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Abstract

How costly is foreclosure? Estimates of the social cost of foreclosure typically focus on financial
costs. Using random judge assignment instrumental variable (IV) and propensity score match-
ing (PSM) approaches in Cook County, Illinois, we find evidence of significant non-pecuniary
costs of foreclosure, particularly for foreclosed-upon homeowners. For all homeowners (IV
and PSM), foreclosure causes housing instability, reduced homeownership, and financial dis-
tress. For marginal homeowners (IV) but not average homeowners (PSM), foreclosure also
causes moves to worse neighborhoods and elevated divorce. We show that the difference be-
tween IV and PSM is due to treatment effect heterogeneity: marginal homeowners have more
to lose than average homeowners. We find similar financial costs for landlords, although the
non-financial effects we find for owners are absent. We find few negative effects for renters
whose landlord forecloses. The contrast between our results for owners, renters, and landlords
implies that the financial costs come from the financial loss while the non-financial costs for
owners are due to a combination of eviction and financial loss rather than either individually.
Our estimates imply that foreclosure is far more costly than current estimates imply, particu-
larly for marginal cases that are most responsive to foreclosure mitigation policies, and that the

costs are disproportionately borne by owners who lose their home.
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1 Introduction

How costly is foreclosure? This question has profound ramifications for public policy and house-
hold finance as even small changes in the social costs of foreclosure may dramatically change
cost-benefit analyses of foreclosure mitigation programs and other policies to support housing
markets. A household finance literature on bankruptcy and default also hinges on how costly
default is and why. Indeed, most macro and household finance models require large default costs
to rationalize low strategic default (Bhutta and Shan (2017), Gerardi, Rosenblatt, Willen, and Yao
(2015), Ganong and Noel (2019)), and understanding and calibrating these costs can improve our
knowledge of a host of issues related to housing markets and consumer default.

Despite the fact that six million homes were lost to foreclosure from 2007 to 2017 (Piskorski
and Seru (2018)), our understanding of the social costs of foreclosure is surprisingly limited. Most
estimates of the social costs of foreclosure focus exclusively on financial costs. For example, in the
depths of the Great Recession, the U.S. Department of Housing and Urban Development (2010)
analyzed a refinancing program for underwater borrowers and concluded that the social cost of a
foreclosure is $51,061.1 Of this, $26,230 were costs borne by the lender including property dam-
age and transaction costs, $14,531 was due to price externalities on neighboring homes,? and just
$10,300 — or one fifth of the total social cost — was borne by the foreclosed-upon household. Even
then, these were purely financial: moving costs, legal fees, and administrative charges.

Although financial costs have been the focus of economists and policy-makers, they are not
the costs of foreclosure that are typically in the public imagination or the popular press. Instead,
the focus is typically on the plight of homeowners who lose their home and have ruined credit
or the housing instability of renters who have been evicted after their landlord defaults. We ask
whether existing estimates of the social costs of foreclosure are incomplete because they neglect
significant non-pecuniary costs.

In particular, we use new and exhaustive data for the universe of foreclosure filings in Cook
County, Illinois, and leverage both an instrumental variables (IV) design based on random fore-

closure judge assignment and a propensity-score-matched (PSM) event study design to identify

IThis study is one of the most comprehensive to date and is still cited today. For instance, Ganong and Noel (2020)
use the HUD study to estimate the total welfare benefits of foreclosure policy. This study is similar to a prior estimate
by the U.S. Congress Joint Economic Committee (2007) that a foreclosure has a cost of $77,935. Of this, $50,000 is costs
borne by lenders, $19,227 is losses to local governments due to foreclosures, and $1,508 is due to reduced neighbor
home value. Just $7,200 — under one tenth — was legal and administrative costs to the foreclosed-upon homeowner.

2Gee Immergluck and Smith (2006), Campbell, Giglio, and Pathak (2011), Harding, Rosenblatt, and Yao (2009), Anen-
berg and Kung (2014), Gerardi et al. (2015), Gupta (2019) for evidence of highly-localized foreclosure externalities. Mian,
Sufi, and Trebbi (2015) and Guren and McQuade (2020) argue that foreclosures have larger market-level impacts.



the causal effects of foreclosures over 5 years. We find evidence of significant non-pecuniary costs
for foreclosed-upon homeowners. For all owners, foreclosure causes housing instability, reduced
homeownership, and financial distress including increased delinquency on other debts. Marginal
homeowners — who are represented by the local average treatment effect of the judge IV — but not
average households — who are represented by the average PSM effect — also move to worse neigh-
borhoods in terms of average income and school test scores and are more likely to divorce. We
analyze the discrepancy between IV and PSM for these outcomes and show that heterogeneous
treatment effects can explain the difference: marginal households have more to lose. We also ana-
lyze the effects of foreclosure on landlords and their tenants. We find similar financial distress for
landlords as we did for owners, but none of the non-financial costs are present. We find limited
negative outcomes for renters.

Our results suggest that current estimates of the social costs of foreclosure for homeowners
are far too low. In terms of mechanisms, our findings about the relative impact of foreclosures on
owners, renters, and landlords suggest that some of the costs we find related to financial distress
come from financial loss as they are present for owners and landlords but not renters. In contrast,
the non-financial non-pecuniary costs of foreclosures that we observe only for owners are not
caused by eviction or financial loss alone but rather the combination of these effects.

Our paper improves on existing measures of the costs of foreclosures both in terms of data
and identification. We construct a unique and comprehensive data set covering the universe of
foreclosure filings in Cook County. We combine administrative foreclosure case records; foreclo-
sure, property, crime, bankruptcy, and divorce records; comprehensive individual address histo-
ries merged to neighborhood and home characteristics; and credit reports. The resulting data set
provides us with a more complete view of the consequences of foreclosure than prior work.

We also improve on identification relative to an existing literature on the post-foreclosure ex-
periences of households by combining IV and PSM approaches. Our IV approach uses random
foreclosure judge assignment as an instrument for foreclosure.’ In Illinois, the decision to fore-
close lies exclusively with judges who hear a foreclosure case, and judges are able to influence
the outcome in borderline cases. Anecdotal evidence and an analysis of outcomes show that the
main alternative to foreclosure is a loan modification or payment plan. Foreclosure cases in the

Cook County Chancery Court are assigned to a “calendar” of cases, and each calendar is assigned

3Munroe and Wilse-Samson (2013) also use use random judge assignment in Cook County to study foreclosures.
However, their focus is on price externalities of foreclosures on neighboring properties, and they do not examine the
effects of foreclosure on homeowners, renters, and landlords.



to a principal judge. Because assignment is at the calendar level, we measure judge leniency at
the calendar level using a leave-out mean (see, e.g., Kling (2006), Dobbie and Song (2015), Kolesar
(2013), Bhuller, Dahl, Loken, and Mogstad (2020), Dobbie, Goldin, and Yang (2018)).

Our IV identification strategy infers the causal effect of foreclosure by comparing owners,
renters, and landlords who are assigned a strict calendar of judges relative to those who are as-
signed a lenient calendar. Due to random assignment, individuals will on average be identical on
all other dimensions, so we recover the causal effect of foreclosure. We verify random assignment
by showing that judge leniency is not correlated with a battery of placebo outcomes and by show-
ing that there are no pretrends prior to the foreclosure filing. We also show that our instrument
does not predict whether a case is in our sample, which shows that dropped observations during
data cleaning are not inducing selection in our sample.

Our PSM identification strategy builds on Molloy and Shan (2013). A simple OLS event study
that compares houses with a foreclosure filing that foreclose with those that do not foreclose suf-
fers from the fact that many of cases that avoid foreclosure may not be a good control group.
While some may have a loan modification, others may be sellers who have discontinued mort-
gage payments before they sell or non-foreclosure outcomes that are similar to foreclosure such
as a short sale. PSM addresses this by conditioning on households that have similar ex-ante fore-
closure probabilities based on observables. In practice, PSM eliminates some pre-trends in OLS,
making the event study more convincing.

Both IV and PSM have strengths and weaknesses. IV leverages true random assignment but
has far less power, especially for landlords and renters for whom we have more limited samples.
IV also measures a local average treatment effect (LATE) for compliers to the instrument. PSM has
much more power, but it relies on a selection on observables assumption that is stronger than the
assumptions needed to infer a causal effect from IV. IV also allows us to disentangle the foreclosure
itself from shocks that occur simultaneous with foreclosure, while PSM may be biased due to the
presence of such shocks, such as unemployment shocks that trigger foreclosure (see, e.g., Ganong
and Noel (2019), Bhutta and Shan (2017), Gerardi et al. (2015)). Finally, PSM finds an average
treatment effect for the population, not a LATE for compliers.

We first examine the causal effect of foreclosure on homeowners. We find that foreclosure
increases the probability of moving by about 30 percentage points. As with almost all of the out-
comes we consider for owners, most of the effect occurs in the first few years after the foreclosure

case starts, and the effect is highly persistent. But these moves are not innocuous. Homeown-



ers are more likely to experience multiple moves — an indicator of housing instability — and are
about 20 percentage points less likely to own their home. We also find evidence of financial dis-
tress. Owners who are foreclosed upon have more unpaid collections, which refer to defaulted
unsecured debt, and they are more likely to have a foreclosure on their credit record, although in-
terestingly their credit scores are not much worse. They also have modestly elevated bankruptcy
rates. For these outcomes, IV and PSM are consistent, which reinforces our findings from either
approach independently and assuages potential methodological concerns about each design on
its own.

For other outcomes, we find large negative effects using IV but not PSM. In particular, IV
reveals that homeowners move to worse neighborhoods in terms of average income (16% lower
after 5 years) and middle school test scores. Over 5 years, owners are nearly 7 percentage points
more likely to get divorced. We show that the difference between IV and PSM for these outcomes
is due to IV measuring a LATE for compliers to the judge instrument instead of a population-
average treatment effect like PSM. If marginal cases have more to lose — for instance if they live in
a better neighborhood and have further to fall on a neighborhood quality ladder than the average
case — IV and PSM will differ. We provide evidence for this interpretation by showing that there is
heterogeneity in OLS effects that is consistent with our full-sample IV treatment effects. Given our
evidence for treatment effect heterogeneity, after accounting for the gap between the IV LATE and
the PSM ATE, IV and PSM reinforce one another even for outcomes for which they do not agree
for the full population. We thus conclude that the negative treatment effects for neighborhood
quality and divorce hold for marginal cases but not average cases.

The persistent and negative outcomes we find for homeowners are clear evidence that foreclo-
sure has significant costs beyond the financial costs that are traditionally considered. This implies
that foreclosure is an ex-post inefficient transfer from homeowners to lenders. Our findings also
broaden the case for aggressive foreclosure mitigation policy, although of course the potential
costs in terms of a reduced default deterrent must also be considered.

We next turn to the landlords, for whom we mainly use PSM because of wide confidence in-
tervals for IV. Landlords suffer similar adverse financial effects to homeowners. They experience
an increase in unpaid collections, a modest increase in bankruptcy, and are more likely to have
a foreclosure flag on their credit record, although again the decline in credit scores is modest.
For non-financial outcomes, however, we do not see any of the adverse effects we find for own-

ers. Landlords do not appear to move from their primary residence as a result of the foreclosure,



and do not have the negative impacts on homeownership, neighborhood quality, or personal out-
comes, although we do see some evidence of higher DUI convictions. We also do not see any
evidence of elevated divorce. Given that landlords experience financial loss but not eviction from
their primary residence, our results for landlords imply that the financial losses and credit losses
from foreclosure can explain the negative financial effects we observe for owners but not the neg-
ative non-financial effects.

We finally turn to renters whose landlord is foreclosed upon. Renters are frequently evicted af-
ter a foreclosure, to the point that after popular outcry in 2009 the Federal Government intervened
to limit renter evictions after landlord foreclosure.* We find that renters are more likely to move
in marginal cases but not average cases, likely because marginal landlords who avoid foreclosure
do not evict tenants. Even in cases where there are moves, these moves do not cause significant
adverse outcomes. Indeed, we find almost no negative effects for renters, and the few negative
effects we do find are transitory. The fact that renters do not experience the same degree of nega-
tive outcomes suggests that eviction on its own cannot explain the negative effects of foreclosure.
Our results echo some of the modest causal effects of evictions of low-income renters found by
Humphries, Mader, Tannenbaum, and Van Dijk (2019) and Collinson and Reed (2019) using a
similar judge instrument in Cook County and New York City, respectively. Together, our results
for renters and landlords suggest that the non-financial negative effects we find for homeowners
are due to the combination of eviction and a financial shock rather than either on its own.

Our findings about neighborhood quality and divorce for owners in particular highlight the
importance of considering heterogeneous treatment effects in evaluating foreclosure policy. We
are not aware of prior research that shows evidence of significant treatment effect heterogeneity.
The prior literature uses ordinary least squares in an event study design with controls for ob-
servables. For instance, Molloy and Shan (2013) use PSM to show that foreclosure starts cause
moves, but not to less desirable neighborhoods or more crowded living conditions. Brevoort and
Cooper (2013) show that credit scores persistently decline after a foreclosure start. Piskorski and
Seru (2018) show that only a quarter of homeowners who were foreclosed upon from 2007 to 2017
eventually purchased a home, taking an average of four years to do so. These papers use credit
report data and compare households whose lender initiates a foreclosure with households who

are current on their mortgage due to the difficulty of observing a foreclosure completion (a lender

4In 2009, the Protecting Tenants at Foreclosure Act, which gave tenants the right to receive written notice before
eviction and serve out the remainder of their lease, was enacted. The PTFA was made permanent in 2018.



repossession of a house) in credit report data. By contrast, we use administrative court records and
observe lenders repossessing homes through foreclosure. Our analysis thus compares households
who have a foreclosure initiated by the lender but avoid losing their home due to judicial influ-
ence with households who are actually foreclosed upon. Finally, Currie and Tekin (2015) show
that foreclosure causes an increase in unscheduled and preventable hospital visits using ZIP code
level variation in the timing of foreclosure.

The gap between marginal and average cases is highly relevant for policy and welfare. In par-
ticular, our marginal cases are most informative for foreclosure mitigation policies that are similar
to our judge instrument in that they they affect a relatively small group of marginal homeowners
who have to take costly action to be treated. By contrast, our results for average homeowners
are more relevant for the average effect of broad-based foreclosure mitigation policies for which
take up is less costly. Nonetheless, for such broad-based policies, our findings of declines for
marginal homeowners are still relevant for aggregate welfare calculations that place more weight
on households with larger losses.

The remainder of the paper is structured as follows. Section 2 describes our data set and Sec-
tion 3 describes our empirical approach. Sections 4, 5, and 6, describe our results for homeowners,

landlords, and renter, respectively. Section 7 concludes.

2 Data

We construct a unique data set on the universe of foreclosures in Cook County, Illinois, from 2005
to 2012 with outcomes measured through 2016. Doing so requires linking together several data

sets. This section describes how we create our data set and our analysis samples.

2.1 Data Sources

We combine five main types of data to create our data set. First, we use administrative case records
for 2005 to 2016 scraped from the Cook County Clerk of the Circuit Court’s web site. These case
records provide us with a case number and a dated history of all filings and judgments in each
foreclosure case, the name and address of the defendant, the judge for each judgment, the filing
date for the case, 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 Appendices A .4

and A.5. Our main measure of foreclosure is an indicator for whether a case results in a foreclosure



within three years of the initial filing, so cases that are still in progress have a definitive outcome.”

In practice 91.8% of cases result in a dismissal or foreclosure within three years, and our results
are robust to using a longer time horizon.

Cases are randomly assigned to a calendar. A calendar is functionally equivalent to a court-
room. Each calendar is handled principally by one judge, although sometimes other backup
judges are used. When a judge stops handling foreclosure cases, the entire calendar typically is
transferred to a new main judge that takes over the calendar.® Court documents describe random
assignment beginning in 2005, which is when we begin our analysis. We end with cases filed in
2012 so that we observe at least 5 years of outcomes. In these 8 years we observe 77 year-calendars.
The average calendar has approximately 3,600 cases per year, although in 2008 before the court
added new calendars due to high caseloads, a single calendar might hear up to 6,400 cases in a
year. 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, crime, bankruptcy, and divorce records for Cook
County from the early 2000s to 2017 from Record Information Services (RIS), a firm that digitizes
and cleans public records data in the Chicago area. 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 number (APN) for the property being foreclosed upon. The data also includes the names of
all defendants and property and mortgage characteristics. We use the APN to link the Court fore-
closure records to RIS data on property characteristics as well as deeds data from DataQuick and
CoreLogic that provide us with the transaction and mortgage history of each property, including
buyer and seller names. We also obtain individual-level crime, bankruptcy, and divorce data from
RIS that we use to measure additional outcomes at the person level.

Third, we obtain individual address histories and demographics from Infutor. Infutor provides

us with the entire address history of any individual who resided in Cook County at some point

5For cases that are refiled (same property and owner at a future date), we use the outcome of the case 3 years after
the initial filing including all re-filings. 9.6% of cases are refilings (same property and defendant), and 18.2% of initially
denied foreclosure cases are refiled.

0ne complication that we have to deal with is the non-random reassignment of cases to new calendars as the court
expanded the number of judges and calendars due to the surge in foreclosures. The random assignment procedure and
probabilities, the nature of calendar reassignment, and the active dates for each calendar are described in Appendix
B.1.2. Because we observe only the final calendar and only cases that take longer to resolve are reassigned, using the
scraped calendar variable introduces non-random variation. We are, however, able to recover the original, randomly-
assigned calendar by identifying the main judge handling cases for each active calendar and determining the original
calendar for each case by observing judgments made by the main judge of the originally-assigned calendar. The algo-
rithm we use to reassign calendars is described in Appendix B.1.2. Crucially, with the cleaned calendar, we are able to
replicate stable random assignment probabilities that correspond to court documents as described in Appendix B.1.2.



between 1990 and 2016. The data include not only individuals” Cook County addresses but also
any other addresses within the United States at which that individual lived during 1990-2016. The
data set provides the exact street address, the month and year in which the individual lived at
that particular location, the name of the individual, and demographic information including age
and gender. The data picks up moves at high frequency and is very high quality, as detailed by
Diamond, McQuade, and Qian (2019).

Fourth, we merge in annual snapshots of individual credit reports from TransUnion (TU).
This allows us to observe VantageScore 3.0 (a credit score comparable to a FICO score that we
subsequently refer to as the ”VantageScore”), borrowing, debt payments, delinquency status, loan
modifications, foreclosure flags, and death.

Fifth, we obtain ZIP code income from the IRS Statistics of Income Tax Stats and school test

scores from the Illinois Board of Education.”

2.2 Construction of Analysis Sample

We begin with the Cook County Court data, which is at the case level. We categorize each case
as a mortgage foreclosure or non-foreclosure case handled by the Chancery Court using the first
judgment recorded and drop non-foreclosure cases.® We merge this with the RIS data using case
numbers. Before doing so, we clean the RIS data and drop all cases with multiple parcels as part
of one foreclosure case because RIS may not report all of the parcel APNs. This affects roughly
10% of cases. We then merge in the DataQuick and CoreLogic deeds records using the APN.

We merge our case-level data with individual-level address histories from Infutor. To do so,
we search the individual Infutor address histories to find homeowners and tenants who live at an
address when the foreclosure filing begins as well as landlords who own foreclosed properties.
We construct outcomes for each case-person measured in years from the initial foreclosure filing
from five years prior to the foreclosure start until five years after the foreclosure start. We also
merge in individual-level outcomes from RIS regarding crime, bankruptcy and divorce using first
and last name and ZIP code.

We next identify homeowners, renters, and landlords. We are purposefully cautious in who

7We have investigated intergenerational mobility measures including income mobility, teen birth, and share in
prison from Opportunity Insights” Opportunity Atlas (Chetty, Friedman, Hendren, Jones, and Porter (2018)). We have
not found statistically significant results, but the data cover children who grew up in the 1990s and may not reflect
tract-level conditions in the Great Recession.

