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Abstract

Cost-benefit analyses of foreclosure typically ignore nonpecuniary costs to borrowers. Using

random judge assignment for all foreclosure filings in Cook County, Illinois, from 2005 to 2012,

we estimate the causal effects of foreclosure over 5-12 years for owners, renters, and landlords.

Our IV addresses endogeneity arising from borrowers with greater private costs fighting fore-

closure more aggressively. For owner-occupants, foreclosure causes reduced homeownership

over a decade, financial fragility, moves to worse neighborhoods, and increased divorce. Land-

lords experience shorter-lived financial costs, but no non-financial impacts. Renters experience

declines in neighborhood income. Our findings imply that foreclosure is far costlier than pre-

viously thought.
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1 Introduction

How costly is foreclosure, and for whom? This question is crucial for policymakers as even small

changes in these costs can shift the calculus behind foreclosure mitigation efforts and broader

housing market interventions.

From 2007 to 2017, over six million homes were lost to foreclosure (Piskorski and Seru, 2021).

Yet, despite the scale of the foreclosure crisis, evidence on the costs of foreclosure remains limited.

Existing estimates typically focus almost exclusively on financial losses — property damage and

transaction costs borne by lenders, price externalities borne by neighbors,1 and legal and moving

costs borne by the foreclosed-upon household. For instance, a U.S. Department of Housing and

Urban Development (2010) study from the depths of the Great Recession, which is still widely

cited (Ganong and Noel, 2020), found that foreclosed households bear only one-fifth of total social

costs. However, this narrow lens omits the upheaval in families’ lives and finances that dominates

public concern about foreclosures.

We ask whether foreclosure imposes significant non-pecuniary costs beyond these financial

estimates using novel, comprehensive data on every foreclosure filing in Cook County, Illinois,

from 2005 to 2012. We track the consequences of foreclosure over five years for moving, housing,

neighborhood, divorce, and financial outcomes, and over 12 years for homeownership. Our data

allow us to separately estimate the consequences of foreclosure on owner-occupants, landlords,

and renters living in the foreclosed property. To identify causal effects, we exploit random as-

signment of foreclosure cases to judges of varying stringency, an approach that avoids selection

bias that we show plagues OLS: Households with more to lose from a foreclosure actively avoid

foreclosure, which biases OLS estimates toward zero and explains why prior studies have not

found significant impacts of foreclosure on neighborhood quality, family structure, or default on

non-mortgage debt.

We find large and persistent non-financial costs. Homeowners who are foreclosed upon expe-

rience sharp and sustained declines in housing, neighborhood quality, and family stability: They

are 20 percentage points more likely to move, experience a 45 percentage point decline in home-

ownership which remains depressed for over a decade, live in neighborhoods with 10 percent

lower average income, worse schools, and worse long-term outcomes for children, and experi-

ence a 170 percent increase in divorce rates. They also face financial distress over 2 to 3 years,

1See Immergluck and Smith (2006), Campbell et al. (2011), Harding et al. (2009), Anenberg and Kung (2014), Gerardi
et al. (2015), Gupta (2019), Mian et al. (2015), and Guren and McQuade (2020)
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including elevated bankruptcy (20 percentage points), fewer mortgage loans, and increased delin-

quency that spills over into non-mortgage debts. In contrast, landlords experience similar but

shorter-lived financial fallout but avoid the non-financial consequences — and, in some cases,

benefit from shedding unproductive debt by moving to higher-quality neighborhoods. Renters

whose landlords are foreclosed upon move to lower-income neighborhoods. Our results are un-

informative due to low statistical precision for most other renter outcomes.

Our findings imply that the full cost of foreclosure has been significantly underestimated. They

also help explain a puzzle in household finance and macro models: The observed low levels of

strategic default. Structural models require implausibly large default penalties — often 25–30

percent of lifetime consumption — to rationalize low default rates (Bhutta et al., 2017; Ganong

and Noel, 2023; Kaplan et al., 2020).2 Our results suggest that these large default costs are not

moral or psychological but rooted in real, measurable social and economic consequences.

We build on existing studies of the longer-term impact of foreclosure by improving both data

and identification. First, we use a better and more policy-relevant measure of foreclosure: Court-

ordered foreclosure completions, rather than foreclosure filings or delinquencies observed in credit

report data. This distinction is crucial because fewer than half of Cook County foreclosure filings

result in actual foreclosure. Our variation is also closer to actual foreclosure mitigation policies,

which aim to prevent foreclosures among delinquent households. Our comprehensive dataset,

which we describe in Section 2, combines administrative case records, foreclosure and property

records, divorce records, address histories merged with neighborhood characteristics, detailed

and high-frequency credit reports, and loan servicing data — providing a more complete view of

foreclosure’s consequences across dimensions that previous work could not examine.

Second, we address endogeneity, which we demonstrate to be significant in Section 3. We

show that traditional OLS and propensity score matching (PSM) methods underestimate the neg-

ative impact of foreclosure due to selection bias: Households that suffer more from foreclosure

fight harder to avoid it. This biases the effects of foreclosure toward zero, contradicting the

traditional narrative that foreclosure coincides with unobserved financial shocks that affect the

household’s ability to pay, biasing the estimated impact of foreclosure upward. We provide three

pieces of evidence for significant selection. First, landlords facing only financial losses are much

2Ganong and Noel (2023) find that only 3 percent of defaults are strategic and require a 25 percent lifetime consump-
tion penalty to match this in their model. Laufer (2018) structurally estimates a default penalty of 29% of permanent
income. Bhutta et al. (2017) show households on average wait until -74 percent equity before defaulting, while friction-
less models predict default at -20 percent. Kaplan et al. (2020) target a pre-crisis default rate in their calibration and find
an average consumption-equivalent loss of 30 percent in the default period.
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more likely to be foreclosed upon than owner-occupants who are also facing eviction. Second,

although foreclosed and non-foreclosed delinquent households appear similar one year before fil-

ing, high-frequency data that previous studies have not considered reveal diverging borrowing

and delinquency patterns in the 9 months before a foreclosure filing. Third, we show that proxies

for the costliness of foreclosure to borrowers predict foreclosure more strongly than measures of

borrowers’ ability to pay. Since these observable proxies capture only a fraction of the variance

in foreclosure outcomes, selection on unobservables remains substantial enough that no identifi-

cation strategy relying on selection on observables — including OLS and PSM — can account for

it.

We address this bias using a judge-based instrumental variables (IV) design presented in Sec-

tion 4, which exploits quasi-random case assignment by the Cook County Chancery Court.3 In

Illinois, judges approve all foreclosures and can influence borderline cases toward foreclosure or

alternatives like loan modifications or payment plans. The Cook County Chancery Court ran-

domly assigns cases to “calendars,” which are each assigned to a principal judge. We measure

judge stringency at the calendar level using leave-out means (Kling, 2006; Dobbie and Song, 2015;

Kolesar, 2013; Bhuller et al., 2020; Dobbie et al., 2018). Our IV strategy infers the causal effect of

foreclosure by comparing cases randomly assigned to strict versus lenient calendars. Our instru-

ment meets standard validity checks, including balance on observables, no pre-trends, and tests

for monotonicity (Frandsen et al., 2023).4 However, our approach is data-intensive, requiring a

long panel for the second-largest county in the country to obtain statistically significant results,

which limits our ability to examine treatment effect heterogeneity.

Section 5 presents results for owner-occupants, whom we refer to as homeowners. Foreclosure

increases the probability of moving by 20 percentage points, and these moves impose lasting costs.

Homeowners become 45 percentage points less likely to own their residence in subsequent years,

with suggestive evidence of multiple moves and transitions to smaller homes. We find homeown-

ership is significantly lower, even 12 years after foreclosure, consistent with Artigue et al. (2025).

Owners move to worse neighborhoods — 10% lower average income after 3 to 4 years, lower

school test scores, worse children’s long-run outcomes — and divorce rates nearly triple. Finan-

cial distress persists for 2 to 3 years: Bankruptcy rises 20 percentage points, fewer households

3Munroe and Wilse-Samson (2013) also use Cook County judge assignment to study price externalities on neighbor-
ing properties, but do not examine effects on homeowners, renters, and landlords.

4Our instrument does not predict sample inclusion, so dropping observations in the process of cleaning the data
does not induce selection.

