency
judgment against the household’s other assets. Bankruptcy exemption specifies how much home equity the household can keep
after a Chapter 7 bankruptcy filing. Change in housing value measures the appreciation of housing value between mortgage
origination and initiation of foreclosure. I also control for quarter and MSA fixed effects. ***, **, and * indicate statistical
significance at the 1, 5, and 10 percent level, respectively.
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Table A6: Mortgage Rate and Credit Score in Subsamples

(1) (2) (3) (4) (5) (6) (7) (8)
Adjusted mortgage rate Credit score

2000-2007 2008-2016 2000-2007 2008-2016
Judicial dummy -0.00223 0.00814 1.343 0.0666

(-0.22) (1.02) (1.03) (0.09)
Process length 0.0317 0.0141 3.694 2.341

(1.43) (0.70) (1.04) (1.32)
Redemption dummy -0.0144 -0.0105 -0.0107 -0.00649 -3.570 -2.676 2.199 2.565

(-0.51) (-0.38) (-0.69) (-0.42) (-1.25) (-0.94) (1.28) (1.47)
Recourse dummy 0.0881** 0.0771** -0.000206 -0.000211 -4.074 -4.477 -2.254 -2.927

(2.42) (2.19) (-0.01) (-0.01) (-1.46) (-1.62) (-1.20) (-1.54)
Bankruptcy Exemption 0.0299 0.0225 0.00326 0.000761 -2.278 -2.980 -3.360* -3.872*

(1.12) (0.84) (0.17) (0.04) (-0.94) (-1.09) (-1.75) (-1.88)
MSA fixed effects Y Y Y Y Y Y Y Y
N 95425 95425 99803 99803 95425 95425 99803 99803
R2 0.164 0.164 0.121 0.121 0.078 0.078 0.054 0.054

This table reports analysis similar to zip-code level mortgage rate and credit score in Table 3, while splitting the sample into
before crisis sample (2000-2007) and after crisis sample (2008-2016). Judicial dummy takes value one for judicial states. Process
length is the continuous index of the length of foreclosure process solely based on regulations. Redemption dummy takes value
one if the state allow households to regain the house within a period after the foreclosure. Recourse dummy takes value one if the
state allows lenders to pursue a deficiency judgment against the household’s other assets. Bankruptcy exemption specifies how
much home equity the household can keep after a Chapter 7 bankruptcy filing. I also control for MSA fixed effect. ***, **, and *
indicate statistical significance at the 1, 5, and 10 percent level, respectively.
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Table A7: Foreclosure Duration with Alternative Time Fixed Effect

(1) (2) (3) (4)
No. of delinquent months No. of months since delinquent

Judicial dummy 5.854*** 6.308***
(6.71) (4.22)

Process length 12.15*** 16.77***
(7.56) (8.01)

Redemption dummy -5.400*** 0.0528 -5.619*** 0.805
(-4.66) (0.09) (-3.17) (1.13)

Recourse dummy -0.369 0.0581 -2.603 -3.489***
(-0.28) (0.08) (-1.34) (-3.29)

Bankruptcy exemption 4.568*** 1.568** 1.862 -2.518**
(3.80) (2.34) (1.05) (-2.02)

Change in housing value 6.663*** 6.601*** 13.46*** 13.37***
(9.25) (9.32) (11.61) (11.72)

MSA and quarter fixed effect Y Y Y Y
N 83223 83223 83223 83223
R2 0.300 0.300 0.195 0.195

This table reports analysis similar to Table 1, while replacing origination quarter fixed effect with initial delinquent quarter fixed
effect. Judicial dummy takes value one for judicial states. Process length is the continuous index of the length of foreclosure
process solely based on regulations. Redemption dummy takes value one if the state allow households to regain the house within
a period after the foreclosure. Recourse dummy takes value one if the state allows lenders to pursue a deficiency judgment
against the household’s other assets. Bankruptcy exemption specifies how much home equity the household can keep after a
Chapter 7 bankruptcy filing. Change in housing value measures the appreciation of housing value between mortgage origination
and initiation of foreclosure. I also control for quarter and MSA fixed effects. ***, **, and * indicate statistical significance at the
1, 5, and 10 percent level, respectively.
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Table A8: Foreclosure Duration with Alternative Time Fixed Effect in Subsamples

(1) (2) (3) (4) (5) (6) (7) (8)
No. of delinquent months No. of months since delinquent

2000-2007 2008-2016 2000-2007 2008-2016
Judicial dummy 3.404*** 6.771*** 4.073 7.229***

(3.48) (6.95) (1.31) (5.26)
Process length 13.22*** 11.87*** 31.40*** 13.09***

(5.26) (5.91) (4.17) (5.31)
Redemption dummy -4.941*** -1.391 -5.807*** 0.680 -7.039*** -0.544 -5.500** 1.490

(-5.97) (-1.38) (-3.73) (1.02) (-3.38) (-0.24) (-2.33) (1.30)
Recourse dummy 1.793 0.168 -0.940 0.252 -1.563 -9.184** -2.732 -1.611

(1.34) (0.13) (-0.59) (0.27) (-0.42) (-2.58) (-1.19) (-1.03)
Bankruptcy exemption 5.440*** 2.618** 4.520*** 1.085 0.520 -7.313** 3.569* -0.235

