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DOES  THIRD-PARTY  POLICING  INCREASE  CRIME?  

EVIDENCE  FROM  NUISANCE  ORDINANCES∗

Stefano Falcone 

Although the adoption of third-party policies (i.e., policies targeting non-offending parties to address mis- 
conduct by individuals within their control) is growing worldwide, its effect on crime remains unclear. Using 
Ohio data from 2000 to 2014, this study examines the impact of nuisance ordinances, a policy that penalises 
landlords for disturbances on their properties. The findings indicate an 18% increase in burglaries and a 28% 

rise in vehicle thefts. Indirect evidence suggests that these effects are driven by an increase in homelessness, 
prompting more individuals to seek shelter in buildings and vehicles. These findings highlight that third-party 
policing may backfire. 

JEL codes: D04, D10, I3, K4, R21 

Third-party policing involves non-offending third parties in crime prevention by holding them 

accountable for the misconduct of individuals within their control. These third parties are coerced 

or incentivised to use their authority to discipline such misconduct, with the threat of sanctions 
if they fail to act. Examples include landlords being held responsible for tenant disturbances, 
parents fined for their children’s misbehaviour, employers losing licences over workplace crime 
and schools penalised for student violations of gun-free laws. In essence, this practice harnesses 
private incentives with the objective of promoting public safety. 

In recent decades, third-party policing has become increasingly prevalent worldwide, particu- 
larly in Western countries, as part of decentralised crime-control strategies. However, despite its 
growing use, there is limited research on its effectiveness in reducing crime. Understanding its 
impact is crucial for policymakers to evaluate its wider social and economic implications. 

This study examines the causal relationship between third-party policing and crime by focusing 

on nuisance ordinances—a prevalent form of third-party policing in the United States. Nuisance 
ordinances fine landlords who allow nuisances or criminal activities on their properties. Currently, 
approximately 2,000 US cities, including thirty-seven of the forty largest metropolitan areas, have 
implemented nuisance ordinances. 

The hypothesis under examination posits that nuisance ordinances may backfire, increasing 

property crime and ‘quality-of-life’ offences. The policy is believed to open a ‘path to home- 
lessness’ (Mead et al. , 2018 , p.1) by prompting landlords to evict problematic tenants, tighten 

screening processes or pass financial penalties onto renters, pushing vulnerable tenants out of 
housing. This increase in homelessness is then expected to lead to (i) more burglaries, vehicle 
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thefts and trespassing as homeless individuals may seek shelter in buildings or vehicles, and 

(ii) more vagrancy, loitering and public drunkenness arrests, as homeless people spend more time 
in public spaces. 

The hypothesis is tested on cities in Ohio from 2000 to 2014. The results may be applicable 
nationwide since Ohio’s nuisance ordinances are similar to those in other states, and trends 
in burglaries, vehicle thefts, evictions, loitering arrests and drunkenness arrests in Ohio are 
correlated with national patterns ( Online Appendix Figure A.1 ). Using a staggered difference- 
in-differences (DID) design, which leverages the gradual adoption of nuisance ordinances in 

Ohio cities, changes in crime are compared between cities with and without these ordinances. 
Assuming parallel trends, the DID estimate captures the effect of these ordinances on crime. 

Multiple pieces of evidence support the parallel-trend assumption. Criminology and legal 
studies suggest that the adoption of nuisance ordinances reflects a perceived increase in drug- 
related crime, but not in actual crime rates. In line with this, no pretrends are observed in various 
criminal offences, and the effect of a nuisance ordinance becomes visible one to two years after 
its adoption. The causal interpretation is further supported by city-month data, which also show 

no pretrends. Additionally, a balance test shows that cities with a nuisance ordinance (treated) 
resemble those without (never treated) in observable characteristics. 

Nuisance ordinances result in an 18% increase in burglaries and a 28% increase in vehicle 
thefts per capita, with an effect that lasts for five years. These results are robust to several 
checks, such as using different measures of the dependent variables (like the count or the log 

transformation), removing extreme values or individual counties and adding county-by-year fixed 

effects. Furthermore, results are similar when using state-of-the-art crime-data cleaning methods 
(Evans and Owens, 2007 ; Chalfin and McCrary, 2018 ; Mello, 2019 ; Chalfin et al. , 2022 ) or the 
estimator proposed by de Chaisemartin and D’Haultfœuille ( 2020 ). 

The proposed mechanism driving the results is an increase in homelessness. While measuring 

homelessness in the United States is challenging (Meyer et al. , 2021 ), several pieces of indirect 
evidence collectively point to higher homelessness rates as the cause of increased burglary 

and vehicle theft. First, nuisance ordinances lead to more trespassing incidents and arrests for 
vagrancy, loitering and public drunkenness—offences disproportionately committed by homeless 
people (Snow et al. , 1989 ). Second, they result in a 22%–23% rise in evictions per capita, a strong 

predictor of homelessness (Collinson et al. , 2024 ). Third, the effect on burglary or vehicle theft 
is observed only in cities without homeless shelters. Fourth, the effect is stronger during fall and 

winter, when outdoor conditions in Ohio are harsher. Lastly, the effect on burglary specifically 

relates to trespassing with vehicle or alcohol theft. 
This study contributes to three main areas of research. First, it extends the literature on the 

relationship between policing and crime. Previous studies, summarised by Chalfin and McCrary 

( 2017 ), have focused on the crime effects of traditional policing, examining factors like policing 

intensity (Chalfin and McCrary, 2018 ; Mello, 2019 ; Chalfin et al. , 2022 ), deployment and tactics 
(Di Tella and Schargrodsky, 2004 ; Draca et al. , 2011 ; Blattman et al. , 2021 ) and technology 

(Mastrobuoni, 2020 ). A growing body of research has also investigated the effects of community 

policing on crime (Banerjee et al. , 2021 ; Blair et al. , 2021 ). This paper explores the less studied 

area of third-party policing, showing that sanctions on landlords for crimes or nuisances on their 
properties can backfire, increasing property crime and ‘quality-of-life’ offences. 

Second, this paper contributes to the emerging research on the social cost of nuisance ordi- 
nances (Desmond and Valdez, 2013 ; Desmond, 2016 ), a policy implemented in approximately 
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2,000 US cities and thirty-seven of the forty largest metropolitan areas. 1 Building on Kroeger and 

La Mattina ( 2020 ), who documented the impact of nuisance ordinances on eviction risk, as well as 
the work of Moss ( 2019 ), Golestani ( 2021 ) and Kroeger and La Mattina ( 2024 ), who respectively 

studied domestic violence effects in California municipalities, forty major metropolitan statisti- 
cal areas and Ohio cities, this research reveals a previously unexplored negative externality: an 

increase in burglary, vehicle theft, trespassing, vagrancy, loitering and public drunkenness. 
Third, this paper adds to the extensive literature on the relationship between housing policy 

and crime. Previous studies have investigated the impact of various policies, including housing 

vouchers (Katz et al. , 2001 ; Ludwig et al. , 2001 ; Andersson et al. , 2022 ), 2 public housing 

demolition (Aliprantis and Hartley, 2015 ; Chyn, 2018 ), housing tax credits for low-income 
households (Diamond and McQuade, 2019 ) and subsidised public housing sales to incumbent 
tenants. Notably, Disney et al. ( 2023 ) examined the nationwide ‘Right-to-Buy’ experiment in 

the United Kingdom, which increased homeownership and reduced property crime. Particularly 

relevant to this paper, Fetzer et al. ( 2023 ) showed that reductions in housing subsidies lead 

to homelessness and temporary spikes in property crime. Using data from Ohio, this paper 
contributes to this literature by showing that nuisance ordinances increase property crime and 

‘quality-of-life’ offences. 
The rest of the paper is organised as follows. Section 1 provides background information on 

third-party policing, nuisance ordinances, homelessness and crime in the United States and Ohio. 
Section 2 describes the data. The empirical strategy and evidence for the identifying assumption 

are discussed in Section 3 . Section 4 presents the baseline results, along with robustness checks 
and evidence on the mechanism. Section 5 concludes. An Online Appendix includes additional 
analyses and information. 

1. Context 

This section provides information on third-party policing, nuisance ordinances, homelessness and 

crime in the United States and Ohio. Its main objectives are to (i) highlight contextual factors that 
justify the empirical strategy and reduce potential endogeneity issues; (ii) present evidence on 

the link between homeless people and crime; and (iii) explore the relationship between nuisance 
ordinances and homelessness. 