8We do not use the Court-provided case type because this variable only exists prior to 2007. More information on
how we classify cases is provided in Appendix A.3.



we define in each category, and drop people who we cannot determine to be an owner, renter, or
landlord with high confidence.

We define owners as individuals whose name matches the foreclosure defendant name and
who live at the foreclosure address at the foreclosure filing date. We also include any cohabitants
who have the same last name.

To find landlords of foreclosed-upon properties who do not live in the property, we use two
criteria. First, a landlord is someone whose address matches the mailing address listed in the
deeds records from prior transactions of the foreclosure property and whose last name matches
the defendant name in the court case.” Second, for properties still not matched to a landlord,
we find everyone who has ever lived in Illinois whose first and last name matches the defendant
name. If a case matches to a unique person, we define them as the landlord. If a case is not
matched to a unique person, but there is only one person with a name match living on the same
street or in the same ZIP code as the foreclosed property, we define them as the landlord.

We define renters as individuals for whom the foreclosure address matches the Infutor address
at the foreclosure filing date and the foreclosure address has an identified landlord.!® We also
restrict our sample to renters living in condominiums and apartments, since these people are most
likely to actually be renters. Since single family homes are so likely to be occupied by owners or
family or friends of owners, we do not include them in our renter sample.

We introduce several sample restrictions to construct our final data set. We drop non-residential
properties and cases that are not clearly classified as either a foreclosure or a dismissal. We also
remove people who have Infutor address histories that are clearly duplicates, as described in
Appendix A.2. Table 1 summarizes how each data cleaning step and sample restriction affects
how many cases and case-people are in our sample. About half of the foreclosure cases that are
dropped are because they are non-residential, match to multiple properties, have an unclear out-
come, or do not match to anyone in Infutor and appear to be vacant. The other half of the cases
that are dropped are because we cannot identify anyone in Infutor who we think is an owner,
renter, or landlord. In Section 3.2.2 we confirm that these restrictions do not induce sample se-

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

9The mailing address of the owner is listed when the property transacts or when a new mortgage is issued. We filter
to only the mailing addresses that are different from the property address. Sometimes this is a business address, which
makes it hard for us to track these landlords.
10We use cases where where multiple individuals in Infutor match the first and last name of the landlord in our
renter sample since we are quite confident the owner does not live at the property. However, we do not include these
duplicated matches in our landlord analysis since we are unsure exactly which person is the landlord.



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
Drop Unclear Foreclosure Case Outcome 239,835
Keep if Match to Someone in Infutor 229,346 1,125,977
Keep if Owner, Renter, or Landlord 183,509 388,723
Drop A Few Problematic Observations With No Leniency 183,494 388,677
Full Final Sample 183,494 388,677
Owners 124,951 248,494
Renters 15,850 80,132
Landlords 54,237 60,051
TU Subsample 174,388 316,514
Owners 121,346 222,966
Renters 13,142 39,595
Landlords 48,477 53,953

Notes: The top panel shows our sample size at each step in the data cleaning process. The bottom two panels show
sample sizes broken down into owners, renters, and landlords for the full final sample and TU subsample, respectively.
Note that the full final sample and full TU subsample rows are not the sum of the rows below because renter cases
include the landlord cases and additional cases with duplicate landlords that are not in the landlord sample as described
in Footnote 10.
classification as an owner, renter, or landlord.

We finally match our data set to the TransUnion credit reports to create a subsample of our
main sample that we refer to as the “TU subsample.” 81 percent of the people in our final sample

match to a credit report, and 95 percent of our cases have at least one matched individual as

indicated in the bottom panel of Table 1. The match rate is lowest for renters.

2.3 Outcomes For Properties With a Foreclosure

Before moving on, we validate our court-record-based foreclosure measure. To do so, Figure 1
shows outcomes 5 years after the foreclosure case filing at the property level in the deeds data
for cases that have a foreclosure judgment within 3 years in the court data and cases that do not.
For cases that have a foreclosure judgment, over 90 percent have a foreclosure sale within 5 years.
Most of the rest have no observed change in the deeds data (a refinancing, arm’s length sale, or
short sale). This is likely due to reversed judgments or appeals. For cases that do not have a
foreclosure judgment, under 15 percent experience a foreclosure sale within 5 years. These are

likely driven by some cases getting refiled and foreclosed on, as well as the borrower agreeing to a

10



deed-in-lieu of foreclosure.!! A similar fraction are observed with a new mortgage without a sale
in the deeds data (indicative of a refinancing or a loan modification, although not all modifications
are recorded), are sold arms length, or have a short sale in which the bank lets the owner sell
the house for less than their outstanding mortgage balance. Just over half of the cases with no
foreclosure judgment have no visible outcome within five years in the deeds data. These include
a mix of very different types of borrowers. First, they include households who began making
mortgage payments again and cure out of delinquency. Second, they include households who
are still not paying their mortgage but for whom the bank has not refiled for foreclosure. Third,
the bank and borrower could have renegotiated a loan modification without it showing up in
the deeds data. Indeed, in private conversations, lawyers who represent parties in Cook County
foreclosure cases told us that the vast majority of dismissed cases are due to a settlement with the
lender, usually in the form of a loan modification or payment plan. Overall, the results in Figure
1 indicate that our primary dependent variable, which indicates a foreclosure judgment within

three years, is picking up meaningful outcomes.

3 Empirical Approach

We estimate the effect of foreclosure using two complementary approaches: a propensity-score-
matched event study (PSM) and an instrumental variables (IV) approach that exploits random
judge assignment. Each approach has its benefits and drawbacks, so the two approaches are com-
plementary. The judge IV has less power but is more convincing because of the clean nature of the
instrument. It also identifies a LATE for marginal cases affected by the judge IV. PSM has more
power, particularly for landlords and renters. The additional power also lets us analyze hetero-
geneity across various sub-samples. However, the identification assumptions are stronger as there
is clear endogeneity in foreclosure and PSM requires strong selection on observables assumptions
to be interpreted as causal. For the full sample, PSM identifies an ATE for the population. The
difference between average and marginal effects will prove to be important for our results.

We first present an ordinary least squares (OLS) event study approach, since OLS is simplest

and both of our main approaches build on OLS. We then present IV and PSM in turn.

A deed-in-lieu is an agreement between the lender and borrower where the borrower gives the house to the lender
and the lender forgives all debt. The deeds records do not distinguish between deed-in-lieu and formal foreclosure,
and so deed-in-lieu is included in the foreclosure category in Figure 1.

11



Figure 1: Property Outcomes in Deeds Data By Foreclosure Judgment

Property Outcomes 5 Years Post Foreclosure Case Filing
Share of Cases Foreclosed: 0.44

(D. -

(O_ -

ﬂ: -

(\! -

o

Foreclosure Judgement No Foreclosure Judgement

I | oan Modification/Refi [l Arms Length Sale
I short Sale N Foreclosure Sale (Deeds)
I None of the Above

Notes: The figure shows property outcomes from the CoreLogic deeds data 5 years after the initial foreclosure filing
separately for cases in which we infer a foreclosure or not based on the court judgments. We categorize outcomes based
on whether the property has an observed refinancing or mortgage modification, an arms length sale not categorized as
a short sale by CoreLogic, a short sale as categorized by CoreLogic, or none of the above.

3.1 Regression Framework

Consider the following individual-level regression which estimates the effect of foreclosure on

various outcomes Y using an event study approach:

Yikst = BsFk + Vs Xi + Cnik),s T Pa(k),sp T Eiks t- 1)

i indexes residents or owners of foreclosed-upon properties, k indexes foreclosure cases (which
can involve multiple residents), t is the year in which the initial foreclosure filing occurs. z(k) is
the ZIP code of residence at the time of foreclosure filing, m (k) is the month and year of the initial
foreclosure filing, and F; is an indicator for whether the foreclosure case resulted in a foreclosure
within 3 years of the initial foreclosure filing. We estimate a separate regression for each event-
year s = —5,...,5 and either plot the regression coefficients s to analyze the treatment effects or
report a pooled coefficient for s = 3 and s = 4. To ensure that sample composition is not driving
our results, we require that the panel be balanced from s = —3 to s = 3. The regression controls

for individual-level observables X;, a fixed effect for the month of the foreclosure start ¢,, ) ., and
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a ZIP code-by-year fixed effect ¢, (). Unless otherwise indicated, X; does not include any ad-
ditional controls for location-based outcomes and includes the Y ;_; for person-based outcomes.
We control for the t — 1 outcome to enhance power, and our results are not significantly changed
if we omit this control. For owners and landlords, we weight by the inverse of the number of
people per case so that we do not overweight foreclosure cases with more people matched to the
property. For renters, we weight by person since there may be multiple units in the building and
it is less clear how many households there are. Because this is an individual level regression but
foreclosure is determined at the case level, standard errors are clustered at the case k level. We use
the same weighting and clustering for PSM and IV appropriately modified as described below.

This regression performs a cross-sectional comparison between homes with a foreclosure filing
that are foreclosed upon and not foreclosed upon. Such a cross-sectional comparison does not
lead to causal estimates unless foreclosure is random. Prior studies such as Brevoort and Cooper
(2013), Piskorski and Seru (2018), and Currie and Tekin (2015) have dealt with this by using an OLS
event study design that is similar to a difference-in-difference strategy using sharp variation at the
moment of foreclosure. Molloy and Shan (2013) use a propensity score matching approach similar
to the one we use. The event study requires assuming that conditional on observables, foreclosed
and non-foreclosed households would have followed parallel trends absent foreclosure and that
the foreclosure is the only thing that happens in the year of foreclosure.'?

There are three potential issues with OLS. First, OLS may conflate the effects of foreclosure
with other omitted variables. The bias may go either direction. For instance, if financial shocks
trigger foreclosure when a household is underwater as in the “double trigger” model of default
(Ganong and Noel (2019), Bhutta and Shan (2017), Gerardi et al. (2015)), then the OLS approach
would ascribe the effects of the financial shock to the foreclosure, leading to an upward bias. By
contrast, it may be the case that borrowers with the most to lose may be more likely to vigorously
tight the foreclosure, leading to a downward bias. Similarly, lenders may make more effort to fore-
close on larger mortgages. Indeed, Figure 2 plots probabilities of various outcomes for a property
5 years after the foreclosure filing for bins of the complaint amount, which is roughly equal to the
amount of principal remaining on the defaulted mortgage plus missed payments. One can see
that a foreclosure and a short sale are much more likely for larger complaint amounts, indicating
that both lenders are more aggressive at pursuing the foreclosure and homeowners are more ag-

gressive at pursuing alternatives to foreclosure when the stakes are higher. These are just a few of

12The literature uses the full population rather than limiting to individuals who experience a foreclosure filing.
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Figure 2: Property Outcomes By Complaint Amount

Case Outcomes by Complaint Amount

Share of Cases

T T T T T T
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Complaint Amount (log scale)
—@—— None of the Above —@—— Loan Modification/Refi
—&—— Arms Length Sale —®&—— Short Sale

—8&—— Foreclosure (Deeds)

Notes: The figure shows case outcomes from the CoreLogic deeds data 5 years after the initial foreclosure filing by
initial complaint amount. We categorize outcomes based on whether the property has an observed refinancing or
mortgage modification, an arms length sale not categorized as a short sale by CoreLogic, a short sale as categorized by
CoreLogic, or none of the above.

the observables for which there are clear differences between the foreclosure and non-foreclosure
groups.

Second, the dismissed foreclosure cases may not be a good control group. For instance, we ob-
serve cases in which an above-water homeowner stops making mortgage payments, a foreclosure
case is filed, and a sale occurs shortly thereafter, indicating that the homeowner stopped making
payments while they were trying to sell. This occurs for about 6% of cases. These cases are an odd
control group for foreclosed-upon properties because they were unlikely to ever foreclose.

Third, OLS treats all non-foreclosure outcomes the same. Some look a lot like foreclosure, such
as a deed in lieu of foreclosure (which the deeds data codes as a foreclosure), in which the house-
hold transfers the property to the lender without a formal foreclosure proceeding in exchange
for more favorable treatment. Other outcomes, such as loan modifications, look very different.
Others, such as short sales, are somewhere in between. This, too, is related to a heterogeneous
likelihood of foreclosure.

One clear indicator that one if not all of these problems is present is the presence of pre-trends

in some of our samples using OLS as shown in Appendix C.2. This is functionally a failed placebo
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test. Given these limitations with OLS, we pursue two different approaches: IV using random

judge assignment and PSM following Molloy and Shan (2013).

3.2 Instrumental Variables Approach

We use the leniency of randomly assigned foreclosure judges in Cook County as an instrument
for foreclosure.

Illinois is a judicial foreclosure state, meaning that in order to seize a home as collateral, lenders
must file a court case, and final authority for the foreclosure rests with an Illinois Circuit Court
judge in the Chancery Division.!®> While the law has clear guidelines and standards for a fore-
closure to occur, there are grey areas that gives judges some discretion in affecting the outcome
of foreclosure cases.'* Most notably, judges can push for non-foreclosure resolutions such as a
loan modification, a short sale, or a deed in lieu of foreclosure. Discussions with lawyers who
represent parties in Cook County foreclosure cases reveal that judges are highly heterogeneous
in the degree to which they push parties to settle. Judges can also dismiss a case based on mis-
takes in mortgage paperwork or missing paperwork, if the lender cannot prove that they have
provided the borrower with legally-required notices of delinquency, the defendant was not per-
sonally served or an “honest and well-directed” effort was not undertaken to find them.!> Cases
can also be dismissed if the borrower is found not sane or unable to enter into a contract, if the
judge determines that a reasonable borrower could not understand the loan terms, or if a judge
finds fraud, deceptive business practices, or violations of the Truth in Lending Act, provisions that
mattered significantly more after the exposure of “robosigning” practices by lenders. Finally, in
2010 Cook County instituted a free foreclosure mediation program, which all defendants have the
right to request and which pauses the foreclosure proceedings. All of these subjective decisions
make it possible for judges to affect outcomes by being systematically strict or lenient. Indeed,
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.'®

3Tllinois is also a recourse state, meaning that lenders can go after an individuals assets if the property’s value is less
than the amount owed on the mortgage. However, Nelson and Walsh (2014) report that “by custom, the judges in Cook
County rarely grant [personal deficiency judgments], and instead grant only in rem deficiency judgments.”

14For details on Illinois Foreclosure Law and ways in which defense attorneys can contest a foreclosure, see Nelson
and Walsh (2014), on which our summary is based.

15Unfortunately the court records do not provide us information about what alternatives to foreclosures a judge
recommends. All we see is whether a foreclosure is approved or denied.

16In 2013, the Supreme Court adopted new state-wide rules with clearer guidelines that (1) standardized fore-
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Given this discretion, our instrument takes advantage of differences in judge leniency to pro-
vide variation in foreclosure. Crucially, the assignment of cases to a calendar is random. Given
this, we compute leniency at the calendar-year level and use this as our instrument.!” Define the
leniency Z of case k assigned to calendar c in year f as:

_ Yieej#k Fict

Lot = ——t——,
ot Nkt

where again F; is an indicator for foreclosure within 3 years for case j and N(_y) ., is the number
of cases on calendar c in year t leaving out k. Z is thus simply the mean probability of foreclosure
for case k’s calendar leaving out observation k itself. A leave out mean is needed to ensure that
the instrumented variable is not part of the instrument and is typically used in an empirical liter-
ature that uses the leniency of randomly-assigned judges for identification of causal effects (e.g.,
Kling (2006), Dobbie and Song (2015), Kolesar (2013), Bhuller et al. (2020), Dobbie et al. (2018),
Humphries et al. (2019), Collinson and Reed (2019)).18

We use the instrument to estimate the causal effect of foreclosure in a two-stage least squares

framework for s = -5, ...,5:

Yi,k,s,t = ﬁst + 'Yin + ém(k),s + ‘Pz(k),s,t + Eik,s,t (2)

Fe =TZcp + aXi+ Gy + Pa(k),r T ikt 3)

As with the OLS specification in equation (1) above, we weight by the inverse of the number of
people per case for owners and landlords and cluster our standard errors by case because the
instrument variation is at the case level.

Bs is the local average treatment effect of foreclosure at horizon s for the variation induced by

closure mediation programs, (2) requiring that prior to a foreclosure all plaintiffs must show all the chain of
title to the mortgage debt, and (3) requiring plaintiffs file an affidavit attesting that they have complied with
all available loss mitigation programs. See http://www.illinoiscourts.gov/media/pressrel/2013/022213.pdf and
https:/ /www.isba.org/ibj/2013 /04 /lawpulse /newsupremecourtrulespromoteforeclos.

70ur instrument can be defined at any time frequency. Using a higher frequency has the disadvantage that Z is a
noisier measure of leniency. However, a higher frequency may be beneficial if one is concerned that calendars may
be more active in parts of the year in which more cases are more likely to foreclose. This would imply that Z is not
randomly assigned and provide biased results. We use an annual Z to maximize power, but our results are not sensitive
to the frequency of the instrument.

185ome of the literature such as Collinson and Reed (2019) finds that judge leniency is correlated with time to decision
and decompose the two effects. In our data, lenient judges do take longer. In Appendix D.3, we run regressions with
both foreclosure and time to judgment instrumented by average judge leniency and average judge time to judgement.
We find that the causal effects we attribute to foreclosure in the main paper are not driven by time to judgement, which
has separate effects that are somewhat orthogonal to foreclosure.
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Figure 3: First Stage Binned Scatter Plot
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1
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Notes: This figure is a binned scatter plot of the first stage for all observations in our analysis sample (owners, renters,
and landlords combined). The binned scatter plot residualizes out month and ZIP-year fixed effects to be consistent
with (3). We weight by the inverse of the number of people per case for owners and landlords so that each foreclosure
case is weighted equally.

the instrument. This approach requires that the instrument be relevant — that is I' # 0 — and that
the instrument be orthogonal to the second stage error term — that is Z;.; L €., — which is
satisfied by random calendar assignment. The IV approach also requires monotonicity — that is
that all judges have the same ranking of the likelihood of foreclosure across cases. In the judge
IV context, montonicity is a concern if, for instance, minority judges are more lenient for minority
defendants and non-minority judges are more lenient for non-minority defendants. We evaluate
the monotonicity assumption extensively in Appendix B.2 and find no evidence of a violation of

monotonicity.

3.2.1 First Stage

The top panel of Table 2 shows our first stage regression for three different samples: all properties
that we can classify as an owner or renter, owners, and renters. We obtain a first-stage coefficient
of between 0.64 and 0.95, with an F statistic of 112.10 for owners, 21.27 for renters, and 33.26 for
landlords, indicating that we have a powerful instrument. A binned scatter plot of the first stage is
shown in Figure 3, which reveals a linear first stage not driven by outliers. The median foreclosure
probability is 42%, with the most lenient 5% of calendar-years foreclosing just under 38% of the

time and the most strict 5% of calendar-years foreclosing just over 46% of the time. Thet 7% of
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Table 2: IV First Stage Regression Coefficients and F Statistics

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

ey 2) @) (4)
Full Sample  0.692***  0.697*** 0.945***  0.643***
Judge Leniency  (0.056)  (0.066)  (0.205) (0.111)
F 152.5 1121 21.3 33.3
N 183,494 124951 15,850 54,237

TU Subsample  0.672***  0.668*** 1.142***  (.723***

Judge Leniency  (0.060)  (0.069)  (0.341) (0.117)
F 124.6 93.4 11.2 38.0
N 174,388 121,364 13,142 48,477

Notes: This table shows first stage regression coefficients for all cases (owners, renters, and landlords combined),
owners, renters, and landlords. The top panel shows results for the full sample, while the bottom panel shows it
for the TU subsample. The regression is at the case-person level. The first stage includes month and zip-year fixed
effects as in (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 significance at the 10% level,
** at the 5% level, and *** at the 1% level.

cases have their outcome impacted by the random assignment of the judge are the cases we study
using our IV design.