3



hold �rst mortgages, and defaults on home equity loans and non-mortgage debt (especially credit

cards) increase. Credit scores show modest declines, driven primarily by defaults rather than fore-

closures. Non-�nancial outcomes prove more persistent than �nancial effects, demonstrating that

foreclosure imposes costs far beyond traditional �nancial measures. 5

Section 6 reveals that landlords suffer signi�cant but shorter-lived �nancial distress (measured

by default on other loans) without the adverse non-�nancial impacts homeowners face. The �nan-

cial effects are less persistent than for owners, suggesting �nancial hardship concentrated in the

�rst year or two, with improvement by years 3 to 4. Divorce rates do not increase. While land-

lords are modestly more likely to move following investment property foreclosure, they move to

betterneighborhoods, suggesting they bene�t from shedding overhanging debt. Since landlords

experience a �nancial loss but not an eviction, comparing their outcomes to homeowners reveals

that �nancial losses account for the adverse �nancial effects for owners but not for the negative

non-�nancial effects.

Section 7 examines renters whose landlords are foreclosed upon. Renters frequently face evic-

tion after foreclosure — prompting federal intervention in 2009 through the Protecting Tenants at

Foreclosure Act.6 We �nd that renters whose landlords are foreclosed upon do not increase their

frequency of moves but move to neighborhoods with 9.6 percent lower income, a similar magni-

tude to what we found for owners. We do not see an increase in divorce, and we �nd a short-lived

decline in homeownership that eventually turns positive after 5 years. Due to limited power, most

other outcomes have such wide con�dence intervals that our results are inconclusive. Because we

cannot observe whether a move is an eviction and because data quality is lower for renters, we do

not want to over-interpret these results. However, the fact that we do not observe the complete set

of adverse outcomes observed for owners, together with our �ndings about landlords, suggests

that homeowners' non-�nancial losses stem partly from eviction and partly from the combination

of eviction and �nancial shock, rather than either alone.

Our �ndings contrast sharply with prior literature using OLS with controls or PSM. 7 These

studies �nd results consistent with ours for some outcomes, such as increased moving and de-

creased homeownership, but not for others, such as neighborhood quality. For instance, Molloy

5Our �ndings strengthen the case for aggressive foreclosure mitigation, though reduced default deterrence must
also be considered. See Agarwal et al. (2023), Agarwal et al. (2017), and Gabriel et al. (2021) for more complete analyses
of foreclosure mitigation programs.

6The PTFA grants tenants written eviction notice rights and the ability to serve out remaining lease terms.
7Many of these studies use credit report data and cannot tell if the foreclosed-upon owner is an owner-occupant or

landlord; the exception being Artigue et al. (2025), who focus only on owners.
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and Shan (2013) use PSM to show that foreclosure starts as observed in credit bureau data cause

moves, but not to less desirable neighborhoods or more crowded living conditions. Artigue et al.

(2025) use a differences-in-difference design to compare households that receive mortgage modi-

�cations with households that do not, using credit report data in which households are observed

every three years. They �nd that households receiving loan modi�cations experience a dramatic

increase in homeownership even a decade later, but there is no impact on creditworthiness or

neighborhood quality. Brevoort and Cooper (2013) show that credit scores persistently decline

after a foreclosure start. Piskorski and Seru (2021) show that only a quarter of foreclosed-upon

homeowners from 2007 to 2017 eventually purchased a home, taking an average of four years

to do so. De Giorgi and Naguib (2024) show that 90-day delinquency has signi�cant impacts on

credit, ownership, and income 10 years after a delinquency. Barca et al. (2022) use PSM to show

that kids who experience a foreclosure between ages 10 and 17 exhibit signs of credit scarring as

adults. Been et al. (2011) uses OLS to show that foreclosed families' children switch schools and

move to worse schools. Been et al. (2025) �nd that households with negative equity paradoxi-

cally have higher test score growth. Currie and Tekin (2015) show foreclosure causes increased

unscheduled and preventable hospital visits using ZIP-level timing variation, and a related pub-

lic health literature shows that foreclosure causes physical and mental health deterioration (Tsai,

2015; Houle, 2014; Pollack and Lynch, 2009; Bennett et al., 2009). To our knowledge, no prior

research examines landlords or renters.

Our results reveal that these OLS and PSM studies underestimate the negative consequences

of foreclosure for non-mechanical outcomes. Our evidence of selection bias in OLS versus IV sup-

ports the costliness story: Households with more to lose �ght foreclosure more aggressively, bi-

asing OLS toward zero. Crucially, this bias is directly observable only in high-frequency data

— foreclosed households' observables diverge only about 9 months before the foreclosure �ling.

This creates signi�cant bias for non-mechanical outcomes, where private default costs may be

heterogeneous, such as neighborhood quality and divorce. In contrast, there is less bias for me-

chanical outcomes that are similar across households, such as moving after a foreclosure or being

unable to purchase after a foreclosure due to rules limiting mortgage borrowing by foreclosed-

upon households. These patterns explain why many papers �nd homeownership impacts but

miss the broader non-pecuniary costs we uncover using our judge IV.

Overall, our results call for a broader accounting of foreclosure's social costs and justify inter-

ventions that prevent not only �nancial loss but also deep and lasting personal harm.
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2 Data

We construct a unique data set on the universe of foreclosures in Cook County, Illinois, from

2005 to 2012, with most outcomes measured through 2016, and homeownership as proxied by

the presence of a primary mortgage measured through 2024. This section describes the data, its

construction, and institutional background, with details in Appendix A.

2.1 Institutional Background

Illinois is a judicial foreclosure state, meaning that lenders must �le a court case to seize a home

as collateral. The �nal authority for the foreclosure rests with an Illinois Circuit Court judge in

the Chancery Division. 8 After a borrower is at least 90 days delinquent, a lender can �le for fore-

closure. The borrower is noti�ed and can contest the foreclosure, cure (that is, restart paying and

become current on their loan), or apply for a loan modi�cation or mediation. If contested, the pro-

cess can drag on for years, although most foreclosure cases are resolved relatively quickly. Once a

judge approves a foreclosure, the property is sold at auction, and the owner can be evicted. Alter-

natively, the case could be dismissed either because of a settlement, typically a loan modi�cation

or repayment plan, or if the lender did not follow the legal procedures of foreclosure.

Judges have considerable discretion in affecting the outcome of foreclosure cases.9 Most no-

tably, judges can push for non-foreclosure resolutions such as a loan modi�cation or payment

plan, a short sale, or a deed in lieu of foreclosure. Discussions with lawyers representing parties

in Cook County foreclosure cases reveal that judges vary signi�cantly in how much they push

parties to settle. However, we cannot see the details of any settlement in the court data. Judges

can also dismiss a case for legal errors or failure to follow proper procedure. There was enough

non-uniformity in existing practices that in 2011 the Illinois Supreme Court convened a Special

Supreme Court Committee on Mortgage Foreclosures to mitigate “abuses and uncertainty” in the

foreclosure process.10

The process for evicting renters following a landlord's foreclosure is less automatic. Anec-

dotally, lenders often evict renters when they repossess a property. However, tenant protections

8Illinois is also a recourse state, meaning that lenders can go after an individual's assets if the property's value is
less than the amount owed. However, Nelson et al. (2014) report that judges in Cook County rarely grant personal
de�ciency judgments.

9For details on Illinois Foreclosure Law and ways in which defense attorneys can contest a foreclosure, see Nelson
et al. (2014), on which our summary is based.

10In 2013, the Supreme Court adopted new state-wide rules with clearer guidelines. See http://www.
illinoiscourts.gov/media/pressrel/2013/022213.pdf .
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enacted during the �nancial crisis made it challenging to do so before the end of an existing lease.

2.2 Data Sources

We combine six primary data sources. First, we utilize administrative case records from 2005

to 2016 scraped from the Cook County Clerk of the Circuit Court's website (Cook County Clerk

of the Circuit Court, 2005-2016). These case records provide a case number and a dated history

with the judge's name for all �lings and judgments, the name and address of the defendant, and

the calendar to which the case is assigned. We parse the judgments to determine the ending

date and outcome (foreclosure or dismissal) as described in Appendix A. Our primary measure

of foreclosure is an indicator for a foreclosure judgment within 3 years of the initial �ling, which

provides a clear outcome for all cases, including those not resolved by 2016. In practice, 91 percent

of cases conclude within three years.

Cases are randomly assigned to a calendar. One judge primarily handles each calendar, al-

though other judges occasionally step in. When a judge leaves, the entire calendar is typically

transferred to a new judge. 11 We begin our analysis in 2005 when the Court says it started to ran-

domly assign cases and conclude with cases �led in 2012, allowing us to observe at least 5 years

of outcomes. Over these 8 years, there are 77 year-calendars with an average of 3,600 cases each.

There are no calendars with a small number of cases, and multiple calendars are active on every

date we observe judgments.

