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Abstract

I analyze the existence of default spillovers in the residential mortgage market. I focus on
shocks to interest rates paid by borrowers resulting from two administrative details in ARM
contract terms: the choices of financial index and lookback period. I find that a 1 percentage
point increase in interest rates at the time of ARM reset results in a 2.5 percentage rise in the
probability of foreclosure in the following year. Instrumenting for mortgage foreclosure using
these reset characteristics, I find evidence that each foreclosure filing leads to an additional 0.3
to 0.6 completed foreclosures within a 0.10 mile radius. I document that the price effects of
foreclosures on neighboring home prices are unlikely to completely account for the magnitude of
this effect. Complementing the price channel, I emphasize two additional mechanisms: a bank-
supply channel resulting in a one-third drop in refinancing activity after a foreclosure, and a
borrower response channel arising from peer effects. Neighboring borrower payment responses
are linked to the timing of local mortgage default, are not associated with defaults on revolving
debts, and are concentrated in areas with few nearby local foreclosures—consistent with an
information channel based on learning about the costs of default. I also provide suggestive
evidence on the macroeconomic impact of foreclosure spillovers: I find that counties and zip
codes experiencing greater intensity of reset among borrowers in adverse conditions experience
subsequent drops in house prices and higher foreclosure volumes. These results shed light on
an important amplification channel of shock transmission during the recent foreclosure crisis.
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1 Introduction

Over 4 million completed foreclosures took place between January 2007 and December 2010,
and another 8.2 million foreclosures were initiated in this period (Blomquist 2012). While
the foreclosure crisis remains historic in its aggregate cost to homeowners and investors,
understanding the precise mechanisms and channels behind this wave of mortgage defaults
remains a challenge. In this paper, I examine the role of neighborhood spillover effects from
foreclosures as an important amplification mechanism behind this foreclosure crisis.

There are several plausible mechanisms by which foreclosures may affect the default pat-
terns of their geographical peers. Foreclosures reduce the market price of neighboring homes,
which in turn may induce those borrowers to default due to negative equity. Alternatively,
lenders may react by denying refinancing opportunities to areas which have experienced pre-
vious foreclosure activity. A separate channel centers on the role of information: through
borrowers’ reassessment of the costs of default after exposure to neighboring foreclosures,
or through their reassessment of the stigma associated with mortgage nonpayment (as em-
phasized, for instance, in Guiso, Sapienza, and Zingales [2013]). Finally, a direct treatment
effect involves foreclosures inducing greater crime, vandalization, and other forms of prop-
erty depreciation that reduce the amenity value of the neighborhood.1 Though the price
impacts of foreclosures have been previously studied,2 we know comparatively little about
the causal implications of foreclosure activity on neighborhood default behavior or the precise
mechanisms by which such peer effects operate.

The key contribution of this paper is an empirical setting allowing for the causal esti-
mation of foreclosure spillovers. Understanding this question provides an important context
to understanding the seeming snowballing wave of foreclosures observed during the period
of initial subprime mortgage defaults and ensuing financial crisis, as well as the policy in-
tervention designed to combat foreclosure externalities. For instance, as Timothy Geithner
argued in a speech on February 10, 2009, introducing the Financial Stability Plan, which
laid the groundwork for HAMP (Home Affordable Modification Program) and a variety of
other government programs: “As house prices fall, demand for housing will increase, and
conditions will ultimately find a new balance. But now, we risk an intensifying spiral in
which lenders foreclose, pushing house prices lower and reducing the value of household sav-
ings, and making it harder for all families to refinance.”3 My work examines the existence of
foreclosure externalities and the extent to which they constitute an amplification mechanism
potentially motivating these federal housing relief efforts.

1For instance, see Immergluck and Smith (2005, 2006a) on crime and local amenities.
2See, for instance, Campbell, Giglio, and Pathak (2011) or Mian, Sufi, and Trebbi (2015).
3See http://www.treasury.gov/press-center/press-releases/Pages/tg18.aspx.
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A central econometric challenge to understanding foreclosure contagion is the issue of
reflexivity and endogenous assignment of default, as emphasized in Manski (1993). Observing
that foreclosures appear to be geographically clustered (for instance, as seems to be the case
among foreclosure completions in Phoenix as shown in Figure I) is equally consistent with the
possibility that geographically proximate borrowers suffered a common shock (for instance,
due to a local plant closing), or share common (possibly unobservable) characteristics that
predict mortgage default. Understanding the causal contribution of foreclosures on the
default behavior of neighboring properties has proven to be a key challenge in prior literature
on this subject.

To address this econometric issue, I provide a novel instrument based on exogenous shocks
to interest rates among adjustable-rate mortgage (ARM) borrowers. I argue that these shocks
impact the foreclosure of resetting households, but affect the default choices of neighboring
properties only through the channel of default on treated households. Adjustable-rate mort-
gages in the U.S.—which were quite common among subprime and jumbo-prime borrowers
during the boom in house price appreciation—are characterized by an initial teaser rate that
resets to a market interest rate (plus a margin term to correct for risk) after an initial period,
typically lasting two, three, or five years.4 I focus on two previously unexplored aspects of
the mechanics by which ARMs reset: the choices of financial index and lookback date. When
ARMs reset, the market interest rate component of the new payment is derived from the
prevailing market interest rate according to an index (typically LIBOR or Treasury), taken
a certain number of (lookback) days from the reset date. Importantly for my analysis, these
interest rates are then fixed for a period of time between six and twelve months after initial
reset.

I find variation in these contract terms which drives borrower payment amounts subse-
quent to mortgage reset. Analyzing the choice of financial index, I find that while LIBOR
and Treasury rates tracked each other quite closely prior to the financial crisis, a large spread
opened up during the financial crisis—resulting in large differences in payments among bor-
rowers linked to one index instead of another. LIBOR borrowers resetting in January 2009,
for instance, paid on average $11,000 more than otherwise identical Treasury borrowers re-
setting that same month. I also find that substantial interday volatility in interest rates led
to variation in payments paid by borrowers with different lookback terms—15 lookback days
instead of 45, for instance. I argue that both forms of interest rate variation are ultimately
determined by administrative details of loan contracts, lead to substantial variation in pay-
ment terms after reset, and are unlikely to be related to other aspects of loan performance.

In the first stage of my analysis, I find that the size of the within-month interest rate
4Initial teaser lengths of one year, seven years, or ten years also exist but are less common.
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shock resulting from these contract differences drives default and foreclosure rates among
resetting mortgages. The first stage results are substantial and suggest that a 100 basis point
rise in interest rates corresponds to roughly a 2.5% rise in the probability of experiencing a
foreclosure in the subsequent twelve months, which represents a substantial increase relative
to a baseline foreclosure rate of 8%. These results are in line with existing work on mortgage
resets (for instance, Fuster and Willen [2015]). I contribute to this literature by obtaining
a tighter empirical setting using the within-month variation in interest rates as a shock for
the reset window.

My setting provides a clean form of identification for local foreclosure spillovers. I fo-
cus on a broad sample of resetting ARM-holders. I develop a novel merge algorithm that
links information on these loans—including their contract terms, credit scores, and loan
performance—to Deeds records containing the precise geography at the address level in
which the borrowers live. I construct neighborhoods consisting of all transacting properties
within a radius of 0.10 miles around the resetting ARM-holder to analyze the spillover effects
of default.

I contrast my first stage results—which used the interest rate variation induced by the id-
iosyncratic contract terms such as lookback date and index to predict the default rate among
resetting loans—with reduced form estimates, which use the ARM interest rate shocks to
predict the default rates among loans neighboring those resetting loans. Since neighboring
loans are typically set to very different contract terms, there is no ex-ante reason to expect
that these exogenous interest rate shocks should predict borrower loan performance in the
absence of peer effects or foreclosure externalities. However, my reduced form estimates sug-
gest that higher within-month interest rates among resetting loans also predict foreclosures
and defaults among properties in neighboring areas.

Combining the first stage and reduced form estimates, I present an instrumental variables
specification in which the interest rate shock of the resetting mortgages serves as an instru-
ment for the foreclosure of the ARM-holder. Estimates using both index and lookback forms
of interest rate variation suggest substantial default spillovers. My preferred specifications
suggest that each foreclosure raises the probability of default among neighbors by around
2.1%—roughly a 66% impact on the hazard rate of default. Aggregating my estimates at
a neighborhood level, these estimates imply that each foreclosure causes an additional 0.3–
0.6 foreclosures in neighboring areas. I contrast these estimates with OLS estimates on the
impact of foreclosures on neighboring default outcomes, which would suggest much larger
estimates around 1—suggesting that each foreclosure is associated with an additional fore-
closure in neighboring areas. Finding an IV estimate that is much smaller than the OLS
estimate suggests that common local exposure to shocks are an important component to
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foreclosure outcomes; but the magnitude and standard errors of my estimate are able to rule
out a null hypothesis of zero foreclosure contagion.

My results are subject to a number of important caveats. I assume that within-month
variation in interest rates impact neighboring peers of ARM-holders only through the channel
of default of the treated properties. This assumption may be violated if, for instance, there is
local correlation in contract terms. I test this assumption by focusing on default responses by
neighboring fixed-rate mortgage holders, for whom there should in principle be no contagion
in default impacts except through exposure to local foreclosures as a result of resetting loan
foreclosures.

Importantly, my results are also based on a local average treatment effect (LATE) that
is unique to neighborhoods surrounding ARM-holders. I argue this is the relevant neighbor-
hood in several contexts, in particular in evaluating the impact of changes in interest rates on
the default behavior of adjustable-rate loans. This population was also the target of many
government relief efforts, including HAMP and HARP (Home Affordable Refinance Pro-
gram), and so understanding default spillovers in this context allows for a better evaluation
of federal housing policy targeted toward subprime and other low-income borrowers.

The unusually rich nature of my dataset permits me to go further in analyzing the precise
mechanisms responsible for mortgage default contagion and test for confounding factors. I
analyze the impact of the price effect, which has been a key focus of prior literature, and find
that sales of transacting properties fall by about 1–3% after the foreclosure of a resetting
ARM, with smaller estimates when analyzing the repeat-sale estimate of the sale price.
These estimates are in line with the prevailing literature on the size of pecuniary externalities
resulting from foreclosures. I emphasize that, given prevailing estimates in the literature on
the elasticity of default with respect to house prices (e.g., Palmer [2014] suggests that a 10%
drop in house prices leads to a 1% increase in the frequency of default), it appears unlikely
that the house price channel can fully account for the size of the foreclosure spillovers I
observe.

Complementing the pure price channel, I emphasize two other mechanisms of contagion.
One is a refinancing channel: I find that refinancing activity drops by one-third among
neighboring properties after an instrumented foreclosure. This large change in access to
market credit likely reflects in part a bank supply response—banks react to the presence of
a nearby foreclosure as an indicator of the likely creditworthiness of local borrowers and cut
access to credit.

I also emphasize the role of peer effects and borrower responses on mortgage debt. First,
I document that foreclosure spillovers are observed both in defaults (as measured by a notice
of default field or payment delinquency) as well as foreclosures. Since foreclosure is a joint
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outcome of borrower and lender decisions, this finding suggests that borrower responses
play a role in foreclosure spillovers. I also document that mortgage default patterns among
neighboring properties appear to decline in the few quarters prior to foreclosure completion—
at which point the mortgage default is highly visible in the form of the borrower leaving
the house, which is then typically vacant and subject to depreciation and vandalization.
Consistent with the idea that active borrower decisions are driving my results, as opposed
to common exposure to local shocks, I find that revolving delinquencies do not vary around
the window of mortgage delinquency of the resetting loan. I examine the geographical areas
most subject to foreclosure spillovers, and find the largest responses in a very tight radius
around resetting properties. Finally, I find that foreclosure spillover effects are strongest
in areas that have previously experienced few recent foreclosures. These observations are
consistent with an information channel of default based on borrowers learning about the
costs of default in reaction to a local visible foreclosure.

I conclude by examining the broader macroeconomic impact of resetting ARMs. I create
an index of areas ranked by the fraction of mortgages that were (1) resetting under conditions
of higher reset interest rates and (2) underwater at the time of reset. Adjustable-rate mort-
gages facing these conditions default at high rates, as they faced an income shock concurrent
with a equity shock that left them without financial incentive to stay in the property nor
ability to refinance into a new mortgage (analogous to the classic “double-trigger” conditions
of default). I rank geographical areas by the degree to which they contain borrowers facing
the joint shocks of negative equity and rate reset. Under conditions of default externalities,
the initial wave of defaults resulting from ARMs may spillover to affect other properties,
resulting in an amplification of the initial shock to affect a broader set of properties and
borrowers. I analyze the subsequent macroeconomic performance of areas prone to double-
trigger resets, and find evidence of lower home price recovery and greater foreclosures.

My findings point to the importance of neighborhoods as a source of shock and exposure
to information for mortgage holders. I find strong evidence of the role of social influence in
default decisions based on local interactions in the context of an identification strategy using
within-month variation in interest rates paid by ARM-holders. I find that these rate reset
shocks predict default both of resetting mortgage holders as well as those of their neighbors.
Overall, these results point to foreclosure contagion representing an important amplification
mechanism during the financial crisis in propagating shocks to household defaults.

My paper relates most strongly to existing papers on the local impacts of foreclosures.
Many of these examine the price impacts of foreclosures, including Campbell, Giglio, and
Pathak (2011), Anenberg and Kung (2014), Immergluck and Smith (2006b), and Gerardi et
al. (2012). My work is most closely related to papers examining borrower default spillover
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effects from foreclosure, such as Towe and Lawley (2013), Munroe and Wilse-Samson (2013),
Agarwal et al. (2015a) and Goodstein et al. (2011). My paper differs by providing a novel
instrument to analyze the default decisions of peers and isolating the precise mechanisms
behind default contagion.

Additionally, my work relates to a growing literature examining the regional consequences
of rate reductions for borrowers and regional outcome variables (due to ARM resets, mort-
gage renegotiations, and refinancing), including Fuster and Willen (2015), Keys et al. (2014),
Di Maggio, Kermani and Ramcharan (2014), and Agarwal et al. (2012, 2015b). My work
provides complementary symmetric analysis showing that payment increases (due to rate
resets) contributed to the foreclosure crisis and house price declines, and suggests the im-
portance of the contagion channel as an important factor during the financial crisis and
recovery.

Other related papers include those on peer effects broadly, including on corporate de-
faults (Azizpour, Giesecke, and Schwenkler 2015; Benmelech at al. 2014), microfinance debt
repayment (Breza 2014) and the broader literature on empirical estimation of peer effects.5

The rest of the paper proceeds as follows. Section 2 introduces the data, provides context
on ARMs, and introduces the empirical strategy. Section 3 provides main specifications on
estimating spillover effects on foreclosures. Section 4 examines some mechanisms for these
results. Section 5 examines some robustness checks using the data. Section 6 examines more
aggregate responses, and Section 7 concludes.

2 Data and Empirical Strategy

2.1 Data

I assemble a unique and unusually rich dataset for the purpose of this project. I start with
an administrative Deeds dataset from DataQuick, which contains geocodes taken at the
address level for all transacted properties in select counties. The coverage of this dataset
is close to universal among newly originated mortgages for my focus period of 2000–2010,
including over 22m transactions in total. I focus on a set of fifty-four counties, which cover
roughly 40% of the total mortgage market in the period in question. This dataset includes
information at the transactions level on sales, mortgages, and foreclosures on properties. For
select counties, the dataset also contains information on notices of default, an indicator of
borrowers’ failure to make payments.

5See, for instance, Dahl, Loken, and Mogstad (2014), Glaeser, Sacerdote, and Scheinkman (1996), and
Bertrand, Luttmer, and Mullainathan (2000)
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Using a novel algorithm, I merged this data with BlackBox data on private-label se-
curitized loans, which include loan performance information on default and foreclosure as
well as administrative information on loan contract terms. This data has also been merged
with credit bureau information from Equifax, including information on credit cards, revolv-
ing debt, and other mortgage liens. The appendix describes each dataset and the merging
procedure in greater detail. The complete linked dataset allows me to observe mortgage
transactions, payment decisions, exact interest rates paid, as well as credit scores and other
information on precise geographic addresses.

2.2 Introduction to Adjustable-Rate Mortgages

The typical ARM in the United States is a hybrid ARM. For these loans, the interest rate is
fixed for some initial period—often two, three, or five years—and resets on a predetermined
schedule for the remainder of the loan. The most common reset frequencies are six months
or one year, although other durations exist. At origination, the borrower agrees upon an
initial rate and a series of guidelines that determine all future resets. Interest rates upon
reset are based on the cost of funds to the bank, proxied by a financial index (typically
either Treasury or LIBOR), plus a fixed margin agreed upon at origination. Resets are often
subject to other rules, for example, per-period caps on the size of the rate change.

Though 30-year fixed-rate contracts dominate the US mortgage market, ARMs comprise
a substantial share of mortgages, and were especially popular in the mid-2000s—especially
among subprime borrowers. Figure II illustrates the reset structure of these ARMs. I exploit
several features of the contract details of these types of mortgages in the identification
strategy.

Resets on ARMs are commonly thought to have been important contributors to bor-
rower default decisions for both resetting loans and neighboring areas, though establishing
the the relative importance of reset rate shocks remains a challenge. For instance, Smith,
Perwien, and Ratcliffe (2009) survey loan counsellors and emphasize the importance of rate
reset shocks in explaining delinquency patterns among ARMs. They quote one counsellor
as saying “Before the resets they were fine. Once the resets kicked in, then they really
started having problems making the payments. Without the resets, we probably would not
have the volume that we have today” (p. 7). Sheila Bair, chairman of the Federal Deposit
Insurance Corporation noted in Congressional testimony in December 6, 2007, “About 1.7
million hybrid loans worth $367 billion are scheduled to undergo their first reset during 2008
and 2009. This wave of mortgage resets, in combination with the decline in home prices
and limited refinancing options, could prompt hundreds of thousands of additional mort-
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gage foreclosures over the next two years. These foreclosures will hurt individual borrowers
and their communities, as they potentially could place further downward pressure on home
values” (Testimony of Sheila Bair).

A key aspect to the importance of rate reset was borrower unawareness or inattention
to specific loan contract terms. For instance, Bucks and Pence (2008) link actual borrower
contract terms from lender-reported data with self-reported survey evidence on those terms
from the Survey of Consumer Finance. They find that borrowers frequently underestimate
and fail to understand the nature of interest rate recast upon reset: for instance, 40 percent of
survey respondents report that their interest rates can increase by at most 1 percent or more
each period, while fewer than 2 percent of ARM contracts restrict interest rate increases to
this level. One rationalization for these findings is a “rational inattention” framework in which
the cost of information acquisition regarding precise contract terms is prohibitively expensive
relative to the benefits of more accurately forecasting future loan payments. Alternatively,
the financial sophistication of borrowers who select or are guided toward ARM products may
have been more limited, consistent with a broader literature in household finance that finds
borrowers underestimate interest rates and the resulting financial consequences.6 Whatever
the reason, widespread confusion regarding the precise nature of ARM resets—including the
teaser rates, the size of the potential interest rate reset, and prepayment penalties—raises
the potential that the timing of ARM reset may represent a particularly important focal
period for the timing of mortgage default.

ARM resets have increasingly been the focus of studies of household decision making in
the context of interest rate shocks. Fuster and Willen (2015) find downward interest rate
shocks lead to a substantial reduction in the rate of mortgage default. Keys et al. (2014) and
Di Maggio, Kermani, and Ramcharan (2014) assess how household consumption responds
to changes in monthly payments induced by ARM resets. My work builds on this literature
using ARM resets as shocks by examining the within-month variation in interest rates paid
by borrowers upon reset, providing a particularly clean form of identification by which to
evaluate the nature of ARM resets. Even if borrowers are not fully attentive to the precise
details of ARM reset, some borrowers may respond to the nature of the reset by anticipating
its effects and defaulting earlier. Using the surprise or within-month variation in interest
rates, as induced by variations in index choice or lookback period, provides a more plausibly
exogenous form of variation in interest rate shocks.

It is important to keep in mind that ARM reset shocks may either benefit or shock
borrowers depending on prevailing interest rates.7 Many ARM borrowers resetting in 2009

6See, for instance, Lusardi and Tufano (2008)
7For this reason, ARM contracts may be preferred from a monetary policy perspective in enabling maxi-
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and 2010, in particular, typically reset to fairly low rates and might well have paid lower
monthly mortgage costs relative to fixed-rate borrowers who may have been underwater and
therefore unable to refinance to take advantage of lower prevailing interest rates. In addition,
teaser rates on many ARM products were fairly substantial as well, and many borrowers of
these products were anticipated to refinance into prime mortgages after building a credit
history (see Mayer, Pence, and Sherlund [2008] and Foote, Gerardi, and Willen [2012] for
a discussion of the role of ARM resets in driving the financial crisis). My identification
strategy does not rely on ARM products being unique drivers of the foreclosure crisis as a
whole; I focus on ARM resets to illustrate the broader transmission mechanism amplifying
the impacts of defaults through spillover effects.

2.3 Identification Strategy

To consider the identification challenge with peer effects in this setting, consider two indi-
viduals indexed by i within a variety of groups g, whose default outcomes yig dependent on
each others in the following system of simulations equations:

y1g = ↵1 + �1y2g + �1x1g + ⌧1x2g + ✓1wg + �zig + "1g

y2g = ↵2 + �2y1g + �2x2g + ⌧2x1g + ✓2wg + "2g

With additional controls xig observable characteristics at the individual and group level,
and wg observable characteristics at the group level, and "ig an error term.

The causal outcome of interest is the average treatment effect:

1

I

X

i

X

g

�iyig

Which is the total number of additional defaults induced by a typical defaulter within
her neighborhood.

The key prediction is that foreclosures on properties impose various externalities on their
neighbors—through a potential price impact and informational exposure to locally distressed
properties—that potentially induce different default behavior among peers. However, the key
confounding problem preventing straightforward identification through an OLS regression is
the joint determination of defaults through peer effects. Observing a positive correlation
between defaults of individuals is consistent with the existence of peer effects by which the
default choice of one individual is driven by the default choices of another. Alternatively,

mum pass-through of interest rates to borrowers as in Auclert (2015).
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individuals may simply be subject to common group-level shocks—in this context, this may
reflect the role of other local shocks such as local plant closings—that affect the default
behavior of individuals living in a particular neighborhood. These omitted variables are
likely to bias the OLS estimate of the causal parameter of interest—�i—upwards. This is
the standard “reflection” problem as discussed in Manski (1993).

To resolve this identification challenge, an ideal experiment would randomly allocate in-
dividuals to neighborhoods of varying foreclosure intensity. I adopt instead a quasi-random
approach taking advantage of an instrument that impacts the defaults of particular mort-
gages, but impacts neighboring mortgages only through the channel of the treated individual.
I argue later that the reset structure of ARMs can serve as such an instrument.

2.4 Sample Creation

Figure III illustrates the basics of sample selection. First, I clean and analyze a comprehen-
sive sample of ARMs in my sample of BlackBox private-label securitized loans. For these
loans, I observe detailed information regarding the particular contract terms that prevail
upon reset, including the date of reset, precise interest rate upon reset, and the choice of
financial index and lookback period. I keep ARMs that were current three months prior to
their first reset in my main sample.8

Next, I link these loans to the broader Deeds sample, which consists of a comprehensive
sample of transacting mortgages in a sample of fifty-four counties. Importantly for my
purposes, the Deeds sample contains the precise address and geocodes of each property in
question. This enables me to construct neighborhoods of 0.10 miles in radius, as illustrated
in Figure III, which define the parameters of my final data selection. I use 0.10 miles both
to retain comparability with prior literature, as well as because this is a tightly defined
geography around the property containing approximately twenty-two local properties.

The empirical strategy requires a computation of distances between households. I use
a version of DataQuickDeeds data that include both street addresses and address-level
geocodes including the latitude and longitude of each property. I compute the great-circle
distances using a standard Haversine formula.

I keep information on all properties in the radius around resetting ARMs, with data
taken at the time of reset of the ARM. For my main analysis, I follow Dahl, Loken, and
Mogstad (2014) and analyze neighborhoods with one and only one resetting adjustable-rate
mortgage, but my results generalize to considering properties neighboring multiple ARMs.
For my key dependent variable, I analyze the default and foreclosure behavior of properties

8This happens after a period of two, three, or five years.
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within the two years following reset of the ARM in the center of each circle. In all analysis,
I am careful to exclude the resetting ARM itself from analysis of neighboring outcomes.

I also use this basic sample creation for analyzing other variables and datasets. When
analyzing the price impacts of foreclosure, I keep sale data among mortgages that sell at
a 0.10 mile radius surrounding the resetting ARM. For a select sample of borrowers with
private-label securitized loans, I am able to link up information from BlackBox and Equifax.
The resulting sample is essentially a subset of the original BlackBox data that links together
loans kept at a 0.10 mile radius. I use this sample to analyze precise information on the
payment status of mortgage and revolving debts among neighboring loans.

2.5 Empirical Approach

The empirical strategy follows a two-step regression. In the first stage, I regress the default
behavior of a resetting ARM on a variety of controls specific to the loan and geographic area
against attributes of mortgage reset. For an ARM i in zip code z and month t, I regress:

Diz,t!t+12 = ↵ + µzt + �0Xizt + �0Rit + "izt

Where Diz,t!t+12 is the foreclosure on a mortgage i in zip code z in the 12 months after a
reset date t.9 I include fixed effects for month of reset and zip code Xizt, and include a variety
of other borrower controls, including: the credit rating of the mortgage (e.g., subprime,
jumbo-prime); the level of documentation; the credit score both at origination and reset; the
reason for the mortgage (e.g., refinancing or purchase); and the current combined loan to
value ratio (including both first and second liens, with a measure of house prices adjusted
to the zip code level provided by Zillow).

The instruments are reset shocks controls in Rit. In the tightest form of identification,
these are the relevant interest rates paid by borrowers of a given index type or lookback
period. In the broadest sample, these capture the size of the change in interest rates at the
time-of-reset shock. Standard errors are clustered at the census tract-year level.10

This specification yields the fraction of foreclosures among ARMs that can be attributed
purely to the within-month variation in interest rates arising from index choice, lookback

9To ensure comparability of results across regions with varying time to foreclosure completion, the defini-
tion of foreclosure I use in the first stage is the foreclosure start. Subsequent results focusing on the timing
of peer responses suggest that neighboring defaults begin prior to the completion of the foreclosure, suggest-
ing that borrowers potentially respond to the physical abandonment of the property. Selecting foreclosure
starts as the dependent variable in the first stage therefore allows for potential peer effects under a broader
definition of foreclosure. Results using foreclosure completion as the dependent variable of the first stage
yield similar results.