1.1. Third-Party Policing and Nuisance Ordinances 

Third-party policing emerged from the community-policing movement in the United States, gain- 
ing momentum since the 1980s. While community policing refers to efforts to foster cooperation 

between traditional police and the community to combat crime, third-party policing specifically 

involves ‘police efforts to convince or coerce non-offending persons to take actions which are 
outside the scope of their routine activities, and that are designed to indirectly minimise disorder 
caused by other persons, or reduce the possibility that crime may occur’ (Buerger and Mazerolle, 
1998 , p.301). In third-party policing, the non-offending individuals, usually property owners like 

1 Information provided by the Temple University Policy Surveillance Program. 
2 Much of the research on housing vouchers has examined the ‘moving to opportunity’ experiment in the United States, 

where randomly selected households received vouchers to relocate from high-poverty to lower-poverty neighbourhoods. 
The effects of these vouchers extended beyond crime, influencing outcomes such as the long-term earnings of children 
(Chetty et al. , 2016 ). 
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landlords, hold influence over targeted offenders, typically individuals in a contractual relation- 
ship with property owners, such as tenants (Buerger, 1998 ). 

Nuisance ordinances are a common form of third-party policing in the United States, sanc- 
tioning landlords for nuisances or crimes occurring on their properties. The main objective of 
these ordinances is to ‘extend the long arm of the law at little cost’ to the municipal budgets 
(Desmond and Valdez, 2013 , p.119), by involving landlords as third parties in policing. The 
adoption of nuisance ordinances began in the 1980s, alongside the community-policing move- 
ment. Currently, over 2,000 cities in the United States, including thirty-seven of the forty largest 
cities, have implemented such ordinances. According to Kastner ( 2015 ) and Golestani ( 2021 ), 
the adoption of nuisance ordinances is on the rise across the country. In Ohio, 39 out of its 246 

cities had active nuisance ordinance as of 2014 ( Online Appendix Table A.1 ). 
Although nuisance ordinances often lack a precise definition of ‘nuisance’, they typically 

encompass both criminal and non-criminal events. In Ohio, a typical nuisance ordinance imposes 
around $1,000 fines on landlords if police are called to their property at least three times within 

ninety days. 3 

1.1.1. The determinants of nuisance ordinance adoption 

The prevailing view in criminology and legal studies is that nuisance ordinances are adopted in 

response to a perceived increase in drug-related crime (Swan, 2015 ). Before the adoption of a 
nuisance ordinance, residents and council members tend to complain about a perceived increase 
in this type of criminal offence and advocate for a certain community character in the city (Mead 

et al. , 2017 ). Results presented in Section 3.1.1 below support the hypothesis that nuisance 
ordinances are adopted as a consequence of the perception of increased drug-related crime. 

1.2. Homeless People and Crime 

The US Department of Housing and Urban Development defines the homeless as ‘individuals 
and families who are residing in emergency or transitional shelters and those whose primary 

nighttime residence is a public or private place not meant for human habitation’ (Meyer et al. , 
2021 , p.4). On any given night, around 600,000 people sleep outdoors or in homeless shelters in 

the United States. Most homeless individuals are in shelters, with their share increasing during 

colder weather (Corinth and Lucas, 2017 ) and harsh conditions in northern states (Turnham et 
al ., 2008 ). 

Homelessness has been linked to various crimes, including burglary, vehicle theft, trespassing, 
vagrancy, loitering, public drunkenness and drug use. A study in Austin, Texas, found that, 
while violent offence arrest rates are similar for homeless individuals and the general population, 
arrests for burglary and vehicle theft are 57% and 41% higher, respectively (Snow et al. , 1989 ). 
These findings align with data showing positive correlations between the homeless population 

and rates of burglary and vehicle theft per capita in the United States from 2006 to 2019 

( Online Appendix Figure A.2 ). 
Other studies highlight strong links between homelessness, vagrancy, loitering and public 

drunkenness. ‘Municipal regulations still allow the police to arrest the homeless for being seen in 

3 For example, the city of Lakewood, Ohio, outlines such provisions in its ordinance: ‘If a third nuisance activity... 
occurs within twelve months after the first of the two nuisance activities... the Director of Public Safety... may declare the 
property to be a nuisance.... The cost of responding to the nuisance activity shall be assessed.... The City shall provide 
notice to the owner of the nuisance property to pay the costs of abatement’ (Lakewood Ordinance § 510.01c). 
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public’ (Desmond, 2023 , p.20), expelling them from park benches and street corners. Loitering 

becomes unavoidable for many homeless people, consistent with the positive correlation between 

loitering arrests and homeless individuals per capita ( Online Appendix Figure A.3 ). Similarly, 
homeless individuals account for ‘a disproportionate number of all arrests for public drunkenness’ 
(Snow et al. , 1989 , p.543), consistent with data showing a positive correlation between public 
drunkenness arrests and the homeless population ( Online Appendix Figure A.4 ). 

The motivation for crimes like burglary, trespassing and vehicle theft among the homeless 
often stems from a need for shelter. Anecdotal evidence suggests that many homeless individuals 
steal vehicles, not for profit, but to live in them (Desmond, 2023 ). Similarly, criminology research 

indicates that homeless individuals often break into vacant buildings primarily for shelter (Fischer, 
1988 ). Misclassification issues arise when trespassing—typically a minor offence—is recorded 

as burglary, a serious felony, based on subjective police interpretation. This often occurs when 

homeless individuals enter buildings for shelter and cause minor property damage or steal items 
like alcohol. Such misclassification is exacerbated by inconsistent application of crime definitions 
by law enforcement agencies, as explicitly stated in the literature (see, for example, James and 

Rishard, 2008 , p.18: ‘the agency might classify... a trespass as a burglary’). 
Consistent with the interpretation that burglary and vehicle theft by the homeless population 

are committed in pursuit of shelter, the link between homelessness and these crimes is stronger 
in areas without shelters. Opening homeless shelters is, in fact, associated with lower burglary 

rates (Faraji et al. , 2018 ). 

1.3. Nuisance Ordinances and Homelessness 

Nuisance ordinances may contribute to homelessness for several reasons. First, they may prompt 
landlords to evict tenants to avoid penalties from repeated police visits to their properties. Eviction 

is, in fact, frequently listed as a nuisance abatement strategy in these ordinances, and studies 
have linked their adoption to higher eviction rates (Desmond and Valdez, 2013 ; Kroeger and 

La Mattina, 2020 ). 
Evictions increase the risk of homelessness because finding new housing is costly and time 

consuming due to the frictions involved in tenant-landlord matching. For instance, eviction 

records, which are public, can damage tenants’ reputations and make securing housing harder. 
These frictions, discussed in Online Appendix C.1 , increase the risk of evicted households 
becoming homeless. Research indeed confirms that evictions are a major driver of homelessness 
(Collinson et al. , 2024 ), and the positive correlation between eviction and homelessness rates 
further supports the causal relationship ( Online Appendix Figure A.5 ). 

Second, nuisance ordinances may lead landlords to adopt stricter tenant screening processes, 
excluding high-risk renters (Desmond and Valdez, 2013 ). Third, they can reduce the rental 
housing supply, thereby increasing homelessness (Honig and Filer, 1993 ; O’Flaherty, 1996 ; 
Quigley et al. , 2001 ; Quigley and Raphael, 2004 ). Anticipating fines, landlords may raise rents to 

offset risks, pricing out marginal tenants. As noted by Gavin ( 2014 , p.265), ‘The supply of rental 
housing is... reduced if chronic nuisance ordinances penalise landlords... [and] the resulting lack 

of housing leads to an increase in homelessness.’ Finally, nuisance ordinances may exacerbate 
domestic violence. Victims may avoid calling the police out of fear their landlord will face 
penalties (Moss, 2019 ; Golestani, 2021 ), pushing them to leave their homes. This aligns with 

broader evidence linking domestic violence and homelessness. 
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1.4. External Relevance of Ohio’s Context 

Ohio’s findings may apply to other states for several reasons. First, Online Appendix Figure A.1 

shows a positive correlation between Ohio and national statistics on burglary, vehicle theft, 
evictions, loitering and public drunkenness arrests since 2000, indicating similar crime patterns. 
Second, Ohio’s nuisance ordinances resemble those in other states in both penalties and abatement 
strategies. This similarity extends to what constitutes a nuisance. In Ohio, these ordinances often 

address minor disturbances such as kids playing (Mead et al. , 2017 ). Likewise, a Milwaukee case 
study found that the most frequent nuisances were ‘trouble with subjects’ and ‘noise’, based on 

over 294,000 service calls in 2008–9 (Desmond and Valdez, 2013 ). Third, while landlord-tenant 
laws vary across states, Ohio’s eviction process reflects common practices nationwide. Generally, 
landlords issue a three-day notice for lease violations. If unresolved, they can file a ‘forcible entry 

and detainer’ lawsuit, with evictions enforced by law enforcement after court approval. Finally, 
in 2014, 16% of Ohio cities (39 out of 246) had active nuisance ordinances, similar to the national 
average, further suggesting that the state’s results may generalise to other areas. 