Second, we obtain foreclosure, property, and divorce records for Cook County from the early

2000s to 2017 from Record Information Services (RIS) (Record Information Services, 1998–2017),

which digitizes and cleans public records data in Chicago. RIS provides us with data on the

universe of foreclosure cases in Cook County, including a crosswalk between case numbers and

the assessor's parcel numbers (APNs) for the foreclosed properties. The data also includes the

names of all defendants, as well as property and mortgage characteristics. We use the APN to link

the court foreclosure records to RIS data. We also use APN to link to deeds and assessor data from

DataQuick and CoreLogic (Dataquick, 2012; CoreLogic, 2020b), which provides each property's

transaction and mortgage history, including buyer and seller names and unit characteristics. We

also use deed data (CoreLogic, 2020a) to obtain the address to which property tax bills are sent,

11The calendar on the Clerk's website cannot be used because cases were non-randomly reassigned as the court
expanded the number of calendars when foreclosures surged. We use an algorithm detailed in Appendix C to recover
the original randomly-assigned calendar, which we determine to be the calendar handled by the judge who issued
judgments in the case at the time of �ling. The cleaned calendar variable yields stable random assignment probabilities
that match those in court documents.

7



which helps identify landlords. Finally, we use individual-level divorce records from RIS.

Third, we obtain address histories for any individual who resided in Cook County between

1990 and 2016 from Infutor (Infutor Data Solutions, LLC, 2016). The dataset provides the exact

street address where they lived, regardless of whether it is in Cook County, the months and years

the individual lived at that location, the individual's name, and demographic information, in-

cluding age and gender. We remove duplicates as best we can, as described in Appendix A.2.

Diamond et al. (2019) show the data is of high quality, particularly for owners. It is generally of

lower quality for transient households, such as renters, which may mean we do not observe all

moves, but this should be independent of our instrument. However, potential data quality issues

make us cautious in evaluating the magnitudes of our �ndings for renters.

Fourth, we merge in granular “tradeline” credit-report data and individual-level VantageScore

4.0 credit scores from a credit bureau. The tradeline data provide detailed information on each

debt account for each individual, allowing us to construct measures of borrowing and delinquency

by debt type. This avoids aggregation issues encountered with the more typically used borrower-

level statistics in credit report data, as discussed by Gibbs et al. (2025). We clean the data, sepa-

rating account types into primary mortgages, home equity (secondary) mortgages, credit cards,

student loans, and auto loans. We create several outcomes, including a default share, the number

of newly opened loans, a dummy for having a loan of a given type, and a dummy for having ever

defaulted on a loan type since �ve years before the foreclosure �ling. Crucially, the default share

measures the proportion of active accounts at any point in a given year that have experienced

a default, as measured by a foreclosure, collection, repossession, or charge-off. We also create a

bankruptcy �ag. Our credit report data extends through 2024, allowing us to examine outcomes

up to 12 years after foreclosure.

Fifth, we obtain ZIP code income from the IRS Statistics of Income Tax Stats (Internal Revenue

Service, 2001-2016) and school test scores from the Illinois Board of Education (Illinois State Board

of Education, 2000-2016, 2018). We also merge in intergenerational mobility measures for kids who

grew up in a tract in adulthood, including intergenerational income mobility, teen birth rates, and

incarceration rates from Opportunity Insights' Opportunity Atlas (Chetty et al., 2025).

Sixth, we merge in CoreLogic's Loan-Level Mortgage Analytics (LLMA) servicing data (Core-

Logic, 2020c). This data provides a more detailed picture of payments on the primary mortgage,

but it is only available for a smaller subset of our data. We consequently use it primarily to assess

bias in OLS rather than in our primary IV analysis, for which sample size is paramount.
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2.3 Construction of Analysis Sample

We drop non-foreclosure cases from the Cook County Court data and merge with the RIS data

using case numbers. We drop cases with multiple parcels in a single foreclosure case because RIS

may not report all the parcel APNs, affecting roughly 10 percent of cases. We then merge the

DataQuick and CoreLogic deed records by APN, to produce a case-level dataset.

We next merge our case-level data with individual-level address histories from Infutor. We

identify all individuals in Infutor who reside at an address within a month before the foreclosure

�ling, as well as landlords who own foreclosed properties. We construct annual outcomes for each

case-person, starting �ve years before and ending �ve years after the initial foreclosure �ling. We

then merge the various individual-level and neighborhood-level outcomes described previously.

We next identify homeowners, renters, and landlords. We are purposefully cautious in de�n-

ing individuals in each category and drop those whose category we cannot determine with high

con�dence. Owners are individuals whose last name matches that of the foreclosure defendant

and who reside at the foreclosure address in the month before the foreclosure �ling. Landlords

are individuals who are not living at the foreclosure address in the month prior to the foreclosure

�ling, whose name matches the defendant's, and whose address matches the property tax mail-

ing address. Renters are individuals who live at a foreclosure address in the month before the

foreclosure �ling and have an identi�ed landlord. For renters only, we limit to the most recently

moved-in renter. 12

We drop non-residential properties and cases that are not clearly classi�ed as either a fore-

closure or a dismissal. Table 1 summarizes how each data cleaning step and sample restriction

affects our sample size. In Section 4.3, we con�rm that these restrictions do not induce sample

selection by showing that our instrument is uncorrelated with inclusion in our analysis sample or

classi�cation as an owner, renter, or landlord.

We �nally match our data set to the credit reports to create a subsample of our main sample that

we refer to as the “credit report subsample.” The credit bureau that provides our data conducts

this match for us. 87 percent of the people in our �nal sample match a credit report, and 97 percent

of our cases have at least one matched individual, as indicated in the bottom panel of Table 1.

12Infutor is less reliable for tracking renters, as their moves leave a smaller paper trail, particularly for transient,
lower-income renters and in the very early years of the Infutor data (the 1980s and 1990s). Some renters' most recent
addresses have not been updated since the early years of Infutor's data, suggesting Infutor lost track of them. Limiting
our sample to renters who moved in most recently before the foreclosure �ling is the simplest way to eliminate these
problematic cases and yields a more plausible 20 percent annual move rate before the foreclosure �ling.
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Table 1: Sample Construction Summary

Step Cases Case-People
All Foreclosure Cases 2005-2012 (Cook County Court) 275,401

Cases Matching to a Single Property in RIS 247,370
Residential Property Cases 244,831

Have Foreclosure Outcomes and Judge Stringency 239,782
Keep if Match to Someone in Infutor 186,435 382,066

Full Final Sample 186,435 382,066
Owners 133,346 264,174
Renters 43,021 47,247

Landlords 53,089 70,645
Credit Report Subsample 180,296 332,065

Owners 128,057 232,518
Renters 38,622 34,483

Landlords 50,559 65,064

Notes: The top panel shows our sample size at each step in the data cleaning process. The bottom two panels display the
sample sizes broken down by owners, renters, and landlords for the full �nal sample and the credit report subsample.
Note that the full sample totals are the sum of owners and landlords for cases (some cases with landlords also have
renters, some do not) and the sum of owners, renters, and landlords for case-people. For the credit report subsample,
we keep renters whose landlord we can �nd but does not match to the credit report data, so the total number of cases
is not equal to the sum of owner and landlord cases that match.

Appendix Table A.1 provides summary statistics for the owner, renter, and landlord samples by

foreclosure outcome for our main outcome variables.

2.4 Outcomes For Properties With a Foreclosure

We �rst document descriptive facts about how mortgage defaults resolve for cases that do and do

not result in a foreclosure. Figure 1 shows outcomes �ve years after the foreclosure �ling, split by

whether we observe a foreclosure judgment within three years of �ling. Panel 1a shows results

from the CoreLogic deeds data on sales (including foreclosure sales) and liens. Panel 1b shows

results in the credit report data on payments and account status. Crucially, in the credit report

data, delinquency is administratively reported, but foreclosure requires manual entry by lenders

and is thus not administrative. This explains why lenders rely less on foreclosure and more on

payment in underwriting.

Panel 1a shows that over 90 percent of cases with a foreclosure judgment have an observed

foreclosure sale in the deeds data within 5 years. By contrast, under 15 percent of cases without

a foreclosure judgment within 3 years experience a foreclosure sale within 5 years.13 Of those

13This is non-zero because of foreclosure judgments delivered after more than 3 years, re�lings, and deed-in-lieu of
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Figure 1: Property Outcomes in Deeds Data By Foreclosure Judgment

(a) CoreLogic Deeds Data (b) Credit Report Data

Notes: The �gure shows property outcomes 5 years after the initial foreclosure �ling, split by whether we observe
a foreclosure within 3 years in the court judgments. Panel (a) splits outcomes by what we observe in the CoreLogic
deeds data: a foreclosure deed or auction, an observed re�nancing or mortgage modi�cation (which shows up as a
new lien and looks like a re�nance), a short sale as categorized by CoreLogic, an arms-length sale as categorized by
CoreLogic, or none of the above (no sale or re�nancing). Panel (b) splits outcomes based on status codes in owners'
and landlords' tradeline credit report data for their mortgages. “Modi�cation” combines arrangements made to make
partial payments, settlements, adjustments, loan modi�cations, and loan forbearance. For cases without foreclosure,
bankruptcy, or modi�cation codes, we determine their status at year 5 by checking whether the �rst mortgage is current
(“cured”), still delinquent (“late”), or closed/paid off/inactive (“no account at year 5”). For both panels, categories are
assigned hierarchically from left to right: A foreclosure code places a case in the foreclosure category regardless of other
codes; bankruptcy takes priority over loan modi�cation; and so on, so that the bars add to 100 percent.

with no foreclosure judgment, about 12 percent have a loan modi�cation or re�nancing that is

signi�cant enough that it is reported in the deeds data (most loan modi�cations do necessitate

changing the liens on a property and are thus not recorded in deeds data). Another 10 percent are

sold as short sales or regular, arm's-length sales. Just over half of the cases with no foreclosure

judgment have no visible outcome in the deeds data within �ve years.