The bottom panel shows the first stage for the TU subsample. The F statistics are 93.38 for
owners, 11.21 for renters, and 38.04 for landlords. The first stage is very similar for the full sample

for all groups, but power falls precipitously for renters due to the lower match rate.

3.2.2 Verifying Random Assignment

It is crucial for our IV approach that we verify random assignment, which we do in three ways.
First, the Appendix B.1.2 shows that our cleaned calendar variable replicates published random
assignment probabilities from the Cook County Courts. Second, we show that there are no-
pretrends when we present the results. Third, we present a number of placebo tests. In partic-
ular, if assignment is random, the leniency instrument Z; . ; should be independent of case-level
and individual-level observables, such as whether an observation is included in our main analysis
sample, whether it is classified as an owner, renter, or landlord, gender, and age.

Table 3 shows the results of these placebo test regressions, which take the form of equation
(1) with the indicated observable as the outcome Y. In all cases we find no significant effects and

precise standard errors.
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Table 3: Placebo Tests: Leniency Instrument Regressed on Observables

Case-Level Case-Person-Level
Dependent Variable InSample Owner Renter Landlord Age Male  TU Match
Judge Leniency -0.007 0.024 0.005 -0.004 2.239 0.008 -0.047
(0.044) (0.054) (0.033)  (0.053) (1.672)  (0.048) (0.032)
N 244,831 183,494 183,494 183,494 290,369 388,648 388,648

Notes: This table shows placebo regression coefficients for all cases that we match to the Infutor data, including owners,
renters, and cases that cannot be matched to owners or renters. The first four columns are case-level regressions with
dependent variables for being in sample (matched to an owner or renter), owner, renter, and landlord. The next three
columns are for individual-level outcomes. All regressions include month and zip-year fixed 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 significance at the 10% level, ** at the 5% level, and *** at the 1% level.

The first set of regressions are case-level. The first column shows that judge leniency has
no effect on whether a case is included in our analysis sample. The next three columns show
that judge leniency has no effect on whether we categorize an individual as an owner, renter, or
landlord. The second set of regressions are case-person level regressions with individual-level
outcomes. Again, if the cases are randomly assigned, then judge leniency should have no effect
on any individual-level variables. The regressions show that judge leniency has no effect on the
age or gender of an owner, renter, or landlord. The final column shows that judge leniency has no
effect on whether we are able to match to credit reports in the TU subsample.

In addition to addressing concerns about random assignment, the fact that our instrument
cannot predict whether a case is included in our sample and whether we have found an owner,
renter, or landlord assuages concerns that our sample restrictions lead to a selected sub-sample of
the data. If this were the case, one would see a treatment effect of the instrument on inclusion and

whether the person is an owner, renter, or landlord.

3.2.3 Characteristics of Compliers

Our IV approach estimates a local average treatment effect for the compliers to random calendar
assignment. Before moving on, we examine the characteristics of this group relative to the always
takers and never takers of treatment. We define always takers as those who would foreclose even
when assigned to the most lenient calendar. Never takers are defined as those who do not foreclose
even when assigned to the most strict calendar. Compliers are those whose outcomes are impacted

by the random assignment of the calendars in our sample. Table 4 shows summary statistics for
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Table 4: Summary Statistics by Complier Type-Owners

Group Mean Log Mean Log Log Living Elementary
Average ZIP Income att ZIP Income att —5 Square Feet School Test at t —5
(1) (2) (3) (4)
Compliers (7%) 3.76 3.77 7.27 41
Always Takers (31%) 3.71 3.66 7.24 33
Never Takers (62%) 3.75 3.69 7.27 35
Group Middle School Outstanding Debt At Elementary
Average Testatt —5 Debt at t Purchase School Test t
) (6) @) ®)
Complier (7%) 48 $212.3K $210.5K 41
Always Takers (31%) 44 $197.9K $196.8K 36
Never Takers (62%) 45 $192.5.K $195.3K 38
Group Middle School Self Has VantageScore
Average Test at t Represented Lawyer att—>5
©) (10) (11) (12)
Complier (7%) 50 0.084 0.060 610
Always Takers (31%) 42 0.047 0.038 605
Never Takers (62%) 44 0.055 0.039 597

Notes: This table shows summary statistics for compliers, always takers, and never takers of foreclosure within our
homeowner sample.

these three groups within our homeowner sample.

Because the variation in the range of judge leniency is about 7 percentage points, it is not
surprising the share of our homeowner cases that are compliers is about 7%. We find 31% are
always takers and 62% are never takers. Compliers appear to have more to lose from a foreclosure.
They have 7% more mortgage debt at the time of foreclosure than always takers and 10% more
than never takers. They also took out larger mortgage at purchase than both always and never
takers. They live in better neighborhoods than both the always and never takers, as measured by
neighborhood income, and elementary and middle school test scores. This is especially apparent
five years prior to treatment when compliers live in neighborhoods with 11% higher incomes and
8 percentage point higher elementary school test scores than always takers and 8% higher incomes
and 6 percentage point higher elementary school tests than never takers. Compliers also appear
to be more likely to fight the foreclosure case: 6.0% of them hire a lawyer, a compared to 3.8% and
3.9% of always and never takers, respectively. They also represent themselves in their cases 8.4%

of the time, which is an indicator that they actively show up to court. By contract, always and

20



Table 5: Summary Statistics by Complier Type-Renters

Group Mean Log Mean Log Log Living Elementary
Average ZIP Income att ZIP Income att —5 Square Feet School Test at t —5
1) 2) 3) 4)
Compliers (10%) 3.54 3.60 7.73 22
Always Takers (53%) 3.56 3.50 7.65 21
Never Takers (37%) 3.64 3.57 7.68 23
Group Middle School Outstanding Debt At Elementary
Average Testatt —5 Debt at t Purchase School Test t
) (6) @) ®)
Complier (10%) 50 $260.9K $248.0K 21
Always Takers (53%) 47 $245.0K $237.5K 23
Never Takers (37%) 47 $250.4K $253.1K 26
Group Middle School Self Has Vantage
Average Test at ¢ Represented Lawyer Scoreatt —5
©) (10) (11) (12)
Complier (10%) 59 -0.01 0.02 537
Always Takers (53%) 44 0.03 0.07 559
Never Takers (37%) 48 0.063 0.07 573

Notes: This table shows summary statistics for compliers, always takers, and never takers of foreclosure within our
renters sample.

never takers only self represent 4.7% and 5.5% of the time, respectively.

Overall, the compiler analysis for homeowners suggests compliers tend to have more to lose
from foreclosure than both always takers and never takers. This will prove important when we
analyze the difference between IV and PSM, as IV estimates local average treatment effects for
compliers while PSM estimates average treatment effects for the entire population.

Table 5 shows these same summary statistics among the renter-occupied cases we study. Un-
like homeowners, renter compliers do not exhibit as clear selection selection patterns. They appear
to have lower credit scores, live in larger buildings with larger mortgages, and have landlords
who are very unlikely to use a lawyer or self represent themselves in the foreclosure case than
always and never takers. There is no clear selection patterns in terms of neighborhood quality, as
measured by neighborhood income or school quality. Table 6 shows these summary statistics for
our landlord cases. Complier landlords are not selected based on neighborhood quality, having a
lawyer, or self representing. They do appear to live in 5% to 7% smaller homes, but have larger

mortgages and better credit scores than always and never takers.
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Table 6: Summary Statistics by Complier Type-Landlords

Group Mean Log Mean Log Log Living Elementary
Average ZIP Income att ZIP Income att —5 Square Feet School Test at t —5
(1) (2) (3) (4)
Compliers (6%) 3.86 3.76 7.32 37
Always Takers (51%) 3.84 3.74 7.37 37
Never Takers (43%) 3.89 3.81 7.40 39
Group Middle School Outstanding Debt At Elementary
Average Testatt —5 Debt at t Purchase School Test t
(5) (6) (7) (8)
Complier (6%) 39 $226.9K $235.6K 37
Always Takers (51%) 49 $206.3K $199.3K 41
Never Takers (43%) 52 $207.3K $207.8K 42
Group Middle School Self Has Vantage
Average Test at t Represented Lawyer Scoreatt —5
©) (10) (11) (12)
Complier (6%) 45 0.033 0.006 644
Always Takers (51%) 49 0.027 .052 635
Never Takers (43%) 52 0.049 056 638

Notes: This table shows summary statistics for compliers, always takers, and never takers of foreclosure within our
landlord sample.

3.2.4 Advantages of Judge IV Approach

The key advantage of our judge IV approach is it provides clean evidence of causality with min-
imal additional assumptions. The judge assignment is truly random. The judge IV estimates a
local average treatment effect for marginal cases that are affected by judge random assignment.
This is likely to be the relevant treatment effect for policies that provide a mortgage modification
to a small number of people after considerable legwork, much like the compliers must fight the
case in court.

The main disadvantage of the judge IV approach is power. We have significant power for
owners, but limited power for renters and landlords. Indeed, in some cases we obtain an imprecise
zero with the IV approach. We also do not have sufficient power to analyze heterogeneity in the
IV treatment effect in any meaningful way. We thus present a PSM design to complement our IV

results.
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3.3 Propensity-Score Matching Approach

The PSM approach generalizes the OLS event study design in equation (1) by turning the ZIP-time
and date-of-filing fixed effects into ZIP-time-propensity-score-bin and date-of-filing-propensity-

score-bin fixed effects:

Yi,k,s,t,p = ,Bst + s Xi + ém(k),s,p + ¢z,s,t,p + Eiks,t,pr 4)

where p indexes the propensity score bin. As with OLS, regressions are weighted by the inverse
number of people per case for owners and landlords and standard errors are clustered by case. As
with the OLS event study and IV, we present figures of the B coefficients and report a pooled S
for s = 3 and s = 4 in a table.

To create propensity score bins, we run a regression of the foreclosure indicator for the case F

on a number of observables three years prior to the case filing at s = —3:

Fie = aXis—3+ (k) + Pz(i) ¢ T Cikt- ©

We use the predicted values of this regression based only on the observables, #X;,_3, to obtain
propensity scores at the person level. We then split individuals into deciles based on their propen-
sity score, which is what we use as the propensity score groups.'’

By conditioning the fixed effects on propensity score deciles, our PSM estimates compare indi-
viduals who have similar propensities to be foreclosed upon but who receive different outcomes.
This helps address the concerns about OLS. PSM has been found to be quite effective in non-
experimental settings (Dehejia and Wahba (2002)). PSM also directly addresses the issues of a poor
control group and poor counterfactual outcomes to foreclosure by conditioning on the propensity
score so that cases that are very likely to foreclose are not compared to cases that are unlikely
to foreclose. Appendix C.2 shows that the propensity score adjustment eliminates many of the
pre-trends we observe in OLS.

The identifying assumption of the PSM approach is that (1) conditional on the propensity score
tixed effects, the treatment and control groups have parallel trends and (2) that there are no other
omitted shocks that occur at the time of foreclosure. This is a somewhat stronger assumption than

IV because the propensity score control may not control for shocks that trigger a foreclosure. While

19The main advantage of using propensity score groups (similar to matching) rather than controlling for the propen-
sity score is that doing so is more non-parametric.
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the presence of parallel pre-trends is reassuring, it does not test for a violation of this assumption.

One issue is how to select the lagged observables X;,_3 that we use to create the propensity
scores. To do so, we estimate equation (5) separately for owners, renters, and landlords for 11
different non-credit observables and 9 credit-related observables described in Appendix C.1. We
pick the five observables with the most explanatory power for each subgroup and use these five

20

variables as the X;; 3 in estimating the propensity score.”” This procedure is quite successful

based on its ability to reduce pre-trends.

3.4 Advantages of Propensity Score Matching Approach

The key advantage of our PSM approach is that it provides us with substantially more power,
particularly for landlords and renters. It thus complements the IV approach by allowing us to
study a number of outcomes and sub-groups for which we would otherwise have no significant
evidence. This approach also provides us with an average treatment effect for the population
rather than a local average treatment effect for compliers to the judge instrument.

The main disadvantage of the PSM approach is that it assumes selection on the observables is
sufficient for a causal interpretation, and there may be unobservables for which the PSM approach
cannot fully control. While PSM reduces pre-trends, it does not always remove them altogether
indicating that the PSM method is imperfect.

Given the pluses and minuses of both approaches, we use the two approaches to complement
one another. In particular, we obtain broadly similar results for IV and the PSM for a number of
outcomes. For other outcomes, they look quite different. However, we are able to find sub-samples
for whom OLSs look very similar to the IV results for the full population, and our selection of
these sub-samples have a clear interpretation of being due to the difference between marginal and
average cases.?! IV and PSM thus complement one another even in cases where they may appear

at first blush to disagree.

20For observations without matched credit report data, we substitute the sample average. This performs similarly to
limiting ourselves to the TU sample.

2I'We use OLS rather than PSM for sub-samples because over-saturating the PSM regressions with fixed effects for
small samples leads to very wide standard errors.
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4 Results: Owners

Figures 4, 5, 6, and 7 and columns 1 and 2 of Table 7 show IV and PSM results for owners. Table
7 shows the pooled point estimate for years 3 and 4 relative to the base year. The figures show
the IV point estimates for each year s = —5,...,5 since foreclosure indicated with blue dots and
95% confidence intervals indicated by bars. The PSM point estimates are shown by red Xs, and
we omit confidence intervals from the figures since they are so small. For some outcomes, such
as whether an owner had moved from their residence as of the date of foreclosure, the treatment
effect is zero in year zero by construction. For other outcomes, we allow for a treatment effect
in the year of the foreclosure filing by controling for the t — 1 outcome, so the coefficient is zero
in year —1. Importantly, none of our IV results have statistically significant pre-trends and none
of our PSM results have economically significant pre-trends, which would be evidence against a

causal interpretation of our PSM or IV approaches.

4.1 Moving, Housing, and Homeownership

Perhaps unsurprisingly, foreclosures cause homeowners to move out of foreclosed-upon home as
shown in Panel 4a. Moving picks up immediately after the case filing and is 29% higher by years
3 and 4 for both IV and PSM. It is worth noting that as a raw mean, about half of the owners
who have a foreclosure ruling against them in the first 3 years have moved by year 52> For
many results, PSM and IV are broadly similar, as they are for moving. The fact that these two
methodologies agree reinforces our conclusions.

Our address history data allow us to take our analysis of moving one step further and examine
housing instability. To do so, Panel 4b shows results for the cumulative number of moves since
the foreclosure filing. There is some evidence of housing instability: Even though the causal effect
of foreclosure on living at the original address is 0.29 in years 3 and 4, the cumulative number
of moves is 0.39 according to IV and 0.35 according to PSM. For 1V, this rises to 0.54 in year five.

Foreclosure thus causes the average foreclosed-upon homeowner who leaves their home to move

22While one might expect that all owners are evicted after a foreclosure, it turns out that many homes that are repos-
sessed by a lender are still occupied by the previous owner, and our 50 percent number is in line with other studies.
For instance, Molloy and Shan (2013) find that only 55% of those who are foreclosed upon have moved to a different
Census Block four years after the foreclosure start (their Table 2) and Piskorski and Seru (2018) report that 60% of those
with a foreclosure between 2007 and 2017 have moved to a different ZIP code by 2017 (their Table 1b). In a 2013 report,
RealtyTrac reports that nationwide 47 percent of bank-owned homes are still occupied by the previous owner, and that
this number 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 7: Summary of All IV and PSM Results at Years 3 and 4

Owner Landlord Renter
Specification: v PSM v PSM v PSM
1) () 3) 4) ) (6)
Moved from Foreclosure Address 0.289***  (.285*** 0.050 0.017%** 0.107* 0.005
(0.081) (0.003) (0.161) (0.006) (0.063) (0.005)
Cumulative Number of Moves 0.390***  (0.352*** -0.042 0.037*** 0.125 0.005
(0.110) (0.004) (0.235) (0.008) (0.084) (0.006)
Owns Primary Residence -0.220**  -0.166*** 0.339* 0.027 0.021 -0.013
(0.106) (0.004) (0.204) (0.036) (0.061) (0.013)
Log Square Footage of Living Space -0.021 0.022%** -0.106 -0.009 -0.080* 0.004
(0.051) (0.002) (0.117) (0.007) (0.048) (0.004)
Log Zip Code Average Income -0.106**  0.016*** 0.127 -0.004 -0.044  -0.004**
(0.041) (0.001) (0.088) (0.003) (0.032) (0.002)
Elementary School Test Score Rank -3.282 0.711*** 0.324 0.045 -3.737 -0.154
(2.769) (0.097) (6.803) (0.310) (2.416) (0.147)
Middle School Test Score Rank -6.143** 0.101 -6.317 0.001 2.251 -0.057
(2.851) (0.088) (5.584) (0.197) (2.769) (0.156)
High School Test Score Rank -3.025 0.988*** -6.568 -0.085 0.253 -0.363**
(3.107) (0.101) (5.884) (0.226) (2.288) (0.176)
Cumulative Number of Divorces 0.065%* 0.002* -0.065 -0.001 0.005 -0.001
(0.028) (0.001) (0.051) (0.002) (0.012) (0.001)
Cumulative Number of Crimes Convicted 0.023 0.005 0.157 0.008 0.015 0.028***
(0.100) (0.004) (0.181) (0.009) (0.102) (0.010)
Cumulative Number of Bankruptcies 0.027 0.006*** 0.095 0.015%** -0.007 -0.001
(0.048) (0.002) (0.127) (0.004) (0.015) (0.001)
Cumulative Number of DUI Convictions 0.017 -0.001 0.058* 0.003** 0.005 0.000
(0.022) (0.001) (0.033) (0.001) (0.009) (0.001)
VantageScore -13.866  -3.538*** 10.422 2.909* -5.913 0.208
(25.752)  (0.733) (36.319)  (1.526) (41.752)  (2.776)
Death 0.006 0.008*** 0.022 0.002 0.021 -0.002
(0.026) (0.001) (0.039) (0.002) (0.023) (0.002)
Number of Foreclosures 0.085 0.210%** 0.055 0.325%** 0.016 -0.003
(0.097) (0.003) (0.492) (0.021) (0.035) (0.004)
Number of Unpaid Collections 1.255* 0.375%** 0.379 0.264*** 1.189 0.164*
(0.667) (0.021) (1.198) (0.053) (0.778) (0.088)
Number of Auto Loans -0.152 -0.022*** -0.324 0.016 0.156 0.008
(0.210) (0.006) (0.409) (0.017) (0.222) (0.020)
Number of Mortgages 90+ DPDs -0.288  -0.248** -0.167  -0.344*+ 0.196 0.028
(0.246) (0.007) (0.519) (0.023) (0.254) (0.028)
Number of Mortgages with Loan Mod 0.036 -0.099*** -0.088 -0.100*** 0.011 0.000
(0.053) (0.001) (0.119) (0.005) (0.017) (0.002)
Number of Open Mortgages -0.260**  -0.310*** -0.226  -0.409*** -0.158* 0.002
(0.095) (0.003) (0.321) (0.014) (0.084) (0.007)
Open Mortgage Balance / RIS Amount -0.416%**  -0.307*** -0.004  -0.424*** 0.021 -0.002
(0.157) (0.006) (0.898) (0.043) (0.135) (0.010)

Notes: This tables summarizes our IV and PSM results for owners, landlords, and renters by showing pooled results
for years 3 and 4 relative to the base year. For IV, we estimate equation (2) by two-stage least squares with the first stage
being equation (3). For PSM, we estimate equation (4) and create the propensity score as described in the main text.
For owners and landlords, regressions are weighted by the inverse number of people per case. All standard errors are
clustered by case. * indicates significance at the 10% level, ** at the 5% level, and *** at the 1% level.
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Figure 4: Owners: Moving and House Characteristics
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Notes: Each panel shows IV and PSM results for the indicated outcome variable for all owners in our sample. Each
dot indicates the IV point estimate for s estimated using equations (2) and (3) and the bars indicate 95% confidence
intervals. Each x indicates the PSM estimate for s estimated using equation (4). PSM confidence 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.

more than once. This result echoes findings by Collinson and Reed (2019), who show that evic-
tion causes increases in residential instability, although they focus on homelessness rather than
multiple moves.

