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Abstract

More than 40,000 households in Los Angeles County face eviction each year.
Pursuing policies that reduce the number of evictions is of growing importance
to state and local policymakers, but the causes and consequences of eviction are
poorly understood. By collecting eviction docket records and linking them to
administrative data, we are able to study an important institutional determi-
nant of eviction in LA County: how courts assign cases. Because eviction cases
are assigned to courthouses based on a unique spatial assignment rule, we test
the effect of court assignment on default eviction probability using a regression
discontinuity design. We show that courthouse assignment can increase the
probability of default eviction by 0.7-23.1 percentage points.
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1 Introduction

Landlords file more than 40,000 eviction cases against renter households each year
in Los Angeles County. The leading reason is non-payment of rent. In most LA
neighborhoods, more than 90% of eviction notices are issued for non-payment of
rent. Once filed, most cases end in eviction via a default judgment, where the court
orders the tenant(s) to vacate the property and, if relevant, pay the landlord any
unpaid rent. For tenants, the repercussions are increased housing instability, reduced
earnings, reduced credit access, and increased hospital visits.

With the expiration of COVID-19 eviction protections, state and local policy-
makers are increasingly exploring interventions to decrease eviction filings and keep
tenants housed. California Gov. Gavin Newsom, for example, signed housing reforms
in 2023 oriented toward decreasing the number of evictions.” Local jurisdictions across
the state have gradually begun to adopt more stringent tenant protections too. In the
City of Los Angeles, Mayor Karen Bass has extended rent relief programs, stating:
“We will do all we can to ensure that a wave of evictions does not hit our City as we
continue confronting the homelessness crisis.”

Despite policymaker interest, the causes of eviction are not well-understood. Part
of the problem is that data on California evictions is scarce and difficult to obtain,
which has prevented researchers from fully identifying institutional mechanisms link-
ing eviction filings with eviction case outcomes. This paper assembles the most com-
prehensive data on LA County evictions to-date. Our primary dataset for this paper
consists of over 60,000 individual case docket records, which we use to better under-
stand individual tenant outcomes and link to detailed property assessment data.

First, we use this data to isolate descriptive trends in LA County. We show that
case times are increasing from 2016-2023. Then, we explore the court’s zip code-based
assignment and show that misfiling occurs: a small number of eviction cases (2-5%)
are filed in an incorrect courthouse each year in our dataset. We do not, however,
find evidence that misfiling is attributable to strategic landlord behavior.

Using this novel data, we next study court assignment as an institutional deter-
minant of eviction via default judgment in LA County. Default evictions occur when
tenants fail to appear at court and lose by default. We quantify how the court as-

signment mechanism impacts the eviction default probability. Because LA County

1See ( ).
2For media coverage, see (2023).

’ (2023).



eviction cases are assigned to courthouses based on a unique spatial assignment rule,
we are able to estimate the causal effect of courthouse assignment on default prob-
ability using a regression discontinuity design. The discontinuity design allows us
to compare cases located across a courthouse boundary that are likely to be similar
along unobservable dimensions.

We show that—for renters near a courthouse boundary—court assignment mean-
ingfully affects the eviction default probability. Our estimates for the local average
treatment effect (LATE) of courthouse assignment range from 0.7-23.1 percentage
points for seven different courthouse pairs. For example, for renters near the Santa
Monica & Stanley Mosk courthouse boundary, the average treatment effect of being
assigned to the Santa Monica courthouse is a 6.23 percentage point increase in the
probability of default versus the Stanley Mosk courthouse.

To further explain the causes of eviction default, we explore how distance to court

impacts default probability. As another author writes:

“[T]he inability to access justice is rooted in something more physical,
more mundane: the many and varied costs of getting to and physically

using a brick-and-mortar courthouse.”

Specifically, we test whether courthouse assignment effects the expected default evic-
tion probability for renters near the boundary with the same distance to assigned
court. Our estimates for the conditional local average treatment effect (CLATE) at
the seven courthouse boundaries show heterogeneous effects of distance to court on
renters in LA County.

Our analysis informs ongoing policy debates. Typically, interest groups propose
eviction reforms to give tenants more resources. For example, some tenant advocates
endorse civil Gideon,  a right-to-counsel intervention. But providing tenants with le-
gal representation in eviction court is costly. By contrast, this paper is concerned
with institutional policy reforms. We show how courthouse assignment is an impor-
tant institution with a disparate impact on tenants across courthouse boundaries.
Because LA County has 23 active courthouses—including six' that previously heard

: (),

5See, e.g., ( ).

6The proposal is a reference to Gideon v. Wainwright (1963), the landmark Supreme Court
decision requiring states to provide defense counsel to indigent criminal defendants.

"Previous Eviction Courthouses (with year last heard eviction cases): Alhambra (2013), Beverly
Hills (2012), Burbank (2013), Glendale (2013), Pomona (2017), Torrance (2013).




eviction cases post-2010—policymakers can modify the courthouse assignment rule

to minimize the cost of getting to court.

1.1 Prior Literature

This paper is related to a growing eviction literature that has, to date, been primarily
published in fields like sociology, urban planning, and policy studies. Research from
the Eviction Lab ( , ), for example, discusses the demographic corre-
lates of eviction, suggesting that defaults are randomly distributed.” In LA County,
by contrast, ( ) and ( ) demonstrate the importance
of neighborhoods, housing markets, and spatial clustering to understanding eviction
dynamics (the “geography of risk”) in metropolitan areas. ( ) similarly
shows that case characteristics and neighborhood-level covariates are important deter-
minants of a prevalent eviction outcome: default. This literature informs our research
design. Intuitively, the regression discontinuity design disentangles correlation from
causation by comparing cases located nearby so that observable and unobservable
characteristics are similar across the courthouse boundary.

We also contribute to a nascent but growing literature on the causal determinants
of eviction outcomes. Our work is related to ( ), who
study the spatial determinants of Philadelphia evictions. Studying over 200,000 evic-
tion cases in Philadelphia from 2005-2021, the authors use a selection-on-observables
strategy with a variety of fixed effects to show that “a one hour increase in estimated
travel time increases the probability of default by between 3.9 to 8.6 percentage points
across different model specifications.” In New York City and Chicago,

( ) study the consequences of eviction using detailed administrative data. Using
a judge-leniency design (“Judge IV”), the authors show that eviction increases home-
lessness, reduces earnings, and negatively impacts credit access.

Our work adds to this causal determinants of eviction literature by incorporating
a regression discontinuity design in a sprawling Western city. This is important for
two reasons. First, the quasi-experimental regression discontinuity design is said to
have high degrees of internal validity. = Second, it is important to study Western
cities that differ in important ways from Philadelphia, NYC, and Chicago to test the

generalizability of prior work. LA County is likely more representative of Sunbelt

8We leave the optimal eviction courthouse assignment policy for future work.
9See ( ) p- 358, n. 5.
10Gee, e.g., ( ).



cities—in terms of spatial distribution of cases, transit infrastructure, commute time,
etc.—than, e.g., Philadelphia. Moreover, the assignment process in LA County differs
in significant respects from assignment in these three best-studied cities: for example,
cases in Philadelphia are assigned to a single courthouse located at the intersection
of the city’s two primary public transit lines. By contrast, LA County cases are
assigned to 1 of 11 courthouses by a unique neighborhood-zip code scheme. Like

( ), we show that distance does matter in LA County,
although there is important geographic heterogeneity.

Finally, we contribute to the law and economics literature on proximity or access to
court. ( ), for example, studies how the introduction of dispute resolution
platforms impacted case times and case default rates. Like ( ), we show
physical space affects case default rates.