(5.63) (2.20) (2.92) (1.29) (0.19) (-2.19) (1.68) (-0.16)
Change in housing value 7.633*** 7.562*** 7.707*** 7.629*** 29.89*** 29.72*** 9.732*** 9.648***

(5.78) (5.75) (8.33) (8.30) (10.62) (10.78) (9.45) (9.44)
MSA and quarter fixed effect Y Y Y Y Y Y Y Y
N 20533 20533 62690 62690 20533 20533 62690 62690
R2 0.240 0.241 0.311 0.310 0.122 0.123 0.259 0.259

This table reports analysis similar to Table A1, while replace origination quarter fixed effect with initial delinquent quarter fixed
effect. Judicial dummy takes value one for judicial states. Process length is the continuous index of the length of foreclosure
process solely based on regulations. Redemption dummy takes value one if the state allow households to regain the house within
a period after the foreclosure. Recourse dummy takes value one if the state allows lenders to pursue a deficiency judgment
against the household’s other assets. Bankruptcy exemption specifies how much home equity the household can keep after a
Chapter 7 bankruptcy filing. Change in housing value measures the appreciation of housing value between mortgage origination
and initiation of foreclosure. I also control for quarter and MSA fixed effects. ***, **, and * indicate statistical significance at the
1, 5, and 10 percent level, respectively.
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Table A9: Foreclosure Cost with Alternative Time Fixed Effect

(1) (2) (3) (4) (5) (6) (7) (8)
Foreclosure cost Foreclosure cost Total cost Total loss
(dollar amount) (% of loan amount) (% of loan amount) (% of loan amount)

Judicial dummy 1747.8*** 1.423*** 3.776*** -4.438*
(5.01) (2.93) (2.97) (-1.89)

Process length 5234.0*** 3.254** 8.878* -13.61*
(5.01) (2.19) (1.84) (-1.95)

Redemption dummy -989.1* 870.6*** -1.176 0.188 -2.182 1.474 1.720 -3.050
(-1.93) (3.72) (-1.58) (0.32) (-1.33) (1.16) (0.41) (-0.87)

Recourse dummy -1748.1*** -2199.2*** -1.609* -1.608** -1.487 -1.573 6.905 8.168*
(-3.16) (-4.98) (-1.94) (-2.11) (-0.76) (-0.77) (1.40) (1.80)

Bankruptcy exemption -669.7 -2050.0*** -0.955 -1.767** -0.871 -3.100* 6.142 9.746**
(-1.19) (-5.75) (-1.36) (-2.54) (-0.56) (-1.78) (1.46) (2.44)

Change in housing value 516.3*** 493.4*** 4.466*** 4.451*** 11.94*** 11.90*** 27.06*** 27.12***
(3.09) (2.95) (11.44) (11.50) (12.64) (12.66) (16.09) (16.22)

MSA and quarter fixed effect Y Y Y Y Y Y Y Y
N 81625 81625 81625 81625 81625 81625 81622 81622
R2 0.108 0.108 0.160 0.160 0.203 0.204 0.209 0.209

This table reports analysis similar to Table 2, while while replacing origination quarter fixed effect with initial delinquent quarter
fixed effect. Judicial dummy takes value one for judicial states. Process length is the continuous index of the length of foreclosure
process solely based on regulations. Redemption dummy takes value one if the state allow households to regain the house within
a period after the foreclosure. Recourse dummy takes value one if the state allows lenders to pursue a deficiency judgment
against the household’s other assets. Bankruptcy exemption specifies how much home equity the household can keep after a
Chapter 7 bankruptcy filing. Change in housing value measures the appreciation of housing value between mortgage origination
and initiation of foreclosure. I also control for quarter and MSA fixed effects. ***, **, and * indicate statistical significance at the
1, 5, and 10 percent level, respectively.
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Table A10: Foreclosure Cost with Alternative Time Fixed Effect in Subsamples

(1) (2) (3) (4) (5) (6) (7) (8)
Foreclosure cost (dollar amount) Foreclosure cost (% of loan amount)

2000-2007 2008-2016 2000-2007 2008-2016
Judicial dummy 1347.6*** 1881.6*** 1.592** 1.364***

(2.62) (4.63) (2.29) (3.07)
Process length 8540.2** 4361.9*** 6.323*** 2.403*

(2.33) (6.45) (4.20) (1.67)
Redemption dummy -843.3 1034.1 -1273.3** 684.6*** -2.006* -0.329 -1.097 0.205

(-0.88) (0.98) (-2.26) (3.89) (-1.93) (-0.35) (-1.45) (0.33)
Recourse dummy -1098.7 -2943.2 -1936.8*** -1984.3*** -0.899 -1.708 -1.736** -1.493*

(-0.74) (-1.60) (-3.51) (-6.86) (-0.61) (-1.31) (-2.12) (-1.90)
Bankruptcy exemption -1051.8 -3107.0** -179.1 -1464.4*** -0.640 -1.994* -0.809 -1.492*