Foreclosed-upon homeowners are also significantly less likely to own their residence after a
foreclosure. Panel 4c shows estimates for whether the foreclosed-upon homeowner owns their
primary residence in year t. IV finds a 30 percentage point fall by year two. This remains low:
By years 3 and 4, homeownership drops 22 percentage points for IV and 17 percentage points for

PSM. An effect that persists for at least five years is in line with what Piskorski and Seru (2018)
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Figure 5: Owners: Neighborhood Characteristics
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Notes: Each panel shows IV and PSM results for the indicated outcome variable for all owners in our sample. Each
dot indicates the IV point estimate for s estimated using equations (2) and (3) and the bars indicate 95% confidence
intervals. Each x indicates the PSM estimate for s estimated using equation (4). PSM confidence 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. Log average ZIP code income comes from the IRS. For schools, the dependent
variable is the average percentile rank of the local school on math and reading (a coefficient of 1 means a change in the
average rank of 1 percentage point). The Illinois Board of Education reports these percentages for math and reading
separately, and we combine them into a single average index.

find for how long it takes foreclosed-upon households to return to homeownership, and it is also
consistent with GSE guidelines for how long after a foreclosure a foreclosed-upon household is
unable to obtain a mortgage.

Interestingly, we do not find evidence that foreclosure causes households to downsize to a
smaller home. Indeed, we find an economically-small and statistically insignificant negative

causal effect of foreclosure on the square footage of the a foreclosed-upon household’s home for
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IV and a significant but economically small positive effect on square footage effect for PSM, as

shown in Panel 4d.

4.2 Neighborhood Quality

We find evidence that marginal foreclosed-upon homeowners move to worse neighborhoods, as
shown in Figure 5. Panel 5a shows that for IV, foreclosures cause the log average income in the ZIP
code in which the foreclosed-upon homeowner resides to fall by a statistically-significant 11% by
years 3 and 4 and 16% by year 5. These are economically large effects that suggest that foreclosure
causes owners to move to significantly lower-income neighborhoods. These effects widen over
time, indicating that foreclosed owners fall further and further behind in neighborhood quality
relative to where they would have been absent foreclosure.

However, we do not see a similar decline for PSM, for which ZIP average income rises by a
statistically but not economically significant amount. This finding is consistent with Molloy and
Shan (2013). We analyze the discrepancy between IV and PSM for several outcomes after we
review all of our results for owners in Section 4.5 below. In that section, we present evidence that
the discrepancy is due to differential treatment effects for marginal households (IV) and average
households (PSM), which is consistent with marginal households being in nicer neighborhoods
and have further to fall on a neighborhood quality ladder than average households.

Another measure of neighborhood quality is school quality. Panels 5b, 5c, and 5d show the
causal effect of foreclosure on the average (across reading and math) percentile rank of the local
elementary, middle, and high school, respectively, on Illinois standardized tests. The results show
that marginal households move to neighborhoods with worse schools middle schools, with in-
significant negative effects for elementary and high schools. In terms of magnitude, the percentile
rank of the local middle school is 6 percentiles lower in years 3 and 4. These significant effects
on middle school test scores hint at potential effect on the children of marginal foreclosed-upon
households, but we cannot test long-run outcomes for children directly with our data.

As with ZIP code income, we do not observe large negative effects on neighborhood quality for
average households using PSM. We ascribe this to the fact that neighborhood quality generally —
which is picked up by income and school quality — declines for marginal foreclosed-upon owners

but not the average foreclosed-upon owners.
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Figure 6: Owners: Personal Outcomes
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Notes: Each panel shows IV and PSM results for the indicated outcome variable for all owners in our sample. Each
dot indicates the IV point estimate for s estimated using equations (2) and (3) and the bars indicate 95% confidence
intervals. Each x indicates the PSM estimate for s estimated using equation (4). PSM confidence 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. Because the filing of the foreclosure may cause negative outcomes, we measure
outcomes relative to the period before the filing instead of the period of the filing itself. The outcome variables come
from public records collected by RIS. Crimes includes drug, property, and violent crimes. Bankruptcies includes both
Chapter 7 and Chapter 13.

4.3 Personal Outcomes and Bankruptcy

We find evidence of elevated levels of personal trauma particularly for marginal households fol-
lowing a foreclosure by linking our results to RIS data on divorce, crime, DUI convictions, and
bankruptcy, as shown in Figure 6. Because these events are relatively rare, we look at the effect
on the cumulative number of events since the foreclosure filing rather than the probability of an

event occurring in a given year. We also measure these outcomes relative to the year before fore-
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closure filing rather than the year the case is filed because while the case may not be completed,
preliminary judgments by a stricter judge may cause some personal trauma immediately rather
than at the final judgment, and we would like to detect any immediate effects.

Panel 6a shows that the judge IV reveals that for marginal households, foreclosure causes a 6.5
percentage point increase in the probability of divorce by years 3 and 4. This effect is significant at
the 1% level and large: The mean default probability over five years in the non-foreclosure group
is about 2.7 percent, so this is a more than two-fold increase in divorce. Furthermore, this figure is
for all owners, regardless of whether they are married. When we condition on cases in which we
suspect the owners are married (strictly two opposite-sex people living together one year before
foreclosure filing), the year 3 and 4 IV estimate rises to 13 percentage points. Our IV findings on
divorce echo those of Charles and Stephens (2004), who find evidence of elevated divorce hazards
after job layoffs.

By contrast, we find a relatively small effect of foreclosure on divorce of 0.2 percentage points
using PSM. We attribute this to treatment effect heterogeneity for marginal relative to average
households, as we describe in Section 4.5.

Panels 6b, 6¢, and 6d show results for the cumulative number of drug, property, and violent
crimes committed by the foreclosed-upon homeowner, the cumulative number of convictions for
driving under the influence of alcohol, and the cumulative number of bankruptcy declarations.
Crime and DUISs are insignificant or economically small for both IV and PSM. We find weak evi-
dence of a small short-run increase in bankruptcy that mean reverts in the long run. In particular,
IV finds that bankruptcy rises 6.2 percentage points for marginal households in year 1, which is
significant at the 10% level, while PSM finds a rise of 1.3 percentage points in years 1 and 2 and is

back to zero by year 5.

4.4 Financial Outcomes

Figure 7 shows results for selected financial outcomes from our matched credit report sub-sample,
with additional credit results summarized in Table 7.

Panel 7a shows that we are 24 percentage points more likely to observe an activated foreclosure
flag in a homeowner’s credit record by year 2 using PSM, but we do not observe a statistically
significant effect in IV (although the confidence intervals are wide). The fact that we do not find
a stronger effect on foreclosure may be surprising at first blush, but it turns out that foreclosure

in the administrative judicial records and foreclosure in the credit report data are only loosely
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Figure 7: Owners
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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.

correlated. This may be because while payments and debt amounts are automatically filled from
lenders computer systems into credit reports, foreclosures require manual entry on the part of
lenders and thus may have more error. This is why many papers that use credit report data to
study foreclosure use delinquency measures rather than the foreclosure flag.

Foreclosure also does not have a huge effect on an owner’s VantageScore, as shown in Panel
7b. The IV results are insignificant, while OLS shows a decline of 7 points in year zero and 3 points
by year 3. It is important to note that these results do not imply that foreclosure does not affect

one’s VantageScore but instead implies that most of the effect comes from delinquency and the
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bank’s foreclosure filing rather than the judge’s decision to foreclose. Consequently, the negative
effect on VantageScores is not differential for our treatment group relative to the control group,
which also was delinquent and experienced a foreclosure filing.

The fact that credit scores do not significantly respond to foreclosure means that if loss of
access to credit is driving some of our results, it is due to limitations on borrowing related to flags
on the household’s credit report rather than the credit score. Our results also stand in contrast to
Humphries et al. (2019), who find using a similar methods that evictions of low-income renters
have negative effects on credit scores.

Panel 7c shows a marked decline in the number of open mortgage loans for owners. One can
see a significant negative treatment effect of about -0.3 by years 3 and 4 in both PSM and IV, which,
reassuringly, has a magnitude in line with the positive treatment effect on moving in Panel 4a and
the negative effect on homeownership in Panel 4c. The number of mortgages past due similarly
falls using PSM, but the IV results are imprecise.

Our most intriguing finding from the credit report data is that foreclosure causes additional fi-
nancial distress. Panel 7d shows the number of unpaid collections. Collections show up on a credit
report due to failure to pay unsecured debt and thus do not include mortgage debt.?> We find that
foreclosure causes the number of unpaid collections to rise, peaking at over 1.5 (significant at 5%
level) three years after the foreclosure filing for IV and 0.37 unpaid loans for PSM. The number
of unpaid collections falls slightly for both specifications beyond 3 years but is still economically
large at 5 years post-foreclosure. These results echo findings by Humphries et al. (2019), who find
that eviction causes an increase in delinquency on other debts for low-income renters. The fact
that an exogenous foreclosure filing causes additional delinquency for homeowners shows that
rather than stabilizing a household’s finances, foreclosure causes additional financial instability.

Columns 1 and 2 of Table 7 show a number of other outcomes in the credit report data. We
observe an economically small decline in auto loans using PSM. We also observe a decline in
mortgages with a loan modification of 0.10 by years 3-4 with PSM, which confirms our finding in
Section 3 that many households that experience a foreclosure filing but not a foreclosure receive
a loan modification. Finally, we find a 0.8% increase in death using PSM. All of these results are

imprecise with IV.

23Collections can include credit card debt, student loans, auto loans, utilities, services, government debts, and
medical debts. See https://www.experian.com/blogs/ask-experian/credit-education/report-basics /how-and-when-
collections-are-removed-from-a-credit-report/ for details.
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4.5 IV vs. PSM

For some results, IV and PSM are consistent and reinforce each other, while for others, IV and
PSM differ. In this section, we provide evidence that the inconsistencies are due to treatment
effect heterogeneity: Marginal households have more to lose for these outcomes than average
households. This makes sense, as compliers with our treatment have to go to court and challenge
the ruling, and those with more to lose should all else equal be more likely to take on the costs of
tighting the foreclosure in court.

In particular, we show that for outcomes for which IV and PSM are inconsistent, there is sig-
nificant heterogeneity according to observables in OLS to the point that we can find subgroups
for whom OLS is consistent with IV for the population. We use OLS rather than PSM for the het-
erogeneity analysis to preserve power when looking at smaller sub-samples. The fact that we find
that IV is consistent with OLS when we constrain OLS to focus on subgroups who have more to
lose suggests that IV and PSM differ due to the fact that IV picks up a treatment effect for marginal
households and PSM for average households rather than due to biases in either approach.

To make this more concrete, we first focus on two outcomes that differ with respect to the
discrepancy between IV and PSM. Recall that IV and PSM match closely for moving from the
foreclosure address but IV finds economically and statistically significant negative results for ZIP
income while PSM finds an economically-insignificant positive effect. Our interpretation is that
for moving, IV and PSM are similar because the lender repossesses the house and forces the home-
owner out with the same frequency regardless of how much a homeowner has to lose; indeed, this
is the lender’s decision. By contrast, for ZIP income, households with a lot to lose tend to be in
nicer neighborhoods and have a long way to fall on the neighborhood quality later. The average
foreclosure, however, is in a worse neighborhood and does not have far to fall on the neighbor-
hood quality ladder — and in fact may actually improve neighborhoods after moving out due to
regression to the mean.

Figure 8 provides some initial evidence consistent with this interpretation. Each panel shows
a scatter-plot of OLS treatment effects of foreclosure on log average ZIP code income 3 years after
foreclosure filing (s = 3) estimated separately for each ZIP code with over 200 foreclosure filings in
Cook County against each ZIP code’s log average income. Panel 8a shows that while there is some
heterogeneity in the OLS effect of moving across ZIP codes, there is no systematic heterogeneity

according to ZIP income. By contrast, Panel 8b shows that high income ZIP codes have significant
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Figure 8: Evidence of Treatment Effect Heterogeneity in OLS
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Notes: Each panel shows scatters of heterogeneity in the OLS treatment effect when (1) is estimated separately for each
ZIP code with over 200 foreclosure filings. The y-axis shows the OLS coefficient estimated using equation (1) for log
ZIP income three years post foreclosure. The x-axis shows log ZIP income calculated as a weighted average of log ZIP
incomes in each year weighted by the number of foreclosures each year. The red line shows a linear best fit.

negative treatment effects, while lower income ZIP codes have slightly positive treatment effects.
This is consistent with a neighborhood quality ladder and implies that our IV compliers have
“more to lose” for this outcome in the sense that they tend to be in better neighborhoods. This
finding echoes our analysis of complier characteristics in Section 3.2.3.

To elaborate on these findings, Figures 9 shows that for four of the main outcomes for which
IV and PSM disagree, there are sub-samples based on observables for which OLS is consistent
with our full-sample IV results.?* This implies that treatment effect heterogeneity can explain the
difference between IV and PSM.

Panel 9a shows results when Log ZIP Code Average Income — which is one of our starkest
results and our preferred measure of neighborhood quality — is the outcome variable. In this
case, the OLS restricted sample limits to owners in the top 5% of ZIP codes by average income
and the top 25% of mortgage sizes of foreclosure cases county-wide. One can see that the OLS
and IV results are quite consistent in magnitude, which is evidence of significant treatment effect
heterogeneity in line with the neighborhood ladder interpretation.

Similarly, Panel 9b shows similar results for middle school test scores. In this case, the OLS
sub-sample conditions on areas with high test scores and high incomes. Again we see similar

magnitudes to our IV results using OLS for households with the most to lose in terms of school

24Appendix C.2 shows that this is not due to OLS differing from PSM.
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Figure 9: Owners: OLS Subsample
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Notes: These figures display the treatment effects of foreclosure using full IV sample (blue) and restricted OLS sub-
sample (red). ZIP average log income in (a), middle school test score rank in (b), cumulative number of divorces in (c)
and number of unpaid collections in (d) are chosen because they exhibit large differences or have inconsistent signs in
IV and OLS estimates, as shown in Figures 5a, 5¢, 6a, and 7d, respectively. In (a), we condition cases on owners living
in expensive neighborhoods, defined as belonging to the top-20th income ventile, and owning a high-value property,
defined as belonging to the top-4th mortgage size quartile. In (b), we restrict to cases featuring owners who live in
top-20th middle school score rank ventile and top-10th ZIP income decile neighborhoods one year prior to foreclosure
filing. In (c), we focus on cases with strictly two opposite-sex owners owning/living at the same property one year prior
to foreclosure filing and also condition on the top-5th income quintile and the top-4th mortgage size quartile. In (d),
we only include owners who own primary residence, have a VantageScore lower than the median of 554, and belong
to the bottom-1st mortgage size quartile and the bottom-1st ZIP income ventile one year before foreclosure filing. Of
248,494 case-owners in the full sample, the restrictions leave 7,321 observations in (a); 2,681 observations in (b); 2,633
observations in (c); and 1,874 observations in (d). Because these subsamples are quite small, we use OLS instead of
PSM.

quality.
Panel 9¢ shows results when divorce is the outcome variable. In this case, the OLS restricted

sample is limited to couples with large mortgages living in expensive ZIP codes. For this group,
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OLS provides a clean event study with a divorce effect as large as IV.?

Finally, Panel 9d shows results for the number of unpaid collections, for which IV and PSM
provide the same sign but different magnitudes for the full population. For financial distress,
the OLS restricted sample corresponds to people in lower income areas with smaller mortgages.
Again, for this group we see a clean event study with a magnitude as large as IV.

Our finding of significant treatment effect heterogeneity for these outcomes has important
implications for the interpretation of our results. In particular, our results for marginal households
are informative for policies that are similar to our judge instrument in that they affect a relatively
small group of marginal homeowners who have to take costly action to be treated (recall 7% of
our sample are compliers). By contrast, our results for average homeowners are more relevant for
the average effect of a more sweeping foreclosure mitigation policy that does not require costly
action to take up. This does not, however, mean our IV results are irrelevant for such a policy, as
our findings imply there are marginal households who would have large non-pecuniary costs of
foreclosure for things like neighborhood quality and divorce even if the average household does
not. This heterogeneity is important to keep in mind when calculating the welfare benefits of
broad-based policies, as a concave welfare function would imply a larger decline in welfare using

the full distribution of outcomes instead of an average outcome.

4.6 Summary of Results For Owners

Together, our results present a picture of foreclosure causing significant non-pecuniary costs for
foreclosed-upon homeowner. Marginal and average homeowners move to less stable housing
arrangements, are less likely to own a home, and have increased financial instability. Marginal
homeowners also move to worse neighborhoods and have elevated divorce rates, but do not seem
to downsize to a smaller home. The fact that owners prioritize the size of their home over their
neighborhood is consistent with Bilal and Rossi-Hansberg (2020). Our point estimates are eco-

nomically large and imply that foreclosure has far higher social costs than previously thought.
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Figure 10: Landlords: Moving and House Characteristics
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5 Results: Landlords

Figures 10, 11, 12, and 13 repeat the same analysis conducted in Figures 4, 5 and 6, and 7 for land-
lords. Similarly, columns 3 and 4 of Table 7 show pooled results for 3 and 4 years after foreclosure
for landlords. For the landlord sample, the IV results tend to be imprecise, so we rely more on

PSM results. We find landlords also experience similar negative financial outcomes to owners but

250One concern is that our divorce effects for marginal owners reflects strategic legal motives to divorce and not
actual separations. We discuss Illinois divorce law as it relates to foreclosure in Appendix E.1. Based on our analysis,
this explanation appears unlikely.
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Figure 11: Landlords: Neighborhood Characteristics
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Notes: Each panel shows IV and PSM results for the indicated outcome variable for all landlords in our sample. Each
dot indicates the IV point estimate for s estimated using equations (2) and (3) and the bars indicate 95% confidence
intervals. Each x indicates the PSM estimate for s estimated using equation (4). PSM confidence 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. Log average ZIP code income comes from the IRS. For schools, the dependent
variable is the average percentile rank of the local school on math and reading (a coefficient of 1 means a change in the
average rank of 1 percentage point). The Illinois Board of Education reports these percentages for math and reading
separately, and we combine them into a single average index.

not similar negative non-financial outcomes.

5.1 Non-Financial Outcomes

We find very small and largely economically insignificant effects on non-financial outcomes for

landlords.

Figure 10 shows that landlords do not move, have multiple moves, change their ownership
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Figure 12: Landlords: Personal Outcomes
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status, or reduce the size of their residence. Table 7 shows the PSM effect on moving is an
economically-small 1.7 percentage points, and the cumulative number of moves is 0.031. While
IV does find a borderline-significant positive effect on owning one’s house for a few years, the
standard errors are wide. As with owners, we see almost nothing on square footage of living
space.

Given that we do not see a meaningful effect on moving, it is unsurprising that we see no

significant effects on neighborhood quality using PSM as shown in Figure 11. IV occasionally
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finds a borderline significant effect, but the standard errors are wide.

Panel 12 shows results for personal outcomes. PSM shows relatively little, while IV shows
a borderline significant decline in divorce in years 4 and 5 and a 5.8 percentage point increase in
DUI convictions that is significant at the 10 percent level. We also see an increase in the cumulative
number of bankruptcies of 1.5 percentage points for PSM, which is larger than for owners but
still economically small. IV finds a larger bankruptcy effect of nearly 10 percentage points but is

statistically insignificant.