The rest of the paper is organized as follows. presents the institutional
details necessary to understand eviction in Los Angeles County. describes
the collected data, defines the outcome-of-interest, and documents descriptive find-
ings. describes the regression discontinuity design and results, including:
identification, estimation, local average treatment effects (LATE), and conditional
local average treatment effects (CLATE). concludes.

Further details can be found in the on data sources and collection,

data cleaning, record linkage, descriptive findings, and other details.

2 Institutional Background

Although previous studies on eviction have focused on major metropolitan areas such
as NYC and Chicago, fewer academic works concern evictions in California cities.
Despite the consistently high volume ~ of eviction filings and policymaker concern, it

is difficult to address CA eviction problems because empirical work is hampered by

1 Cook County cases are heard at six different courthouses, although Chicago cases are heard
downtown at the Daley Center. The suburban cases are assigned to one of the five sub-
urban courthouse districts. The cities assigned to each district are listed at

In New York City, eviction
cases occur in seven courthouses determined either by County (Bronx, Kings, New York, Queens,
Richmond) or two special eviction courthouses (Harlem and Red Hook).

12Certain institutional details cannot be treated fully here. We describe only the eviction details
necessary to contextualize our identification strategy and interpret the results. For a more complete
treatment of LA County eviction, including historical details, see ( ).

13See the Eviction Lab estimates in the top left panel of . The Eviction Lab-modeled
estimates also show that LA filings constitute a roughly constant proportion of total statewide filings
from 2000-2018.


https://www.cookcountyclerkofcourt.org/divisions/suburban-districts-0
https://www.cookcountyclerkofcourt.org/divisions/suburban-districts-0

data availability problems. California counties do not uniformly record or report the
number of cases filed by different types (e.g. eviction, small claims, and unlimited civil
jurisdiction). The statewide eviction record sealing law is another obstacle. Under
CA law, many eviction records are sealed to the public unless certain conditions are
met.  Simplifying, eviction records are sealed unless the landlord prevails at trial or
the case ends in a default judgment against the tenant.

Due to these reporting and sealing issues, we study a particular eviction outcome—
eviction via default judgment. Defaults can occur at two time points in an eviction
lawsuit: first, if tenants do not file an Answer before the court-mandated deadline,
and second, if tenants do not appear at an assigned court date. While the latter type
is relatively rare, both types of default result in landlords winning and tenants losing
their cases, oftentimes before their first court date. Because defaults are difficult to
reverse, filing an Answer and attending eviction court dates are imperative.

There exist myriad obstacles, however, to getting to court. As argued most rele-
vantly by tenants-plaintiffs in Miles v. Wesley, 801 F.3d 1060 (9th Cir. 2015):

[Rleducing the number of courthouses handling unlawful detainer cases
disproportionately impacts poor, disabled, and minority residents.

[Blecause individuals with disabilities and minorities are disproportion-
ately renters who rely on public transportation, the closure of these court-
rooms would have a disparate impact on these communities. [T]he im-
portance of neighborhood court access is heightened in light of the expe-
dited timeline of unlawful detainer actions, the fact that most low-income
tenants are not represented by counsel, and the prospect that a default

judgment could render a tenant homeless.

In response to Miles, the LA Superior Court system expanded the number of regional
courthouses that process eviction cases, but many of the distance concerns cited in
Miles continue to exist. ( ) confirmed anecdotal evidence
in Miles, showing that longer travel times made tenants in Philadelphia, PA and
Harris County, TX more likely to default than tenants with shorter travel times.
The authors find that this “transit effect” disappeared when courts made virtual
accommodations in eviction proceedings during the COVID-19 pandemic.

This growing literature focuses primarily on structural factors that shape the like-

lihood of tenants defaulting. To the extent that this research identifies institutional

14Gee California Code of Civil Procedure §§ 1161.2, 1167.1.



determinants of default, it focuses on COVID-19 era adaptations, rather than eviction
case policies in less exceptional times. By contrast, our paper is the first to empiri-
cally assess how an idiosyncratic institutional process—court assignment of eviction
cases to regional courtrooms within a broader countywide court system—affects the
likelihood of tenant default.

To do so, we collected comprehensive data on monthly eviction filings in LA
County. = The top right panel of shows the LA County filing volume data
we collected via California Public Records Act (CPRA) requests to the LA Superior
Courts (LASC). Our filing data augments the Eviction Lab Data ( top left
panel) with exact filing volumes since 2000 and emphasizes the inclusion of 2019-2023
filings. Although eviction filings were low in 2020-2022 due to temporary eviction
protections at the local, state, and federal levels, the number of eviction filings in
2023 exceeded the number of pre-pandemic filings in the 2017-2019 years.

During the same period, the time to complete an eviction case has been increasing.
In the bottom panel of , the percentage of CA eviction cases disposed in
30 or 45 days decreased from 2014-2023. Eviction is a summary proceeding, but
only 35% of the California evictions filed in 2023 were completed within 45 days.
In and , we show that LA County also experiences longer
disposition and total case times.

In sum, LA County evictions are increasing in volume, take longer to complete,
and are difficult to address due to lack of reliable empirical information for policymak-
ers, legal officials, and researchers. This paper is the first to look at the relationship
between institutional processes and default outcomes and represents the most com-
prehensive empirical description and causal analysis of how the LA County eviction
process impacts eviction outcomes to-date. The remainder of describes the
LA County eviction system: describes the eviction process; and

explains how eviction cases are assigned to different eviction courthouses.

2.1 Eviction Process

The eviction process begins when a landlord serves an eviction notice on a tenant.
The vast majority of eviction notices are for unpaid rent: for example, in LA City, over
96% of the notices in 2023 were for non-payment of rent. Eviction notices typically
give tenants 3 days (91% of eviction notices in LA City) to “cure” their lease breach

by paying unpaid rent to the landlord. The amount of unpaid rent and number of

15Gee



eviction notices vary at the zip-code and building levels.

Next, the landlord initiates an eviction proceeding by filing an eviction lawsuit in
the LA Superior Court system, which costs $240-$385."" After being notified of an
eviction proceeding initiated against them, = tenants must file an Answer within 5
days (pre-2025)" with the court.”’ The filing fee for the tenant’s Answer has varied
over time, but the 2024 fee in eviction actions where the contested amount of rent is
less than $12,500 is $225.

If tenants do not file an Answer by the court-mandated deadline, landlords may
petition the court to enter a default judgment against the tenant. Otherwise, after
an Answer is filed, the court sets a trial date. Tenants who do not appear at trial will
also receive a default judgment, but if they appear there is a judgment on the merits.
The judgment typically awards landlords any past due rent.

Following the court-issued judgment, the landlord may enforce the judgment by
obtaining a writ of execution. The writ gives the sheriff permission to lock the tenant
out of the premises. After obtaining the writ, the sheriff will serve the tenant a Notice
to Vacate, which gives the tenant five days to move out. Five days after receipt of
the Notice to Vacate, the sheriff will change the locks, forcing the tenant out of the

residence. The typical process is represented graphically below in

16See (2021) for discussion of the spatial autocorrelation in eviction variables.

17See nos. 11 and 14 in ( ).

18Tenants are considered notified after being served the Summons and Complaint forms.

19The five days do not include weekends or holidays. Additionally, tenants may have longer to
respond if they are improperly served. But see Assembly Bill 2347, which as of Jan 2025 gives
tenants 10 days to respond.

20The tenant is not supposed to mail the Answer, as they will default if the Answer doesn’t
arrive. The official self-help page for California Courts strongly recommends against mailing the
Answer, and instead says you should show up to file the Answer at the relevant court. See

21See no. 15 in ( ). But note that there are fee waiver applications available.


https://selfhelp.courts.ca.gov/eviction-tenant/respond-file
https://selfhelp.courts.ca.gov/eviction-tenant/respond-file
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Figure 1. Eviction Timeline (Simplified)

This is a stylized timeline of events, which may not reflect the exact process for every
eviction.”~ In particular, eviction moratoria and other COVID-19 protections altered
the 2020-2022 process, e.g., giving tenants more time or limiting the landlord’s ability
to force the tenant to vacate. We document, moreover, in and

that time-to-disposition and total case times have recently increased.