(-0.98) (-2.28) (-0.31) (-5.21) (-0.62) (-1.95) (-1.05) (-1.90)
Change in housing value -253.8 -287.4 441.1** 415.6** 3.891*** 3.866*** 5.082*** 5.066***

(-0.53) (-0.60) (2.53) (2.39) (5.79) (5.78) (12.86) (12.91)
MSA and quarter fixed effect Y Y Y Y Y Y Y Y
N 20336 20336 61289 61289 20336 20336 61289 61289
R2 0.088 0.090 0.127 0.127 0.131 0.132 0.188 0.188

This table reports analysis similar to Table A2, while replacing origination quarter fixed effect with initial delinquent quarter
fixed effect. Judicial dummy takes value one for judicial states. Process length is the continuous index of the length of foreclosure
process solely based on regulations. Redemption dummy takes value one if the state allow households to regain the house within
a period after the foreclosure. Recourse dummy takes value one if the state allows lenders to pursue a deficiency judgment
against the household’s other assets. Bankruptcy exemption specifies how much home equity the household can keep after a
Chapter 7 bankruptcy filing. Change in housing value measures the appreciation of housing value between mortgage origination
and initiation of foreclosure. I also control for quarter and MSA fixed effects. ***, **, and * indicate statistical significance at the
1, 5, and 10 percent level, respectively.
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Table A11: Foreclosure Loss with Alternative Time Fixed Effect in Subsamples

(1) (2) (3) (4) (5) (6) (7) (8)
Total cost (% of loan amount) Total loss (% of loan amount)

2000-2007 2008-2016 2000-2007 2008-2016
Judicial dummy 3.266** 3.949*** -3.694** -4.673*

(2.34) (3.00) (-2.02) (-1.68)
Process length 15.26*** 7.078 -17.87*** -12.48

(4.82) (1.35) (-8.37) (-1.50)
Redemption dummy -2.048 1.721 -2.842 0.946 2.218 -2.132 1.966 -3.152

(-1.28) (1.26) (-1.57) (0.68) (0.69) (-0.76) (0.39) (-0.74)
Recourse dummy 0.971 -1.524 -2.449 -1.791 6.544 9.582*** 6.947 7.668

(0.42) (-0.84) (-1.21) (-0.80) (1.45) (2.88) (1.25) (1.45)
Bankruptcy exemption -0.239 -3.671** -0.652 -2.668 4.997 9.050*** 6.079 9.813**

(-0.15) (-2.25) (-0.37) (-1.33) (1.56) (3.14) (1.20) (1.97)
Change in housing value 9.770*** 9.710*** 13.46*** 13.41*** 12.02*** 12.09*** 32.25*** 32.32***

(7.08) (7.10) (12.16) (12.14) (5.67) (5.73) (13.52) (13.61)
MSA and quarter fixed effect Y Y Y Y Y Y Y Y
N 20336 20336 61289 61289 20334 20334 61288 61288
R2 0.167 0.169 0.227 0.227 0.195 0.195 0.171 0.171

This table reports analysis similar to Table A2, while replacing origination quarter fixed effect with initial delinquent quarter
fixed effect. Judicial dummy takes value one for judicial states. Process length is the continuous index of the length of foreclosure
process solely based on regulations. Redemption dummy takes value one if the state allow households to regain the house within
a period after the foreclosure. Recourse dummy takes value one if the state allows lenders to pursue a deficiency judgment
against the household’s other assets. Bankruptcy exemption specifies how much home equity the household can keep after a
Chapter 7 bankruptcy filing. Change in housing value measures the appreciation of housing value between mortgage origination
and initiation of foreclosure. I also control for quarter and MSA fixed effects. ***, **, and * indicate statistical significance at the
1, 5, and 10 percent level, respectively.
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Table A12: FHFA Mortgage Rate

(1) (2) (3) (4)
contract rate effective rate

Judicial dummy -0.00210 -0.0274
(-0.10) (-1.15)

Process length 0.00633 0.00501
(0.13) (0.09)

Redemption dummy -0.0200 -0.0196 0.00733 0.00896
(-0.88) (-0.85) (0.26) (0.29)

Recourse dummy 0.0665*** 0.0658*** 0.0458 0.0372
(2.80) (2.84) (1.58) (1.21)

Bankruptcy exemption 0.0387 0.0390 0.0362 0.0370
(1.42) (1.42) (0.93) (0.88)

Year fixed effect Y Y Y Y
N 965 965 965 965
R2 0.992 0.992 0.990 0.990

This table analyzes the relationship between FHFA mortgage rate (contract and effective rate) and foreclosure process. Effective
rate is the sum of contract rate and other charges at the time of origination. Judicial dummy takes value one for judicial states.
Process length is the continuous index of the length of foreclosure process solely based on regulations. Redemption dummy takes
value one if the state allow households to regain the house within a period after the foreclosure. Recourse dummy takes value one
if the state allows lenders to pursue a deficiency judgment against the household’s other assets. Bankruptcy exemption specifies
how much home equity the household can keep after a Chapter 7 bankruptcy filing. I also control for year fixed effect. ***, **,
and * indicate statistical significance at the 1, 5, and 10 percent level, respectively.