2. Data 

Table 1 summarises the main variables, described below. 
Offences. —The offence data for major US crime categories come from the Part I Uniform 

Crime Reporting (UCR) Program (US Department of Justice, Federal Bureau of Investigation, 
2019 ). The baseline analysis focuses on burglary and vehicle theft, while additional analyses 
include murder, manslaughter, robbery, assault and larceny. Definitions of these offences are 
detailed in Online Appendices B.1.1 and B.1.2 . Monthly offence data provided by law enforce- 
ment agencies were aggregated to city-year-level observations for Ohio cities from 2000 to 2014, 
resulting in 2,926 observations for burglary and vehicle theft (with 764 missing values). The 
aggregation process is explained in Online Appendix B.1.3 . Robustness checks employ variables 
cleaned using methods similar to those of Evans and Owens ( 2007 ), Chalfin and McCrary ( 2018 ), 
Mello ( 2019 ) and Chalfin et al. ( 2022 ), presented in Online Appendix B.1.4 . Offence rates are 
generally expressed per 10,000 residents, as is standard in crime studies, but Section 4.2 below 

also explores alternative transformations and weightings of the dependent variables. 
Arrests.—The analysis uses data from the FBI’s Part II UCR Program (US Department of 

Justice, Federal Bureau of Investigation, 2019 ) and the Office of Juvenile Justice and Delinquency 

Prevention (Office of Juvenile Justice and Delinquency Prevention, 2019 ), which reports arrests 
for various crimes in the United States. The main focus is on arrests for vagrancy, loitering 

and public drunkenness, with additional data on larceny, drug violations, stolen property, forgery, 
counterfeiting and gambling. Detailed offence definitions are provided in Online Appendix B.2.1 . 
As for Part I offences, arrest data are reported at the law enforcement agency level from 2000 

to 2014 and then aggregated at the city level. Details on data cleaning and computation of arrest 
variables are outlined in Online Appendix B.2.2 . 

Incidents. —The National Incident-Based Reporting System (NIBRS; National Archive of 
Criminal Justice Data, 2005 ) provides information on 424,144 incidents in Ohio from 2000 

to 2014. For each burglary, the dataset details the types of property involved, as presented in 

Online Appendix B.3.1 . After aggregating by city-year, there are 1,415 observations with positive 
values. NIBRS also reports 1,894 trespassing incidents in Ohio during the same period, resulting 

in 367 positive observations at the city-year level. Because of difficulties distinguishing between 
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Table 1. Summary Statistics. 

Min Mean Max SD Observations 

Offences per 10,000 residents, 2000–14 
Source: UCR Part I 
Burglary 0 .000 35 .82 239 .47 38 .75 2,926 
Vehicle Theft 0 .000 17 .16 248 .72 21 .46 2,926 

Arrest incidence, 2000–14 
Source: UCR Part II 
Vagrancy 0 .000 0 .014 1 .000 0 .118 2,780 
Loitering 0 .000 0 .260 1 .000 0 .439 2,351 
Public drunkenness 0 .000 0 .180 1 .000 0 .384 2,350 

Incidents per 10,000 residents, 2000–14 
Source: NIBRS 
Trespassing 0 .036 0 .935 6 .139 0 .802 367 
Burglary 0 .233 27 .387 224 .538 35 .578 1,415 

Treatment, 2000–14 
Source: Mead et al. ( 2017 ) 
Nuisance ordinance adoption 0 .000 0 .078 1 .000 0 .269 2,926 

Evictions per 10,000 residents, 2000–14 
Source: Eviction Lab 
Evictions 0 .000 41 .12 343 .11 39 .65 2,752 
Eviction filings 0 .000 80 .89 821 .67 82 .21 2,752 

City characteristics (pretreatment average) 
Sources: ACS; Homeless Shelter Directory 
Population 4,456 27,138 760,726 64,702 246 
Tenant population 111 4,424 169,886 14,158 246 
Homeless shelter presence 0 .000 0 .191 1 .000 0 .394 246 
Racial heterogeneity 0 .033 0 .207 0 .625 0 .141 246 

Notes: The units of observation are the 246 cities in Ohio. Each city is observed for fifteen years, from 2000 to 
2014. The numbers of observations and the statistics of vagrancy arrests, loitering arrests, public drunkenness arrests, 
nuisance ordinance adoption, evictions and eviction filings are computed after dropping missing observations of burglary 
and vehicle theft from the UCR Part I. UCR Part I: Uniform Crime Reporting Program for Part I offences, namely, 
felonies punished by over one year in prison (see details in Online Appendix B.1 ). UCR Part II: Uniform Crime 
Reporting Program for Part II arrests (see details in Online Appendix B.2 ). NIBRS: National Incident-Based Reporting 
System (see details in Online Appendix B.2 ). ACS: American Community Survey. Homeless Shelter Directory: https:// 
www.homelessshelterdirectory.org/state/ohio.html . 

missing and zero values (explained in Online Appendix B.3.2 ), the variables based on NIBRS 

information contain only positive values. 
Nuisance ordinances. —Data on nuisance ordinances in Ohio, covering adoption years from 

2000 to 2014, come from Mead et al. ( 2017 ). The adoption year refers to when the ordinance 
was codified. The first city with a nuisance ordinance in the dataset is Cleveland Heights in 2003. 
By 2014, thirty-nine cities had active nuisance ordinances ( Online Appendix Table A.1 ). 

Evictions. —Annual data on formal residential evictions in Ohio from 2000 to 2014 is provided 

by Desmond et al. ( 2018 ) in the Eviction Lab database, based on court records. The data 
track ‘forcible entry and detainer’ cases, excluding foreclosures, commercial tenant evictions 
and forced moves from public structures. Residential evictions by commercial landlords are 
included. Information on informal evictions is not provided. Eviction numbers are normalised 
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by population size. The Eviction Lab considers this dataset the most reliable in the United States 
( Online Appendix B.4 ). 

City characteristics. —Annual population data for each enforcement agency in Ohio from 2000 

to 2014 are obtained from the UCR Program and then aggregated at the city level. Information 

on the number of tenant households and residents by race at the city level is provided by the US 

Census Bureau’s 2000 and 2010 decennial censuses (US Census Bureau, 2000 ) and the 2005–9 

and 2011–15 American Community Surveys (ACS, 2018 ). Residents are categorised by race: (i) 
White; (ii) Black; (iii) Hispanic or Latino; (iv) Asian; (v) American Indian and Alaska Native; 
(vi) Native Hawaiian and Other Pacific Islander; (vii) two or more races or (viii) any other 
race. Racial heterogeneity is computed following Alesina and La Ferrara ( 2000 ) as 1 minus the 
Herfindahl–Hirschman index of the share of the population of each race ( 1 − ∑ 

k s
2 
kc , where s

is the population share, c the city and k the race; the city population shares by race are average 
pretreatment values). Cities above the median are considered racially heterogeneous. Information 

on homelessness is provided by the Homeless Shelter Directory (Homeless Shelter Directory, 
2022 ) and the Annual Homeless Assessment Report (US Department of Housing and Urban 

Development, 2020 ). House price index data are obtained from the Federal Housing Finance 
Agency (Bogin et al. , 2019 ). 

Google Trends. —This study uses city-year level data from 2004 (the earliest available year) 
to 2014 for Ohio (Google, 2024 ). A value of 100 in the Google Trends index represents peak 

search popularity, while a value of 50 indicates that the keyword is half as popular. Keywords 
used include ‘drug arrests’, ‘crime’, ‘burglary’ and ‘car theft’. 

3. Empirical Strategy 

To investigate whether nuisance ordinances lead to burglaries or vehicle thefts, the analysis relies 
on the staggered adoption of nuisance ordinances across Ohio cities from 2000 to 2014 in a DID 

setting and employs the following ordinary least-squares (OLS) regression: 

Yct = βT reatct + αt χc + γc + δt + εct . (1) 

In the baseline specifications, Yct is the number of burglaries or vehicle thefts per 10,000 residents, 
though the outcome variable may vary as explained in the text. Weighting by population size 
reflects crime density, a standard measure in crime studies (Evans and Owens, 2007 ; Mello, 
2019 ; Chalfin et al. , 2022 ). As discussed in Section 4.2 below, the results are consistent with 

other measures of the dependent variable, including the counts, log transformations or weighting 

by the average pretreatment number of tenant households or the average pretreatment number 
of burglaries or vehicle thefts. Here T reatct indicates whether city c has an active nuisance 
ordinance at year t ; the γc are city fixed effects that absorb time-invariant city characteristics; the 
δt are year fixed effects that control for common year-specific shocks and the αt χc are year fixed 

effects interacted with control variables ( χc ). 
Estimates are reported using both baseline and additional controls. Baseline controls include 

two variables found to be statistically different between treated and untreated cities in the balance 
test in Online Appendix Table A.2 (average pretreatment population and average pretreatment 
number of tenant households). Additional controls are the average pretreatment share of the tenant 
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population, the average pretreatment rent burden and an indicator of a racially heterogeneous 
city. 4 

The variables in the balance test are chosen based on a simple theory of factors that could 

confound the relationship between nuisance ordinances and crime. For example, population size 
is included as a control because it could affect crime (due to factors like agglomeration) and 

may influence the adoption of nuisance ordinances, as smaller cities are usually more volatile in 

crime perceptions and may have adopted these policies earlier. To mitigate concerns related to 

selection on unobservables, Section 4.2 below shows that the results hold even with the inclusion 

of additional control variables, such as those used in previous studies on nuisance ordinances. 5 

SEs are clustered at the city level. In the baseline regressions, the coefficient of interest β is the 
estimated average treatment effect of nuisance ordinances on burglaries or vehicle thefts under 
the parallel-trend assumption (as presented in Section 3.1 below). 

