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Abstract

Crime-free housing policies attempt to prevent crime within rental properties by enrolling property 
owners in a local crime-free housing program, which subsequently permits landlords to use a 
supplemental lease agreement stating certain activities that could lead to a tenant being evicted. Building 
on third-party policing strategies, crime-free housing policies are widely prevalent across the United 
States, with an estimated 2,000 jurisdictions adopting them since 1992. Despite the widespread adoption 
of such policies, no previous research has identified their effect on evictions.

This article analyzes the effect of crime-free housing policies on evictions in four locations (Fremont, 
Hayward, Riverside, and San Diego County) in California. The authors obtained geocoded data on 
evictions through Public Records Act requests submitted to sheriff’s departments in California seeking 
writs of execution, with additional Public Records Act requests submitted to municipalities to obtain 
policy implementation information, including the location of certified multifamily property units. To 
identify a causal effect, a spatial first differences design was used to exploit variation between U.S. 
Census Bureau block groups with and without certified properties.
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Abstract (continued)

The results show that block groups with crime-free housing certified rental units have lower per capita 
income and larger proportions of Black and Latin/Hispanic populations. In each location, model results 
indicate that crime-free housing policies significantly increase evictions. Considered jointly, the findings 
suggest that crime-free housing policies increase evictions by 24.9 percent (95-percent confidence 
interval: 15.1–34.6 percent) within treated block groups. Given the harm that evictions cause and the 
governmental costs of eviction proceedings, municipalities across the United States should weigh the 
benefits of crime-free housing policies against increases in evictions. In addition, given the close policy 
similarities between crime-free housing policies, criminal activity nuisance ordinances, chronic nuisance 
ordinances, and the one-strike policy in public housing, these results indicate that policymakers should 
consider revising the existing policies as a potential means to reduce evictions nationally.

Introduction
Evictions represent a growing problem in the United States. Between 2000 and 2018, court filings 
for evictions increased by 21.5 percent to 3.6 million cases annually (Gromis et al., 2022). Housing 
displacement is a critical pathway to homelessness, causes physical and mental health problems, 
and exacerbates food insecurity for children (Collinson et al., 2023; Hatch and Yun, 2020; 
Leifheit et al., 2020; Vásquez-Vera et al., 2017). Evictions disproportionately affect low-income 
tenants and minority populations, with Black women at the greatest risk of an eviction (Hartman 
and Robinson, 2003; Hepburn, Louis, and Desmond, 2020). Those costs are not borne solely 
by individuals; evictions cause broader community harm, including increased emergency room 
use, hospitalizations, homelessness, and spending on social services (Collinson et al., 2023). The 
United States outpaces global peers in terms of the percentage of renters evicted, with 6.1 percent 
of renters in the United States facing eviction proceedings in 2016, compared with less than 2 
percent of renters in other Organisation for Economic Co-Operation and Development (OECD) 
countries (OECD, 2020).

Some local policies nominally motivated by crime prevention may directly increase evictions, such 
as chronic nuisance ordinances, criminal activity nuisance ordinances, and crime-free housing 
policies (CFHPs). Those policies penalize property owners who do not evict tenants engaged 
in certain activities specified by the ordinance. Such ordinances are widely prevalent across the 
United States: an estimated 2,000 municipalities have a criminal activity nuisance ordinance or 
crime-free housing policy (Ramsey Mason, 2018). However, to date, limited research has examined 
the effect of those policies on evictions.

Crime-free housing policies are particularly important to evaluate, given the enforcement 
mechanism the policy uses to attempt to prevent crime. CFHPs are municipal programs that certify 
multifamily housing units as crime-free once property owners attend a training offered by law 
enforcement agencies, make specific physical modifications to their units, and add a supplemental 
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lease addendum to their standard rental agreement. The supplemental lease addendum is the 
policy’s primary enforcement mechanism, permitting property owners to evict a tenant for 
engaging in or facilitating any criminal behavior (Archer, 2019).1

Although CFHPs use evictions as a tool to enforce the policy, calculating the magnitude of the effect 
is critical because it could inform municipalities’ choice to adopt or maintain CFHPs. If CFHPs 
substantially increase evictions, municipalities will need to weigh the desired policy outcomes of 
CFHPs against the subsequent social and governmental costs of additional evictions.

This article estimates the effect of crime-free housing policies on evictions, using a newly 
constructed database on writs of execution across the state of California between 2017 and 2021. 
To analyze that effect, this study uses a spatial first differences research design (Druckenmiller and 
Hsiang, 2018) that allows for the estimation of causal effects using cross-sectional data containing 
small area observations. The data used in the analysis—writs of execution records and CFHP 
implementation information—were obtained using Public Records Act requests submitted to 
municipalities and government agencies throughout the state of California. The present spatial 
first difference design uses block-level variation in the number of CFHP-certified rental units to 
identify the effect of crime-free housing policies on evictions in four locations in 2019 (Fremont, 
Hayward, Riverside, and San Diego County). The findings indicate that neighborhood blocks 
containing CFHP-certified rental units have a significantly higher number of evictions, increasing 
the average amount by 24.9 percent (95-percent confidence interval: 15.1–34.6 percent) across 
studied locations.

Challenges in Obtaining Eviction Data in Municipalities
Evaluating the effect of existing policies on evictions is difficult due to the lack of reliable, 
systematic data on evictions and housing policies at the local level (Goplerud and Pollack, 2021). 
Although some data on evictions exist, such as the database maintained by The Eviction Lab at 
Princeton University, those measures frequently are collected only at the state or county level, 
limiting the use of statistical methods to evaluate the effect of local policymaking on evictions 
(Gromis et al., 2022). Further, those eviction databases typically rely on measures obtained from 
court filings, which have substantial limitations. For instance, court filing data frequently do not 
contain the outcome of a case (i.e., whether the filing led to an eviction or was the cause of the 
eviction), may contain substantial duplicate counts due to landlords using serial filings to collect 
rent, or could be unavailable in a jurisdiction due to records being sealed to protect tenants 
(Garboden and Rosen, 2019; Goplerud and Pollack, 2021; Porton, Gromis, and Desmond, 2021).

Obtaining records on evictions in cities and localities, particularly on completed evictions, could 
provide the evidence needed to evaluate the effects of local policymaking. One such measure 
of evictions that is available across jurisdictions is writs, which are orders issued by courts to 
landlords following both an unlawful detainer action decided in favor of a landlord and a notice 
to vacate provided to a tenant. Writs permit landlords to pursue a “lockout” (forcible removal of a 

1 The definition of criminal behavior is not explicitly defined in the lease addendum, although the addendum notes that 
“proof of violation shall not require a criminal conviction, but shall be by a preponderance of the evidence” (ICFA, n.d. b.).
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tenant by a county sheriff) if the renter does not voluntarily vacate the unit.2 To do so, landlords 
provide the writ to a sheriff’s office to schedule a lockout; on the scheduled date, a sheriff will 
remove the tenant from the rental unit. Those actions—scheduled and completed writs—are 
recorded by the sheriff’s departments and can be obtained through Public Records Act requests.

Writs of execution records contain benefits and limitations as a measure of evictions compared 
with alternative records, such as eviction notices or court filings for unlawful detainer proceedings. 
Whereas eviction notices and filing records may or may not have led to a completed eviction, writ 
records correspond directly to known completed evictions. Conversely, because writs are issued 
only when a tenant has not voluntarily vacated a unit, writ records will necessarily underestimate 
the total number of evictions occurring in each location. However, underestimation is an issue 
with all eviction measures, including notices and filings, because informal or illegal evictions are 
not recorded in administrative records. In addition, writs of execution records may be the only 
available measure of evictions within smaller geographies, such as municipalities or neighborhood 
blocks. For example, most records on eviction filings in California have been sealed due to state 
law (AB2819),3 making writs of execution one of the only measures available for evaluating 
municipal policies.

Policy Background and Components
Crime-free housing policies originated in a program started by the Mesa Arizona Police Department 
in 1992 with the stated purpose of reducing “spiraling crime rates in the city’s numerous apartment 
communities” (Zehring, 1994). CFHPs attempt to achieve that goal by enrolling local landlords 
in the program, which entails three primary components: trainings provided to landlords on 
compliance with the program; requirements for landlords to modify their rental units to comply 
with crime prevention through environmental design (CPTED) standards; and a supplemental 
lease agreement for landlords to include as part of their standard lease, stating that tenants can 
be evicted from their unit if they are suspected of any criminal activities (Archer, 2019; Ramsey 
Mason, 2018).

CFHPs have extended to other jurisdictions through the efforts of the International Crime Free 
Association (ICFA), a nonprofit organization that produces model policy documentation for CFHPs 
and markets the policy to law enforcement agencies (ICFA, n.d.a.). To implement the policy in 
additional jurisdictions, the ICFA conducts 3-day conferences with law enforcement officers to 
train them on the implementation of CFHPs in their local jurisdictions. The organization also 
provides agencies with instruction materials for training landlords, CPTED inspection forms, signs 
to display outside certified rental units, marketing materials, program logos, and supplemental 
lease agreement language.

The ICFA describes the program as using a three-phase approach to eliminate crime in multifamily 
housing units (ICFA, n.d.a.). First, the policy aims to train landlords and property managers on 

2 The specific name of the writ corresponding to an eviction lockout can vary depending on the jurisdiction. For example, 
Washington State refers to them as “writs of restitution,” whereas California uses both “writ of possession” and “writ of 
execution” to refer to eviction lockouts.
3 “Unlawful Detainer Proceedings,” CA AB2819, 2015–2016 Regular Session (CA, 2016). https://legiscan.com/CA/text/
AB2819/id/1429026.

https://legiscan.com/CA/text/AB2819/id/1429026
https://legiscan.com/CA/text/AB2819/id/1429026
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compliance with the program. Trainings to landlords are taught by law enforcement officers and 
typically consist of 11 modules given over an 8-hour workshop. Modules cover several topics, 
which detail the CPTED modifications landlords will need to make to their unit; how to screen 
tenant applications for a history of criminal justice involvement; how to use and enforce the 
supplemental lease addendum; and how landlords should communicate with law enforcement 
(Western Regional Chapter of the International Crime Free Association/Crime Free & Partners, 
2009). To maintain compliance with the program, landlords and property managers must attend 
the training, usually biannually.

Second, after landlords and property managers attend a CFHP training, they must make physical 
modifications to rental properties to meet CPTED standards. The modifications are intended to 
deter criminal activity and aid law enforcement during emergencies. The CPTED inspection reports 
include a comprehensive set of changes to rental units, which include adding “structurally-sound 
fences in good condition and at a prescribed height;” “lighting throughout parking lot, walks, 
and pathways;” “posted [CFHP] certificates;” “properly trimmed landscaping;” “deadbolts and eye 
viewers in units;” “lift and slide protection on windows and sliding doors;” and “removal of graffiti 
and general cleanliness.”

Third, certified properties must include a supplemental lease agreement as part of their lease. 
ICFA describes the lease agreement as the policy’s “heart and soul” (ICFA, n.d.a.). The addenda 
include language indicating that a resident “shall not engage in any act intended to facilitate 
criminal activity” and that “a single violation shall be good cause for termination of the lease. 
Unless otherwise provided by law, proof of violation shall not require criminal conviction, but shall 
be by a preponderance of the evidence” (City of Fremont, n.d.; City of San Diego, n.d.). Possible 
violations of the supplemental lease agreement are typically broad and undefined, permitting 
nearly any interaction with the criminal legal system to serve as justification for an eviction (Archer, 
2019; Prochaska, 2023). Violations also do not have to occur on the property, and the behavior of 
guests or others living in the unit can be the basis for an eviction (Werth, 2013).

Following those three steps, law enforcement agencies certify enrolled buildings as a “crime-free 
property,” which allows landlords and property managers to use the supplemental lease agreement, 
post a CFHP sign on their property, and mention their certification in advertisements.

CFHPs build on existing efforts to control crime using evictions. As noted by ICFA, CFHPs were 
inspired by the “war on drugs” policies of the 1970s through 1990s, along with the “one-strike 
policy,” which applies to federally funded public housing (ICFA, n.d.a.; Ramsey Mason, 2018). 
Accordingly, CFHPs are closely connected to chronic nuisance ordinances, criminal activity 
nuisance ordinances, and third-party policing strategies (Buerger and Mazerolle, 1998; Prochaska, 
2023). These efforts attempt to prevent crime by compelling non-offending third parties to create 
active guardianship over a given property or face civil penalties. For example, criminal activity 
nuisance ordinances deem certain activities as nuisances within a municipal statute (using similarly 
broad language as the supplemental lease agreements used in CFHPs), then subsequently require 
landlords and property managers to abate nuisances that occur on their property (typically, through 
evicting the tenant) or face fines and potential loss of rental licenses (Prochaska, 2023).



200 Local Data for Local Action 

Griswold, Baker, Hunter, Ward, and Ren

Limited previous research has been conducted on the impact of those policies on either crime or 
evictions, although an analysis of criminal activity nuisance ordinances in Ohio found that criminal 
activity nuisance ordinances increased evictions (Kroeger and La Mattina, 2020). Previous research 
on criminal activity nuisance ordinances and third-party policing strategies generally have also 
found that these policies increase evictions among victims of domestic violence (Desmond and 
Valdez, 2013; Golestani, 2021; Moss and Shastry, 2019). However, CFHPs differ from criminal 
activity nuisance ordinances because they introduce additional policy components, such as 
landlord trainings, CPTED modifications, surveillance components, and use of the supplemental 
lease addenda. Identifying the effect of CFHPs on evictions could provide necessary evidence to 
local jurisdictions on the potential community costs of implementing such policies.

Data Sources and Variables
At the project’s start, the authors were unable to find data sources on evictions in municipalities 
across California. The state limits access to unlawful detainer court filings due to AB2819, which 
permits access to records only in narrow circumstances. The few existing available sources on 
evictions in California either detail filing counts at the county-year level, such as reports by the 
Judicial Council of California or The Eviction Lab, or report filings for specific geographies in Los 
Angeles or San Francisco (Gromis et al., 2022; Lens et al., 2020; San Francisco Anti-Displacement 
Coalition, 2015). Given that CFHPs are implemented at the municipal level with specific rental 
units certified within a city, those datasets would have been unsuitable for analyzing the effect of 
CFHPs on evictions.