2.2 Courthouse Assignment Mechanism: Map & History

According to LASC Local Rule 2.3(a)(2), eviction cases are assigned to courthouses

based on a unique spatial mechanism. Under that rule, unlawful detainer actions:

“must be filed in the courthouse serving the location and proper United
States Postal Service zip code of the property in dispute using the Zip

Code Table for Unlawful Detainer cases.”

The eleven courthouses where eviction cases are filed include: Chatsworth, Compton,
Governor George Deukmejian (Long Beach), Inglewood, Michael Antonovich Ante-
lope Valley, Norwalk, Pasadena, Santa Monica, Stanley Mosk, Van Nuys East, and
West Covina. below illustrates how the courthouse assignment procedure

works for the first few zip codes in Los Angeles County.

22The eviction timeline outlined above omits, for instance, any special motions that may arise.
23This accords with the statewide trend in the bottom panel of



Table 1. Zip Code Table for Unlawful Detainer Cases

Zip Code City /Neighborhood Modifier Courthouse
90001 FLORENCE Stanley Mosk
90001 HUNTINGTON PARK Norwalk
90001 LOS ANGELES Stanley Mosk
90002 FLORENCE Compton
90002 LOS ANGELES Compton
90002 LYNWOOD Norwalk
90002 WATTS Compton
90003 LOS ANGELES North of Manchester  Stanley Mosk
90003 LOS ANGELES South of Manchester Compton
90004 LOS ANGELES Stanley Mosk

Generally, the city-zip code pairs completely determine the assigned courthouse.
However, in some zip codes the assignment is further determined relative to a par-
ticular street. For example, in above, eviction cases arising in the 90003 zip
code are assigned to the Stanley Mosk or Compton Courthouse if the tenant’s address
is north or south of Manchester Avenue, respectively. The full assignment map for

LA County is given below in the left panel of

Courthouse Assignment

Assigned Court Map (2017-2023) Number of Eviction Courts
25
Antelope Valley
Chatsworth €
Compton 320
Inglewood O
Long Beach 5
Norwalk 5 15
Pasadena o
Santa Monica £
Stanley Mosk 3 10
Van Nuys East
West Covina
5
SRR NN
S PP FSaass
The Catalina Courthouse is omitted from the map and For the shaded gray years within the dashed purple boxes,
analysis. default data has been fully scraped from the LASC Portal.

Figure 2. Courthouse Assignment
Note: The left panel shows the courthouse districts from 2017-2023, found by aggregating
the units from the Simplified Zip Code Table ( ). The right panel is the number
of eviction courts from 2009-2024.



Over time, the number of courthouses that hear eviction cases in LA County has
fluctuated. As seen in the right panel of above, the number of courthouses
that hear eviction cases has ranged between a low of five courthouses (2014) and a
high of twenty-six courthouses (2009-2011). This paper focuses on the period with 11
courthouses (mid-2017 to 2023), which is the long horizontal line in the right panel

of . See for more details on assignment.

3 Data and Outcomes

This section describes the data collection (inc. geocoding), the outcome-of-interest

(default eviction), and descriptive trends.

3.1 Docket Records: Geocoding & Assessor Linkage

The first and most important dataset we collected for this paper includes tens of
thousands of individual docket records in eviction cases scraped from the LA Su-
perior Courts from 2016-2023.” From the individual-level text files containing all
publicly-available docket information, we use regular expression (regex) to extract
detailed information for each individual case, including the following covariates: land-
lords (plaintiffs), tenants (defendants), attorneys (if applicable), address information,
monetary awards, judge, courthouse, and dynamic case timing information. Particu-
larly important is the address information, which includes the full address (i.e. street
number, street, city, state, zip code) for the majority of cases across years.

Using the individual-level case address information, we then geocoded each ad-
dress using the Mapbox API. The Mapbox API returns probabilistic matches with a
matched address, latitude/longitude, and the match “confidence” score. In the anal-
yses that follow, we consider only cases for which the Mapbox API returns a “High”
or “Exact” match for the address we extracted from the individual docket records.

Using the geocoded addresses, we then linked our eviction dataset to information
from the LA County Assessors Office. This gives us building-level covariates for each
address and includes, for example, the age of the building, the number of units, and

number of bathrooms. Many of these covariates serve as important proxies for tenant

24We focus on the primary 11 courthouses, although technically the Catalina Courthouse also
hears eviction cases for Santa Catalina Island. Unless otherwise stated, we generally do not consider
this court because it has no observed evictions. We therefore omit it from the plots.

25Unless otherwise noted, we exclude 2020-2022 from all analysis and discussion because of local,
state, and national eviction moratoria.
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income or tenant rent, which are generally unobservable. Note that, for each year, we
use assessor data on the number of units in a building to infer the number of units in
that building for which we do not observe default.

See for more details on data collection, including information on the
case availability, the FOIA data on the total number of evictions in a courthouse each

month, sampling rates in , and geocoding information in

3.2 Outcome: Eviction Default

The main outcome of interest in this paper is eviction default. Using the docket
and assessment data, we measure the number of eviction defaults each year at each
address. The primary outcome is a binary variable that reflects whether we observe

a rental unit ¢ experience an eviction default in year t:
eviction; = 1{unit 7 is evicted via default}

Note that, in the analysis that follows, we focus on the sub-population of buildings in
a given year that have at least one observed eviction. We exclude all other buildings
that appear in the LA County assessor data but do not match an address in our
scraped eviction data. Assessed properties for which we do not observe an eviction
may differ from properties with evictions in important but unobservable respects.
Note that the binary nature of this outcome will allow us to interpret the conditional
expectation E[eviction;|X; = x| as the probability of default eviction for units ¢ that
are x distance from the courthouse district boundary conditional on being an address

with at least one rental unit with eviction default.

3.3 Docket Records: Descriptive Findings

The docket records are important for empirically assessing eviction trends. Here, we
document two particular descriptive findings: (1) case times are increasing in LA
County from 2016 to 2023; and (2) a number of eviction cases are filed in the wrong

court but this is not attributable to strategic landlord behavior.

3.3.1 Default Times

Using the docket data, we first show that the statewide trend toward longer case
times also holds in LA County. To do so, we compute two timing measures. The first

measure is the time-to-default: the number of days from the assignment of the case

11



to a judge and the first entry of the default judgment on the docket. For each default

case 7, this is computed as follows:
time-to-default; = default entered on docket; — judge assigned;

In some cases, the docket record is missing the date default judgment is entered.
The second measure calculates the total case time in case j. Using regular expres-
sions, we extract all dates of the format “MM/DD/YYYY”. We then compute the

difference between the earliest and latest date in case j:
total time; = latest date on docket; — earliest date on docket;

This measure is computed for every case in our dataset.

Using these measures, we observe that the time-to-default and total case times
are highest in 2023. For example, shows the 2023 time-to-default density
is shifted significantly further rightward than pre-pandemic years. This is consistent
with the statewide trend (bottom panel of ). See and

for additional details and alternative time measures.