While no city had an active nuisance ordinance in place in 2000, thirty-nine cities had adopted a 
nuisance ordinance by 2014 ( Online Appendix Figures A.6 and A.7 , and Online Appendix Table 
A.1 ). Around 85% of cities in the sample are never treated, suggesting that the issues discussed 

in the recent literature on staggered DID—which arise mainly when the control group comprises 
a high share of already-treated units—are not particularly worrisome in this context, as shown in 

Section 4.2 below (de Chaisemartin and D’Haultfœuille, 2020 ; Callaway and Sant’Anna, 2021 ; 
Athey and Imbens, 2022 ). 

3.1. Parallel-Trend Assumption 

The identification of the effect of nuisance ordinances on burglaries or vehicle thefts is based 

on the assumption that crime patterns would have followed parallel trends in cities with and 

without a nuisance ordinance if the ordinances had not been adopted. The remainder of this 
section provides quantitative evidence in support of this assumption. 

3.1.1. Evidence for the parallel-trend assumption 

Pretrends : The first step in testing the parallel-trend assumption is usually to inspect the 
pretrends in the number of burglaries and vehicle thefts. This helps rule out anticipation effects, 
where criminals might adjust their behaviour in anticipation of a future nuisance ordinance. 
Analysing the pretrends also provides insight into whether nuisance ordinances are adopted due 
to changes in crime rates. The following regression is estimated: 

Yct =
5 ∑ 

k =−5 , k �=−1 

βk Lck + αt χc + γc + δt + εct . (2) 

Here the Lck are event-study dummies equal to 1 when year t is k years since the adoption of a 
nuisance ordinance in city c; the αt χc are year fixed effects interacted with the baseline controls 
( χc ). SEs are clustered at the city level. The coefficients βk measure changes in outcomes in 

cities with a nuisance ordinance k years after adoption, compared to (i) the year before adoption 

4 The average pretreatment rent burden is the average pretreatment median gross rent burden as a share of the 
average pretreatment median household income. Racial heterogeneity is computed as in Alesina and La Ferrara ( 2000 )—
specifically, 1 minus the Herfindahl–Hirschman index of the share of the population of each race (see Section 2 for more 
infomation on this indicator). 

5 As in Kroeger and La Mattina ( 2020 ), the analysis includes time-varying measures of the poverty rate, the share of 
the white population, the share of the tenant population and city-specific linear trends. 
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in cities that adopted the ordinance; (ii) any year in cities that never adopted or already had the 
ordinance (in both cases, when k is equal to −1 ). 

Figure 1 plots coefficients from ( 2 ) and shows no pretrends in burglaries or vehicle thefts, 
supporting the parallel-trend assumption. Coefficients from a revised version of ( 2 ) at the city- 
month level confirm this result ( Online Appendix Figure A.8 ). 

Additionally, there are also no pretrends in evictions (see Figure 5 in Section 4.3.3. below), 
house prices ( Online Appendix Figure A.9 ) 6 or violent or income-generating crimes ( Online 
Appendix Figures A.10 and A.11 ). 7 Since violent crime is measured reliably in the United States 
(Sampson et al ., 1997 ), these results also help rule out unobservable pretrends due to misreporting 

of crime data. Overall, these findings suggest that nuisance ordinances were not adopted because 
of prior changes in criminal activity or housing markets. 

Correlated shocks : Nuisance ordinances might be adopted alongside other policies that could 

increase overall crime levels, including burglaries and vehicle thefts. Table 2 shows that the 
coefficients for burglary or vehicle theft, which are based on ( 1 ), are large and statistically 

significant at the 1% level (panel A), while coefficients for violent or income-generating crimes 
are sometimes positive or negative, small relative to their sample means and never statistically 

significant at the 10% level (panel B). 8 These results mitigate concerns about bias from the 
adoption of other policies. 

Since the analysis is restricted to cities in Ohio, estimates cannot be influenced by state-level 
shocks such as changes in the economy, sentencing practices or policing technology. However, if 
cities with nuisance ordinances differ from those without, state, national or international shocks 
such as the post-2007 Great Recession could affect them differently. A balance test shows that 
only population size and the number of tenant households significantly differ between treated and 

non-treated cities ( Online Appendix Table A.2 ). By controlling for trends in these two variables, 
concerns about common shocks causing differential changes in crime can be mitigated. 

Although balanced in observable characteristics, cities with and without a nuisance ordinance 
may differ in unobservables and still react differently to common shocks, such as increased 

poverty or reduced police presence. The absence of an effect on crimes other than burglary or 
vehicle theft (panel B of Table 2 ) weakens this potential bias. 

Section 4.2 below shows that the baseline results are consistent with additional checks, such 

as (i) including more controls and city-specific linear trends, (ii) removing observations from 

municipalities treated in specific years, (iii) excluding observations from each year in the 2000–
14 period, (iv) excluding observations from each of the seventy-two counties in the dataset and 

(v) adding county-by-year fixed effects in ( 1 ). These checks help mitigate concerns about corre- 
lated shocks. 

6 Online Appendix B.5 presents data on house prices. 
7 The arrest analysis focuses only on the extensive margin due to the data limitation explained in Online Appendix B.2.2 . 

Deshpande and Mueller-Smith ( 2022 ) defined income-generating crime as theft, fraud, forgery, robbery, drug distribution 
and prostitution. Following the Federal Bureau Investigation (FBI), robbery is classified here as a violent crime. Rape 
is also a violent crime, but it is excluded from the analysis because nuisance ordinances seem to increase domestic 
violence (Moss, 2019 ; Golestani, 2021 ). The analysis focuses on the following income-generating offences: larceny, drug 
distribution, theft, forgery and counterfeiting, and gambling. 

8 The variable drug arrests refers to drug abuse violations, defined in the FBI’s Part II UCR Program as ‘the violation 
of laws prohibiting the production, distribution, and/or use of certain controlled substances’ (see Online Appendix B.2.1 
for details). Hence, the variable captures both income-generating drug offences and drug use. 
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Fig. 1. Timing of Effect on Burglaries and Vehicle Thefts. 
Notes: Estimates of ( 2 ). In panels (a) and (b) the dependent variable is the number of burglaries or vehicle 

thefts per 10,000 residents. In panels (c) and (d) the dependent variable is the number of burglaries per 
10,000 residents. In panels (e) and (f) the dependent variable is the number of vehicle thefts per 10,000 

residents. Controls ( χc ): average pretreatment population and the number of tenant households. 
Source: Crime data are from the FBI’s Uniform Crime Reporting Program; nuisance ordinance data are 

from Mead et al. ( 2017 ); control data are from the ACS. 
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Finally, Online Appendix Table A.3 shows that the effect on burglaries is present only for 
residents, ruling out the possibility that nearby cities’ shocks push local people to move into and 

commit offences in treated cities. 9 

Crime perceptions : As explained in Section 1.1.1 , criminology and legal studies suggest that 
nuisance ordinances are mainly adopted in response to perceived increases in drug-related crime. 
Online Appendix Table A.4 provides evidence supporting this hypothesis. Using Google Trends 
data as a proxy for crime perception, the analysis examines the correlation between an indicator 
for a city with a nuisance ordinance in the 2000–14 period and changes in search interest for 
crime-related terms from the year before adoption (2014 for never treated) to 2000. Only searches 
for drug arrests yield positive and statistically significant coefficients across all specifications, 
while those related to general crime, burglary and vehicle theft do not. These results suggest that 
changes in crime perception, being specific to drug activity, influence burglary or vehicle theft 
reporting only through the adoption of nuisance ordinances. Thus, nuisance ordinances can be 
considered plausibly exogenous to these outcomes. 

4. Results 

4.1. Effect on Burglaries and Vehicle Thefts 

Figure 1 illustrates the main results by plotting coefficients from ( 2 ). The graphs visualise the 
relationship between the adoption of nuisance ordinances and the number of burglaries and 

vehicle thefts. Coefficients are estimated for the combined number of burglaries and vehicle 
thefts (panels (a)–(b)), as well as for each crime type separately (burglary in panels (c)–(d) and 

vehicle theft in panels (e)–(f)), both with and without control variables. After the adoption of 
nuisance ordinances, the coefficients increase and are often significant at the 5% level, indicating 

an effect that lasts for up to five years. 
Panel A of Table 2 quantifies these findings, estimating ( 1 ). Nuisance ordinances lead to 

an increase of approximately eleven additional burglaries or vehicle thefts per 10,000 resi- 
dents, significant at the 1% level, when controlling only for the average pretreatment population 

multiplied by year fixed effects (column (1)). Including the average pretreatment number of 
tenant households times year fixed effects slightly reduces the estimate, maintaining significance 
(column (2)). Adding further controls—the average pretreatment share of the tenant population, 
the average pretreatment median gross rent burden as a share of the average pretreatment median 

household income, an indicator of a racially heterogeneous city and the average pretreatment 
number of burglaries and vehicle thefts per 10,000 residents—times year fixed effects slightly 

increases the estimate (column (3)). 
Analysing burglary and vehicle theft separately reveals large and statistically significant effects 

at the 5% level (columns (4)–(9)). The estimated effects are substantial: 21%–24% for combined 

burglary and vehicle theft, 18%–20% for burglary and 28%–32% for vehicle theft. 