Panel 1b shows outcomes in the credit report data. Only 60 percent of foreclosures appear

in the credit report data because the resolution of a default is optionally reported in �ags and

notes in the credit report. This signi�cant under-reporting cautions against relying directly on

credit bureau-reported foreclosure indicators. Just over 20 percent of both foreclosed and non-

foreclosed cases appear as a bankruptcy. Cases that are not foreclosed primarily appear as having

a loan modi�cation or a payment plan, although some borrowers cure or remain delinquent. This

is consistent with conversations we had with lawyers representing parties in Cook County fore-

closure cases who report that the vast majority of dismissed cases result from settlements with the

foreclosure settlements that are coded as foreclosures.

11



lender, typically a loan modi�cation or payment plan. These are the main alternatives to foreclo-

sure in our data, making our results particularly relevant for policies that encourage settlements.

3 Evidence of Selection

In this section, we assess potential bias in approaches that use selection on observables (OLS and

PSM) to identify the causal effects of foreclosure. We �rst formally present the OLS framework

and sources of bias, and then evaluate whether and how OLS is biased.

3.1 OLS Regression Framework

Most of the literature summarized above regresses post-foreclosure outcomes on a foreclosure

indicator (typically a delinquency in credit bureau data), controlling for observables. Formally,

index individuals by i, event time in years relative to a foreclosure �ling by s 2 f� 5, ..., 5g, let Yi ,s

be the outcome of interest, Fi be a foreclosure indicator, and X i be a vector of observables. The

canonical OLS event study regression is:

Yi ,s,t = bsFi + gsX i + xt,s + f z( i),t,s + #i ,s,t , (1)

where x is a date of �ling �xed effect and f is a ZIP-year �xed effect. bs, the coef�cient of interest,

is the effect of foreclosure on Y at horizon s relative to foreclosure �ling. We include controls or

normalize so bs is zero in the year prior to foreclosure �ling.

OLS — and its cousin in using selection on observables, PSM — identify bs through a cross-

sectional comparison between homes with a foreclosure �ling that are foreclosed upon and that

are not foreclosed upon.14 bs is causal if foreclosure is random conditional on the observables;

OLS and PSM seek to condition on “enough” observables that this holds. This condition can also

be thought of in terms of a differences-in-differences design, in which case bs is causal if foreclosed

and non-foreclosed households follow parallel trends absent foreclosure and no omitted variable

affects the foreclosed households at the time of �ling.

It is also crucial to consider the population analyzed by OLS. Most existing studies consider

the full population, with F indicating a foreclosure �ling; consequently, the control group consists

of households that do not default. We consider the population with a foreclosure court �ling, and

14PSM is a variant of OLS that controls for an estimated predicted foreclosure probability (the propensity score) given
observables. Like OLS, PSM relies on selection on observables.
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F is an indicator for a foreclosure judgment within 3 years of foreclosure �ling. Our control group

consists of households that default but do not experience a foreclosure judgment. Our population

has the advantage of being closer to most foreclosure mitigation policies, which typically help

households that are already delinquent or in default. For instance, the HAMP program provided

mortgage modi�cations to households that had already defaulted to help prevent a foreclosure.

3.2 Sources of Bias in OLS

There are two principal sources of bias in OLS and PSM. First, borrowers with less ability to pay

their mortgage may be more likely to foreclose. Prior literature focuses on the ability to pay (ATP)

because recent research shows that these shocks explain default (Ganong and Noel, 2023; Bhutta

et al., 2017; Gerardi et al., 2015). However, it is less clear that ATP shocks also cause foreclosure

conditional on default. If an unobserved shock simultaneously causes foreclosure and other adverse

outcomes, the ATP story would lead OLS to overstate the adverse effects of foreclosure, as the

regression would attribute the shock's negative impacts to foreclosure.

Second, borrowers for whom foreclosure has a higher private cost — pecuniary or non-pecuniary

— may be less likely to foreclose because they do more to avoid a foreclosure judgment. As with

the �rst source of bias, this is an omitted variable that manifests itself at the time of foreclosure and

thus would not appear in a pre-trend. This “costliness” story would lead OLS to understate any

adverse consequences of foreclosure, as it would induce a negative correlation between potential

outcomes and treatment. Given that the literature has shown that strategic default is rare, we do

not expect strong selection on private costs at the default stage.

3.3 Evidence of Selection

We present three pieces of evidence that there is signi�cant bias arising primarily from the costli-

ness story.

First, 35 percent of owner cases are foreclosed upon within three years, but 54 percent of land-

lord cases are (Appendix Table A.1). This suggests that owners, who not only incur a �nancial loss

like landlords but also face eviction, take actions to avoid foreclosure.

Second, Figure 2 shows the correlation between eventual foreclosure and credit report out-

comes taken as snapshots in the credit report data at monthly frequency around the foreclosure

�ling for owners (panels a, c, e) and landlords (panels b, d, f), controlling for date-of-�ling �xed

13



Figure 2: Monthly Correlation Between Foreclosure and Credit Report Outcomes

(a) Number of Active First Mortgages (Owners) (b) Number of Active First Mortgages (Landlords)

(c) Number of New First Mortgages (Owners) (d) Number of New First Mortgages (Landlords)

(e) Share of Non-Mrtg Accts in Default (Owners) (f) Share of Non-Mrtg Accts in Default (Landlords)

Notes: This �gure shows the results of monthly regressions for the indicated group of the indicated outcome variable
from credit reports on foreclosure, controlling for date of �ling �xed effects. Formally, index individuals by i, event
time in months relative to a foreclosure �ling by s = � 12, ..., 12, letYi ,s,t be the outcome at time t and time relative to
foreclosure s, Fi be a foreclosure indicator, and xt,s be a date of �ling �xed effect. We regress Yi ,s,t = bsFi + xt,s + s#i ,s,t
clustering standard errors at the case level and plot bs against s.
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effects. We observe high-frequency pretrends in the 9 months preceding the foreclosure �ling that

reveal signi�cant endogeneity. Panels 2e and 2f show that default on non-mortgage accounts be-

gins to rise 8 to 10 months before the foreclosure �ling. Panels 2c and 2d show that this is followed

by an increase in the number of new �rst mortgages 4 to 8 months before �ling, likely re�ecting

re�nancing, as the number of active mortgages does not rise (Panels 2a and 2b). Finally, from

4 to 5 months before foreclosure to about 3 months after, the number of active new mortgages

declines precipitously, especially for landlords who often have several mortgages on multiple in-

vestment properties, indicating either sales or defaults. Crucially, these pretrends are not picked

up in annual regressions as used by most of the literature, as shown in Appendix Figure A.1.

Third, to disentangle the two stories, we examine the correlation between foreclosure and

proxy variables for the ability to pay and the costliness of foreclosure. Many of these variables

come from linking our data to mortgage loan servicing data (LLMA) from Corelogic. Since this

data covers only a subset of our cases and requires a fuzzy merge, our linked sample is much

smaller, so we use it only to investigate the mechanisms driving endogenous foreclosure.

Table 2 summarizes the variables and their correlation with foreclosure. The last three columns

indicate whether correlations support the costliness or ATP stories (see Appendix B for details).

If �nancially weaker households are more likely to foreclose, this supports the ATP story. Con-

versely, if �nancially stronger households or households that have lower default costs foreclose

more, this indicates strategic default driven by heterogeneous private costs, as in the costliness

story. The proxies include measures of �nancial weakness (credit scores, delinquency rates, prox-

ies for income and mortgage payment shocks), direct indicators of strategic default (past mortgage

modi�cations and payment patterns, which indicate whether a household has attempted payment

or has walked away, going straight to full delinquency without attempting payment as in Keys

et al. (2012)), and measures of private foreclosure costs (owner occupancy, LTV at foreclosure).