5.2 Financial Outcomes

Figure 13 shows financial outcomes for landlords. We can see from the figure that their financial
situation is akin to that of owners. In particular, in Panel 13a, PSM reveals an increase in the
probability of a foreclosure flag on one’s credit report of about 40 percentage points by year 2,
which is a bigger effect than we observe for owners. Again, there is a relatively small decline in
VantageScores, which fall by 6 points in year 0, are back to insignificant by year 2, and rise relative
to year -1 by 3 points in years 3 and 4.

Panel 13c shows that the number of open mortgages falls by 45 percentage points in year two
using PSM. This is more than for owners, for which the PSM effect peaks at 33 percentage points.
Because it is unlikely that the foreclosure flag is turned on more frequently for landlords, this may
reflect that landlords default on additional mortgages as a result of the foreclosure. Panel 13d
shows that the number of unpaid collections rises by 0.27 by years 3 and 4 for landlords using
PSM. As with owners, this is clear evidence of spillovers from the foreclosure to delinquency on
other non-secured loans. This effect is slightly smaller than for owners, who have a PSM effect of
0.38 by years 3 and 4. Together, these results show that landlords experience significant financial

distress.

5.3 Summary of Results for Landlords

Overall, our results for landlords suggest far more benign effects of foreclosure than we observe
for owners with the exception of financial outcomes, which are less severe for unpaid collections
but more severe for the reduction in the number of mortgages and the small increase in the number
of bankruptcies. For non-financial outcomes, we do see small effects and a potential increase in

DUIs and decrease in divorce.
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Figure 13: Landlords: Financial Outcomes
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Notes: Each panel shows IV and PSM results for the indicated outcome variable for all landlords in our sample. Each
dot indicates the IV point estimate for s estimated using equations (2) and (3) and the bars indicate 95% confidence
intervals. Each x indicates the PSM estimate for s estimated using equation (4). PSM confidence 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.

Both owners and landlords experience a financial loss of assets and potentially a decline in
credit access, although any decline in credit access must be mediated through something other
than credit scores. The fact that both of these groups experience financial distress suggests that
these outcomes are linked to the financial loss. However, the fact that the other adverse outcomes
we observe for owners are not borne by landlords implies that these non-financial outcomes are
likely not due solely to the financial loss. To assess whether they may be caused by the owner’s

eviction, we next turn to analyze the renters whose landlord if foreclosed upon.
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Figure 14: Renters: Moving and House Characteristics
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enough that they are not shown. Standard errors are clustered by case. Given the potentially-large number of units in
each building, regressions are person weighted.

6 Results: Renters

Figures 14, 15, 16, and 17 repeat the same analysis conducted in Figures 4, 5, 6, and 7 for renters.
Similarly, columns 5 and 6 of Table 7 show pooled results for 3 and 4 years after foreclosure for
renters. Because our renter sample is small, we have wider standard errors and less statistical
precision for IV and rely largely on PSM as we do for landlords. While we still find a few negative
effects for renters, the effects are far smaller and less economically significant than for foreclosed-

upon homeowners or landlords.
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Panel 14a shows the causal effect of a landlord being foreclosed upon on the probability a
renter leaves the foreclosure address. We find a significant effect on moving in IV but not PSM.
For IV, moving rises to 12.6 percentage points over 3 years and is significant at the 5% level, while
PSM finds no significant effect.

The IV results conform with media reports that lenders often evict renters in foreclosed-upon
properties, although the effect is smaller than for owners likely due to the fact that eviction is
not as automatic and tenant protection laws help renters stay in their homes.?® The effect mean
reverts fully by year five, likely because the move triggered by foreclosure tends to pull a future
move forward rather than create moves that would not have otherwise occurred. This makes
sense given that renters have much higher baseline moving rates than owners.

We do not find a positive effect on moving for PSM. This could be the case for two reasons.
First, it could be that lenders are more likely to evict tenants when they repossess a unit in marginal
cases. Second, it may be that landlords are more likely not to evict tenants if they avoid foreclosure
in marginal cases. In Appendix D.1, we show that white landlords with black tenants closely
match IV. The fact that landlord race matters suggests that it is likely that landlords are less likely
to evict if they avoid foreclosure in marginal cases because landlord characteristics should not
matter once the lender repossesses the property.

However, for renters, any additional moves due to the foreclosure do not seem to lead to the
same degree of housing instability as for owners. Panel 14b shows that the IV and PSM treatment
effects on the cumulative number of moves is not significantly larger than the respective estimates
for moving in Panel 14a, indicating that eviction following a landlord foreclosure does not trigger
multiple moves.

We also do not observe significant negative results for homeownership or for the square footage
of one’s residence for renters. Panel 14c shows that the probability that a renter owns is economi-
cally and statistically insignificant. Square footage falls by about 8 percentage points in IV but the
standard errors are very large, while square footage rises slightly in PSM (Panel 14d). Given the
limited statistical precision, we do not put much stock in these findings.

Figure 15 shows results for neighborhood quality. PSM detects a temporary decline in log
ZIP income, but it is only half a percentage point in magnitude. IV detects a larger decline that
expands over time, but the standard errors are wide. Panels 15b, 15c and 15d show that there is

a significant negative effect on elementary school test scores for IV, which fall by five percentiles

26We do not have power to examine the causal effect before and after the passage of expanded tenant protections.
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Figure 15: Renters: Neighborhood Characteristics
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Notes: Each panel shows IV and PSM results for the indicated outcome variable for all renters in our sample. Each
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intervals. Each x indicates the PSM estimate for s estimated using equation (4). PSM confidence intervals are small
enough that they are not shown. Standard errors are clustered by case. Given the potentially-large number of units
in each building, regressions are person weighted. Log average ZIP code income comes from the IRS. For schools, the
dependent variable is the average percentile rank of the local school on math and reading (a coefficient of 1 means a
change in the average rank of 1 percentage point). The Illinois Board of Education reports these percentages for math
and reading separately, and we combine them into a single average index.

by year 2 but mean revert by year five. We do not find a negative effect on middle school or high
school test scores. We do not observe a similar effect for PSM. PSM does detect a decline in high
school test scores, but it is economically small. Overall, there is no convincing evidence of declines
in neighborhood quality.

Figure 16 shows results for personal outcomes for renters. We do not see the marked and

significant increase in divorce we observed using IV for owners. We do not see anything for
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Figure 16: Renters: Personal Outcomes
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in each building, regressions are person weighted. The outcome variables come from public records collected by RIS.
Crimes includes drug, property, and violent crimes. Bankruptcies includes both Chapter 7 and Chapter 13.

bankruptcy or DUIs. The one thing we do see using PSM is an economically small rise in the
cumulative number of crimes committed of about 0.03.

Finally, Figure 17 shows results for financial outcomes for renters. We do not find significant
effects on having a foreclosure flag on one’s credit record, VantageScore, or mortgage borrowing,
although the effect on the number of open mortgages is negative and significant for IV only in
year 5. We do observe an upward trend in unpaid collections for PSM, but we do not put much

stock in this result because it is the only PSM result with a pre-trend. Furthermore, using the basic
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Figure 17: Renters: Financial Outcomes
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OLS model in equation (1), we find a precise zero effect, which is not the case for any other PSM
results. The rise in unpaid collections in IV is statistically insignificant.

Overall, our results for renters whose landlord is foreclosed upon suggests that their eviction
has at best limited adverse effects. Because PSM does not detect an effect on moving and IV, which
does detect a short-lived effect, has wide confidence intervals, we see our evidence as mostly
suggestive and not as clear-cut as it is for owners and renters. However, we can reject the large
non-pecuniary costs we observe for owners. Since both renters and owners experience evictions

to some degree, this provides some evidence that the large negative effects we observe for owners
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are not due solely to eviction.

The limited causal effects of renter evictions triggered by foreclosure are in line with the some-
what modest effects found by Humphries et al. (2019) and Collinson and Reed (2019) in their
analysis of the causal effects of renter eviction which also use random judge assignment in evic-
tion cases for low-income renters. These papers, however find bigger effects on credit access and
credit scores, unpaid debt, homelessness, and health outcomes than we do. One reason for the
discrepancy may be that they study evictions due to renter delinquency rather than evictions due

to delinquency by one’s landlord, which is far less correlated with the renter’s financial situation.

7 Conclusion

Using rich new data and two empirical approaches, IV with random judge assignment to foreclo-
sure cases and PSM, we find significant negative causal effects of foreclosure for foreclosed-upon
homeowners. For average homeowners, we find evidence of increased moving, housing instabil-
ity, reduced homeownership, and financial distress. For marginal homeowners, we observe these
effects in addition to large declines in neighborhood quality and elevated levels of divorce. We
show that heterogeneous treatment effects can explain the discrepancies between PSM and 1V;
PSM measures effects for average households while IV measures effects for marginal households,
who have more to lose. We also examine outcomes for landlords and renters whose landlord is
foreclosed upon. We find evidence of financial distress for landlords but not the negative non-
financial outcomes we observe for owners. We find few negative outcomes for renters, but our
empirical designs have less power.

Our results suggest that conventional estimates that focus purely on financial costs signifi-
cantly understate the social cost of foreclosure for foreclosed-upon owners, particularly for marginal
cases. This changes the cost-benefit analysis for foreclosure mitigation programs and other types
of housing market support in a downturn. We leave putting a precise dollar figure on the bundle
of negative outcomes we find foreclosure to cause to future work. We also leave an analysis of
effect of these negative outcomes on foreclosure deterrence to future work.

The differences between our results for owners, landlords, and tenants also shed light on the
mechanisms underlying foreclosure. In particular, the fact that we find similar financial distress
for owners and landlords suggests that the negative financial costs of foreclosure are due to the

loss of assets and potentially credit loss — although the credit loss would have to be mediated
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by something other than credit scores. However, we see non-financial costs for owners — and
particularly marginal owners — that are not present for landlords or for renters. This implies that
it is the combination of eviction and a financial shock — rather than either on its own — that explains
the large negative non-financial effects for owners.

More broadly, our results justify large utility costs of foreclosures in models of household de-
fault, which until now had been difficult to justify as anything besides psychic costs. Instead, the
costs of foreclosure on households appear to be very real and substantial.

Our results have important implications for policy. First, our results imply that foreclosure
mitigation can avert large non-pecuniary costs to society and that these costs are largely borne
by foreclosed-upon homeowners. Second, our findings about treatment effect heterogeneity and
the significant gaps between marginal and average households implies that different policies may
have different implications. In particular, policies that do not affect as many people may still help
mitigate the largest welfare losses from foreclosure because marginal households that are more
likely to take up foreclosure mitigation policies have more to lose. More broad-based policies,
on the other hand, may have smaller average treatment effects, but may still improve aggregate
welfare significantly due to treatment effect heterogeneity. An important path for future research
is to study the long-term impact of various foreclosure mitigation policies on owners, renters, and

landlords.
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A Data Construction

A.1 Construction of Sample
A.1.1 Overview of Data Sources

This project uses data from several sources:

e Record Information Services (RIS): RIS is a company that aggregates many data sources for

the Chicago area. We obtain several RIS datasets:

— Court cases from 1998 to 2017: For each court case, this dataset contains the case num-
ber, the assessor’s parcel number(s) (APN) of the property, defendant names, property
address, time-varying property type (such as condo, apartment, single family home,

etc), and some basic mortgage characteristics like loan amount.

- Individual-level data: Crime, DUI convictions, bankruptcy, and divorces.

e Court cases from the Cook County Clerk of the Circuit Court (CC): We scrape information
on each court case from 1998 to 2016 from the court’s website. Information includes the case
number, property address, plaintiff and defendant names, case filing date, and case calendar.
Each case has a list of judgments, and each item in the list contains the judgment itself, the

judge name, and the date.

e Infutor: Address histories for individuals who lived in Cook County, as well as name, age,

gender, imputed race, and imputed immigration status.

e CoreLogic: Property tax and transaction records that indicate whether a person owns their

primary residence.

e TransUnion (TU): Financial information including cumulative number of foreclosures, credit

scores, number of open mortgages, and number of open loans with unpaid debt.
e IRS Statistics of Income Tax Stats: average annual income by ZIP code.
e Illinois Board of Education: Elementary, middle, and high school test scores.

e DataQuick: Tax assessor data on square footage of living space, transaction records indicat-

ing type of transaction including short sale and arms length sale.

54



A.1.2 Data Cleaning

1. Clean RIS: Drop all cases attached to multiple parcels because RIS may not report all of the
APN:s for these cases. More details:

e First we de-duplicate cases by keeping the latest Input Date for each case, which con-
structs a dataset that is unique for each case number.
e Then we drop all cases that map to multiple APNs.

e Then we standardize RIS defendant addresses using the method described in Section

Al7.

e Some cases in RIS have missing APNs. We use case re-filings to recover 158 observa-
tions from the full 1998-2017 RIS dataset by replacing the missing APN with the APN

of a different case with the same defendant name and address.

e Some cases in RIS have APNs with typos. We replace 5,362 of these using the APN

from DataQuick.

2. Clean Cook County court cases (CC): First we categorize cases into whether they are mort-
gage foreclosures, as detailed in Section A.3, and filter to only the mortgage foreclosure

cases.
3. Merge RIS and CC using the court case number.

4. Constrain to the set of cases that have residential property types in RIS, which are single

family, condo, townhome, and apartment building.

5. Drop cases for which we could not identify the foreclosure outcome. See Section A.4 for

details.

6. Clean DataQuick Assessor data by dropping observations where multiple properties map
to 1 APN or vice versa, which is only 2% of the data. This results in a dataset with unique

APNSs. Then we standardize the DQ site address as described in Section A.7.

7. Clean CoreLogic deeds and transaction records. We drop all properties that map to multiple

APNSs, which results in a dataset with unique APNSs.

8. Clean Infutor migration histories. Section A.2 explains the steps in detail.
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9. Find all people in Infutor who satisfy criteria for owner, landlord, and renter. These defini-

tions are detailed in Section A.1.3.

A.1.3 Definitions of Owner, Renter, and Landlord

e Owner: The person in Infutor lives at the foreclosure address at the time of foreclosure filing
and the last name matches. For condos, the apartment number of the address must also
match. There are two criteria for matching the last name and the street address, noting that

we standardize all addresses prior to matching to improve match rates:

— The last name in Infutor matches exactly to the main defendant last name, and the case

address string is entirely contained within the Infutor address string, OR

— The street address in Infutor and for the case match exactly, and the last name of the
defendant is a substring of the last name in Infutor, or the last name in Infutor is a sub-
string of the last name of the main defendant, or the last name in Infutor is a substring
of the list of all defendant first and last names (which helps capture cases where SMITH
LLC matches to JOHN SMITH).

If the addresses are similar but not identical in Infutor and the case filing, then the city and
first name must also match. Another refinement is that if the last name doesn’t match exactly,
then we require the first name to be an exact match. If a property is owner-occupied, then

no one living at the property can be a landlord.

e Renter: People who live in apartment buildings or condos, they were not a previous owner
of the property (where previous owners are identified by examining the names of buyers

and sellers in DQ transactions), and they are not the landlord.

— They live at a property where we identify a landlord, OR

— They live at a property that we are pretty sure is not owner-occupied. We know the
property is not owner-occupied because we found multiple people in Infutor who may
be the landlord because their first and last name match, but we can not be sure exactly

which person is the actual landlord.

We also require the state of the address to match, and either the city or ZIP code must match.

For condos, the apartment number must match.
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e Landlord: People who live at properties that are not owner-occupied and:

— Live at the DataQuick mailing address at or before the foreclosure filing date, condi-
tional on the DQ mailing addresses being different from the DQ site address. This
procedure is similar to how owner names and addresses are matched, but instead of
using the foreclosure filing address, we use the DataQuick mailing address. The only
different is that landlords matched to condos don’t need to have matching apartment
numbers because they may live in any type of housing. This definition includes land-

lords who move away from the mailing address before the foreclosure filing date, OR
— We can identify an implicit landlord. Here is how we search for implicit landlords:

* First we identify everyone who has lived in Illinois at some point in their lives,
and their first and last name matches the first and last name of the main defendant,
and fewer than 10 people meet this criteria (to eliminate common names like John
Smith).

« If there is exactly 1 person who has the same name and has ever lived in Illinois,
then we assign them to be the landlord.

* Next, we require that entire address, street address, or ZIP code match. If there is
exactly 1 person who has the same name and the address/street/ZIP matches, then
we assign them to be the landlord. This is because landlords frequently live very

close to their property.

A.2 Cleaning the Infutor Migration (IM) Data

The Infutor migration history contains address histories of individuals living in the U.S. from
1990 to 2016. Note that there are some addresses from before 1990, but they are more sparsely
populated. We extract a data set of everyone who has ever lived in Cook County. Since the
data set is large, we split it into small files based on where the current state where the individual
lives, except for Illinois which has 5 files. In parentheses below are the approximate percentage of
observed dropped at each step for two of the largest files, one for Illinois and one for California.

Here are the cleaning steps:
e Construct begin and end dates for each address

1. Infutor raw text data contains the following variables, all at the monthly level:
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- date_orig: idate is the “original file date” according to Infutor documentation. This

variable is unique at the person level.
* We interpret this as the first date the person is observed by Infutor

— date_last: odate is the "last activity date” according to Infutor documentation. This

variable is unique at the person level.
* We interpret this as the last time the address history was verified.

- date_eff: Effective date is the "date of name/complete address combination” ac-
cording to Infutor documentation. This variable is unique at the person-address
level.

*+ We choose effective date to define the start of each address. In most cases,
effective date is same or similar to date_beg, conditional on date_beg existing.

Effective date is far more well-populated than date_beg.

- date_beg: Begin date is the “original file date” according to Infutor documentation.

This variable is unique at the person-address level.
* It’s hard to interpret what this variable actually means.

- date_end: End date is the “last verification date” according to Infutor documenta-

tion. This variable is unique at the person-address level.

* For most people, date_end is only populated for the last address in the history.

In most cases, date_end is same or similar to date_last, conditional on date_end
existing.

— addnum: This is the address history sequence number, where 1 is the most recent

address, and 10 is the earliest address. Not all people have 10 addresses, and no

one has more than 10 addresses.

2. Drop addresses with missing effective dates (drops 5%): We drop all addresses that do
not have an effective date because these addresses also typically do not have beginning
and end date ranges, so very little information can be gleaned from these other than
addnum, the address number. These addresses also tend to be the earliest address for

a person.

3. To construct the date a person is first observed, called first_seen, we take the earliest

date from date_eff, date_beg, date_end, date_orig, date_last.
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4. To construct the date a person is last observed, last_seen, we take the latest date from

date_eff, date_beg, date_end, date_orig, date_last.

5. Re-assign address numbers based on the revised effective date: Since we use effective
date as the start of each address, the address numbers do not sequentially align with
the sequence of effective dates, so we re-assign new addnum’s based on effective date

so that addnum reflects the address sequence accurately.

6. De-duplicate addresses by effective date (drops about 8%-12%): For a given person,

some addresses have the same effective date, so we only need to keep the latest address.

— Interpreted literally, it means that some people moved into a place and then moved
out within the same month.
— What this sometimes looks like in practice is that the same address is repeated

twice, so it doesn’t matter which address gets dropped.

7. Create address date range: Use effective date as the start date of each address. Use the
effective date of next addnum as the end date of the address. For the final (most recent)
address, the end date is imputed forward to be June 2017. We verify against Census
data to determine that this method is the most sensible way to deal with the addresses
that do not have a final end date. We construct a flag called bad_last_address (which
affects 6%-10% of pid-address obs) to indicate that Infutor wasn’t able to provide the

end date for these addresses so the end date is imputed forward to be June 2017.