123



Table A13: Initial Default Rate and Foreclosure Rate

Panel A:

(1) (2) (3) (4) (5) (6)
Full Sample Low Income/Low Credit Score Low Income/High Credit Score

Initial Default Foreclosure Initial Default Foreclosure Initial Default Foreclosure
Judicial Dummy 0.390*** 0.049 2.823*** 0.347** 0.185*** -0.004

(0.098) (0.060) (0.258) (0.162) (0.066) (0.067)
Average LTV 0.279* 0.136 -1.561 2.895 0.146 2.503*

(0.142) (0.087) (5.389) (3.378) (1.252) (1.276)
Average Credit Score -0.259*** 0.017 0.297 0.100 0.148 0.243*

(0.045) (0.027) (0.245) (0.153) (0.124) (0.126)
Quarter fixed effect Y Y Y Y Y Y
N 136 136 136 136 136 136
R2 0.997 0.997 0.985 0.984 0.987 0.972

Panel B:

(1) (2) (3) (4)
High Income/Low Credit Score High Income/High Credit Score
Initial Default Foreclosure Initial Default Foreclosure

Judicial Dummy 2.319*** 0.021 0.141*** 0.022
(0.466) (0.198) (0.039) (0.020)

Average LTV -0.681** 0.082 -0.106 -0.038
(0.332) (0.141) (0.086) (0.044)

Average Credit Score 0.041 -0.085 -0.016 0.003
(0.195) (0.083) (0.036) (0.018)

Quarter fixed effect Y Y Y Y
N 136 136 136 136
R2 0.864 0.842 0.915 0.860

This table analyzes the impact of foreclosure laws on initial default rate and foreclosure rate. Initial default rate is the percentage
of mortgages that ever beyond 90 days delinquency, and foreclosure rate is the percentage of mortgages get foreclosed. Mortgage
outcomes are observed as of June 2019. Judicial dummy takes value one for judicial states. Both rates, as well as average LTV
and credit score, are computed for each origination cohort and type of foreclosure laws separately. Panel A reports the results for
the full sample, low income/low credit score household sample, and low income/high credit score household sample. Panel B
reports for high income/low credit score household sample and high income/high credit score household sample I also control for
quarter fixed effects. ***, **, and * indicate statistical significance at the 1, 5, and 10 percent level, respectively.
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Appendix B

Distribution of Households Types

In this section, I provide some descriptions of the sample distribution based on

different variables. In the paper, I restrict the sample mainly based on loan-to-value

ratio, income, and credit score.

First, I report the distribution of the sample based on loan-to-value ratio and

income level in Table B1. As I mentioned in the paper, the fraction of mortgages

with loan-to-value between 75 and 80 is very high given the narrow range of 6. The

fraction of mortgages with loan-to-value below 74 is 20.39% for a range of 74. The

fraction of mortgages with loan-to-value above 81 is 41.38% for a range of 17. I also

report the share of households at the bottom quartile of income distribution within

each loan-to-value groups. The share is slightly lower for the 75-80 group, compare

to the 1-74 and 81-97 groups.

In Table B2, I present the joint distribution of income and credit score for house-

holds with loan-to-value ratio between 75 and 80. Once restricting the loan-to-value

ratio, households are no longer evenly distributed across different income types. High

income households have a greater share than those in low income types. There are

six credit score groups, based on the GSEs’ guarantee fee structure. Households with

credit score above 740 accounts for 60% of the sample. The share of households with

credit score below 660 is about 7.47%, slightly greater than the group with credit

score between 660 and 679. I only keep the households locating at the four corners as
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the core sample. The core sample accounts for 34.07% of the restricted sample, and

13.02% of the full sample.

In Table B3 and Table B4, I report the joint distribution of households by income

and credit score for judicial and non-judicial states, respectively. The two distributions

are very similar, as high income/high credit score households account for over half of

the population and high income/low credit score households are the smallest group.
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Table B1: Distribution by Income and LTV

1-74 75-80 81-97
Top quartile 6.31 10.89 7.79

50-75th 4.26 9.93 10.81
25-50th 4.16 9.18 11.67

Bottom quartile 5.66 8.23 11.11
Total 20.39 38.23 41.38

Bottom/Total 27.76 21.53 26.85

Table B2: Distribution by Income and Credit Score

740-900 720-739 700-719 680-699 660-679 330-659 Total
Top quartile 19.58 2.69 2.23 1.58 1.08 1.32 28.48

50-75th 15.91 2.74 2.31 1.88 1.38 1.76 25.97
25-50th 13.65 2.65 2.29 1.93 1.48 2.01 24.01

Bottom quartile 10.79 2.47 2.26 2.00 1.64 2.38 21.54
Total 59.92 10.56 9.09 7.38 5.58 7.47 100
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Table B3: Distribution by Income and Credit Score: Non-judicial States

Non-judicial 740-900 330-659
(High credit score) (Low credit score)

High income 59.03 3.59
Low income 30.84 6.54

Table B4: Distribution by Income and Credit Score: Judicial States

Judicial 740-900 330-659
(High credit score) (Low credit score)

High income 55.22 4.32
Low income 32.86 7.61
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Appendix C

Model Computation Algorithm

In this section, I describe how the model is solved and estimated. I apply a nested

fixed point algorithm with two layers of loops. The inner loop involves solving the

model given a set of parameters and simulating for model moments, while the outer

loop involves minimizing the weighted distance of data moments and model moments.