For those reasons, the authors sought records on writs of execution containing the addresses of 
completed writs through county sheriff’s departments. These records pertain to the last step of the 
eviction process in California, which occurs only when a landlord has been provided a judgment 
of possession (which provides landlords the right to evict a tenant following a trial decision), 
the tenant has been provided a notice to vacate, and the tenant has not moved out after 5 days 
following the notice to vacate.4 At that point, landlords can obtain a writ of execution, which 
permits the landlord to request a sheriff to lock the tenant out of the unit. As such, these records 
are a conservative estimate of total evictions in the state because they do not include any evictions 
that would have occurred after a tenant was given a notice to vacate and chose to leave the premises 
voluntarily before a court case, during court proceedings, or after judgment. These records also 
reflect some of the most severe outcomes of the eviction process because the data pertain to 
individuals forcibly removed from their units by law enforcement officers.

The authors obtained the writs of execution records by submitting Public Records Act requests to all 
58 counties in California between September 2021 and October 2022, requesting records between 
January 2017 and January 2021. Additional requests were submitted to 30 municipalities and 
counties in February 2022 seeking information on CFHP implementation. Responses were received 
from four locations: the City of Hayward, the City of Fremont, the City of Riverside, and San Diego 

4 For additional clarification: A notice to vacate is provided to the tenant following an unlawful detainer proceeding, unlike 
a notice to quit, which would have been provided to the tenant before the court filing.
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County.5 More details on the request process and data processing can be found in web appendix A. 
The request language can be found in web appendix B. Sociodemographic indicators were extracted 
at the block group level from the American Community Survey 5-Year Data Release for the years 
2015 through 2019 (U.S. Census Bureau, 2020). Indicators included total population, population 
proportions by race and ethnicity, number of renting households, and per capita income.

Research Design
This analysis used a recently developed estimator, spatial first differences (SFD), to estimate 
the effect of CFHPs on evictions (Druckenmiller and Hsiang, 2018).6 Described briefly, the 
SFD approach involves organizing relatively small geographic areas into a series of cross-border 
comparisons between neighbors and then taking the pairwise difference of all included variables 
across each border to form a series of first-differenced relationships. Those differences are then 
included within a regression in which the differenced outcome is regressed on a differenced 
treatment variable and differenced covariates. The approach can be conceptually likened to a 
difference-in-differences (two-way fixed effects) estimator, which employs fixed effects for both 
time and group membership (such as a set of states by year), aiming to mitigate significant sources 
of unobserved confounding through differencing (Angrist and Krueger, 1999). In the case of SFD, 
a spatial sequence of neighboring geographies is substituted for the time dimension, and (arbitrary) 
contiguous collections of spatial neighbors are substituted for group membership.

Models were estimated separately for the municipalities of Fremont, Hayward, Riverside, and 
the County of San Diego. All models were estimated using data on evictions in 2019 based on 
writs of execution records from sheriff’s departments in those locations. Treatment status was 
parameterized at the block group level using one of two measures: a binary indicator, indicating if a 
block group had one or more CFHP-certified rental units, or a continuous variable, indicating the 
number of CFHP-certified rental units within a block group. The coefficient on treatment status is 
the estimand of interest, indicating the policy’s average treatment on the treated (ATT) effect. The 
outcome variable was counts of evictions within census block groups. Models used eviction counts 
rather than eviction rates due to heteroskedasticity detected in the estimated residuals based on the 
number of renting households.7 To compensate for this fact, models used counts as the outcome 
variable and included the rate denominator—number of renting households—as an additional 
covariate, similar to an offset variable included in a Poisson or negative binomial regression.

5 For Fremont, Hayward, and Riverside, local law enforcement agencies (e.g., the Fremont Police Department) administer 
the CFHP policy, whereas the county sheriff’s department implements CFHPs in San Diego County.
6 For interested readers, the authors also estimated treatment effects using ordinary least squares (OLS) for all model 
specifications and outcome measures discussed in this article. Results from those models are consistent with the estimated 
effects found using the spatial first difference estimator.

However, OLS models do not include the crucial estimation strategy of differencing, which removes confounding due to 
spatially correlated (with treatment) unobservable variables. For more technical details on this benefit of the estimation 
strategy, see Druckenmiller and Hsiang (2018), specifically the section on equations 17 and 18, which discusses how the 
estimator, by construction, removes these confounders.
7 More specifically, block groups with a small number of renting households have a larger variance in eviction rates than 
block groups with many renting households.
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The key identifying assumption for the SFD estimator is called the local conditional independence 
assumption. This assumption states that units are conditionally independent with respect to local 
spatial neighbors (which is like the assumption for time-based first differencing approaches such 
as difference-in-differences, in which sequential observations in a time series are assumed to be 
conditionally independent).8 The assumption was tested by estimating spatial first difference 
models across different angles of rotation over geographic space, constructing arbitrarily different 
sets of spatial neighbors over a full 360 degrees of rotation. If the estimated effect of treatment 
is similar across those map rotations, that evidence supports the local conditional independence 
assumption being valid. The authors also investigated how the ATT effect changes when including 
additional adjustment variables within model specifications. If the ATT effect is substantially 
different when adjustment variables are included, that outcome would not support the validity of 
the local conditional independence assumption.

To check SFD results by map rotation (and to determine spatial indices generally), an algorithm 
was used for determining neighboring locations (Druckenmiller and Hsiang, 2018; Tanutama, 
2019). This algorithm samples neighboring block group polygons in a west-to-east direction, 
aiming to maximize the length of consecutive neighbors. Once the algorithm is unable to find an 
additional neighbor, it selects a new “sampling channel” with respect to the next-longest possible 
series of neighbors (the groups in the analogy to a two-way fixed-effects estimator described 
previously). Iterative sampling channels are selected until all polygons have been ordered next to a 
neighbor. Web appendix C demonstrates the results of this algorithm for three sampling channels 
and two map angles (0 degrees and 90 degrees) using block groups in the City of Riverside.

Once first differences were obtained for a given map rotation and subsequent index of spatial 
neighbors, linear regression models were used to estimate ATT effects. The spatial first difference 
models used two specifications: an unadjusted model, which included only treatment status and 
the number of renting households as covariates; and a regression-adjusted model, which included 
the following additional covariates: population proportion White, population proportion Black, 
population proportion Asian, population proportion Native American, population proportion 
Hispanic, and per capita income. More formally, the SFD model specifications corresponded to the 
following equations:

Unadjusted: ∆ϕEi = α + λ∆ϕHi + β∆ϕ Pi + ∆ϕεi

Adjusted: ∆ϕEi, = α + λ ̃∆ϕHi + β ̃∆ϕPi + γ∆ϕXi + ∆ϕui

where Ei is a count of evictions for block group I, α is a model intercept, Hi is a number of renting 
households, Pi is either a binary indicator that equals one when a block group has one or more 
CFHP-certified rental units or a count of the number of CFHP-certified rental units in a block 
group, ∆ϕ is the result of first-differencing neighboring block groups using a map rotation angle 
ϕ, and Xi is the set of included adjustment covariates. Standard errors were estimated using 
procedures in Conley (1999) to account for spatial autocorrelation, using the R package conleyreg 
4.0.5. All regression tables are available in web appendix D.

8 In other words, it is assumed that the differences in unobserved variables between two neighboring block groups are 
minimal (i.e., ignorable), more so than unobserved differences between block groups far apart from each other.



203Cityscape

Analyzing the Effect of Crime-Free Housing Policies  
on Completed Evictions Using Spatial First Differences

Ultimately, estimated treatment effects are comparable across map rotations. Web appendix E 
provides the distribution of treatment effect estimates across map angles by location and model 
(i.e., estimates of β in the previous equations). The displayed densities were derived by sampling 
10,000 draws from normal distribution with a mean equal to the mean estimated treatment effect 
and standard deviation equal to the standard deviation of the estimated treatment effect. Sampled 
draws of beta coefficients were used to obtain a unified effect across model angles, with draws 
collapsed using Rubin’s rules (Rubin, 2004); specifically, draws were ordered across all model 
angles from smallest to largest. Then, draws were summarized using the mean of those draws and 
the 2.5th and 97.5th percentiles, which correspond to the results displayed in the figure for the 
row “Overall Effect” in the exhibits in web appendix E. These results display comparable direction 
and magnitude in the estimated treatment effects across model angles, providing evidence that the 
assumption of local conditional independence is being met (web appendix E).

To simplify the presentation of results, percentage change in evictions were calculated across 
treated block groups based on the unified treatment effect estimate across model angles (web 
appendix F). For each site (Fremont, Hayward, Riverside, and San Diego County), a counterfactual 
change in evictions was calculated by subtracting the estimated treatment effect (and estimated 
treatment effect confidence intervals) from the observed mean of evictions across treated block 
groups in each location. These values were used to calculate the percentage change based on 
the observed mean in each location.9 A summary treatment effect across sites was calculated by 
summarizing the treatment effect draws across both sites and model angles using Rubin’s rules. 
The same procedure was used to calculate a counterfactual change using the average eviction count 
across all sites.

Results
Exhibits 1.1 through 1.4 report descriptive statistics for each variable by study site. The first 
column displays the mean and standard deviation across block groups that do not contain a 
CFHP-certified rental unit (control groups). The second column displays the same information 
for block groups with a CFHP-certified rental unit (treatment groups). The last column displays 
the estimated mean difference in each variable between treated and control groups, along with the 
confidence intervals for the mean difference.

9 For example, percentage change = ATT / Mean evictions.
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Exhibit 1.1

Descriptive Statistics in Fremont for Block Groups With and Without CFHP-Certified Rental Units

Variable
Blocks Without  

CFHP-Certified Units
Blocks With  

CFHP-Certified Units
Mean Difference

Eviction Count 0.34 (0.76) 2.00 (2.26) 1.67 (0.86, 2.46)

Black (Pop %) 3 (4) 4 (3) 1 (– 1, 2)

Asian (Pop %) 59 (18) 56 (17) – 3 (– 10, 4)

White (Pop %) 26 (13) 22 (11) – 4 (– 8, 10)

American Indian/ 
Alaskan Native (Pop %)

0 (1) 1 (1) 0 (0, 1)

Latin/Hispanic (Pop %) 11 (10) 17 (12) 6 (1, 11)

Per Capita Income $54,932 ($12,453) $48,385 ($12,013)
– $6,547  

(– $11,472,– $1,622)

Rental Units 169.8 (170.9) 481 (288.1) 311.3 (205.1, 417.4)

CFHP-Certified Properties 1.6 (1.0)

N 86 32

CFHP = crime-free housing policy. Pop = population.
Sources: Writs of execution data obtained from sheriff’s departments; American Community Survey 5-year data, 2019

Exhibit 1.2

Descriptive Statistics in Hayward for Block Groups With and Without CFHP-Certified Rental Units

Variable
Blocks Without  

CFHP-Certified Units
Blocks With  

CFHP-Certified Units
Mean Difference

Eviction Count 1.19 (1.93) 4.58 (4.06)  3.39 (1.06, 5.72)

Black (Pop %) 9 (7) 14 (9) 5 (0, 10)

Asian (Pop %) 26 (14) 20 (5) – 6 (– 10,– 2)

White (Pop %) 37 (13) 38 (50) 1 (– 3, 5)

American Indian/ 
Alaskan Native (Pop %)

1 (2) 1 (1) 0 (– 1, 1)

Latin/Hispanic (Pop %) 39 (19) 43 (13) 4 (– 4, 13)

Per Capita Income $35,544 ($14,279) $32,630 ($8,444)
– $2,914  

(– $8,547, $2,718)

Rental Units 226.8 (174.1) 519.6 (341.7) 292.8 (96, 489.5)

CFHP-Certified Properties 1.3 (1.2)

N 88 12

CFHP = crime-free housing policy. Pop = population.
Sources: Writs of execution data obtained from sheriff’s departments; American Community Survey 5-year data, 2019
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Exhibit 1.3

Descriptive Statistics in Riverside for Block Groups With and Without CFHP-Certified Rental Units

Variable Blocks Without  
CFHP-Certified Units

Blocks With  
CFHP-Certified Units

Mean Difference

Eviction Count 1.65 (1.87) 3.88 (3.71) 2.23 (1.33, 3.14)

Black (Pop %) 6 (6) 7 (5) 2 (0, 3)

Asian (Pop %) 7 (8) 6 (7) – 1 (– 4, 1)

White (Pop %) 61 (16) 56 (13) – 5 (– 9,– 1)

American Indian/ 
Alaskan Native (Pop %)

1 (1) 1 (2) 0 (0, 1)

Latin/Hispanic (Pop %) 51 (23) 58 (19) 7 (1, 13)

Per Capita Income $29,908 ($13,275) $22,664 ($10,146)
– $7,244  

(– $10,511,– $3,977)

Rental Units 153.4 (154.4) 364.6 (194.6) 211.2 (159.4, 263)

CFHP-Certified Properties 1.9 (1.6)

N 127 74

CFHP = crime-free housing policy. Pop = population.
Sources: Writs of execution data obtained from sheriff’s departments; American Community Survey 5-year data, 2019

Exhibit 1.4

Summary Statistics in San Diego County for Block Groups With and Without CFHP-Certified 
Rental Units

Variable
Blocks Without  

CFHP-Certified Units
Blocks With  

CFHP-Certified Units
Mean Difference

Eviction Count 1.79 (3.27) 2.87 (2.97) 1.08 (0.38, 1.77)

Black (Pop %) 5 (7) 3 (5) – 2 (– 3,– 1)

Asian (Pop %) 11 (12) 6 (7) – 5 (– 6,– 3)

White (Pop %) 72 (17) 77 (12) 5 (2, 8)

American Indian/ 
Alaskan Native (Pop %)

1 (3) 1 (2) 0 (0, 1)

Latin/Hispanic (Pop %) 32 (25) 40 (26) 8 (2, 14)

Per Capita Income $40,000 ($20,940) $30,902 ($12,319)
– $9,098  

(– $12,059,– $6,137)

Rental Units 293.3 (312.9) 380.8 (256) 87.4 (27.6, 147.2)

CFHP-Certified Properties 1.8 (1.2)

N 1693 75

CFHP = crime-free housing policy. Pop = population.
Sources: Writs of execution data obtained from sheriff’s departments; American Community Survey 5-year data, 2019

The descriptive results show that Fremont, Hayward, and San Diego County have higher eviction 
rates in block groups with CFHP-certified rental units (treated units) compared with block groups 
without CFHP-certified rental units (control units). However, the mean difference of eviction 
rates between treated and control groups is nonsignificant across all sites. Across all locations, 
treated units have significantly more rental properties than control units. In Fremont, Riverside, 
and San Diego County, treated units have significantly lower per capita income than control units 
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(-$6,547, -$7,244, and -$9,098, respectively). Per capita income is also lower for treated units in 
Hayward (-$2,914), although the mean difference is nonsignificant. Concerning race and ethnicity, 
treated units have a significantly larger Latin/Hispanic population proportion than controls in 
Fremont, Riverside, and San Diego County, whereas treated units in Hayward and Riverside have a 
significantly larger Black population proportion. The American Indian/Alaskan Native population 
proportion for treated units is also modest but statistically significantly larger in Fremont, 
Riverside, and San Diego County.