8. De-duplicate by address id (drop 4%-7%): If a person has 2 or more consecutive ad-
dresses with the same Infutor-defined address id, then we collapse them all into 1 ad-
dress and adjust the beginning and end months accordingly to reflect the expanded

date range.

e Standardize addresses: We standard street addresses and city names using the procedure

described in Section A.7.

e Geocode addresses: We geocode every address in the Infutor address histories and link to

2010 Census block groups.
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A.3 Identify cases that are mortgage foreclosures

For each case, we scrape the list of judgments issued from the Cook County Clerk of the Circuit
Court website. For a given case, if the first judgment exactly matches any of the phrases below,
then we categorize the case as a mortgage foreclosure. There are 458,412 such cases between 1997

and 2017 inclusive.
e mortgage foreclosure complaint filed
e owner occupied single family home or condominium - filed
e non owner occupied single family home or condominium - filed
e commercial, mixed commercial/residential or industrial - filed
e multi-unit residential mortgage foreclosure - (7 units or more) - filed
e owner occupied six units or less mortgage foreclosure - filed
e owner occupied, mixed commercial /residential - (6 units or less) - filed

e mortgage foreclosure disposed / sheriffs sale approved

A.4 Identify outcome for each case

We use court judgments to identify the outcome for each case and determine whether it results in
foreclosure or dismissal. To identify foreclosures, we look for the judgment that says “order for
possession,” which means the owner must give up their house. To identify dismissals, we look for

one of the following judgments:

case dismissed subject to consent decree - allowed

dismiss by stipulation or agreement

dismiss entire cause

dismissed for want of prosecution

general chancery - voluntary dismissal, non suit, dismiss by agreement

mechanic lien - voluntary dismissal, non-suit, dismiss by agreement
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e mortgage foreclosure dismissed for want of prosecution

e mortgage foreclosure motion defendant dismissed

e mortgage foreclosure motion plaintiff dismissed

e mortgage foreclosure voluntary dismissal, non-suit or dismiss by agreement
e mortgage foreclosure judgment for defendant

e voluntary dismissal, non-suit or dismissed by agreement

In rare cases, judgments are overturned. This is evident for the cases with both judgments
that indicate foreclosure and dismissal. For these types of cases, we take the most recent judg-
ment. Furthermore, some cases were dismissed and then reinstated (reinstated cases contain the
judgment “reinstate case - allowed -”), so we remove the dismissal categorization for those cases
and rely on future judgments to classify the case. For our sample period from 2005 to 2012, this
procedure enables us to categorize 97.8% of cases into foreclosure or dismissal. We drop the 6,104

cases that cannot be categorized using this algorithm.

A.5 Identify begin and end dates for each case

For each case, the online court record provides the Filing Date, which we take as the beginning
date for each case. The court does not provide the end date, so we assign an end date for each case
based on the date of the judgment used to determine the outcome of the case.

The main foreclosure outcome variable that we use is whether or not the case results in fore-

closure 3 years after the filing date, including case refilings.

A.6 IRS Zip Code Income (IRS)

IRS contains annual income at the ZIP code level from 1998 to 2016. The data source is https://
www.irs.gov/statistics/soi-tax-stats-individual-income-tax-statistics-zip-code-data-soi.

Here are the cleaning steps:

e Clean raw files: There are some messy Excel files which we clean. Then we aggregate these

files across all years.

e Define income as:
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— For each ZIP code, the files give the number of tax returns for each income bracket and

the total Adjusted Gross Income (AGI) for that income bracket.
— Income for a ZIP code (call it “AGI”) is the total AGI divided by total tax returns for
each ZIP code in each year.

— We also calculate "log AGI” by taking logs, and "AGI percentile” by ranking the ZIP

codes by income for each year.

e For a few observations, if there is a ZIP-year duplicate, we keep the observation with the

larger value.

e There is no data available for 1999, 2000, 2003 so we interpolate values for those years.

A.7 Address Standardization

We frequently merge on addresses obtained from various sources like Infutor, RIS, and DataQuick.
We develop the following method to standardize all addresses prior to merging to increase match

rates:

e Construct standardized street address variables: the standardized full address (add_std),
standardized address without the apartment/unit number (add_std_noaptnum), and the

standardized apartment/unit number (add_std_unitval):

1. First we use the Stata command stnd_address to extract the 1) street number and name,

2) PO Box, 3) building number, 4) floor number, and 5) unit number.

2. Then we strip “apt” and “unit” strings and hyphens and other punctuation from the

unit number so that only alphanumeric characters remain.

3. Then we construct the standardized unit number variable add_std_unitval: the unit
number is 3) building + 4) floor + 5) unit number. Most addresses only contain one of
these fields. Only very rarely are 2 or more populated.

4. Then we construct a version of the standardized address with no unit information,
called add_std_noaptnum, which 1) street number and street name + 2) PO Box. This
variable is useful because sometimes we do not want to require that the apartment
number matches.

5. Finally, we construct a standardized address with unit information, called add_std,

which is obtained by combining add_std_noaptnum and add_std_unitval.
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Table A.1: Variables from TransUnion (TU)

TU Variable in Paper TU Variable Name
Credit Score (VantageScore 3.0) CVTGO3 - finscore
Death TUPSCHLI - deadflag
Cumulative Number of Foreclosures =~ TUPSCHI - foreclhh
Number of Unpaid Collections TUPSCH]1 - unpdcol
Number of Auto Loans TUPSCHLI - auttrds
Number of Mortgages 30+ DPDs TUPSCH1 - hmp2gn12
Number of Mortgages 90+ DPDs TUPSCHI - hmp4gn12
Number of Mortgages with Loan Mod EADS142 - Im01s
Number of Open Mortgages GMORTHE - mtn(001
Open Mortgage Balance GMORTHE - mtc004

Monthly Payment of All Mortgages GMORTHE - mtp001

Notes: For TU Variable Names, the series of letters before the dash such as “TUPSCH1” is the data group, which is how
TU categorizes the variable. The series of letters after the dash such as “foreclhh” is the variable name.

e Construct standardized city name, called add _city:

1. We use abbreviations from the USPS and list of military suffixes to un-abbreviate any
abbreviated city names: for example “GDN"” becomes "GARDEN”" and ”AFB” becomes
”AIR FORCE BASE”.

A.8 Variables from TransUnion (TU)

Table A.1 lists the variable names from TransUnion that correspond to each variable name refer-

enced in the paper.

B Judge Instrumental Variable Appendix

B.1 Calendars and Judges
B.1.1 Overview

The Chancery Division of the Circuit Court of Cook County handles all mortgage foreclosure cases
in Cook County. Since 2005, the court has randomly assigned cases to “calendars” of cases. One
can think of a calendar as a courtroom: There is a principal judge who typically handles cases
along with backup judges in case the principal judge cannot handle the cases. In many cases,
backup judges are shared across calendars. All mortgage foreclosure cases are heard at the same

courthouse and there is a single randomization process for all cases in Cook County.
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In particular, mortgage foreclosure cases are one of eight types of cases heard by the Chancery
Division. Prior to 2005, mortgage foreclosure cases were heard by the General Chancery Section.
However, due to rising case loads, in February of 2005, the Mortgage Foreclosure/Mechanics Lien
(MF/ML) Section was created due to rising case loads. At this point we begin to have clear rules
for randomization of mortgage foreclosure cases, which are randomly assigned separately from
mechanics lien cases. In particular, “one-fourth of all foreclosure cases were randomly assigned
to the three mechanics lien judges, Calendars 52-54, and each of the three new judges, Calendars
55-57, received one-fourth of all foreclosure cases.”

Starting in May 2006, additional calendars were added due to high case volume. At that point,
calendars 52, 53, and 54 received a third of 20 percent of the cases, while calendars 55, 56, 57, and
58 split the rest equally. Calendar 59 was added in July of 2007. On October 20, 2008, calendars
60-63 were added. Finally, on November 9, 2009, Calendar 64 was added and all remaining cases
from calendars 52 through 54 were transferred to calendar 64.

In the data, we find evidence of significant calendar reassignment beyond calendar 64. In
particular, it appears that as the court added calendars, they transferred existing cases to the new
calendars. These cases were not randomly assigned, since they were existing cases that had taken
longer to decide. This is an issue because in our scraped data, all we observe is the final calendar.
Using this final calendar to create the instrument results in an instrument that is invalid because
of non-random assignment.

While we only observe the final calendar of each case, we are still able to recover the initial
calendar of all cases from our data. This is because we not only observe the final calendar of
the case but also the date and judge on each judgement in the case. Based on the history of
calendar creation from the court and the judges making judgements on cases decided before cases
are reassigned across calendars, we create a record of the principal judge for each case. For cases
that start before their final calendar is created, we determine the original calendar by observing
the principal judge for the original calendar making judgements at the beginning of the case.
Importantly, the original calendar assignment probabilities match the published probabilities from
the court. We thus have random assignment of original calendars and can use the original calendar
to create our instrument, which will be valid by random assignment.

The following two subsections detail our algorithm to reassign calendars and show that we

replicate the court’s random assignment probabilities.
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B.1.2 Reassigning Calendars to the Original Calendar

We first identify the main judge on each calendar in each month. To do so we use two definitions:

e A strict main judge makes at least 75% of the judgements on a calendar in a month based on

final calendar AND at least 75% of the judge’s judgements in a month are on that calendar.

¢ A weak main judge makes at least 75% of the judgements on a calendar in a month based on

final calendar OR at least 75% of the judge’s judgements in a month are on that calendar.
In finding the main judge, we limit ourselves to active calendars so that:

e Calendars 52, 53, and 54 finish having active judgements at the end of 2010 (even though
they stop taking new cases between November 2008 and February 2009).

e Calendar 58 begins in May 2006
e Calendar 59 begins in July 2007
e Calendars 60-63 begin in October 2008
e Calendar 64 begins in November 2009

A potential issue with this method of identifying main judges is that a judge could switch
calendars mid month and thus not show up as the main judge for either calendar in that month.
We looked manually at the daily and weekly judgements and found this only happened in one
cases, when Carolyn Quinn switches from calendar 54 to calendar 56 starting November 17, 2018.
We manually adjust our main judges for this one case.

Once we have history of the principal judges for each calendar, we determine the original
calendar for cases that are reassigned. Recall that cases are reassigned only to new calendars when
they are introduced in order to spread the load more evenly. The concern is that reassignment
is non-random because cases that take longer may have different foreclosure probabilities. We
thus determine whether a case is reassigned based on it having a starting date (date of initial
judgement) prior to the final calendar being created. In this case, we know that the case had to
have been reassigned to that calendar.

In particular, we count the number of judgements on each case that are made by the main
judge on each calendar and do not count calendars that are reassignments based on the day the

case started relative to the date the calendar was created. If one calendar has the most judgements
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by a main judge of a potential original calendar, we set that calendar as the original calendar.
We do this initially for the strict definition of a main judge. 96.01% of the cases have an original
calendar assigned this way. The remaining 3.99% either have no judgements by a strict main judge
of a potential original calendar or have a tie between two potential original calendars.

For these 3.99% of cases, we repeat the process using progressively weaker definitions of the
main judge. First, we use the weak main judge definition above. This gets 3.33% of the 3.99%
of cases that need to be reassigned. We then do three additional methods for the last 0.66% of
cases. First, we include judges who are not the only main judge on a calendar. Then we go back
to the strict main judge definition and break ties based on which of the tied main judges ruled
first. We then repeat this tie-breaking procedure using the weak main judge definition. In the end,

essentially all cases are assigned to an original calendar using this method.

B.1.3 Relationship Between Our Assignment Probabilities and Published Assignment Prob-

abilities

Figure A.1 shows the share of cases assigned to each calendar by week over our sample using the
original calendar variable. We can see that the assignment probabilities are generally very stable,
have discrete jumps corresponding to the dates when new calendars are introduced according to
court records, and correspond to the published assignment probabilities in periods where assign-
ment probabilities are public.

In particular, the court documentation indicates that from the beginning of 2005 until may
2006, calendars 52, 53, and 54 split a quarter of the cases three ways while calendars 55, 56, and
57 each took 25 percent, which is exactly what we observe. Then in May 2006, calendar 58 is
added and calendars 52, 53, and 54 split 20% of the cases three ways while calendars 55, 56, 57,
and 58 each get 20 percent. In July of 2007, Calendar 59 is added. Although we were unable to
find published probabilities for this addition or subsequent additions, it seems that they followed
the same rule: we can see that calendars 52, 53, and 54 split one sixth of the cases and each of
the other calendars gets one sixth of the cases. In October of 2008, court documents indicate
that four additional calendars were added. We observe the randomization probabilities change at
this time. However, rather than reducing the load for calendars 52, 53, and 54, it appears that the
cases divided between the remaining calendars decline and then in early 2009 these four calendars
randomization probabilities rise as their case load is filled up while calendars 52-54 are phased

out. Unfortunately, we could not find court documentation of this process. Finally, in November
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Figure A.1: Share of Cases Assigned to Each Calendar By Week
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Notes: The figure shows the share of cases assigned to each calendar in each week from 2005 to 2012.
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2009 Calendar 64 is added and the randomization probabilities for the remaining calendars is 10%
for the rest of the sample aside for a period in 2010 when Calendar 64 has a higher probability,
presumably to increase its caseload.

The fact that we have stable assignment probabilities (with some noise) that replicate pub-
lished probabilities when available indicates to us that our case reassignment algorithm does a
good job identifying the original randomly-assigned calendar. In the main body we also show

several placebo tests to confirm random assignment conditional on the date a case starts.

B.2 Monotonicity

To obtain a valid LATE, IV requires a monotonicity assumption that an increase in the judge’s
average foreclosure probability must increase the foreclosure probability for all foreclosure cases.
In other words, a strict judge must be strict for everyone, and a lenient judge must be lenient for
everyone. One concern that this may not hold for judge assignment if, for instance, some judges
were strict for types of defendants but not others. A commonly cited example of this is a case
where judges are lenient to defendants of their own race and strict for defendants of other races.
Table A.3 addresses these concerns by estimating the first stage equation (3) for different judge
characteristics (gender and race) and defendant characteristics (gender, race, age, immigrant sta-
tus, presence of an attorney, ZIP-Income Quintile, and Mortgage Size Quartile). We do not find
any statistically-significant negative coefficients, and with a few exceptions where we have very
little data and the standard errors widen, we have significant and positive coefficients. We con-

clude that we find no significant evidence of a violation of monotonicity.

C Propensity Score Matching Appendix

C.1 Propensity Score Construction Details

Section 3.3 describes how we construct propensity scores using equation (5). In this section, we
detail how we select the lagged observables X;;_3 that we use to create the propensity scores. In
particular, we run equation (5) with 21 different X;;_3 for owners, renters, and landlords. The
outcomes include 11 non-credit outcomes (Moved from foreclosure address; owns primary resi-
dence; log living square footage; average log ZIP-income; elementary school test score rank; mid-
dle school test score rank; high school test score rank; cumulative number of divorces; cumulative

number of crimes convicted; cumulative number of bankruptcies; and cumulative number of DUI
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Table A.2: Propensity Score Prediction using Observables at Year -3

Dependent Variable: 1 if Foreclosed within 3 Years After Filing
Subgroup: Owner Landlord Renter
@ @) ®
Owns Primary Residence at pre3 -0.0820%**
(0.0015)
Living Square Footage at pre3 -0.0174**  -0.0088*** -0.0122**
(0.0015) (0.0033) (0.0055)
Credit Scores at pre3 0.0046***
(0.0013)
Number of Mortgages 30+ DPDs at pre3 -0.0232%**  -0.0356*** -0.0042*
(0.0013) (0.0029) (0.0023)
Number of Open Mortgages at pre3 0.0064***
(0.0013)
Moved from Foreclosure Address at pre3 0.0113***
(0.0025)
Number of Foreclosures at pre3 0.0131*** 0.0044*
(0.0030) (0.0024)
Monthly Mortgage Payment at pre3 -0.0050*
(0.0026)
Cumulative Number of Crimes Convicted at pre3 0.0039*
(0.0021)
Number of Unpaid Collections at pre3 0.0045*
(0.0023)
Constant 0.3383***  0.5362*** 0.5742***
(0.0013) (0.0022) (0.0040)
R? 0.076 0.147 0.371
Observations 248,494 60,051 80,132

Notes: This table reports estimation results for equation (5) that we use to predict propensity scores for owners, land-
lords, and renters. Observations are at the case-person level. The dependent variable is the foreclosure variable, which
takes value 1 if the property associated with the case was foreclosed within three years after filing; and 0 otherwise.
For each subgroup, we choose the 5 covariates from 21 covariates at year -3 that are most highly correlated with our
foreclosure variable. We assign a group average whenever the value is missing and also normalize all covariates to
have mean 0 and standard deviation 1 within each subgroup. All regressions absorb date of filing and zip-year fixed
effects. We use the inverse of the number of people per case as weight for owners and landlords, but do not weight
renters. Robust standard errors are clustered by case. * indicates significance at the 10% level, ** at the 5% level, and ***

at the 1% level.

Table A.3: Monotonicity Tests: First Stage Regressions by Defendants” and Judge’s Characteristics

By Main Judge’s Characteristic

Any Judge
Male Female  White = Non-white
Any Defendant 0.692*** 0.710***  0.449***  0.684*** 0.530***
(0.056) (0.072)  (0.144)  (0.075) (0.130)
By Gender
- both male and female 0.672%** 0.746***  0.648**  0.808*** 0.650**
(0.109) (0.142)  (0.306)  (0.148) (0.267)
- male only 0.726%** 0.661***  0.697**  0.675*** 0.580**
(0.101) (0.131)  (0.280)  (0.137) (0.235)
- female only 0.5427*** 0.635***  -0.042  0.442*** 0.260
(0.107) (0.138)  (0.342)  (0.148) (0.266)
By Race
- white only 0.674*** 0.726*** 0418  0.673*** 0.669***
(0.099) (0.129)  (0.276)  (0.137) (0.226)
- non-white 0.690*** 0.698***  0.426**  0.678"** 0.449***
(0.069) (0.089)  (0.178)  (0.091) (0.164)
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By Age

-old 0.626**  0.735*** 0160  0.544**  0.668***
(0.092) (0.117)  (0.241)  (0.122) (0.215)
- young 0.736%*  0.760** 0370  0.821*** 0.373*

(0.084) (0.112)  (0.229)  (0.116) (0.205)
By Immigrant Status

- both immigrants and locals 0.639** 0.401 0.599 0.218 0.518
(0.287) (0.412) (0.917) (0.408) (1.023)

- immigrants only 0.899*** 0.971*** -0.264 0.967*** 1.109**
(0.190) (0.250) (0.627) (0.267) (0.507)

- locals only 0.581*** 0.644*%* 0.227 0.699*%* 0.301

(0.079) (0.106)  (0.208)  (0.110) (0.192)
By Presence of Attorney

- no attorney 0.684*** 0.706***  0.442***  (0.689*** 0.504***
(0.057) (0.074) (0.149) (0.077) (0.133)
- has attorney 1.362%** 1.421%** -0.267 1.285%** 1.823

(0.337) (0487)  (1.253)  (0.482) (1.296)
By Zip-Income Quintile

- Ist quintile 0.531**  0.605*** 0383  0.516*** 0.443
(0.126) 0.171)  (0.319)  (0.173) (0.307)
- 2nd quintile 0.705%%*  0.619** 0267  0.726%* 0.073
(0.129) (0.169)  (0.385)  (0.171) (0.343)
- 3rd quintile 0.795%*  0.843** 0466  0.858**  (0.856***
(0.139) (0.180)  (0.438)  (0.198) (0.326)
- 4th quintile 0.913*%*  0.718%* 1260** 0.820%**  0.532*
(0.134) 0.171)  (0.401)  (0.183) (0.317)
- 5th quintile 0.620%%*  0.792%%* 0242  0.743* 0.377

(0.132) (0.168)  (0.388)  (0.179) (0.314)
By Mortgage Size Quartile

- 1st quartile 0543+  0.543**  -0341 0473 0.341
(0.110) (0.162)  (0.345)  (0.168) (0.303)
-2nd quartile 05774  0.687** 0444  0.566*** 0.511*
(0.111) 0.137)  (0.337)  (0.148) (0.265)
- 3rd quartile 0.900%**  0.884**  (.689%* 1.017**  0.662*
(0.121) (0.153)  (0.308)  (0.157) (0.282)
- 4th quartile 0.763%%* 0731  (.748%  0.783**  (.683*

(0.121) (0.154)  (0.296)  (0.160) (0.273)

Note: Each entry in the table shows first stage regression coefficients following equation (3) for the indicated
defendant and judge characteristics. 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
significance at the 10% level, ** at the 5% level, and *** at the 1% level.
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Figure A.2: Propensity Score Distribution

.06 4
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Notes: This figure displays the distributions of our propensity scores for owners, landlords, and renters. We also report
summary statistics in the figure.

convictions) and 9 outcomes from credit reports (Credit score; number of foreclosures from past
12 months; number of unpaid collections; number of auto trades; number of mortgages with 30+
days past due from past 12 months; number of mortgages with loan modification; number of open
mortgages; total mortgage balance as a fraction of RIS complaint amount; and annual mortgage
payment as a fraction of RIS amount). We normalize each outcome to have mean 0 and standard
deviation 1 within each subgroup and assign the subgroup average if an outcome is missing. We
then choose the 5 covariates with the largest magnitude and highest statistical significance and
include these five covariates as the final X;;_3 we use when we estimate equation (5) to construct
the propensity score.

