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Eviction is a leading cause of housing instability in California cities. Yet little empiri-

cal work quantifies which policies causally effect evictions. Using data on Los Angeles

County eviction filings, this paper examines how two policies—court assignment and

court expansion—impact eviction outcomes. By exploiting spatial and time variation

in these policies, the paper quantifies the extent to which court assignment and court

expansion influence eviction.

This summary version of the paper is organized as follows. Section 1 explains the

institutional background of the LA County eviction system and estimates the corre-

lation between distance-to-court and eviction default probability. Section 2 reviews

the findings of Estes and Nelson (2025) and offers new regression discontinuity esti-

mates of the effect of court assignment on default money judgments. Section 3 studies

the impact of expanding the number of courthouses in late 2017 on the number of

defaults. Finally, Section 4 discusses implications for eviction policy.

1 Background

According to LA County court rules,1 eviction cases are assigned to courthouses based

on a unique2 spatial mechanism. Table 1 below illustrates the courthouse assignment

procedure for the first three zip codes in LA County. In the 90001 zip code, for

example, eviction cases are assigned to the Norwalk or Stanley Mosk courthouse

depending on which neighborhood the location of the tenant’s apartment.

∗California Institute of Technology. mestes@caltech.edu
1LASC Local Rule 2.3(a)(2).
2Unique because the assignment rule applies only only for unlawful detainer (i.e. eviction) cases.

The assignment rule is different for other civil cases (e.g. small claims, unlimited).
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Table 1. Zip Code Table for Eviction 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

The spatial assignment mechanism represented by Table 1 is displayed in the LA

County map in the left panel of Figure 1. The right panel of Figure 1 shows how the

number of eviction courthouses varies over time, which we exploit in Section 3.

Antelope Valley
Chatsworth
Compton
Inglewood
Long Beach
Norwalk
Pasadena
Santa Monica
Stanley Mosk
Van Nuys East
West Covina

Assigned Court Map (2017−2023)

The Catalina Courthouse is omitted from the map and
analysis.

5

10

15

20

25

20
09

20
10

20
11

20
12

20
13

20
14

20
15

20
16

20
17

20
18

20
19

20
20

20
21

20
22

20
23

20
24

Year

N
um

be
r 

of
 C

ou
rt

s

Number of Eviction Courts

For the shaded gray years within the dashed purple boxes,
default data has been fully scraped from the LASC Portal.

Courthouse Assignment

Figure 1. LA County Eviction Court Assignment
Note: The assignment map (Late 2017–2023) is shown in the left panel. The number of courthouse
districts expanded in late 2017, which is shown in the right panel. See also Estes and Nelson
(2025) and Nelson (2023) for further discussion.

Because there is large variation in how far tenants must travel to court, tenants

across the boundary have different court travel “costs.” Differences in such travel

costs effect the eviction default probability (Hoffman and Strezhnev, 2023). Using
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LA Assessor data on the subset of rental apartment buildings, I estimate the aver-

age default probability as a function of distance-to-court. The outcome variable is

defaultit, which encodes whether we observe a default eviction for apartment unit

i for a given year t. The years are pooled to estimate the conditional expectation

E[defaultit|Dit = d] for different distance-to-court values d.
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Figure 2. Correlational Relationship: Distance-to-Court and Default Probability
Note: The estimates are local linear regression estimates of the average default probability using a
5km bandwidth and uniform kernel weighting. Equally-spaced binned sample averages are plotted
as points in 1km wide bins, with point volumes proportional to the number of observations within
the bin.

In Figure 2, I plot non-parametric estimates of the reduced-form relationship

(correlation) between distance to court and default probability. The estimates show

that the average default probability is small for cases close to court (i.e. less than

30km). For distances above 30km, the average default probability rises, although

note that there are fewer observations at longer distances.

2 Court Assignment Policy: RDD Estimates

The first empirical study focuses on eviction court assignment policy in LA County.

Estes and Nelson (2025) use the spatial mechanism (Table 1) within a regression

discontinuity design to compare eviction defaults near the boundary of courthouse

districts. The intuition is that this comparison is quasi-experimental because nearby

renters have “similar” observable and unobservable characteristics. Estes and Nelson
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(2025) estimates the causal effect of court assignment on default probability is be-

tween 0.7–23.1 percentage points for seven courthouse pairs. After conditioning on

distance-to-court and comparing cases near the boundary, Estes and Nelson (2025)

find insignificant differences in defaults between cases assigned to courthouse A ver-

sus cases assigned to courthouse B. In other words, the data is consistent with the

mechanism determining default probability being distance-to-court.