3.3.2 Mistfiled Eviction Cases

Next, we discuss misfiled eviction cases. Misfiling is when a docket record’s observed
courthouse does not match the proper filing courthouse from the LA County Zip Code
assignment rule ( ). Because the misfiling classification is map-dependent, we
proceed conservatively. Specifically, we assume that, in each neighborhood-zip pair,
the majority of cases are filed in the correct courthouse. Even under this assumption,
approximately 2.3% of the eviction cases are misfiled (2018, 2019, 2023). Using our
preferred map (see ), 5.5% of cases are misfiled (2018, 2019, 2023).
Here, we explore one possible explanation for misfiling: landlords—knowingly or
unknowingly—file in the incorrect courthouse. Misfiling is not necessarily nefarious,
as it could be due to confusion or lack of information. Indeed, in some regions with
misfiled cases the assignment rule ( ) is relatively complicated.” Alternatively,
landlords may strategically disadvantage tenants by misfiling in distant courthouses.
Using the docket records, we test whether landlords strategically disadvantage

tenants by filing in more distant courthouses. To test whether landlords are strategic,

26See for full details.
2"Meaning the assignment rule does not pick out one unique courthouse for the zip code.

12



we compare two distance histograms. In , the red histogram is the distance
from the tenant address to the assigned courthouse, whereas the blue histogram is

the distance from the tenant address to the observed filing courthouse.

Distance to Observed versus Assigned Court Histograms
Misfiled Cases (Observed Filing Court Doesn’t Match Assigned Court)

KS Statistic: 0.07
p-value: 0.0874

100
=
S
o
@)
50
Average Dist. to Observed Court: 7.37 mi
Average Dist. to Assigned Court: 7.26 mi
0

0 10 20 30
Distance (mi)

Figure 3. Misfiled Cases: Distance to Observed vs Assigned Court
Note: The blue histogram is the distance to observed court (among misfiled cases) and the
red histogram is the distance to the assigned court (among misfiled cases). The KS
statistic can be used to test the null hypothesis that the distances are drawn from the
same distribution.

Although the average distance to the observed courthouse is 0.11 miles further for
tenants, we cannot statistically distinguish between the two distributions (p ~ 0.0874)
using the standard KS test. In other words, there is no statistical evidence of landlord
strategic filing to disadvantage tenants among the cases we here label misfiled.

It has long been recognized that clear legal rules lower legal costs and reduce

13



uncertainty. An unclear procedural rule like the LA County eviction assignment
mechanism can be clarified or refashioned. Although the optimal assignment rule is

beyond the scope of this paper, we have identified some neighborhood-zip pairs (e.g.

Hyde Park in ) where there is—at least in practice—procedural uncertainty.
In what follows, we focus on correctly filed cases only. See for further
details on the assignment map, and for further discussion of misfiling.

4 Regression Discontinuity Design: Methods & Results

This section explains our regression discontinuity design (RDD), which exploits vari-
ation stemming from the discontinuous assignment of cases to courthouses based on
spatial location. We present results estimating the local average treatment effect
(LATE) and the conditional local average treatment effect (CLATE) for seven differ-
ent courthouse pairs across LA County.

4.1 Continuity-Based RDD

In what follows, we consider the “sharp” regression discontinuity design.

4.1.1 Setup & Identification

To begin, we assume a potential outcomes framework. Let Yy, and Y3; be the counter-
factual outcomes for an individual ¢ without and with treatment, respectively. Let the
“forcing variable” be X; be the distance to the boundary C'. The binary treatment
W; is determined as follows:

W, = 1{X; > C}

The observed outcome is:
Yi = (1 — Wi)Yy + WYy
Define further the counterfactual conditional expectation functions (CEF):
pg(x) = E[Yy| X = z]

for ¢ = 0,1. In the regression discontinuity design, the potential outcome CEFs are

assumed continuous in the forcing variable X. Because W; is a deterministic function

%See, e.g., ( ).
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of X; note that ignorability (conditional mean independence) holds:
E[Y, X, W] = E[Y;|X]

for g =0, 1.
The estimand of interest in a sharp RDD is the treatment effect at the cutoff, or
the local average treatment effect (LATE), defined as:

7 = E[Y] — Yo|X = (]

In our empirical setting, we have a treatment effect for each pair of courthouse districts
that share a boundary C'. That is, for each pair of courthouse districts, we define
treatment W; = 1 if unit ¢ is in the first courthouse district and W; = 0 if unit ¢ lies
in the other courthouse district. For example, when comparing buildings near the
Pasadena and West Covina courthouse boundary, we set W; = 1 if unit ¢ is assigned
to the Pasadena courthouse and W; = 0 if assigned to the West Covina courthouse.

Because prior research suggests distance to court is an important determinant
of the default probability (( : )), we also consider the
conditional local average treatment effect (CLATE), defined as:

1o(z) = E[Y, = Yo|X =C, Z = 7]

where Z; is the distance for case i to assigned courthouse. We assume that E[Y,|X =
x,Z = z] is continuous in = for each g = 0,1 and for all z € supp(Z). Below, we
explore the heterogeneous effects 7¢(z) as a function of the conditioning variable Z.
Under these assumptions, the LATE is identified by the limits of the observable
CEFs:
o = ml_i)ré1+E[Y\X =z] — lim E[Y|X = z]

z—C—

and similarly, for each z-value, the CLATE is identified by:

To(z) = lim EY|X =2,Z =2]— lim EY|X =2,7Z = £]

rz—C+ z—C—
4.1.2 Estimation & Inference

Estimating the limits that identify the causal estimands above is usually accomplished
non-parametrically. Below, we use the local linear estimator with uniform kernel as

in ( ). These estimates are given by obtaining linear fits
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locally, i.e. within some bandwidth h, on either side of the cutoft C"

min E (Yi—a;— B(X;—C))* and min E (Y; —a, — B, (X; — 0))?
B ar,Br
:X;€(C—hgy,C) :X,€[C,C+hg)

For each courthouse pair, we then estimate 7¢ as:

o= ar —Q

An important consideration here is the bandwidth selection procedure. We present
the LATE estimates for many possible bandwidth choices up to some distance from
the boundary (e.g. up to 5km from the boundary). We also give the robust point
estimates and Cls from the bandwidth selection procedure used by the rdrobust
package ( ( ) for details).

To estimate the CLATE (7¢(z)), we again use a local linear estimator. We de-
fine a grid of different bandwidths for the X and Z variables, denoted h, and h.,
respectively. We then obtain two local linear fits for each bandwidth pair (h,, h,) to
estimate E(Y1|X = C,Z = z) and E(Yy|X = C, Z = z), resp., as follows:

Imﬁin Z Y; —ou — Bi(X; = C) = i(Zi — 2))?
a,Bi,m i:X;€(C—hy,C) and Z;€(z—hz,2+hs)

min Z Y=o = B(Xs = C) — 1 (Zi — 2))2

ar,Bryy
e Ti:XiG[C,CJrhI) and Z;€(z—h;,z+h;)

For each courthouse boundary C' and bandwidth pair (h,, h,), we then estimate 7¢(z)

as:

Because we estimate 7¢(z) for many combinations of the X and Z bandwidths (i.e.
(hg, h,) pairs) (h,) and Z bandwidth (h,), we then average across these estimates
(using uniform weights) to obtain our CLATE estimates.” We show in

how the “bandwidth averaging” procedure recovers 7¢(z) and can perform as well
as cross-validation bandwidth selection procedures. We also present the np cross-
validated CLATE estimates in

29 Averaging different kernel-based estimators is explored, e.g., in ( ).
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4.2 Unconditional Cutoff Effects: Estimating the LATEs

For each courthouse pair, we begin by considering only cases close to the boundary.
To estimate the LATE at the courthouse boundaries, we consider only cases within a
5km buffer zone around the boundary. The cases we consider for Pasadena and West

Covina, e.g., are shown in

Buildings with Default Evictions (2017-2023)
Comparing Pasadena and West Covina evictions within

34.4°N

34.3°N

34.2°N

34.1°N

34.0°N

118.4°W 118.2°W 118.0°W 117.8°W

Figure 4. Pasadena & West Covina Map
Note: The observed default addresses within 5km of the Pasadena and West Covina
courthouse boundary are plotted as points.