Exhibits 2.1 through 2.4 display maps of each site. Shading indicates the number of evictions in 
each block group, and triangles display the relative location of each CFHP-certified rental unit. To 
maintain privacy, the number of evictions was categorized into broader bins, and the location of 
CFHP-certified rental units was randomized in each block group.

Exhibit 2.1

Number of CFHP-Certified Rental Units and Executed Evictions Within Fremont, California 
Census Block Groups

Notes: Triangles indicate the relative location of CFHP-certified rental units. The specific location of each rental unit was randomized within block groups.
Source: Public Records Act Requests
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Exhibit 2.2

Number of CFHP-Certified Rental Units and Executed Evictions Within Map of Hayward, 
California Census Block Groups

Notes: Triangles indicate the relative location of CFHP-certified rental units. The specific location of each rental unit was randomized within block groups.
Source: Public Records Act Requests
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Exhibit 2.3

Number of CFHP-Certified Rental Units and Executed Evictions Within Riverside, California 
Census Block Groups

Notes: Triangles indicate the relative location of CFHP-certified rental units. The specific location of each rental unit was randomized within block groups.
Source: Public Records Act Requests
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Exhibit 2.4

Number of CFHP-Certified Rental Units and Executed Evictions Within San Diego County, 
California Block Groups

Notes: Triangles indicate the relative location of CFHP-certified rental units. The specific location of each rental unit was randomized within block groups.
Source: Public Records Act Requests

The percentage of block groups treated according to the policy varies considerably by location, with 
4.2 percent of block groups in San Diego County, 12 percent in Hayward, 27 percent in Fremont, 
and 37 percent in Riverside. In Fremont and Hayward, treated block groups are clustered within the 
core of each city. Treated block groups in Riverside are clustered on a west-to-northeast diagonal and 
within specific cities in San Diego County. The average treated block group contains 1.56 certified 
properties in Fremont, 1.33 in Hayward, 1.93 in Riverside, and 1.79 in San Diego County.

Empirical Findings
Across all locations, estimated treatment effects are significant, in the same direction, and with 
comparable magnitude.10 Regardless of the specific location, model, or treatment measure, treated 

10 Model regression tables are available in web appendix D, and estimated average treatment-on-the-treated effects by model, 
location, and site are available in web appendixes E and F.
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groups have increased evictions compared with control groups. There is not a large difference in 
results between the two treatment measures after accounting for the average number of CFHP-
certified rental units in treated block groups. In addition, the estimated treatment effects in the 
adjusted models are similar to the results for unadjusted models, providing additional evidence 
that the local conditional independence assumption is being met.

Exhibit 3 displays the estimated counterfactual percent change in evictions that occurs in block 
groups containing one or more CFHP-certified rental properties, using the unadjusted model 
specification. A significant effect on evictions is found across all locations, with CFHPs increasing 
evictions within treated block groups by 17.1 percent (0.9 percent, 33 percent) in Riverside; 
27.2 percent (5.1 percent, 49.2 percent) in San Diego County; 37.1 percent (23.6 percent, 50.7 
percent) in Hayward; and 41 percent (15.5 percent, 67.4 percent) in Fremont. Aggregating the 
effect across sites, treated block groups experience a 24.9 percent (15.1 percent, 34.6 percent) 
increase in evictions.

Exhibit 3

Estimated Percentage Change in Evictions in Block Groups Containing CFHP-Certified Rental 
Units, by Location

Location

San Diego 
County

Riverside

Hayward

Fremont

Across Sites

70%60%50%40%30%20%10%0%

Percentage Change in Executed Evictions

Source: Authors calculations using results from Spatial First Difference Models
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Conclusion
This analysis demonstrates that crime-free housing policies (CFHPs) increase the number of 
evictions that occur in neighborhood blocks by an average of 24.9 percent. Evictions are a 
harmful outcome for individuals and carry a large social cost to governments and communities. 
Policymakers considering instating policies that rely on evictions to generate an outcome, including 
third-party policing efforts such as CFHPs, should carefully weigh the costs of additional evictions 
against the policy’s purported benefit. The effect on evictions identified in this study may be 
similar for other policies—including criminal activity nuisance ordinances, chronic nuisance 
ordinances, and the one-strike policy—that use evictions based on nuisance actions and contact 
with the criminal justice system as a strategy to prevent crime. For example, previous research 
investigating the effect of criminal nuisance ordinances in Ohio found that such policies increased 
eviction filings by 16 percent (Kroeger and La Mattina, 2020). The close similarity in enforcement 
strategies across these policies, which differ mainly in the source of statutory language enabling the 
enforcement (i.e., as either a municipal ordinance or as a supplemental lease agreement), suggests 
that these policy efforts may have similar effects on evictions.

U.S. Department of Housing and Urban Development memos have raised additional concerns 
about the implementation of CFHPs (Kanovsky, 2016; McCain, 2022). Those memos focused on 
how CFHPs could cause a disproportionate number of evictions for victims of domestic violence 
and cautioned municipalities that CFHPs may cause discrimination in housing access because 
they prevent formerly incarcerated individuals from tenancy. However, fewer concerns have been 
raised about the effect of CFHPs on evictions generally. Given the population harm of evictions, 
municipalities must weigh the costs and benefits of maintaining CFHPs because, even if the 
policy achieves the stated aim of crime reduction, it may introduce additional community harms. 
However, recent evidence has found that CFHPs likely do not decrease crime rates, and analysis 
on nuisance ordinances has shown that they may, in fact, increase crime (Falcone, 2023; Griswold 
et al., 2023). Evictions may also lead to additional crime, undermining the purpose of CFHPs 
(Semenza et al., 2022). Further, as the descriptive statistics demonstrate, lower-income populations 
are disproportionately affected by CFHPs. Eviction events can create disproportionate harm for 
low-income individuals because evictions can lead to increased financial losses, additional housing 
instability due to the eviction record, challenges in obtaining subsidized housing, and increased 
risk of homelessness events (Collinson et al., 2023; Desmond, Gershenson, and Kiviat, 2015; 
Desmond and Shollenberger, 2015).

One justification offered for the use of third-party policing strategies, such as CFHPs, is that 
they are cost-effective, reducing the need to use law enforcement resources to prevent crime 
by promoting landlords to engage in active guardianship over their rental units (Buerger and 
Mazerolle, 1998; Mazerolle and Roehl, 1998). However, this analysis shows that CFHPs increase 
the number of completed writs of execution, which would subsequently increase the cost of 
administering the policy. Each completed writ requires law enforcement resources to execute it, 
suggesting that CFHPs could increase overall net resource use with little benefit on crime. CFHPs 
may also lead to other costs to the public as well. Previous evidence suggests that each eviction 
has a lower bound cost of $8,000 per person evicted, not including court or law enforcement 
costs associated with executing an eviction (Collinson and Reed, 2018). As such, CFHPs may 
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carry a large cost burden for municipalities that implement the policy, given the magnitude of the 
identified effect on evictions.

The results also indicate that blocks with CFHP-certified rental units contain more renters, have a 
lower per capita income, and, depending on the exact location, a larger proportion of Black and 
Latin/Hispanic populations than blocks without CFHP-certified rental units. By increasing the 
number of evictions in those blocks, CFHPs may further marginalize low-income populations and 
people of color and may increase housing instability, homelessness, and the use of social services 
among those populations.

CFHPs’ targets for enforcement are renters in multifamily housing units and individuals with 
a history of criminal justice involvement. Those populations tend to be more non-White and 
have lower income than the general population, indicating that CFHPs may have a further 
disproportionate effect on low-income Black and Latin/Hispanic populations, in addition to the 
demographic difference of the affected neighborhoods displayed in exhibits 1.1 through 1.4 
(DeSilver, 2021; Zeng, 2022). Eviction events also disproportionately affect Black women and 
children, which further increases the potential risk of discrimination occurring from the use of 
CFHPs (Graetz et al., 2023; Hepburn, Louis, and Desmond, 2020). Previous research has also 
noted that the populations enforcing CFHPs—law enforcement officers and landlords—may 
make racially discriminatory choices when provided additional discretion in their decisionmaking 
(Archer, 2019; Christensen, Sarmiento-Barbieri, and Timmins, 2021; Goff et al., 2016; Hanson and 
Hawley, 2011; Lofstrom et al., 2022).

In addition to the populations affected by CFHPs, policymakers and government prosecutors have 
noted that CFHPs may have a discriminatory impact due to the policy’s enforcement. For example, 
the Department of Justice pursued a lawsuit against the City of Hesperia, California, alleging 
that the city adopted a CFHP to discriminate against Black and Latin/Hispanic individuals in the 
municipality (U.S. Department of Justice, 2022). In addition, California recently passed a new law, 
AB1418, to curtail the use of CFHPs in California municipalities.11 As part of the bill’s committee 
summary, legislators noted that the introduction of the bill was motivated by the potential of 
CFHPs to produce racially segregative effects and discriminatory impacts.12

Legal researchers have noted additional harms that may result from continued use of CFHPs and 
related policies—beyond the harms caused by additional evictions and potential discriminatory 
effects. For instance, legal researchers have argued that the application of CFHPs could lead to 
violations of the Fair Housing Act; First Amendment rights, such as freedom of association; and 
Fourteenth Amendment rights, such as procedural due process and equal protection (Jarwala 
and Singh, 2019; Katach, 2015; Prochaska, 2023; Ramsey Mason, 2018; Smith, 2018; Werth, 
2013). Policymakers should consider those additional possible harms—in addition to the results 
concerning CFHPs’ effect on evictions and the demographics of affected populations—when 
considering continued use or adoption of crime-free housing policies.

11 CA AB1418, 2023–2024 Regular Session, Amended April 12, 2023. https://legiscan.com/CA/text/AB1418/id/2778119.
12 Assembly Committee on Judiciary. “Tenancy: Local Regulations: Contact With Law Enforcement or Criminal Convictions.” 
Date of Hearing: April 11, 2023. https://trackbill.com/s3/bills/CA/2023/AB/1418/analyses/assembly-judiciary.pdf.

https://legiscan.com/CA/text/AB1418/id/2778119
https://trackbill.com/s3/bills/CA/2023/AB/1418/analyses/assembly-judiciary.pdf
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Limitations
This study carries limitations. First, the data collected on evictions is based on writs of execution 
records, which are issued only to tenants who have lost an unlawful detainer case and have not 
vacated their unit. Accordingly, the estimated effect using these data may not hold for informal, 
illegal, or eviction filings if the pattern in those measures differs considerably between treated and 
control units compared with the writs data. For example, if landlords of CFHP-certified properties 
use the serial threat of evictions to remove tenants from their housing more often than landlords 
without CFHP certification and more often than using writs, then the estimates could understate 
the true effect on evictions. Writs of execution records are also an underestimate of the total 
number of evictions that occur in neighborhood blocks because the records apply only to tenants 
forcibly removed from their rental unit. Accordingly, the estimated effect of CFHPs on completed 
evictions (as measured by writs of execution) is likely an underestimate of the effect of CFHPs on 
evictions generally.

Second, while processing the writs of execution records, multiple observations had to be removed 
from the dataset due to incomplete address and date information, retractions, and implausible 
geocodes. If the records removed from the analysis are not randomly distributed across treated 
units and control units, this fact may bias the estimated effect.

Third, if the local conditional independence assumption for spatial first differences does not hold, 
then the estimated average treatment effects might be biased. This assumption was tested using 
available evidence from map rotations and adjusted models, with results suggesting the assumption 
may be valid. However, if a confounding variable exists that is not removed from the analysis 
through the spatial differencing strategy, then the assumption may not hold, and the estimates may 
not reflect an unbiased causal relationship.

Summary
Crime-free housing policies (CFHPs) significantly increase the number of evictions that occur in 
neighborhood blocks containing CFHP-certified rental units. Affected neighborhood blocks tend 
to have lower per capita income, a larger proportion of Black and Latin/Hispanic populations, 
and more rental units than the broader municipality. Given the substantial harm of evictions and 
the cost of evictions for local governments, municipalities should weigh the cost and benefits of 
maintaining or adopting policies that use eviction to achieve a policy outcome.

In addition, CFHPs are closely related to criminal activity nuisance ordinances, chronic nuisance 
ordinances, and the one-strike policy, which are widely prevalent across the United States and 
employ a similar enforcement strategy: using evictions as a crime prevention tool. Those policies 
also likely increase the number of evictions that occur in the United States. Emerging evidence 
also suggests that those policies likely do not lead to a reduction in crime, indicating that no 
concomitant benefit stems from increased evictions. On the basis of those findings, federal and state 
legislators should closely evaluate the efficacy of using evictions to prevent crime and determine if 
new legislation is needed to curtail the harmful effects of those policies on communities.
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Appendix A. Additional Method Details
Data Processing
Data were received from 55 sheriff’s departments in California as either physical documents, Excel 
files, or PDFs. In total, 14,082 pages of records were received and six Excel files. Appendix G 
provides a synthetic example of a record page. Physical documents were scanned, converted into 
PDFs using optical character recognition, and post-processed to make records uniform before data 
extraction. To do so, hand-scanned documents were rotated so that text was aligned horizontally, 
identified retractions in documents and replaced them with white blocks, and replaced all other 
colors with black. Post-processing was performed in Python 3.8.

For files received as PDFs or converted into PDFs, the Azure-AI-Form Recognizer 3.2.0 was used to 
train eight custom template extraction models to generate tabular data from the PDF files. To train 
the models, 40 pages of records were hand coded, corresponding to the eight main templating 
formats received across jurisdictions. Those codes indicated the position of rows and columns 
within each templating format. The accuracy of the extracted tables was validated by calculating 
the Levenshtein distance ratio between text in PDFs and extracted tables, finding that the distance 
ratio exceeded 0.98 across all template formats, indicating a high degree of alignment between 
extracted text and underlying documents. The final generated dataset consisted of rows for 
completed writs of execution, along with the event’s data and address.