Column 1 of Table 2 shows regression coef�cients from separate bivariate regressions of each

indicated variable on foreclosure, controlling for the month of �ling and ZIP-year �xed effects.

Column 2 displays regression coef�cients from an analogous multivariate regression. The bivari-

ate regressions are limited to having the same sample as the multivariate regression.

The results reveal that foreclosure is associated with borrowers who face lower costs to fore-

closure. Owner-occupancy, past loan modi�cations, chronic delinquency, and efforts to cure all

negatively predict foreclosure, indicating that households who potentially have more to lose make

greater efforts to avoid foreclosure. The ZIP income change between foreclosure �ling and loan
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Table 2: Correlation of Ability to Pay and Costliness Proxies With Foreclosure

Variable Bivariate Multivariate Neg Supports Pos Supports Explanation

ZIP Avg Income Change -0.032*** -0.0007 ATP and Cost ATP: Proxy for income
Since Origination (0.002) (0.0040) No Cost w/LTV Control Cost: Income ! House Prices!

Equity Lost in Foreclosure

6 Month Pre-Filing 0.025*** -0.0026 ATP Cost ATP: Financial Fragility Indicator
Vantage Score (0.001) (0.0031) Cost: Strategic Default Indicator

Pre-Filing Share of -0.005*** 0.0036 Cost ATP ATP: Financial Fragility Indicator
Debts That Are Delinquent (0.001) (0.0027) Cost: Strategic Default Indicator

Interest Rate Differential -0.001 -0.0004 ATP ATP: Payment Shock
Since Origination (0.002) (0.0023)

Owner Occupied -0.050*** -0.0387*** Cost Cost: Owner Also Evicted
Property Indicator (0.003) (0.0066)

Late Prior to 6 Months -0.051*** -0.0711*** Cost ATP ATP: Income Vol Measure
Pre-Filing Indicator (0.001) (0.0067) Cost: Strategic Default Indicator

Mortgage Modi�cation -0.027*** -0.0378*** Cost Cost: Revealed High Private Cost
in Past Indicator (0.001) (0.0074)

Caught Up After Being -0.045*** -0.0347*** Cost ATP ATP: Income Vol Measure
Late in Past Indicator (0.001) (0.0060) Cost: Strategic Default Indicator

LTV at Foreclosure 0.0526*** 0.0032*** Cost and ATP ATP: Initial LTV! Fin Fragility
(0.008) (0.003) Cost: Equity Lost in Foreclosure

Observations 42,826
Within R2 0.018

Notes: This table shows results for regressions of the proxy variables on an indicator for foreclosure within 3 years of �ling. All variables not listed as indicators are
standardized to have a mean of zero and a standard deviation of one; indicators are left as binary. The bivariate column indicates coef�cients in a bivariate regression
with the indicated variable on foreclosure, with month of �ling and zip-year of �ling �xed effects. The multivariate column shows coef�cients from a multivariate
regression that combines all variables. Because Vantage Score started in 2008, we set all variables with missing Vantage scores to a single value and include a dummy
variable for missing Vantage scores. Vantage score is in hundreds. The last two columns indicate which story is supported by a negative or positive coef�cient. For
example, a negative coef�cient on “Pre-Filing Share of Debts That Are Delinquent” supports the costliness story, while a positive coef�cient supports ATP. * indicates
signi�cance at the 10% level, ** at the 5% level, and *** at the 1% level.
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origination becomes insigni�cant once controlling for LTV, consistent with the costliness story in

which local income affects house prices and, in turn, LTV ratios, which matter for how much a

borrower loses by walking away from the mortgage. We �nd limited evidence for the ATP story:

Mortgage interest rate differentials between origination and foreclosure �ling (due to ARM rate

resets) are insigni�cant, and while credit scores negatively affect foreclosure in the multivariate

regression, as predicted by ATP, the effect is economically small, and is positive in the bivariate

regression.

Despite these correlations favoring the costliness story, the proxies explain only a relatively low

share of the variation in foreclosure, as indicated by a within R2 excluding the �xed effects of 0.057

in the multivariate regression. Given that there is likely a signi�cant component of the individual

costliness of foreclosure that is unobserved, we see selection on observables as a hopeless exercise.

We thus turn to an IV strategy.

4 IV Empirical Approach

Our instrument leverages differential randomly assigned judge stringency to provide exogenous

variation in foreclosure. Our empirical approach follows the best practices of the empirical liter-

ature that uses the stringency of randomly-assigned judges for identi�cation of causal effects in

the study of incarceration, bankruptcy, disability insurance, foster care placement, and evictions

(Kling, 2006; Doyle, 2007; Kolesar, 2013; Maestas et al., 2013; Dahl et al., 2014; French and Song,

2014; Dobbie and Song, 2015; Aizer and Doyle, 2015; Mueller-Smith, 2015; Dobbie et al., 2018;

Bhuller et al., 2020; Norris et al., 2021; Bald et al., 2022; Collinson et al., 2024).

4.1 Econometric Approach

We use the leave-out probability of foreclosure in a case's calendar-year as an instrument for fore-

closure. Formally, de�ne the stringency Zc( i) of an individual i 's casek assigned to calendar c in

year t as:

Zc( i),t =
å j2c,t,j6= k( i) Fj,t

å j2c,t,j6= k( i) 1
.

We then estimate the causal effect of foreclosure in a two-stage least squares framework for out-

comes at horizon s 2 f� 5, ..., 5g that builds on the OLS approach in equation (1):

Yi ,s,t = bsFi + gsX i + xt,s + f z( i),t,s + #i ,s,t (2)
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Fi = GZc( i),t + aX i + zt + j z( i),t + ei ,t . (3)

As with equation (1), the regression controls for individual-level observables X i , a date of �ling

�xed effect xm(k),s, and a ZIP-by-year �xed effect f z( i),t , and bs is normalized to zero in year s =

� 1.15 X i includes Yi ,� 1, the outcome in the pre-foreclosure year. We weight by the inverse of the

number of people per case, so cases are represented equally. Standard errors are clustered at the

case level.

Under three assumptions, bs is the local average treatment effect of foreclosure at horizon s

for “compliers” whose foreclosure status is affected by their judge. First, the instrument has to be

relevant, that is, G 6= 0. Second, an exclusion restriction that the instrument is orthogonal to the

second-stage error term — Zc( i),t ? #i ,s — must hold. This is ensured by random calendar assign-

ment. Third, a monotonicity condition that all judges have the same ranking of the likelihood of

foreclosure across cases must hold. In the judge IV context, monotonicity is a concern if, for in-

stance, minority judges are more lenient towards minority defendants. We test these assumptions

in the remainder of this section.

4.2 Heterogeneity in Calendar-Year Stringency and First Stage

Figure 3 overlays a histogram of judge stringency with a local linear �rst-stage regression for

a sample that pools owners, renters, and landlords. The histogram on the left axis graphically

displays the variation in judge stringency we use for identi�cation. The foreclosure rate within

3 years across calendar-years ranges from 38 percent for the most lenient calendar-years to 48

percent for the most stringent calendar-years, with most of the variation falling between 40 percent

and 44 percent. The 10 percent of cases whose outcomes are affected by the random assignment

of the judge are the compliers.

The local linear regression in Figure 3 displays a smooth and monotonic upward-sloping �rst-

stage relationship. Table 3 presents the �rst-stage regression used in our two-stage least squares

framework (2) for various subsamples. The full-sample �rst-stage coef�cient ranges from 0.74 to

0.90, with F statistics of 96.5 for owners, 32.2 for landlords, and 37.6 for renters, large enough that

weak instruments are not a concern. The �rst stage for the credit report subsample is similar but

slightly less powerful for landlords and renters. The sample sizes differ from those in Table 1

15For the school outcomes, we use data on the closest school to the foreclosure address as indicated in the Appendix
and use school-by-year rather than ZIP-by-year �xed effects.
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Figure 3: Stringency Histogram and Nonparametric First Stage

Notes: This left axis shows a histogram of calendar-year stringency (probability of foreclosure) residualizing on month
�xed effects (with the overall mean added back in). Because there is one observation per case, we do not weight. The
right axis shows a local linear regression of the �rst-stage pooling owners, renters, and landlords into a single case-level
regression with one observation per case. The local linear regression residualizes out month �xed effects and adds back
the sample mean; the grey bands show a 95% con�dence interval.

due to singletons, which are dropped from this regression because they are absorbed by the �xed

effects.