9 The NIBRS provides data on burglaries based on the offender’s residence. As explained in Section 4.3.6 below, 
only positive values of the dependent variable are included, reflecting the intensive margin. This is why the number of 
observations varies across columns. The fact that the effect is driven by residents also rules out downward bias from 

geographic spillovers, such as nuisance ordinances increasing the number of homeless individuals who seek shelter in 
neighbouring municipalities. 
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4.2. Robustness 

The results remain consistent across eight different checks, confirming the robustness of the 
findings. First, Online Appendix Table A.5 shows that the coefficients from ( 1 ) remain positive 
and significant at the 10% level when additional controls are included, such as the poverty rate, 
the share of the white population, the share of the tenant population and city-specific linear trends, 
as in Kroeger and La Mattina ( 2020 ). In fact, adding these controls increases the estimates. 

Second, Online Appendix Table A.6 shows that coefficients from ( 1 ) are positive and significant 
at conventional levels across various measures of burglary or vehicle theft: (i) counts, (ii) per 
10,000 residents, (iii) log value per 10,000 residents, (iv) per 10,000 tenants and (v) divided by 

the average pretreatment value of the variable. 
Third, Online Appendix Figure A.13 presents the coefficients from ( 1 ) after removing extreme 

values of the dependent variable. Observations in the top and bottom 1%, 2%, 3%, 4% and 5% 

of the outcome distribution are winsorised. While these coefficients are smaller than those from 

the full sample, they are still positive, substantial and statistically significant at the 5% level. 
Fourth, Online Appendix Figure A.14 shows coefficients from ( 1 ) after removing observations 

from municipalities treated in the specified year. This check assesses whether the baseline results 
are driven by specific cities in the treatment group, indicating either heterogeneous effects or 
correlated shocks at that treatment date. Reassuringly, the coefficients and statistical significance 
are similar to those using the full sample. 

Fifth, Online Appendix Figure A.13 shows coefficients from ( 1 ) after excluding observations 
from each year between 2000 and 2014. The coefficients and statistical significance remain 

nearly identical across specifications, reducing concerns that the baseline effect is influenced by 

correlated shocks in specific years. 
Sixth, Online Appendix Figure A.15 shows coefficients from ( 1 ) after excluding observations 

from each of the seventy-two counties in the dataset and including county-by-year fixed effects. 
Coefficients with these fixed effects are about 35% lower than those from the baseline estimation, 
but remain positive, sizeable and statistically significant at the 10% level. In most cases, removing 

specific counties does not significantly affect the coefficients or their statistical significance, 
suggesting that the baseline findings are largely unaffected by county-level shocks. 

Seventh, Online Appendix Table A.7 shows coefficients from ( 1 ) using the four different 
cleaning procedures for the crime data presented in Online Appendix B.1.4 . The coefficients are 
positive, sizeable relative to the sample means, stable, statistically significant at the 10% level or 
lower and close to those in the baseline analysis. Lastly, coefficients in Online Appendix Figure 
A.16 estimated using the method in de Chaisemartin and D’Haultfœuille ( 2020 ) are similar to 

those in the baseline figure. 10 

4.3. Mechanisms 

The proposed mechanism suggests that nuisance ordinances increase burglaries and vehicle thefts 
by exacerbating homelessness. Measuring homelessness in the United States is challenging, as 
homeless individuals are ‘neglected in official poverty statistics and the extreme poverty literature 
and largely omitted from household surveys’ (Meyer et al. , 2021 , p.1). This study addresses this 
limitation using indirect evidence. 

10 This method was developed to address issues in two-way fixed-effect estimators with staggered treatment timing 
(Borusyak and Jaravel, 2017 ; Callaway and Sant’Anna, 2021 ; Athey and Imbens, 2022 ). 
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Panel B of Table 2 shows that nuisance ordinances do not affect violent or income-generating 

crimes, which are less closely linked to homelessness. 11 Event-study visualisations support 
this result ( Online Appendix Figures A.10 and A.11 ). Additional indirect evidence includes the 
following findings: (i) nuisance ordinances increase trespassing, (ii) arrests for vagrancy, loitering 

and public drunkenness, (iii) and the number of evictions; moreover, (iv) the effect on burglaries 
and vehicle thefts is limited to cities without homeless shelters, (v) it intensifies during fall and 

winter, when outdoor conditions are harsher, and (vi) it is driven by trespassing involving vehicle 
and alcohol theft; (vii) the effect is also present only in racially heterogeneous cities, where social 
support networks are weaker. 

While no single piece of evidence is definitive, the collective findings point to homelessness as 
a plausible mechanism linking nuisance ordinances to increased rates of burglaries and vehicle 
thefts. 

4.3.1. Effect on trespassing incidents 
If nuisance ordinances increase burglary and vehicle theft by causing more homelessness, they 

should also lead to an increase in trespassing, as burglary is essentially a form of trespassing 

where the officer perceives intent to commit a felony or theft. 
Using NIBRS data, which are more reliable for analysing intensive margins (see Online 

Appendix B.3.2 ), estimates from ( 1 ) are presented in Figure 2 . The dependent variable is mea- 
sured both in absolute terms (count) and per 10,000 residents, with results shown for various 
specifications that progressively incorporate more controls. All coefficients are positive. Those 
using the count measure (panel (a)) are statistically significant at the 5% level and those ex- 
pressed per 10,000 residents (panel (b)) are very close to this threshold. These findings suggest 
that nuisance ordinances contribute to an increase in trespassing incidents. 

4.3.2. Effect on vagrancy, loitering and public drunkenness arrests 
Effect on vagrancy arrests : Vagrancy arrests, which involve violating laws requiring indivi- 
duals to leave public spaces, serve as a reliable indicator of homelessness. 

Using UCR Part II data, the analysis focuses on the extensive margin to reduce concerns about 
misreporting (see Online Appendix B.2.2 ). First, estimates from ( 1 ) in Figure 3 (a) show that 
nuisance ordinances increase the incidence of vagrancy arrests when values above the top 4% 

of arrests per capita are excluded. 12 Second, after excluding these values, estimates from ( 2 ) in 

Figure 4 support a causal relationship. Third, columns (1)–(4) of Table 3 show that the effect’s 
magnitude is positive and stable across models, with an increase of 260%–270% or 3.7–3.8 

percentage points over a sample mean of 1.4%. Fourth, Online Appendix Table A.8 shows that 
results are robust using alternative measures of the dependent variable. 

Effect on loitering arrests : Loitering arrests, defined as staying in one place without a clear 
purpose, also provide evidence for the homelessness mechanism, particularly for homeless minors 
who are more vulnerable to such accusations. The positive correlation between loitering arrests 

11 Criminology research has found positive associations between homelessness and crimes like burglary, vehicle theft, 
trespassing and public drunkenness (Fischer, 1988 ; Snow et al. , 1989 ; Faraji et al. , 2018 ), but the relationship with violent 
or income-generating offences remains debated (see Section 4.3 ). 

12 Results remain consistent when removing the top 5% of values; excluding the top 6% or more results in a variable 
with only zero values. The rationale for removing outliers at the top of the distribution before creating an indicator is 
that high values may result from errors like misreporting or computational mistakes, which can affect, not only positive 
values (where at least one arrest occurred), but also true zeros and missing values. 
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(a) Count

No Controls

Adding Baseline Controls ×Year FEs

Adding Per Mean Pretreat. Outcome × Year FEs
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Adding Tenant Population (Share) × Year FEs

Adding Racial Heterogeneity × Year FEs
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(b) Per 10,000 Residents

No Controls
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Adding Per Mean Pretreat. Outcome × Year FEs
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Adding Tenant Population (Share) × Year FEs

Adding Racial Heterogeneity × Year FEs

–0.5 0.5
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Fig. 2. Effect on Trespassing Incidents. 
Notes: (a) Estimates of ( 1 ) with the dependent variable the number of trespassing incidents. (b) Estimates 

of ( 1 ) with the dependent variable the number of trespassing incidents per 10,000 residents. Baseline 
controls: average pretreatment population and the number of tenant households. Per Mean Pretreat. : the 

dependent variable is divided by its average pretreatment value. Rent Burden : median gross rent burden as 
a share of the median household income. Tenant Population (Share) : share of the tenant population. Racial 

Heterogeneity : indicator for racially heterogeneous cities. Racially heterogeneous: above or equal to the 
median racial heterogeneity value (as in Alesina and La Ferrara, 2000 ; specifically, 1 minus the 

Herfindahl–Hirschman index of the share of the population that is (i) White; (ii) Black; (iii) Hispanic or 
Latino; (iv) Asian; (v) American Indian and Alaska Native; (vi) Native Hawaiian and Other Pacific 

Islander; (vii) two or more races or (viii) any other race). Dots indicate coefficients. Whiskers indicate 
95% confidence intervals. 