Before post-processing, the dataset consisted of 244,298 records. The following rows were removed 
from the analysis dataset: rows that did not contain date or location information; contained NA 
values due to a retraction (departments confirmed that retractions pertained to canceled writs); 
contained a malformed date due to how the document had been scanned by the sheriff’s office; was 
a duplicate record; or corresponded to a scheduled or canceled writ (rather than a completed writ). 
Addresses were geocoded to GPS coordinates using the Tidygeocoder package in R 4.2.2. (Cambon 
et al., 2021). Coordinates were validated by comparing imputed ZIP Codes from geocoding to 
existing ZIP Codes in the original address text. Across all locations, ZIP Codes were successfully 
matched for 98 percent of imputed addresses. Rows that did not have imputed ZIP Codes that 
matched address text were inspected, where these rows contained either informal address text 
(e.g., “Apartment behind the McDonald’s on 96th St.”) or address text with incomplete information 
due to hand scanning; these rows were subsequently removed from the analysis dataset. Finally, 
geocoded addresses were merged with 2019 Census TIGER files and aggregated eviction counts to 
the block group level. The final analysis dataset contained 216,412 records.

Descriptive Statistics
The mean and standard deviation was calculated for each included study variable within each 
location in the spatial first difference models (Fremont, Hayward, Riverside, and San Diego 
County). Means and standard deviations were stratified by treatment status between block groups 
containing CFHP-certified rental units and block groups without CFHP-certified rental units 
(exhibits 1.1–1.3). The mean difference between “Blocks With CFHP-Certified Units” and “Blocks 
Without CFHP-Certified Units,” was calculated, along with the confidence interval for the mean 
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difference, based on an unpaired t-test with unequal variance (Welch’s t-test). The 95-percent 
confidence interval of the t-test for the mean difference is provided to categorize the uncertainty. 
A confidence interval of the mean difference that crosses zero indicates that the mean difference is 
nonsignificant at the 5-percent threshold.

Appendix B. Public Records Act Requests
Exhibit B.1

Public Records Act Request: Writs of Execution

Hello,

This is a request under the California Public Records Act (pursuant to California Government Code Section 
6253(c)) for records in the possession of the [sheriff department name] pertaining to notices of restoration (e.g. 
completed evictions) given between Jan 1st, 2017 through Jan 1st, 2021. This information should include:

Records or lists of evictions showing served Notice of Restoration, including the following pieces of information: 

• The date the notice of restoration was served, including month & year.
• The city in which the notice of restoration was served.

Thanks to the department for the work on responding to this request.

Kind regards,

Exhibit B.2

Public Records Act Request: CFHP Information

Hello,

This is a request under the California Public Records Act (pursuant to California Government Code Section 
6253(c)). We are seeking records on [city’s name] “Crime-Free Housing Program”. Specifically, we are looking 
for the following pieces of information:

• In what month/year was the program adopted by the city?
• If the program was in place during 2019, what properties were certified under the program (specifically, we 

are seeking a list with the addresses for these properties)?
• If the program had been implemented in 2019, could the city provide the training documentation and lease 

addendum used by the program?
• If the program had been implemented in 2019, could the city provide any electronic databases or text 

databases related to the enforcement of this program?

Thanks to the city for the work on responding to this request.

Kind regards,
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Exhibit B.3

CPRA Request: CFHP Information with Additional Details

Hello,

This is a request under the California Public Records Act (pursuant to California Government Code Section 
6253(c)). We are seeking records on [city’s name] “Crime-Free Housing Program”. Specifically, we are looking 
for the following pieces of information:

• In what month/year was the program adopted by the city?

We additionally are requesting materials related to the operation of the county’s crime-free housing 
program, specifically:

• Documents concerning properties eligible for crime-free housing program enforcement or violations, 
including the address of properties participating in the program.

• All documents concerning the crime-free housing program, including enforcement of it against residential 
properties, landlords, or tenants, including copies of all violations, letters, notices, files, and any other external 
or internal communication, including emails, related thereto since the program’s formation to the present.

• Documents that describe policies or procedures for the writing of police and/or incident reports by the 
sheriff’s department when there is a violation of the crime-free housing program.

• Electronic copy of any database or databases containing information regarding the crime-free housing 
program’s enforcement.

• Police and/or incident reports corresponding to violations of the crime-free housing program.
• All training or informational materials regarding the crime-free housing program provided to landlords, 

tenants, police, or others, including any electronic, video, or audio recordings of trainings.
• All documents concerning mandatory or suggested lease terms or crime-free lease addendum promoted, 

adopted, or created by the department.
• Any internal or external communications with elected officials or city employees regarding the crime-free 

housing program since the program’s adoption.

Thanks to the city for the work on responding to this request.

 Kind regards,

Appendix C. Example of Sampling Algorithm
Exhibit C.1

Example of Sampling Algorithm Used to Determine Neighboring Block Groups in the City of 
Riverside When the Map is Rotated Zero and 90 Degrees (1 of 2)

Source: Authors
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Exhibit C.1

Example of Sampling Algorithm Used to Determine Neighboring Block Groups in the City of 
Riverside When the Map is Rotated Zero and 90 Degrees (2 of 2)

Source: Authors
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Appendix D. Regression Results for Spatial First Differences Models
Exhibit D.1

Regression Results by Map Rotation for Fremont, Unadjusted Spatial First Differences Model Using Binary Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

One or More 
CFHP Units

1.09*
(0.07)

1.11*
(0.07)

0.86*
(0.06)

0.31*
(0.03)

0.78*
(0.06)

1.14*
(0.07)

0.55*
(0.05)

0.81*
(0.06)

0.86*
(0.07)

0.95*
(0.06)

1.16*
(0.07)

Rental Units 
(in hundreds)

0.18*
(0.01)

0.17*
(0.01)

0.11*
(0.01)

0.19*
(0.01)

0.19*
(0.01)

0.11*
(0.01)

0.18*
(0.01)

0.24*
(0.01)

0.14*
(0.01)

0.14*
(0.01)

0.15*
(0.01)

Treated Units 32 32 32 32 32 32 32 32 32 32 32

Total Units 103 102 106 103 106 105 106 105 105 104 102

Adjusted 
R-Squared

0.26 0.26 0.14 0.16 0.19 0.18 0.16 0.23 0.16 0.19 0.26

* p < 0.05.
CFHP = crime-free housing policy.

Exhibit D.2

Regression Results by Map Rotation for Hayward, Unadjusted Spatial First Differences Model Using Binary Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

One or More 
CFHP Units

1.64*
(0.09)

1.65*
(0.09)

1.65*
(0.11)

2.01*
(0.09)

1.88*
(0.10)

1.89*
(0.10)

1.87*
(0.10)

1.82*
(0.10)

1.19*
(0.09)

1.26*
(0.11)

2.01*
(0.09)

Rental Units 
(in hundreds)

0.52*
(0.02)

0.51*
(0.02)

0.55*
(0.01)

0.51*
(0.02)

0.53*
(0.02)

0.53*
(0.02)

0.54*
(0.02)

0.62*
(0.01)

0.55*
(0.02)

0.56*
(0.02)

0.58*
(0.01)

Treated Units 12 12 12 12 12 12 12 12 12 12 12

Total Units 88 88 89 87 92 92 92 90 92 92 87

Adjusted 
R-Squared

0.35 0.34 0.36 0.36 0.3 0.3 0.3 0.36 0.29 0.3 0.41

* p < 0.05.
CFHP = crime-free housing policy.
Source: Authors
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Exhibit D.3

Regression Results by Map Rotation for Riverside, Unadjusted Spatial First Differences Model Using Binary Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

One or More 
CFHP Units

0.29*
(0.09)

0.30*
(0.10)

0.18
(0.10)

0.52*
(0.11)

0.28*
(0.10)

0.72*
(0.09)

0.69*
(0.07)

0.49*
(0.09)

1.13*
(0.13)

0.97*
(0.14)

0.47*
(0.11)

Rental Units 
(in hundreds)

0.84*
(0.02)

0.82*
(0.02)

0.85*
(0.03)

0.80*
(0.03)

0.78*
(0.02)

0.69*
(0.02)

0.64*
(0.02)

0.64*
(0.02)

0.64*
(0.02)

0.70*
(0.03)

0.74*
(0.03)

Treated Units 74 74 74 74 74 74 74 74 74 74 74

Total Units 178 177 175 179 185 185 183 182 181 181 182

Adjusted 
R-Squared

0.38 0.37 0.38 0.37 0.34 0.31 0.27 0.27 0.3 0.34 0.33

* p < 0.05.
CFHP = crime-free housing policy.

Exhibit D.4

Regression Results by Map Rotation for Fremont, Unadjusted Spatial First Differences Model Using Binary Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

One or More 
CFHP Units

0.51*
(0.17)

0.67*
(0.19)

1.01*
(0.25)

0.72*
(0.21)

1.45*
(0.38)

0.54*
(0.17)

0.68*
(0.25)

0.69*
(0.23)

0.93*
(0.28)

0.80*
(0.20)

1.00*
(0.13)

Rental Units 
(in hundreds)

0.43*
(0.07)

0.50*
(0.09)

0.40*
(0.10)

0.40*
(0.10)

0.39*
(0.10)

0.41*
(0.11)

0.50*
(0.09)

0.40*
(0.11)

0.37*
(0.10)

0.36*
(0.10)

0.32*
(0.09)

Treated Units 75 75 75 75 75 75 75 75 75 75 75

Total Units 1,590 1,582 1,580 1,579 1,592 1,616 1,611 1,612 1,614 1,593 1,589

Adjusted 
R-Squared

0.18 0.22 0.17 0.17 0.17 0.17 0.22 0.18 0.17 0.14 0.14

* p < 0.05.
CFHP = crime-free housing policy.
Source: Authors
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Regression Results by Map Rotation for Fremont, Adjusted Spatial First Differences Model Using Binary Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

One or More 
CFHP Units

1.00*
(0.07)

1.08*
(0.06)

0.79*
(0.06)

0.20*
(0.03)

0.76*
(0.06)

0.98*
(0.06)

0.47*
(0.04)

0.79*
(0.06)

0.83*
(0.06)

0.85*
(0.06)

1.18*
(0.07)

Rental Units  
(in hundreds)

0.18*
(0.01)

0.16*
(0.01)

0.12*
(0.01)

0.21*
(0.01)

0.18*
(0.01)

0.08*
(0.01)

0.20*
(0.01)

0.23*
(0.01)

0.14*
(0.01)

0.12*
(0.01)

0.14*
(0.01)

Per Capita 
Income  
(in $10,000)

– 0.10
(0.02)

– 0.08*
(0.02)

0.01
(0.02)

0.00
(0.02)

– 0.10*
(0.02)

– 0.23*
(0.04)

– 0.05
(0.03)

– 0.08*
(0.03)

– 0.10
(0.02)

– 0.10*
(0.02)

– 0.08*
(0.02)

Asian (Pop %)
0.27

(0.31)
0.23

(0.28)
– 2.30*

(0.37)
– 0.15
(0.17)

– 0.95*
(0.45)

0.58
(0.32)

– 1.02*
(0.32)

– 2.05*
(0.43)

– 0.17
(0.31)

– 0.49
(0.28)

0.23
(0.27)

White (Pop %)
5.09*
(0.68)

4.84*
(0.66)

0.41
(0.71)

3.68*
(0.45)

1.51*
(0.54)

4.33*
(0.55)

– 0.02 
(0.35)

1.63*
(0.81)

3.82*
(0.61)

5.49*
(0.53)

4.93*
(0.58)

Black (Pop %)
1.07*
(0.27)

0.95*
(0.24)

– 1.48* 
(0.37)

1.98*
(0.19)

– 0.36
(0.37)

0.73*
(0.25)

– 0.06
(0.24)

– 1.33*
(0.33)

0.59*
(0.24)

– 0.34
(0.25)

1.24*
(0.25)

American Indian/
Alaska Native 
(Pop %)

24.38*
(1.97)

27.49*
(1.67)

13.47*
(1.76)

27.34*
(2.33)

21.56*
(1.67)

27.21* 
(1.68)

25.04*
(1.84)

28.10*
(3.00)

27.07*
(2.44)

27.44*
(2.11)

21.49*
(1.69)

Latin/Hispanic 
(Pop %)

– 1.58* 
(0.39)

– 1.78*
(0.38)

– 2.63*
(0.43)

– 2.54*
(0.19)

– 3.98*
(0.41)

– 0.68*
(0.32)

– 1.99*
(0.29)

– 5.65*
(0.59)

– 1.89*
(0.37)

– 2.29*
(0.32)

– 3.02*
(0.32)

Treated Units 32 32 32 32 32 32 32 32 32 32 32

Total Units 103 102 106 103 106 105 106 105 105 104 102

Adjusted 
R-Squared

0.26 0.26 0.1 0.19 0.2 0.18 0.15 0.26 0.16 0.2 0.27

* p < 0.05.
CFHP = crime-free housing policy. Pop = population.
Source: Authors
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Regression Results by Map Rotation for Hayward, Adjusted Spatial First Differences Model Using Binary Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

One or More 
CFHP Units

1.53*
(0.09)

1.55*
(0.09)

1.70*
(0.12)

1.99*
(0.11)

2.04*
(0.11)

2.05*
(0.11)

2.02*
(0.12)

1.65*
(0.12)

1.22*
(0.09)

1.20*
(0.11)

1.97*
(0.10)

Rental Units  
(in hundreds)

0.63*
(0.02)

0.62*
(0.02)

0.62*
(0.02)

0.54*
(0.03)

0.57*
(0.02)

0.57*
(0.02)

0.60*
(0.02)

0.71*
(0.02)

0.63*
(0.02)

0.64*
(0.02)

0.68*
(0.02)

Per Capita 
Income  
(in $10,000)

0.21*
(0.03)

0.28*
(0.03)

0.18*
(0.03)

0.17*
(0.03)

0.44*
(0.07)

0.45*
(0.07)

0.50*
(0.07)

0.78*
(0.07)

0.39*
(0.06)

0.35*
(0.06)

0.13*
(0.04)