10Robustness checks with Conley standard errors yield similar estimates for standard errors.
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choice, or other forms of reset shocks. As an intermediate step, I also investigate the re-
duced form specification, which investigates how these reset shocks serve as a treatment for
neighboring loans:

D�i,z,t!t+24 = ↵ + µzt + �0X�i,zt + �0Rizt + "�izt

The reduced form, or intention-to-treat, specification asks how assignment into the rele-
vant treated population—having a neighboring loan that is an ARM with a relatively higher
reset shock—impacts the future two-year foreclosure probability.11 The notation X�i indi-
cates that these values are taken from the set of all neighbors of the resetting ARM except
the resetter itself. While data taken for the resetting ARM are taken from the BlackBox
dataset of all private-label securitized loans, information on neighbors is taken from the
Deeds dataset, which is comprehensive of all transacting mortgages. Information at the
Deeds level on X�i,st includes whether the neighbor itself is an ARM or not; the current
combined loan to value of local properties (again including subordinate liens and updating
the price though a zip-code level index); and an indicator for whether the property is owned
by an investor.12

Finally, the instrumental variable specification combines the first stage and reduced form
specification into an estimate for how borrowers respond to the foreclosure decisions of their
peers as instrumented for by characteristics of the mortgage reset:

D�i,z,t!t+24 = ↵ + µzt + �0X�i,zt + �0 ˆNizt + "�i,zt

Where ˆNizt captures the share of ARM defaults instrumented for by the within-month
difference in interest rates paid by the resetting ARM-holder. The resulting two-stage in-
strumental variable estimation process calculates the impact of an additional foreclosure, as
instrumented for by higher interest rates paid by a resetting ARM-holder, on the foreclosure
or default propensity of all local properties. These specifications control for the actual index
or lookback period of the resetting loan—allowing for any level differences between loans
or neighbors of loans linked to these contract terms. The identification proceeds by using
the precise interest rate spread induced by those choices in contract terms to instrument
for neighboring foreclosure. The key � coefficient captures the impact of foreclosure rates
as instrumented for using those quasi-exogenous interest rate shocks on neighboring default

11The foreclosure definition used for neighbors in both the reduced form and final IV specifications is the
foreclosure completion; which is the only measure available among the full set of neighbors observed in the
Deeds dataset. Results using a notice of default field yield similar results

12This variable is generated following Chinco and Mayer (2015) by isolating properties in which the mailing
address for taxes differs from the property address.
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behavior.
This estimation process is subject to a number of assumptions and limitations. First,

the exclusion restriction requires that the only pathway by which the instrument can af-
fect properties is through the foreclosure of the treated property. An important test of this
assumption will come from local fixed-rate mortgage properties, which pay constant inter-
est rates and so by construction are unlikely to be affected by the interest rate dynamics
governing the instrument.

The resulting estimates also reflect a LATE specific to regions surrounding the private-
label securitized ARMs analyzed in this project. It is worth bearing in mind, however, that
this is the relevant group for a number of interesting analyses. For instance, in analyzing
the impact of changes in interest rates on loan performance, ARMs reflect the relevant
population exposed to fluctuations in interest rates and their localities reflect the locally
treated geographies facing their default choices. Additionally, the sample of subprime and
jumbo-prime mortgages in question were highly targeted for a variety of federal programs,
such as HAMP and HARP, aimed at mortgage relief at least partially motivated by the
issue of preventing default spillovers. Finally, the results, though estimated on a particular
sample to achieve greatest identification, illustrate broader mechanisms and processes of
social interaction that likely reflect broader patterns in the residential mortgage market.

3 Main Specification—Defaults

3.1 Univariate Comparisons

3.1.1 Index Choice

The first contract detail that I exploit is the financial index that determines the reset rate.
There are several potential choices of index, but Treasury and LIBOR rates are dominant,
and my analysis focuses on contrasting two of these: the one-year LIBOR rate and the
one-year Treasury rate.

Prior to 2007, LIBOR and Treasury rates moved quite closely, with a spread of under 50
basis points. While loans tied to LIBOR typically had slightly lower margins to account for
the spread, the difference in risk between the two was perceived to be low and both were
viewed as valid proxies for the risk-free rate.13 Borrowers may have had some choice of index
type; it was typically more often a function of lender intentions on the secondary market.

13Hull (2010) notes, "There is a small chance that an AA-rated financial institution will default on a
LIBOR loan. However, they are close to risk-free. Derivatives traders regard LIBOR rates as a better
indication of the “true" risk-free rate than Treasury rates, because a number of tax and regulatory issues
cause Treasury rates to be artificially low."
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Many investors in mortgage-backed securities (for instance, European banks) had a cost
of funds denominated in LIBOR, and were interested in purchasing assets with a payment
structure also determined by LIBOR. In my sample, the loan servicer explains more than
50% of the variance in index; however, many originators provided loans in both categories.

In the pre-crisis period, the precise choice of interest might generate modest differences in
interest rates for borrowers in the same product class resetting in the same month, but there
was little ex ante reason to prefer one over the other. However, as seen in Figure IV, the two
rates diverged sharply during the crisis, reaching a maximum spread of over 3 percentage
points, and averaging over 1 percentage point between 2007 and 2009. The source of this
discrepancy was predominately overnight risk, and this interest rate spread is very similar
to the traditional TED Spread (the spread analyzed here differs slightly in that loans were
indexed to twelve-month LIBOR and Treasury indices).14

Summary Table II summarizes information at the level of loan, neighborhood, and neigh-
boring loans for both LIBOR and Treasury-linked loans. The biggest point of difference is
that LIBOR-linked loans tended to have a lower origination balance; Treasury-linked loans
were more commonly used above the conforming threshold. Analysis restricting to the
jumbo market above the conforming threshold preserves quantitatively similar estimates.
Index variation exists only among loans with an initial teaser length of five years; such 5/1
ARMs were disproportionately found among the jumbo-prime market.

First, I illustrate my approach using a simple univariate approach that highlights the
index variation in my sample. Recall that ARMs, upon reset, are tied to either a LIBOR
or Treasury index. Monthly payments after reset are based on the amortization component
of the mortgage, plus an interest rate component that is divided into a margin and index
component.

Panel A of Figure V illustrates the consequences of the interest rate divergence between
LIBOR and Treasury rates among resetting loans in my sample. The black line illustrates
the in-sample interest rate spread among loans in my sample, confirming that LIBOR-linked

14Another possible source of the discrepancy may have been market manipulation of LIBOR rates. A class
action suit filed against the twelve largest banks alleges rate manipulation on LIBOR-linked ARM contracts:
“Throughout the Class Period, the LIBOR six-month rates on the first business day of each month are, on
average, more than two basis points higher than the average LIBOR six-month rates throughout the Class
Period. Additionally, from August 2007 through February 2009, the LIBOR six-month rates on the first
business day of each month are, on average, more than seven and one-half basis points higher than the
average LIBOR six-month rates. Finally, the LIBOR six-month rates on the first business day of each month
are, the great majority of the time, higher than the five-day running average of the LIBOR six-month rate
surrounding the first business day submissions throughout the Class Period.” See Annie Bell Adams, et al.
v. Bank of America, et al. 12 Civ. 7461. However, on balance, banks were likely under-quoting LIBOR
rates. Any market manipulation is likely to be uncorrelated with borrower, originator, or neighborhood
characteristics around the time of the reset and so is unlikely to impact the identification strategy.
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loans resetting in periods of high rate divergence between the LIBOR and Treasury indices
did, in fact, pay higher interest rates after the reset. Importantly, these rates were fixed
for a period of twelve months subsequent to reset. The component of mortgage payments
attributable purely to the index divergence was sizable: in the month of greatest divergence
(January 2009), resetting LIBOR-linked borrowers paid over 260 basis points on more an
identical contract, originated in the same month, relative to a Treasury-linked borrower.
This translates to overall payments of over $11,000 for the subsequent year of the contract.
This represents a substantial payment shock, especially in relation to the sorts of shocks
previously studied in the literature.15

The red line in Panel A of Figure V illustrates the impact of the LIBOR-Treasury spread
on subsequent loan performance, graphing the difference between future foreclosure rates on
LIBOR-linked loans relative to Treasury-linked loans over the following year subsequent to
reset. While the simple univariate graph shows some variation in default patterns unrelated
to the underlying index-driven difference, the overall pattern of default divergence follows
that of the index and peaks in exactly the month of greatest interest rate divergence (January
2009).

Panel B extends this comparison to examine the behavior of neighboring loans residing
in neighborhoods around either a LIBOR- or Treasury-linked loan. The nature of sample
construction is described above. This graph now illustrates the difference in foreclosure
rates among borrowers who live near either a LIBOR- or Treasury-linked loan for the two
years following reset of the ARM. The novel finding is that neighbors appear to respond
to interest rates among neighboring properties. The month of greatest divergence between
loans neighboring LIBOR- and Treasury-linked loans again matches the January 2009 spike
in interest rates paid by LIBOR- and Treasury-linked resetting loans.

Overall Figure V provides strong evidence for the role of interest rate shocks at the
time of reset as a variable influencing default decisions of borrowers and, consequently, the
foreclosure intensity faced by neighbors.

3.1.2 Lookback Period

The second contract detail I focus on is the lookback period. At each adjustment, it is
necessary for the lender to compute a new interest rate using the relevant index value. The
existence of lookback periods is generally a remnant of pre-computer processing times for
updating schedules. To allow for processing and notification of the borrower, lenders typically
do not take the contemporaneous value of the index on the day of reset, but instead use the

15For instance, Parker et al. (2013) analyze the consumption impacts of stimulus checks ranging in size
from $300-$1,200.
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index value at a set period in the past. However, there is no set standard for this period:
fifteen, twenty-five, and forty-five days are all common durations. While there is some
connection between originator identity and the precise choice of lookback period, there is
again no strong ex ante reason to prefer one lookback period rather than another and in
general the choice of lookback period does not forecast future interest rates.

In periods with relatively low fluctuations in interest rates, the precise choice of lookback
period makes little difference. However, when index rates are volatile, differences in lookback
period can generate significant differences in the reset rate actually paid ex post. Figure VI
shows the implications of different lookback periods at a time of significant fluctuation: A
loan resetting September 1 2007 could experience a greater than 80 basis point difference in
rate depending on the lookback.

Summary Table I summarizes information at the level of loan, neighborhood, and neigh-
boring loans for loans of varying types of lookback periods. Loan variation on lookback
period is relatively minor; the point of largest difference is found among loans with a 25 day
lookback period, which reset to lower levels of equity than loans of other lookback periods.

3.1.3 Reset Rate Shocks

While the previous two sections investigated particular sources of variation in interest rates
paid conditional on month of reset due to particular contract terms, for reasons of power
and generalizability in comparisons, I also examine the response of ARM resets in general.
Figure VII illustrates a local polynomial smoothing of the effects of all of the within-month
variation in reset shocks on default rates. Again, the key comparison is not between loans,
which experience an upward reset of, say, 3 percent rather than 1 percent due to resetting
in a period of high rather than low interest rates. Instead, the date-demeaned component
of reset shocks focuses on the within-month variation in reset shocks arising from a combi-
nation of differences in origination rates (between loans with different initial teaser rates),
different lookback durations, different teaser lengths, and different index rates. The under-
lying assumption is that such differences in contract terms driving the subsequent shocks to
within-month reset rates offer sufficient variation to examine how borrowers respond to these
reset shocks, and so provide an instrument for analyzing neighboring responses to different
foreclosure intensity. It is important to keep in mind that whatever factors may have driven
borrowers of a particular ARM product to pick a particular contract menu, these decisions
are out of the control of neighbors, who must take the contract choices and subsequent
default patterns of their neighbors as given.

Panel A of VII illustrates the foreclosure response of an ARM borrower in response to
higher reset shocks. Borrowers tend to default more in response to higher-than-average reset
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shocks for a given month. Panel B is perhaps more surprising: this graph examines the
foreclosure response of neighbors of an ARM product in response to a higher reset shock of
the ARM-holder. Neighbors of loans facing higher-than-average reset shock are themselves
more likely to experience foreclosure over the subsequent two years following mortgage reset.

3.2 Regression Results

3.2.1 OLS Results

As an illustration, I first examine results that test for geographical clustering in an OLS
approach.

In Table III, I present estimates on the relationship between completed foreclosures and
the number of additional foreclosure completions around a property through a benchmark
OLS calculation. The sample consists of all loans within a 0.10-mile radius around a resetting
ARM-holder; and examines foreclosure outcomes neighbors for the two years following the
ARM reset. The first column estimates the foreclosure response of borrowers as a function
of prior foreclosures in the entire radius prior to reset. Additional controls include a variety
of variables taken at the level of both the resetting mortgage and the neighbors. Standard
errors are clustered at the tract-year level.

The estimate suggests that a prior foreclosure in the region is associated with a 3%
higher probability of subsequent foreclosure among neighboring homes in the vicinity or a
100% increase in the hazard rate of foreclosure. The second column estimates the foreclosure
response in the two years after reset among neighbors as a function of all foreclosure of the
resetting ARM-holder in the period after reset. The estimate in this column is higher—each
foreclosure results in a 4.9% higher chance of foreclosure among neighboring homes. The
higher estimate in the second column is likely due to the timing of when foreclosures are
estimated to have taken place: the first column examines the post-reset foreclosure response
of neighbors in response to a previous foreclosure prior to the reset date; the second column
examines foreclosure responses in the post-reset window among both neighbors and resetting
loan.

The OLS results, overall, provide suggestive though not causally definitive evidence that
defaults may be geographically clustered, and are consistent with a sizable literature exam-
ining the existence of geographical clustering of default patterns. The results in column 2
in particular suggest very large apparent contagion effects: given an average of 22 houses in
each 0.10 mile radius; those results would suggest that each foreclosure is associated with
another foreclosure in subsequent two years.

Figure I provides a visualization of this effect in Phoenix, graphing completed foreclosures
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there for 2006–2009. The massive rise in foreclosures, and their spatial clustering in certain
areas (for instance, in subprime-heavy Glendale located in the top left part of the city)
is certainly consistent with the hypothesis that an element of social interaction regarding
mortgage default played a role in the amplification of the wave of foreclosures. However,
there are key econometric challenges in a straightforward causal interpretation from the OLS
evidence. Local correlations in default rates may simply result from exposure to common
local shocks (e.g., a local plant closing) or common unobserved variables (e.g., income).

In other words, the standard endogeneity or reflection problem (as discussed, for instance,
in Manksi [1993] is particularly problematic in this context. Addressing this issue has proven
to be difficult with prior work on peer effects, and in particular on residual mortgage default
spillovers.16 To address this issue, I introduce a novel instrument related to administrative
details associated with the reset of ARMs.

3.2.2 First Stage Specification

In Column 1 of Table IV, I estimate the following first stage equation:

Diz,t!t+12 = ↵ + µzt + �0Xizt + �0Rit + "izt

The first row illustrates the impact of a 100 basis point rise in within-month variation
in interest rates arising from index choice on the foreclosure probability of the loan over the
next year. The results suggest that each 100 basis point rise in interest rates is associated
with a 2.5% rise in the probability of foreclosure over the next year, where foreclosure is
defined as foreclosure starts. The second row illustrates first stage results using interest rate
variation arising from the choice of lookback term, and suggests very similar results. The
third row uses all within-month variation in reset rates at the time of reset and yields results
that are also very similar.

3.2.3 IV Results

Previous sections discuss the identification strategy. Here, I present evidence on results in-
volving neighbor default as a function of resetter characteristics. Column 2 of IV presents
reduced form, or intention-on-to-treat, estimates that examine the effect of higher within-
month interest rates conditional on reset on the default behavior of the peers neighbors. The

16For instance, see Campbell, Giglio, and Pathak (2011), p.15: “Furthermore, foreclosures are endogenous
to house prices because homeowners are more likely to default if they have negative equity, which is more
likely as house prices fall. Ideally, we would like an instrument that influences foreclosures but that does
not influence house prices except through foreclosures; however, we have not been able to find such an
instrument.”
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reduced form provides a consistent estimate of the impact of having a peer exposed to the
treatment group of resetting ARMs paying higher interest rates. Unlike the instrumental
variables estimation, the reduced form estimate does not require the monotonicity assump-
tion that higher within-month interest rates conditional on reset did not cause resetters to
be less likely to foreclose. This regression includes controls at the level of the resetting loan
(including controls for the current combined loan-to-value of the resetting loan, the credit
score at origination and just prior to reset, loan attributes such as the purpose and type of
loan, as well as an indicator of the servicer); the neighboring loans (including the current
CLTV, whether the occupant is an investor, and whether the mortgage is an ARM or a
refinanced loan); and the neighborhood (including controls for density, past foreclosures in
the area, and the fraction of the population that is nonwhite at the census tract level); as
well as zip code and month of reset fixed effects.

Column 2 suggests that higher interest rates paid by resetting mortgages are associated
with higher foreclosure rates among geographical peers. Given that these mortgage holders
have completely separate mortgage terms from the resetting ARM-holder, and in particular
may have a fixed-rate mortgage with constant payments, this apparent correlation points to
a strong role for peer interaction effects.

Column 3 combines the first stage and reduced form into an instrumental variable spec-
ification in which the foreclosure rate of the resetter is instrumented for by attributes of the
reset. The first row, examining peer effects arising from the index variation, suggest esti-
mates comparable to the OLS results, of 0.05. These specifications control for whether or not
the neighboring loan is itself LIBOR or Treasury linked; the identification comes the precise
interest rate spread induced by the LIBOR–Treasury difference. Under the assumptions of
the two stage instrumental variable approach, this would suggest strong foreclosure spillovers
leading to a substantial increase in foreclosure intensity as a result of nearby foreclosures.

The second row restricts attention to the variation in within-month interest rates induced
by choices in lookback period. These specifications control for lookback dummies as well,
allowing for level differences in foreclosure outcomes among neighbors as a result of different
lookback choices of the resetting loan. In the first stage, the foreclosure of the resetting
mortgage is instrumented for by the variation in interest rates deriving from lookback pe-
riod. The IV estimate calculates the foreclosure probability of neighbors as a function of
this predicted foreclosure rate. The point estimate suggests that foreclosures driven by the
lookback interest rate variation result in a 1.6% rise in the foreclosure rate of neighbors in the
two years after reset, relative to a somewhat higher baseline rate of 4.1%, corresponding to
an aggregate impact of 0.35 additional foreclosures as the result of each resetting foreclosure.

My preferred estimates are in the third row of column 3, which combine all data and use
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all within-month variation in interest rates as shocks for the foreclosure of the resetting ARM,
and use this instrumented foreclosure intensity to examine the peer effects in foreclosure. The
point estimate suggests that foreclosures that are induced by attributes of the reset raise the
foreclosure probability of neighbors in a 0.10 mi radius by 2.1%, relative to a mean of 3.4%
for the two years following reset. This represents a substantial increase in the hazard rate of
foreclosure, though the estimate is substantially smaller than the OLS estimate derived from
all foreclosures among the resetting property, pointing to the importance in correcting for the
issue of reflexivity in responses to foreclosure. These estimates correspond to a cumulative
effect of each foreclosure of 0.46 additional foreclosures in the neighboring area for two years
after a completed foreclosure (with a 95% confidence interval of (.25, .67)). These effects
are quite large in economic significance and suggest that peer exposure to local foreclosures
appear quite large in impacting household foreclosure outcomes.

The last column of IV include the F-statistic for the excluded instruments. Estimates
range from 173-1031, which are quite high for this context and alleviate some concerns
regarding weak instruments in this context. The strength of this result likely arises from a
combination of strong effect sizes in the first stage along with a large sample size.

4 Mechanisms

4.1 Neighboring House Price Effects

In investigating the mechanisms by which foreclosures spillovers may impact neighbor re-
sponses, I first focus on the role of house prices. A foreclosed property typically sells quickly
through auction at a distressed price. Foreclosures therefore result in an increase in net
supply of housing in local areas since defaulters typically rent subsequent to experiencing
a foreclosure. Given that residential properties are typically differentiated products, this
may result in measurable price impacts in the local neighborhood. Additionally, foreclosed
properties typically remain vacant and depreciate through the foreclosure process, resulting
in a drop in the capitalized amenity value of local areas.17. These channels suggest the pos-
sibility of foreclosures affecting prices of houses in local areas, which may in turn be driving
the default decisions of borrowers. Lower house prices may induce borrowers to default for a
variety of reasons, including ruthless default by borrowers in negative equity; some borrowers
may be facing other adverse shocks such as unemployment and the additional impact of local
house price declines may lead them to default for reasons of a double-trigger default.

17A price discovery channel may also suggest that the presence of a local foreclosure itself reveals some
information about the future price dynamics of a neighborhood.
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Figure VIII uses an event study framework to illustrate the impact of a foreclosure on
sale prices of houses within a 0.10 mile radius around the foreclosed property both before
and after the foreclosure completion. The estimates are drawn from a regression of the log
sale price of properties against a variety of household characteristics:

log(Pit) = ↵ + µt +Xit +

s�1X
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µk · 1[(t� Ti) = k] + "it

Where log(Pit) is the log of the sale price of homes, fixed effects control for the month
of observation, the zip code, and a variety of property-specific controls. The key coefficients
of interest are µk, which measure the change in sale price of the house during s quarters
prior to and following the timing of the foreclosure in quarter Ti. This sample restricts to
borrowers in the vicinity of a resetting ARM that experiences foreclosure. Standard errors
are clustered at the tract-year level. Panel A illustrates the impact of the foreclosure on
the log price of transacted properties. The estimates suggest a sizable drop in the sale price
of transacted properties around 1–4% after the sale. These estimates are comparable to
those found in prior research, such as Anenberg and Kung (2014) or Campbell, Giglio, and
Pathak (2011), which estimates a roughly 1% impact on price after also differencing out price
impacts on more distant geographies. Panel B estimates the impact of foreclosures on the
repeat-sale measure of prices, in which the dependent variable is now log(Pi,t�qi)/ log(Pit),
where Pi,t�qi is the last transacted sale on the property. The repeat-sale measure of price,
as emphasized in Fisher, Lambie-Hanson, and Willen (2013), allows for a measure of price
impact that better controls for property-specific characteristics. The impact of foreclosures
on the repeat-sale measure of price is lower—averaging around 1% and reaching statistical
significance and a minimum of around 2% two quarters after the completed foreclosure sale.

The difference between the impact of the foreclosure on the standard price relative to the
repeat-sale measure of price suggests an important role for compositional effects subsequent
to foreclosure completions on the set of properties that choose to transact. Lower-priced
properties disproportionately transact subsequent to foreclosures, suggesting a larger price
impact than if changes in household sale choices were held fixed. Consistent with this
interpretation, figure VIII also illustrates in the background a histogram of completed sales
in the neighborhood around foreclosed properties. Properties disproportionately do not
transact in the quarter after a completed foreclosure has taken place, in the time when price
effects are also greatest.

Addressing the impact of changes in composition on the causal estimation of prices is a
challenge that prior work in the area has not fully addressed. However, I emphasize several
features of this bias. It appears that much of this selection effect appears to come from
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higher priced properties choosing not to transact after a nearby foreclosure, suggesting a
downward bias on estimated price effects. Second, precise identification of the true treatment
of foreclosure effects is not necessarily critical in the context of establishing peer effects,
because nearby borrowers and lenders themselves take house prices as given and do not
necessarily filter the true price impact separate from the change in composition, which is a
challenge even for the econometrician. In particular, property value assessments take local
comparable sales as given when establishing estimates of current market prices.

Finally, I emphasize that price effects appear to be unlikely to explain the full magni-
tude of the foreclosure spillovers I observe, suggesting a role for peer effects operating in
conjunction with the price channel. Assuming a price effect of 1%—consistent with the prior
literature and my repeat sales evidence—along with conventional estimates of the elasticity
of default with respect to price (Palmer [2014] suggests that each 10% drop in house prices
results in a yearly increase of mortgage default of 1%) would suggest that the price channel
can explain perhaps 10% of the foreclosure contagion channel I observe. Given the diffi-
culties in accurately measuring the price channels, I emphasize the order of magnitude of
this result: even under reasonable adjustments to the precise estimation of the price effect,
it seems unlikely that the price effect can explain the entirety of the foreclosure contagion
channel.

4.2 Refinancing Channel

Supposing that the price channel—a key focus of prior research in the area of foreclosure
impacts—is unlikely to explain the full magnitude of my foreclosure contagion results, what
are other likely channels of impact between foreclosures and neighbor responses? One im-
portant channel complementing the role of house prices is the shift in access to new credit
as suggested by changes in refinancing activity.

Table V estimates a two-stage instrumental variable regression in which the outcome
in the second stage is refinancing behavior among neighboring loans (again within a 0.10
mi radius); foreclosure of the resetter remains the dependent variable in the first stage.
While refinancing opportunities respond in part to changes in house prices as captured in
the previous section, separate estimation of the refinancing channel suggests a more precise
isolation of this exact pathway. In particular, lenders may respond to both the price effect
as revealed through changes in transacting prices, as well as to actual evidence of foreclosure
activity in nearby areas. This may be because lenders view foreclosures by themselves as
revealing information regarding the quality of the neighborhood or the borrowers contained
within it.
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I find substantial evidence that refinancing activity drops in areas that have experienced
foreclosures, using the instrumented value of foreclosure among resetting loans from the
variation in reset rates. Column 1 estimates refinancing results on the BlackBox dataset,
for which refinancing is defined using an early prepayment indicator drawn from a sample
of private-label securitized loans.18 Additional controls in BlackBox specifications include a
full set of controls for loan characteristics that are commonly measured on both resetting
and neighboring loans, such as interest rates, credit score, loan purpose, and equity. My
estimates on this sample suggest that instrumented foreclosure activity lowers the frequency
of prepayment by 3.5%, or lowering the the hazard rate of prepayment among securitized
loans by almost a half.

Effect sizes are larger among the full sample of Deeds loans, shown in column 2, for which
an indication for refinancing is drawn from mortgage transactions in the Deeds records.
Depending on the specification (relying on index, lookback, and all interest rate variation), I
estimate between a 6–8% drop in the future two-year propensity to experience a refinancing,
relative to mean of around 17%, or roughly a third drop in the hazard rate of refinancing.