Source: Crime data are from the NIBRS by FBI’s Uniform Crime Reporting Program; nuisance ordinance 
data are from Mead et al. ( 2017 ); control data are from the ACS. 
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(a) Vagrancy Arrests
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Fig. 3. Effect on Vagrancy, Loitering, and Public Drunkenness Arrests After Removing Extreme Values. 
Notes: Estimates of ( 1 ). In panel (a) the dependent variable is the incidence of vagrancy arrests after 

removing top percentiles as indicated on the x axis. In panel (b) the dependent variable is the incidence of 
loitering arrests after removing top percentiles as indicated on the x axis. In panel (c) the dependent 

variable is the incidence of public drunkenness arrests after removing top percentiles as indicated on the x 
axis. The removed top percentiles differ across arrest types due to a difference in the presence of zero 
values in the dependent variables—the regressions cannot be run if top percentiles higher than those 

shown are removed. Controls ( χc ): average pretreatment population and the number of tenant households. 
Dots indicate coefficients. Whiskers indicate 95% confidence intervals. 

Source: Crime data are from the FBI’s Uniform Crime Reporting Program; nuisance ordinance data are 
from Mead et al. ( 2017 ); control data are from the ACS. 

and the homeless population per capita from 2006 to 2019 points to a link between these two 

phenomena ( Online Appendix Figure A.3 ). 
Data on loitering arrests come from UCR Part II. First, estimates from ( 1 ) in Figure 3 (b) show 

that nuisance ordinances lead to a higher incidence of loitering arrests when values above the top 

25% are removed—the threshold is extremely high, and hence these results should be taken as 
very suggestive as best. Second, after excluding these values, estimates from ( 2 ) in panels (c)–(d) 
of Figure 4 confirm that nuisance ordinances lead to a higher incidence of loitering arrests. Third, 
columns (5)–(6) of Table 3 quantify these findings, showing positive and consistent effects across 
models, with sizes of 45%–60% or 12–15 percentage points relative to a sample mean of 26%. 

Effect on public drunkenness arrests : Public drunkenness arrests also serve as an indicator of 
homelessness for at least three reasons. First, because ‘the homeless are unable to drink... in the 
privacy of a home... then, they must do so in public space, which increases the risk of detection 

and arrest’ (Snow et al. , 1989 , p.543). Second, the difficult conditions of homelessness can lead 

to alcoholism and arrests for drunkenness. Third, alcohol abuse itself can lead to homelessness. 13 

The positive correlation between the number of public drunkenness arrests and the homeless 
population per capita from 2006 to 2019 (panel B of Online Appendix Figure A.4 ) supports these 
claims. 

Data on public drunkenness arrests come from UCR Part II. First, estimates from ( 1 ) in 

Figure 3 (c) show that nuisance ordinances lead to a higher incidence of public drunkenness 
arrests when the top 5% of outliers are removed. Second, after removing these values, estimates 
from ( 2 ) in panels (e)–(f) of Figure 4 are consistent with a causal interpretation. Third, columns 
(9)–(12) of Table 3 show that the estimates are positive, stable and statistically significant at 

13 This third link is not a threat to the identification as landlords’ nuisance abatement strategies could contribute to 
psychological distress and alcohol abuse in tenants. 
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(e) Public Drunk. Arrests (No Controls)
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Fig. 4. Timing of Effect on Vagrancy, Loitering and Public Drunkenness Arrests. 
Notes: Estimates of ( 2 ). In panels (a)–(b) the dependent variable is the incidence of vagrancy arrests. In 
panels (c)–(d) the dependent variable is the incidence of loitering arrests. In panels (e)–(f) the dependent 

variable is the incidence of public drunkenness arrests. Controls ( χc ): average pretreatment population and 
the number of tenant households. 

Source: Crime data are from the FBI’s Uniform Crime Reporting Program; nuisance ordinance data are 
from Mead et al. ( 2017 ); control data are from the ACS. 
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the 5% level or lower. The effect is substantial, around 90%–100% or 16–18 percentage points 
compared to a sample mean of 18%. 

While coefficients for vagrancy, loitering and public drunkenness arrests are generally positive 
and often statistically significant, placebo tests for crimes less associated with homelessness yield 

insignificant results (columns (15)–(18) in panel B of Table 2 ). Drug arrests show no significant 
effect neither (column (16)), likely because UCR data do not distinguish between arrests for drug 

production, which is largely carried out outside the United States, and drug consumption. 

4.3.3. Effect on evictions 
Nuisance ordinances may lead to homelessness through evictions. Research highlights evictions 
as a major driver of homelessness (Collinson et al. , 2024 ) due to the difficulties in securing new 

housing (see Online Appendix C.1 ), supported by a positive correlation between evictions and 

homelessness per capita from 2006 to 2016 ( Online Appendix Figure A.5 ). 
Based on coefficients from ( 2 ), Figure 5 shows that after the adoption of nuisance ordinances, 

estimates for the inverse hyperbolic sine transformation of the number of evictions per 10,000 

residents (panels (a)–(b)) and the number of eviction filings per 10,000 residents (panels (c)–
(d)) are mostly positive and significant at the 5% level. The use of control variables times year 
fixed effects does not alter these results. The rise in evictions also occurs about a year before 
increases in burglaries or vehicle thefts, consistent with the existence of a lag between evictions 
and homelessness found in the literature (Figure 1 ). 

Based on estimates of ( 1 ), Table 4 confirms a positive and significant effect on evictions, 
showing that nuisance ordinances lead to a 16%–23% increase in evictions per 10,000 residents 
(columns (1)–(5)) and a 17%–20% rise in eviction filings (columns (6)–(10)). 14 

4.3.4. Heterogeneous effect by the presence of homeless shelters 
If nuisance ordinances increase burglary or vehicle theft by raising homelessness, the presence of 
homeless shelters, which provide last-resort housing, should lessen this effect. Data on homeless 
shelters are used to test this idea. All shelters in the dataset were established before Ohio’s first 
nuisance ordinance in Cleveland Heights in 2003 ( Online Appendix Table A.1 ), reducing con- 
cerns about reverse causality—stronger effects of nuisance ordinances leading to fewer shelters. 
Pretrends are examined by estimating various versions of the OLS equation 

Yct = 

5 ∑ 

k =−5 , k �=−1 

αk Lck +
5 ∑ 

k =−5 , k �=−1 

βk Lck NoShe lte rc + ζ T re atct χc 

+ αt χc + γc + δt + εct , (3) 

where the Lck represent event-study dummies that are equal to 1 when year t is k years since a 
nuisance ordinance was adopted in city c; NoShelterc is an indicator for cities without homeless 
shelters and the αt χc are year fixed effects times the controls ( χc ), which include NoShe lte rc . 
Since cities with homeless shelters have different average pretreatment characteristics compared 

to those without ( Online Appendix Table A.9 ), these characteristics are included in the controls 
( χc ) and results that control for αt χc along with ζ T reatct χc are shown. 15 This method prevents 

14 The impact of nuisances ordinances on formal evictions is uncertain. Landlords might formally evict tenants to 
address nuisances and avoid penalties, but they could also informally evict them by not renewing their lease, which could 
reduce formal evictions. 

15 All variables in Online Appendix Table A.9 , based on pretreatment values, are unbalanced: the population, the 
number of burglaries or vehicle thefts, the number of evictions, the number of eviction filings, the number of tenant 
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Fig. 5. Timing of Effect on Evictions and Eviction Filings. 
Notes: Estimates of ( 2 ). In panels (a)–(b) the dependent variable is the number of evictions per 10,000 
residents transformed using the inverse hyperbolic sine method to take into account the zero values. In 
panels (c)–(d) the dependent variable is the number of eviction filings per 10,000 residents transformed 

using the inverse hyperbolic sine method to take into account the zero values. Controls ( χc ): average 
pretreatment population and the number of tenant households. 

Source: Eviction data are from the Eviction Lab; nuisance ordinance data are from Mead et al. ( 2017 ); 
control data are from the ACS. 

results from being influenced by larger cities or those with high burglary or vehicle theft rates, 
which are more likely to have shelters. SEs are clustered at the city level. 

Figure 6 shows the point estimates and the confidence intervals for the coefficients βk derived 

from Lck NoShe lte rc . The number of controls increases from panel (a) to panel (f). 16 Two findings 
from the figure are particularly relevant: first, all panels show a stronger effect in cities without 

households, the share of the tenant population, the median gross rent burden as a share of the median household income 
and an indicator for racially heterogeneous cities. 