Asian (Pop %)
– 4.97*

(0.40)
– 4.58*

(0.45)
– 3.80*

(0.46)
– 3.40*

(0.52)
– 4.94*

(0.62)
– 5.05*

(0.63)
– 4.38*

(0.65)
– 4.08*

(0.59)
– 2.56*

(0.64)
– 4.19*

(0.51)
– 2.26*

(0.50)

White (Pop %)
– 5.83*

(0.66)
– 5.12*

(0.58)
– 7.88*

(0.65)
– 4.00*

(0.49)
– 7.02*

(0.39)
– 7.19*

(0.40)
– 5.64*

(0.39)
– 6.40*

(0.42)
– 9.08*

(0.46)
– 8.99*

(0.56)
– 5.75*

(0.58)

Black (Pop %)
– 5.15*

(0.41)
– 4.75*

(0.39)
– 5.15*

(0.47)
– 4.03*

(0.43)
– 5.47*

(0.45)
– 5.49*

(0.46)
– 4.37*

(0.43)
– 4.63*

(0.43)
– 5.47*

(0.36)
– 6.50*

(0.42)
– 4.60*

(0.42)

American Indian/
Alaskan Native 
(Pop %)

15.32* 
(1.38)

15.33* 
(1.38)

5.50*
(0.95)

– 4.59*
(1.13)

– 11.82*
(2.03)

– 12.14*
(2.00)

– 8.01*
(2.05)

– 16.31*
(3.23)

6.18*
(1.99)

6.49*
(1.99)

5.75*
(1.33)

Latin/Hispanic 
(Pop %)

– 5.01*
(0.35)

– 4.55*
(0.33)

– 4.89*
(0.41)

– 3.68*
(0.41)

– 3.87*
(0.42)

– 3.95*
(0.43)

– 3.77*
(0.45)

– 3.48*
(0.35)

– 1.92*
(0.31)

– 3.33*
(0.29)

– 3.96* 
(0.39)

Treated Units 12 12 12 12 12 12 12 12 12 12 12

Total Units 88 88 89 87 92 92 92 90 92 92 87

Adjusted 
R-Squared

0.38 0.39 0.4 0.36 0.32 0.33 0.32 0.42 0.33 0.34 0.44

* p < 0.05.
CFHP = crime-free housing policy. Pop = population.
Source: Authors
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Regression Results by Map Rotation for Riverside, Adjusted Spatial First Differences Model Using Binary Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

One or More 
CFHP units

0.35*
(0.09)

0.34*
(0.11)

0.21*
(0.11)

0.67*
(0.12)

0.39*
(0.10)

0.80*
(0.09)

0.88*
(0.06)

0.65*
(0.09)

 1.21*
(0.12)

1.16*
(0.13)

0.65*
(0.11)

Rental Units  
(in hundreds)

0.88*
(0.02)

0.88*
(0.03)

0.90*
(0.03)

0.83*
(0.03)

0.83*
(0.02)

0.72*
(0.02)

0.61*
(0.02)

0.62*
(0.03)

0.66*
(0.02)

0.67*
(0.03)

0.73*
(0.03)

Per Capita 
Income  
(in $10,000)

0.19*
(0.02)

0.26*
(0.02)

0.26*
(0.02)

0.24*
(0.02)

0.36*
(0.02)

0.23*
(0.03)

0.18*
(0.02)

0.13*
(0.03)

0.14*
(0.04)

0.24*
(0.03)

0.11*
(0.03)

Asian (Pop %)
0.50

(0.57)
– 5.30*

(0.89)
– 4.83*

(0.93)
– 3.33*

(1.08)
1.82

(1.20)
2.21

(1.20)
4.75*
(1.16)

6.89*
(1.01)

6.24*
(1.11)

5.93*
(0.63)

2.18*
(0.51)

White  (Pop %)
– 6.37*

(0.36)
– 8.84*

(0.59)
– 8.18*

(0.65)
– 8.50*

(0.60)
– 6.26*

(0.70)
– 4.35*

(0.85)
0.42

(0.61)
– 1.09
(0.81)

– 2.79*
(0.88)

– 2.08*
(0.59)

– 2.77*
(0.54)

Black (Pop %)
– 3.19*

(0.20)
– 3.50*

(0.27)
– 3.13*

(0.29)
– 3.88*

(0.26)
– 1.73*

(0.29)
– 2.85*

(0.31)
– 2.17*

(0.26)
– 1.54*

(0.24)
– 2.02*

(0.32)
– 2.48*

(0.24)
– 2.36*

(0.17)

American Indian/
Alaskan Native 
(Pop %)

9.39*
(2.01)

9.21*
(2.25)

8.26*
(2.30)

5.07*
(2.31)

4.43*
(1.85)

0.88
(1.71)

14.68*
(1.74)

9.93*
(1.73)

8.42*
(2.08)

4.67*
(1.99)

7.38*
(2.40)

Latin/Hispanic 
(Pop %)

1.44*
(0.31)

– 0.42*
(0.18)

– 0.11
(0.20)

0.69*
(0.22)

1.07*
(0.22)

0.50*
(0.24)

2.31*
(0.19)

1.95*
(0.25)

1.10*
(0.34)

2.18*
(0.27)

2.37*
(0.25)

Treated Units 74 74 74 74 74 74 74 74 74 74 74

Total Units 178 177 175 179 185 185 183 182 181 181 182

Adjusted 
R-Squared

0.42 0.39 0.39 0.39 0.36 0.32 0.31 0.3 0.32 0.36 0.37

* p < 0.05.
CFHP = crime-free housing policy. Pop = population.
Source: Authors
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Regression Results by Map Rotation for San Diego County, Adjusted Spatial First Differences Model Using Binary Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

One or More 
CFHP Units

0.42*
(0.16)

0.57*
(0.18)

1.03*
(0.24)

0.73*
(0.19)

1.41*
(0.35)

0.57*
(0.17)

0.76*
(0.23)

0.70*
(0.21)

0.85*
(0.25)

0.71*
(0.17)

0.84*
(0.11)

Rental Units  
(in hundreds)

0.41*
(0.07)

0.48*
(0.09)

0.39*
(0.10)

0.39*
(0.10)

0.38*
(0.10)

0.40*
(0.11)

0.50*
(0.09)

0.39*
(0.11)

0.36*
(0.11)

0.34*
(0.11)

0.30*
(0.09)

Per Capita 
Income  
(in $10,000)

0.01
(0.03)

0.02
(0.03)

0.03
(0.05)

0.07
(0.05)

0.00
(0.03)

0.05
(0.04)

0.18*
(0.04)

0.07
(0.04)

0.03
(0.03)

– 0.04
(0.03)

– 0.12*
(0.03)

Asian (Pop %)
1.64*
(0.37)

1.06*
(0.29)

1.22*
(0.58)

1.74*
(0.67)

0.61
(0.58)

1.04
(0.94)

0.35
(0.69)

0.99
(0.84)

– 0.18
(0.79)

0.26
(0.89)

1.68*
(0.40)

White (Pop %)
3.24*
(0.54)

2.89*
(0.41)

4.53*
(0.85)

5.28*
(1.16)

1.62
(1.32)

2.60*
(1.20)

2.75*
(1.02)

3.89*
(1.22)

1.48
(1.08)

2.14*
(1.07)

2.21*
(0.67)

Black (Pop %)
– 0.18
(0.35)

– 0.43*
(0.21)

– 0.40
(0.45)

– 0.09
(0.47)

– 1.13*
(0.50)

– 1.59*
(0.59)

– 0.80
(0.59)

 0.12
(0.71)

– 1.13
(0.61)

– 0.87
(0.65)

0.29
(0.25)

American Indian/
Alaskan Native 
(Pop %)

0.69
(1.01)

– 1.13
(0.77)

– 2.61*
(0.82)

– 2.29*
(0.66)

– 4.20*
(0.79)

– 4.54*
(0.94)

– 1.03
(0.78)

1.57
(1.09)

– 1.01
(0.74)

– 1.24
(0.99)

– 0.44
(0.84)

Latin/Hispanic 
(Pop %)

1.13*
(0.18)

1.39*
(0.18)

0.20
(0.24)

0.64*
(0.32)

0.47
(0.42)

– 0.34
(0.37)

– 0.14
(0.39)

0.35
(0.38)

0.66
(0.44)

0.63
(0.49)

1.12*
(0.22)

Treated Units 75 75 75 75 75 75 75 75 75 75 75

Total Units 1,590 1,582 1,580 1,579 1,592 1,616 1,611 1,612 1,614 1,593 1,589

Adjusted 
R-Squared

0.18 0.22 0.18 0.18 0.17 0.18 0.23 0.18 0.17 0.15 0.15

* p < 0.05.
CFHP = crime-free housing policy. Pop = population.
Source: Authors
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Exhibit D.9

Regression Results by Map Rotation for Fremont, Unadjusted Spatial First Differences Model Using Continuous Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

Number of 
CFHP Units

0.61*
(0.03)

0.62*
(0.03)

0.53*
(0.03)

0.18*
(0.02)

0.38*
(0.03)

0.48*
(0.04)

0.19*
(0.02)

0.31*
(0.04)

0.30*
(0.03)

0.35*
(0.03)

0.59*
(0.03)

Rental Units 
(in hundreds)

0.18*
(0.01)

0.17*
(0.01)

0.11*
(0.01)

0.19*
(0.01)

0.21*
(0.01)

0.13*
(0.01)

0.19*
(0.01)

0.26*
(0.01)

0.17*
(0.01)

0.17*
(0.01)

0.16*
(0.01)

Treated Units 32 32 32 32 32 32 32 32 32 32 32

Total Units 103 102 106 103 106 105 106 105 105 104 102

Adjusted 
R-Squared

0.28 0.28 0.16 0.16 0.18 0.14 0.15 0.21 0.13 0.16 0.26

* p < 0.05.
CFHP = crime-free housing policy.

Exhibit D.10

Regression Results by Map Rotation for Hayward, Unadjusted Spatial First Differences Model Using Continuous Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

Number of 
CFHP Units

1.20*
(0.04)

1.21*
(0.04)

0.83*
(0.04)

1.16*
(0.05)

0.96*
(0.05)

0.96*
(0.05)

0.95*
(0.06)

0.78*
(0.05)

0.77*
(0.03)

1.08*
(0.04)

1.21*
(0.05)

Rental Units 
(in hundreds)

0.40*
(0.02)

0.39*
(0.02)

0.51*
(0.01)

0.45*
(0.02)

0.46*
(0.02)

0.47*
(0.02)

0.48*
(0.02)

0.60*
(0.02)

0.50*
(0.01)

0.47*
(0.01)

0.48*
(0.01)

Treated Units 12 12 12 12 12 12 12 12 12 12 12

Total Units 88 88 89 87 92 92 92 90 92 92 87

Adjusted 
R-Squared

0.38 0.37 0.35 0.36 0.28 0.28 0.28 0.34 0.29 0.33 0.41

* p < 0.05.
CFHP = crime-free housing policy.
Source: Authors
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Regression Results by Map Rotation for Riverside, Unadjusted Spatial First Differences Model Using Continuous Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

Number of 
CFHP Units

0.21*
(0.03)

0.47*
(0.03)

0.42*
(0.03)

0.52*
(0.04)

0.41*
(0.03)

0.38*
(0.03)

0.26*
(0.03)

0.17*
(0.04)

0.26*
(0.05)

0.17*
(0.06)

0.20*
(0.04)

Rental Units 
(in hundreds)

0.79*
(0.02)

0.66*
(0.02)

0.68*
(0.03)

0.64*
(0.03)

0.64*
(0.02)

0.61*
(0.03)

0.61*
(0.02)

0.63*
(0.03)

0.66*
(0.03)

0.75*
(0.03)

0.72*
(0.03)

Treated Units 74 74 74 74 74 74 74 74 74 74 74

Total Units 178 177 175 179 185 185 183 182 181 181 182

Adjusted 
R-Squared

0.38 0.4 0.41 0.4 0.37 0.32 0.27 0.27 0.28 0.32 0.34

* p < 0.05.
CFHP = crime-free housing policy.

Exhibit D.12

Regression Results by Map Rotation for San Diego County, Unadjusted Spatial First Differences Model Using Continuous Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

Number of 
CFHP Units

0.14*
(0.05)

0.24*
(0.06)

0.44*
(0.08)

0.40*
(0.07)

0.77*
(0.18)

0.24*
(0.06)

0.13
(0.07)

0.21*
(0.06)

0.31*
(0.06)

0.37*
(0.06)

0.51*
(0.06)

Rental Units 
(in hundreds)

0.43*
(0.07)

0.50*
(0.09)

0.40*
(0.10)

0.40*
(0.10)

0.40*
(0.09)

0.41*
(0.11)

0.50*
(0.09)

0.40*
(0.11)

0.37*
(0.10)

0.36*
(0.10)

0.32*
(0.09)

Treated Units 75 75 75 75 75 75 75 75 75 75 75

Total Units 1,590 1,582 1,580 1,579 1,592 1,616 1,611 1,612 1,614 1,593 1,589

Adjusted 
R-Squared

0.18 0.21 0.17 0.17 0.18 0.17 0.22 0.18 0.17 0.14 0.14

* p < 0.05.
CFHP = crime-free housing policy.
Source: Authors
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Regression Results by Map Rotation for Fremont, Adjusted Spatial First Differences Model Using Continuous Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

Number of  
CFHP Units

0.56*
(0.03)

0.59*
(0.03)

0.51*
(0.03)

0.16*
(0.02)

0.37*
(0.03)

0.37*
(0.03)

0.14*
(0.02)

0.23*
(0.04)

0.24*
(0.03)

0.25*
(0.04)

0.56*
(0.03)

Rental Units  
(in hundreds)

0.18*
(0.01)

0.17*
(0.01)

0.12*
(0.01)

0.21*
(0.01)

0.20*
(0.01)

0.11*
(0.01)

0.22*
(0.01)

0.25*
(0.01)

0.17*
(0.01)

0.16*
(0.01)

0.16*
(0.01)

Per Capita 
Income  
(in $10,000)

– 0.05*
(0.02)

– 0.03
(0.02)

0.01
(0.02)

0.00
(0.02)

– 0.08*
(0.02)

– 0.19*
(0.03)

– 0.03
(0.02)

– 0.07*
(0.02)

– 0.08*
(0.02)

– 0.08*
(0.02)

– 0.03
(0.02)

Asian (Pop %)
0.36

(0.27)
0.35

(0.26)
– 1.74*

(0.35)
– 0.11
(0.16)