In this paper, I expand the regression discontinuity analysis to include new data

on another outcome variable: default money judgments. Using data on defaulting

tenants only, I estimate the effect of courthouse assignment on the monetary judg-

ments defaulting tenants owe landlords. The results are shown in Figure 3. The

robust confidence intervals suggest the magnitude (absolute value) of the local av-

erage treatment effect (LATE) is around 1-2 months rent for all seven courthouse

pairs.

I also test this approach on new population data for eviction notices in LA City.

Beginning in 2023, LA City adopted a rule requiring all landlords to submit eviction

notices to the LA City Controller. Using this data, I match and encode whether the

LA City notices from 2023 ended in default eviction. This is then used to reproduce

the RDD analysis in LA City on both default and money judgment outcomes. Pre-

liminary estimates for 2023 exhibit high degrees of uncertainty due to small sample

sizes, although I am in the process of collecting more data for 2024 and 2025.
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Figure 3. LA County Money Judgment RDD
Note: The LATE estimates on money judgment amounts (τ̂C,m) at each courthouse pair boundary
use the optimal bandwidth selection procedure in the rdrobust package (Calonico et al., 2023).
The global quartic polynomial (solid line) and global linear (dashed line) fits are plotted for each
courthouse separately. The gray points are evenly-spaced binned means using the rdplot()
function. The table reports robust point estimates (with robust CIs) for each courthouse pair.
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3 Court Expansion Policy: DID Estimates

In the second empirical study, I examine how changes in the number of eviction courts

over time impacts the number of evictions. As shown in Figure 4, the number of courts

hearing eviction actions increased over time from seven courthouses (2015) to eight

courthouses (2016–Early 2017) to 11 courthouses (Late 2017–2023). This expansion

resulted in many—though not all—tenants experiencing a decrease in their distance-

to-court. Because distance-to-court is a tenant cost, defaults should, on average,

decrease (resp. increase) where tenant distance-to-court decreased (resp. increased).

2015 2016−Early 2017 Late 2017−2023

Antelope Valley

Chatsworth

Compton

Inglewood

Long Beach

Norwalk

Pasadena

Pomona

Santa Monica

Stanley Mosk

Van Nuys East

West Covina

Figure 4. LA County Courthouse Expansion
Note: All maps omit the Catalina courthouse, where there are few eviction cases and no observed
defaults.

I apply the difference-in-differences (DID) strategy to the court expansion policy.

This approach assumes that units with changes in distance-to-court would’ve expe-

rienced “parallel” outcomes to units with no distance-to-court changes. I consider

three treatment cohorts: the never-treated units (zero change in distance-to-court),

the increase-treated units (positive change in distance-to-court), and the decrease-

treated units (negative change in distance-to-court). The treatment effect of interest

is the average treatment effect on the treated (ATT).3

I estimate how expanding the number of eviction courts in August 2017 impacted

the number of default evictions. The dynamic DID estimates of the ATT are shown

3The increase-treated ATT is, for example, the average difference in number of defaults between
the increase-treated units versus never-treated units.
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in Figure 5. The left panel of Figure 5 compares the increase-treated units—i.e. ad-

dresses that experienced an increase in distance-to-court—with never-treated units as

the comparison group. This method uses never-treated units to impute counterfactual

outcomes for the increase-treated units in the counterfactual world where increase-

treated units do not experience an increase in distance-to-court. Similarly, the right

panel of Figure 5 compares decrease-treated units with the never-treated cohort.
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Relative Change: 28.43%
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Figure 5. All Comparisons with Never-Treated Group
Note: The dynamic ATTs (and SEs) for each period are computed as in Callaway and Sant’Anna
(2021). The simple ATT aggregates the ATTs in all post-treatment (vertical dashed line) time
periods, whereas the relative change is the simple ATT as a percentage of the pre-treatment
average default count for the treated cohort. The left (resp. right) panel compares the
increase-treated (resp. decrease-treated) cohort to the never-treated cohort.

The point estimates after the court expansion policy (vertical dashed line) are

mostly positive for both comparisons. This means that units with an increased (or

decreased) distance-to-court experienced greater default counts on average than units

with zero change in distance-to-court following the court expansion policy. However,

note that the confidence band includes the zero effect for most time periods.4

Note also that the aggregate ATTs are different in magnitude. The estimates im-

ply that average number of defaults across post-treatment periods for increase-treated

units is 28.43% larger than the average number of defaults across pre-treatment peri-

ods due to the increased distance-to-court treatment. By contrast, the average num-

ber of defaults across post-treatment periods for decrease-treated units is only 2.71%

4The zero effect is represented by the dashed horizontal line at ATT = 0.
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larger than the average number of defaults across pre-treatment periods because of

the decreased distance-to-court treatment.