Our estimates for the LATE at different courthouse boundaries C
o =E(Y1 - Y| X =C)

are presented below. In , we plot the LATE estimates from the robust

bandwidth selection procedure in ( ) using companion software

(2015).
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LATE Results by Courthouse Pairs
Estimates at the Boundary for Robust Bandwidth
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Figure 5. LATE Estimates by Courthouse Pair (rdrobust)
Note: The LATE estimates (7¢) at each courthouse pair boundary using the optimal
bandwidth selection procedure in the rdrobust package (
default quartic polynomial (solid line) and linear (dashed line) fits are plotted for each
courthouse separately. The gray points are evenly-spaced binned means using the
rdplot() function. The robust point estimates are reported (with robust CIs) in the table

for each courthouse pair.
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The robust estimates are plotted in each courthouse panel and are also given in
table form in . The robust estimates range from 0.7-23.1 percentage points.
In three courthouse pairs, the robust LATE estimate is not significant: Chatsworth &
Van Nuys, Inglewood & Long Beach, and Pasadena & Stanley Mosk. In the remaining
four pairs, the robust LATE estimate is significant but varies in size. The smallest
significant effect is 6.23 percentage points (Santa Monica & Stanley Mosk), whereas
the largest significant effect is -21.06 percentage points (Compton & Stanley Mosk).

Because eviction records are sensitive legal documents, they do not contain much
individual information on landlords and tenants. Without such information (e.g.
tenant demographics, tenant monthly rent, tenant income), it is difficult to directly
assess covariate balance near the courthouse pair boundaries. We therefore rely on
building- and neighborhood-level covariates to assess the validity of the discontinuity
design. Specifically, we look for balance in pre-determined building and neighborhood
covariates using the rdrobust optimal bandwidth. We use data on property value
from the LA County Assessor and imputed median rent data from the ACS.

We show covariate means for records within the optimal bandwidth from the
courthouse pair boundary in . We find that some courthouse pairs are
better balanced than others. For the courthouse pair where we find the largest effect
(Compton & Stanley Mosk), we find no significant building and neighborhood level
covariate imbalances. However, for the Compton & Norwalk pair, we reject balance
for all four covariates: year building built, total property value, taxable property
value, and imputed median building rent. Note also that the balance tables compare
cases across the entire courthouse pair boundary, so that some imbalance likely comes
from the spatial data and the spatial comparison. See for more details.

Finally, we test the sensitivity of the LATE estimates to the bandwidth parameter.
In , we plot the local linear LATE estimates as a function of the bandwidth
h.. For example, we see large differences in magnitude and sign for the Inglewood
& Long Beach LATE estimate as we decrease the bandwidth from 5000 meters to 0
meters. On the other hand, some of the LATE estimates are highly robust to the
selected bandwidth. For example, the Santa Monica & Stanley Mosk LATE estimates

are positive and roughly constant across bandwidths h,.
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LATE Results by Courthouse Pairs
Estimates at the Boundary by Bandwidth
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Figure 6. LATE Estimates by Courthouse Pair
Note: The LATE estimates (7¢) at each courthouse pair boundary C' are plotted as a
function of bandwidth h,. For each bandwidth h,, the local linear estimate is plotted
along with the CIs (gray ribbon). The table again gives the rdrobust package estimates
of the LATE, along with the robust CIs. The dashed vertical line is the rdrobust optimal
bandwidth.
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4.3 Heterogeneous Conditional Effects: Distance-to-Court CLATEs

Next, we investigate potentially heterogeneous effects near the boundary. Specifically,
we estimate the conditional local average treatment effect as a function of distance-

to-court z. Recall the estimands are of the following form:
To(z) =EY1 — Y| X =C,Z =2

These are the local (i.e. at the cutoff X = (') average treatment effects conditional
on the distance to assigned court being z. The idea is to compare only cases near the
boundary that are the same distance (z) to the assigned court, whereas the LATE
estimates above do not condition or control for distance to assigned court explicitly.

Our estimates for the same seven courthouse pairs are given in . The
average estimates across bandwidths is plotted in black for each courthouse pair.
The blue and red bands are the 90% and 95% quantiles across bandwidths (hy, h.).
The CLATE bandwidth-averaged estimates (black line) are a non-constant function
of distance to court z and differ significantly between courthouse pairs.

The CLATE estimates suggest there is considerable treatment effect heterogene-
ity along the distance-to-court dimension. For example, the Compton & Stanley
Mosk CLATE estimates are positive for small z-values and negative for large z-values
(downward-sloping). This suggests some renter sub-populations at different distances
to court experience stronger or weaker courthouse assignment treatment effects.

The CLATE estimates are, in general, sensitive to the selected bandwidth. For
most courthouse pairs, the 90% and 95% bandwidth quantiles do not pin down the
sign of the effect but for a small number of z-values. The magnitude is also highly
variable for most courthouse pairs and z-values. These issues are partially due to
the small sample sizes that result from conditioning on a second variable (Z). The
CLATE estimates should, therefore, be interpreted with some care.

The results are largely consistent with distance-to-court being an important factor
affecting the default probability, as in ( ). For most
courthouse pairs at almost all z-values, the bandwidth 90% and 95% quantiles contain
zero. After controlling for distance-to-court z, in other words, there may be no further
direct effect of court assignment on the default eviction probability because the bands
contains zero. However, note that for two pairs (Pasadena & Stanley Mosk and Santa

Monica & Stanley Mosk) the CLATE estimates do not include zero for some z-values.

30Gee also for the np package CLATE estimates with cross-validated bandwidths.
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CLATE Results by Courthouse Pairs
Average Estimates with 90% (blue) and 95% (red) Bandwidth Quantiles
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Figure 7. CLATE Estimates by Courthouse Pair
Note: The CLATE estimates 7¢(z) are given as a function of distance-to-court z (in
meters). For each distance z, the local linear estimator is averaged across 10000
bandwidth pairs (hg, k). The 90% (blue) and 95% (red) bandwidth estimate quantiles
are given for each z.
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5 Conclusion

This paper extends research on the relationship between individual-level characteris-
tics and eviction outcomes by exploring the mundane, yet complex institutional-level
processes shaping the likelihood of tenant default in the Los Angeles Superior Court
system. We find that case assignment—an institutionalized and automated process
relying on the drawing of arbitrary boundaries—disadvantages tenants living along
the margins of jurisdictional boundaries. Indeed, in our regression discontinuity de-
sign, we show there are significant and robust gaps in the local average eviction default
probability across the boundaries for different courthouse regions.

This means that some tenants living in marginal areas are more likely than other
tenants to default. Unlike the single-courthouse system in Philadelphia (

, ), the institutional geography of eviction case processing in Los
Angeles involves assigning cases into regional courthouses across a large metropolitan
county. Since a default judgment occurs at the beginning of the eviction process,
these cases represent a procedural injustice wherein tenants lose the cases against
them (and their homes) before they have an opportunity to defend themselves in
court. Thus, for tenant facing eviction, one’s likelihood of losing their case and home,
and potentially experiencing homelessness, is a function of factors that differ from
the demographic and individual cultural variables tested in much of the literature.

The multi-faceted nature of eviction institutions makes welfare-improving legal
reform difficult, particularly in big cities like Los Angeles. The impact of different
levers in the eviction machine—assignment maps, court waiting times, legal defense
resources, and procedures for dealing with court non-attendance—on tenants, land-
lords, and the rental market is poorly understood. Determining how to optimally pull
these levers should be done ceteris paribus and in a data-driven manner.