– 0.88*
(0.44)

0.98*
(0.35)

– 0.73*
(0.32)

– 1.43*
(0.44)

0.23
(0.35)

– 0.31
(0.30)

0.52
(0.27)

White (Pop %)
5.14*
(0.67)

4.95*
(0.64)

0.72
(0.70)

3.62*
(0.44)

1.12*
(0.53)

4.20*
(0.58)

0.19
(0.38)

1.75*
(0.84)

3.95*
(0.66)

5.62*
(0.57)

4.78*
(0.56)

Black (Pop %)
1.37*
(0.23)

1.40*
(0.23)

– 0.69*
(0.33)

2.12*
(0.18)

– 0.32
(0.34)

1.07*
(0.25)

0.08
(0.22)

– 1.31*
(0.33)

0.52*
(0.24)

– 0.61*
(0.22)

1.55*
(0.23)

American Indian/
Alaska Native 
(Pop %)

27.96*
(2.62)

29.70*
(2.52)

17.60*
(1.95)

27.43*
(2.32)

25.20*
(2.03)

33.97*
(2.68)

28.91*
(2.41)

34.33*
(3.62)

32.55*
(3.07)

33.57*
(2.70)

27.10*
(2.50)

Latin/Hispanic 
(Pop %)

– 0.85*
(0.33)

– 0.93*
(0.33)

– 2.05*
(0.45)

– 2.53*
(0.19)

– 3.66*
(0.41)

0.32
(0.40)

– 1.35*
(0.33)

– 4.19*
(0.60)

– 0.56
(0.43)

– 1.28*
(0.40)

– 1.68*
(0.37)

Treated Units 32 32 32 32 32 32 32 32 32 32 32

Total Units 103 102 106 103 106 105 106 105 105 104 102

Adjusted 
R-Squared

0.28 0.28 0.13 0.2 0.19 0.15 0.14 0.24 0.13 0.17 0.27

* p < 0.05.
CFHP = crime-free housing policy. Pop = population.
Source: Authors
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Exhibit D.14

Regression Results by Map Rotation for Hayward, Adjusted Spatial First Differences Model Using Continuous Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

Number of  
CFHP Units

1.06*
(0.06)

1.07*
(0.06)

0.90*
(0.06)

1.13*
(0.06)

1.03*
(0.07)

1.03*
(0.07)

0.98*
(0.07)

0.65*
(0.06)

0.87*
(0.03)

1.08*
(0.04)

1.14*
(0.06)

Rental Units  
(in hundreds)

0.50*
(0.02)

0.50*
(0.02)

0.57*
(0.02)

0.47*
(0.02)

0.49*
(0.03)

0.50*
(0.03)

0.53*
(0.03)

0.71*
(0.02)

0.56*
(0.02)

0.53*
(0.02)

0.57*
(0.02)

Per Capita 
Income  
(in $10,000)

0.06*
(0.03)

0.13*
(0.03)

0.08*
(0.04)

0.06
(0.03)

0.33*
(0.07)

0.33*
(0.07)

0.40*
(0.08)

0.76*
(0.07)

0.36*
(0.06)

0.29*
(0.06)

0.01
(0.04)

Asian (Pop %)
– 3.73*

(0.42)
– 3.31*

(0.46)
– 3.05*

(0.43)
– 2.68*

(0.56)
– 4.14*

(0.62)
– 4.24*

(0.63)
– 3.52*

(0.64)
– 3.92*

(0.60)
– 2.89*

(0.60)
– 3.93*

(0.48)
– 1.12*

(0.56)

White (Pop %)
– 5.90*

(0.64)
– 5.20*

(0.56)
– 8.80*

(0.63)
– 4.81*

(0.46)
– 7.76*

(0.38)
– 7.91*

(0.39)
– 6.19*

(0.38)
– 6.85*

(0.43)
– 9.78*

(0.46)
– 9.83*

(0.55)
– 5.93*

(0.56)

Black (Pop %)
– 4.84*

(0.44)
– 4.50*

(0.41)
– 4.88*

(0.47)
– 3.99*

(0.45)
– 5.32*

(0.48)
– 5.34*

(0.48)
– 4.13*

(0.45)
– 4.39*

(0.45)
– 6.01*

(0.36)
– 6.55*

(0.45)
– 4.19*

(0.46)

American Indian/
Alaska Native 
(Pop %)

12.92*
(1.57)

13.00*
(1.56)

4.92*
(1.04)

– 5.35*
(1.03)

– 12.81*
(2.00)

– 13.11*
(1.97)

– 8.48*
(2.04)

– 11.59*
(2.92)

4.31*
(1.94)

4.41*
(1.93)

7.36*
(1.44)

Latin/Hispanic 
(Pop %)

– 4.30*
(0.39)

– 3.85*
(0.35)

– 4.87*
(0.42)

– 3.33*
(0.43)

– 3.67*
(0.42)

– 3.74*
(0.42)

– 3.54*
(0.44)

– 3.80*
(0.33)

– 2.03*
(0.30)

– 3.03*
(0.29)

– 3.10*
(0.43)

Treated Units 12 12 12 12 12 12 12 12 12 12 12

Total Units 88 88 89 87 92 92 92 90 92 92 87

Adjusted 
R-Squared

0.4 0.4 0.39 0.35 0.3 0.3 0.29 0.39 0.34 0.37 0.42

* p < 0.05.
CFHP = crime-free housing policy. Pop = population.
Source: Authors
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Regression Results by Map Rotation for Riverside, Adjusted Spatial First Differences Model Using Continuous Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

Number of  
CFHP Units

0.31*
(0.03)

0.46*
(0.03)

0.43*
(0.04)

0.59*
(0.04)

0.47*
(0.04)

0.47*
(0.04)

0.37*
(0.04)

0.26*
(0.05)

0.39*
(0.05)

0.28*
(0.06)

0.31*
(0.05)

Rental Units  
(in hundreds)

0.78*
(0.02)

0.70*
(0.03)

0.72*
(0.03)

0.64*
(0.02)

0.66*
(0.03)

0.59*
(0.03)

0.53*
(0.03)

0.59*
(0.04)

0.64*
(0.04)

0.69*
(0.04)

0.67*
(0.03)

Per Capita 
Income  
(in $10,000)

0.21*
(0.02)

0.26*
(0.02)

0.27*
(0.02)

0.24*
(0.02)

0.40*
(0.02)

0.24*
(0.03)

0.17*
(0.02)

0.16*
(0.02)

0.22*
(0.04)

0.25*
(0.03)

0.15*
(0.02)

Asian (Pop %)
0.45

(0.58)
– 4.75*

(0.92)
– 4.31*

(0.97)
– 3.03*

(1.07)
2.04

(1.21)
2.34

(1.23)
5.30*
(1.15)

7.20*
(1.13)

6.51*
(1.23)

6.52*
(0.76)

2.25*
(0.51)

White (Pop %)
– 5.62*

(0.36)
– 7.10*

(0.55)
– 6.49*

(0.63)
– 6.21*

(0.54)
– 4.86*

(0.63)
– 2.37*

(0.92)
2.86*
(0.74)

– 0.05
(0.98)

– 1.59
(1.08)

– 0.44
(0.85)

– 1.93*
(0.60)

Black (Pop %)
– 3.79*

(0.19)
– 4.10*

(0.34)
– 3.87*

(0.34)
– 4.55*

(0.28)
– 2.40*

(0.24)
– 3.44*

(0.32)
– 2.19*

(0.24)
– 1.75*

(0.23)
– 2.72*

(0.32)
– 2.40*

(0.20)
– 2.69*

(0.17)

American Indian/
Alaska Native 
(Pop %)

 6.67*
(2.12)

5.88*
(2.24)

4.84*
(2.30)

2.02
(2.29)

1.09
(1.91)

– 0.79
(1.80)

12.53*
(1.85)

9.54*
(1.86)

7.92*
(2.29)

3.33
(2.34)

4.91
(2.73)

Latin/Hispanic 
(Pop %)

1.70*
(0.31)

– 0.23
(0.19)

0.14
(0.21)

1.00*
(0.25)

1.41*
(0.22)

0.88*
(0.27)

2.60*
(0.23)

2.01*
(0.30)

1.31*
(0.41)

2.48*
(0.33)

2.62*
(0.27)

Treated Units 74 74 74 74 74 74 74 74 74 74 74

Total Units 178 177 175 179 185 185 183 182 181 181 182

Adjusted 
R-Squared

0.43 0.42 0.42 0.43 0.39 0.34 0.32 0.3 0.31 0.35 0.38

* p < 0.05.
CFHP = crime-free housing policy. Pop = population.
Source: Authors
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Exhibit D.16

Regression Results by Map Rotation for San Diego County, Adjusted Spatial First Differences Model Using Continuous Treatment

Variable Angle=0 Angle=30 Angle=60 Angle=90 Angle=120 Angle=150 Angle=180 Angle=210 Angle=240 Angle=270 Angle=300

Number of  
CFHP Units

0.10
(0.05)

0.20*
(0.07)

0.45*
(0.07)

0.40*
(0.06)

0.76*
(0.16)

0.26*
(0.06)

0.16*
(0.07)

0.21*
(0.05)

0.28*
(0.05)

0.33*
(0.05)

0.44*
(0.06)

Rental Units  
(in hundreds)

0.41*
(0.07)

0.48*
(0.09)

0.39*
(0.10)

0.39*
(0.10)

0.39*
(0.09)

0.40*
(0.11)

0.50*
(0.09)

0.39*
(0.11)

0.37*
(0.11)

0.34*
(0.11)

0.30*
(0.09)

Per Capita 
Income  
(in $10,000)

0.01
(0.03)

0.02
(0.03)

0.03
(0.05)

0.07
(0.05)

0.01
(0.03)

0.05
(0.04)

0.18*
(0.04)

0.07
(0.04)

0.03
(0.03)

– 0.04
(0.03)

– 0.12*
(0.03)

Asian (Pop %)
1.63*
(0.37)

1.03*
(0.29)

1.22*
(0.60)

1.71*
(0.66)

0.53
(0.55)

1.01
(0.93)

0.33
(0.69)

0.99
(0.85)

– 0.18
(0.81)

0.22
(0.86)

1.68*
(0.40)

White (Pop %)
3.23*
(0.54)

2.86*
(0.40)

4.51*
(0.84)

5.24*
(1.14)

1.51
(1.26)

2.55*
(1.19)

2.74*
(1.03)

3.86*
(1.21)

1.46
(1.09)

2.09*
(1.05)

2.19*
(0.67)

Black (Pop %)
– 0.20
(0.35)

– 0.48*
(0.22)

– 0.43
(0.44)

– 0.12
(0.46)

– 1.18*
(0.48)

– 1.63*
(0.57)

– 0.83
(0.58)

0.08
(0.70)

– 1.17
(0.61)

– 0.93
(0.63)

0.26
(0.25)

American Indian/
Alaska Native 
(Pop %)

0.73
(1.01)

– 1.11
(0.77)

– 2.60*
(0.81)

– 2.36*
(0.66)

– 4.25*
(0.78)

– 4.57*
(0.92)

– 0.89
(0.77)

1.63
(1.13)

– 0.97
(0.74)

– 1.32
(1.01)

– 0.59
(0.86)

Latin/Hispanic 
(Pop %)

1.14*
(0.18)

1.40*
(0.19)

0.24
(0.25)

0.62
(0.32)

0.42
(0.41)

– 0.34
(0.38)

– 0.10
(0.41)

0.40
(0.41)

0.71
(0.48)

0.61
(0.50)

1.12*
(0.23)

Treated Units 75 75 75 75 75 75 75 75 75 75 75

Total Units 1,590 1,582 1,580 1,579 1,592 1,616 1,611 1,612 1,614 1,593 1,589

Adjusted 
R-Squared

0.18 0.22 0.18 0.18 0.18 0.18 0.23 0.18 0.17 0.15 0.15

* p < 0.05.
CFHP = crime-free housing policy. Pop = population.
Source: Authors
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Appendix E. Estimated Average Treatment on the Treated 
Effects by Map Rotation, Model, and Location
Exhibit E.1

Unadjusted Models with Binary Treatment

Source: Authors

Exhibit E.2

Adjusted Models with Binary Treatment

 Source: Authors
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Exhibit E.3

Unadjusted Models with Continuous Treatment

Source: Authors

Exhibit E.4

Adjusted Models with Continuous Treatment

Source: Authors
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Appendix F. Estimated Average Treatment on the Treated 
Effects by Model and Location
Exhibit F.1

Plot of Estimated Average Treatment on the Treated Effects by Model and Location

Source: Authors

Exhibit F.2

Table of Estimated Average Treatment on the Treated Effects by Model and Location (1 of 2)

Location Specification Treatment Measure Estimated ATT

San Diego County Unadjusted Binary 0.786 (0.127, 1.683)

San Diego County Adjusted Binary 0.74 (0.077, 1.625)

San Diego County Unadjusted Continuous 0.3 (0.029, 0.887)

San Diego County Adjusted Continuous 0.279 (0.015, 0.858)

Riverside Unadjusted Binary 0.493 (0.104, 1.211)

Riverside Adjusted Binary 0.623 (0.128, 1.325)

Riverside Unadjusted Continuous 0.292 (0.119, 0.545)

Riverside Adjusted Continuous 0.419 (0.203, 0.592)

Hayward Unadjusted Binary 1.753 (1.117, 2.112)

Hayward Adjusted Binary 1.622 (1.078, 2.117)

Hayward Unadjusted Continuous 1.046 (0.733, 1.272)

Hayward Adjusted Continuous 0.986 (0.577, 1.171)

Fremont Unadjusted Binary 0.918 (0.293, 1.239)

Fremont Adjusted Binary 0.816 (0.259, 1.189)
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Exhibit F.2

Table of Estimated Average Treatment on the Treated Effects by Model and Location (2 of 2)

Location Specification Treatment Measure Estimated ATT

Fremont Unadjusted Continuous 0.421 (0.167, 0.65)

Fremont Adjusted Continuous 0.297 (0.066, 0.587)

Across Sites Unadjusted Binary 0.907 (0.17, 2.024)

Across Sites Adjusted Binary 0.869 (0.189, 2.024)

Across Sites Unadjusted Continuous 0.421 (0.095, 1.233)

Across Sites Adjusted Continuous 0.436 (0.07, 1.121)