The algorithm is described as the following:

1. Inner loop:

1.1 Guess an initial set of parameters, Γ.

1.2 Solve for the renter’s problem.

1.3 Solve for the homeowner’s problem.

1.4 Simulate the model and compute GSEs’ expected return. If the expected return

satisfies the stopping rule, stop; otherwise, go back to step 1.1.

2. Outer loop

2.1 Compute model moments, m(Γ), based on the simulated sample.

2.2 If (M −m(Γ))′W (M −m(Γ)) < εM , stop; otherwise, go back to step 1.
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Appendix D

Post-Crisis Mortgage Acceptance Rate and Portfolio Performance

(a) zip = 222
(b) zip = 326

Figure D1: Linkage between 3-digit Zip Code and County.
This figure presents example maps of linkage between 3-digit zip code and county.
Panel A shows that the zip code 222 matches exactly with Arlington county in Vir-
ginia. Panel B shows that the zip code 326 overlaps with Dixie county, Gilchris county,
Alachua county, Levy county in Florida, which is also a Metropolitan Statistical Area
(MSA), Gainesville-Lake City, FL.
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(a) In Sand States (b) In Constrained Areas

Figure D2: Distribution of Lending to High-Growth Markets.
This figure presents the histogram plot of share of lending to high-growth markets.
High-growth markets are measured by Sand States (Arizona, California, Florida, and
Nevada) or constrained areas, defined as areas with land availability in the bottom
decile according to Lutz and Sand (2019).
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Table D1: Acceptance Rate: Within-Lender Test at County Level

(1) (2) (3) (4)

Primary Market 0.017*** 0.018*** 0.020*** 0.020***
(0.000) (0.000) (0.000) (0.000)

Jumbo -0.028*** -0.029*** -0.040*** -0.041***
(0.003) (0.003) (0.003) (0.003)

Primary Market * Jumbo 0.023*** 0.023*** 0.026*** 0.026***
(0.002) (0.002) (0.002) (0.001)

Measure using sand states:
Primary market * High-Growth Market 0.010*** 0.008***

(0.001) (0.001)
Jumbo * High-Growth Market -0.014*** -0.012***

(0.001) (0.001)
Measure using constrained areas:
Primary market * High-Growth Market 0.013*** 0.012***

(0.002) (0.002)
Jumbo * High-Growth Market -0.013*** -0.012***

(0.001) (0.001)
Applicant and lender controls Yes Yes Yes Yes
Market FE Yes Yes Yes Yes
Lender*Year FE Yes Yes Yes Yes
Cluster at lender-year level Yes Yes Yes Yes

N 7,765,517 7,724,257 7,765,517 7,724,257
R2 0.389 0.390 0.379 0.380

This table shows within-lender test for the acceptance rate at lender-market-year level over the period of 1995-2017, where a
market is defined at county level. Acceptance rates are calculated based on loan number in columns 1-2, and loan volume in
columns 3-4. Primary market is dummy that takes the value 1 for the market with the largest share of a lender in a year. Jumbo
is a dummy that takes the value 1 for the jumbo segment. Local lender is a dummy that takes the value 1 for lenders with 25
percent or more of total lending in high-growth markets. High-growth markets are measured by Sand States (Arizona, California,
Florida, and Nevada) or constrained areas, defined as areas with land availability in the bottom decile according to Lutz and
Sand (2019). Applicant controls include the share of loans with full documentation, the share of women applicants, and share of
minority applicants. Lender controls include the log of total assets, Tier 1 capital ratio, and deposit to asset ratio. We also
include market fixed effects and lender×year fixed effects. Standard errors clustered at the lender-year level are in parentheses.
***, **, and * indicate statistical significance at the 1, 5, and 10 percent level, respectively.
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Table D2: Acceptance Rate: Within-Lender Test at MSA Level

(1) (2) (3) (4)

Primary Market 0.014*** 0.017*** 0.018*** 0.021***
(0.001) (0.001) (0.001) (0.001)

Jumbo -0.033*** -0.036*** -0.045*** -0.048***
(0.003) (0.002) (0.003) (0.002)

Primary Market * Jumbo 0.030*** 0.032*** 0.032*** 0.034***
(0.002) (0.001) (0.001) (0.001)

Measure using sand states:
Primary market * High-Growth Market 0.009*** 0.006***

(0.001) (0.001)
Jumbo * High-Growth Market -0.009*** -0.006***

(0.001) (0.001)
Measure using constrained areas:
Primary market * High-Growth Market 0.006*** 0.003*

(0.001) (0.001)
Jumbo * High-Growth Market -0.003*** -0.001

(0.001) (0.001)
Applicant and lender controls Yes Yes Yes Yes
Market FE Yes Yes Yes Yes
Lender*Year FE Yes Yes Yes Yes
Cluster at lender-year level Yes Yes Yes Yes

