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Abstract

The 287(g) program enables local law enforcement agencies to enforce federal immigration laws. We
examine 287(g)’s implementation across multiple counties in North Carolina and identify its impact on
local crime rates and police clearance rates using a staggered difference-in-differences research design.
Under multiple empirical specifications, we find no evidence to suggest that 287(g) programs had an
effect on crime rates in North Carolina counties following their implementation. These results hold for
simple measures of program adoption and program intensity. Our findings suggest that 287(g) in
North Carolina counties did not meet its intended objective of improving public safety by facilitating

the removal of violent offenders.
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1 Introduction

There is a common public perception that immigrants commit more crimes than native-born
Americans. However, the empirical evidence near-uniformly finds that immigrants are either less or, at
worst, equally as likely to be incarcerated or to commit crimes as natives (Green, 2016; Mears, 2001).
Nevertheless, Congress created federal immigration enforcement programs to cooperate with local and
state police to assist in the identification and removal of illegal immigrants (Kandel, 2016). How these
immigration enforcement efforts impact violent and property crime rates is essential to judging whether
they are worthwhile expenditures of scarce law enforcement resources, but there is little research on
how local immigration enforcement programs affect crime rates (Miles & Cox, 2014).

We investigate how the federal immigration program 287(g) affected violent and property crimes rates
in the state of North Carolina by estimating the elasticity of immigrant removals through the 287(g)
program to county index crime rates. 287(g) is one of the most notorious immigration enforcement
programs. It is named after Section 287(g) of the Immigration and Nationality Act that permits the
Department of Homeland Security (DHS) to delegate immigration enforcement powers to state and
local governments and to train their local law enforcement agencies (LEAs) in the investigation,
apprehension, and detention of those suspected of violating immigration laws (Kandel, 2016). Local
police officers with 287(g) training have access to federal immigration databases, can hold illegal
immigrants for deportation, and produce court appearance documents for deportation proceedings
(Kandel, 2016). By September 2012, 64 jurisdictions nationwide participated in 287(g) task force
agreements that allowed police to arrest people solely on suspicion that they violated federal

immigration law (Kandel, 2016; Outten-Mills, 2012).

In order to participate in 287(g) programs, local jurisdictions must sign a memorandum of agreement
(MOA) with DHS that sets the parameters of cooperation (ICE, n.d.-a). There are three different
types of 287(g) MOAs. The first are 287(g) jail enforcement agreements that allow local police to
enforce federal immigration laws in jails and prisons by screening and identifying inmates who can be
deported. The second are 287(g) task force agreements that deputize police officers to arrest illegal
immigrants upon contact (Kandel, 2016). The third are hybrid 287(g) MOAs that combine both jail
and task force agreements. In all three agreements, the LEA bears virtually all of the costs of enforcing

287(g) MOAs. In some cases, 287(g) LEAs either left the program or their MOAs expired.

This paper considers whether county adoption of 287(g) programs, measured by both the activation of
287(g) programs and the relative intensity of 287(g) enforcement, impacted violent and property crime
rates in those North Carolina counties. To test a proposed linkage between the 287(g) program and
crime rates, we use a staggered difference-in-differences research design that examines the effects of
287(g), measured by both program activation and intensity, on county crime rates. Our results are
robust to a series of stringent robustness tests and show no evidence to suggest that 287(g) programs
had a significant impact on crime in North Carolina. Furthermore, we find no evidence for geographic
spillover effects in crime from 287(g) counties into non-287(g) counties.

2 Background
2.1 The 287(g) Program

Congress created the 287(g) program, which is named after Section 287(g) of the Immigration and
Nationality Act, in 1996 as part of the Illegal Immigration Reform and Immigrant Responsibility Act
(IIRIRA). 287(g) permits local, county, and state LEAs to sign a memorandum of agreement (MOA)



with DHS which authorizes local authorities to enforce federal immigration law. At its peak, the
287(g) program had 71 signed MOAs in over 25 states.! Participation in the program itself is voluntary
and local LEAs must first submit an application for consideration under 287(g). Upon acceptance into
the program, select local law enforcement officers are deputized by DHS to perform the duties of
federal immigration agents, including the arrest and processing of unauthorized immigrants for
deportation during the course of routine police work. The federal government also monitors how LEAs
enforce immigration laws to guarantee that they comply with the terms of the MOA.