16 Panel (a) displays results without controls; panel (b) includes the two baseline controls (average pretreatment 
population and the number of tenant households times year fixed effects); panel (c) adds the interactions of these two 
controls with T reatct ; panel (d) controls for the average pretreatment number of burglaries or vehicle thefts interacted, 
separately, with year fixed effects and T reatct ; panel (e) further includes the interactions of the average pretreatment 
share of tenant households, median gross rent burden as a share of the median household income and the indicator of 
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Fig. 6. Timing of Effect on Burglaries or Vehicle Thefts in Cities without versus with Homeless Shelters 
(Full Sample). 

Notes: Estimates of ( 3 ). The dependent variable is the number of burglaries or vehicle thefts per 10,000 
residents. In panel (a), αt χc and ζ T reatct χc are excluded (no controls). In panel (b), αt χc is included; χc : 
average pretreatment population and the number of tenant households ( Baseline Controls ). In panel (c), 

αt χc and ζ T reatct χc are included; χc : Baseline Controls . In panel (d), αt χc and ζ T reatct χc are included; 
χc : Baseline Controls and the average pretreatment number of burglaries or vehicle thefts ( Mean Pretreat. 

Outcome ). In panel (e), αt χc and ζ T reatct χc are included; χc : Baseline Controls , Mean Pretreat. 
Outcome , the average pretreatment share of the tenant population, the median gross rent burden as a share 
of the median household income and an indicator for racially heterogeneous cities ( Additional Controls ). 

In panel (f), αt χc and ζ T reatct χc are included; χc : Baseline Controls , Mean Pretreat. Outcome , 
Additional Controls , the average pretreatment number of evictions and the number of eviction filings. 

Racially heterogeneous: above or equal to the median racial heterogeneity value (as in Alesina and 
La Ferrara, 2000 ; specifically, 1 minus the Herfindahl–Hirschman index of the share of the population that 

is (i) White; (ii) Black; (iii) Hispanic or Latino; (iv) Asian; (v) American Indian and Alaska Native; 
(vi) Native Hawaiian and Other Pacific Islander; (vii) two or more races or (viii) any other race). 

Source: Crime data are from the FBI’s Uniform Crime Reporting Program; nuisance ordinance data are 
from Mead et al. ( 2017 ); control data are from the ACS. 
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Table 5. Heterogeneous Effect on Burglaries or Vehicle Thefts by the Presence of Homeless 
Shelters. 

Burglary or vehicle theft 

(1) (2) (3) (4) (5) (6) 

Treat −2 .899 −8 .561 −4 .780 13 .912 13 .000 5 .387 
(8 .947) (10 .205) (13 .783) (41 .673) (41 .984) (44 .281) 

Treat × No Shelter 15 .133∗ 16 .049∗ 15 .696∗ 14 .019∗ 16 .053∗ 15 .068∗
(8 .877) (8 .497) (9 .005) (8 .055) (8 .642) (8 .254) 

Observations 2,924 2,924 2,924 2,924 2,924 2,924 
Mean DV 52 .677 52 .677 52 .677 52 .677 52 .677 52 .677 
City FEs Yes Yes Yes Yes Yes Yes 
Year FEs Yes Yes Yes Yes Yes Yes 
No Shelter × Year FEs Yes Yes Yes Yes Yes Yes 
Baseline Controls × Year FEs Yes Yes Yes Yes Yes Yes 
Treat × Baseline Controls Yes Yes Yes Yes Yes Yes 
Mean Pretreat. Outcome × Year FEs Yes Yes Yes Yes Yes Yes 
Treat × Mean Pretreat. Outcome No Yes Yes Yes Yes Yes 
Tenant Population (Share) × Year FEs No No Yes Yes Yes Yes 
Treat × Tenant Population (Share) No No Yes Yes Yes Yes 
Rent Burden × Year FEs No No No Yes Yes Yes 
Treat × Rent Burden No No No Yes Yes Yes 
Racially Heterogeneous × Year FEs No No No No Yes Yes 
Treat × Racially Heterogeneous No No No No Yes Yes 
Mean Pretreat. Evictions × Year FEs No No No No No Yes 
Treat × Mean Pretreat. Evictions No No No No No Yes 
Adjusted R 

2 0 .868 0 .868 0 .868 0 .868 0 .868 0 .872 

Notes: Estimates of ( 4 ). The dependent variable is the number of burglaries or vehicle thefts per 10,000 residents. Treat : 
indicator of whether a given city has an active nuisance ordinance in a given year. No Shelter : indicator of whether a 
given city has no homeless shelters before the start of the treatment. Mean DV : average pretreatment dependent variable. 
Baseline Controls : average pretreatment population and the number of tenant households. Mean Pretreat. Outcome : 
average pretreatment value of the dependent variable. Rent Burden : median gross rent as a share of the median household 
income. Racially heterogeneous: above or equal to the median racial heterogeneity value (as in Alesina and La Ferrara, 
2000 ; specifically, 1 minus the Herfindahl–Hirschman index of the share of the population that is (i) White; (ii) Black; 
(iii) Hispanic or Latino; (iv) Asian; (v) American Indian and Alaska Native; (vi) Native Hawaiian and Other Pacific 
Islander; (vii) two or more races or (viii) any other race). Mean Pretreat. Evictions : average pretreatment number of 
evictions and the number of eviction filings. SEs clustered at the city level are reported in parentheses. Significance level: 
∗ p < . 1 . 
Source: Crime data are from the FBI’s Uniform Crime Reporting Program; nuisance ordinance data are from Mead et al. 
( 2017 ); homeless shelter data are from the Homeless Shelter Directory; control data are from the ACS; eviction data are 
from the Eviction Lab. 

shelters; second, as more controls are added, the heterogeneous effect appears stronger, with the 
most significant effects seen in panels (e) and (f). To quantify these effects, a triple DID approach 

is applied, estimating OLS specifications of the form 

Yct = β1 T reatct + β2 T re atct NoShe lte rc + ζ T re atct χc 

+ αt χc + γc + δt + εct . (4) 

Table 5 shows estimates for the key coefficients ( β1 and β2 ) from ( 4 ). In cities with at least one 
homeless shelter, the effect of nuisance ordinances is either negative (columns (1)–(3)) or positive 
(columns (4)–(6)), but always insignificant. In contrast, in cities without shelters, the effect is 

racially heterogeneous cities with year fixed effects and T reatct , separately; and panel (f) controls for the interactions of 
all the unbalanced variables in Online Appendix Table A.9 with year fixed effects and T reatct . 
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significant, with an increase of 14–16 additional cases of burglary or vehicle theft compared to 

cities with shelters. This effect is 35%–45% larger than what is found in Table 2 . 17 

Online Appendix Table A.10 shows placebo tests for other offences, finding no effect from 

nuisance ordinances, whether or not cities have shelters. 

4.3.5. Heterogeneous effect by the presence of fall or winter 
Winter ‘is the period of greatest environmental threat to unsheltered homeless people in the 
northern parts of the country’ (Turnham et al. , 2008 , p.58). Because of harsher outdoor conditions, 
homeless individuals have stronger incentives to seek shelter during the fall or winter months. 
Consistent with this, lower temperatures are associated with a higher proportion of sheltered 

homeless individuals (Corinth and Lucas, 2017 ). In contrast, burglars and vehicle thieves are 
more active in late spring and summer when people are more likely to be outdoors or leave their 
vehicles in driveways. 18 Therefore, if nuisance ordinances have a stronger effect on burglaries or 
vehicle thefts during fall or winter, it would suggest that the effect is more related to homelessness 
than to thief behaviour. A triple DID approach is used to estimate the OLS specifications 

Ycmt = β1 T reatcmt + β2 T rea tcmt F a l l /W interm 

+ ζmt + αt χc + θm 

χc + γc + δt + ηm 

+ εcmt , (5) 

where m indexes the months, F al l /W interm 

is an indicator for the months from September to 

February, the ζmt are month-by-year fixed effects, the αt χc are year fixed effects times the control 
variables ( χc ), the θm 

χc are month fixed effects times the controls ( χc ) and the ηm 

are month 

fixed effects. 
To address concerns that the effect of nuisance ordinances might be related to vacation periods 

(when homes are more likely to be empty and vulnerable to burglary), an indicator for the four 
months with the highest vacation days (January, July, August and December) is included in ( 5 ) 
along with T reatcmt . Additionally, estimates are shown after adjusting for the six months with 

above-average property crime rates (June, July, August, September, October and November) 
according to the Pinkerton Crime Index, further reducing the risk that estimates capture burglar 
activity. 