4.3 Verifying Random Assignment

Our IV approach relies on random assignment. We verify that the calendar is randomly assigned

as the Court claims in three ways. First, Appendix C demonstrates that our cleaned calendar vari-

able accurately replicates the published random assignment probabilities from the Cook County

Courts. Second, there are no pre-trends in the results. Third, Table 4 presents several placebo tests

in which we regress our instrument Zc(k),t on observables and test whether the coef�cient is zero,

as it should be under random assignment. The regressions take the form of the IV �rst stage (3),

replacing the foreclosure dummy with the indicated observable. At the case level, judge strin-

gency has no statistically signi�cant effect on whether a case is in our sample or is categorized

as an owner, renter, or landlord, which is reassuring not only for random assignment but also

for concerns that our data cleaning and categorization of individuals result in a selected sample.

At the case-person level, judge stringency has no statistically signi�cant effect on age, gender, or

having an credit report match. In Appendix Table A.2, we further show that none of the proxies

for ability to pay or costliness in Table 2 are correlated with the instrument.
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Table 3: IV First Stage Regression Coef�cients and F Statistics

Dependent Variable: Foreclosed Within 3 Years
Sample All Owner Landlord Renter

(1) (2) (3) (4)

Full Sample 0.746*** 0.758*** 0.740*** 0.897***
Judge Stringency (0.067) (0.077) (0.130) (0.146)

F 124.1 96.5 32.2 37.6
N 186,365 133,279 53,013 42,929

Credit Report Sample 0.753*** 0.768*** 0.724*** 0.824***
Judge Stringency (0.068) (0.077) (0.136) (0.158)

F 124.16 98.51 28.26 27.18
N 180,051 127,990 50,301 38,515

Notes: This table presents �rst-stage regression coef�cients for all cases combined, as well as for owners, renters, and
landlords separately. The top panel shows results for the full sample, while the bottom panel shows results for the
credit report subsample. The regression is at the case-person level and includes month and zip-year �xed effects as in
equation (3). All standard errors are clustered by case, and we weight by the inverse of the number of people per case
for owners and landlords so that each foreclosure case is weighted equally. * indicates signi�cance at the 10% level, **
at the 5% level, and *** at the 1% level.

4.4 Verifying Monotonicity

Frandsen et al. (2023) provide a statistical test of monotonicity that examines how average judge-

level outcomes vary as a function of the judge-level propensity to treat. Appendix C.4 shows

that we cannot reject the null hypothesis of monotonicity holding for all of our primary outcome

variables. We further demonstrate that the �rst stage is strong, positive, and monotonic when

run separately by primary calendar judge and defendant characteristics, thereby assuaging the

concern that judges behave differently towards defendants with whom they are similar.

4.5 Accounting For the Judge's Effect on Time to Foreclosure

In the data, less stringent judges take slightly longer to decide cases. One might be concerned

that the causal effects our IV approach attributes to foreclosure are instead due to the time to

decision. To account for this, Appendix D runs regressions that include both foreclosure and

time to judgment, instrumenting for judge time to judgment with the judge's leave-out average

as we do for foreclosure. We �nd that the causal effects we attribute to foreclosure in the primary

analysis are due to foreclosure, not to time to judgment.
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Table 4: Placebo Tests: Stringency Instrument Regressed on Observables

Dependent Case-Level Case-Person-Level

Variable In Sample Owner Renter Landlord Age Male Credit Match

Judge 0.008 0.088 -0.053 -0.078 0.007 0.058 -0.011
Stringency (0.048) (0.055) (0.060) (0.054) (0.019) (0.051) (0.032)

N 239,782 186,365 186,365 186,365 298,369 382,033 382,033

Notes: This table shows placebo regression coef�cients for all cases matched to the Infutor data, including owner
cases, landlord cases (some of which have renters), and cases without a defendant type. The �rst four columns present
case-level regressions with dependent variables for being in the sample (matched to an owner or landlord), having
an owner, having a renter, and having a landlord. The next three columns are for individual-level outcomes. All
regressions include month and zip-year �xed effects as in (2). All standard errors are clustered by case, and we weight
by the inverse of the number of people per case so that each foreclosure case is weighted equally. * indicates signi�cance
at the 10% level, ** at the 5% level, and *** at the 1% level.

5 Results: Owners

Figures 4, 5, 6, and 7 and columns 1 and 2 of Table 5 show IV and OLS results for owners. The blue

dots show the IV point estimates for each year s 2 f� 5, ..., 5g since foreclosure with 95% con�-

dence intervals indicated by blue bars. Red Xs show the OLS point estimates; we omit con�dence

intervals from the �gures since they are so small. As a �nal speci�cation check, none of our IV

results show statistically signi�cant pre-trends. We �rst analyze the IV results and then discuss

the differences between OLS and IV across outcomes.

5.1 Moving, Housing, and Homeownership

Figure 5 shows outcomes for moving, home characteristics, and homeownership. Unsurprisingly,

foreclosures cause homeowners to move out of their homes, as illustrated in Panel 4a. This picks

up in year 2 and peaks in year 3, with a causal effect in years 3 and 4 of 18.9 percentage points.16

Panel 4b shows that the cumulative number of moves since the foreclosure �ling (0.27 in years 3

to 4) is slightly larger than the indicator for having moved (0.19), suggesting that foreclosure leads

to modest housing instability, although the difference is not statistically signi�cant.

Foreclosed-upon homeowners are also substantially less likely to own their residence after a

16About half of the owners who have a foreclosure ruling against them in the �rst 3 years have moved by year 5.
While one might expect that all owners are evicted after a foreclosure, the previous owner still occupies many homes
that lenders repossess. Our 50 percent �gure is in line with Molloy and Shan (2013), who �nd that only 55% of those
who are foreclosed upon have moved to a different Census Block four years after the foreclosure �ling (their Table 2),
and Piskorski and Seru (2021), who report that 60% of those with a foreclosure between 2007 and 2017 have moved
to a different ZIP code by 2017 (their Table 1b). Furthermore, in a 2013 report, RealtyTrac found that nationwide, the
previous owner occupied 47 percent of bank-owned homes, and that this �gure is particularly high in Chicago (see
https://mortgageorb.com/realtytrac-47-of-bank-owned-homes-still-occupied-by-former-owner ).
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Table 5: Summary of All IV and OLS Results at Years 3 and 4

Owner Landlord Renter

Speci�cation: IV OLS IV OLS IV OLS
(1) (2) (3) (4) (5) (6)

Moved from Foreclosure Address 0.195*** 0.265*** 0.110 0.008** -0.007 0.029***
(0.075) (0.002) (0.149) (0.004) (0.128) (0.004)

Cumulative Number of Moves 0.278*** 0.331*** 0.063 0.024*** 0.043 0.036***
(0.103) (0.003) (0.211) (0.005) (0.173) (0.005)

Owns Primary Residence -0.468*** -0.438*** -0.055 -0.052*** 0.136 -0.010***
(0.077) (0.002) (0.151) (0.004) (0.083) (0.003)

Square Footage of Living Space -82.632 -9.594*** -178.963 -7.259 126.970 -3.884
(60.989) (2.066) (138.655) (4.529) (123.537) (3.553)

Log Zip Code Average Income -0.106*** 0.014*** 0.150 0.006** -0.085 -0.001
(0.040) (0.001) (0.096) (0.002) (0.059) (0.002)

Elementary School Test Score Rank -0.774 0.408*** 15.140** 0.660*** 2.202 -0.383**
(3.261) (0.089) (7.044) (0.175) (5.376) (0.165)

Middle School Test Score Rank -6.630** 0.171** -9.648 0.046 5.957 -0.422***
(3.054) (0.087) (6.401) (0.178) (5.341) (0.161)

High School Test Score Rank -5.182 0.965*** -8.237 0.709*** 6.606 -0.285
(3.527) (0.103) (7.665) (0.208) (5.860) (0.200)

Opportunity Atlas: Intergen Mobility -0.021** 0.002*** 0.025 0.001** -0.009 0.000
(0.010) (0.000) (0.017) (0.001) (0.017) (0.001)

Opportunity Atlas: Frac of Pop in Jail 0.005*** -0.000*** -0.004 -0.000** -0.000 0.000
(0.002) (0.000) (0.003) (0.000) (0.004) (0.000)

Opportunity Atlas: Teen Birth Rate 0.031** -0.003*** -0.043* -0.001 0.030 0.000
(0.013) (0.000) (0.024) (0.001) (0.026) (0.001)

Cumulative Number of Divorces 0.040* 0.001* -0.048 -0.001 -0.017 -0.001
(0.022) (0.001) (0.039) (0.001) (0.029) (0.001)

VantageScore -3.716 -1.237*** 56.161* -0.446 -4.144 -0.577
(12.433) (0.466) (32.414) (0.842) (37.400) (1.152)

Has Had Bankruptcy 0.223*** 0.077*** 0.094 0.103*** 0.007 0.001
(0.074) (0.002) (0.154) (0.004) (0.097) (0.003)