N 3,865,891 1,998,230 3,865,891 1,998,230
R2 0.412 0.441 0.403 0.433

This table shows within-lender test for the acceptance rate at lender-market-year level over the period of 1995-2017, where a
market is defined at MSA level. Acceptance rates are calculated based on loan number in columns 1-2, and loan volume in
columns 3-4. Primary market is dummy that takes the value 1 for the market with the largest share of a lender in a year. Jumbo
is a dummy that takes the value 1 for the jumbo segment. Local lender is a dummy that takes the value 1 for lenders with 25
percent or more of total lending in high-growth markets. High-growth markets are measured by Sand States (Arizona, California,
Florida, and Nevada) or constrained areas, defined as areas with land availability in the bottom decile according to Saiz (2010).
Applicant controls include the share of loans with full documentation, the share of women applicants, and share of minority
applicants. Lender controls include the log of total assets, Tier 1 capital ratio, and deposit to asset ratio. We also include market
fixed effects and lender×year fixed effects. Standard errors clustered at the lender-year level are in parentheses. ***, **, and *
indicate statistical significance at the 1, 5, and 10 percent level, respectively.
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Table D3: Acceptance Rate and Exposure to High-growth Markets (2010-2017)

(1) (2) (3) (4)

Panel A: Conforming Loans
Exposure to High-Growth Markets (sand states) -0.031*** -0.042***

(0.007) (0.007)
Exposure to High-Growth Markets (constrained areas) -0.025*** -0.029***

(0.009) (0.009)
Applicant controls No No Yes Yes
Lender controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
N 27,856 27,856 27,325 27,325
R2 0.040 0.037 0.083 0.078

Panel B: Jumbo Loans
Exposure to High-Growth Markets (sand states) -0.047*** -0.056***

(0.007) (0.007)
Exposure to High-Growth Markets (constrained areas) -0.041*** -0.044***

(0.010) (0.010)
Applicant controls No No Yes Yes
Lender controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
N 23,631 23,631 20,190 20,190
R2 0.025 0.023 0.040 0.036

This table shows results on the relationship between acceptance rate and exposure to high-growth markets at the lender level
over the period of 2010-2017. Panel A (B) reports the results for conforming loans (jumbo loans). Acceptance rates are
calculated as the number of accepted applications divided by the total number of applications. High-growth markets are
measured by Sand States (Arizona, California, Florida, and Nevada) or constrained areas, defined as areas with land availability
in the bottom decile according to Lutz and Sand (2019). Applicant controls include the share of loans with full documentation,
the share of women applicants, and share of minority applicants. Lender controls include the log of total assets, Tier 1 capital
ratio, and deposit to asset ratio. We also include year fixed effects. Standard errors clustered at the lender level are in
parentheses. ***, **, and * indicate statistical significance at the 1, 5, and 10 percent level, respectively.
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Table D4a: Acceptance Rate of Local and Nonlocal Lenders, Conforming Loans (2010-2017)

(1) (2) (3) (4)

Measure using sand states:
Exposure to High-Growth Markets -0.068 -0.063

(0.048) (0.045)
Local Lender -0.007 -0.001

(0.018) (0.017)
Exposure to HGM * Local Lender 0.044 0.022

(0.055) (0.053)
Measure using constrained areas:
Exposure to High-Growth Markets -0.119*** -0.127***

(0.038) (0.038)
Local Lender -0.024* -0.019

(0.014) (0.014)
Exposure to HGM * Local Lender 0.127*** 0.124***

(0.046) (0.046)
Applicant controls No No Yes Yes
Lender controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes

N 28,030 28,030 27,498 27,498
R2 0.038 0.036 0.082 0.077

This table shows results on the relationship between acceptance rate of conforming loans and exposure to high-growth markets
over the period of 2010-2017. Acceptance rates are calculated as the number of accepted applications divided by the total
number of applications. Local lender in high-growth markets is defined as those with 25 percent or more of total lending in those
markets. High-growth markets are measured by Sand States (Arizona, California, Florida, and Nevada) or constrained areas,
defined as areas with land availability in the bottom decile according to Lutz and Sand (2019). Applicant controls include the
share of loans with full documentation, the share of women applicants, and share of minority applicants. Lender controls include
the log of total assets, Tier 1 capital ratio, and deposit to asset ratio. We also include year fixed effects. Standard errors clustered
at the lender level are in parentheses. ***, **, and * indicate statistical significance at the 1, 5, and 10 percent level, respectively.
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Table D4b: Acceptance Rate of Local and Nonlocal Lenders, Jumbo Loans (2010-2017)

(1) (2) (3) (4)

Measure using sand states:
Exposure to High-Growth Markets -0.344*** -0.387***

(0.073) (0.075)
Local Lender -0.057** -0.063***

(0.023) (0.024)
Exposure to HGM * Local Lender 0.357*** 0.399***

(0.082) (0.085)
Measure using constrained areas:
Exposure to High-Growth Markets -0.185*** -0.223***

(0.043) (0.045)
Local Lender -0.040** -0.046***

(0.016) (0.016)
Exposure to HGM * Local Lender 0.202*** 0.248***

(0.051) (0.053)
Applicant controls No No Yes Yes
Lender controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes

N 23,760 23,760 20,312 20,312
R2 0.028 0.024 0.044 0.038

This table shows results on the relationship between acceptance rate of jumbo loans and exposure to high-growth markets over
the period of 2010-2017. Acceptance rates are calculated as the number of accepted applications divided by the total number of
applications. Local lender in high-growth markets is defined as those with 25 percent or more of total lending in those markets.
High-growth markets are measured by Sand States (Arizona, California, Florida, and Nevada) or constrained areas, defined as
areas with land availability in the bottom decile according to Lutz and Sand (2019). Applicant controls include the share of loans
with full documentation, the share of women applicants, and share of minority applicants. Lender controls include the log of
total assets, Tier 1 capital ratio, and deposit to asset ratio. We also include year fixed effects. Standard errors clustered at the
lender level are in parentheses. ***, **, and * indicate statistical significance at the 1, 5, and 10 percent level, respectively.
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Table D5a: Acceptance Rate: Within-Lender Test (2010-2017)

(1) (2) (3) (4)

Primary Market 0.007*** 0.007*** 0.010*** 0.011***
(0.001) (0.001) (0.001) (0.001)

Jumbo -0.033*** -0.038*** -0.042*** -0.047***
(0.002) (0.002) (0.002) (0.002)

Primary Market * Jumbo 0.040*** 0.043*** 0.042*** 0.044***
(0.002) (0.002) (0.002) (0.002)

Measure using sand states:
High-Growth Market * Primary market 0.012*** 0.009***

(0.002) (0.002)
High-Growth Market * Jumbo -0.024*** -0.022***

(0.002) (0.002)
Measure using constrained areas:
High-Growth Market * Primary market 0.008*** 0.007**

(0.003) (0.003)
High-Growth Market * Jumbo -0.016*** -0.014***

(0.002) (0.002)
Applicant and lender controls Yes Yes Yes Yes

N 2,855,791 2,855,791 2,855,791 2,855,791
R2 0.307 0.307 0.300 0.300

This table shows within-lender test for the acceptance rate at lender-market-year level over the period of 2010-2017. Acceptance
rates are calculated based on loan number in columns 1-2, and loan volume in columns 3-4. Primary market is dummy that takes
the value 1 for the market with the largest share of a lender in a year. Jumbo is a dummy that takes the value 1 for the jumbo
segment. Local lender is a dummy that takes the value 1 for lenders with 25 percent or more of total lending in high-growth
markets. High-growth markets are measured by Sand States (Arizona, California, Florida, and Nevada) or constrained areas,
defined as areas with land availability in the bottom decile according to Lutz and Sand (2019). Applicant controls include the
share of loans with full documentation, the share of women applicants, and share of minority applicants. Lender controls include
the log of total assets, Tier 1 capital ratio, and deposit to asset ratio. We also include market fixed effects and lender×year fixed
effects. Standard errors clustered at the lender-year level are in parentheses. ***, **, and * indicate statistical significance at the
1, 5, and 10 percent level, respectively.
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Table D5b: Within-Lender Test: Expansion to High-Growth Markets (2010-2017)

(1) (2) (3) (4)

Primary Market 0.010*** 0.009*** 0.013*** 0.013***
(0.001) (0.001) (0.001) (0.001)

Jumbo -0.028*** -0.034*** -0.037*** -0.043***
(0.002) (0.002) (0.002) (0.002)

Primary Market * Jumbo 0.036*** 0.040*** 0.037*** 0.041***
(0.002) (0.002) (0.002) (0.002)

Measure using sand states:
High-Growth Market 0.006*** 0.003**

(0.001) (0.001)
High-Growth Market * Primary market 0.008*** 0.005***

(0.002) (0.002)
High-Growth Market * Jumbo -0.027*** -0.025***

(0.002) (0.002)
Measure using constrained areas:
High-Growth Market 0.000 -0.002*

(0.001) (0.001)
High-Growth Market * Primary market 0.008*** 0.006**

(0.003) (0.003)
High-Growth Market * Jumbo -0.011*** -0.010***

(0.002) (0.002)
Applicant and lender controls Yes Yes Yes Yes

N 2,855,791 2,855,791 2,855,791 2,855,791
R2 0.303 0.302 0.296 0.295

This table shows within-lender test for the acceptance rate at lender-market-year level over the period of 2010-2017. Acceptance
rates are calculated based on loan number in columns 1-2, and loan volume in columns 3-4. Primary market is dummy that takes
the value 1 for the market with the largest share of a lender in a year. Jumbo is a dummy that takes the value 1 for the jumbo
segment. Local lender is a dummy that takes the value 1 for lenders with 25 percent or more of total lending in high-growth
markets. High-growth markets are measured by Sand States (Arizona, California, Florida, and Nevada) or constrained areas,
defined as areas with land availability in the bottom decile according to Lutz and Sand (2019). Applicant controls include the
share of loans with full documentation, the share of women applicants, and share of minority applicants. Lender controls include
the log of total assets, Tier 1 capital ratio, and deposit to asset ratio. We also include lender×year fixed effects. Standard errors
clustered at the lender-year level are in parentheses. ***, **, and * indicate statistical significance at the 1, 5, and 10 percent
level, respectively.
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Table D6: Lender Profitability and Stock Return Volatility (2010-2017)

(1) (2) (3) (4) (5) (6)
Return on Equity Stock Return Volatility Excess Return Volatility