Tables A.2 shows the final regressions we use to create the propensity score for owners, renters,
and landlords along with the five observables we use for each subgroup. The propensity score is
aX;s_3 from this regression. We present the distributions and summary statistics of propensity

scores in Figure A.2.

C.2 OLS vs. PSM

In the main text, we use PSM rather than OLS for everything but our heterogeneity analyses. In
Figures A.3, A4, and A.5, we present all of our main results for both OLS and PSM so the reader
can compare the two. We use the exact same specification as in the main text for PSM, except the
tixed effects in OLS do not condition on the propensity score deciles.

As mentioned in the main text, PSM helps remove pre-trends that are present in OLS for many

outcomes. This can be seen, for instance, for moving, the cumulative number of moves, and
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owning a primary residence for owners. These pre-trends tend to be stronger for renters and
landlords since samples are smaller. PSM generally improves pre-trends, which is why we prefer
it. However, it is worth noting that most of our main results for PSM are present in OLS as well;
PSM improves their measurement but does not create the result from whole cloth. There are a
few notable exceptions, such as the number of unpaid collections for renters. As mentioned in the
main text, this is one of the few cases where PSM shows a significant result that is not present in
OLS and where OLS has clean pre-trends. We discount the PSM results that are not also present
in OLS.

D Additional Results

D.1 Additional OLS Heterogeneity Results

In Section 4.5 of the main text, we present an analysis of heterogeneity in OLS to show that our
full-sample IV results are consistent with OLS for various sub-samples. We argue this is consistent
with treatment effect heterogeneity, with PSM/OLS picking up an average treatment effect and
IV picking up a LATE for compliers to the judge instrument. In this section, we present some
additional heterogeneity results in OLS to show that IV is consistent with OLS for various sub-
samples for results that were not shown in Section 4.5.

Figure A.6 shows IV results for the full samples together with OLS for two restricted samples:
black renters with any landlord in panel A and black renters with white landlords in panel B.
Panel A shows that black renters with any landlord closely matches the full sample OLS results
in Figure 14a. However, the black renters with white landlord subsample closely matches OLS.
In Section 6 we argue that because the lender takes over the property in the case of a foreclosure
and landlord characteristics should cease to matter at that point, the fact that the foreclosed-upon
landlord’s race matters is indicative of white landlords with minority tenants being likely to evict
if they avoid foreclosure in marginal cases.

Finally, Figure A.7 shows that heterogeneity can also explain the gap between IV and PMS
for landlord DUI convictions. We find a group of younger landlords who have OLS results that
look like our full sample IV, indicating that treatment effect heterogeneity for marginal relative to

average landlords can explain the DUI results.
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Table A.4: Treatment Effect Summary using Alternative Definitions of Foreclosure, Owner

Foreclosure Definition: Court Decision Corelogic Deeds Moved or Not
Specification: v PSM v PSM v PSM
@ 2 3 4) ®) (6)
Moved from Foreclosure Address 0.289**  0.285**  (0.341***  0.290***  0.414**  0.368***
(0.081) (0.003) (0.102) (0.003) (0.103) (0.002)
Cumulative Number of Moves 0.390%**  0.352***  0.464***  0.363***  (0.552***  0.466***
(0.110) (0.004) (0.140) (0.004) (0.143) (0.003)
Owns Primary Residence -0.220**  -0.166*** -0.178 -0.184***  -0.356***  -0.327***
(0.106) (0.004) (0.134) (0.004) (0.135) (0.004)
Log Square Footage of Living Space -0.021 0.0227%** -0.051 0.028*** -0.018 0.025%**
(0.051) (0.002) (0.061) (0.002) (0.062) (0.002)
Log Zip Code Average Income -0.106** 0.016***  -0.141**  0.017***  -0.129**  0.023***
(0.041) (0.001) (0.053) (0.001) (0.058) (0.001)
Elementary School Test Score Rank -3.282 0.711*** -4.894 0.706**  -7.162*  0.758***
(2.769) (0.097) (3.414) (0.100) (3.841) (0.086)
Middle School Test Score Rank -6.143** 0.101 -9.926***  (0.222** -5.913 0.176**
(2.851) (0.088) (3.558) (0.091) (3.712) (0.076)
High School Test Score Rank -3.025 0.988*** -5.297 1.032%** -3.126 1.235%**
(3.107) (0.101) (3.913) (0.104) (4.168) (0.088)
Cumulative Number of Divorces 0.065** 0.002* 0.077** 0.001 0.113*** 0.002***
(0.028) (0.001) (0.033) (0.001) (0.042) (0.001)
Cumulative Number of Crimes Convicted 0.023 0.005 0.004 0.001 -0.075 0.001
(0.100) (0.004) (0.122) (0.004) (0.151) (0.003)
Cumulative Number of Bankruptcies 0.027 0.006*** 0.031 0.001 -0.056  -0.006***
(0.048) (0.002) (0.057) (0.001) (0.069) (0.001)
Cumulative Number of DUI Convictions 0.017 -0.001 0.016 -0.001 0.007 -0.001*
(0.022) (0.001) (0.025) (0.001) (0.033) (0.001)
VantageScore -13.866  -3.538*** = -25941 -1.383* -3.595 0.563
(25.752) (0.733) (33.279) (0.742) (34.125) (0.662)
Death 0.006 0.008*** 0.020 0.007*** 0.007 0.009***
(0.026) (0.001) (0.031) (0.001) (0.036) (0.001)
Number of Foreclosures 0.085 0.210%** 0.099 0.205%** -0.039 0.187***
(0.097) (0.003) (0.117) (0.003) (0.140) (0.003)
Number of Unpaid Collections 1.250* 0.375%%* 1.490* 0.356*** 1.069 0.297%**
(0.666) (0.021) (0.836) (0.022) (0.921) (0.019)
Number of Auto Loans -0.152 -0.022*** -0.308 -0.004 -0.154 0.013**
(0.210) (0.006) (0.260) (0.007) (0.287) (0.006)
Number of Mortgages 90+ DPDs -0.288 -0.248*** -0.327 -0.263*** -0.420 -0.307***
(0.246) (0.007) (0.306) (0.007) (0.327) (0.007)
Number of Mortgages with Loan Mod 0.036 -0.099*** 0.060 -0.092*** 0.028 -0.122%**
(0.053) (0.001) (0.065) (0.001) (0.073) (0.001)
Number of Open Mortgages -0.260%**  -0.310%**  -0.336*** -0.298***  -0.260**  -0.374***
(0.095) (0.003) (0.120) (0.003) (0.127) (0.003)
Open Mortgage Balance / RIS Amount -0.416**  -0.307***  -0.468**  -0.311**  -0.439**  -0.396***

(0.157)  (0.006)  (0.194)  (0.006)  (0.213)  (0.006)

Notes: This table shows PSM and IV results for owners for years 3 and 4 relative to the base year as in Table 7 for
three different foreclosure definitions. The first two columns labeled “Court Decision” uses the foreclosure definition
of a foreclosure occurring within three years of filing according to the court records. The second two columns labeled
”Corelogic Deeds” uses a definition based on whether we observe a foreclosure in the CoreLogic deeds data within
three years of the initial court filing rather than using court records of a foreclosure occurring. The third two columns
labeled “"Moved or Not” uses a definition based on whether we observe a sale (foreclosure or non-foreclosure) in the
deeds data within three years of the initial court filing. For all three definitions, we re-create the judge leniency instru-
ment using the new foreclosure definition. * indicates significance at the 10% level, ** at the 5% level, and *** at the 1%
level.
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Table A.5: Treatment Effect Summary using Alternative Definitions of Foreclosure, Landlord

Foreclosure Definition: Court Decision Corelogic Deeds Moved or Not
Specification: v PSM v PSM v PSM
@ @ ®) 4) ®) (6)
Moved from Foreclosure Address 0.050 0.017*** 0.072 0.020***  -0.033 0.041***
(0.161) (0.006) (0.202) (0.006) (0.321) (0.006)
Cumulative Number of Moves -0.042  0.031**  -0.103  0.036***  -0.209 0.076***
(0.235) (0.008) (0.309) (0.008) (0.479) (0.009)
Owns Primary Residence 0.339* 0.027 0.778 0.002 0.595 0.024
(0.204) (0.036) (0.483) (0.037) (0.442) (0.042)
Log Square Footage of Living Space -0.106 -0.009 -0.088 -0.004 -0.261 -0.011
(0.117) (0.007) (0.128) (0.007) (0.253) (0.007)
Log Zip Code Average Income 0.127 -0.004 0.206*  -0.008***  0.426* 0.004
(0.088) (0.003) (0.112) (0.003) (0.231) (0.003)
Elementary School Test Score Rank 0.324 0.045 2.583 -0.182 9.517 0.109
(6.803) (0.310) (7.960) (0.305)  (11.657)  (0.333)
Middle School Test Score Rank -6.317 0.001 -0.054 -0.033 -15.331 0.225
(5.583) (0.197) (6.364) (0.194)  (10.717)  (0.206)
High School Test Score Rank -6.568 -0.085 -0.032 -0.173 -11.104 0.425*
(5.884) (0.226) (7.333) (0.225)  (11.199)  (0.237)
Cumulative Number of Divorces -0.065 -0.001 -0.085 -0.000 -0.105 -0.000
(0.051) (0.002) (0.058) (0.002) (0.095) (0.002)
Cumulative Number of Crimes Convicted 0.157 0.008 0.112 0.012 0.014 0.008
(0.181) (0.009) (0.196) (0.009) (0.381) (0.009)
Cumulative Number of Bankruptcies 0.095 0.015%** 0.046 0.010** 0.141 -0.006

0.127)  (0.004)  (0.165)  (0.004)  (0.242)  (0.005)

Cumulative Number of DUI Convictions 0.058* 0.003** 0.063 0.003** 0.077 0.000
(0.033) (0.001) (0.040) (0.001) (0.062) (0.001)

VantageScore 10.422 2.909* 20.543  5.079** 48575  14.447**
(36.319)  (1.526)  (42.339)  (1.530)  (79.688)  (1.652)
Death 0.022 0.002 -0.005 0.001 -0.034 -0.000
(0.039) (0.002) (0.046) (0.002) (0.084) (0.002)
Number of Foreclosures 0.055 0.325%** 0.444 0.288*** 0.016 0.254***
(0.492) (0.021) (0.509) (0.021) (1.074) (0.024)
Number of Unpaid Collections 0.379 0.264***  -0.086  0.213**  -1.645 0.054
(1.198) (0.053) (1.359) (0.053) (2.585) (0.058)
Number of Auto Loans -0.324 0.016 -0.422 0.015 -0.002 0.033*
(0.409) (0.017) (0.476) (0.016) (0.861) (0.018)
Number of Mortgages 90+ DPDs -0.167  -0.344*  -0.329  -0.337**  0.009 -0.533***
(0.519) (0.023) (0.582) (0.023) (1.133) (0.027)
Number of Mortgages with Loan Mod -0.088  -0.100"**  -0.040  -0.086***  0.018 -0.144**
(0.119) (0.005) (0.135) (0.005) (0.256) (0.006)
Number of Open Mortgages -0.226  -0.409*  -0.070  -0.367**  0.212 -0.559***
(0.321) (0.014) (0.349) (0.014) (0.715) (0.016)
Open Mortgage Balance / RIS Amount -0.004  -0.424*  0.341 -0.384**  -0.590  -0.618***

(0.898)  (0.043)  (1.030)  (0.034)  (1.803)  (0.043)

Notes: This table shows PSM and IV results for landlords for years 3 and 4 relative to the base year as in Table 7 for
three different foreclosure definitions. The first two columns labeled “Court Decision” uses the foreclosure definition
of a foreclosure occurring within three years of filing according to the court records. The second two columns labeled
”Corelogic Deeds” uses a definition based on whether we observe a foreclosure in the CoreLogic deeds data within
three years of the initial court filing rather than using court records of a foreclosure occurring. The third two columns
labeled “"Moved or Not” uses a definition based on whether we observe a sale (foreclosure or non-foreclosure) in the
deeds data within three years of the initial court filing. For all three definitions, we re-create the judge leniency instru-
ment using the new foreclosure definition. * indicates significance at the 10% level, ** at the 5% level, and *** at the 1%
level.
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Table A.6: Treatment Effect Summary using Alternative Definitions of Foreclosure, Renter

Foreclosure Definition: Court Decision Corelogic Deeds Moved or Not
Specification: v PSM v PSM v PSM
@ 2 3) @ ®) (6)
Moved from Foreclosure Address 0.107* 0.005 0.130 0.011** 0.216 0.009*
(0.063) (0.005) (0.094) (0.005) (0.185)  (0.005)
Cumulative Number of Moves 0.125 0.005 0.161 0.013** 0.272 0.011
(0.084) (0.006) (0.125) (0.006) (0.242)  (0.007)
Owns Primary Residence 0.021 -0.013 0.123 -0.037** 0.117 0.021
(0.061) (0.013) (0.091) (0.016) (0.255)  (0.018)
Log Square Footage of Living Space -0.080* 0.004 -0.113* 0.001 -0.133 0.002
(0.048) (0.004) (0.065) (0.004) (0.095)  (0.005)
Log Zip Code Average Income -0.044 -0.004** -0.082 -0.003* -0.113 -0.002
(0.032) (0.002) (0.052) (0.002) (0.096)  (0.002)
Elementary School Test Score Rank -3.737 -0.154 -2.757 0.022 -20.040  -0.164
(2.416) (0.147) (2.163) (0.149) (15.850) (0.173)
Middle School Test Score Rank 2.251 -0.057 3.843 -0.257 3.580 -0.096
(2.769) (0.156) (5.444) (0.159) (11.497) (0.178)
High School Test Score Rank 0.253 -0.363**  -0.563 -0.054 4.463 -0.221
(2.288) (0.176) (2.708) (0.171) (7.902)  (0.195)
Cumulative Number of Divorces 0.005 -0.001 0.010 0.000 0.030 0.000

(0.012)  (0.001)  (0.017)  (0.001)  (0.031)  (0.001)

Cumulative Number of Crimes Convicted 0.015 0.028*** 0.148 0.018* 0.147 0.025**
(0.102) (0.010) (0.165) (0.010) (0.188)  (0.011)

Cumulative Number of Bankruptcies -0.007 -0.001 -0.021 -0.002 -0.041 -0.001
(0.015) ~ (0.001)  (0.022)  (0.001)  (0.043)  (0.001)

Cumulative Number of DUI Convictions 0.005 0.000 0.004 -0.000 0.042* 0.001
(0.009) (0.001) (0.014) (0.001) (0.025)  (0.001)

VantageScore -5.913 0.208 -54.063  -1.268  -58.466  6.037*
(41.752)  (2.776)  (37.584) (2.743)  (60.925) (3.248)
Death 0.021 -0.002 0.039 0.000 0.018 0.000
(0.023)  (0.002)  (0.032)  (0.002)  (0.043)  (0.002)
Number of Foreclosures 0.016 -0.003 0.021 0.001 0.003 -0.004
(0.035)  (0.004)  (0.041) (0.004) (0.068)  (0.004)
Number of Unpaid Collections 1.189 0.164* 0.909 0.120 1.091 0.060
(0.778)  (0.088)  (0.909)  (0.087)  (1.532)  (0.099)
Number of Auto Loans 0.156 0.008 0.124 -0.006 0.291 0.000
(0.222)  (0.020)  (0.245)  (0.020)  (0.405)  (0.023)
Number of Mortgages 90+ DPDs 0.196 0.028 0.156 0.034 0.327 0.037
(0.254)  (0.028)  (0.298)  (0.027)  (0.524)  (0.034)
Number of Mortgages with Loan Mod 0.011 0.000 0.014 0.000 -0.006 0.001
(0.017) ~ (0.002)  (0.027)  (0.002)  (0.033)  (0.002)
Number of Open Mortgages -0.158* 0.002 -0.139 -0.003  -0.362**  0.007
(0.084)  (0.007)  (0.107)  (0.007)  (0.182)  (0.007)
Open Mortgage Balance / RIS Amount 0.021 -0.002 0.116 -0.012 -0.296 -0.001

(0.135)  (0.010)  (0.163)  (0.010)  (0.261)  (0.012)

Notes: This table shows PSM and IV results for renters for years 3 and 4 relative to the base year as in Table 7 for
three different foreclosure definitions. The first two columns labeled “Court Decision” uses the foreclosure definition
of a foreclosure occurring within three years of filing according to the court records. The second two columns labeled
”Corelogic Deeds” uses a definition based on whether we observe a foreclosure in the CoreLogic deeds data within
three years of the initial court filing rather than using court records of a foreclosure occurring. The third two columns
labeled “"Moved or Not” uses a definition based on whether we observe a sale (foreclosure or non-foreclosure) in the
deeds data within three years of the initial court filing. For all three definitions, we re-create the judge leniency instru-
ment using the new foreclosure definition. * indicates significance at the 10% level, ** at the 5% level, and *** at the 1%
level.
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Figure A.6: Renters Moved Heterogeneity
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(a) Black Renters, Any Landlords (b) Black Renters, White Landlords

Notes: These two figures illustrate the treatment effect of foreclosure on the probability of moving out of the foreclosed-
upon property for black renters. Panel (a) does not condition on landlords’ characteristics, whereas Panel (b) restricts
to cases with only white landlords.

Figure A.7: Landlords DUI Heterogeneity
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Notes: This figure displays the treatment effects of foreclosure on cumulative number of DUI convictions for landlords,
using full IV sample (blue) and restricted OLS subsample (red). To reconcile the difference in the IV and PSM estimates
in Figure 12c, we condition cases on having strictly one young landlord, i.e., age below the median age across all
landlords, and having no renters living at the property at the time of foreclosure filing. These landlords must also have
strictly one open mortgage one and total mortgage balance as a fraction of the original complaint amount less than
1.4 at one year prior to foreclosure filing. This original complaint amount must also be greater than $210,000. These
restrictions leave 459 case-landlords in the final OLS subsample.

D.2 Non-Court-Based Foreclosure Outcomes

One potential concern is that our court-based foreclosure measure has measurement error either

due to un-recorded judgements or due to errors in our attempt to identify foreclosures. Tables A 4,
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A.5,and A.6 show results for years 3 and 4 relative to the base year as in Table 7 with three different
foreclosure outcomes. The first outcome is our standard outcome of foreclosure within three years
according to the court judgements data. The second and third outcomes are robustness checks
that code a foreclosure as occurring if we observe a foreclosure or a move within three years in the
CoreLogic deeds data. We re-estimate propensity scores based on the new foreclosure definition
for PSM and re-estimate judge leniency using the new foreclosure definition for IV.