By focusing on an institutional mechanism that increases the likelihood of expe-
riencing default in eviction lawsuits, we have identified an area where modest reform
could pay significant dividends in eviction prevention. A seemingly small intervention
to redraw and optimize jurisdictional maps could decrease defaults and, by extension,
procedural inequality in the civil justice system. The court assignment policy lever
can complement other policies, like creating tenant protections to keep tenants housed
and expanding tenants’ access to attorneys. This multi-pronged policy approach to-
ward eviction cases could help mitigate the devastating consequences of LA County’s

affordable housing and homelessness crises.
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A Appendix A: Creating the Courthouse Assignment Map

discusses the creation of the courthouse assignment map and shapefiles.

As discussed in the main body of the paper, the filing rule for evictions is unique to
eviction cases. Assignment to a court is determined by a neighborhood-zip pair. We
started with zip-codes where the filing rule uniquely specifies a courthouse. Using zip
code shapefiles from LA County geohub, this determines the courthouse assignment
map for most of LA County. In the remaining zip codes where there are multiple evic-
tion courthouses, we determined neighborhood boundaries within the zip code. We
used other LA County geohub shapefiles—in particular, the census tract shapefiles—
to determine neighborhoods within the remaining unassigned zip codes.

Next, if a particular neighborhood/city is always assigned to a particular court-
house (across all zip-codes), then we assigned the census tracts with those neigh-
borhood/city names to that courthouse. We then manually created the courthouse
assignment shapefiles for zip codes where assignment is done by a street divider.
This involved using street and highway shapefiles from LA County and the Census
shapefiles. Finally, for any remaining unassigned census tracts, we used the scraped
eviction data from 2018 to determine where the vast majority of cases for that census
tract are assigned. We assumed that the majority assigned courthouse was the correct
one, i.e. we minimized classifying observed evictions as “misfiled.”

Due to the complex governing structure of LA County, some of the city /neighborhoods
listed in the official Zip Code Table are not official, incorporated governing regions.
Therefore the precise boundaries of some city-zip pairs is difficult to ascertain. Fortu-
nately, 89% (480 of 539) of the zip codes in the Zip Code Table are uniquely assigned
to one courthouse. For example, in the highlighted rows for 90006 show that

both Koreatown and Los Angeles evictions are assigned to Stanley Mosk Courthouse.

Appendix Table A1l. Simplifying Assignment: Unique Courthouses

Zip Code City/Neighborhood Modifier Courthouse
90006 KOREATOWN Stanley Mosk Courthouse
90006 LOS ANGELES Stanley Mosk Courthouse
90007 LOS ANGELES Stanley Mosk Courthouse
90008 BALDWIN HILLS Stanley Mosk Courthouse
90008 CRENSHAW Stanley Mosk Courthouse
90008 LIEMERT PARK Stanley Mosk Courthouse
90008 LOS ANGELES Santa Monica Courthouse
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Accordingly, we work with a Simplified Zip Code Table that aggregates neigh-
borhoods in the event that all neighborhoods within a zip code are assigned to one
unique courthouse. For instance, below highlights the Simplified Zip Code
Table for the 90006 zip code.

Appendix Table A2. Simplified Zip Code Table

Zip Code City /Neighborhood Modifier Courthouse
90006 KOREATOWN-LOS ANGELES Stanley Mosk Courthouse
90007 LOS ANGELES Stanley Mosk Courthouse
90008 BALDWIN HILLS Stanley Mosk Courthouse
90008 CRENSHAW Stanley Mosk Courthouse
90008 LIEMERT PARK Stanley Mosk Courthouse
90008 LOS ANGELES Santa Monica Courthouse

Using the Simplified Zip Code Table and the official LA County Zip Codes shape-
files, we are able to unambiguously determine where the vast majority of eviction
cases in Los Angeles County must be filed. For the remaining zip codes—where evic-
tion cases are assigned by neighborhood or location relative to a street to different
courthouses—we determine the contours of particular neighborhood-zip code pairs
using official shapefiles from the LA County eGIS Program.

We then checked the map against eviction records. If a neighborhood-zip code
pair had a majority of filed cases with observed courthouses that did not match the
courthouse we specified originally for the region, then we corrected that region’s filing
courthouse. Even after incorporating this correction into the courthouse filing map,
approximately 2% of cases (2018, 2019, and 2023) have observed filing courthouses
that do not match the “true” filing courthouse for that region. See above

and for misfiling discussion.
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B Appendix B: Docket Records (Scraping the LASC Portal,
Sampling Rates, Geocoding Addresses)

describes how the docket record data was obtained. We obtained docket
records from scraping the LA Superior Court public case portal. Because court filing
number is determined by YEAR-COURT LOCATION-CASE TYPE-NUMBER for-
mats, we are able to scrape every number up to the total number of records, which
we know from FOIA requests. In general, we added a search buffer in case the FOIA
volume data was slightly off. Because the records themselves have dates, we check
that the final docket we find is close to “12-31-YEAR”. In unlawful detainer cases,

this means that case numbers look like:

year
~ =~ ~ =

17 00001

filing number

which is a 2017 Pasadena courthouse unlawful detainer (UD) case with filing number
00001.

Over time, the filing formats changed, which are recorded by local court rules.
Changes to sealing records rules changed too, effective Jan. 1, 2017. See local rules

of court for information on the filing numbers and sealing laws.

B.1 Default Evictions Sampling Rates

describes sampling rates from the FOIA total filing numbers and the
number of defaults we observe. Note that data collection carried out in Nov. 2023.

Here are sampling rates:
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Unlawful Detainer: Sampling Rates (2016-2023)
Percentage of Cases Observed by Courthouse
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Appendix Figure B1. Sampling Rates: 2016-2023

Since most of the observed cases are default judgments, the sampling rate is
essentially the default judgment rate at each courthouse for each year. Note also that
the denominators are the higher of either the FOIA number reported to us by LASC

or the last scraped case number, in cases of disagreement.

B.2 Geocoding the Addresses

The number of records observed at each step of the geocoding process are displayed
in . The percentages at the top of each year grouping give the proportion of
eviction records matched in the final step to assessor data out from the set of eviction
records that contain a nonempty address. In the process of cleaning, geocoding, and

matching to assessor information we do not lose many cases.

31Note that the assessor match for the 2016 year is omitted because it is not part of the primary
analysis. As discussed above, there was a different courthouse assignment rule in 2016.
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Geocoding & Matching (2016-2023)
Sample sizes at each step by year
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Note: The geocoded numbers are for "High" or "Exact" matches only from Mapbox API. The percentages are number of
assessor matched cases divided by number of cases with nonempty address.

Appendix Figure B2
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C Appendix C: Time-to-Default Plots

contains additional plots documenting how long it takes for the default
cases to reach default status.

We calculate the number of days to default status using regular expressions on the
raw docket data. We extract three dates from the raw case data: the case start-date
(measured as the date on the docket the case is assigned to a judge), the earliest
possible default entry date (measured as the first appearance of “C.C.P. 415.46” or
“C.C.P. 1169” on the docket), and the latest possible default entry date (measured
as the last appearance of “C.C.P. 415.46” or “C.C.P. 1169” on the docket). "~ In some
(but not many) cases, the last appearance of a default entry differs from the first
default entry date. This makes only a small difference in the mean across all years
and courthouses: the early-estimated average time-to-default is 24.4 days versus the

late-estimated average time-to-default of 25.0 days.

32To cast a wide net, the regex search is for the dates where either “415.46” or “1169” appear.
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Density Plots: Time to Default (2017-2023)

Early-Estimated Difference between Case Assigned and Default Entered
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Note: The mean earliest-estimated time—to—default of 24.4 days is plotted as the black vertical line. For viewability,
densities are plotted for the subset of cases with time-to—default less than or equal to 90 days.