ATT = average treatment on the treated.
Source: Authors

Appendix G. Example of a Writ of Execution Record
Exhibit G.1

Synthetic Data Replicating a Writ of Execution Record

Source: Authors
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Appendix H. Ordinary Least Square Models
Exhibit H.1

Unadjusted Models Using Binary Treatment

Variable Fremont Hayward Riverside San Diego County

Intercept 0.01 (0.17) 0.01 (0.32) 0.25 (0.24) 0.31* (0.09)
One or More CFHP Units 1.06* (0.32) 1.86* (0.69) 0.32 (0.38) 0.63 (0.34)
Rental Units (in hundreds) 0.20* (0.06) 0.52* (0.10) 0.91* (0.09) 0.51* (0.02)
Treated Units 32 12 74 75
Total Units 118 100 201 1,754
R-Squared 0.31 0.36 0.42 0.24

* p < 0.05.
CFHP = crime-free housing policy.
Source: Authors

Exhibit H.2

Adjusted Models Using Binary Treatment

Variable Fremont Hayward Riverside San Diego County

Intercept – 2.94 (2.77) 0.36 (3.10) 0.74 (1.94) 0.93 (1.01)
One or More CFHP Units 0.95* (0.35) 1.93* (0.70) 0.30 (0.38) 0.61 (0.34)
Rental Units (in hundreds) 0.19* (0.06) 0.62* (0.11) 0.88* (0.10) 0.48* (0.02)
Per Capita Income  
(in $10,000)

– 0.04 (0.13) 0.17 (0.21) 0.21 (0.18) 0.02 (0.05)

Asian (Pop %) 3.27 (2.89) 0.29 (3.27) 1.09 (2.53) – 1.98 (1.05)
White (Pop %) 6.07 (3.64) – 3.78 (3.63) – 0.94 (3.24) 3.38* (1.28)
Black (Pop %) 2.07 (2.34) – 1.07 (2.40) 2.91* (1.47) – 1.20 (0.96)
American Indian/Alaska 
Native (Pop %)

10.17 (8.97) 12.72 (9.95) 1.78 (5.60) 1.82 (2.14)

Latin/Hispanic (Pop %) 1.95 (2.82) – 1.58 (2.48) 1.49 (1.41) 0.98* (0.40)
Treated Units 32 12 74 75
Total Units 118 100 201 1,754
R-Squared 0.33 0.41 0.45 0.26

* p < 0.05.
CFHP = crime-free housing policy. Pop = population.
Source: Authors

Exhibit H.3

Unadjusted Models Using Continuous Treatment

Variable Fremont Hayward Riverside San Diego County

Intercept 0.04 (0.17) 0.15 (0.33) 0.32 (0.24) 0.32* (0.09)
Number of CFHP Units 0.48* (0.16) 1.07* (0.42) 0.23 (0.14) 0.18 (0.16)
Rental Units (in hundreds) 0.21* (0.06) 0.49* (0.11) 0.86* (0.09) 0.51* (0.02)
Treated Units 32 12 74 75
Total Units 118 100 201 1,754
R-Squared 0.3 0.36 0.43 0.24

* p < 0.05.
CFHP = crime-free housing policy.
Source: Authors
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Exhibit H.4

Adjusted Models Using Continuous Treatment (1 of 2)

Variable Fremont Hayward Riverside San Diego County

Intercept – 2.99 (2.80) 0.25 (3.12) 0.77 (1.92) 0.93 (1.01)
Number of CFHP Units 0.42* (0.17) 1.09* (0.42) 0.30* (0.14) 0.16 (0.16)
Rental Units (in hundreds) 0.22* (0.06) 0.58* (0.12) 0.79* (0.10) 0.48* (0.02)
Per Capita Income  
(in $10,000)

– 0.01 (0.13) 0.15 (0.21) 0.23 (0.18) 0.02 (0.05)

Asian (Pop %) 3.15 (2.95) 0.43 (3.29) 1.57 (2.51) – 1.99 (1.05)
White (Pop %) 5.46 (3.70) – 3.21 (3.64) – 0.31 (3.22) 3.34* (1.28)
Black (Pop %) 1.88 (2.38) – 0.58 (2.41) – 4.5844 – 1.16 (0.96)

Source: Authors

Exhibit H.4

Adjusted Models Using Continuous Treatment (2 of 2)

Variable Fremont Hayward Riverside San Diego County

American Indian/Alaska 
Native (Pop %)

12.70 (8.91) 14.59 (10.02) 1.03 (5.56) 1.92 (2.15)

Latin/Hispanic (Pop %) 2.30 (2.83) – 1.56 (2.49) 1.63 (1.40) 0.97* (0.40)
Treated Units 32 12 74 75
Total Units 118 100 201 1,754
R-Squared 0.32 0.4 0.46 0.26

* p < 0.05.
CFHP = crime-free housing policy. Pop = population.
Source: Authors

Acknowledgments

The authors thank the anonymous reviewers and editors for improving the quality of this 
article. They also offer thanks to the Urban Displacement Project at the University of California, 
Berkeley for assistance in processing the data used within this study and for researchers at RAND 
Corporation who provided critical feedback on the study’s methods.

Authors

Max Griswold is an assistant policy researcher at RAND Corporation. Lawrence Baker is a 
Ph.D. candidate at RAND Corporation. Sarah B. Hunter is a senior behavioral scientist at RAND 
Corporation. Jason Ward is an economist at RAND Corporation. Cheng Ren is a lecturer at the 
University at Albany, State University of New York.



236 Local Data for Local Action 

Griswold, Baker, Hunter, Ward, and Ren

References

Angrist, Joshua D., and Alan B. Krueger. 1999. “Empirical Strategies in Labor Economics.” In 
Handbook of Labor Economics, Vol. 3, edited by Orley C. Ashenfelter and David Card. Amsterdam, 
The Netherlands: Elsevier: 1277–1366. https://doi.org/10.1016/S1573-4463(99)03004-7.

Archer, Deborah. 2019. “The New Housing Segregation: The Jim Crow Effects of Crime-Free Housing 
Ordinances,” Michigan Law Review 118 (2): 173–232. https://doi.org/10.36644/mlr.118.2.new.

Buerger, Michael E., and Lorraine Green Mazerolle. 1998. “Third-Party Policing: A Theoretical Analysis 
of an Emerging Trend,” Justice Quarterly 15 (2): 301–327. https://doi.org/10.1080/07418829800093761.

Cambon, Jesse, Diego Hernangómez, Christopher Belanger, and Daniel Possenriede. 2021. 
“Tidygeocoder: An R Package for Geocoding,” Journal of Open Source Software 6 (65): 3544.  
https://joss.theoj.org/papers/10.21105/joss.03544.pdf.

Christensen, Peter, Ignacio Sarmiento-Barbieri, and Christopher Timmins. 2021. Racial 
Discrimination and Housing Outcomes in the United States Rental Market. NBER Working Paper No. 
29516. Cambridge, MA: National Bureau of Economic Research. https://doi.org/10.3386/w29516.

City of Fremont. n.d. “Crime Free Lease Addendum.” https://www.fremontpolice.gov/home/
showpublisheddocument/176/637092421542900000.

City of San Diego. n.d. “Crime Free Lease Addendum.” https://www.sandiego.gov/sites/default/files/
crime_free_lease_addendum.pdf.

Collinson, Robert, John Eric Humphries, Nicholas Mader, Davin Reed, Daniel I. Tannenbaum, 
and Winnie van Dijk. 2023. “Eviction and Poverty in American Cities,” The Quarterly Journal of 
Economics, September 18. https://doi.org/10.1093/qje/qjad042.

Collinson, Robert, and Davin Reed. 2018. The Effects of Evictions on Low-Income Households. 
Working paper. https://economics.nd.edu/assets/303258/jmp_rcollinson_1_.pdf.

Conley, Timothy G. 1999. “GMM Estimation with Cross Sectional Dependence,” Journal of 
Econometrics 92 (1): 1–45. https://doi.org/10.1016/S0304-4076(98)00084-0.

DeSilver, Drew. 2021. “As National Eviction Ban Expires, a Look at Who Rents and Who Owns 
in the U.S.” Pew Research Center. https://www.pewresearch.org/fact-tank/2021/08/02/as-national-
eviction-ban-expires-a-look-at-who-rents-and-who-owns-in-the-u-s/.

Desmond, Matthew, Carl Gershenson, and Barbara Kiviat. 2015. “Forced Relocation and 
Residential Instability Among Urban Renters,” Social Service Review 89 (2): 227–262.  
https://www.journals.uchicago.edu/doi/full/10.1086/681091.

Desmond, Matthew, and Tracey Shollenberger. 2015. “Forced Displacement From Rental 
Housing: Prevalence and Neighborhood Consequences,” Demography 52 (5): 1751–1772.  
https://doi.org/10.1007/s13524-015-0419-9.

https://doi.org/10.1016/S1573-4463(99)03004-7
https://doi.org/10.36644/mlr.118.2.new
https://doi.org/10.1080/07418829800093761
https://joss.theoj.org/papers/10.21105/joss.03544.pdf
https://doi.org/10.3386/w29516
https://www.fremontpolice.gov/home/showpublisheddocument/176/637092421542900000
https://www.fremontpolice.gov/home/showpublisheddocument/176/637092421542900000
https://www.sandiego.gov/sites/default/files/crime_free_lease_addendum.pdf
https://www.sandiego.gov/sites/default/files/crime_free_lease_addendum.pdf
https://doi.org/10.1093/qje/qjad042
https://economics.nd.edu/assets/303258/jmp_rcollinson_1_.pdf
https://doi.org/10.1016/S0304-4076(98)00084-0
https://www.pewresearch.org/fact-tank/2021/08/02/as-national-eviction-ban-expires-a-look-at-who-rents-and-who-owns-in-the-u-s/
https://www.pewresearch.org/fact-tank/2021/08/02/as-national-eviction-ban-expires-a-look-at-who-rents-and-who-owns-in-the-u-s/
https://www.journals.uchicago.edu/doi/full/10.1086/681091
https://doi.org/10.1007/s13524-015-0419-9


237Cityscape

Analyzing the Effect of Crime-Free Housing Policies  
on Completed Evictions Using Spatial First Differences

Desmond, Matthew, and Nicol Valdez. 2013. “Unpolicing the Urban Poor: Consequences of 
Third-Party Policing for Inner-City Women,” American Sociological Review 78 (1): 117–141. 
https://doi.org/10.1177/0003122412470829.

Druckenmiller, Hannah, and Solomon Hsiang. 2018. Accounting for Unobservable Heterogeneity 
in Cross Section Using Spatial First Differences. NBER Working Paper No. 25177. Cambridge, MA: 
National Bureau of Economic Research. https://doi.org/10.3386/w25177.

Falcone, Stefano. 2023. Nuisance Ordinances, Homelessness, and Crimes of Desperation. 
Working paper. https://www.dropbox.com/scl/fi/z0n3y8bf6820tan7zdcrs/Falcone_Crimes%20
OfDesperation.pdf?rlkey=trv2tq7q3re7ev162xtyu4cvy&dl=0.

Garboden, Philip M.E., and Eva Rosen. 2019. “Serial Filing: How Landlords Use the Threat of 
Eviction,” City & Community 18 (2): 638–661. https://doi.org/10.1111/cico.12387.

Goff, Phillip Atiba, Tracey Lloyd, Amanda Geller, Steven Raphael, and Jack Glaser. 2016. The 
Science of Justice: Race, Arrests, and Police Use of Force. Los Angeles, CA: Center for Policing Equity. 
https://policingequity.org/images/pdfs-doc/CPE_SoJ_Race-Arrests-UoF_2016-07-08-1130.pdf.

Golestani, Aria. 2021. “Silenced: Consequences of the Nuisance Property Ordinances.”  
https://ariagolestani.io/wp-content/uploads/2022/03/AriaGolestani_JMP_03102022.pdf.

Goplerud, Dana, and Craig Pollack. 2021. “Prevalence and Impact of Evictions,” Evidence Matters, 
Summer. https://www.huduser.gov/portal/periodicals/em/Summer21/highlight2.html.

Graetz, Nick, Carl Gershenson, Peter Hepburn, Sonya R. Porter, Danielle H. Sandler, and Matthew 
Desmond. 2023. “A Comprehensive Demographic Profile of the US Evicted Population,” Proceedings of 
the National Academy of Sciences 120 (41): e2305860120. https://doi.org/10.1073/pnas.2305860120.

Griswold, Max, Stephanie Brooks Holliday, Alex Sizemore, Cheng Ren, Lawrence Baker, 
Khadesia Howell, Osande A. Osoba, Jhacova Williams, Jason M. Ward, and Sarah B. Hunter. 
2023. An Evaluation of Crime-Free Housing Policies. Santa Monica, CA: RAND Corporation. 
https://doi.org/10.7249/RRA2689-1.

Gromis, Ashley, Ian Fellows, James R. Hendrickson, Lavar Edmonds, Lillian Leung, Adam Porton, and 
Matthew Desmond. 2022. “Estimating Eviction Prevalence Across the United States,” Proceedings of the 
National Academy of Sciences 119 (21): e2116169119. https://doi.org/10.1073/pnas.2116169119.

Hanson, Andrew, and Zackary Hawley. 2011. “Do Landlords Discriminate in the Rental Housing 
Market? Evidence from an Internet Field Experiment in US Cities,” Journal of Urban Economics 70 
(2–3): 99–114. https://doi.org/10.1016/j.jue.2011.02.003.

Hartman, Chester, and David Robinson. 2003. “Evictions: The Hidden Housing Problem,” Housing 
Policy Debate 14 (4): 461–501. https://doi.org/10.1080/10511482.2003.9521483.

https://doi.org/10.1177/0003122412470829
https://doi.org/10.3386/w25177
https://www.dropbox.com/scl/fi/z0n3y8bf6820tan7zdcrs/Falcone_Crimes%20OfDesperation.pdf?rlkey=trv2tq7q3re7ev162xtyu4cvy&dl=0
https://www.dropbox.com/scl/fi/z0n3y8bf6820tan7zdcrs/Falcone_Crimes%20OfDesperation.pdf?rlkey=trv2tq7q3re7ev162xtyu4cvy&dl=0
https://doi.org/10.1111/cico.12387
https://policingequity.org/images/pdfs-doc/CPE_SoJ_Race-Arrests-UoF_2016-07-08-1130.pdf
https://ariagolestani.io/wp-content/uploads/2022/03/AriaGolestani_JMP_03102022.pdf
https://www.huduser.gov/portal/periodicals/em/Summer21/highlight2.html
https://doi.org/10.1073/pnas.2305860120
https://doi.org/10.7249/RRA2689-1
https://doi.org/10.1073/pnas.2116169119
https://doi.org/10.1016/j.jue.2011.02.003
https://doi.org/10.1080/10511482.2003.9521483


238 Local Data for Local Action 

Griswold, Baker, Hunter, Ward, and Ren

Hatch, Megan E., and Jinhee Yun. 2020. “Losing Your Home Is Bad for Your Health: Short- and 
Medium-Term Health Effects of Eviction on Young Adults,” Housing Policy Debate 31 (3–5): 
469–489. https://doi.org/10.1080/10511482.2020.1812690.