There are three types of 287(g) agreement types: jail enforcement, task force, and hybrid models. The
most common 287(g) MOAs are jail enforcement agreements, whereby specially trained officers within
state and local correctional facilities identify criminal aliens in their custody through interviews and
comparisons of their biometric information against the integrated DHS Automated Biometric
Identification System (IDENT) and FBI Integrated Automated Fingerprint Identification System (IAFIS)
databases (combined, IDENT/IAFIS). Although 287(g) corrections operations are restricted to jails on
paper, counties were able to subvert these restrictions. We will describe that subversion later on. The
second form of 287(g) agreement is the zask force model, which allows ICE-deputized officers to
conduct immigration-related investigations in the field. As mentioned, these two forms of 287(g)
agreements could exist simultaneously as so-called Aybrid models, which allowed local law enforcement
to conduct immigration enforcement in a variety of settings, ranging from conducting citizenship status
investigations during routine traffic stops or within correctional facility walls.

2.2 Coincidence with Secure Communities

One additional immigration enforcement program overlapped with 287(g) agreements in North
Carolina — the Secure Communities program. Secure Communities is a universal and automated
screening system that uses existing criminal background checks to immediately identify illegal
immigrants for deportation using information from the IDENT/IAFIS biometric database. If the
arrested individual’s fingerprints are flagged by DHS as likely belonging to an illegal immigrant then
the federal government issues a “detainer request” or “ICE hold” that requests the local LEA to hold
him for 48 hours beyond their scheduled release so that ICE can take custody for deportation. This also
includes arrested illegal immigrants who were not charged with or convicted of crimes.

The federal government intended to roll out Secure Communities on a county-by-county basis
beginning in October of 2008 along the US-Mexico border counties (Cox & Miles, 2013; ICE, 2009;
Miles & Cox, 2014). About 97 percent of counties participated in Secure Communities by the Fall
2012 (Rosenblum & Kandel, 2013). Once enrolled, counties could not back out of the program or
otherwise diminish their participation except by refusing to fingerprint arrestees, an option that no
police departments exercised (Cox & Posner, 2012). President Barack Obama suspended Secure
Communities in November 2014 (ICE, n.d.-b).

A key difference between the 287(g) program and Secure Communities is the disposition of removals.
Under Secure Communities, arrestees’ fingerprints and biometric information were submitted to the
tederal government as part of an automated process, meaning that enforcement through Secure
Communities would simply track the natural flow of arrestees into the system, cezeris paribus (Rugh &

Hall, 2016).

Pedroza (2019) finds through FOIA records that between 2005-2012, DHS received 145 applications from local law
enforcement agencies. Among these agencies, Dee and Murphy (2019) find that only around a third of these jurisdictions
actually entered into 287(g) agreements. Dee and Murphy (2019) further note that available information from an application
denial cites resource constraints as a cause for denial.



3 North Carolina and 287(g)

To isolate how the 287(g) program affected crime, we focus on its implementation in the state of North
Carolina as previous studies did.? Focusing on North Carolina provides numerous advantages over
looking at other states or the nation as a whole for two reasons: empirical concerns of simultaneity
between other programs in other states and the nature of 287(g) program implementation among
North Carolina counties.

Not every 287(g) program was implemented in the same way. Stana (2009) found significant disparities
in program implementation across 29 surveyed agencies due to limited guidance and oversight from
ICE. A specific example of this took place in Alamance County, North Carolina, in which state
troopers requested assistance from the Alamance County Sherift’s 287(g) deputies who were trained in
corrections operations after pulling over a bus destined for Mexico (United States Cong. House.
Committee on Homeland Security, 2009). Despite being deputized officially under a corrections
MOA, 287(g) sherift’s deputies conducted immigration-related enforcement activities and summoned
ICE agents to arrest five of the passengers (United States Cong. House. Committee on Homeland
Security, 2009).

The second type of 287(g) MOA is a task force agreement that allows deputized local law enforcement
officers to question and arrest illegal immigrants because of a suspected violation of federal immigration
law (Kandel, 2016). In late 2012, President Barack Obama ordered all 287(g) task force agreements to
expire at the end of that year while the jail enforcement agreements would continue (Kandel, 2016).
State governments can also sign MOAs for state-wide police to participate in 287(g), but they are not
very active compared to local LEAs. Local LEAs that participate in 287(g) are responsible for more
than 15 times as many arrests of illegal immigrants that lead to deportation than states that also
participate in the program. A full 93.9 percent of those deported under 287(g) task force agreements
were arrested by local LEAs while state-wide police agencies are responsible for a mere 6.1 percent of

all illegal immigrants removed under this program (ICE, 2010).