This refinancing effect may reflect either a borrower-driven response if the local foreclosure
reduces borrower propensity to seek out new refinancing, or a lender-driven response to the
extent that lenders perceive local price drops or other foreclosure externalities that make
them more reluctant to extend credit in the vicinity of a foreclosed property. However,
I emphasize that the coefficient size of this effect is much larger than my estimates for
foreclosure spillovers. That suggests that even if all borrowers who ceased to make payments
and wound up in foreclosure would have counterfactually received a new loan instead; there
remains a substantial group of borrowers who neither refinance nor default. Instead, they
simply continue to make payments on their old mortgage.

The presence of these borrowers is strongly indicative, though not fully conclusive, of a
lender-driven response. These borrowers are plausibly denied credit due to the local foreclo-
sure. While some borrowers denied refinancing default as a result, others continue mortgage
repayment. A lender-driven response is consistent with many borrowers being locked out
of credit markets but continuing to make payments; it is more difficult to rationalize a
demand-driven response by which the exposure to a nearby foreclosure would induce bor-
rowers to simply refuse available new mortgage credit which in this period typically lowers
their monthly mortgage payments by a substantial amount.

A substantial lender-driven refinancing response helps to reconcile the magnitude of my
18A downside of this measure is that it also includes early payment of the loan associated with the borrower

prepaying and moving. Additionally, the sample of private-label securitized loans during this period typically
faced difficulties in accessing refinancing markets throughout this period.
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foreclosure spillover effects. If lenders react to local foreclosure activity heavily by denying
credit in substantial amounts, neighboring borrowers will find it relatively much more difficult
to make mortgage payments and will experience higher rates of default.

4.3 Neighboring Peer Responses

4.4 Estimating Default Outcomes

A separate channel which can also explain the magnitude of my results is a neighboring peer
effect channel in which borrowers react to local foreclosure by adjusting their own payment
behavior. I provide a range of results illustrating the impacts of local foreclosures on borrower
behavior.

Table VI focuses on outcomes of default among neighbors in the second stage, while still
using the foreclosure of the resetter in the first stage. Since foreclosure is a joint decision
between borrowers and lenders, one potential concern might be that apparent spillover effects
on foreclosures may be a lender-driven response. Column 1 asses this channel by using the
notice of default as the dependent variable. This is a relatively automatic public notice
delivered to borrowers that they are behind on payments, and have some period of time
to resume payment or lenders may initiate a foreclosure process. I find sizable impacts of
foreclosures of the resetting mortgage, as instrumented for by reset characteristics, on the
default decisions of neighbors. However, since I do not have notice of default information
for as many counties, the sample size is somewhat smaller and the lookback and index
specifications do not reach statistical significance.

Column 2 of this table examines a variety of outcomes for the BlackBox sample. This
sample consists of loans in the BlackBox dataset that match to properties within 0.10 miles
of a resetting ARM. While this sample is restricted in terms of coverage of which loans
are present, I am able to control in this group for a variety of additional characteristics of
loans. In particular, I control for the same characteristics as for the resetting loan, including:
the precise contract terms relating to reset (including whether or not the loan is an ARM,
the exact interest rate, time from reset, as well as the index type and assigned lookback),
along with a variety of other loan-level details such as the combined current loan to value
(including both first and second liens, with the home value adjusted to the monthly level
using Zillow zip-code data), and the purpose and type of the loan. I also include additional
borrower-level data such as the lagged credit score and credit utilization. A key advantage of
the BlackBox specification is that I am able to fully control for the same set of covariates for
both resetter and local borrower, allowing me to control for any local correlation in loopback
periods or index choice.
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My estimates suggest that completed foreclosures have a substantial impact on foreclo-
sure start (a coefficient of 0.064) and delinquency outcomes (a coefficient of 0.076) among
private-label securitized loans. These effects are sizable and isolate the borrower delinquency,
as opposed to purely the lender decision to foreclosure, as a key driver of foreclosure spillover
effects. While the implied aggregated default estimates in this sample are quite large (i.e.,
the total spillover effects on foreclosure start on the BlackBox sample would suggest an addi-
tional 1.4 foreclosure starts total in neighboring areas); these estimates entail a hypothetical
neighborhood consisting of only subprime or jumbo-prime loans. Neighborhoods typically
contain a mix of subprime and other borrowers; an advantage of calculations on the Deeds
sample is that this sample consists of the universe of all neighboring borrowers, enabling
greater generalizability.

4.5 Timing of Default Responses

I examine how repayment of mortgage debt varies around the timing of the local foreclosure
using an event study framework. This connects the precise payment decisions of borrowers
to the foreclosure decisions of their neighbors. To evaluate the default decisions of neighbors,
I examine the payment behavior of neighbors who hold a mortgage in the BlackBox sample,
restricting attention to those borrowers with privately securitized mortgages. I run the
regression:

Oit = ↵ + µt +Xit +
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Where Oit is the outcome of making payments on either a mortgage or other revolving
debt (e.g., credit cards), fixed effects control for the month of observation, the zip code, and
a variety of property-specific controls. The key coefficients of interests are µk, which measure
the change in sale price of the house during s quarters prior to and following the timing of the
foreclosure in quarter Ti. This sample is restricted to borrowers in the vicinity of a resetting
ARM that experiences foreclosure. Standard errors are clustered at the tract-year level.

Panel A of Figure XI illustrates how borrower default patterns behave around the timing
of the foreclosure completion of the resetting ARM by plotting the coefficients µk. I find that
borrowers are less likely to be current the quarter prior to foreclosure completion, during
which time the property is typically vacant and the nature of the foreclosure process is
visible to neighbors. Mortgage repayment rates continue to decline in the quarter in which
the foreclosure is completed and flatten out thereafter.

By contrast, Panel B of Figure XI illustrates borrower repayment on non-mortgage debt
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as captured by payment status on revolving debt, which includes credit cards. In contrast
to Panel A, Panel B shows no impact of the neighboring foreclosure on the payment status
of non-mortgage debts. Both the timing of the mortgage default decision—around the mo-
ment in which the foreclosure becomes visible to neighbors—as well as the fact that it leads
borrowers to default on mortgage but not non-mortgage debts—is suggestive that borrower
responses specifically tied to mortgage non-repayment dominate the spillover effects of fore-
closures. This result suggests that borrower attitudes specifically towards mortgage debts,
as opposed to loans in general, are driving my results.

4.6 The Pattern of Peer Strategic Responses

Table VII cuts my main specification along several dimensions. I follow the instrumental
variable approach as outlined in column 3 of table IV, using all of the within-month variation
in interest rates and focusing on a variety of samples. First, I find that my results persist
when subsetting on neighbors with fixed-rate mortgages. This specification avoids potential
pitfalls relating to correlation in loan contracting terms across neighbors, as it is difficult
to think of why contract decisions resulting in different interest rates for adjustable-rate
borrowers should have any impact on neighbors with fixed-rate contracts. The effects remain
sizable among borrowers with fixed-rate contracts—I find an increase in the future two-year
foreclosure probability of 1.9%, corresponding to a cumulative impact of an additional 0.42
foreclosures in a hypothetical neighborhood consisting of only fixed-rate mortgages.

I also find larger effects among units in apartments, and sizable effects on investor prop-
erties19. I find very large effects of a 3% rise in foreclosure among underwater properties,
though this specification is measured only on the BlackBox sample and does not reach sta-
tistical significance.

While failing to repay bills seems an intuitive option, the household financial literature
has documented a relative unwillingness on the part of households to exercise their default
option when doing so would improve household prospects. For instance, Fay, Hurst, and
White (2002) find that a substantial fraction of households for whom it would be financially
profitable to declare bankruptcy choose not to do so. Among mortgage holders, the majority
of those facing negative equity—owing more on their mortgage than it is worth—continue to
make mortgage payments, even though it would be financially profitable for them to cease
payments and walk away from the property.

To be sure, the decision to continue making payments on an underwater property is a
complicated one involving a variety of other factors. Borrower repayment may be rationalized

19Where investor status is identified by contrasting the address field in Deeds records across the mailing
address where tax bills are sent and the property address as in Chinco and Mayer (2015)
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under a dynamic model incorporating the future credit costs of default, the local amenity
values of the neighborhood, transaction costs in finding a new residence, or a variety of
other factors (though the prospect of being able to live rent-free in the property subsequent
to default is a factor which should encourage an earlier default). Nevertheless, it seems
likely that many borrowers are making decisions to continue mortgage payments that may be
narrowly unprofitable from the perspective of maximizing the default option on the property.

In that context, my preferred interpretation is that default spillovers are high among
borrowers for whom it is profitable to default, and who have been previously dissuaded from
defaulting for reasons of social stigma or misperception regarding the viability of the default
option. The physical presence of a local foreclosure, in this context, appears to trigger
additional defaults among these borrowers.

Figure IX illustrates default spillover effects by the year of observation. I focus on the
year of reset of the ARM, and follow the subsequent two-year foreclosure probability of
neighboring loans using the baseline instrumental variable specification focusing on all loans
and variation induced by the reset amount. I find that spillover effects seem fairly stable
over the period 2006–2010, and cannot reject a null that they are all the same.

Figure X examines results by distance from the resetting property. I focus on a sample of
BlackBox loans within 0.15 miles of a resetting loan, and compute the baseline instrumental
variable specification as illustrated in column 3 of Table IV for properties at various distances
away from the resetting loan. The estimated relationship shows a roughly linear relationship
between distance from the resetting loan and the size of the foreclosure spillover effect.
Among properties 0.10–0.15 miles away from the resetting loan, the size of the spillover
effect is no longer statistically significant.

Table VIII shows spillover effects ordered by the intensity of prior foreclosures in the
area. I find that foreclosure spillovers are strongest in areas that have only experienced
zero or one foreclosure within a broader radius (0.25 miles) in the previous two years. This
pattern of results suggests that foreclosure spillovers are driven by learning about the cost
of default, which manifests most strongly upon the initial set of foreclosures. An alternate
hypothesis would be that foreclosures impact peer responses through a channel of affecting
the stigma attached to repaying debts, which might suggest that an increasing wave of local
foreclosures is required to induce other borrowers to repay. I emphasize that the standard
errors are large in the context and I am not able to rule out a more S-shaped pattern of
foreclosure spillovers. However, the point estimates I find are most consistent with a peer
effect channel which strongly weighs the impact of initial local foreclosures.

The overall pattern suggested by these separate cuts is suggestive of a neighboring peer
default channel. I document that the default responses to a local foreclosure (1) is linked to
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borrower decisions to cease debt payments, (2) is linked to the timing of serious delinquency
on neighboring properties, (3) does not entail delinquency on non-mortgage debts, (4) is
highest among underwater properties, (5) is closely tied to the geography of foreclosed prop-
erties at a very tight radius, (6) and is highest in areas which have previously experienced
little foreclosure activity. The balance of all of these factors suggests a responsive default
motive on the part of local borrowers, who learn from local foreclosure activity about the
cost of default and cease debt repayment on their mortgage when it is profitable to do so.

5 Robustness

5.1 Placebo Test: Prior Foreclosures

A key identifying assumption is that within-month variation in interest rates, conditional
on other observables (such as zip code and characteristics of both the resetting and neigh-
boring mortgages) have no impact on neighboring mortgage default patterns except through
the channel of foreclosures on the resetting ARM. While this assumption cannot be tested
directly, I provide some evidence in its support. One such test is in Table X, which finds that
default spillover effects are concentrated among loans within a very small radius directly sur-
rounding the resetting loans. While it is likely that mortgage holders are commonly exposed
to local shocks—for instance, the closure of a local plant—it is more difficult to imagine real
economic shocks that are correlated with within-month variation in interest rates as induced
by the lookback period or index type, but only at extremely small distances around resetting
ARMs.

Another robustness check is in Table X, which performs a similar regression as in the
main specification—but with the key dependent variable being foreclosure status among
loans neighboring the resetting ARM in the prior two years before the resetting ARM.
This serves as a placebo check of the main analysis: if the instrument is valid, it should
not predict foreclosures prior to the time when the resetting ARM is actually paying the
differential interest rates. Table X provides evidence consistent with this intuition. Column
1 shows estimates for the BlackBox sample of loans neighboring the resetting ARM; Column
2 provides evidence on the full Deeds sample. Estimates of the instrumented peer effect are
insignificant for the BlackBox sample, and significant but negative and very small for the
Deeds sample (-0.0005). If anything, the estimates from the prior timing regressions suggest
that the effect size may be slightly underestimated due to the assignment of treatment in
areas with a slightly lower propensity for foreclosure.
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6 Aggregate Effects Reset Intensity and Foreclosures

The previous sections focus on micro-level data to evaluate the effects of foreclosure spillovers
on local outcomes. However, many of the effects of resets and foreclosures can be expected
to aggregate and impact broader areas. While identification is more difficult when exam-
ining these aggregate effects, a key motivation in understanding foreclosure spillovers is in
evaluating the broader macroeconomic consequences of household default decisions. The
aggregation of externalities resulting from foreclosure presents a possible motivation for a
variety of federal debt relief programs—including federal assistance in mortgage modifica-
tion, refinancing, as well as the central bank’s choice of interest rates, which directly feeds
into the payment decisions of ARM-holders.

I analyze the aggregate effects of foreclosures by focusing on regional variation in the
fraction of local resetting ARMs. Since interest rates paid at the time of reset can be either
higher or lower than the original rate, and even interest rate shocks may not be binding
for borrowers with equity, I focus attention on what I refer to as double-trigger ARMs:
those facing both (1) an interest rate hike at the time of reset and (2) close to negative
equity at the time of reset (a combined cumulative loan-to-value ratio of at least ninety).
Borrowers resetting under these conditions face both a payment shock in meeting the higher
loan payment subsequent to reset, and, due to their lack of equity, a payment constraint
that is more likely to be binding, since refinancing is more difficult for borrowers facing this
amount of leverage.

First, I categorize counties and zip codes along an index by the quarterly count of private-
label mortgages facing a double-trigger reset. Over my sample, there is sizable variation
in local geographies facing resetting ARM shocks, driven by a combination of differential
originations in these product categories; different initial teaser length durations resulting in
changes in timing of when initial resets occur; different interest rates inducing mortgages to
reset under conditions of high interest rates; differences in leverage choices of households;
and pre-reset changes in house prices, which also affect the loan-to-value calculation.

If foreclosures have important aggregate consequences, geographic areas experiencing a
high exposure to double-trigger resets should experience greater foreclosures resulting from
these resets, which may also impact local house prices and foreclosures among non-resetting
mortgages in local areas. The presence of externalities resulting from mortgage default acts
as an amplification mechanism of the initial reset shock inducing more foreclosures in areas.

To test this hypothesis, I regress the quarterly count of resetting ARMs against aggregate
counts of foreclosures and price changes in the following quarter. If the external effects of
foreclosures are large, I expect areas with a greater intensity of double-trigger default to

30



experience more foreclosures and greater price declines in subsequent quarters. I run the
following specification:

Oit = µit + � ·DTi,t�1 + "it

Where i indexes either zip codes or counties, and t indicates the quarter of observation.
Oit is the outcome variable in question—either aggregate foreclosures or the local price
changes. DTi,t�1 captures the count of local double-trigger ARM resets, normalized by
subtracting the mean and dividing by the standard deviation. Thez interpretation of the �

coefficient measures the impact a one standard deviation rise in double-trigger resets in a
quarter has on price changes and aggregate foreclosures the following quarter. To account
for other changes in the economic environment, I include dummies for quarter of observation
and fixed effects for the zip code or county. That is, I am not exploiting the fact that certain
areas simply originated a greater fraction of ARMs than others—I use only the variation in
timing of those resets and their severity as captured by resets that face upward interest rate
shocks in conditions of negative equity. Standard errors are clustered at either the county
or zip-code level.

Table IX shows evidence consistent with the hypothesis that foreclosure contagion has
macroeconomic effects observable at the zip-code or county level. A one standard deviation
rise in the relative frequency of double-trigger rests results in around a 0.3% drop in house
measured at the zip-code or county level, relative to a typical mean of around a 0.6% drop.
At the zip-code level, a one standard deviation rise in double-trigger rests leads to eleven
additional foreclosures the following quarter (relative to an average of twenty-seven), or an
additional 552 foreclosures at the county level (relative to a mean of 1330).

These effects are quite economically sizable and suggest a substantial role for foreclosure
externalities in amplifying the effects of an initial set of foreclosures into larger economic
losses for geographies affected by a greater than average number of adverse ARM resets. To
be sure, this analysis lacks the tight identification of the microeconomic approach above,
which relies on within-month variation in interest rates paid upon the time of reset. While
I am able to control for a range of economic conditions through time and geography fixed
effects, areas experiencing a wave of adverse reset shocks may face other simultaneous neg-
ative economic shocks. As such, these results should be seen as a descriptive illustration of
the potential magnitude of the size of the aggregate consequences of foreclosure spillovers.
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7 Conclusion

In this paper, I shed light on one important mechanism behind the massive wave of foreclo-
sures experienced during the recent financial crisis: the role of default spillovers and peer
effects. In understanding the externalities of foreclosures, I analyze two novel instruments
influencing foreclosures: the choices of lookback period and financial index. I argue that
these commonly overlooked features of ARM contracts allow for a quasi-experimental set-
ting in which mortgages resetting in the same month are shocked at different interest rates for
reasons that are highly unlikely ex ante to be closely related to default decisions of neighbors.

Consistent with prior literature on ARM reset, I first establish that the within-month
variation in interest rates among resetting ARMs predicts default and foreclosure behavior
among resetting loans. Next, I use the resulting spike in foreclosure rates among loans facing
relatively higher interest rates (which are fixed for a period of six to twelve months) as a
local shock to the foreclosure intensity experienced by their geographical neighbors. I find
compelling evidence for the existence of foreclosure spillover effects: each foreclosure causes
an additional 0.3–0.5 foreclosures in the 0.10 mile radius around a foreclosed property. These
effects are economically large and point to large peer impacts of foreclosures.

While prior literature has examined price consequences of foreclosures, I find that it
appears unlikely that price effects can fully explain the magnitude of my result. In addition
to the price channel, I emphasize the role of a refinancing channel—I find that refinancing
activity drops by a third in areas around foreclosures—as well as a neighboring default peer
channel. I emphasize the role of informational and learning features of nearby mortgages.
The presence of a nearby foreclosure provides local residents with important information both
on the quality of the neighborhood as well as the viability of mortgage default. Consistent
with this interpretation, I document that foreclosure spillovers are (1) concentrated in a tight
geography around foreclosed properties, (2) highest among underwater properties, (3) do not
manifest in defaults on non-mortgage debts, and (4) are highest in areas that have previously
not experienced a foreclosure. This pattern is most consistent with an informational view of
default in which borrowers strategically default in reaction to local foreclosures after learning
about the cost of default in response to a visible nearby foreclosure.

I also document regional consequences of mortgage defaults. I focus on ARMs that reset
under adverse circumstances—negative equity and upward rate resets—that are strongly pre-
dictive of future delinquency. In the presence of spillover effects, these defaults should impact
borrowers in these areas more broadly. I document that zip codes and counties with a greater
prevalence of adverse mortgage resets experience greater price drops and more foreclosures
in the following quarter. These results provide complementary evidence on mortgage resets
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in connection with prior work, which has documented the positive impacts of rate decreases
among resetting ARMs on mortgage performance and local economic outcomes. While I am
primarily interested in mortgage resets as an instrument to understand mortgage resets in
general, my results also highlight the nature of interest rate-linked mortgage contracts as a
key aspect of the monetary policy transmission mechanism.

Overall, these results highlight an important amplification channel associated with lender
and borrower responses to defaults that resemble a traditional bank run. ARMs in particular
can be seen as a form of repeated short-term borrowing, as borrowers typically refinanced at
the end of their teaser period (at which point prepayment penalties frequently expired and the
dynamics of rate reset could push interest rates higher). Continued repayment rates among
loans featuring these contract details was predicated on the availability of continued access to
market credit. When ARMs reset under conditions of low prices, however, refinancing was a
challenge and borrowers faced with payment shocks often defaulted. To the extent that these
defaults triggered price drops and falls in refinancing activity among neighboring homes, they
led to a cascading wave of additional defaults and further price drops in surrounding areas.
In the aggregate, the dynamics of peer interactions in the residential mortgage market help
explain how an initially small shock to the subprime mortgage market was transmitted to a
much greater shock among households broadly, and potentially points to important roles for
public policy aimed at addressing foreclosures.
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Figure I
Plots of Completed Foreclosures in Phoenix, AZ

2006 2007

2008 2009
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Figure II
Illustration of Reset Dates

Typical interest rate schedules are illustrated for two common mortgage products—A 2/28 ARM with an
initial teaser period of two years, and a 3/27 ARM with an initial teaser rate of three years. Assuming both
mortgages have identical margins and lookback periods, they pay identical interest rates subsequent to the
reset.

2/28 ARM

3/27 ARM Reset Date

Reset Date

Origination Date

Origination Date

Jan. 2006 Jan. 2007 Jan. 2008Jan. 2005

r = 5 5 5 7

r = 4 4 7
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LIBOR Reset July 2007, r = 5.26

Treasury Reset Jan 2009, r = 1.26

Treasury Reset July 2007, r = 4.97

LIBOR Reset Jan 2009, r = 3.90

| {z }
0.10 mi

- ARM
- In Sample
- Not in Sample

Figure III
Illustration of Sample Creation

This graph illustrates the mechanics of sample selection. Resetting adjustable-rate mortgages, represented
as filled black circles, comprise the basis of the sample. Properties represented as red circles are included in
the sample if they lie within a 0.10 mi radius of these loans. Properties represented by black circles are not
within 0.10 miles of any resetting ARM are are not included in the sample. The highlighted interest rates
also illustrate the nature of the identification strategy—here, two sets of mortgages are resetting in the same
month to different interest rates, exposing their neighborhoods to different foreclosure intensities.
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Figure IV
Index Values

Panel A illustrates prevailing index rates on one year LIBOR and Treasury indices to which many adjustable-
rate contracts were linked. Panel B illustrates the spread between these two indices. The spread reaches a
maximum of over 300 basis points in late 2008. The areas highlighted by dashes indicate a period of large
differences in interest rates between the two indices that are explored further in the next table.
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Figure V
Univariate Graphs: Interest Rate and Default Spreads

These graphs illustrate the differences in interest rates and default behavior among loans linked to different
indices along with their neighbors. The black line in both panels illustrates the difference in interest rates
paid among loans indexed to LIBOR relative to interest rates paid among comparable loans indexed to a
Treasury index. This spread reaches a maximum in January 2009, when LIBOR-linked loans could expect
to pay, on average, 260 basis points more than otherwise identical Treasury-linked loans—corresponding to
about $11,000 more in payments over the subsequent 12 months. Panel A illustrates how this interest rate
differential corresponds to a difference in subsequent foreclosure rates among LIBOR-linked loans relative
to Treasury-linked loans over the year following reset. Panel B illustrates how this interest rate differential
translates into the probability of experiencing a foreclosure in the two years subsequent to the reset date
among the neighbors of loans linked to either a LIBOR or Treasury index within a 0.10 mile radius.
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Figure VI
Illustration of Lookback Period

This graph illustrates the differences in potential interest rates paid by adjustable-rate mortgages resetting
within the same month due to lookback variation. A mortgage with a lookback of 15 days will pay, for the
next six or twelve months, an interest rate component of the payment drawn from the exact interest rate on
the prevailing index (LIBOR or Treasury) 15 days prior; in this example 4.18%. An otherwise comparable
mortgage with a lookback of 45 days will pay 5.02%.

Reset Date

45 Day Lookback 

4.91 5.02 4.83 4.18 4.19

July 1st, 2007 July 17th, 2007 August 1st, 2007 August 16th, 2007 September 1st, 2007

15 Day Lookback
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Figure VII
Default Responses to Interest Rate Hikes

These plots investigate the impact of within-month variation in reset rates on default behavior. Panel A
illustrates a local polynomial smoothed plot of date-demeaned reset shocks against future date-demeaned
foreclosure probabilities among resetting loans. Variation in reset rates, conditional on month, arises from
differences in origination rates (due to differences in initial teaser term), index choice, and lookback period.
Panel B uses the same measure of reset rate shocks among resetting adjustable-rate mortgages, but inves-
tigates the foreclosure responses among neighboring loans within a 0.10 mile radius in the subsequent two
years.
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Table I
Summary Statistics: Lookback Sample

Lookback Length: 0 25 30 45

Resetting Loan:

Credit Score 723 704 714 704
Original Balance (100$k) 266 259 263 262
Conforming 76% 81% 78% 77%
CLTV 87 107 99 92
Refi 49% 48% 49% 49%
Investor 9% 11% 7% 8%

Neighborhood:

Density 22 23 22 22
Fraction Non-White 36% 36% 35% 37%

Neighboring Loans:

CLTV 74% 83% 80% 78%
Mortgage Amount 207 241 218 213
Year Built 1967 1967 1967 1966
ARM 42% 39% 40% 41%
Investor 20% 23% 22% 21%

N 558k 334k 333k 581k
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Table II
Summary Statistics: Index Sample

Index Indicator: LIBOR Treasury

Resetting Loan:

Credit Score 870 902
Original Balance 468 623
Conforming 31% 9%
CLTV 83% 70%
Refi 49% 66%
Investor 9% 4%

Neighborhood:

Density 24 22
Fraction Non-white 24% 22%

Neighboring Loans:

CLTV 77% 67%
Mortgage Amount 319% 389%
Year Built 1971 1968
ARM 42% 48%
Investor 23% 20%

N 395k 287k

Table III
OLS Evidence of Foreclosure Clustering

This table estimates the relationship between completed foreclosures and the observable number of additional
foreclosure completions for different measures of radius lengths around a property through a benchmark
OLS calculation. The sample consists of all loans within a 0.10 mi radius around a resetting adjustable-rate
mortgage holder. The first column estimates the foreclosure response of borrowers in the two years following
the mortgage reset; as a function of prior foreclosures in the entire radius prior to reset. The second column
estimates the foreclosure response in the two years after reset among neighbors as a function of the foreclosure
of the resetting adjustable-rate mortgage holder in the period after reset. Additional controls include a variety
of variables taken at the level of both the resetting mortgage and the neighbors. Brackets contain the mean
of the dependent variable for the sample in question. Standard errors are clustered at the tract-year level.