Table 6 shows the estimated coefficients β1 and β2 from ( 5 ). In all specifications, both co- 
efficients are positive, statistically significant and relatively stable. The effect on burglary or 
vehicle theft is 40%–50% higher during the fall and winter compared to the spring and summer. 
Online Appendix Figure A.17 plots coefficients from ( 2 ) on burglary or vehicle theft during 

fall/winter versus spring/summer, aggregated at the year level, and finds that there are no pre- 
trends. 

4.3.6. Heterogeneous effect on burglary incidents by property type 
Examining the properties involved in burglaries can help test the homeless mechanism. While 
burglars typically target valuables like cash and jewellery, homeless individuals may commit 
burglaries mainly to find shelter, with secondary motives such as stealing alcohol. 

The analysis uses NIBRS information about the properties involved in the 424,144 burglaries 
with forcible entry in Ohio from 2000 and 2014. As discussed in Online Appendix B.3.2 , 

17 This result complements that of Corno ( 2017 ), who found a positive effect of homeless shelters on criminal activity 
among homeless individuals due to social interactions. 

18 To raise awareness about summer vehicle thefts, the International Association of Auto Theft Investigators has 
designated July as National Vehicle Theft Prevention Month. 
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Fig. 7. Heterogeneous Effect on Burglaries by the Type of Property Involved. 
Notes: Estimates of ( 1 ). The dependent variables are the numbers of burglary incidents by property type 

involved. Controls ( χc ): average pretreatment population and the number of tenant households. Dots 
indicate coefficients. Whiskers indicate 95% confidence intervals. Note that automobiles, recreational 

vehicles, structures and alcohol have positive and statistically significant point estimates at the 5% level. 
Source: Crime data are from the NIBRS by FBI’s Uniform Crime Reporting Program; nuisance ordinance 

data are from Mead et al. ( 2017 ); control data are from the ACS. 

only positive values are used and dependent variables are log transformed for easier coefficient 
comparisons. 

Figure 7 plots estimates of ( 1 ). First, the coefficient for all burglaries, irrespective of the 
property involved, is positive and significant at the 10% level (and nearly significant at the 5% 

level), supporting the previous findings. Second, when examining specific types of property 

involved in burglaries, significant effects are found only for automobiles, recreational vehicles, 
structures (dwellings or commercial) and alcohol, aligning with findings on public drunkenness 
arrests. The effect is strongest for recreational vehicles, which provide shelter, while there is no 

effect for non-sheltering vehicles like bicycles. Other property types show little to no effect, and 

there is no significant effect for high-value items like cash, jewellery or credit cards. 

4.3.7. Heterogeneous effect by racial heterogeneity 
If homelessness is a mechanism, it is reasonable to expect the impact of nuisance ordinances on 

burglary or vehicle theft to be more pronounced in areas with low social capital, where there is 
less community trust and connection (Putnam, 2000 ). Online Appendix C.2 tests this idea by 
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examining coefficients from ( 4 ), replacing the indicator for cities without shelters ( NoShe lte rc ) 
with one for racially heterogeneous cities ( Ra cia lly H e te roge ne ousc ), which serves as a proxy 

for social capital, as suggested by Alesina and La Ferrara ( 2000 ). The effect of nuisance ordinances 
is present only in racially heterogeneous cities ( Online Appendix Table A.12 ). 

4.3.8. Other potential mechanisms 
The following discussion suggests that explanations for the link between nuisance ordinances 
and burglaries or vehicle thefts, other than homelessness, are unlikely. 

Housing market : One potential explanation is that nuisance ordinances could affect the housing 

market without affecting homelessness, but lead to (i) more vacant units, attracting burglars, 
homeless people or squatters; (ii) lower property values, incentivising impoverished landlords 
to commit crimes; or (iii) hindering public authorities’ ability to fund crime prevention through 

property taxes (Levitt, 1997 ; Corman and Mocan, 2000 ; Di Tella and Schargrodsky, 2004 ; Evans 
and Owens, 2007 ; Feler and Senses, 2017 ). Evidence contradicts these potential explanations. 

More vacant units is an unlikely mechanism for the following reasons. First, the effect on 

burglary is linked to trespasses with vehicle or alcohol theft (Figure 7 ), which are not typically 

found in empty homes. Second, vacant homes should attract burglars from other cities, but 
residents, not outsiders, account for the effect on burglary ( Online Appendix Table A.3 ). Third, 
if vacant units were the cause, we would expect more trespassing by squatters, who typically 

do not have criminal intent, leading to a rise in unfounded burglary reports. However, this is 
not observed ( Online Appendix Table A.13 ). Finally, the positive effect on vehicle theft further 
weakens the vacant unit explanation, as more vacant homes per vehicle should lead to fewer, not 
more, vehicle theft. 

The evidence for the argument that lower property values could explain the effect is also 

weak. If nuisance ordinances caused burglaries or vehicle thefts by lowering landlords’ wealth, 
income-driven crimes by struggling landlords should increase as well, but this is not observed 

(columns (14)–(18) in panel B of Table 2 and Online Appendix Figure A.11 ). Similarly, if 
reduced property values led to less funding for crime prevention, there should be a rise in general 
crime, including violence, which is not the case (columns (10)–(13) in panel B of Table 2 and 

Online Appendix Figure A.10 ). 

Crime misreporting : An alternative explanation for the link between nuisance ordinances and 

burglary or vehicle theft could be misreporting of crimes. However, this seems unlikely for several 
reasons. 

First, landlords have little incentive to misreport nuisances as crimes, as doing so would increase 
their chances of being sanctioned. For example, it is unlikely that landlords are misreporting 

squatters as burglars. Since squatters usually have housing or political motives, not criminal 
intent, and if misreporting was a factor, there should be an effect on unfounded burglary reports, 
which is not present ( Online Appendix Table A.13 ). 

Second, tenants are also unlikely to report nuisances, as this could increase their risk of eviction. 
Consistently, studies show that nuisance ordinances tend to reduce crime reporting, especially 

for domestic violence (Moss, 2019 ; Golestani, 2021 ) and burglaries by partners. Additionally, 
since nuisance ordinances often cover ‘buffer zones’ around properties, vehicle theft may also 

be underreported. The underreporting of burglary and vehicle theft in the context of nuisances 
ordinances suggests that their actual impact might be greater than what is documented here. 
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Third, it is unlikely that people falsely report burglaries or vehicle thefts to have their neighbours 
evicted, especially in disputes. If this was common then the effect on evictions should be higher in 

cities with lower social capital, where people are more likely to make false accusations. However, 
the effect on evictions is not higher in racially heterogeneous cities ( Online Appendix Table A.14 ), 
where social capital is lower (Alesina and La Ferrara, 2000 ). The lack of an increase in unfounded 

burglary reports further supports this conclusion ( Online Appendix Table A.13 ). 

Burglary by landlords : Landlords could unlawfully enter their properties to evict nuisance 
tenants, which might lead to burglaries without forcible entry, as landlords have easy access to their 
properties. However, there is no observed effect on such burglaries ( Online Appendix Table A.15 

and Online Appendix Figure A.20 ). 
Online Appendix C.3 explains why the findings do not align with other potential mechanisms 

linked to evictions, but unrelated to homelessness, such as evicted individuals losing income, 
entering criminal networks or reducing their participation in crime prevention and community 

policing. 

5. Conclusion 

In recent decades, non-offending third parties have become more involved in crime prevention 

and control globally. While third-party policing is commonly associated with the United States, 
it is also found in developing countries. In Mexico, local authorities hold property owners 
accountable for illegal activities in informal settlements. In South Africa, landlords may receive 
financial incentives or tax breaks to clear their properties of squatters. In Mumbai, India, property 

owners are pressured to evict tenants causing disturbances. Similar practices are seen in Manila, 
Nairobi and several other cities worldwide. 

This study is the first to examine the impact of nuisance ordinances, a common third-party 

policing tool, on property crime and ‘quality-of-life’ offences. Focusing on Ohio cities between 

2000 and 2014, it finds a significant and persistent increase in burglaries, vehicle thefts and arrests 
for trespassing, vagrancy, loitering and public drunkenness as a result of these ordinances. The 
evidence suggests that this increase in crime may be due to rising homelessness. Thus, contrary 

to their goals, nuisance ordinances appear to backfire, reducing public safety. 
Sociology and criminology research, along with studies by civil rights organisations like the 

American Civil Liberties Union, suggest that nuisance ordinances discourage victims of domestic 
violence and people with disabilities from seeking emergency help, putting their health and safety 

at risk. In contrast, economics research has found mixed results. This paper introduces a new 

argument against nuisance ordinances by finding an effect on property crime and ‘quality-of-life’ 
offences. 19 Future research could contribute to this novel perspective by analysing how nuisance 
ordinances impact crime in other regions, especially where homelessness data are available. More 
in general, studying third-party policing by parents, employers or school administrators in both 

developed and developing countries also offers a promising research direction. 

19 The social costs of nuisance ordinances in terms of these crimes likely outweigh any benefits, such as reduced 
police demand ( Online Appendix D ). The existence of a negative effect on housing prices also suggests a welfare loss 
( Online Appendix Figure A.9 ). 
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