Finally, I repeat the exercise using only units that experienced large changes

in distance-to-court. In Figure 6, I compare units with above-median increases in

distance-to-court (left panel) and above-median decreases in distance-to-court with

never-treated units. In this type of comparison, units with large increases in distance-

to-court experience a positive aggregate treatment effect (Simple ATT = 0.0015)

whereas units with large decreases in distance-to-court have a negative aggregate

effect (Simple ATT = −0.002). The results for these comparisons better align with

the predicted effect, but note the increased uncertainty.5

Simple ATT: 0.0015 
Relative Change: 7.48%

−0.050

−0.025

0.000

0.025

0.050

0 25 50 75
Event Time

AT
T

Large Increase vs Never−Treated

Simple ATT: −0.002 
Relative Change: −6.12%

−0.050

−0.025

0.000

0.025

0.050

0 25 50 75
Event Time

AT
T

Large Decrease vs Never−Treated

Default Count Dynamic ATTs

Figure 6. Above-Median Comparisons with Never-Treated Group
Note: The dynamic ATTs (and SEs) for each period are computed as in Callaway and Sant’Anna
(2021). The simple ATT aggregates the ATTs in all post-treatment (vertical dashed line) time
periods, whereas the relative change is the simple ATT as a percentage of the pre-treatment
average default count for the treated cohort. The left (resp. right) panel compares the
above-median increase-treated (resp. above-median decrease-treated) cohort to the never-treated
cohort.

In sum, I find limited evidence that court expansion significantly impacted the

default eviction probability for 2016–Early 2017 units. Although the point estimates

align with the predicted effect in the large increase and large decrease comparisons,

there remains considerable uncertainty and the magnitude of the estimated aggregate

effect is not large in relative or absolute terms.

5In other words, observe that the confidence bands are larger because fewer observations are
being used.
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4 Discussion

This paper offers new empirical evidence on how court policies affecting tenant court

access shape eviction outcomes in LA County. The court assignment and court expan-

sion analyses highlight the role that “access to justice” plays in determining tenant

eviction outcomes. Specifically, tenants who face a high distance-to-court are less

likely to appear and contest an eviction, whereas closer tenants are more likely to ap-

pear. In other words, this paper contributes to the literature showing that, in some

cases, the “inability to access justice is rooted in something more physical, more mun-

dane: the many and varied costs of getting to and physically using a brick-and-mortar

courthouse.”6

The regression discontinuity and difference-in-differences research designs help iso-

late the causal effects of changes in court access on tenant outcomes. While the

magnitude of the effects varies across contexts, the results illustrate possible avenues

for reform. Policy choices that reduce the burden of getting to court—whether by

redrawing the assignment map, opening more courthouses to eviction cases, allowing

virtual appearance options, or some combination—can improve procedural fairness in

eviction cases. In follow-up research, the findings may be used to study the aggregate

effects of such counterfactual policies on tenant defaults.

Currently, eviction work is largely focused on court-based procedural reforms to

make the eviction process “fair” for tenants. Because tenants often face a large

resource disadvantage in eviction cases, procedural reforms aim to “level the playing

field” for tenants in cases against better-resourced landlords.7 Greiner et al. (2012b,a)

and Cassidy and Currie (2023), for example, exemplify this literature by examining

how legal representation affects tenant outcomes in housing court.

Future research, by contrast, may seek to study the effectiveness of structural

reforms at addressing the underlying causes of eviction. Because non-payment of

rent is the primary reason for eviction, such reforms would tend to focus on reducing

rent and housing prices. Because of the large impact of housing supply on prices, the

goal of these reforms is (largely) to increase the available stock of rental housing.8 In

6Prescott (2017).
7Procedural policy reforms might include, for example, allowing longer tenant response times,

permitting remote court attendance, reducing filing fees, and providing publicly-funded tenant coun-
sel. The last proposal is sometimes referred to as “civil Gideon”, a reference to Gideon v. Wainwright
(1963), the landmark Supreme Court decision requiring states to provide defense counsel to indigent
criminal defendants.

8Structural reforms may include, e.g.: subsidizing the building of affordable housing units, build-
ing public housing, increasing housing vouchers, or changing income thresholds to receive rental
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the future, researchers may examine how, e.g., zoning and land use regulation impact

eviction outcomes.
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