Appendix Figure C1. Time-to-Default: Early-Estimated Default Entered Date

33



Density Plots: Time to Default (2017-2023)

Late—Estimated Difference between Case Assigned and Default Entered
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Note: The mean earliest-estimated time—to—default of 25.0 days is plotted as the black vertical line. For viewability,
densities are plotted for the subset of cases with time-to—default less than or equal to 90 days.

Appendix Figure C2. Time-to-Default: Late-Estimated Default Entered Date
We also record the box plots of the early-estimated time-to-default below for each

courthouse pooled across all years: although there is variation across courthouses,

the median time-to-default is similar for the 2017-2023 years.
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Time to Default by Courthouse (2017-2023)

Box Plots of Early—Estimated Days to Default
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Note: For viewability, the data is restricted to cases that default in fewer than two months (60 days) and courthouses
with at least 100 defaults.

Appendix Figure C3. Time-to-Default: By Courthouses
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Alternatively, we can estimate the start date by the earliest date that appears
within the docket. Then we can compute the difference in days between this start
date and the estimated default date (early or late). The plots below in
give densities for estimated time-to-default under this different way to measure the
start date: the new mean estimated times to default are 24.9 days (early estimated
default date) and 26.1 days (late estimated default date).

Density Plots: Time to Default (2017-2023) Density Plots: Time to Default (2017-2023)
Difference between Earliest Case Date and Early-Estimated Default Entered Difference between Earliest Case Date and Late-Estimated Default Entered
2016
0.06 2017
0.06 2018
[ 12019
2023
> >0.04
5 0.04 kA
c c
[ f3]
o [a]
0.02 0.02
0.00 0.00 Sm——
0 25 50 75 0 25 50 75
Days to Default Days to Default

Note: The mean earliest-estimated time-to-default of 24.9 days is plotted as the black vertical line. For viewabilty,

Note: The mean earliest-estimated time-to-default of 26.1 days is plotted as the black vertical line. For viewability,
densities are plotted for the subset of cases with time~to-default less than or equal to 90 days. s

densities are plotted for the subset of cases with time~to-default less than or equal to 90 days

Appendix Figure C4. Time-to-Default: Using Earliest Case Dates
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D Appendix D: Total Case Time Plots

contains plots on total case times. We extract all dates in the format
Month/Day/Year (e.g. “01/01/2018”) from the raw docket data, order the dates,
and take the earliest and latest dates. The total time is the difference between the
latest and earliest dates in the docket data for a given eviction case.
The two plots below contain the density plots for the subset of cases that are

finished within 1 year or 3 years, respectively.

Density Plots: Total Case Time (2017-2023)

Estimated Difference between First and Last Case Docket Dates (1 Year Max)
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Note: The mean case time (99.4 days) and the median case time (75 days) are plotted as the black vertical solid and
dashed lines, respectively. For viewability, densities are plotted for the subset of cases with case times than or equal
to one year.

Appendix Figure D1
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Density Plots: Total Case Time (2017-2023)

Estimated Difference between First and Last Case Docket Dates (3 Years Max)
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Note: The mean case time (203.5 days) and the median case time (90 days) are plotted as the black vertical solid and
dashed lines, respectively. For viewability, densities are plotted for the subset of cases with case times than or equal
to three years.

Appendix Figure D2
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E Appendix E: Money Judgment Plots

contains plots concerning money judgments in the observed eviction
cases. We first plot the densities for money judgments across years (pooled court-

houses) and box plots for courthouses (years pooled).

Density Plots: Money Judgments (2016-2023)

Total Money Judgments Awarded to Landlords
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Note: The mean total money judgment of $1811.97 is plotted as the black vertical line. For viewability, densities are
plotted for the subset of cases with money judgments less than $20,000.

Appendix Figure E1
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Money Judgments by Courthouse (2016-2023)

Box Plots of Money Judgments Awarded to Landlords
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Note: For viewability, boxplots are restricted to the subset of cases with money judgments less than $20,000. We also
exclude courthouses with fewer than 100 observed default cases and no positive money judgments awarded to landlords.

Appendix Figure E2
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We also plot the densities for each courthouse across all years in the sample for
different subsets: cases with total money judgments less than $5,000, $10,000, and
$20,000.

Money Judgments by Courthouse (2016-2023)

Density Plots of Money Judgments Awarded to Landlords (Cases < $5,000)
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Note: The black vertical lines show the means for each courthouse. For viewability, we exclude courthouses with fewer
than 100 observed default cases and no positive money judgments awarded to landlords.

Appendix Figure E3
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Note: The black vertical lines show the means for each courthouse. For viewability, we exclude courthouses with fewer

than 100 observed default cases and no positive money judgments awarded to landlords.

Appendix Figure E4
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Money Judgments by Courthouse (2016-2023)

Density Plots of Money Judgments Awarded to Landlords (Cases < $20,000)
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Note: The black vertical lines show the means for each courthouse. For viewability, we exclude courthouses with fewer
than 100 observed default cases and no positive money judgments awarded to landlords.

Appendix Figure E5
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F Appendix F: Data Overview

gives an overview of the eviction data (from the Eviction Lab and data

we collected) and CA statewide trends.

Evictions in California & LA County

Eviction Lab Data (2000-2018) Our Data (2000-2023)
Filings for LA County and CA Statewide Filings for LA County
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Appendix Figure F1. Eviction Filing Volume (CA & LA County) and Disposition

Times (CA)
Note: The top left panel shows the modeled filing estimates from the Eviction Lab
( , ). The top right panel shows the aggregate filing data we collected for

LA County (2018-2023 emphasized). The bottom panel shows the statewide percentage of
eviction cases disposed in 45 days (blue) and 30 days (red).
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G Appendix G: Bandwidth Averaging

further discusses our CLATE estimation procedure. We compare two
estimators: the bandwidth averaging estimator and the non-parametric local linear
estimator in the np package ( , ), which uses a cross-validation
bandwidth selection procedure to fit the curve 7¢(z). By contrast, the bandwidth
averaging estimator computes CLATE 74(z) for each z by computing the local linear
estimator for many bandwidths h and then averaging across those bandwidths for
each z € supp(%2).

We test these procedures in simulation below. To create the true CLATE curve
To(z), we generated simulated data with 10,000 observations. We generate distance
to assigned court (Z ~ UJ[0,50]) and distance to the boundary (X ~ U[-10,10])
uniformly. The treatment rule is W; = 1{X; > 0}, which is a sharp discontinuity
design.

For an individual with a distance to the boundary x and distance to assigned court
z, the expected outcomes (default rates) are given by FEj(z,z) and Ey(x, z), which

are defined below by:

1

" T+exp(—(0.5—0.1z + 0.32))
1

" T+ exp(—(—05— 0.1z + 0.32))

Ei(z,2)

Ey(z, 2)

For each individual, we then compute the potential outcomes Y;(1) and Y;(0) with

noise:

Yiie= E\(Xi, Zi) + &, €& ~N(0,0.05) (1)
Yo = Eo(Xi, Z)) + e, €1 ~ N(0,0.05) (2)

The observed outcome follows the usual switching equation Y; = W;Y;(1) + (1 —
W3)Y;(0).

The conditional local average treatment effect curve is, for each (z, z), given by:

CLATE(x,z) =E[Yy = Yo|X =2, 7Z = z] = Ey(x, 2) — Ey(z, 2). (3)

Below, we plot in each panel the true treatment effect curve (black line) at the bound-
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ary X = C":

CLATE(C, 2) =E[Y1 — Yo|X =C, Z = 2]
=r0(2)
where C' = 0 here. We include the estimated curves—for the bandwidth averaging es-
timator (red) and the npreg cross-validated bandwidth estimator (blue)—in separate

panels with pointwise confidence bands.