Local Foreclosures Reset Foreclosures

Neighboring Foreclosure 0.031*** 0.049***
(0.0005) (0.009)
[0.03] [0.03]

N(Clusters) 4.5m (7468)
** denotes 5% significance, *** denotes 1% significance.
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Table IV
Main Results

This table examines how within-month variation in interest rates, paid conditional on reset, predict future
foreclosure behavior. The first stage regression is Diz,t!t+12 = ↵+ µzt + �0Xizt + �0Rit + "izt, the reduced
form (intention-to-treat) specification is D�i,z,t!t+24 = ↵ + µzt + �0X�i,zt + �0Rizt + "�i,zt, and 2SLS
(instrumental variable) specification is D�i,z,t!t+24 = ↵+µzt+�0X�i,zt+�0 ˆNizt+"�i,zt; where the notation
X�i indicates that these values are taken among the set of all neighbors of the resetting ARM except the
resetter herself. Brackets contain the mean of the dependent variable for the sample in question. Standard
errors are clustered at the tract-year level. The dependent variable in the first column is the foreclosure
propensity of the resetting mortgage in the year after reset; in the next two columns it is the foreclosure
probability of neighboring properties for the two years after reset. The last column shows the F-test for the
excluded instrument in the first stage of the regression.

Dep Var: Foreclosure
First Stage Reduced Form Second Stage N(Clusters) First Stage F

(ITT) (2SLS)

Index Sample 0.024*** 0.0012** 0.050*** 664k(14k) 173
(0.003) (0.0007) (0.013)
[0.025] [0.02] [0.02]

Lookback 0.025*** 0.0005*** 0.016*** 3.3m(45k) 969
(0.002) (0.00015) (0.005)
[0.21] [0.041] [0.041]

All Resets 0.025*** 0.0005*** 0.021*** 4.4m(58k) 1031
(0.0013) (0.00014) (0.0049)
[0.17] [0.034] [0.034]

Resetter and Neighbor Controls Yes Yes Yes
Fixed Effects Zipcode Zipcode Zipcode

Dep Var is Foreclosure of: Resetter Neighbor Neighbor
Key Regressor is: Interest Rate Interest Rate Predicted Foreclosure

** denotes 5% significance, *** denotes 1% significance.
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Table V
Spillover Impacts on Refinancing Outcomes

This table examines how within-month variation in interest rates, paid conditional on reset, predict future
refinancing behavior for neighbors around a resetting ARM for the following two years. Results are estimated
both on a Deeds sample, for which refinancing activity is drawn from subsequent mortgage transactions, as
well as on a BlackBox sample, for which refinancing is measured as the prepayment on an existing mortgage.
The specifications shown reflect the instrumental variable specification in which the first stage regresses all
within-month variation in interest rates against foreclosure rates of the resetting property, and the second
stage uses the predicted value of foreclosure from these reset characteristics against refinancing among
properties in the 0.10 mi radius around the resetting ARM. Standard errors are clustered at the tract-year
level.

Refinancing Refinancing First Stage F
(2SLS) (2SLS)

Index Sample -0.078*** 1031
(0.027)

Lookback Sample -0.062*** 969
(0.099)

All Resets -0.035*** -0.063*** 173 (458 BBX)
(0.01) (0.009)

N(Clusters) 1.7m(26k) 4.4m(58k)
Sample BBX Deeds
Avg of Dep Var [0.076] [0.17]

** denotes 5% significance, *** denotes 1% significance.
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Figure VIII
Price effects

This graph illustrates the coefficients from a regression of log sale price among properties in the neighborhood
of a resetting adjustable-rate mortgage against an indicator of timing relative to a completed foreclosure on
the resetting loan. Time to foreclosure is measured in quarters relative to a completed foreclosure date on
the adjustable-rate mortgage subsequent to reset. The estimates are drawn from a regression of the log sale
price of properties against a variety of household characteristics:

log(Pit) = ↵+ µt +Xit +

s�1P
k=�s

µk · 1[(t� Ti) = k] + "it

Where log(Pit) is the log of the sale price of homes, fixed effects control for the month of observation, the
zipcode, and a variety of property-specific controls. The key coefficients of interests are µk, which measure
the change in sale price of the house during s quarters prior to and following the timing of the foreclosure
in quarter Ti. Standard errors are clustered at the tract-year level. Pane A illustrates the response of all
prices; Panel B illustrate the change in sale prices using a repeat-sale measure which incorporates the last
selling price of the house. Background histograms capture total sale counts in the quarter in question.
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Table VI
Spillover Effects on Loan Default

This table examines how within-month variation in interest rates, paid conditional on reset, predict future
default behavior for neighbors around a resetting ARM for the following two years. Results are estimated
both on a Deeds sample, for which default indicators are taken from a notice of default field, as well as
on a BlackBox sample, for which default is taken based on payment information of other private label
securitized loans. The specifications shown reflect the instrumental variable specification in which the first
stage regresses within-month variation in interest rates against foreclosure rates of the resetting property,
and the second stage uses the predicted value of foreclosure from these reset characteristics against household
default in the 0.10 mile radius around the resetting ARM. Standard errors are clustered at the tract-year
level.

Notice of Default Foreclosure Start 90+ DPD
(2SLS) (2SLS) (2SLS)

All Resets 0.019** 0.064*** 0.076***
(0.009) (0.02) (0.022)

N(Clusters) 1.17m(26k) 0.7m (54k) 0.7m (54k)
First Stage F 505 548 548
Sample Deeds BBX BBX
Avg of Dep Var [0.076] [0.19] [0.25]

Table VII
Heterogenous Effects

This table investigates how within-month variation in interest rates, conditional on reset, predicts foreclosure
behavior. The specification is the same as in the third row and column of the main table IV, and uses the
instrumental variable specification on all loans. Each row subsets on a different sample. The first four cuts
subset on different characteristics of the neighbors; the last specification subsets on the equity position of
the resetting mortgage. Properties are taken within a 0.10 mile radius of resetting ARM and standard errors
are clustered at the tract-year level.

Dep Var: Foreclosure Second Stage N(Clusters) First Stage F
(2SLS) Coefficient

Sample of:
- FRM 0.019*** 2.6m(56k) 995

(0.006)
- Apartment 0.048 0.5m (19k) 112

(0.015)
- Underwater 0.03 0.6m(44k) 400

(0.019)
- Investor 0.024*** 0.9m(53k) 320

(0.009)
- Reseter Underwater 0.023 1.7m(32k) 480

(0.007)
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Table VIII
Effects by Prior Foreclosures

This table highlights the size of the foreclosure spillover effect by the intensity of previous foreclosures. Effect
sizes are from an instrumental variable specification as illustrated as illustrated in the third column of Table
IV among all resetters, broken out into different subsets based on the the number of previous foreclosures in
a 0.25 mile radius around the resetting loan in the previous two years.

Dep Var: Foreclosure
Second Stage N First Stage F

(2SLS)

Prior 0 0.019*** 2.4m(27k) 451
(.009)

Prior 1 0.023 0.7m (20k) 198
(.012)

Prior 2 0.01 0.4m(14k) 76
(0.018)

Prior 3 0.010 0.3m(10k) 51
(0.021)

Prior 4 -0.01 0.2m(8k) 52
(0.026)
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Figure IX
Effects by Year

This graph illustrates the size of the spillover effects by year. Each point represents an instrumental variable
regression as illustrated in the third row of the third column of column Table IV among all resetters, broken
out by the calendar year of reset.
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Figure X
Effects by Distance

This graph illustrates the size of the spillover effects by distance from the resetting loan. The sample
includes BlackBox loans within 0.15 miles of a resetting property. Effect sizes are from an instrumental
variable specification as illustrated as illustrated in the third column of Table IV among all resetters, broken
out by different levels of distance from the resetting loan.
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Table IX
Broader Macroeconomic Effects

This table illustrates the aggregate impact of mortgage resets. I identify “double-trigger” resets as those
which face (1) An upward adjustment in interest rates at the time of reset, and (2) Conditions of near-
negative equity (current combined loan to value of at least 90). Mortgage holders facing such conditions
faced a combination of payment shock, difficulty in accessing financial markets for refinancing, and relatively
high value of exercising their mortgage default option for strategic reasons—inducing these borrowers to
default in greater proportion. I aggregate the number of such double trigger resetters in each quarter of
observation among zip codes and counties, and regress a one standard deviation rise in double-trigger reset
intensity against foreclosure and price impacts in the zip code or county the following quarter. I control for
zipcode or county fixed effects, quarter of observation fixed effects, and cluster standard errors at the county
or zipcode level.

Price Foreclosure Price Foreclosure

1 SD in Double -0.0029*** 552*** -0.0033*** 11***
Trigger Resets (0.0008) (73) (0.00016) (0.61)

Level: County County Zip Zip
Avg of Dep Var: -0.0064 1330 -0.0067 27
N(Clusters) 746(54) 1026(54) 35k(2527) 48k(2529)
** denotes 5% significance, *** denotes 1% significance.
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Figure XI
Timing of Neighbor Default Responses

This graph illustrates the coefficients from a regression of neighbor mortgage default behavior among mort-
gages in the neighborhood of a resetting adjustable-rate loan which experiences a foreclosure. Mortgage
default information is taken from BlackBox; revolving debt default information is taken from Equifax and
both are only included for private-label securitized loans in the neighborhood of the resetting loan. I run
the regression:

Oit = ↵+ µt +Xit +

s�1P
k=�s

µk · 1[(t� Ti) = k]"it

Where Oit is the outcome of making payments on either a mortgage or other revolving debt (i.e., credit
cards), fixed effects control for the month of observation, the zipcode, and a variety of property-specific
controls. The key coefficients of interests are µk, which measure the change in sale price of the house during
s quarters prior to and following the timing of the foreclosure in quarter Ti. Standard errors are clustered
at the tract-year level. Panel A illustrates the propensity to make payments on mortgages as a function of
time from the foreclosure of the resetting loan. Panel B illustrates payment behavior on revolving debt as a
function of time from the foreclosure of a resetting adjustable-rate loan.
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Table X
Placebo Test: Prior Foreclosures

This table performs a comparable instrumental variable analysis of reset characteristics on foreclosures as in
the main analysis—but uses as a dependent variable in the second stage prior foreclosures among neighboring
loans in the two years prior to reset. If the identification strategy is valid, within-month variation in interest
rates should not predict foreclosures in the period prior to ARM reset.

BBX Sample Deeds Sample

All Resets -0.00007 -0.0005
(0.0027) (0.0001)

N(Clusters) 1.9m(57k) 4.4m(58k)

Appendix

Data Sources
Deeds Data The Deeds dataset is provided by DataQuick, a vendor which collects public-
use transactions information. The data are organized at a property level and are comprehen-
sive of all mortgage transactions which take place from 2000–2011 (foreclosure transactions
typically go back further in time). The data list each mortgage transaction—including sales,
transfers, new mortgages (first and second liens), and refinancing—which occur on a given
property. I use the timing of the sales information to infer when cancer patients were resident
in the property, and follow foreclosures for the duration of the time individuals were resi-
dent. I additionally use mortgage information dating to the time of the patient’s residence
to calculate our key leverage statistics.

BlackBox Data BlackBox LLC is a private vendor which has collected the individual
mortgage records related to private label securitized bonds (i.e., those not securitized by
a government-sponsored entity like Fannie Mac or Freddie Mae). Though private label
securitization made up only a fraction of total mortgage origination even at its peak before
the crisis; the data contain more than 20 million mortgages in total; which is typically either
subprime, Alt-A, or jumbo-prime in credit risk.

The BlackBox data contain static information taken at the time of origination, such as
origination balance, credit score (FICO score), interest rate, and contract terms. The data
are also updated monthly with dynamic information on fields like interest rates, mortgage
payments, and mortgage balances. The mortgage payment field is most critical for our
analysis, as it allows us to calculate the precise number of payments the household has
made, not just whether or not the household has entered foreclosure.

Equifax Data Equifax is a major credit bureau which maintains detailed dynamic monthly
credit information on households concerning their balances on mortgage and other debt, as
well as credit scores (Vantage score).
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Data Merges
A key innovation in this analysis is the use multiple sources of data on individual behavior to
track financial outcomes around cancer diagnosis. This requires me to implement complex
merges between many datasets which were not originally intended to be linked. Due to
privacy restrictions, I am unable to make these data publicly available. However, below I
document the merge process and linking variables which enable me to construct our dataset.

Deeds Data-BlackBox Though Deeds and BlackBox data were not designed to be linked,
they are both administrative datasets containing reliable information on a variety of mortgage
fields. I develop a novel a match method to link the two datasets using a training dataset (for
which I know matches exactly) to develop the algorithm. The merge relies on the following
common fields:

1. Exact date matches between origination dates of the mortgage are reported in the two
datasets (not used if the origination date was likely imputed; i.e. the date reflected in
BlackBox was the first or end of the month).

2. Zip code matches between the two datasets.

3. Matches based on mortgage purpose (i.e., refinancing or purchase).

4. Matches based on mortgage type (i.e., adjustable-rate or fixed-rate).

5. Matches based on mortgage origination amount (rounded down to the hundred)

I used a backward window of 31 days, in which the mortgage origination date reflected
in BlackBox was at most 31 days after the date of the mortgage reflected in Deeds; and a
forward window of 20 days.

The match algorithm worked by first focusing on (1) zip matches and (2) origination
amount matches within the backward window (or the forward window if no matches existed
in the backward window).

If only one match was found using those criteria, it was kept. If there were multiple
matches, I restricted further by iteratively applying the following the following criteria. I
first employed a “tight” match which required that the loan match uniquely on day, or (if
there were multiple day matches) uniquely on mortgage purpose or type among those that
matched on day.

If this did not uniquely identify a match, I next restricted to “looser” matches where there
was (1) only one match uniquely on mortgage type and purpose. If no mortgage matched, I
moved on to cases where there was (2) one unique match of either mortgage type or purpose
with the other field missing, (3) one unique match on mortgage type, and (4) one unique
match on mortgage purpose. The merge algorithm proceeded among all matching cases in
the order specified above—if a high quality match was found, the mortgage was kept and
the procedure only moved on to the other match cases in the order specified if no match was
found.
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BlackBox-Equifax BlackBox, a mortgage-level dataset, was linked by Equifax to borrower-
level information on a variety of debts, including mortgages. The merge algorithm relied on
a proprietary code which I cannot access. The vast majority of accounts in BlackBox were
linked to a credit account.

To verify the accuracy of the merge, I imposed a restriction samples which make use of
Equifax variables. Specifically, I require that the two entries match either on (1) zip code
of the borrower (at least once over the life of the loan); or (2) have a match confidence of
at least .85. The zip code restriction compares the zip code of the property as listed in
BlackBox matches with the address of the borrower as listed in Equifax. A mismatched zip
code is not necessarily indicative of a mismatch in loans—it could also suggest the presence
of an investor who does not live in the property in question.

In addition to the zip code measure, Equifax provided a measure of match confidence
ranging from 0–0.9. Loans at the top end of the confidence score reflect extremely well
matched loans, and I allow for a mismatch in zip code so long as it is accompanied by a match
confidence score of at I 0.85. Robustness checking based on other common attributes between
the two datasets (such as common measures of default) suggest that the two measures of
match accuracy I employ are effective in correctly identifying well-matched loans. For further
details of the BlackBox-Equifax merge algorithm; see Piskorski, Seru, & Witkin (2015).

Data Cleaning
From the base Deeds data, the following cuts were made:

• Observations with a missing geocode, zipcode, or property id were dropped.

• I focused on a subset of 54 counties which accounted for about 40% of the relevant
mortgages in my sample.

After linking the two datasets, I made the following restrictions to isolate loans for our
analysis. I restricted to adjustable-rate mortgages with a recognizable reset date (ie, two,
three, or five years after origination) and present indicator for the index type the loan is
scheduled to reset to (LIBOR or treasury). I identified two samples: a 5/1 sample consisting
of loans which reset yearly after five years to either a treasury or LIBOR rate, and a 2/28
+ 3/27 sample consisting of loans which reset every six months after two or three years
to a LIBOR rate. For both samples, I identified loans that reset appropriately as those
loans which experienced their first interest rate change in a four month window around the
scheduled reset date, and had no other interest rate resets within that window. I used the
actual date of interest rate hike as reflecting the reset date (this coincided with the scheduled
date change in the majority of cases). I further required that loans be current three months
prior to this reset date. I focus on the first reset, and keep loan outcomes for the subsequent
year.
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Abstract

We explore the existence of information asymmetries in the US adjustable-rate mortgage market

using detailed loan level data linked to high quality individual credit histories. To isolate selection and

moral hazard e↵ects, we distinguish between ex-ante known terms that borrowers accept when taking out

a mortgage and the ex-ante unknown interest rates paid upon mortgage reset. We exploit administrative

details of contract terms—including di↵erences in the choice of financial index tied to loans and the

lookback period which determines the precise interest rate chosen upon reset—to generate exogenous

variation in reset rates. We find explicit evidence of moral hazard e↵ects: a 1 percentage point increase

increase in interest rates gives a 0.6–1.2 percentage point increase in the probability of foreclosure

within a year. These e↵ects persist for non-liquidity constrained individuals and are concentrated

among underwater borrowers, suggesting that such foreclosures are due to strategic actions, rather than

unavoidable illiquidity. More preliminary evidence on selection shows that individuals who accept less

favorable contract terms default at higher rates, although the importance of di↵erent contract terms

di↵ers across mortgage products.
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research.
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1 Introduction

There is a well established and influential literature on the importance of information asymmetries

in credit markets, following Stiglitz and Weiss (1981). However, empirical tests of these asymme-

tries are less common, and a major hindrance is the di�culty of separately identifying di↵erent

informational issues—in particular, the distinction between moral hazard and adverse selection.

Being able to separately identify these e↵ects is of particular importance in mortgage markets.

Since the subprime mortgage crisis which began in late 2007, central issues in public debates re-

garding the appropriate response to rises in mortgage default have revolved around the relative

importance of borrower characteristics and strategic defaults. One common line of argument sug-

gests that the relaxation of lending standards driven in part by increased securitization created a

lower quality pool of borrowers (e.g. Mian and Sufi (2009)). Others suggest that defaults were

primarily generated by rising monthly payments for adjustable-rate borrowers and the inability of

those borrowers to refinance to preferential rates (e.g. Bair (2007)). These di↵erent explanation

have markedly di↵erent policy implications. If a risky borrower pool was responsible for rises in

mortgage default, policies aimed at improving screening requirements for borrowers and aligning

incentives along the chain of securitization are necessary to ensure that more creditworthy bor-

rowers receive credit. Alternatively, if the wave of defaults was set o↵ by more strategic choices

on the part of borrowers, then loan modifications and balance reductions may be e↵ective ways to

keep borrowers in homes; and changes to the recourse nature of mortgages may be e↵ective ways

to mitigate the incentive to default.

Understanding the relative importance of these two explanations ultimately comes down to

distinguishing between selection e↵ects and moral hazard e↵ects. The classic adverse selection

problem in credit markets results when borrowers have private information on their risk levels.

In practice, those who know that they are risky may be willing to accept higher interest rates in

exchange for reduced levels of collateral. Alternatively, moral hazard exists when lenders cannot

hold borrowers accountable for the full value of their loans. In mortgage markets, the common

prevalence of non-recourse loans—under which lenders are unable to come after borrowers for the

di↵erence between loan and house value in the event of default—places strong limits on the ability

of creditors to contract against default. Under these incomplete contracts, higher interest rates

provide an increased incentive to default on the part of the borrower.

What is common to both adverse selection and moral hazard is a common empirical prediction

that higher interest rates should be associated with higher default. If adverse selection is present,

those who select into higher interest rates ex-ante will default more frequently. If moral hazard is

present, those who face higher interest rates will default on loans more frequently. In either case,

theory would predict a positive correlation between interest rates and default.

In this paper, we develop a novel instrument that allows for a clean test for the existence

of moral hazard in adjustable-rate mortgage markets. We follow recent papers, notably Karlan

and Zinman (2009), which have developed strategies to tease apart moral hazard from selection

by contrasting the ex-ante terms under which borrowers select into contracts with the ex-post
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terms those borrowers face. By contrasting the rates borrowers agreed to when originating loans

with the rates they faced when their mortgages adjusted, and utilizing only variation in the post-

adjustment (“reset”) rate due to contract details, we are able to isolate plausibly exogenous—and

ex-ante unknown—changes in interest rates. As they are unpredictable at the time of origination,

a correlation between these changes and the probability of default identifies a moral hazard e↵ect

untainted by the possibility of selection. We supplement this analysis with a test for adverse

selection based on Finkelstein and Poterba (2014).

We identify two forms of contract details—the lookback date at reset, and the index choice.

Among resetting adjustable-rate loans, the lookback date refers to the number of days prior to reset

from which the market index is computed. This interest rate applies to the loan for the subsequent

six (or twelve) months. Importantly, there is sizable variation in lookback dates, and in times of

considerable variation in inter-day interest rates; this results in sizable di↵erences in paid interest

rates following reset. The existence of lookback periods is generally a remnant of pre-computer

processing times for updating schedules. While the precise lookback date is not purely randomized

across loans; there was little ex-ante reason to prefer one lookback period instead of another from

the perspective either of borrowers or lender.

A second form of variation comes from the choice of index. Loans were typically indexed to

either a LIBOR or Treasury rate. The precise choice of index was a relatively minor aspect of loan

contracting prior to the financial crisis since the spreads between the two indices were relatively

low. However, the spread between the two indices grew during to financial crisis to a maximum

of 300 basis points, resulting in large di↵erences in mortgage payments between similar mortgages

originated and resetting on the same month that were indexed to di↵erent indices. For both forms

of contract variation we use, we argue that it is unlikely that the precise choice of contract term

resulted in a forecastable di↵erence in interest rate; yet there was a large resulting ex-post di↵erence

in paid interest rates across resetting loans.

We focus on two samples—a relatively low-quality group of loans which reset after two or three

years (2/28 + 3/27) for which we instrument for the reset rate using lookback variation among

LIBOR loans, and a higher-quality group of borrowers which reset after five years (5/1s) for which

we use variation resulting both from lookback variation as well as index choice. Among the 2/28

+ 3/27 sample—we find that a 1 percentage point increase in interest rates raise the probability of

missing at least one payment by 4 percentage points, and increases the probability of foreclosure

by 2.6 percentage points. The e↵ects are somewhat smaller for 5/1 loans—a 1.5 percentage point

increase in missing one payment, or a 0.6 percentage point increase in the probability of foreclosure.

We further explore our basic results along several dimensions. First, we compare our results

across levels of equity and liquidity. We find that our results are strongest among borrowers

with high levels of negative equity, regardless of liquidity levels—consistent with a moral hazard

interpretation of our results. We also perform a variety of robustness checks. Overall, our results

suggest a sizable role for both moral hazard and adverse selection as important information frictions

in the adjustable-rate mortgage market.
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Our paper is related to the broader literature on testing for information asymmetries in credit

markets. Chiappori and Salanie (2000) and Chiappori et al. (2006) outline robust tests for the

presence of general information asymmetries, which have been commonly used in several financial

markets (Dobbie and Skiba (2013)). The fundamental insight is that, controlling for all observables

to the principal (the lender, or the insurance company in their analysis), and conditional on appro-

priate assumptions on the competitiveness of the market; asymmetric information necessitates a

positive correlation between the interest rate o↵ered and the probability of default. However, this

insight does not in general allow for a separation of exact type of information asymmetry that is

operating.

The paper closest to ours is Karlan and Zinman (2009), who are able to separate separate moral

hazard from selection e↵ects via an explicit randomization in a consumer credit market in South

Africa. They used direct mailings to randomly assign potential borrowers di↵erent “o↵er” rates,

then randomly assigned a portion of those who chose to take a loan into lower “contract rates.”

The authors argue that, conditional on the o↵er rate, any correlation between the contract rate

and the default probability represents a moral hazard e↵ect, while any correlation between the o↵er

rate and the default probability represents a selection e↵ect. Our paper di↵ers in that we consider

a natural experiment resulting from adjustable-rate contract features in a existing marketplace of

residential mortgages in the United States.

Finally, our paper is also linked to the growing literature on exploiting reset variation among

adjustable-rate mortgages. Tracy and Wright (2012), Fuster and Willen (2012), and Keys et al.

(2014) all use di↵erences in behavior among adjustable-rate loans which have experienced a reset

and those which have not yet reset to understand reset behavior. Our paper di↵ers from this

literature by focusing on information asymmetries, and by identifying an instrument that allows us

to examine di↵erences among loans resetting in a given month.

2 Data and Background on Adjustable-Rate Mortgages

2.1 Background on Adjustable-Rate Mortgages

The typical adjustable-rate mortgage (ARM) in the United States is a hybrid ARM. For these

loans, the interest rate is fixed for some initial period—often 2, 3, or 5 years—and resets on a

pre-determined schedule for the remainder of the loan. The most common reset frequencies are

6 months or 1 year, although other durations exist. At origination, the borrower agrees upon an

initial rate and a series of guidelines that determine all future resets. Under these guidelines, the

rate of reset is determined based upon the cost of funds to the bank, proxied by some financial

index (typically either Treasury or LIBOR), plus a fixed margin agreed upon at origination. Resets

are often subject to other rules, for example per-period caps on the size of the rate change.

Though 30-year fixed rate contracts dominate the US mortgage market, adjustable-rate mort-

gages comprise a substantial share of mortgages, and were especially popular in the mid-2000s—

especially among subprime borrowers. Given their predominance among borrowers where concerns
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of both selection and strategic behavior are largest, adjustable-rate mortgages constitute a partic-

ularly interesting environment in which to study informational frictions.

2.2 Data

Our primary dataset combines loan-level information provided by BlackBox Logic, as well as

borrower-level information provided by Equifax, a major credit bureau.

The BlackBox dataset contains information on over 90% of private-label securitized mortgages

(ie, those not securitized by a government-sponsored entity like Fannie Mac or Freddie Mae) starting

around 2000. The data include records on over 20 million mortgages, which are typically either

subprime, Alt-A, or jumbo-prime in credit risk. Information about loans includes static information

taken at the time of origination, such as the credit score at time of loan application, loan balance,

and the purpose of the loan. The static data also describe many features of the loan contract

upon which we draw heavily. These include the length of the mortgage, the interest type (fixed or

adjustable-rate), the schedule of timing of resets if it is an adjustable-rate mortgage, and other loan

contract details. The data also include dynamic information updated monthly on fields like the

interest rate, mortgage payments, and the mortgage balance. We also rely heavily on the mortgage

payment field, which allows us to calculate the delinquency and refinancing status of the loan.