Number of Active First Mortgages -0.245** -0.351*** -0.522* -0.369*** -0.046 -0.005
(0.103) (0.002) (0.284) (0.007) (0.163) (0.004)

Ever Defaulted on a First Mortgage 0.203*** 0.077*** 0.230 0.102*** 0.012 -0.000
(0.074) (0.002) (0.165) (0.004) (0.073) (0.002)

Ever Defaulted on a Home Equity Loan 0.103 0.049*** -0.134 0.082*** 0.016 0.001
(0.063) (0.002) (0.161) (0.004) (0.060) (0.002)

Has Home Equity Acct (excl. Mortgages) -0.105** -0.035*** -0.116 -0.016*** -0.098 -0.003
(0.048) (0.001) (0.126) (0.003) (0.084) (0.002)

Share of First Mortgage in Default 0.255 0.098*** -0.249 0.083*** 0.222 -0.006
(0.165) (0.004) (0.189) (0.004) (0.259) (0.007)

Share of Non-Mortgage Accts in Default 0.189** 0.055*** 0.112 0.046*** 0.030 -0.005
(0.078) (0.002) (0.130) (0.003) (0.154) (0.005)

Share of Credit Card in Default 0.121 0.055*** 0.219 0.044*** 0.010 -0.002
(0.086) (0.003) (0.145) (0.004) (0.144) (0.006)

Share of Auto Loan in Default 0.250 0.037*** 1.066 0.025*** -0.388 0.001
(0.189) (0.004) (1.362) (0.006) (1.304) (0.010)

Share of Student Loan in Default -0.019 0.022*** -0.851 0.021*** -0.097 -0.031***
(0.146) (0.005) (0.546) (0.007) (0.430) (0.011)

Notes: This table summarizes our IV and OLS results for owners, landlords, and renters by presenting pooled results
for years 3 and 4 relative to a base period of the year before foreclosure �ling. For IV, we estimate equation (2) using
two-stage least squares, with the �rst stage given by equation (3). For OLS, we estimate equation (1). Above the line are
results using the full sample, while below the line are results for the credit report subsample. For owners and landlords,
regressions are weighted by the inverse number of people per case. All standard errors are clustered by case. * indicates
signi�cance at the 10% level, ** at the 5% level, and *** at the 1% level.
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Figure 4: Owners: Moving, Homeownership, and House Characteristics

(a) Moved from Foreclosure Address (b) Cumulative Number of Moves

(c) Owns Primary Residence (d) Log Square Footage of Living Space

Notes: Each panel shows IV and OLS results for the indicated outcome variable for all owners in our sample. Each
dot indicates the IV point estimate for bs estimated using equations (2) and (3), and the bars indicate 95% con�dence
intervals. Each x indicates the OLS estimate for bs estimated using equation (1). OLS con�dence intervals are small
enough that they are not shown. Standard errors are clustered by case, and regressions are weighted by the inverse
number of people in each case.

foreclosure, as seen in Panel 4c, which shows a peak 48 percentage point effect in year 2. This is

highly persistent: The point estimate is 41 percentage points at year 4 and 32 percentage points at

year 5, although at 5 years, the con�dence intervals widen. Finally, Panel 4d shows that foreclosure

reduces home size by about 100 square feet or 7 percent, although the effect is not statistically

signi�cant.

5.2 Neighborhood Quality

Figure 5 shows that foreclosure causes moves to worse neighborhoods across multiple dimen-

sions. Income-based measures decline sharply: Average ZIP code income falls by 10 percent in

years 3 to 4 and nearly 20 percent by year 5 (Panel 5a). School quality measures also worsen,
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Figure 5: Owners: Neighborhood Characteristics

(a) Log ZIP Code Average Income (b) Elementary School Test Score Rank

(c) Middle School Test Score Rank (d) E[Adult Income Rank] of Kids

(e) Pct of Pop in Jail (f) Teen Birth Rate
Notes: Each panel shows IV and OLS results for the indicated outcome variable for all owners in our sample. Each
dot indicates the IV point estimate for bs estimated using equations (2) and (3), and the bars indicate 95% con�dence
intervals. Each x indicates the OLS estimate for bs estimated using equation (1). OLS con�dence intervals are small
enough that they are not shown. Standard errors are clustered by case, and regressions are weighted by the inverse
number of people in each case. For test scores, the dependent variable is the average percentile rank of the local school
in math and reading (a coef�cient of 1 indicates a 1-percentage-point change in the average rank). The Illinois Board
of Education reports these percentages for math and reading separately, and we combine them into a single average
index. The Opportunity Atlas variables are the mean percentile rank of children of children who grew up in the census
tract in the national earnings distribution (“kfr” in their codebook), the teen birth rate of women who grew up in the
census tract, and the percentage of the population who grew up in the census tract who were ever incarcerated.
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Figure 6: Owners: Personal Outcomes

(a) Cumulative Number of Divorces (b) Ever Had a Bankruptcy (Credit Report)

Notes: Each panel shows IV and OLS results for the indicated outcome variable for all owners in our sample. Each
dot indicates the IV point estimate for bs estimated using equations (2) and (3), and the bars indicate 95% con�dence
intervals. Each x indicates the OLS estimate for bs estimated using equation (1). OLS con�dence intervals are small
enough that they are not shown. Standard errors are clustered by case, and regressions are weighted by the inverse
number of people in each case. “Ever had a Bankruptcy” indicates whether there has been a bankruptcy from year -5
through the stated year.

though not all estimates are statistically signi�cant. Middle school test score ranks decline by a

statistically-signi�cant 7.2 percentiles (Panel 5c), while elementary school scores and high school

test scores fall by 3.3 percentiles (Panel 5b) and 5.0 percentiles (Appendix Figure A.4), respectively,

though neither is signi�cant. Finally, measures from the Opportunity Atlas (Chetty et al., 2025)

indicate that children who grow up in destination neighborhoods have worse outcomes. In years

3 to 4, the mean percentile rank of children who grow up in the tract in the national income dis-

tribution falls by 2.2 percentiles (Panel 5d), the fraction of the tract population in jail rises by 0.5

percentage points (Panel 5e), and the tract teen birth rate increases by 3.3 percentage points (Panel

5f).

5.3 Personal Outcomes

Figure 6 shows that foreclosure causes elevated divorce and bankruptcy. Because divorce is rela-

tively rare, Panel 6a shows the effect on the cumulative number of divorces since 5 years before

foreclosure. Foreclosure causes a spike in divorce, reaching 3.9 percentage points in years 3 and

4. This is 1.7 times the 3-year divorce probability for the non-foreclosure group. This effect is sig-

ni�cant at the 10% level and does not condition on marriage, implying the conditional effect for

married couples is nearly double what we �nd for the general population. Our economically large

IV �ndings on divorce echo those of Charles and Stephens (2004), who �nd evidence of elevated
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divorce hazards after job layoffs.

Panel 6b shows results for an indicator for ever having a bankruptcy in the credit report data.

This increases by 9.5 percentage points in year 0 and 22.1 percentage points in year 1, after which

it plateaus. This result is highly signi�cant and represents an effect by years 3 to 4 that is 175% of

the sample mean in the year before foreclosure �ling.

5.4 Financial Outcomes

Figure 7 shows results for selected �nancial outcomes from our matched credit report sub-sample,

with additional credit results summarized in Table 5 and Appendix E. We �nd substantial conta-

gion in default that lasts 2 to 3 years, but a limited effect of foreclosure on new borrowing.

Panel 7a shows a marked decline in the number of active �rst mortgage loans for owners. 17

Foreclosure causes a decline of 0.42 mortgages by year 2, which then mean-reverts partially,

roughly in line with our homeownership results. This makes sense; the presence of a �rst mort-

gage is often used as a proxy for homeownership, which we already saw declines precipitously

by a similar magnitude. Panel 7b shows that an increase in defaults on �rst mortgages primar-

ily drives this. The probability a homeowner has ever defaulted on a �rst mortgage rises to 0.2

by year 2 before leveling off. The new mortgage margin matters less: The Appendix shows that

the number of new mortgages opened falls modestly by 0.07 mortgages in year 2, but this is not

statistically signi�cant.

The last three panels demonstrate that foreclosure causes contagion, with defaults on other

forms of credit beyond �rst mortgages. Panel 7c shows that the probability a household has ever

defaulted on a home equity loan rises by 0.14 in year 1. Panel 7d shows that the share of non-

mortgage accounts in default each year, which includes credit cards, student loans, auto loans,

and other non-collateralized debt, peaks at 0.2 in year 2. Finally, Panel 7e shows the share of

accounts in default for credit cards, which account for most of the defaults in year 1. The Appendix

shows that at longer horizons, auto loans and student loans matter more, but the results are not

statistically signi�cant.