CLATE Results
True Effect Curve (black) & Estimators

Bandwidth Averaging npreg CV
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©
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o
o
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Distance to Court (2)

Bandwidth Averaging === npreg CV

Appendix Figure G1. Simulation Example (Panels)
Note: The IMSE for the bandwidth averaging estimator (red) is 0.027. The IMSE for the
npreg estimator (blue) using the cross-validation bandwidth selection procedure is 0.055.
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H Appendix H: Misfiled Cases

continues the discussion of possible explanations for the observed phe-
nomenon of misfiled cases. Specifically, we here explore three possibilities for misfil-
ing. First, the courthouse assignment map could be wrong. Second, cases might be
incorrectly geo-located: the Mapbox API could be returning incorrect lat-long coor-
dinates for certain addresses. Third, landlords may—knowingly or unknowingly—file
cases in the incorrect courthouse, which is discussed above in
The first possibility is unlikely in regions with observed eviction cases. Although
we cannot fully rule out that the map is incorrect in areas with no observed eviction
cases, in regions with observed eviction records it is often not possible to draw a map
that clearly separates the observed eviction cases into consistent, continguous filing
regions. For example, in the left panel of there are eviction cases observed
in Hyde Park (Zip 90043) from three different courthouses. There is no contiguous
map separating Inglewood and Santa Monica misfiled cases from the correctly filed

Stanley Mosk cases because misfiled cases are stacked “on top of” correctly filed cases.

33This could occur because neighborhoods and zip codes lack clear, defined geographical bound-
aries. Indeed, despite using the most current LA County geospatial data, there are some regions in
the court filing table that do not correspond to the names given to particular areas of LA County
by the assignment rule.

34 A fourth possibility is that clerks or judges refiled the cases to change the venue. We found no
instances of refiling among the cases we label misfiled.
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Hyde Park (Zip 90043) Geocoding Differences
Google Maps vs Mapbox API (Misfiled Cases)

| Difference > 1 mile: 8 cases (4.8%)
Difference < 100 meters: 149 cases (88.7%)

0 5 10 15 20
Distance (mi)

¢ Inglewood 4 Santa Monica Stanley Mosk

Appendix Figure H1. Misfiling: Zip 90043 Example & Geolocating Check
Note: In the left panel, the background color is the most observed filing courthouse in the
region. Each dot is a building with observed default eviction cases, which is colored and
shaped by the observed courthouse in the eviction records. In the right panel, we
manually checked 10% of the cases we label as misfiled with Google Maps. The histogram
of the distances from the Google Maps and Mapbox API coordinates are shown above.

The second possibility is an error in geo-locating these cases. We manually checked
a random subset of the misfiled cases for geo-location errors. We compared the lat-
long Mapbox locations with the Google Maps lat-long locations. We assume for this
exercise that the Google Maps coordinates are “ground truth,” although in some
cases there may be errors in Google Maps as well. In the right panel of ,
we find that the vast majority (89%) of the geocoded coordinates from Mapbox are
very close (< 100 meters) to the Google Maps coordinates. Only eight cases (4.8%) of
the manual checks were clearly “wrong”, meaning that the Google Maps coordinates

were more than 1 mile from the location of the Mapbox API coordinates.
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I Appendix I: Balance Tables at rdrobust bandwidths

We conduct balance tests using the tableone R package. The year built, total value,
and taxable value covariates are building-level covariates (LA County Assessor). The
imputed rent is the nearest geographic median rent (ACS). The means (and SDs), p-
value, and standardized mean difference (SMD) for each covariate within the optimal
bandwidth window for each courthouse pair are shown below. Some imbalance likely
comes from the spatial nature of the data: comparing all buildings near boundary,

which are not necessarily “directly” across each other at the boundary.

Appendix Table I1. Chatsworth and Van Nuys Balance Table: Means (SD)

Chatsworth Van Nuys East p SMD

Number Obs. 338 222
Year Built 1927.66 (338.06)  1985.07 (136.33) 0.017 0.223
Total Value (millions $) 25.52 (36.33) 3.70 (8.19) <0.001  0.829
Taxable Value (millions §) 25.30 (36.41) 1.87 (5.57) <0.001  0.899
Imputed Rent 1253.42 (235.88)  1279.27 (294.78)  0.252  0.097

Appendix Table I2. Compton and Norwalk Balance Table: Means (SD)

Compton Norwalk p SMD

Number Obs. 157 107
Year Built 1973.23 (26.76) 1920.10 (267.51) 0.014 0.279
Total Value (millions $) 2.08 (4.24) 4.88 (10.58) 0.003  0.347
Taxable Value (millions §$) 2.08 (4.24) 4.88 (10.58) 0.003  0.347
Tmputed Rent 1111.36 (224.62)  974.31 (18L1.11)  <0.001  0.672

Appendix Table I3. Compton and Stanley Mosk Balance Table: Means (SD)

Compton Stanley Mosk ) SMD

Number Obs. 98 69
Year Built 1948.51 (24.20)  1944.38 (19.94) 0.245 0.186
Total Value (millions $) 0.54 (0.75) 0.43 (0.40) 0.282 0.178
Taxable Value (millions §) 0.53 (0.75) 0.38 (0.43) 0.126  0.252
Imputed Rent 873.91 (110.89)  887.26 (48.06)  0.349  0.156
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Appendix Table I4. Inglewood and Long Beach Balance Table: Means (SD)

Inglewood Long Beach p SMD

Number Obs. 31 33
Year Built 1959.52 (15.09) 1962.55 (17.16)  0.457  0.187
Total Value (millions $) 0.71 (0.41) 0.51 (0.59) 0.119  0.398
Taxable Value (millions §$) 0.71 (0.41) 0.51 (0.59) 0.120  0.397
Imputed Rent 1066.39 (111.35)  1168.55 (235.52)  0.032  0.555

Appendix Table I5. Pasadena and Stanley Mosk Balance Table: Means (SD)

Pasadena Stanley Mosk p SMD

Number Obs. 186 72
Year Built 1970.89 (30.21) 1932.44 (233.15) 0.028 0.231
Total Value (millions $) 1.94 (4.15) 2.17 (3.32) 0.672  0.062
Taxable Value (millions §) 1.89 (4.13) 2.17 (3.32) 0.614  0.073
Imputed Rent 1383.95 (286.92)  1078.83 (198.18) <0.001  1.237

Appendix Table I6. Pasadena and West Covina Balance Table: Means (SD)

Pasadena West Covina p SMD

Number Obs. 54 106
Year Built 1921.06 (267.00) 1962.12 (21.16) 0.116  0.217
Total Value (millions $) 0.94 (1.68) 4.24 (10.22) 0.020  0.450
Taxable Value (millions $) 0.94 (1.68) 4.00 (10.02) 0.027  0.426
Imputed Rent 1095.93 (206.56)  1076.47 (100.40) 0.423  0.120

Appendix Table I7. Santa Monica and Stanley Mosk Balance Table: Means (SD)

Santa Monica Stanley Mosk p SMD

Number Obs. 374 316
Year Built 1953.63 (105.11)  1939.99 (192.04) 0.238  0.088
Total Value (millions $) 5.42 (14.17) 6.81 (14.80) 0.209  0.096
Taxable Value (millions §$) 5.38 (14.17) 6.81 (14.80) 0.197  0.098
Imputed Rent 1197.96 (276.53)  1243.93 (270.81) 0.028  0.168
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J Appendix J: np CLATE Estimates

gives the np package CLATE estimates.

CLATE Results by Courthouse Pairs
np Estimates with Cross—Validated Bandwidths
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Appendix Figure J1. np Package CLATE Estimates with CV Bandwidths
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