The Equifax data is a borrower-level data and contain information about the consolidated

debt position of the household. This includes information about the presence of second liens,

which we combine with zip-level estimates of house prices from Zillow to compute a combined,

current loan-to-value estimate for the property. The data also include information about the current

credit score and credit card utilization of the household. We use the credit utilization numbers

in particular to compute the free credit available to individuals and attempt to isolate credit-

constrained individuals.

The two datasets were linked through a proprietary merge algorithm maintained by Equifax.1

To ensure accurate matches, we further required that the Equifax record list only one first mortgage,

and that the zip code listed in BlackBox (corresponding to the property address) matched the zip

code listed in Equifax (corresponding to the mailing address of the the borrowers for those with

only one first mortgage), suggesting that the record was well matched.

After linking the two datasets, we made the following restrictions to isolate loans for our analysis.

We restricted to adjustable-rate mortgages with a recognizable reset date (ie, two, three, or five

years after origination) and present indicator for the index type the loan is scheduled to reset to

(LIBOR or treasury). We identified two samples: a 5/1 sample consisting of loans which reset

yearly after five years to either a treasury or LIBOR rate, and a 2/28 + 3/27 sample consisting of

loans which reset every six months after two or three years to a LIBOR rate.2 For both samples,

1See Mayer et al. (2014) and Piskorski, Seru and Witkin (2013) for more details about this merge algorithm.
2For the 2/28 + 3/27 sample, we additionally restrict to loans for which the interest rate cap was not binding—

those loans for which the scheduled interest rate hike was less than 300 basis points. Loans facing a greater interest
rate hike than this would typically have an interest rate hike which is capped at that amount, eliminating any variation
in the amount paid resulting from our instruments. This cap was rarely binding for the 5/1 sample.
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we identified loans that reset appropriately as those loans which experienced their first interest rate

change in a four month window around the scheduled reset date, and had no other interest rate

resets within that window. We used the actual date of interest rate hike as reflecting the reset

date (this coincided with the scheduled date change in the majority of cases). We further required

that loans be current three months prior to this reset date. We focus on the first reset, and keep

loan outcomes for the subsequent two years (for the 5/1 sample) or one year (for the 2/28 + 3/27

sample).

Our final sample consists of 119,846 loans in the 5/1 sample and 248,050 loans in the 2/28 +

3/27 sample. Table I shows summary statistics our two samples. Panel A focuses on covariates,

which are all static and taken at the time of origination. Panel B shows outcome variables for the

12 months following reset.

3 Empirical Strategy and Background on Adjustable-Rate Mort-

gages

To identify and test for the presence of moral hazard, we would ideally like to compare borrowers

who selected into identical loans, but who faced di↵erent terms—in particular di↵erent interest

rates—ex-post. Adjustable-rate mortgages provide an attractive setting for such an analysis: most

loans are adjusted annually or semi-annually, generating substantial variation in interest rates both

within and across borrowers. However, much of this variation is driven by factors that are hard

to justify as exogenous. While loans that adjust in di↵erent periods typically reset to di↵erent

rates, the factors that influence the adjustment date—the date of origination or timing of resets—

are likely to be related to the probability of defaulting. Comparing borrowers who chose di↵erent

loan structures creates similar problems. While it is not plausible to impose random assignment

of interest rates in mortgage markets, most adjustable-rate products are quite detailed, and many

of these details may be unknown or unimportant to the borrower upon loan origination. Our

identification relies on two contract details that we argue satisfy the following criteria:

(i) Irrelevant to borrowers and lenders in terms of predicting the future path of the interest rate.

(ii) Capable of generating significant di↵erences in the interest rate as realized.

3.1 Index Choice

The first contract detail that we exploit is the financial index that determines the reset rate. There

are many potential choices of index, but treasury and and LIBOR rates are dominant, and our

analysis focuses on contrasting two of these: the one year LIBOR rate and the one year constant

maturity Treasury.

Prior to 2007, Libor and Treasury rates moved quite closely, with a spread of under 50 basis

points. While loans tied to Libor typically had slightly lower margins to account for the spread,

the di↵erence in risk between the two was perceived to be low and both were viewed as valid
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proxies of the risk free rate. 3 Borrowers may have had some choice of index type; it was typically

more often a function of lender intentions on the secondary market. Many investors in mortgage-

backed securities (for instance, European banks) had a cost of funds denominated in LIBOR, and

were interested in purchasing assets with a payment structure also determined by LIBOR. In our

sample, the loan servicer explains more than 50% of the variance in index; however many originators

provided loans in both categories.

In the pre-crisis period, the precise choice of interest might generate modest di↵erences in

interest rates for borrowers in the same product class resetting in the same month, but there was

little ex-ante reason to prefer one over another. However, as seen in figure I, the two rates diverged

sharply during the crisis, reaching a maximum spread of over 3 percentage points, and averaging

over 1 percentage point between 2007 and 2009.

3.2 Lookback Period

The second contract detail is what we refer to as the lookback period. At each adjustment, it is

necessary for the lender compute a new interest rate using the relevant index value. The existence

of lookback periods is generally a remnant of pre-computer processing times for updating schedules.

To allow for processing and notification of the borrower, lenders typically do not take the contem-

poraneous value of the index on the day of reset, but instead use the index value at a set period

in the past. However there is no set standard for this period: 15, 25, and 45 days are all common

durations. While there is some connection between originator identity and the precise choice of

lookback period, there is again no strong ex-ante reason to prefer one lookback period rather than

another and in general the choice of lookback period does not forecast future interest rates.

In periods with relatively low fluctuations in interest rates, the choice of lookback period makes

little di↵erence. However, when index rates are volatile, di↵erences in lookback period can generate

significant di↵erences in the reset rate actually paid ex post. Figure II shows the implications of

di↵erent lookback periods at a time of significant fluctuation: A loan resetting September 1st 2007

could experience a greater than 80 basis point di↵erence in rate depending on the lookback.

3.3 Empirical Approach

Our goal is to test for the existence of moral hazard as a result of interest rate changes. We face two

primary challenges in doing so. The first is the di�culty of separating moral hazard e↵ects from

selection e↵ects. We address this by controlling for all ex-ante known contract terms, including the

original rate (ro), and the margin (m). The second is the need for exogenous variation in the interest

rate faced by the borrower (the reset rate rr). To accomplish this, we explicitly limit variation in

the reset rate to that created by the contract terms discussed above. We do so by constructing

3Hull (2010): ”There is a small chance that an AA-rated financial institution will default on a LIBOR loan.
However, they are close to risk-free. Derivatives traders regard LIBOR rates as a better indication of the “true” risk-
free rate than Treasury rates, because a number of tax and regulatory issues cause Treasury rates to be artificially
low.”
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an instrument z
it

, equal—at each reset– to the value of borrower i’s chosen index at the relevant

lookback period prior to the reset. Conditional on all known contract terms, a positive relationship

between variation in the reset rate caused by z
it

and the probability of default or delinquency is

evidence of moral hazard.

Our primary analysis considers several delinquency outcomes in loans in the period between

their first and second resets. We analyze binary outcomes, equal to one if the delinquency event

occurs at any point in that period. Our delinquency events are: being 30, 60, or 90 days past due

on your mortgage, as well as the mortgage entering foreclosure.4 We also analyze the outcome of

prepayment, which occurs when a borrower refinances or sells the property and repays the entire

outstanding amount of the mortgage. We cluster 30 year mortgages into two broad product classes

and conduct our analyses separately within each class. We refer to the first class as 5/1s. These

are loans with a fixed rate for a 5 year initial period, that update yearly thereafter. We refer to

the second class as 2/28s and 3/27s, which are loans with a 2 or 3 year initial period, that update

every 6 months thereafter.

To conduct our test for the existence of moral hazard, we consider IV models with a second

stage of the following form:

Y
it

= �0 + �1r
r

it

+ �2r
o

it

+ �3mit

+ x0
it

� + ↵
t

+ "
it

Where Y
it

is a delinquency event for individual i originating his mortgage in month t, rr
it

i the

observed reset rate at the time of the first rate reset, ro
it

is the interest rate at origination, and m
it

is

the margin. x0
it

is a vector of other covariates, which include geographic fixed e↵ects—metropolitan

statistical area (MSA) and region ⇥ quarter of year—and the following loan level characteristics:

original and time-of-reset balance, loan to value, loan to value squared, credit category, borrower

type, reason for loan, whether the contract is interest only, no-documentation, or has a prepayment

penalty, and FICO score at origination. ↵
t

denotes origination month fixed e↵ects.5

The first stage of this regression of our estimation simply regresses the reset rate on our instru-

ment z
it

:

ro
it

= �0 + �1zit + u
it

.

Our identifying assumption is E["
it

|z
it

] = 0. Under this assumption, our test for the existence

of moral hazard comes down to the simple test of:

H0 : �1 = 0

against:

H1 : �1 > 0.

4We include bankruptcies in the foreclosure measure.
5Note that for borrowers within a fixed loan duration, say 5/1, the origination month and 1st reset month are

perfectly collinear, so there is no need to control for both. In any regression in which loan products of di↵erent
durations are used, we include fixed e↵ects for both the origination and reset month.
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We would also like to make the claim that findings of �2 > 0 or �3 > 0 is evidence of an ex-ante

adverse selection e↵ect. However, there are several issues that prevent us from making such a

claim. Firstly, there is no way to separate a pure selection e↵ect from moral hazard e↵ects that

occur within the period prior to the first reset. Secondly, and perhaps more importantly, when

borrowers select into loans with contract terms, it may be the case that they prioritize one over

the other: for example, a borrower who has private information that they will default with high

probability early in the loan may choose a lower initial rate, and a higher margin as compared to a

borrower who believes himself to have a low probability of default. This would create a situation

in which �3 > 0 but �2 < 0. Given this, any claims we make regarding adverse selection from these

regressions must be interpreted as suggestive.

4 Results

4.1 Univariate Graphical Comparisons

We first consider a simplified graphical “proof of concept” that only utilizes the distinction between

loans indexed to LIBOR and Treasury rates, but does not yet incorporate the full IV approach.

Figure III plots two lines. The black line shows the spread in interest rates between loans linked

to Libor indices and loans linked to treasury indices in our sample. Note that loans reset monthly,

and may be subject to caps and other restrictions, so the fluctuations in this spread are dampened

in relation to those shown in Figure I. The red line shows the spread in the percentage of defaults

between those linked to Libor indices and those linked to treasury indices. Consistent with the

existence of moral hazard, we see a spike in this default spread coinciding with the spike in interest

rates.

4.2 Primary Specifications

We next turn to estimating OLS versions of the second stage outlined in section 4. Tables II and

III show these results for 5/1 loans, and the combination of 2/28 and 3/27 loans, respectively. Our

primary coe�cient of interest is that on the reset rate. Note first that, across all outcomes, this

coe�cient is positive and statistically significant, suggesting the presence of moral hazard. Further,

the e↵ect sizes are much larger for those in the 2/28 and 3/27 sample, despite the fact that the

period covered for this sample is 6 months, as opposed to 1 year for 5/1s. For 2/28s and 3/27s, OLS

results suggest that a 1 percentage point increase in interest rates increases the probability of the

least extreme form of delinquency we explore—being more than 30 days past due—by 4 percentage

points, or just over 10% of the mean. For the most extreme form of delinquency we observe, the

property entering foreclosure, a 1 percentage point increase in interest rates gives a 2.6 percentage

point increase in the likelihood, which is an increase of just under 25% of the mean. The e↵ect sizes

for 5/1 loans, though more modest, are still of economic interest. A one percentage point increase

in the reset rate gives a 1.5 percentage point increase in the probability of being 30 days past due
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(⇡ 14% of the mean), and a 0.6 percentage point increase in the probability of entering foreclosure

(⇡ 21% of the mean).

The coe�cients of the initial contract terms displayed in our table—the original rate and

margin—are less consistent across the two product categories. For 5/1 loans, we see positive and

significant coe�cients on the original interest rate, suggesting that those accepting higher interest

rates are more likely to default. Coe�cients on the margin are close to zero and only marginally

significant in one instance. Conversely, for 2/28 and 3/27 loans, coe�cients on the original interest

rate are negative and significant, while coe�cients on the margin are positive and significant for

the outcomes of being 30, 60 or 90 days past due. The impact of a one percentage point higher

margin on the probability of foreclosure appears to be negative, but is only marginally significant.

We also include the outcome of prepayment, which in our sample is mostly a choice to refinance.

For both product categories, we see that an increase in the interest rate significantly increases the

probability of prepayment. The impact is about 4 times larger for 5/1 loans, for which a one

percentage point increase in the reset rate gives a 11 percentage point increase in the probability

of repayment, despite the fact that the mean prepayment level is lower for 5/1 loans. This likely

reflects fundamental di↵erences in the borrower types that choose each product category, and

potentially a greater di�culty amongst 2/28 and 3/27 borrowers in securing credit for refinancing.

We next turn to our IV specifications. For both loan categories, our instrument z
it

is a strong

predictor of the reset rate.6 Tables IV and V display the results of the second stage of our IV

regressions for both samples. In terms of sign and significance, our results are exactly consistent

with those seen in tables II and III. Additionally, for all outcomes, the magnitude of the impact of

the reset rate is higher in our IV specifications than in our OLS specifications: a one unit increase

in the reset rate giving a 0.6 percentage point higher increase in the probability of both being 30

days past due and foreclosure than our OLS specification. Overall, across all specifications we see a

positive and both economically and statistically significant coe�cient on the reset rate, indicating

the presence of moral hazard. While the e↵ect is stronger for less serious types of delinquency, for

example falling 30 days behind on a mortgage, that do not necessarily indicate that the borrower

will ultimately default on their loan, it persists through the outcome of foreclosure. The results on

selection e↵ects are more suggestive. For 5/1 loans, we see a pattern that is consistent with what

is often taken to be indicative of adverse selection: a positive correlation between the contracted

interest rate and the probability of delinquency. However, for 2/28 and 3/27 loans, we see the

opposite (although there appears to be a positive correlation between the margin and the probability

of default).

4.3 Moral Hazard or Liquidity Constraints

There is an alternative explanation for what we are terming a moral hazard e↵ect. If borrowers

are liquidity constrained, an increase in interest rates could lead to a default through a mechan-

6In the 5/1 loan category, the regression ro
it

= �
0

+ �
1

z
it

+u
it

gives �
1

= 0.91 with an R2 of 0.90. In the 2/28 and
3/27 loan category, �

1

= 0.53 with an R2 of 0.18.
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ical channel: borrowers want to continue paying their mortgage, but are simply unable to a↵ord

payments at higher rates. To test for this possibility, we cut our results across the distributions of

liquidity and equity. If we see e↵ects amongst individuals who we can observe as having access to

liquidity, than it is easier to interpret defaults as a strategic choice, or what we term moral hazard,

since such individuals could always tap into other sources of credit to finance continued mortgage

payments.7 However, observing defaults amongst illiquid individuals, and particularly amongst

illiquid individuals with high equity, is suggestive of a mechanical channel.

Our measure of liquidity for a borrower is based upon linked credit histories. We define liquidity

based upon available credit from sources of revolving credit, which generally reduces to credit

available from home equity lines of credit (HELOCs) and credit cards. We normalize the total

amount of credit by the monthly mortgage payment, our measure is therefore equivalent to the

total number of monthly mortgage payments an individual could make using only o�cial credit

sources. We take this as a lower bound on the liquidity of an individual, as it ignores all assets

and informal credit sources. We define equity based upon the combined loan to value (CLTV) of

the borrower, which includes junior mortgage liens on the property. In this analysis, we are simply

interested in whether the borrower has positive or negative equity in the home, that is, whether

the CLTV is greater than 100%.

We provide a basic look into the impacts of liquidity and equity by comparing borrowers in four

categories: those above and below the median level of liquidity, with CLTVs above and below 100%.

Tables VI - IX present results from these categories for borrowers in the 2/28 and 3/27 categories.

Note first that the impact of the reset rate on delinquency and default is concentrated in the pool

of borrowers with negative equity. This is consistent with the existence of moral hazard, although

not definitive, as borrowers with equity typically have an option to refinance even when they have

no liquidity from other sources. The importance of equity for refinancing is reinforced by these

tables, as the entirety of the impact of changes in reset rates on refinancing is concentrated amongst

borrowers with positive equity. Perhaps more compelling is the similarity in e↵ect sizes amongst

those with negative equity, regardless of the level of liquidity. For the outcomes of being 30, 60

and 90 days past due, both high and low liquidity borrowers with negative equity show positive,

significant, and substantial impacts of an increase in the reset rate on the probability of defaulting.

The impact of an increase in interest rates on the probability of actually entering foreclosure does

appear to be lower amongst those with high liquidity.

4.4 Robustness

Jumbo Loans

We first focus on borrowers with jumbo loans, that is, loans that exceed the conforming loan limits

for securitization by the GSEs. Table X presents results for 5/1 jumbo loans. For all delinquency

outcomes, the magnitude of the impact of changes in their reset rate is smaller than for our full

7There may be costs to tapping other forms of credit, as suggested in Cohen-Cole and Morse (2009). However, our
primary interest lies identifying only whether individuals have the capacity to continue making mortgage payments.
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sample, although they remain positive and statistically significant. The impact on the probability

of foreclosure is especially notable, as the impact of a one percentage point increase in the reset rate

gives a 0.6 percentage point increase in the probability of default, as opposed to a 1.2 percentage

point increase for the full sample. However, 0.6 percentage point increase is still notable, as it

represents 32% of the mean.

Small Banks

We next limit our analysis to loans that were not originated by the top 5 national banks, shown in

table XI. Results here are quite similar to those found in our main tables, although the impact of

interest rate changes on the prepayment probability is slightly lower.

Investors

Our third robustness check focuses on borrowers who explicitly identify themselves as investors in

loan documentation. We expect investors to be more sophisticated, more strategic, and to have

a lower value of the housing stock itself as compared to the general population. As a result, we

expect them to be particularly sensitive to changes in the interest rate. Table XII, provides modest

evidence for this hypothesis, as investors demonstrate marginally greater responsiveness to changes

in the reset rate for minor delinquency behavior.

Common Servicers

Table XIII presents results limiting only to servicers that tie loans to both the LIBOR and treasury

indexes. Note that we significant e↵ects amongst this category, suggesting that di↵erences are not

due to di↵erences across servicer.

5 Selection: An alternative approach

As discussed in our methodology, our approach does not cleanly identify an adverse selection e↵ect.

While we would like to argue that a positive correlation between the original “teaser” rate and the

probability of default is evidence of selection, it is also possible that any correlation simply reflects

a moral hazard e↵ect resulting from higher teaser rates.

To provide further evidence on the existence of selection e↵ects, we follow Finkelstein and

Poterba (2014). We exploit an observable that was unused in setting interest rates to test for

selection. In our context, one potential variable is an indicator of being an “unreported investor”

as defined in Piskorski, Seru and Witkin (2013). An unreported investor is an individual who

lists his or her mortgaged property as their primary place of residence, but who never actually

resides in the home. These individuals are identified by contrasting the mortgage documentation

with the zipcode of residence (available in our dynamic data). Piskorski, Seru and Witkin (2013)

document both that this phenomena is substantial (on the order of 10% of loans drawing on the

69



same BlackBox data source), and that unreported investors represent a di↵erent risk category from

homeowners.

Finkelstein and Poterba (2014) suggest the following test: If C denotes the terms of the loan (the

original interest rate), L denotes the default probability, W denotes a candidate unused observable

variable, and X is a vector of observables used in setting the loan terms, then we estimate

C
i

= X
i

� +W
i

↵+ ✏
i

(1)

L
i

= X
i

� +W
i

� + µ
i

(2)

and test {↵ = 0, � = 0}. Table 1 shows results of regressions of this form, which support the

existence of a selection e↵ect. Finkelstein and Poterba (2014) argue that, formally, this test is a

test of asymmetric information, and may still conflate moral hazard and selection e↵ects. However,

if one can completely control for the terms of the contract, it seems a remaining correlation between

the unused observable and the default probability identifies a selection e↵ect distinct from a moral

hazard e↵ect. Table XIV shows results from this analysis. The first two columns represent equation

1 above, with the contract terms being the original rate and the margin. Note that there is a strong

positive correlation between the initial interest rate and being an unreported investor. Furthermore,

being an unreported investor has a positive and statistically significant relationship with all default

outcomes (and no significant relationship with prepayment). Our results suggest that unreported

investors have a 1.5 percentage point higher probability of defaulting as compared to non-investors.

In line with the approach ofFinkelstein and Poterba (2014) approach, the finding that being an

unreported investor is correlated with both accepting a higher original rate and being more likely

to become delinquent provides evidence that adverse selection exists in this market.

6 Conclusion

We develop a novel instrument based on the spread between LIBOR-Treasury rates during the

Financial Crisis, as well as di↵erences in interest rates deriving from variation in lookback days

among resetting adjustable-rate loans. We argue that these idiosyncratic contract terms did not

lead to forecastable di↵erences in payment sizes prior to reset, but led to large ex-post di↵erences

in realized interest rates among mortgages resetting in the same month.

We use this variation in interest rate shocks to disentangle di↵erent types of information asym-

metries operating in the adjustable-rate mortgage market. While prior work, such as Karlan and

Zinman (2009) have adopted similar strategies using di↵erences between prior and subsequent rates

to di↵erentiate between di↵erent types of information asymmetries, our work is the first attempt to

isolate these informational problems in an existing financial market: the US residential mortgage

market.

Understanding the relative importance of informational frictions is of critical importance in this

market due to the persistent impacts of the subprime mortgage crisis and associated rise in consumer
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defaults. Both in understanding the historical nature of the crisis, as well as in maintaining the flow

of consumer credit in the future, there remains a debate regarding the nature of consumer defaults.

Policies aimed at enhancing screening policies or further aligning bank incentives in securitization

are ultimately driven by a concern that adverse selection is a pervasive feature of credit markets.

On the other hand, policies aimed at changing default incentives are motivated by a view of the

existence of moral hazard in credit markets.

Our work contributes to this debate by using our novel instrument to separate interest rates paid

at origination from those paid upon reset and identify separate moral hazard and adverse selection

e↵ects. Among relatively low-quality 2/28s and 3/27s; we find that a 1 percentage point increase

in interest rates raises the probability of missing at least one payment by 4 percentage points, or

the probability of foreclosure by 2.6 percentage points. We find smaller, but still substantial e↵ects

when focusing on relatively higher-quality 5/1s. Importantly, we find that these e↵ects are largely

concentrated among individuals with negative equity—those with positive equity are better able to

escape the reset shock through refinancing. We also find suggestive evidence of adverse selection

using both the impact of the original interest rate paid, as well as supplemental approach focusing

on risk characteristics unavailable to banks—though we find that the nature of adverse selection

depends on the product category.