We do not see signi�cant effects on credit scores or on new borrowing. Panel 7f shows that a

homeowner's credit score falls by 22 points in year 1, which is signi�cant at the 10% level, after

which it mean-reverts. This is a relatively small effect economically. Furthermore, the Appendix

17Mortgages are categorized as “�rst mortgage,” or “home equity mortgage or line” by the credit bureau. The �rst
mortgage category likely includes the primary mortgage being foreclosed upon, but may also encompass other mort-
gages, such as primary mortgages on different properties. All secondary mortgages are categorized as home equity.
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Figure 7: Owners: Financial Outcomes

(a) Number of Active First Mortgages (b) Ever Defaulted on a First Mortgage

(c) Ever Defaulted on a Home Equity Loan (d) Share of Non-Mortgage Accounts in Default

(e) Share of Credit Cards in Default (f) Vantage Score

Notes: Each panel shows IV and OLS results for the indicated outcome variable for all owners in our sample. Each
dot indicates the IV point estimate for bs estimated using equations (2) and (3), and the bars indicate 95% con�dence
intervals. Each x indicates the OLS estimate for bs estimated using equation (1). OLS con�dence intervals are small
enough that they are not shown. Standard errors are clustered by case, and regressions are weighted by the inverse
number of people in each case.
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shows that across essentially all types of debt, there is almost no statistically or economically

signi�cant effect on new borrowing. This limited impact re�ects the fact that the major decline

in credit scores and borrowing occurs at delinquency, which affects both the treatment and control

groups, rather than the judge's decision to foreclose. Indeed, we observe signi�cant declines in

new borrowing in both the treatment and control groups. This is also consistent with the fact

that credit report data is of much higher quality for payments and delinquency than for actual

foreclosure.

5.5 Long Term Effect on Homeownership

Our credit report data continues through 2024, allowing us to examine homeownership, proxied

by having a �rst mortgage, up to 12 years after the foreclosure �ling. 18 Figure 8a shows that

a peak decline in year 2 of 31.6 percentage points, which is a smaller decline smaller than the

version built from deeds records in Figure 4c. The point estimate rebounds after a few years, then

falls again, but remains statistically signi�cantly negative for most years out to year 12, with a

14-20 percentage-point decline in homeownership. OLS shows a similar decline, with smoother,

more consistent mean reversion, but still a 12 percentage-point decline in homeownership at year

12. These �ndings are consistent with Artigue et al. (2025), as discussed below

5.6 Comparing IV and OLS: Evidence of Selection Bias

Comparing OLS and IV sheds light on selection and bias. We �nd that OLS and IV are remarkably

consistent (albeit with slightly different time paths) for some outcomes, such as moving, home-

ownership, and the number of mortgages. For others, such as neighborhood quality and divorce,

we �nd no or small and positive effects in OLS but substantial adverse effects with IV. A third

group, which includes bankruptcy, credit scores, and �nancial contagion, exhibits modest adverse

effects in OLS and substantially worse effects in IV.

The lack of downward bias in OLS for some outcomes may be surprising given the evidence

of selection and the costliness story presented previously. However, the outcomes for which we

observe little to no bias are the more “mechanical” outcomes: All households lose their homes,

have one fewer active mortgage, and have to move due to foreclosure. On these dimensions,

18Infutor changed the way it reported data, making it dif�cult to go beyond 2017 for non-credit-report outcomes. We
do not show long-term results for other �nancial outcomes because the outcomes stabilize before 5 years post-�ling
and are not interesting in years 6 to 12.
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Figure 8: Long-Term Impact on Having a First Mortgage for Owners and Landlords

(a) Owners (b) Landlords

Notes: Each panel shows IV and OLS results for the indicated outcome variable for the indicated group. Each dot
indicates the IV point estimate for bs estimated using equations (2) and (3), and the bars indicate 95% con�dence
intervals. Each x indicates the OLS estimate for bs estimated using equation (1). OLS con�dence intervals are small
enough that they are not shown. Standard errors are clustered by case, and regressions are weighted by the inverse
number of people in each case.

there is little scope for heterogeneity in foreclosure costs that would cause some households to

�ght the case more vigorously, so selection bias is limited under the costliness story, and OLS

and IV are similar. By contrast, households in a better neighborhood have far more to lose in

terms of neighborhood quality than households in a bad neighborhood, which opens the door to

signi�cant bias under the costliness story. In other words, limited bias for mechanical outcomes

and signi�cant bias for non-mechanical outcomes is exactlywhat one would expect to observe

under the costliness story.

This heterogeneous bias across outcomes clari�es the differences between our �ndings and the

existing literature. For moving and homeownership, our results are generally consistent with the

existing literature. For instance, Molloy and Shan (2013) �nds that foreclosure increases the prob-

ability of moving by 0.23 to 0.33 after 2 years, depending on the speci�cation; we �nd an effect

of 0.19. They �nd an effect of 60 to 70 percentage points, which is larger than the 48 percentage

points we �nd, but this is based on a comparison of foreclosed and non-foreclosed groups. In

contrast, we control for many more �xed effects in our speci�cation. Our magnitudes are closer to

Artigue et al. (2025), who �nd an effect of 36 percentage points at year 3, 30 percentage points at

year 6, and 20 percent at year 12; we �nd an impact of 49 percentage points at year 3 and 39 per-

centage points at year 5 for ownership from the deeds data and an impact of 15 percentage points

at 12 years using the presence of a �rst mortgage in the credit report as a proxy for ownership.
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However, these papers �nd no impact on credit, delinquency, or neighborhood quality, whereas

we �nd signi�cant adverse effects. Indeed, these differences between our paper and prior work

for non-mechanical foreclosure outcomes likely stem from other papers treating foreclosure as

exogenous.

Overall, our results indicate that foreclosure imposes signi�cant non-pecuniary costs on home-

owners that are far larger than prior estimates. 19 We now turn to landlords to assess whether

households that experience a �nancial loss but not an eviction from their primary home experi-

ence similar outcomes.

6 Results: Landlords

We �nd that landlords experience severe but short-lived �nancial distress similar to owners. How-

ever, unlike owners, landlords show no adverse effects on divorce or neighborhood quality – if

anything, they move to betterneighborhoods. To show these �ndings, we present the same set of

�gures as for owners and show pooled results for landlords in columns 3 and 4 of Table 5.

6.1 Moving, Housing, and Homeownership

Despite not being evicted from the foreclosed property, landlords are more likely to move from

the address they lived in at the time of the foreclosure �ling, as shown in Figure 9. This peaks at

19 percentage points in year 2 but is not statistically signi�cant. There is no impact on housing

instability. When they do move, landlords move to slightly smaller houses. We �nd a modest

increase in homeownership in the short run and a decrease in the medium run, although it is hard

to make much of this result given the wide standard errors.

6.2 Neighborhood Quality

Turning to neighborhood quality, landlords seem to move to better neighborhoods as shown in

Figure 10. Their neighborhoods have 15 percent higher income in years 3 to 4 (signi�cant at the

10 percent level) and 11.7 percentile higher elementary school test score ranks (signi�cant at the

10 percent level). Opportunity Atlas measures also indicate better neighborhoods: Children who

19It is challenging to put a dollar �gure on the costs we �nd because many of these outcomes do not have clear social
welfare implications. For instance, it may be that divorces caused by foreclosure enhance social welfare (they should
have occurred but were prevented by shelter concerns), or they could reduce social welfare (foreclosure destabilizes an
otherwise healthy marriage).
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Figure 9: Landlords: Moving, Homeownership, and House Characteristics

(a) Moved from Address At Time of Foreclosure (b) Cumulative Number of Moves

(c) Owns Primary Residence (d) Square Footage of Residence

Notes: Each panel shows IV and OLS results for the indicated outcome variable for all landlords in our sample. Each
dot indicates the IV point estimate for bs estimated using equations (2) and (3), and the bars indicate 95% con�dence
intervals. Each x indicates the OLS estimate for bs estimated using equation (1). OLS con�dence intervals are small
enough that they are not shown. Standard errors are clustered by case, and regressions are weighted by the inverse of
the number of people in each case.

grow up in these tracts have higher expected adult income ranks, lower incarceration rates, and

lower teen birth rates. The only measures inconsistent with landlords moving to better neighbor-

hoods are declining middle and high school test score ranks. These �ndings indicate that land-

lords can escape debt overhang that may prevent moves to better neighborhoods by shedding

investment properties in foreclosure.

6.3 Personal Outcomes

Finally, Figure 11 shows results for personal outcomes. The effect on divorce is near zero in the

�rst few years, then declines to a negative, though not statistically signi�cant, effect. Bankruptcy

increases by nearly 30 percentage points in year 1, then dissipates quickly and is eventually pos-
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