Hepburn, Peter, Renee Louis, and Matthew Desmond. 2020. “Racial and Gender Disparities Among 
Evicted Americans,” Sociological Science 7: 649–662. https://doi.org/10.15195/v7.a27.

International Crime Free Association (ICFA). n.d.a. “About Crime Free.” http://www.crime-free-
association.org/about_crime_free.htm.

———. n.d.b. “Crime Free Lease Addendums.” http://www.crime-free-association.org/lease_
addendums.htm.

Jarwala, Alisha, and Sejal Singh. 2019. “When Disability Is a ‘Nuisance’: How Chronic Nuisance 
Ordinances Push Residents with Disabilities out of Their Homes,” Harvard Civil Rights—Civil 
Liberties Law Review 54: 875–915.

Kanovsky, Helen R. 2016. “Office of General Counsel Guidance on Application of Fair Housing 
Act Standards to the Enforcement of Local Nuisance and Crime-Free Housing Ordinances Against 
Victims of Domestic Violence, Other Crime Victims, and Others Who Require Police or Emergency 
Services.” https://www.hud.gov/sites/documents/FINALNUISANCEORDGDNCE.PDF.

Katach, Salim. 2015. “A Tenant’s Procedural Due Process Right in Chronic Nuisance Ordinance 
Jurisdictions,” Hofstra Law Review 43 (3): 875–908. https://scholarlycommons.law.hofstra.edu/cgi/
viewcontent.cgi?article=2825&context=hlr.

Kroeger, Sarah, and Giulia La Mattina. 2020. “Do Nuisance Ordinances Increase Eviction Risk?” 
AEA Papers and Proceedings 110 (May): 452–456. https://doi.org/10.1257/pandp.20201119.

Leifheit, Kathryn M., Gabriel L. Schwartz, Craig E. Pollack, Maureen M. Black, Kathryn J. Edin, 
Keri N. Althoff, and Jacky M. Jennings. 2020. “Eviction in Early Childhood and Neighborhood 
Poverty, Food Security, and Obesity in Later Childhood and Adolescence: Evidence from a 
Longitudinal Birth Cohort.” SSM [Social Science & Medicine]– Population Health 11 (August): 
100575. https://doi.org/10.1016/j.ssmph.2020.100575.

Lens, Michael C., Kyle Nelson, Ashley Gromis, and Yiwen Kuai. 2020. “The Neighborhood 
Context of Eviction in Southern California,” City & Community 19 (4): 912–932.  
https://doi.org/10.1111/cico.12487.

Lofstrom, Magnus, Joseph Hayes, Brandon Martin, and Deepak Premkumar. 2022. Racial 
Disparities in Traffic Stops. San Francisco, CA: Public Policy Institute of California. https://
www.ppic.org/?show-pdf=true&docraptor=true&url=https%3A%2F%2Fwww.ppic.
org%2Fpublication%2Fracial-disparities-in-traffic-stops%2F.

Mazerolle, Lorraine Green, and Jan Roehl. 1998. “Civil Remedies and Crime Prevention: An 
Introduction,” Crime Prevention Studies 9: 1–18. https://live-cpop.ws.asu.edu/sites/default/files/
library/crimeprevention/volume_09/0b_editor_introduction.pdf.

https://doi.org/10.1080/10511482.2020.1812690
https://doi.org/10.15195/v7.a27
http://www.crime-free-association.org/about_crime_free.htm
http://www.crime-free-association.org/about_crime_free.htm
http://www.crime-free-association.org/lease_addendums.htm
http://www.crime-free-association.org/lease_addendums.htm
https://www.hud.gov/sites/documents/FINALNUISANCEORDGDNCE.PDF
https://scholarlycommons.law.hofstra.edu/cgi/viewcontent.cgi?article=2825&context=hlr
https://scholarlycommons.law.hofstra.edu/cgi/viewcontent.cgi?article=2825&context=hlr
https://doi.org/10.1257/pandp.20201119
https://doi.org/10.1016/j.ssmph.2020.100575
https://doi.org/10.1111/cico.12487
https://www.ppic.org/?show-pdf=true&docraptor=true&url=https%3A%2F%2Fwww.ppic.org%2Fpublication%2Fracial-disparities-in-traffic-stops%2F
https://www.ppic.org/?show-pdf=true&docraptor=true&url=https%3A%2F%2Fwww.ppic.org%2Fpublication%2Fracial-disparities-in-traffic-stops%2F
https://www.ppic.org/?show-pdf=true&docraptor=true&url=https%3A%2F%2Fwww.ppic.org%2Fpublication%2Fracial-disparities-in-traffic-stops%2F
https://live-cpop.ws.asu.edu/sites/default/files/library/crimeprevention/volume_09/0b_editor_introduction.pdf
https://live-cpop.ws.asu.edu/sites/default/files/library/crimeprevention/volume_09/0b_editor_introduction.pdf


239Cityscape

Analyzing the Effect of Crime-Free Housing Policies  
on Completed Evictions Using Spatial First Differences

McCain, Demetria L. 2022. “Implementation of the Office of General Counsel’s Guidance on 
Application of Fair Housing Act Standards to the Use of Criminal Records by Providers of Housing 
and Real Estate-Related Transactions.” https://www.hud.gov/sites/dfiles/FHEO/documents/
Implementation%20of%20OGC%20Guidance%20on%20Application%20of%20FHA%20
Standards%20to%20the%20Use%20of%20Criminal%20Records%20-%20June%2010%202022.pdf.

Moss, Emily, and Gauri Kartini Shastry. 2019. Why She Didn’t Just Leave: The Effect of Nuisance 
Ordinances on Domestic Violence. Honors thesis. Wellesley, MA: Wellesley College. https://
repository.wellesley.edu/object/ir909.

Organisation for Economic Co-Operation and Development (OECD). 2020. OECD Affordable Housing 
Database Section HC 3.3 Evictions. Social Policy Division Technical Report. http://www.oecd.org/els/
family/HC3-3-Evictions.pdf.

Porton, Adam, Ashley Gromis, and Matthew Desmond. 2021. “Inaccuracies in Eviction  
Records: Implications for Renters and Researchers,” Housing Policy Debate 31 (3–5): 377–394. 
https://doi.org/10.1080/10511482.2020.1748084.

Prochaska, Jenna. 2023. “Breaking Free from ‘Crime-Free’: State-Level Responses to Harmful 
Housing Ordinances,” Lewis & Clark Law Review 27 (1): 259–326. https://heinonline.org/hol-cgi-
bin/get_pdf.cgi?handle=hein.journals/lewclr27&section=9.

Ramsey Mason, Kathryn. 2018. “One-Strike 2.0: How Local Governments Are Distorting a Flawed 
Federal Eviction Law,” UCLA Law Review 65 (5): 1146–1199. https://ssrn.com/abstract=3949663.

Rubin Donald B. 2004. Multiple Imputation for Nonresponse in Surveys. New York: John Wiley and Sons.

San Francisco Anti-Displacement Coalition. 2015. Eviction Crisis 2015: Trends, Impacts, Real Stories. 
San Francisco, CA: San Francisco Anti-Displacement Coalition. http://sfadc.org/2015/04/21/
eviction-crisis-2015-trends-impacts-real-stories/.

Semenza, Daniel C., Richard Stansfield, Jessica M. Grosholz, and Nathan W. Link. 2022. “Eviction 
and Crime: A Neighborhood Analysis in Philadelphia,” Crime & Delinquency 68 (4): 707–732. 
https://journals.sagepub.com/doi/pdf/10.1177/00111287211035989.

Smith, Rachel. 2018. “Policing Black Residents as Nuisances: Why Selective Nuisance Law 
Enforcement Violates the Fair Housing Act,” Harvard Journal on Racial & Ethnic Justice 34: 87–116. 
https://heinonline.org/hol-cgi-bin/get_pdf.cgi?handle=hein.journals/hblj34&section=5.

Tanutama, Vincent. 2019. “Sfd-algo [R].” https://github.com/vincentanutama/sfd-algo.

U.S. Census Bureau. 2020. ”2019 American Community Survey 2015–2019 5-Year Data Release.” 
https://www.census.gov/newsroom/press-kits/2020/acs-5-year.html.

U.S. Department of Justice. 2022. “Justice Department Secures Landmark Agreement with City 
and Police Department Ending ‘Crime-Free’ Rental Housing Program in Hesperia, California.” 
Press release, December 14. https://www.justice.gov/opa/pr/justice-department-secures-landmark-
agreement-city-and-police-department-ending-crime-free.

https://www.hud.gov/sites/dfiles/FHEO/documents/Implementation%20of%20OGC%20Guidance%20on%20Application%20of%20FHA%20Standards%20to%20the%20Use%20of%20Criminal%20Records%20-%20June%2010%202022.pdf
https://www.hud.gov/sites/dfiles/FHEO/documents/Implementation%20of%20OGC%20Guidance%20on%20Application%20of%20FHA%20Standards%20to%20the%20Use%20of%20Criminal%20Records%20-%20June%2010%202022.pdf
https://www.hud.gov/sites/dfiles/FHEO/documents/Implementation%20of%20OGC%20Guidance%20on%20Application%20of%20FHA%20Standards%20to%20the%20Use%20of%20Criminal%20Records%20-%20June%2010%202022.pdf
https://repository.wellesley.edu/object/ir909
https://repository.wellesley.edu/object/ir909
http://www.oecd.org/els/family/HC3-3-Evictions.pdf
http://www.oecd.org/els/family/HC3-3-Evictions.pdf
https://doi.org/10.1080/10511482.2020.1748084
https://heinonline.org/hol-cgi-bin/get_pdf.cgi?handle=hein.journals/lewclr27&section=9
https://heinonline.org/hol-cgi-bin/get_pdf.cgi?handle=hein.journals/lewclr27&section=9
https://ssrn.com/abstract=3949663
http://sfadc.org/2015/04/21/eviction-crisis-2015-trends-impacts-real-stories/
http://sfadc.org/2015/04/21/eviction-crisis-2015-trends-impacts-real-stories/
https://journals.sagepub.com/doi/pdf/10.1177/00111287211035989
https://heinonline.org/hol-cgi-bin/get_pdf.cgi?handle=hein.journals/hblj34&section=5
https://github.com/vincentanutama/sfd-algo
https://www.census.gov/newsroom/press-kits/2020/acs-5-year.html
https://www.justice.gov/opa/pr/justice-department-secures-landmark-agreement-city-and-police-department-ending-crime-free
https://www.justice.gov/opa/pr/justice-department-secures-landmark-agreement-city-and-police-department-ending-crime-free


240 Local Data for Local Action 

Griswold, Baker, Hunter, Ward, and Ren

Vásquez-Vera, Hugo, Laia Palència, Ingrid Magna, Carlos Mena, Jaime Neira, and Carme Borrell. 
2017. “The Threat of Home Eviction and Its Effects on Health Through the Equity Lens: A 
Systematic Review,” Social Science & Medicine 175 (February): 199–208. https://doi.org/10.1016/j.
socscimed.2017.01.010.

Werth, Emily. 2013. The Cost of Being “Crime Free”: Legal and Practical Consequences of Crime Free 
Rental Housing and Nuisance Property Ordinances. Chicago, IL: Shriver Center on Poverty Law. 
https://www.povertylaw.org/wp-content/uploads/2019/09/cost-of-being-crime-free.pdf.

Western Regional Chapter of the International Crime Free Association/Crime Free & Partners. 
2009. “Crime-Free Multi-Housing Program Manual.” https://www.sandiego.gov/sites/default/files/
cfmhmanual.pdf.

Zehring, Timothy L. 1994. “The Mesa Crime-Free Multi-Housing Program,” FBI Law 
Enforcement Bulletin 63: 8. https://heinonline.org/hol-cgi-bin/get_pdf.cgi?handle=hein.journals/
fbileb63&section=39.

Zeng, Zhen. 2022. Jail Inmates in 2021—Statistical Tables. Washington, DC: Bureau of Justice 
Statistics. https://bjs.ojp.gov/library/publications/jail-inmates-2021-statistical-tables.

https://doi.org/10.1016/j.socscimed.2017.01.010
https://doi.org/10.1016/j.socscimed.2017.01.010
https://www.povertylaw.org/wp-content/uploads/2019/09/cost-of-being-crime-free.pdf
https://www.sandiego.gov/sites/default/files/cfmhmanual.pdf
https://www.sandiego.gov/sites/default/files/cfmhmanual.pdf
https://heinonline.org/hol-cgi-bin/get_pdf.cgi?handle=hein.journals/fbileb63&section=39
https://heinonline.org/hol-cgi-bin/get_pdf.cgi?handle=hein.journals/fbileb63&section=39
https://bjs.ojp.gov/library/publications/jail-inmates-2021-statistical-tables

	Analyzing the Effect of Crime-Free Housing Policies on Completed Evictions Using Spatial First Differences
	Abstract
	Introduction
	Challenges in Obtaining Eviction Data in Municipalities
	Policy Background and Components
	Data Sources and Variables
	Research Design

	Results
	Empirical Findings

	Conclusion
	Limitations
	Summary

	Appendix A. Additional Method Details
	Data Processing
	Descriptive Statistics

	Appendix B. Public Records Act Requests
	Appendix C. Example of Sampling Algorithm
	Appendix D. Regression Results for Spatial First Differences Models
	Appendix E. Estimated Average Treatment on the Treated Effects by Map Rotation, Model, and Location
	Appendix F. Estimated Average Treatment on the Treated Effects by Model and Location
	Appendix G. Example of a Writ of Execution Record
	Appendix H. Ordinary Least Square Models
	Acknowledgments
	Authors
	References