These results suggest that both forms of information asymmetries are important in mortgage

markets. Our e↵ects are economically quite large and suggest that households are quite sensitive

to payment shocks, especially when the choice of default is financially advantageous.
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Figure I
Libor - Treasury Spread
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Figure II
Illustration of Lookback Period
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Figure III
Proof of Concept
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Table I
Panel A: Summary Statistics, Covariates

5/1 Sample 2/28 - 3/27 Sample

Mean N Mean N

Margin 2.46 119846 5.13 248050
Fico Credit Score 730.7 83823 635.2 221991
Original Balance (100k) 4.58 119846 2.05 248050
Original Loan to Value 71.4 117831 80.8 243212
Interest Only Loan 0.71 109365 0.29 220910
45 Day Lookback 0.93 119846 0.28 248050
Loan for Primary Home 0.86 119846 0.84 248050
Loan Used for Purchase 0.53 119846 0.51 248050
No Documentation Loan 0.55 119846 0.53 248050
Serviced By Top 5 Bank 0.46 119846 0.24 248050

Panel B: Summary Statistics, Outcome Variables

5/1 Sample 2/28 - 3/27 Sample

Mean N Mean N

Indexed to Libor 0.606 119846 1.000 248050
30 DPD Within 12m of Reset 0.111 119846 0.376 248050
60 DPD Within 12m of Reset 0.064 119846 0.243 248050
90 DPD Within 12m of Reset 0.051 119846 0.181 248050
Foreclosure Within 12m of Reset 0.028 119846 0.110 248050
Prepayment Within 12m of Reset 0.149 119846 0.215 248050

Table II
OLS - 5/1 Loans at First Reset

30 DPD 60 DPD 90 DPD Foreclosure Prepayment

Reset Rate 0.015*** 0.015*** 0.012*** 0.006** 0.112***
(0.005) (0.004) (0.004) (0.003) (0.007)

Original Interest Rate 0.029*** 0.015*** 0.013*** 0.008*** -0.056***
(0.002) (0.002) (0.002) (0.001) (0.003)

Margin 0.016* 0.002 -0.003 0.004 -0.065***
(0.008) (0.006) (0.005) (0.004) (0.009)

Month FEs Yes Yes Yes Yes Yes

MSA FEs Yes Yes Yes Yes Yes

Western US x Quarter FEs Yes Yes Yes Yes Yes

Borrower Controls Yes Yes Yes Yes Yes

Avg. of Dep. Var. 0.111 0.0636 0.0506 0.0284 0.149
R2 0.068 0.060 0.054 0.037 0.261
N 119846 119846 119846 119846 119846

** denotes 5% significance, *** denotes 1% significance. Std. errors are clustered at the msa level.
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Table III
OLS - 2/28 and 3/27 Loans at First Reset

30 DPD 60 DPD 90 DPD Foreclosure Prepayment

Reset Rate 0.040*** 0.047*** 0.043*** 0.026*** 0.028***
(0.004) (0.004) (0.004) (0.003) (0.001)

Original Interest Rate -0.033*** -0.042*** -0.042*** -0.021*** -0.024***
(0.003) (0.003) (0.003) (0.002) (0.002)

Margin 0.017*** 0.009*** 0.007*** -0.003* -0.007***
(0.002) (0.002) (0.002) (0.001) (0.001)

Reset Month FEs Yes Yes Yes Yes Yes

Orig. Month FEs Yes Yes Yes Yes Yes

MSA FEs Yes Yes Yes Yes Yes

Western US x Quarter FEs Yes Yes Yes Yes Yes

Borrower Controls Yes Yes Yes Yes Yes

Avg. of Dep. Var. 0.376 0.243 0.181 0.110 0.215
R2 0.164 0.162 0.152 0.094 0.320
N 248050 248050 248050 248050 248050

** denotes 5% significance, *** denotes 1% significance. Std. errors are clustered at the msa level.
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Table IV
IV - 5/1 Loans at First Reset

30 DPD 60 DPD 90 DPD Foreclosure Prepayment

Reset Rate 0.021*** 0.023*** 0.019*** 0.012*** 0.120***
(0.007) (0.006) (0.005) (0.003) (0.010)

Original Interest Rate 0.029*** 0.015*** 0.013*** 0.008*** -0.056***
(0.002) (0.002) (0.002) (0.001) (0.003)

Margin 0.009 -0.005 -0.009 -0.001 -0.071***
(0.009) (0.007) (0.006) (0.005) (0.011)

Month FEs Yes Yes Yes Yes Yes

MSA FEs Yes Yes Yes Yes Yes

Western US x Quarter FEs Yes Yes Yes Yes Yes

Borrower Controls Yes Yes Yes Yes Yes

Avg. of Dep. Var. 0.111 0.0636 0.0506 0.0284 0.149
R2 0.067 0.059 0.054 0.037 0.260
N 119831 119831 119831 119831 119831

** denotes 5% significance, *** denotes 1% significance. Std. errors are clustered at the msa level.
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Table V
IV - 2/28 and 3/27 Loans at First Reset

30 DPD 60 DPD 90 DPD Foreclosure Prepayment

Reset Rate 0.020* 0.036*** 0.031*** 0.036*** 0.055***
(0.010) (0.009) (0.008) (0.007) (0.008)

Original Interest Rate -0.032*** -0.042*** -0.041*** -0.022*** -0.026***
(0.003) (0.003) (0.003) (0.002) (0.003)

Margin 0.036*** 0.018** 0.017** -0.011* -0.032***
(0.010) (0.009) (0.008) (0.006) (0.006)

Reset Month FEs Yes Yes Yes Yes Yes

Orig. Month FEs Yes Yes Yes Yes Yes

MSA FEs Yes Yes Yes Yes Yes

Western US x Quarter FEs Yes Yes Yes Yes Yes

Borrower Controls Yes Yes Yes Yes Yes

Avg. of Dep. Var. 0.376 0.243 0.181 0.110 0.215
R2 0.163 0.162 0.152 0.094 0.318
N 248050 248050 248050 248050 248050

** denotes 5% significance, *** denotes 1% significance. Std. errors are clustered at the msa level.
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Table VI
IV Regressions – 2/28 and 3/27 – Negative Equity – Low Liquidity

30 DPD 60 DPD 90 DPD Foreclosure Prepayment

Reset Rate 0.066** 0.090*** 0.065*** 0.078*** 0.013
(0.027) (0.028) (0.020) (0.020) (0.012)

Original Interest Rate -0.066*** -0.085*** -0.072*** -0.030*** -0.004*
(0.005) (0.005) (0.005) (0.005) (0.002)

Margin 0.009 -0.003 0.011 -0.049** 0.002
(0.025) (0.026) (0.019) (0.019) (0.011)

Month FEs Yes Yes Yes Yes Yes

MSA FEs Yes Yes Yes Yes Yes

Western US x Quarter FEs Yes Yes Yes Yes Yes

Borrower Controls Yes Yes Yes Yes Yes

Avg. of Dep. Var. 0.600 0.427 0.332 0.186 0.0622
R2 0.107 0.144 0.143 0.084 0.093
N 20288 20288 20288 20288 20288

Table VII
IV Regressions – 2/28 and 3/27 – Negative Equity – High Liquidity

30 DPD 60 DPD 90 DPD Foreclosure Prepayment

Reset Rate 0.067** 0.059** 0.069** 0.027 0.016
(0.028) (0.027) (0.027) (0.026) (0.015)

Original Interest Rate -0.078*** -0.080*** -0.073*** -0.039*** -0.013***
(0.007) (0.007) (0.006) (0.004) (0.004)

Margin 0.026 0.029 0.013 0.013 0.007
(0.025) (0.023) (0.023) (0.023) (0.013)

Month FEs Yes Yes Yes Yes Yes

MSA FEs Yes Yes Yes Yes Yes

Western US x Quarter FEs Yes Yes Yes Yes Yes

Borrower Controls Yes Yes Yes Yes Yes

Avg. of Dep. Var. 0.419 0.305 0.248 0.149 0.0914
R2 0.170 0.193 0.186 0.121 0.141
N 21529 21529 21529 21529 21529
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Table VIII
IV Regressions – 2/28 and 3/27 – Positive Equity – Low Liquidity

30 DPD 60 DPD 90 DPD Foreclosure Prepayment

Reset Rate -0.042 0.019 0.026 0.031 0.150***
(0.040) (0.039) (0.030) (0.020) (0.026)

Original Interest Rate -0.016** -0.031*** -0.027*** -0.009** -0.035***
(0.006) (0.006) (0.005) (0.004) (0.005)

Margin 0.066* 0.015 0.004 -0.019 -0.099***
(0.035) (0.034) (0.026) (0.018) (0.023)

Month FEs Yes Yes Yes Yes Yes

MSA FEs Yes Yes Yes Yes Yes

Western US x Quarter FEs Yes Yes Yes Yes Yes

Borrower Controls Yes Yes Yes Yes Yes

Avg. of Dep. Var. 0.418 0.226 0.144 0.0737 0.251
R2 0.085 0.076 0.068 0.034 0.208
N 22012 22012 22012 22012 22012

Table IX
IV Regressions – 2/28 and 3/27 – Positive Equity – High Liquidity

30 DPD 60 DPD 90 DPD Foreclosure Prepayment

Reset Rate -0.047 -0.052 -0.043 0.018 0.151***
(0.042) (0.034) (0.030) (0.017) (0.035)

Original Interest Rate -0.016*** -0.015*** -0.012*** -0.007*** -0.049***
(0.004) (0.004) (0.004) (0.002) (0.006)

Margin 0.071* 0.065** 0.053** -0.010 -0.091***
(0.037) (0.030) (0.027) (0.016) (0.030)

Month FEs Yes Yes Yes Yes Yes

MSA FEs Yes Yes Yes Yes Yes

Western US x Quarter FEs Yes Yes Yes Yes Yes

Borrower Controls Yes Yes Yes Yes Yes

Avg. of Dep. Var. 0.177 0.0871 0.0578 0.0320 0.401
R2 0.084 0.068 0.059 0.038 0.305
N 20771 20771 20771 20771 20771
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Table X
IV Regressions – 5/1 – Jumbo Loans Only

30 DPD 60 DPD 90 DPD Foreclosure Prepayment

Reset Rate 0.020*** 0.013** 0.010* 0.006* 0.160***
(0.007) (0.006) (0.005) (0.003) (0.012)

Original Interest Rate 0.030*** 0.012*** 0.009*** 0.006*** -0.067***
(0.003) (0.002) (0.002) (0.002) (0.005)

Margin 0.021 -0.000 -0.004 -0.000 -0.085***
(0.021) (0.013) (0.012) (0.009) (0.016)

Month FEs Yes Yes Yes Yes Yes

MSA FEs Yes Yes Yes Yes Yes

Western US x Quarter FEs Yes Yes Yes Yes Yes

Borrower Controls Yes Yes Yes Yes Yes

Avg. of Dep. Var. 0.0874 0.0474 0.0371 0.0186 0.180
R2 0.053 0.049 0.043 0.027 0.243
N 59258 59258 59258 59258 59258

** denotes 5% significance, *** denotes 1% significance. Std. errors are clustered at the msa level.
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Table XI
IV Regressions – 5/1 – Small Banks

30 DPD 60 DPD 90 DPD Foreclosure Prepayment

Reset Rate 0.020* 0.028*** 0.019** 0.012** 0.089***
(0.011) (0.010) (0.008) (0.006) (0.011)

Original Interest Rate 0.033*** 0.018*** 0.016*** 0.009*** -0.060***
(0.003) (0.003) (0.002) (0.002) (0.004)

Margin 0.010 -0.011 -0.010 -0.000 -0.044***
(0.012) (0.012) (0.010) (0.007) (0.011)

Month FEs Yes Yes Yes Yes Yes

MSA FEs Yes Yes Yes Yes Yes

Western US x Quarter FEs Yes Yes Yes Yes Yes

Borrower Controls Yes Yes Yes Yes Yes

Avg. of Dep. Var. 0.132 0.0778 0.0624 0.0352 0.140
R2 0.078 0.067 0.062 0.041 0.310
N 65011 65011 65011 65011 65011

** denotes 5% significance, *** denotes 1% significance. Std. errors are clustered at the msa level.
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Table XII
IV Regressions – 5/1 – Investors Only

30 DPD 60 DPD 90 DPD Foreclosure Prepayment

Reset Rate 0.037*** 0.026*** 0.022*** 0.011*** 0.103***
(0.004) (0.004) (0.003) (0.002) (0.008)

Original Interest Rate 0.055*** 0.033*** 0.026*** 0.016*** -0.083***
(0.002) (0.002) (0.002) (0.001) (0.005)

Margin -0.001 -0.002 -0.005 0.002 -0.050***
(0.005) (0.004) (0.003) (0.002) (0.006)

Month FEs Yes Yes Yes Yes Yes

MSA FEs Yes Yes Yes Yes Yes

Western US x Quarter FEs Yes Yes Yes Yes Yes

Avg. of Dep. Var. 0.111 0.0636 0.0506 0.0284 0.149
R2 0.036 0.033 0.031 0.023 0.177
N 119846 119846 119846 119846 119846

** denotes 5% significance, *** denotes 1% significance. Std. errors are clustered at the msa level.
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Table XIII
IV Regressions – 5/1 – Common Servicer

30 DPD 60 DPD 90 DPD Foreclosure Prepayment

Reset Rate 0.022*** 0.019*** 0.015*** 0.008** 0.067***
(0.006) (0.005) (0.004) (0.003) (0.010)

Original Interest Rate 0.045*** 0.025*** 0.019*** 0.013*** -0.067***
(0.003) (0.003) (0.002) (0.002) (0.004)

Margin 0.015** 0.016*** 0.010** 0.004 -0.055***
(0.007) (0.005) (0.005) (0.003) (0.009)

Month FEs Yes Yes Yes Yes Yes

MSA FEs Yes Yes Yes Yes Yes

Western US x Quarter FEs Yes Yes Yes Yes Yes

Avg. of Dep. Var. 0.0946 0.0532 0.0417 0.0247 0.144
R2 0.029 0.027 0.025 0.022 0.149
N 69053 69053 69053 69053 69053

** denotes 5% significance, *** denotes 1% significance. Std. errors are clustered at the msa level.
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Table XIV
Selection: An alternative Approach

Original Rate Margin 30 DPD 60 DPD 90 DPD Foreclosure Prepayment

Unreported Investor 0.061*** -0.007*** 0.015*** 0.010*** 0.006* 0.004* 0.001
(0.010) (0.002) (0.005) (0.004) (0.003) (0.002) (0.003)

Margin -0.032** -0.038*** -0.033*** -0.015*** -0.014*
(0.015) (0.011) (0.009) (0.006) (0.007)

Interest Rate 0.052*** 0.035*** 0.031*** 0.014*** 0.029***
(0.012) (0.009) (0.006) (0.003) (0.004)

Original Interest Rate 0.000 0.004 0.004 0.003 -0.011***
(0.004) (0.003) (0.002) (0.002) (0.002)

MSA FEs Yes Yes Yes Yes Yes Yes Yes

Borrower Controls Yes Yes Yes Yes Yes Yes Yes

Avg. of Dep. Var. 5.547 2.430 0.0812 0.0426 0.0302 0.0117 0.0223
R2 0.327 0.680 0.036 0.027 0.024 0.019 0.028
N 27751 27751 27751 27751 27751 27751 27751
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Abstract

This paper explores the e↵ects of unanticipated health shocks on financial outcomes. We
draw on data linking individual cancer records to administrative data on personal mort-
gages, bankruptcies, foreclosures, and credit reports. We present three findings: First,
cancer diagnoses are financially destabilizing—as measured by defaults, foreclosure, and
bankruptcy filing rates—even among households with public or private health insurance.
The instability is caused by out of pocket costs arising from work loss, transportation, and
incomplete coverage of medical expenditures. Second, cancer diagnoses are destabilizing
only for households that have high levels of debt, preventing them from using their assets
to smooth consumption. Public policy should, therefore, pay close attention to household
leverage in addition to insurance. Third, a patient’s financial response to a health shock
depends on expected mortality. Default and foreclosure are chosen by patients who have
received news that they have few years to live; bankruptcy and refinancing are chosen
by patients with relatively long expected lifespans. This finding is consistent with the
notion that both adverse shocks and strategic behavior explain why households exhibit
particular financial outcomes.

⇤We are grateful to workshop participants at the University of Amsterdam, the University of Chicago,
Columbia University, and the Fred Hutchinson Cancer Research Center for helpful comments. We also thank
Equifax, BlackBox Logic, Zillow, the SNR Denton Fund, and the Fred Hutchinson Cancer Research Center
for research support. Albert Chang provided excellent research assistance.
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1 Introduction

This paper explores the e↵ects of unanticipated health shocks on financial outcomes. A

long line of scholarship has explored the e↵ects of shocks to health, mortality, and morbidity

on consumption and investment decisions (see Oster et al. 2014 for a recent contribution).

A household’s financial response to these shocks—whether to default, experience foreclosure,

file for bankruptcy, take on new debt, refinance old debt—is another important margin of

adjustment. It is important because a household’s financial response helps policymakers

evaluate the extent to which households are underinsured (“financially fragile”) and the

causes of the insurance incompleteness. It is also important because legal institutions may

a↵ect the way households respond to health shocks. A financially fragile household, for

example, may smooth consumption by taking advantage of the long delays inherent in many

state foreclosure laws, as Herkenho↵ & Ohanion (2012) illustrate in a di↵erent context. By

defaulting, but continuing to live in the home, the household can smooth consumption in the

absence of market insurance.

We explore the e↵ects of a class of health shocks—cancer diagnoses—that are among

the most common and severe shocks in the United States. Cancer is the leading cause of

death for women and the second most common cause of death among men. Out-of-pocket

costs are substantial, even for those with health insurance. Among Medicare beneficiaries,

for example, these costs average $4,727 annually (Davido↵ et al. 2012). Among non-elderly

cancer patients, Didem et al. (2011) find that 13% of individuals incurred out of pocket costs

exceeding 20% of annual income.

We draw on a comprehensive database of all cancer diagnoses in western Washington

State Using and then link link this individual-level database to property transaction records

(from DataQuick), mortgage payment histories (from BlackBox), and consumer credit reports

(from Equifax). These linkages allow us to study how credit decisions and defaults evolve

before and after a cancer diagnosis. Our observation window includes the five years before and

after diagnosis. Importantly, the cancer data include information about patients’ insurance

status and the property transaction records allow us to calculate household leverage. We
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can therefore test whether a household’s response to health shocks varies with its capital

structure.

In the context of a standard event-study framework, which censors patient data upon

death, we find that cancer diagnoses generate a long-term increase in foreclosure probabilities.

Across all cancers, the three-year (cumulative) probability of foreclosure increases from 0.69%

to about 0.93% (a 35% increase). The five-year probability of foreclosure increases from 1%

to 1.65% (a 65% increase). The foreclosure probabilities are highest for the most advanced

cancers (“distant” and “unstaged”), which increase by .0.89% in magnitude, an 89% increase

relative to the foreclosure rate during the five years prior to diagnosis.

These e↵ects are driven almost entirely by households with high pre-diagnosis leverage,

as measured by home mortgage loan-to-value ratios. Patients with relatively low loan-to-

value ratios (measured at origination) do not experience an increase in foreclosure rates

(indeed, in some specifications, the rate declines post-diagnosis). The opposite is true for

those with loan-to-value ratios exceeding 100%. This suggests that, although cancer is a large

financial shock, a household’s ability to cope with the resulting financial stress (as measured

by foreclosure) depends on its access to home equity. Importantly, these results persist

when we focus on patients we believe to be well-insured (through either private or public

insurance programs), and they continue for at least the five years subsequent to diagnosis.

Consistent with this interpretation, we find that low-leverage patients substantially increase

their leverage following a medical shock (by taking on a second mortgage or refinancing

an existing one). High-leverage patients are substantially less likely to take on new credit

following a shock.

We also find that [to come]

Our empirical analysis contributes to the literature on household financial fragility by

highlighting the importance of personal leverage as an important driver of household default

decisions. Several related papers examine the financial impact of idiosyncratic health shocks.

Hubbard et al. (1995) was an early attempt to understand the e↵ect of health shocks on

financial outcomes, particularly among the elderly. French and Jones (2004) estimate that

0.1% of households experience a health shock that costs over $125,000 in present value. Our
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results also echo findings in the household finance literature. We find that a combination

of negative shocks and high leverage best explain default patterns, similar to the “double-

trigger” theory of mortgage default (see Bhutta, Dokko, & Shan (2010)). We also highlight

the trade-o↵ between risk management and financing current investments in durable goods,

such as housing and autos, as analyzed by Rampini & Vishwanathan (2014). That trade-o↵

persists even when households carry health insurance.

This paper also builds on our prior work. Ramsey et al. (2013) find that cancer patients

are at higher risk of bankruptcy than those without a cancer diagnosis. Morrison et al.

(2013) investigated the causal relationship of car accidents on bankruptcy filings. The latter

paper found little evidence that car accidents elevate bankruptcy filings, perhaps because car

accidents typically represent smaller shocks than the cancer diagnoses investigated in this

paper.

This paper is organized as follows: Section 2 develops the theoretical framework for our

empirical analysis. Section 3 describes our data and empirical strategy. Section 4 discusses

the implications of our findings and concludes.

2 Theoretical Framework

We are not the first to explore the relationship between health shocks and financial

outcomes. Prior work has focused primarily on estimating the elasticity of bankruptcy filing

rates (or other financial outcomes) with respect to health shocks of di↵erent magnitudes

or with respect to policy interventions that expand access to health insurance. Examples

include Himmelstein et al. (2005), Gross & Notowidigdo (2009), Ramsey et al. (2013), and

Mazumder & Miller 2014. We contribute to this literature by asking two questions that are

critical to public policy, but underexplored in prior work:

1. To what extent does household capital structure, independent of health insurance, drive

observed financial outcomes, such as foreclosure and bankruptcy?

2. How does a sudden increase in mortality risk—triggered by a cancer diagnosis—a↵ect

a household’s choice between di↵erent legal and economic responses to a health shock?
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2.1 Capital Structure

The first question brings a central concern of corporate finance to household finance.

Like corporations, a household’s response to shocks almost certainly depends on its capital

structure, including its ratio of debt to assets (leverage) and the maturity structure of its debt

contracts (short versus long term). Capital markets provide an important source of liquidity

and consumption-smoothing. As obvious as that proposition seems, we know relatively little

about the extent to which access to capital markets matters for the typical household, or

how household capital structure a↵ects their responses to shocks. For example, does access

to capital markets matter less for households that carry private or public insurance against

commonly occurring shocks, such as health problems and auto accidents?

This question is highly relevant to public policy. A large and growing literature on “house-

hold financial fragility” has prompted a number of policy proposals, including subsidies to

the formation of emergency savings accounts (Lusardi, Schneider, & Tufano 2011), improv-

ing household financial literacy (Lusardi & Mitchell 2013), and expanding insurance coverage

for important sources of shocks, such as medical care (Mazumder & Miller 2014). All of

these proposals assume (implicitly) that households do not “leverage up” in response to the

reforms. Emergency savings accounts, for example, are useful bu↵ers against shocks only if

households have not incurred substantial debt. With high leverage, the household may have

e↵ectively (or explicitly) pledged the accounts to creditors.1 Alternatively, if households al-

ready carry debts at high interest rates (for instance on credit cards), a forced savings plan

earning a lower interest rate may be welfare-reducing. The implication is that understanding

how households manage the credit instruments available to them is essential to understand-

ing how households respond to shocks and to evaluating public policy programs aimed at

relieving financial distress.

2.2 Mortality Risk and Financial Management

The second question arises naturally from the vast literature on life-cycle models, which

considers the e↵ect of uncertain horizons, health shocks, and mortality risks on investment

1Indirect evidence of a “leveraging up” phenomenon has been observed in related contexts. Matsa et al.
(2012) find that credit costs decline as unemployment insurance benefits increase.
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and consumption (see, e.g., Stoler & Meltzer 2012). An unanticipated contraction in an

individual’s time horizon will reduce incentives to invest and increase consumption. Individ-

uals diagnosed with Huntington’s Disease, for example, are substantially less likely to invest

in education, undertake costly behaviors that reduce other health risks (cancer screening,

avoiding smoking), or make other human capital investments, as Oster et al. (2014) show.

A contraction in an individual’s time horizon can also a↵ect financial management deci-

sions, such as default, foreclosure, and bankruptcy. Because debt absorbs cash flow available

for consumption, a sudden increase in mortality risk can reduce incentives to repay debt. Of

course, there are significant costs to default: Creditors can seize assets and the individual’s

access to capital markets will decline, both of which will be costly if the individual is uncer-

tain about longevity or wants to leave wealth to others (family) after death. This trade-o↵

could, for some individuals, weigh in favor of default, particularly default on a home mort-

gage. The gains from default can be substantial: Mortgage payments typically consume a

large fraction of monthly income, the lender will not pursue foreclosure until the homeowner

has missed multiple payments, and the foreclosure process often takes a year to complete.

The costs of default can be low, particularly for individuals who have no home equity and

whose non-housing wealth is largely protected by state exemption laws. Moreover, many

households view their homes as a combination of investment and consumption good. The

mortgage, therefore, is partly funding future investment. When an individual experiences

a contraction in time horizon, the incentive to invest declines. By defaulting on the mort-

gage, the individual can curtail investment and, due to long delays in foreclosure, not reduce

consumption of housing services for a substantial period, perhaps more than a year.

These observations imply that the incentive to default and experience foreclosure will

be strongest when (a) the individual expects to die within the next few years, (b) default

will not put other assets at risk because the individual has no home equity and other assets

are shielded by exemption laws, and (c) the individual is either unconcerned about leaving

bequests or has already set aside funds for bequests and these funds will be una↵ected by

default and foreclosure.

Health shocks could have a very di↵erent e↵ect on the incentive to file for bankruptcy. A

core function of a bankruptcy filing is to discharge debt and either (i) protect future income
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or (ii) protect assets from creditor collection e↵orts. The first function is served by a Chapter

7 filing: The filer gives up some assets today in exchange for a discharge of unsecured debts

that could be applied against future income. The latter is served by a Chapter 13 filing:

The filer agrees to a tax on future income in exchange for a discharge of debts that could

be applied against assets in the future. In either case, therefore, a bankruptcy filer uses

bankruptcy to conserve future cash flow (or utility) derived from human capital or physical

assets. This is why bankruptcy filings are rare among the poor but much more common

among individuals with higher income or wealth (see, e.g., Sullivan et al. 199X). A Chapter

13 filing, for example, is an important device for homeowners to retain their homes when

faced with foreclosure, as White & Zhu (2010) show. Chapter 7 is also used to renegotiate

with mortgage lenders while discharging unsecured debt (Morrison 2014).

Seen this way, a bankruptcy filing is analogous an investment decision: An individual

renegotiates or discharges debt by exchanging value today (income or assets) for value (income

or assets) in the future. Because a contraction in an individual’s time horizon will reduce the

incentive to invest, it will also reduce the incentive to file for bankruptcy. Similar logic can be

applied to refinancing, which is equivalent to renegotiating current debt in order to increase

future cash flows. A refinancing is an investment decision, which will be less attractive to

individuals with relatively high mortality risk.

A simple model can formalize most of these intuitions. Consider a two-period model of

a risk-neutral patient who receives a cancer diagnosis in period 1 and learns that she will

survive with probability p to period 2. She incurs medical costs equal to M in period 1 only.

Her income in each period is y < M . She has one asset, a house, which has market value

A and delivers housing services equal to �A per period. The home is subject to a mortgage

that has face value D and requires periodic payments equal to �D. Assume, for simplicity,

that D is su�ciently large relative to A that the patient cannot borrow additional funds to

pay her medical expenses (i.e., she cannot access credit markets to smooth consumption).

The discount rate is zero.

Because M exceeds the patient’s income y in period 1, she will choose between foreclosure

and bankruptcy. If the patient chooses bankruptcy, she must pay costs equal to f . Although
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she will discharge her medical debt (M), she will continue to service her housing debt (mort-

gage debts are not dischargeable in bankruptcy unless a homeowner abandons her home).

Period 1 consumption will therefore equal income (y) plus housing services (�A) minus debt

service (↵D): y + �A� ↵D. At the end of period 1, she will survive to the next period with

probability p. If she survives, she will receive income y and housing services �A and pay debt

service (�D). Because it is the final period, she will also consumer her net wealth, max[�, 0],

where � = A � D. For convenience, we assume the mortgage is non-recourse. That is, if

A < D, the lender cannot sue the patient for the di↵erence. Conditional on survival, then,

period 2 consumption is y + �A + max[�, 0]. Because the discount rate is zero, expected

consumption from bankruptcy is:

CB = y + �A� �D � f + p(y + �A� �D +max[�, 0]) (1)

If the patient instead chooses foreclosure in period 1, she will default on her mortgage,

not pay her medical expenses, and consume her income and housing services. Total period 1

consumption will therefore be y+�A. If she survives to period 2, her home will be liquidated

in foreclosure. The net recovery to the patient from foreclosure is max[�, 0]. She will lose her

home, but her debt will be satisfied. The patient will still owe medical expenses M , which

exceed her income. She can therefore file for bankruptcy in period 2. By paying costs f , she

will keep her income y and the net value from foreclosure (which I assume is protected by

state exemption laws). Her expected consumption from foreclosure is therefore:

CF = y + �A+ p(y � f +max[�, 0]) (2)

The patient will choose foreclosure if CF > CB, which will be true when:

(1 + p)�D > p�A� (1� p)f (3)

The left-hand side of the inequality captures the gains from foreclosure relative to bankruptcy:

Foreclosure allows the patient to avoid debt service (�D) in periods 1 and 2. The right-hand

side captures the next costs of foreclosure relative to bankruptcy: Foreclosure forces the
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patient to give up consumption services (�A) in period 2. Under either choice, bankruptcy

costs (f) will be incurred, but they occur only probabilistically when the patient submits

to foreclosure. Thus, the net costs of foreclosure are reduced by the lower expected costs of

bankruptcy.