One can see that the results are highly consistent with our main court-decision-based mea-
sure of foreclosure. That being said, the instrument is more precise with the court data. These
robustness checks show that our results are not driven by how we define foreclosure in the court

data.

D.3 Disentangling Foreclosure From Time To Foreclosure

One potential concern is that our foreclosure measure is picking up something else. This is partic-
ularly a concern for IV because all of our variation is at the judge level and it might be the case that
judges who are more or less likely to foreclose also do other things that are actually causing our
measured effects. The most natural such story is that judges that do not foreclose take longer to
decide the foreclosure case and that it is the longer time in which the case is being processed that
gives the owner, renter, or landlord breathing room and improves the outcomes. In this Appendix
we test this alternate story and find no evidence to substantiate it: foreclosure matters, not time to
foreclosure.

To reach this conclusion, we first define the length of a case as the difference between the date
of the last and first judgement on the case. The median judgement takes about one year, so we use
an indicator for whether a case takes over a year as our main outcome variable. Our results are
robust to using two or three years as the measure of case length.

We then augment our main IV and PSM empirical approaches to have the key independent
variables be both the foreclosure within three years indicator and the case lasting over one year

indicator. In particular, the OLS regression we want to estimate instead of (1) is:

Yi,k,S,l‘ = ﬁSFFk + ﬁng + ’sti + ém(k),s + 4)z(k),t,s + Eimyst- (6)

Ly is the indicator for the case taking more than one year to resolve, Bf is the measured coefficient

on foreclosure over horizon s, and B is the coefficient on the length of the case over horizon s. One
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can see from this regression that the concern is that F, and Ly are correlated and that by omitting
L, we had a biased coefficient on F.

Of course, we have the same concerns about OLS that we had in the main text. We thus
augment our IV and PSM methods to account for these issues. For IV, we define a leave out
average of length just as we defined a leave out average of foreclosure to measure leniency. Define

the leniency Z of case k assigned to calendar c in year ¢ as:

S1 _ Ljeotjtk Lics
ket — N, ’
(=k),ct
while the corresponding foreclosure definition remains:

Yicetj+k Fict

zZE =
k,ct N(fk),c,t

We then use the instrument to estimate the causal effect of foreclosure in a two-stage least squares

framework for s = -5, ...,5:
Yikst = BeFi + BELk + Vs Xi + Ciis + Pay s T Eikst 7)
Fo=TFZ{ A TV ZEy + aXi o+ Qe + Pagi e T ikt ®)
Ly = OFZE, + Q" ZE 0 X+ Gy + 9204+ ik ©)

where equations (8) and (9) are both first stage equations. Intuitively, we are using two separate
judge leniency measures, one relating to foreclosure and one relating to case length, and using
these two variables to instrument both foreclosure and the case length indicator. This approach
uses is variation in case length and foreclosure leniency that is orthogonal across judges to identify
each coefficient separately. We cluster and weight these regressions as in the main text.

For our PSM approach, we are still concerned about cases that are deferentially likely to fore-
close and are not as concerned about cases being observably different with regards to how long
they will take. We thus use the same PSM procedure as before that creates deciles of the predicted
foreclosure probability and conditions the fixed effects on these deciles as well. Thus our PSM

approach is:

Yi,k,s,t,p = 5§Fk + 5£Lk + s Xi + gm(k),s,p + 47z(k),s,t,p + € k,s,t,ps (10)

where the propensity score bins continue to be estimate by equation (5). Again, we cluster and
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Figure A.8: Foreclosure vs. Length to Foreclosure For Selected Owner Outcomes
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Notes: Each panel shows IV and PSM results for the indicated outcome variable for all owners in our sample. The left
panel show foreclosure outcomes, while the right panel show outcomes for the case lasting more than one year. Each
dot indicates the IV point estimate for B or BL estimated using equations (7), (8), and (9) and the bars indicate 95%
confidence intervals. Each x indicates the PSM estimate for B or Bl estimated using equation (10). PSM confidence
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.
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Table A.7: Treatment Effects of Foreclosure and Time to Foreclosure Summary, Owners

Specification: IV Baseline IV Both PSM Baseline PSM Both
Coefficient: Foreclosure  Foreclosure Case Length ~ Foreclosure  Foreclosure Case Length
(©)) (@) (©) 4) ©) (©)
Moved from Foreclosure Address 0.289*** 0.290*** 0.036 0.285*** 0.285*** 0.004
(0.081) (0.081) (0.065) (0.003) (0.003) (0.002)
Cumulative Number of Moves 0.390*** 0.390%*** -0.009 0.352%** 0.354*** -0.013***
(0.110) (0.110) (0.089) (0.004) (0.004) (0.003)
Owns Primary Residence -0.220%** -0.218** -0.026 -0.166*** -0.167*** 0.003
(0.106) (0.106) (0.081) (0.004) (0.004) (0.003)
Log Square Footage of Living Space -0.021 -0.018 0.033 0.022%** 0.0227%** -0.001
(0.051) (0.051) (0.041) (0.002) (0.002) (0.002)
Log Zip Code Average Income -0.106** -0.106** -0.014 0.016*** 0.016*** -0.001
(0.041) (0.041) (0.034) (0.001) (0.001) (0.001)
Elementary School Test Score Rank -3.282 -3.097 1.511 0.712%** 0.741*** -0.217%*
(2.769) (2.830) (2.111) (0.097) (0.097) (0.082)
Middle School Test Score Rank -6.143** -6.003** 2.369 0.101 0.105 -0.031
(2.851) (2.879) (2.270) (0.088) (0.089) (0.074)
High School Test Score Rank -3.025 -2.892 1.946 0.987*** 0.998*** -0.078
(3.107) (3.141) (2.483) (0.101) (0.102) (0.086)
Cumulative Number of Divorces 0.065** 0.069** 0.010 0.002* 0.002* -0.000
(0.028) (0.030) (0.025) (0.001) (0.001) (0.001)
Cumulative Number of Crimes Convicted 0.023 -0.058 -0.231** 0.005 0.004 0.006*
(0.100) (0.109) (0.110) (0.004) (0.004) (0.003)
Cumulative Number of Bankruptcies 0.027 0.028 0.020 0.006*** 0.002 0.034***
(0.048) (0.048) (0.040) (0.002) (0.002) (0.001)
Cumulative Number of DUI Convictions 0.017 0.005 -0.039 -0.001 -0.001 0.000
(0.022) (0.025) (0.025) (0.001) (0.001) (0.001)
VantageScore -13.866 -15.730 -35.605* -3.538** -3.126%** -2.983***
(25.752) (26.115) (20.575) (0.733) (0.738) (0.670)
Death 0.006 0.008 0.042* 0.008*** 0.008*** -0.000
(0.026) (0.026) (0.024) (0.001) (0.001) (0.001)
Number of Foreclosures 0.085 0.089 0.101 0.210*** 0.209*** 0.007**
(0.097) (0.097) (0.091) (0.003) (0.003) (0.003)
Number of Unpaid Collections 1.250% 1.245% -0.106 0.375*** 0.380%*** -0.039**
(0.666) (0.671) (0.609) (0.021) (0.022) (0.020)
Number of Auto Loans -0.152 -0.166 -0.300* -0.022*** -0.016** -0.043**
(0.210) (0.213) (0.180) (0.006) (0.006) (0.006)
Number of Mortgages 90+ DPDs -0.288 -0.289 -0.026 -0.248** -0.255*** 0.049%**
(0.246) (0.248) (0.214) (0.007) (0.007) (0.007)
Number of Mortgages with Loan Mod 0.036 0.034 -0.057 -0.099*** -0.098*** -0.009***
(0.053) (0.054) (0.043) (0.001) (0.001) (0.002)
Number of Open Mortgages -0.260*** -0.259** 0.024 -0.310*** -0.304** -0.041**
(0.095) (0.096) (0.085) (0.003) (0.003) (0.003)
Open Mortgage Balance / RIS Amount -0.416%** -0.413*** 0.063 -0.307*** -0.303*** -0.028***
(0.157) (0.158) (0.141) (0.006) (0.006) (0.006)

Notes: This table shows PSM and IV results for owners for years 3 and 4 relative to the base year as in Table 7 for the
baseline IV and PSM models (columns 1 and 4) and for models with both foreclosure and case length being over 1 year
both included as regressors (columns 2, 3, 5, and 6). All regressions are weighted by the inverse number of people per
case. All standard errors are clustered by case. * indicates significance at the 10% level, ** at the 5% level, and *** at the

1% level.
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Table A.8: Treatment Effects of Foreclosure and Time to Foreclosure Summary, Landlords

Specification: IV Baseline IV Both PSM Baseline PSM Both
Coefficient: Foreclosure  Foreclosure  Case Length Foreclosure Foreclosure  Case Length
@ @ 3 4 ®) (6)
Moved from Foreclosure Address 0.050 0.002 -0.087 0.017*** 0.017*** 0.004
(0.161) (0.189) (0.113) (0.006) (0.006) (0.006)
Cumulative Number of Moves -0.042 -0.096 -0.097 0.031*** 0.031*** 0.005
(0.235) (0.278) (0.167) (0.008) (0.008) (0.008)
Owns Primary Residence 0.339* 0.328 -0.020 0.027 0.028 -0.001
(0.204) (0.243) (0.157) (0.036) (0.036) (0.025)
Log Square Footage of Living Space -0.106 -0.166 -0.150 -0.009 -0.009 -0.004
(0.117) (0.143) (0.099) (0.007) (0.007) (0.007)
Log Zip Code Average Income 0.127 0.151 0.049 -0.004 -0.004 -0.003
(0.088) (0.106) (0.065) (0.003) (0.003) (0.003)
Elementary School Test Score Rank 0.324 1.881 2.001 0.045 0.058 -0.187
(6.803) (8.100) (3.748) (0.310) (0.311) (0.310)
Middle School Test Score Rank -6.317 -7.967 -4.256 0.001 0.031 -0.375*
(5.583) (6.267) (3.821) (0.197) (0.198) (0.200)
High School Test Score Rank -6.568 -11.005 -9.763** -0.085 -0.063 -0.265
(5.884) (7.168) (4.692) (0.226) (0.227) (0.224)
Cumulative Number of Divorces -0.065 -0.089 -0.033 -0.001 -0.001 0.001
(0.051) (0.068) (0.042) (0.002) (0.002) (0.002)
Cumulative Number of Crimes Convicted 0.157 0.132 -0.041 0.008 0.008 0.003
(0.181) (0.218) (0.172) (0.009) (0.009) (0.009)
Cumulative Number of Bankruptcies 0.095 0.134 0.070 0.015%** 0.012%** 0.032%**
(0.127) (0.141) (0.086) (0.004) (0.004) (0.005)
Cumulative Number of DUI Convictions 0.058* 0.053 -0.007 0.003** 0.003** 0.000
(0.033) (0.040) (0.028) (0.001) (0.001) (0.001)
VantageScore 10.422 3.792 -14.722 2.909* 3.369** -6.044***
(36.319) (43.025) (28.951) (1.526) (1.526) (1.578)
Death 0.022 0.029 0.014 0.002 0.002 0.001
(0.039) (0.047) (0.032) (0.002) (0.002) (0.002)
Number of Foreclosures 0.055 0.128 0.165 0.325*** 0.326%** -0.016
(0.492) (0.591) (0.511) (0.021) (0.021) (0.022)
Number of Unpaid Collections 0.379 0.525 0.320 0.264*** 0.253*** 0.152%**
(1.198) (1.384) (1.051) (0.053) (0.054) (0.053)
Number of Auto Loans -0.324 -0.383 -0.129 0.016 0.017 -0.023
(0.409) (0.491) (0.333) (0.017) (0.017) (0.017)
Number of Mortgages 90+ DPDs -0.167 0.195 0.807 -0.344*** -0.350*** 0.079**
(0.519) (0.663) (0.522) (0.023) (0.023) (0.023)
Number of Mortgages with Loan Mod -0.088 -0.097 -0.020 -0.100*** -0.100*** -0.008
(0.119) (0.140) (0.091) (0.005) (0.005) (0.005)
Number of Open Mortgages -0.226 -0.225 0.003 -0.409*** -0.408*** -0.017
(0.321) (0.386) (0.290) (0.014) (0.014) (0.014)
Open Mortgage Balance / RIS Amount -0.004 0.335 0.756 -0.424*** -0.421*** -0.047
(0.898) (1.194) (0.771) (0.043) (0.045) (0.036)

Notes: This table shows PSM and IV results for landlords for years 3 and 4 relative to the base year as in Table 7 for the
baseline IV and PSM models (columns 1 and 4) and for models with both foreclosure and case length being over 1 year
both included as regressors (columns 2, 3, 5, and 6). All regressions are weighted by the inverse number of people per
case. All standard errors are clustered by case. * indicates significance at the 10% level, ** at the 5% level, and *** at the
1% level.
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Table A.9: Treatment Effects of Foreclosure and Time to Foreclosure Summary, Renters

Specification: IV Baseline IV Both PSM Baseline PSM Both
Coefficient: Foreclosure  Foreclosure Case Length Foreclosure Foreclosure  Case Length
@ 2 3 4 ©®) (6)
Moved from Foreclosure Address 0.107* 0.136* 0.088 0.005 0.005 0.009*
(0.063) (0.071) (0.063) (0.005) (0.005) (0.005)
Cumulative Number of Moves 0.125 0.164* 0.119 0.005 0.005 0.010
(0.084) (0.094) (0.083) (0.006) (0.006) (0.006)
Owns Primary Residence 0.021 0.010 -0.037 -0.013 -0.013 -0.016
(0.061) (0.065) (0.050) (0.013) (0.013) (0.012)
Log Square Footage of Living Space -0.080% -0.085 -0.011 0.004 0.004 -0.000
(0.048) (0.066) (0.069) (0.004) (0.004) (0.004)
Log Zip Code Average Income -0.044 -0.050 -0.019 -0.004** -0.004** -0.002
(0.032) (0.035) (0.026) (0.002) (0.002) (0.002)
Elementary School Test Score Rank -3.737 -4.244* -1.921 -0.154 -0.165 0.278*
(2.416) (2.452) (1.507) (0.147) (0.148) (0.153)
Middle School Test Score Rank 2.251 2.559 1.174 -0.057 -0.048 -0.326*
(2.769) (2.789) (1.518) (0.156) (0.156) (0.169)
High School Test Score Rank 0.253 -1.136 -3.417 -0.363** -0.373** 0.380**
(2.288) (2.421) (2.565) (0.176) (0.176) (0.182)
Cumulative Number of Divorces 0.005 0.000 -0.010 -0.001 -0.001 0.001
(0.012) (0.014) (0.012) (0.001) (0.001) (0.001)
Cumulative Number of Crimes Convicted 0.015 0.085 0.171* 0.028*** 0.028*** 0.001
(0.102) (0.114) (0.096) (0.010) (0.010) (0.010)
Cumulative Number of Bankruptcies -0.007 -0.009 -0.006 -0.001 -0.001 0.001
(0.015) (0.016) (0.016) (0.001) (0.001) (0.001)
Cumulative Number of DUI Convictions 0.005 0.001 -0.012 0.000 0.000 0.000
(0.009) (0.010) (0.013) (0.001) (0.001) (0.001)
VantageScore -5.913 27.903 74.575%* 0.208 0.237 -6.474**
(41.752) (49.766) (35.549) (2.776) (2.776) (2.927)
Death 0.021 0.002 -0.042 -0.002 -0.002 0.004*
(0.023) (0.027) (0.026) (0.002) (0.002) (0.002)
Number of Foreclosures 0.016 0.013 -0.007 -0.003 -0.003 0.002
(0.035) (0.042) (0.040) (0.004) (0.004) (0.003)
Number of Unpaid Collections 1.189 1.393 0.450 0.164* 0.164* -0.027
(0.778) (0.909) (0.860) (0.088) (0.088) (0.095)
Number of Auto Loans 0.156 0.082 -0.164 0.008 0.008 -0.000
(0.222) (0.253) (0.215) (0.020) (0.020) (0.021)
Number of Mortgages 90+ DPDs 0.196 0.078 -0.259 0.028 0.028 0.026
(0.254) (0.300) (0.273) (0.028) (0.028) (0.030)
Number of Mortgages with Loan Mod 0.011 0.013 0.003 0.000 0.000 0.001
(0.017) (0.019) (0.020) (0.002) (0.002) (0.002)
Number of Open Mortgages -0.158* -0.215** -0.126 0.002 0.002 -0.009
(0.084) (0.102) (0.096) (0.007) (0.007) (0.007)
Open Mortgage Balance / RIS Amount 0.021 -0.057 -0.174 -0.002 -0.002 -0.015
(0.135) (0.148) (0.111) (0.010) (0.010) (0.009)

Notes: This table shows PSM and IV results for renters for years 3 and 4 relative to the base year as in Table 7 for the
baseline IV and PSM models (columns 1 and 4) and for models with both foreclosure and case length being over 1 year
both included as regressors (columns 2, 3, 5, and 6). All standard errors are clustered by case. * indicates significance at
the 10% level, ** at the 5% level, and *** at the 1% level.
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weight these regressions as in the main text.

Figure A.8 shows results for three key outcomes for owners: moving, neighborhood quality
for owners, and divorce. For each outcome, the left panel shows the coefficients on foreclosure Bf
while the right hand panel shows the coefficients on whether the case is resolved in over one year
BL. Three things are of note. First, the confidence intervals on foreclosure are somewhat wider.
Second, the point estimates for foreclosure are very close to our main results, indicating that the
effects really were due to foreclosure not case length. Third, the effects of a longer case are near
zero with one exception: for moving, cases that take over a year to resolve see a decline in moving
in year one that then goes away. This makes sense given that the foreclosure takes longer to be
decided.

Tables A.7, A.8, and A.9 show pooled results for all outcomes for years 3 and 4 results for our
main specification (same as Table 7) and the specification with both foreclosure and length of case
for owners, renters, and landlords, respectively. One can see that for both IV and OLS, adding
in case length does not significantly alter our results for foreclosure for essentially all outcomes.
We can also see that case length generally has economically insignificant effects. The exception is
credit score, where it seems like a longer case leads to a lower credit score.

Overall, our analysis of time to foreclosure indicates it is far less important than the main fore-
closure outcome. This throws cold water on the notion that our foreclosure effects were actually

picking up effects for case length.

E Additional Background

E.1 Divorce Laws in Illinois

For contested divorces, Illinois is an “equitable division” state, meaning that the marital assets
are divided “equitably” rather than 50/50. The judge weighs factors like length of marriage,
financial resources of both spouses, employability of the spouses, and the spouses’ contribution to
the acquisition of the property. Assets are classified as either “marital property” belonging to both
spouses or “separate property” belonging to an individual. Marital property is acquired during
the marriage, and separate property is from before the marriage. Gifts given to one spouse count
as separate property as long as it is not commingled with other assets belonging to both spouses,
such as by putting the funds in a joint bank account. These rules apply only to contested divorces.

For uncontested divorces, all property may be split however the spouses want.
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In a contested divorce, the spouse with primary custody of the children often gets to keep
the house (Anderson and Associates (2015)). Sometimes the award is temporary and the house
must be sold once the youngest child turns 18. Even if a spouse is given the home, they may still
be required to buy out the partner’s interest, or the higher-earning spouse may continue to be

required to pay the mortgage as part of a support arrangement.

E.1.1 Property Held in Trusts

The house does not count as marital property if the spouse is a beneficiary of a revocable trust
because the control of the property is with the grantor. If the spouse is a beneficiary of a irrevocable
trust, then the property does not count as marital property as long as the property is not mingled
with marital property. If the spouse is a grantor of a revocable trust, then the property counts
as marital property, unless it was acquired prior to the marriage or was a gift given to only one
spouse and not commingled. Income derived from a trust does count toward the income of the
beneficiary spouse (Law Offices of Schlesinger and Strauss (2017), Mirabella, Kincaid, Frederick,
Miarabella (2015)).
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