Measure using sand states:
Exposure to High-Growth Markets -0.100 1.621*** 1.624***

(0.334) (0.599) (0.599)
Local Lender 0.184 0.844*** 0.844***

(0.114) (0.199) (0.199)
Exposure to HGM * Local Lender -0.504 -2.189*** -2.192***

(0.380) (0.692) (0.692)
Measure using constrained areas:
Exposure to High-Growth Markets -1.228*** 2.279*** 2.281***

(0.236) (0.639) (0.639)
Local Lender -0.367*** 0.278 0.277

(0.091) (0.217) (0.217)
Exposure to HGM * Local Lender 1.462*** -2.900*** -2.901***

(0.290) (0.778) (0.778)
Lender controls Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes

N 27,851 27,851 2,903 2,903 2,903 2,903
R2 0.079 0.073 0.324 0.321 0.324 0.320

This table shows results on lender profitability and stock return volatility over the period of 2010-2017. Return on equity is
calculated as the net income to equity ratio. Excess stock return is calculated as the difference between stock return and the
10-year treasury bond yield. Local lender is a dummy that takes the value 1 for lenders with 25 percent or more of total lending
in high-growth markets. High-growth markets are measured by Sand States (Arizona, California, Florida, and Nevada) or
constrained areas, defined as areas with land availability in the bottom decile according to Lutz and Sand (2019). Lender
controls include the log of total assets, Tier 1 capital ratio, and deposit to asset ratio. We also include year fixed effects.
Standard errors clustered at the lender level are in parentheses. ***, **, and * indicate statistical significance at the 1, 5, and 10
percent level, respectively.
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Table D7: Lender Systemic Risk (2010-2017)

(1) (2) (3) (4)
Marginal Expected Shortfall SRISK(%)

Measure using sand states:
Exposure to High-Growth Markets 8.445 -4.859

(7.410) (3.903)
Local Lender 6.033** 1.220

(2.416) (1.816)
Exposure to HGM * Local Lender -9.922 6.250

(8.541) (5.852)
Measure using constrained areas:
Exposure to High-Growth Markets 19.630* 14.560**

(10.388) (6.712)
Local Lender 2.799 2.053

(9.585) (4.799)
Exposure to HGM * Local Lender -15.292 -17.263

(26.478) (14.686)
Lender controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes

N 394 394 394 394
R2 0.391 0.345 0.378 0.347

This table shows results on systemic risk over the period of 2010-2017. Marginal expected shortfall is defined as the tail
expectation of a firm’s equity return condition on a market decline. SRISK calculates the firm’s expected capital shortfall as a
percentage of total assets given its capitalization and marginal expected shortfall. Local lender is a dummy that takes the value 1
for lenders with 25 percent or more of total lending in high-growth markets. High-growth markets are measured by Sand States
(Arizona, California, Florida, and Nevada) or constrained areas, defined as areas with land availability in the bottom decile
according to Lutz and Sand (2019). Lender controls include the log of total assets, Tier 1 capital ratio, and deposit to asset ratio.
We also include year fixed effects. Standard errors clustered at the lender level are in parentheses. ***, **, and * indicate
statistical significance at the 1, 5, and 10 percent level, respectively.
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Table D8: Mortgage Portfolio Performance (2010-2017)

(1) (2) (3) (4) (5) (6)
Log Risk Log Return Loss Log Relative

Sharpe Ratio Loss

Measure using sand states:
Exposure to High-Growth Markets 0.965*** -3.472*** -4.437***

(0.033) (0.111) (0.120)
Local Lender 0.119*** -1.036*** -1.156***

(0.018) (0.061) (0.063)
Exposure to HGM * Local Lender -0.279*** 4.855*** 5.134***

(0.051) (0.183) (0.191)
Measure using constrained areas:
Exposure to High-Growth Markets 0.549*** -0.606*** -1.155***

(0.049) (0.117) (0.127)
Local Lender 0.116*** 0.025 -0.091***

(0.015) (0.036) (0.035)
Exposure to HGM * Local Lender -0.565*** 0.590*** 1.155***

(0.057) (0.139) (0.147)
Lender controls Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes

N 28,881 28,881 28,881 28,881 28,881 28,881
R2 0.981 0.971 0.951 0.935 0.964 0.946

This table shows results on mortgage portfolio performance over the period of 2010-2017. Portfolio risk is calculated as the
standard deviation of the excess return. Return loss is the average return loss by choosing a given portfolio rather than a
portfolio combining the benchmark portfolio with cash. Relative Sharpe Ratio loss is one minus the ratio of a given portfolio’s
Sharpe ratio and the benchmark portfolio’s Sharpe ratio. Local lender is a dummy that takes the value 1 for lenders with 25
percent or more of total lending in high-growth markets. High-growth markets are measured by Sand States (Arizona, California,
Florida, and Nevada) or constrained areas, defined as areas with land availability in the bottom decile according to Lutz and
Sand (2019). Lender controls include the log of total assets, Tier 1 capital ratio, and deposit to asset ratio. We also include year
fixed effects. Standard errors clustered at the lender level are in parentheses. ***, **, and * indicate statistical significance at the
1, 5, and 10 percent level, respectively.
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