This inequality captures the idea that foreclosure is more attractive as mortality risk

increases: When the patient is certain to die during period 1 (p = 0), the inequality is always

satisfied. Additionally, foreclosure becomes more attractive as debt (D) increases and as

bankruptcy filing costs (f) rise.

This simple model illustrates how mortality risk can a↵ect financial policy. The issue is

important to public policy because it points to a strategic element in financial management

among individuals who experience health shocks. Because of these shocks, the individuals are

financially stressed, but can respond to the stress in various ways. Strategic considerations

may explain why some people choose foreclosure while others choose bankruptcy.

3 Data and Empirical Strategy

Cancer represents one of the most common and costly health shocks. Roughly 40% of

Americans can expect to face a cancer diagnosis over their lifetimes, and 20% of Americans

will die due to cancer-related complications (American Cancer Society 2013). Cancer diag-

nosis rates are projected to increase both internationally and domestically over time due to

medical progress in other fields, leaving individuals more susceptible to cancer risk. The cost

of treating cancer has also been rising over time even faster then overall healthcare infla-

tion, which in turn has been growing faster than economy-wide prices (Mariotto et al. 2011;

Trogdon et al. 2012).

Cancer severity is often measured using “stages.” A cancer is “localized” if malignant

cells are limited to the organ of origin (e.g., liver). “Regional” and “distant” cancers describe

tumors that have extended beyond the organ of origin. A cancer is regional if the primary

tumor has grown into other organs of the body; it is distant if the primary tumor has produced

new tumors that have begun to grow at new locations in the body. Because of this subtlety,
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it is well known that the coding of these diagnoses is inconsistent (SEER Training Module

2014); the two categories may describe comparably severe cancers. “Unstaged” cancers are

those that were not given a formal staging by the investigating physicians. This often occurs

when the cancer has spread so extensively through the patient’s body that formal staging is

not an informative exercise.

Cancer diagnoses generate direct and indirect costs. Direct cancer costs relate to the cost

of treatment and typically represent substantial expenses relative to household income. Can-

cer treatments typically involve some combination of drugs, surgery, radiation, and hormonal

therapy. Formal health insurance should cover many of these treatments, but individuals are

also exposed to out-of-pocket costs such as co-pays and deductibles. Prior to 2006, for exam-

ple, older patients (over 65) often had limited insurance coverage of cancer drugs unless they

purchased supplemental Medicare plans (in 2006, this situation changed with the enactment

of Medicare Part D). Indirect costs include the time required to undergo screening and ther-

apy, transportation to hospitals and clinics, and child or nursing care. Evidence suggests that

6.5% of cancer expenses among the non-elderly ($1.3 billion) are paid out-of-pocket (Howard,

Molinari, & Thorpe 2004). Over 40% of cancer patients stop working after initial treatment

(De Boer et al. 2009).

Costs are substantial even among individuals with public or private insurance. Among

Medicare beneficiaries, for example, out-of-pocket costs average $4,727 annually (Davido↵

et al. 2012). Among non-elderly cancer patients, Didem et al. (2011) found that 13% of

individuals incurred out-of-pocket costs exceeding 20% of annual income. The percentage is

much higher among individuals with public insurance (24% of income) and those with health

insurance not provided by their employer (43%).2

3.1 Data Construction

We link cancer diagnosis data from Washington State to bankruptcy filings, property

records, mortgage payment data, and credit reports. Our cancer data are provided by the

2The substantial nature of indirect costs with respect to cancer also suggests that our work may have
some applicability to countries with more universal health coverage, to the extent that formal insurance
mechanisms are insu�cient to fully prevent financial distress resulting from cancer diagnosis.

97



Cancer Surveillance System of Western Washington, which collects information about all

cancer diagnoses in 11 counties in the western side of the state. These data are a subset of

the National Cancer Institute’s Surveillance Epidemiology and End Results (SEER) program.

Our data include about 270,000 diagnoses occurring during calendar years 1996 through 2009.

About 110,000 of these diagnoses involved patients between ages 24 and 64.

The cancer data were linked to a dataset on federal bankruptcy records by the Fred

Hutchinson Cancer Research Center via a probabilistic algorithm based on the patient’s

name, sex, address, and last four Social Security Number digits (see Ramsey et al. 2013).

The bankruptcy records include any individual bankruptcy filing under chapters 7, 11, or 13

of the Bankruptcy Code.

We further link the cancer data to property records maintained by DataQuick to create a

“Property Database.” The DataQuick records are transaction-based and provide information

about every sale, mortgage, foreclosure, or other transaction a↵ecting a property address

during calendar years 2000 through 2011. We link these property records to the cancer data

based on the patient’s property address. This Property Database can be used to study the

relationship between cancer diagnoses and foreclosure starts.

We link the Property Database to mortgage payment data and credit reports for patients

with privately securitized mortgages. BlackBox LLC provided the mortgage payment data,

which includes information about the balance, LTV, borrower FICO, and other characteristics

of the mortgage at origination as well as the borrower’s post-origination payment history.

These data cover the period January 2000 through July 2014, and are restricted to the

universe of private-label securitized loans. Equifax provided credit reports, which include

monthly information about the borrower’s credit score, utilization of revolving lines of credit

(mainly credit cards), total debt burden, and other characteristics. These data cover the

period from June 2005 through July 2014.3 We linked the Property Database to the BlackBox

3Equifax performed the linkage between its records and the BlackBox data. Because this linkage was
imperfect, we retained a linkage only if Equifax reported a “high merge confidence” (based on a proprietary
algorithm) or if the BlackBox and Equifax records listed the same property zip code (suggesting a common
residence between the subject of the credit report and the holder of the mortgage. Additional information
about the BlackBox and Equinox databases, and the merge algorithm, can be found in Mayer et al. (2014)
and Piskorski, Seru, & Witkin (2014).
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and Equinox records using mortgage origination date, origination balance, zip code fields, and

other mortgage fields (mortgage type and purpose) that are common to all datasets.

After linking these databases (SEER cancer registry, bankruptcy filings, DataQuick prop-

erty records, and the BlackBox and Equinox databases), we subset on individuals between

ages 21 and 80 at the time of diagnosis. Younger patients are unlikely to file for bankruptcy;

older patients have extremely high mortality rates subsequent to diagnosis. Additionally,

we exclude cancer diagnoses that involving benign and in situ stage cancer diagnoses (early

stage cancers that have not spread to surrounding tissue) as well as diagnoses discovered

only upon death or autopsy. The former cancers represent trivial health shocks; the lat-

ter confound death and diagnosis, making it impossible to infer the impact of diagnosis on

financial stability. Finally, a number of patients have multiple cancer diagnoses. If the di-

agnoses were “synchronous”—occurring within a three month period—we treat them as a

single event and assign a diagnosis date equal to the first-diagnosed cancer. Synchronous

cancers are frequently manifestations of one underlying cancer.4 If a patient su↵ered multi-

ple, non-synchronous cancers (diagnoses occurring over a period longer than three months),

we included in our analysis any cancer diagnosis that was not followed by another diagnosis

during the subsequent three years.

Appendix A provides a more complete description of the data and information about the

merge algorithms.

3.2 Summary Statistics

Table 1 presents summary statistics for the cancer patients in our study. The mean age

is 58, with a wide standard deviation: ages 32 through 80 are within two standard deviations

of the mean. About two thirds of the patients are married, roughly half are male, and over

a third had health insurance through Medicare or Medicaid. Although Table 1 indicates

that only 14.7 percent of individuals carried private insurance, health insurance information

is missing for nearly half of the sample. Most of the individuals with missing information

4We assign these cancers the highest stage among the multiple stages present (localized, regional, or
distant). We also assign the site of the cancer to the “Other” category if the sites of the synchronous cancers
di↵er.
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likely had some form of health insurance. Those age 65 and older are covered by Medicare.

Among those aged 18 to 64, prior studies indicate that between 8 and 14 percent had no

health insurance coverage (Ferguson & Gardner 2008).

Table I also presents information about the “occupation” of individuals in our sample.

This information is included in the SEER database and derived from a hospital intake form

that asks patients to describe their occupation, not whether they are currently employed in

that occupation. We interpret this information as a proxy for the patient’s human capital in-

vestment. Using an algorithm supplied byWashington State, we categorized patient responses

into broad categories: Professional, Clerical, Laborer, Other, Unemployed, and Missing. The

Unemployed category includes individuals who indicated that they were unemployed at the

time they completed the intake form.5,

Table II shows the annual number of cancer diagnoses by stage at diagnosis. As described

above, cancer diagnoses can be staged, from least to most severe, as localized, regional, and

distant. We include unstaged cancers in the “distant” category because these cancers tend

to have a very high mortality rate. As Table 1 shows, nearly half of diagnoses are localized;

regional and distant cancers account for most of the remaining diagnoses.

3.3 Empirical Strategy

We estimate a standard event-study di↵erence-in-di↵erence (DD) regression:

Oit = ↵+
s�1X

k=�s

µk · 1[(t� Ti) = k] +Xit + ✓t + "it (4)

Here, Oit is an outcome measure. In most specifications it will be a binary equal to one

if patient i exhibits a measure of distress (e.g., foreclosure) during calendar year t. ✓t is a

matrix of calendar year fixed e↵ects.6 The matrix Xit includes a variety of controls, which

5We classify individuals as “unemployed” if they fail to indicate an occupation, but do indicate marital
status. We assume that, if an individual fails to answer both the occupation and marital status questions, he
or she is refusing to complete the form. If the individual indicates marital status, but leaves occupation blank,
we think it reasonable to assume that the individual is leaving it blank because he or she is unemployed.

6We do not include individual fixed e↵ects because our dependent variable is binary and we are typically
studying the first occurrence of an event (such as foreclosure or bankruptcy). In this setting, with
non-repeating events, fixed e↵ect analysis is not feasible (Andre� et al. 2013).
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vary with the database used for the analysis. In all regressions, we include patient age, marital

status, gender, race, occupation, health insurance status, indicators for whether the patient

su↵ered synchronous cancers or had a previous cancer diagnosis, and county fixed e↵ects.

In analysis using the BlackBox or Equifax data, the controls include time from origination,

static information taken at time of origination (balance, CLTV, details about the purpose

and type of mortgage), and dynamic information updated monthly (such as credit score,

estimated income, and interest rate).

The coe�cients of interest are µk, which measure the change in the outcome variable

during the s calendar years prior to and following the diagnosis in year Ti, where s is typically

5. Years [�s,�1] reflect the s pre-treatment years, while the interval [0, s � 1] is the post-

treatment window. These coe�cients are measured relative to the (omitted) year prior to

the diagnosis. Standard errors are clustered by patient.

If outcome Oit occurs during year t, data for that patient is censored in all subsequent

years. This censoring renders our framework similar to a discrete time hazard model. Addi-

tionally, if patient i dies during year t, data for that patient is also censored in all subsequent

years. Finally, the model is only estimated during years for which we are confident that the

patient lived in the property in question as determined by sale transactions data.

4 Results

We begin by documenting the average e↵ect of cancer diagnoses on household financial

outcomes, including foreclosure, bankruptcy, and missed payments. The overall patterns,

however, conceal important heterogeneity with respect to household leverage. Households

that have untapped liquidity through home equity or credit cards are better able to withstand

cancer diagnoses.

4.1 Average E↵ects

Table III estimates our event-study model using foreclosure as the outcome measure.

The model is estimated using the Property Database. The coe�cients of interest, µk, are
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reported for the five years before and after diagnosis, with the year before as the excluded

category. Coe�cients for the controls are suppressed to simplify presentation. At the bottom

of the table, we report the cumulative estimated e↵ect for the three years after diagnosis

(“Treatment 3 Years”) and the five years after diagnosis (“Treatment 5 Years”). Again, these

estimates are measured relative to the year prior to diagnosis. Additionally, the bottom of the

table reports the average foreclosure rate during the year prior to diagnosis (“Ref. Foreclosure

Prob. 1 Year”) and the cumulative probability during the five years prior to diagnosis (“Ref.

Foreclosure Prob. 5 Years”).

In the full Property Database sample, including all cancers, Columns (1) and (2) show a

substantial, sustained increase in the probability of foreclosure during the five years following

diagnosis. The e↵ect is larger after including controls such as age, gender, and marital status.

During the three years post-diagnosis, the filing rate increases .0024 percentage points, a 35

percent increase relative to the foreclosure rate during the three years prior to diagnosis.

Widening our window to look at the five years post diagnosis, we find that the foreclosure

rate increases .0065 points, a 65 percent increase relative to the rate during the five years

preceding diagnosis (.01).

We observe large e↵ects across all cancer stages, though timing varies, as Columns (3)

through (5) show. Among distant and unstaged cancers, we observe an increase in foreclosure

rates beginning in the second post-diagnosis year. Among less severe cancers (localized and

regional), significant e↵ects appear in the third year following diagnosis. Unsurprisingly,

the cumulative, five-year e↵ect is largest among the most severe cancers: Foreclosure rates

increase 0.0089 percentage points, a nearly 90 percent increase relative to the filing rate

during the five years prior to diagnosis. Localized and regional cancers exhibit large but

smaller e↵ects (.0062 and .0048, representing 65 and 40 percent increases).

These estimates are based on the full sample, regardless of insurance status. Table IV

subsets on patients with verified insurance coverage, public or private. In Column 2, we

observe a 51 percent increase in foreclosures during the five years following diagnosis (.0051

increase on a base of .01). Estimated e↵ects for localized cancers are comparable to those for

distant/unstaged cancers. Insurance status may attenuate the impact of a cancer diagnosis
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(a 51 percent increase among insured patients versus a 65 percent increase overall), but the

diagnosis remains destabilizing for a substantial fraction of households.

Table V examines the impact of cancer on bankruptcy filings, another extreme financial

outcome. Here we look at the full sample, regardless of insurance coverage, but results are

comparable when we subset on patients with verified insurance coverage. Estimated e↵ects

of the diagnosis are substantially lower for bankruptcy than for foreclosure. In Column 2, for

example, we observe a 20 percent increase in the bankruptcy filing rate during the five years

post-diagnosis (.004 increase on a base of .02). When we split the sample by cancer staging,

estimates are significant and substantial only for localized cancers.

We look at less extreme financial outcomes in Table VI, which estimates the fraction of

first mortgage payments made during the calendar years before and after diagnosis. The

fraction ranges from 0/12 to 12/12. We subset on the sample that links to the BlackBox

sample, which is much smaller than the sample used in the preceding tables. As a result,

we expect estimates that are much less precise. Table VI shows an immediate decline in

payments. During the year prior to a cancer diagnosis, patients made roughly 11 of the

12 scheduled payments. During the year following the diagnosis, the fraction falls by .026.

During the five years following diagnosis, the cumulative e↵ect is a .14 decline, which is

roughly equivalent to two missed payments.

We view the foregoing estimates as evidence that cancer diagnoses induce a substantial

rise in extreme financial outcomes, especially foreclosure, but less extreme responses are

di�cult to measure using our data.

4.2 Financial Fragility and Household Leverage

The analysis thus far conceals important heterogeneity across patients. Cancer diagnoses

are destabilizing primarily for households with high levels of pre-diagnosis leverage.

Table VII reexamines the e↵ect of cancer diagnoses on foreclosure, but subsets on patients

for whom we can verify the origination date and balance of a mortgage in the Property

database.7 Although the sample here is smaller than in Table III, the estimated e↵ects are

7We cannot observe the origination date and balance of a mortgage originated prior to around 2000. Our
data track transactions after that date.
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comparable. In Column 1, for example, the foreclosure rate increases 0.0063 percentage

points during the five years following diagnosis, a 42 percent increase. Column 2 subsets

further on patients for whom the Property database allows us to compute the patient’s

cumulative loan to value ratio (CLTV) at mortgage origination. CLTV is equal to total

mortgage debt, including both first and second mortgages, divided by the purchase price of

the home. We can verify CLTV for a relatively small number of patients (about 10,000)

and, in this subsample, we actually observe a decline in foreclosures following diagnosis, as

Column 2 shows. This anomaly is explained in Columns 3 and 4, which split the sample by

CLTV. We use CLTV=100 as a natural break-point because it is a proxy for the existence of

home equity that can be used to fund consumption. Cancer is destabilizing only for patients

who have no home equity (CLTV � 100) at mortgage origination. Among these patients we

observe a very large increase—.05 percentage points—in the foreclosure probability during

the five years following diagnosis, a 90 percent increase relative to the baseline (.055). The

foreclosure rate declines among patients with home equity at origination (CLTV<100).

Table VIII repeats the exercise, but subsets on patients with verified health insurance.

The e↵ects here are comparable. Columns 3 and 4, for example, show the same contrast

between patients with high and low CLTV: Highly leveraged patients are less able to cope

with health shocks, even though they carry health insurance. In unreported regressions,

predicting the probability of bankruptcy, we find similar results: Cancer diagnoses cause

substantial and significant increases in bankruptcy filing rates only among patients with

CLTV above 100.

Together, these results highlight the importance of home equity as a source of insur-

ance. We observe this pattern even if we we look at outcomes less severe than foreclosure or

bankruptcy. Recall that, in Table VI, we found relatively small e↵ects of cancer on mortgage

payments. When we split the sample by current CLTV (“CCLTV”) instead of CLTV at

origination, we find substantial, significant e↵ects among patients with high CCLTV (we use

80 as the break-point here due to the limited sample size and because it is commonly thought

that homeowners have limited ability to exploit home equity if their CCLTV exceeds 80).

We find that patients with a CCLTV above 80 miss about six payments during the five years

after diagnosis.

104



4.3 Access to New Credit

These estimates suggest that home equity—and access to liquidity generally—is an im-

portant channel through which patients cope with the financial stress of health shocks. This

is true regardless of whether the patient carries health insurance. We can study this channel

more directly by looking at patients’ use of credit following cancer diagnosis. Table IX pre-

dicts the annual probability that a patient refinances a first mortgage or takes on a second

mortgage. Although we see a decline in credit use by the average patient during the years

following a diagnosis (Column 2), the decline is driven entirely by patients with high levels

of leverage (Column 4). We observe comparable patterns when we subset on patients with

health insurance, as Table X shows. Among patients with relatively low CLTV, we see a rise

in credit usage following diagnosis. The e↵ect among these patients may not be attributable

to the diagnosis, however, given pre-existing trend upwards in credit usage.

5 Conclusion

Our results point to the central importance of credit markets as a bu↵er against health

events and other adverse financial shocks. Even households with health insurance face sizeable

out-of-pocket costs after a cancer diagnosis. These costs are destabilizing when a household

has taken on high pre-diagnosis leverage. The household is e↵ectively priced out of the credit

market.

Our research is, however, subject to several caveats. First, we document the patterns

of financial distress surrounding severe medical events, but do not make claims about the

strategic nature of those defaults. Nor do we make any normative claims about the desir-

ability of foreclosure among a↵ected households. Bankruptcy, default, and foreclosure are

commonly viewed as manifestations of severe financial distress, with adverse consequences

for debtors and creditors alike. An alternative view might see these outcomes as manifesta-

tions of strategical calculations by households. Because a cancer diagnosis reduces a patient’s

life expectancy, for example, a rational household might strategically default on long-term

debts such as mortgages. Under this interpretation, our results on leverage form an analogue
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to the “double trigger” theory of household default: Default may be the result of both (i)

an adverse shock (cancer diagnosis) that reduces ability to pay and (ii) an adverse financial

position (negative equity) that limits the household’s desire to repay.

Our analysis also leaves unexplored the question of how and why households acquire the

capital structures they have. To draw the parallel with corporate finance: We know much

more about the overall determinants of corporate leverage decisions than household leverage.

Finally, we look exclusively at the e↵ects of cancer diagnoses on financial management

(defaults, foreclosures, bankruptcies). We are unable to test whether cancer diagnoses a↵ect

consumption choices.

Our results present a sharp contrast with much of the prevailing literature on household

financial fragility and health insurance because we find a limited role of formal insurance in

preventing financial default. Highly levered individuals face a higher probability of financial

default even in the presence of medical insurance. While medical insurance is clearly an

important bu↵er for households facing severe medical shocks, our results show that house-

hold financial fragility depends on much more than the existence of such insurance. Many

individuals with insurance file for bankruptcy or experience foreclosure (particularly if they

are heavily levered); many individuals without insurance never file for bankruptcy or fore-

closure (particularly if they have equity). Household capital structure is, at the very least,

an additional, important, and underemphasized driver of default decisions among medically

distressed households.

A potential implication of our work is that public policy should focus on household asset-

building, both by limiting leverage or by raising savings. Unlike e↵orts to increase medical

coverage, e↵orts to build household assets have the advantage that accumulated savings may

be used to deal with any sort of shock, not just medical ones. Laws that limit household

leverage, such as restrictions on recourse mortgages, may also help households preserve assets

that can fund out-of-pocket costs.
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TABLE I Summary Statistics

Mean SD N

Age 58 12.8 63,893
Married 0.650 0.48 63,893
Marriage Missing 0.096 0.29 63,893
Male 0.497 0.50 63,893
Non-White 0.142 0.35 63,893
Synchronous Cancer 0.018 0.13 63,893
Professional 0.209 0.41 63,893
Clerical 0.184 0.39 63,893
Laborer 0.234 0.42 63,893
Other 0.056 0.23 63,893
Unemployed 0.065 0.25 63,893
Missing 0.252 0.43 63,893
Self-Pay 0.003 0.051 63,893
Private Insured 0.147 0.35 63,893
Medicare 0.340 0.47 63,893
Medicaid 0.011 0.10 63,893
Other 0.008 0.089 63,893
Missing 0.492 0.50 63,893
Previous Cancer 0.035 0.18 63,893

109



TABLE II Staging Frequency by Year

Localized Regional Distant Unstaged Total

1996 1460 600 634 208 2902
1997 1644 660 702 222 3228
1998 1719 666 743 213 3341
1999 1870 757 791 197 3615
2000 2013 832 793 151 3789
2001 2171 991 953 123 4238
2002 2348 1098 1055 87 4588
2003 2464 1137 1086 112 4799
2004 2599 1208 1100 87 4994
2005 2640 1169 1222 113 5144
2006 2784 1135 1209 126 5254
2007 2989 1355 1299 138 5781
2008 3116 1386 1270 92 5864
2009 3269 1394 1336 264 6263

Total 33086 14388 14193 2133 63800

Observations 63800

t statistics in parentheses
⇤ p < 0.05, ⇤⇤ p < 0.01, ⇤⇤⇤ p < 0.001
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TABLE III Panel Regression, OLS—Foreclosure, Censor: 5 Years

All - No Controls Controls Localized Regional Distant/Unstaged

Year 5 Before Diagnosis -0.00033 -0.00040 -0.00021 -0.00094 -0.00029
(-1.15) (-1.24) (-0.48) (-1.32) (-0.43)

Year 4 Before Diagnosis 0.000054 0.000034 0.00023 -0.00013 -0.00018
(0.18) (0.11) (0.53) (-0.18) (-0.30)

Year 3 Before Diagnosis -0.0000097 0.000048 0.00017 -0.00030 0.00012
(-0.03) (0.16) (0.44) (-0.47) (0.19)

Year 2 Before Diagnosis -0.00013 0.000016 0.00013 0.00034 -0.00050
(-0.46) (0.06) (0.35) (0.52) (-0.93)

Year 1 After Diagnosis -0.00035 -0.00018 -0.00030 0.000071 -0.00020
(-1.32) (-0.69) (-0.87) (0.12) (-0.35)

Year 2 After Diagnosis 0.00040 0.00082⇤⇤ 0.00042 0.00023 0.0021⇤⇤

(1.34) (2.68) (1.11) (0.37) (2.95)
Year 3 After Diagnosis 0.0012⇤⇤ 0.0018⇤⇤ 0.0017⇤⇤ 0.0019⇤ 0.0021⇤⇤

(3.35) (5.14) (3.59) (2.44) (2.79)
Year 4 After Diagnosis 0.00086⇤ 0.0017⇤⇤ 0.0018⇤⇤ 0.00029 0.0029⇤⇤

(2.37) (4.61) (3.60) (0.45) (3.30)
Year 5 After Diagnosis 0.0015⇤⇤ 0.0024⇤⇤ 0.0026⇤⇤ 0.0023⇤ 0.0020⇤

(3.49) (5.55) (4.52) (2.51) (2.24)
Controls No Yes Yes Yes Yes

Treatment 3 Years 0.0012 0.0024 0.0018 0.0022 0.0040
S.E. 0.00071 0.00072 0.00093 0.0016 0.0016
Treatment 5 Years 0.0035 0.0065 0.0062 0.0048 0.0089
S.E. 0.0012 0.0012 0.0016 0.0025 0.0026
Ref. Foreclosure Prob. 1 Year 0.0023 0.0023 0.0020 0.0027 0.0026
Ref. Foreclosure Prob. 5 Years 0.010 0.010 0.0095 0.012 0.010
N 466441 466441 242862 105040 117906

Marginal e↵ects; t statistics in parentheses

(d) for discrete change of dummy variable from 0 to 1
⇤ p < 0.05, ⇤⇤ p < 0.01
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TABLE IV Panel Regression, OLS—Foreclosure, Censor: 5 Years, Insured

All - No Controls Controls Localized Regional Distant/Unstaged

Year 5 Before Diagnosis 0.00016 0.000081 0.00078 -0.0014 0.000044
(0.39) (0.17) (1.20) (-1.37) (0.05)

Year 4 Before Diagnosis 0.00027 0.00023 0.00031 0.00044 -0.0000087
(0.68) (0.54) (0.56) (0.38) (-0.01)

Year 3 Before Diagnosis 0.00036 0.00045 0.00061 -0.00017 0.00066
(0.91) (1.10) (1.14) (-0.18) (0.86)

Year 2 Before Diagnosis -0.00019 0.000045 0.00032 0.00014 -0.00051
(-0.52) (0.12) (0.65) (0.14) (-0.79)

Year 1 After Diagnosis -0.00016 0.00011 0.000060 0.00015 0.000062
(-0.44) (0.29) (0.13) (0.15) (0.09)

Year 2 After Diagnosis 0.00064 0.0012⇤⇤ 0.00095 -0.00021 0.0024⇤

(1.43) (2.61) (1.66) (-0.23) (2.52)
Year 3 After Diagnosis 0.00019 0.0013⇤⇤ 0.0018⇤⇤ 0.0018 0.00030

(0.39) (2.70) (2.60) (1.39) (0.37)
Year 4 After Diagnosis -0.00027 0.00089 0.00092 -0.000064 0.0015

(-0.57) (1.81) (1.49) (-0.06) (1.42)
Year 5 After Diagnosis 0.00044 0.0016⇤⇤ 0.0019⇤ 0.0012 0.0015

(0.77) (2.69) (2.30) (0.89) (1.28)
Controls No Yes Yes Yes Yes

Treatment 3 Years 0.00066 0.0026 0.0028 0.0017 0.0028
S.E. 0.00098 0.00100 0.0013 0.0024 0.0019
Treatment 5 Years 0.00084 0.0051 0.0056 0.0029 0.0057
S.E. 0.0016 0.0016 0.0021 0.0038 0.0032
Ref. Foreclosure Prob. 1 Year 0.0021 0.0021 0.0016 0.0030 0.0022
Ref. Foreclosure Prob. 5 Years 0.010 0.010 0.0093 0.013 0.0096
N 215779 215779 104802 46262 64283

Marginal e↵ects; t statistics in parentheses

(d) for discrete change of dummy variable from 0 to 1
⇤ p < 0.05, ⇤⇤ p < 0.01
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TABLE V Panel Regression, OLS—Bankruptcy, Censor: 5 Years

All - No Controls Controls Localized Regional Distant/Unstaged

Year 5 Before Diagnosis 0.00072 -0.00029 -0.00046 -0.00043 0.00025
(1.61) (-0.59) (-0.70) (-0.39) (0.26)

Year 4 Before Diagnosis 0.000097 -0.00099⇤ -0.00087 -0.0019⇤ -0.00033
(0.23) (-2.20) (-1.44) (-1.98) (-0.35)

Year 3 Before Diagnosis 0.00017 -0.00042 -0.0012⇤ 0.00038 0.00058
(0.41) (-1.00) (-2.24) (0.39) (0.67)

Year 2 Before Diagnosis -0.00020 -0.00042 -0.00020 -0.00047 -0.00069
(-0.51) (-1.05) (-0.39) (-0.53) (-0.88)

Year 1 After Diagnosis 0.00066 0.00072 0.00091 0.0012 0.000049
(1.63) (1.75) (1.65) (1.27) (0.06)

Year 2 After Diagnosis 0.0010⇤ 0.0012⇤⇤ 0.0012⇤ 0.00094 0.0015
(2.29) (2.63) (2.04) (0.93) (1.48)

Year 3 After Diagnosis 0.00054 0.00099⇤ 0.0017⇤⇤ 0.00086 -0.0014
(1.14) (1.96) (2.59) (0.77) (-1.31)

Year 4 After Diagnosis -0.000090 0.00062 0.00096 -0.000098 0.00082
(-0.18) (1.16) (1.44) (-0.09) (0.56)

Year 5 After Diagnosis -0.00046 0.00046 0.00026 0.0013 0.00078
(-0.88) (0.82) (0.38) (1.01) (0.46)

Controls No Yes Yes Yes Yes

Treatment 3 Years 0.0022 0.0029 0.0038 0.0030 0.00018
S.E. 0.0010 0.0011 0.0014 0.0024 0.0022
Treatment 5 Years 0.0017 0.0040 0.0051 0.0042 0.0018
S.E. 0.0016 0.0018 0.0023 0.0040 0.0039
Ref. Bankruptcy Prob. 1 Year 0.0047 0.0047 0.0042 0.0054 0.0049
Ref. Bankruptcy Prob. 5 Years 0.021 0.021 0.019 0.025 0.023
N 443989 443989 241805 100666 100898

Marginal e↵ects; t statistics in parentheses

(d) for discrete change of dummy variable from 0 to 1
⇤ p < 0.05, ⇤⇤ p < 0.01
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TABLE VI Panel Regression, OLS—Fraction of Payments, by Loan to Value

All Below 80 CCLTV Above 80 CCLTV

Year 5 Before Diagnosis -0.030 -0.016 -0.37⇤⇤

(-1.35) (-0.78) (-4.08)
Year 4 Before Diagnosis -0.0039 0.0042 -0.062

(-0.25) (0.28) (-0.74)
Year 3 Before Diagnosis -0.00072 -0.0019 -0.0089

(-0.07) (-0.17) (-0.23)
Year 2 Before Diagnosis 0.011 0.012 -0.015

(1.75) (1.93) (-0.78)
Year 1 After Diagnosis -0.026⇤⇤ -0.019⇤ -0.038⇤

(-3.66) (-2.44) (-1.98)
Year 2 After Diagnosis -0.033⇤ -0.020 -0.095⇤

(-2.52) (-1.61) (-2.47)
Year 3 After Diagnosis -0.034 -0.019 -0.16⇤⇤

(-1.69) (-1.02) (-2.79)
Year 4 After Diagnosis -0.024 -0.0097 -0.18⇤

(-0.86) (-0.36) (-2.17)
Year 5 After Diagnosis -0.019 -0.026 -0.11

(-0.49) (-0.68) (-0.97)
Controls Yes Yes Yes

Linear Combination Treatment -0.14 -0.094 -0.58
S.E. 0.096 0.093 0.27
Ref. Var Prob. 1 Year 0.94 0.94 0.93
Ref. Var Prob. 5 Years 4.78 4.79 4.71
N 6979 5371 1608

Marginal e↵ects; t statistics in parentheses

(d) for discrete change of dummy variable from 0 to 1
⇤ p < 0.05, ⇤⇤ p < 0.01
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TABLE VII Panel Regression, OLS—Foreclosure, by Mortgage Statistics: 5 Years

Has Mortgage Has CLTV CLTV < 100 CLTV >= 100

Year 5 Before Diagnosis -0.0011⇤ 0.0022 -0.00071 0.0057
(-2.08) (0.85) (-0.38) (1.52)

Year 4 Before Diagnosis -0.00054 0.0028 -0.0011 0.0068⇤

(-1.06) (1.27) (-0.69) (2.10)
Year 3 Before Diagnosis -0.00055 0.0015 0.00045 0.0015

(-1.17) (0.82) (0.28) (0.60)
Year 2 Before Diagnosis -0.000022 0.00088 0.000035 0.0015

(-0.05) (0.57) (0.02) (0.74)
Year 1 After Diagnosis -0.00052 -0.0031⇤ -0.0038⇤⇤ 0.00056

(-1.19) (-2.34) (-2.85) (0.29)
Year 2 After Diagnosis 0.00069 -0.0032⇤ -0.0052⇤⇤ 0.0064⇤

(1.30) (-2.22) (-3.80) (2.43)
Year 3 After Diagnosis 0.0028⇤⇤ -0.0015 -0.0046⇤⇤ 0.013⇤⇤

(4.04) (-0.87) (-2.94) (3.57)
Year 4 After Diagnosis 0.0016⇤ -0.0015 -0.0028 0.0089⇤

(2.17) (-0.76) (-1.44) (2.13)
Year 5 After Diagnosis 0.0018⇤ 0.00096 -0.0050⇤ 0.022⇤⇤

(2.12) (0.36) (-2.45) (2.95)
Controls Yes Yes Yes Yes

Treatment 3 Years 0.0030 -0.0079 -0.013 0.020
S.E. 0.0013 0.0038 0.0036 0.0059
Treatment 5 Years 0.0063 -0.0085 -0.021 0.050
S.E. 0.0022 0.0067 0.0063 0.012
Ref. Foreclosure Prob. 1 Year 0.0032 0.010 0.0090 0.0068
Ref. Foreclosure Prob. 5 Years 0.015 0.061 0.039 0.055
N 233729 56828 53708 24224

Marginal e↵ects; t statistics in parentheses

(d) for discrete change of dummy variable from 0 to 1
⇤ p < 0.05, ⇤⇤ p < 0.01
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TABLE VIII Panel Regression, OLS—Foreclosure, by Mortgage Statistics: 5 Years, Insured

Has Mortgage Has CLTV CLTV < 100 CLTV >= 100

Year 5 Before Diagnosis -0.00023 0.0033 -0.00041 0.013⇤

(-0.31) (0.98) (-0.16) (2.47)
Year 4 Before Diagnosis -0.00011 0.0020 0.00027 0.0062

(-0.16) (0.75) (0.12) (1.62)
Year 3 Before Diagnosis 0.00047 0.0040 0.0035 0.0046

(0.74) (1.77) (1.49) (1.53)
Year 2 Before Diagnosis 0.00010 0.00065 0.0016 -0.00032

(0.18) (0.36) (0.76) (-0.14)
Year 1 After Diagnosis -0.00012 -0.0025 -0.0027 0.00013

(-0.21) (-1.49) (-1.42) (0.06)
Year 2 After Diagnosis 0.0015 -0.0012 -0.0044⇤ 0.0076

(1.82) (-0.54) (-2.13) (1.95)
Year 3 After Diagnosis 0.0025⇤ 0.00074 -0.0054⇤⇤ 0.016⇤

(2.17) (0.22) (-2.62) (2.01)
Year 4 After Diagnosis 0.0011 -0.00074 -0.0045 0.0063

(0.99) (-0.20) (-1.70) (0.85)
Year 5 After Diagnosis 0.0019 0.0036 -0.0053 0.030

(1.22) (0.65) (-1.84) (1.79)
Controls Yes Yes Yes Yes

Treatment 3 Years 0.0038 -0.0030 -0.013 0.023
S.E. 0.0018 0.0052 0.0050 0.0093
Treatment 5 Years 0.0068 -0.000051 -0.022 0.060
S.E. 0.0030 0.0098 0.0085 0.021
Ref. Foreclosure Prob. 1 Year 0.0027 0.0084 0.0084 0.0052
Ref. Foreclosure Prob. 5 Years 0.014 0.052 0.040 0.048
N 116066 30327 24418 13513

Marginal e↵ects; t statistics in parentheses

(d) for discrete change of dummy variable from 0 to 1
⇤ p < 0.05, ⇤⇤ p < 0.01
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TABLE IX Panel Regression, OLS—New Credit, by Mortgage Statistics: 5 Years

Has Mortgage Has CLTV CLTV < 100 CLTV >= 100

Year 5 Before Diagnosis -0.093⇤⇤ -0.0045 -0.074⇤⇤ -0.043⇤⇤

(-22.74) (-0.42) (-8.19) (-2.84)
Year 4 Before Diagnosis -0.074⇤⇤ 0.0021 -0.069⇤⇤ -0.026⇤

(-18.97) (0.23) (-8.36) (-1.96)
Year 3 Before Diagnosis -0.060⇤⇤ -0.0063 -0.063⇤⇤ -0.027⇤

(-15.97) (-0.83) (-8.25) (-2.28)
Year 2 Before Diagnosis -0.030⇤⇤ 0.00073 -0.034⇤⇤ -0.0096

(-8.06) (0.11) (-4.75) (-0.84)
Year 1 After Diagnosis -0.021⇤⇤ -0.0098 0.0020 -0.037⇤⇤

(-5.61) (-1.55) (0.30) (-3.37)
Year 2 After Diagnosis -0.039⇤⇤ -0.018⇤⇤ 0.023⇤⇤ -0.10⇤⇤

(-10.27) (-2.61) (3.07) (-8.88)
Year 3 After Diagnosis -0.026⇤⇤ -0.012 0.034⇤⇤ -0.082⇤⇤

(-5.59) (-1.42) (3.79) (-5.41)
Year 4 After Diagnosis -0.017⇤⇤ -0.021⇤ 0.055⇤⇤ -0.11⇤⇤

(-3.31) (-2.02) (5.17) (-5.96)
Year 5 After Diagnosis 0.00044 -0.0095 0.074⇤⇤ -0.10⇤⇤

(0.07) (-0.75) (5.62) (-4.39)
Controls Yes Yes Yes Yes

Treatment 3 Years -0.085 -0.040 0.059 -0.22
S.E. 0.0095 0.017 0.018 0.029
Treatment 5 Years -0.10 -0.071 0.19 -0.44
S.E. 0.017 0.032 0.033 0.054
Ref. Default Prob. 1 Year 0.32 0.29 0.28 0.40
Ref. Default Prob. 5 Years 1.43 1.66 1.27 2.09
N 229801 56870 52668 24504

Marginal e↵ects; t statistics in parentheses

(d) for discrete change of dummy variable from 0 to 1
⇤ p < 0.05, ⇤⇤ p < 0.01
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TABLE X Panel Regression, OLS—New Credit, by Mortgage Statistics: 5 Years, Insured

Has Mortgage Has CLTV CLTV < 100 CLTV >= 100

Year 5 Before Diagnosis -0.062⇤⇤ 0.0073 -0.052⇤⇤ -0.038
(-10.61) (0.52) (-4.01) (-1.90)

Year 4 Before Diagnosis -0.042⇤⇤ 0.021 -0.046⇤⇤ -0.0012
(-7.61) (1.72) (-3.97) (-0.07)

Year 3 Before Diagnosis -0.036⇤⇤ 0.00047 -0.042⇤⇤ -0.024
(-7.07) (0.05) (-4.07) (-1.55)

Year 2 Before Diagnosis -0.017⇤⇤ 0.0081 -0.029⇤⇤ 0.0091
(-3.45) (0.94) (-3.09) (0.61)

Year 1 After Diagnosis -0.0091 0.010 0.021⇤ -0.0045
(-1.92) (1.24) (2.31) (-0.31)

Year 2 After Diagnosis -0.027⇤⇤ -0.012 0.017 -0.067⇤⇤

(-5.11) (-1.23) (1.60) (-4.07)
Year 3 After Diagnosis -0.011 0.016 0.052⇤⇤ -0.052

(-1.42) (0.95) (3.04) (-1.66)
Year 4 After Diagnosis -0.025⇤⇤ -0.025 0.026 -0.092⇤

(-2.64) (-1.26) (1.27) (-2.42)
Year 5 After Diagnosis 0.0056 -0.011 0.054⇤ -0.083

(0.46) (-0.41) (2.08) (-1.66)
Controls Yes Yes Yes Yes

Treatment 3 Years -0.048 0.014 0.090 -0.12
S.E. 0.013 0.026 0.027 0.045
Treatment 5 Years -0.067 -0.021 0.17 -0.30
S.E. 0.025 0.049 0.051 0.090
Ref. Default Prob. 1 Year 0.25 0.24 0.21 0.34
Ref. Default Prob. 5 Years 1.40 1.53 1.16 1.99
N 114417 30590 23962 13785

Marginal e↵ects; t statistics in parentheses

(d) for discrete change of dummy variable from 0 to 1
⇤ p < 0.05, ⇤⇤ p < 0.01
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Appendix A: Data Construction

Data Sources

SEER Data Our data are a subset of the National Cancer Institute’s Surveillance Epi-
demiology and End Results (SEER) program, and comprise the Cancer Surveillance System
of Western Washington. The data are intended to be a comprehensive catalog of cancer di-
agnoses occurring between 1996–2009, totaling over 270,000 cases overall. A unique patient
id links records together: patients re-enter the dataset for each separate diagnosis.

The data include a rich set of fields detailing the demographic characteristics of the
patient (such as race, age, listed occupation, marital status), the nature of the cancer (its
type and staging), as well as select treatment decisions taken by the patient.

Bankruptcy Data Our bankruptcy data comprise all federal bankruptcy records from
Western Washington state including chapters 7, 11, and 13. These data are readily accessible
through PACER and have been frequently used in prior academic scholarship on bankruptcy.

Deeds Data Our Deeds dataset is provided by DataQuick, a vendor which collects public-
use transactions information. The data are organized at a property level and are comprehen-
sive of all mortgage transactions which take place from 2000–2011 (foreclosure transactions
typically go back further in time). The data list each mortgage transaction—including sales,
transfers, new mortgages (first and second liens), and refinancing—which occur on a given
property. We use the timing of the sales information to infer when cancer patients were
resident in the property, and follow foreclosures for the duration of the time individuals
were resident. We additionally use mortgage information dating to the time of the patient’s
residence to calculate our key leverage statistics.

BlackBox Data BlackBox LLC is a private vendor which has collected the individual
mortgage records related to private label securitized bonds (ie, those not securitized by a
government-sponsored entity like Fannie Mac or Freddie Mae). Though private label secu-
ritization made up only a fraction of total mortgage origination even at its peak before the
crisis; our data contain more than 20 million mortgages in total; which is typically either
subprime, Alt-A, or jumbo-prime in credit risk.

The BlackBox data contain static information taken at the time of origination, such as
origination balance, credit score (FICO score), interest rate, and contract terms. The data
are also updated monthly with dynamic information on fields like interest rates, mortgage
payments, and mortgage balances. The mortgage payment field is most critical for our
analysis, as it allows us to calculate the precise number of payments the household has made,
not just whether or not the household has entered foreclosure.

Equifax Data Equifax is a major credit bureau which maintains detailed dynamic monthly
credit information on households concerning their balances on mortgage and other debt, as
well as credit scores (Vantage score).
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Data Merges

A key innovation our of analysis is the use multiple sources of data on individual behavior
to track financial outcomes around cancer diagnosis. This requires us to implement complex
merges between many datasets which were not originally intended to be linked. Due to
privacy restrictions, we are unable to make these data publicly available. However, the code
used for all analysis is available upon request and below we document the document the
merge process and linking variables which enable us to construct our dataset.

SEER-Bankruptcy The linkage between the SEER and Bankruptcy datasets was per-
formed by the Fred Hutchinson Cancer Research Center via a probabilistic algorithm based
on the patients name, sex, address, and last four Social Security Number digits (Ramsey et
al. 2013).

SEER-Deeds Data Three match criteria were used to link SEER and Deeds data based
on common text address fields:

• A tight match was based on full address, street directional (ie, NW), zip or city, and
census tract.

• An intermediate match was based on house number, the first three letters of the street
name, street end (ie, lane or drive), end number (any number in the last position of
the address, such as an apartment number), street directional, zip or city, and census
tract.

• A loose match was based on house number, the first three letters of the street name,
street end, end number, zip or city, and census tract. These are all of the match criteria
used in the intermediate match, with the exception of street directional.

The match was conducted by first prioritizing tight matches. Intermediate matches not
found using the tight match were added next, and finally any loose matches not found using
either of the two other methods were added. The vast majority of matches were achieved
using the tight match (63,661 records were matched using the tight match; 7,970 using the
intermediate match; and 2,065 using the loose match for a total of 73,696 SEER records
which matched into a record in the Deeds data.

Deeds Data-BlackBox Though Deeds and BlackBox data were not designed to be linked,
they are both administrative datasets containing reliable information on a variety of mortgage
fields. We developed a novel a match method to link the two datasets using a training dataset
(for which we knew matches exactly) to develop the algorithm. The merge relies on the
following common fields:

1. Exact date matches between origination dates of the mortgage are reported in the two
datasets (not used if the origination date was likely imputed; ie the date reflected in
BlackBox was the first or end of the month.

2. Zip code matches between the two datasets.
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3. Matches based on mortgage purpose (ie, refinancing or purchase).

4. Matches based on mortgage type (ie, adjustable-rate or fixed-rate).

5. Matches based on mortgage origination amount (rounded down to the hundred)

We used a backward window of 31 days, in which the mortgage origination date reflected
in BlackBox was at most 31 days after the date of the mortgage reflected in Deeds; and a
forward window of 20 days.

The match algorithm worked by first focusing on 1) zip matches and 2) origination amount
matches within the backward window (or the forward window if no matches existed in the
backward window).

If only one match was found using those criteria, it was kept. If there were multiple
matches, we restricted further by iteratively applying the following the following criteria. We
first employed a “tight” match which required that the loan match uniquely on day, or (if
there were multiple day matches) uniquely on mortgage purpose or type among those that
matched on day.

If this did not uniquely identify a match, we next restricted to “looser” matches where
there was 1) only one match uniquely on mortgage type and purpose. If no mortgage matched,
we moved on to cases where there was 2) one unique match of either mortgage type or purpose
with the other field missing; 3) one unique match on mortgage type, and 4) one unique match
on mortgage purpose. The merge algorithm proceeded among all matching cases in the order
specified above—if a high quality match was found, the mortgage was kept and the procedure
only moved on to the other match cases in the order specified if no match was found.

BlackBox-Equifax BlackBox, a mortgage-level dataset, was linked by Equifax to borrower-
level information on a variety of debts, including mortgages. The merge algorithm relied on
a proprietary code which we cannot access. The vast majority of accounts in BlackBox were
linked to a credit account.

To verify the accuracy of the merge, we imposed a restriction samples which make use of
Equifax variables. Specifically, we require that the two entries match either on 1) zip code of
the borrower (at least once over the life of the loan); or 2) have a match confidence of at least
.85. The zip code restriction compares the zip code of the property as listed in BlackBox
matches with the address of the borrower as listed in Equifax. A mismatched zip code is
not necessarily indicative of a mismatch in loans—it could also suggest the presence of an
investor who does not live in the property in question.

In addition to the zip code measure, Equifax provided a measure of match confidence
ranging from 0–0.9. Loans at the top end of the confidence score reflect extremely well
matched loans, and we allow for a mismatch in zip code so long as it is accompanied by
a match confidence score of at least 0.85. Robustness checking based on other common
attributes between the two datasets (such as common measures of default) suggest that the
two measures of match accuracy we employ are e↵ective in correctly identifying well-matched
loans. For further details of the BlackBox-Equifax merge algorithm; see Piskorski, Seru, &
Witkin (2014).
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Variable Definitions

Occupation The SEER data provide a numerical occupation coding. Using the occupation
coding derived from Washington State government at
https://fortress.wa.gov/doh/occmort/docs/OccupationList.pdf; we classified the fol-
lowing occupation fields: Professional, Clerical, Laborer, Other Occupation, and Occupation
Missing.

We impute “Unemployed” individuals as those who: 1) Are listed as “Occupation Miss-
ing,” and 2) have a marital status at diagnosis which is not missing or listed as “Unknown.”
We assume that the occupation non-response of such individuals, since it is paired with a
response on the martial status form, is indicative of a genuine non-response for occupation
(which would have been recorded by the reporting hospital as an occupation had the indi-
vidual reported an occupation) and is assumed to come from an unemployed individual.

Mortgage Equity For the Property Database, we measure housing equity by estimating
the total mortgage amount (of both first and second liens) at origination and comparing with
an estimate of house price.

To estimate the house price, we begin with the purchase price if given. Unfortunately,
sometimes we lack information on sale prices (but do have data on mortgages if the mortgage
was refinanced). In that case, we impute the house price based on other sales on the same
property at a di↵erent time (including by other owners), and infer the original house price
using a zip-level house price index from Zillow.

For the Credit Report Dataset, we use the exact mortgage balances. We combine data on
both first liens (data from which is derived from BlackBox) and second liens (from Equifax).
We use an estimate of origination house value derived from the reported origination loan-to-
value; and adjust the house price at the time of diagnosis using the Zillow index to compute
a current loan to value ratio.

Data Cleaning

From the base SEER data, the following cuts were made:

• Benign cancers were dropped.

• Among cancers reported multiple times within the same day, only one cancer entry was
kept.

• Synchronous cancers were identified in which multiple cancers presented within a three
month interval. Only the first instance of the synchronous cancer was kept; if the stages
of the two cancers di↵ered, the maximum stage was taken. If the sites of the two cancers
di↵ered, the cancer was classified as “Other.”

• In the case of multiple, non-synchronous cancers; the cancer was included if there was
at least three years subsequent to diagnosis in which there were no intervening cancer
diagnoses. If there was an intervening cancer; the second cancer would be included
(provided that there were no subsequent diagnosis in the three years subsequent to
that diagnosis), with a dummy variable indicating the presence of a prior cancer.
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• We keep patients aged 21–80 at the time of diagnosis.

To connect the SEER data with the DataQuick Deeds records, the DataQuick data were
separated on the basis of sale records. If a cancer diagnosis was associated with a record
prior to any recorded sale; it is assumed that a real estate transaction took place prior to
when the DataQuick records begin (the year 2000) resulting in the move-in of a resident who
was subsequently diagnosed with cancer prior to any other sale.

The data were organized in a panel structure based on diagnosis-calendar year. It is
possible for the same patient to have multiple cancers and so be repeated in the data for the
years surrounding each diagnosis (again, provided a three year window). The panel includes
the five calendar years subsequent to diagnosis (counting the year of diagnosis); and five
calendar years prior to diagnosis.

Three forms of censoring were applied to the panel data:

• Censoring based on property information. Calendar years prior to the individual moving
into the property as reflected in a sale record were excluded, as are calendar years after
the person moving out (again as reflecting in a sale record).

• Censoring based on mortality. Our data record the death date of individuals. We censor
all calendar year subsequent to death.

• Censoring due to previous episode of financial distress. Given the property-centric
nature of out dataset, we can only follow one foreclosure per patient, and so censor all
future observations in the calendar year subsequent to financial distress (it is possible
for individuals to file for multiple bankruptcies; but such events are more rare due to
the statue of limitations imposed after typical bankruptcy filings. We adopt an identical
censoring strategy with respect to bankruptcies.

In addition to the other cuts, the Credit Panel Data made the following additional re-
strictions:

1. We require that the diagnosis take place subsequent to origination.

2. We require su�cient data from our datasets in order to estimate e↵ects. If observations
are missing for the entire year of observation, the year is dropped.

3. If more than two BlackBox entries matched a given borrower in the Property Dataset,
we dropped the entries. Two were permitted as these frequently coincided with a
refinanced mortgage (in which both original and refinanced mortgage were present in
the dataset), or a first and second lien.

4. Among entries with two BlackBox entries, entries were dropped if:

(a) The two BlackBox entries did not share a common id as reported in Equifax.
These entries may reflect mismatched loans, rather than di↵erent borrowing by
the same consumer.

(b) If the two BlackBox entries were non-overlapping in date (ie, as frequently happens
in the case of refinancing), they were kept. If they were overlapping, the entry with
the smaller mortgage amount was dropped (frequently, this was a second lien).
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