According to ICE, the 287(g) program’s intent was “to increase the safety and security of our
communities by apprehending and removing undocumented criminal aliens who are involved in violent
and serious crimes” (United States Cong. House. Committee on Homeland Security, 2009). This
objective of crime reduction is echoed by Jim Pendergraph, the sherift of Mecklenburg County, NC.
He describes his office’s participation in 287(g) as a response to “the lack of [Congressional] action on
the illegal immigration issue for decades, leaving those of us responsible for local law enforcement to
deal with not only the fall-out of the criminal element, but the ire of the public for their perception of
our inaction on a Federal issue” (United States Cong. House. Committee on Government Reform,
Subcommittee on Criminal Justice, Drug Policy, and Human Resources, 2006). Similarly, Gaston
County sheriff Alan Cloninger notes the aim of his office’s enrollment in 287(g) was “for the protection
of the citizens of Gaston County” (United States Cong. House. Committee on Government Reform,
Subcommittee on Criminal Justice, Drug Policy, and Human Resources, 2006).

Despite this designation of 287(g) as a crime-prevention mechanism by North Carolina sheriffs, 287(g)
programs in North Carolina targeted nonviolent offenders and likely engaged in racial profiling. A
study by the North Carolina ACLU in 2009 examined arrest data in Alamance and Mecklenburg
Counties and found that local enforcement disproportionately targeted individuals for traffic violations
based on race and nationality (Weissman, Deborah M and Headen, Rebecca C. and Parker, Katherine
Lewis, 2009). Ultimately, the Department of Justice filed a lawsuit against the Alamance County

?See Nguyen and Gill (2010) and Nguyen and Gill (2016).



sheriff for engaging in discriminatory policing against Hispanics (United States v. Johnson, 2012).
Evidence of such practices indicate a divergence between stated ICE and local LEA goals for the
program and their implementation at the local level. In the specific case of the lawsuit against the
Alamance County Sheriff’s Office, the court ruled in favor of the Sherift’s Office. Further investigation
into the 287(g) program by Nguyen and Gill (2010) found that additional LEAs operating 287(g)
programs in North Carolina showed a similar pattern of divergence from federal objectives and found
no association between 287(g) enforcement and crime rates.

North Carolina presents an ideal target to empirically evaluate the anti-crime intent of the 287(g)
program for a variety of reasons. For one, we avoid cross-contamination from other coexisting state and
tederal immigration enforcement activities, such as border enforcement and state-level enforcement
laws such as Arizona’s SB 1070. Second, North Carolina counties represent a good cross-section of the
United States, split almost evenly between metropolitan and rural areas.

4 Existing Literature

There is a sparse empirical literature examining the effects of 287(g) programs on various economic
outcomes. Miles and Cox (2014) find that 287(g) activation lowers index crime rates by around 3
percent. Hines and Peri (2019) consider 287(g) program activation as a control to evaluate the crime
effects of Secure Communities. Contrary to Miles and Cox (2014), they find no significant correlation
between 287(g) adoption and changes in county crime rates, after controlling for deportations. While
both of these studies incorporate 287(g) as a control variable, neither considers 287(g) as a primary
independent variable. This paper fills this gap in the literature.

A more common examination in the literature pertains to 287(g) program effects on economic
outcomes. One particular strand examines the potential labor market effects of deporting workers
through 287(g). Kostandini, Mykerezi, and Escalante (2013) examine county-level data to identify the
impact of 287(g) on the U.S. agricultural sector. They find that counties’ adoption of 287(g) agreements
reduced local immigrant populations, leading to labor supply shocks within local agricultural markets
and ensuing declines in agricultural wages and farm profits.> There is also evidence that labor market
effects induced by 287(g) enforcement go beyond the agricultural sector. Pham and Van (2010) find
that 287(g) enforcement leads to overall declines in county employment levels. Bohn and Santillano
(2017) further examine how 287(g) enforcement affects private employment, focusing in on
immigrant-intensive industry sectors. Similarly, they find evidence for 287(g) labor supply shocks,
primarily impacting administrative services employment. Rugh and Hall (2016) examine housing
foreclosures and the degree to which deportations under 287(g) impacted foreclosure rates for Hispanic
households. They consider the mechanism that deportation through programs such as 287(g) remove
primary earners from households, thereby increasing rates of foreclosure. Using an inverse probability
weighting strategy, their findings indicate that foreclosure rates among Hispanics increase in 287(g)
counties following program adoption. Dee and Murphy (2019) study whether immigration
enforcement under 287(g) impacted school enrollment of Hispanic students. Their main finding
indicates that 287(g) adoption by county prior to 2012 led to substantial declines in enrollment for
Hispanic students in public school of around 300,000 students nationally. Additional work by Rhodes
et al. (2015) examines Hispanic women’s usage of prenatal care in North Carolina following the
adoption of 287(g) agreements. They find show that Hispanic mothers were more likely to delay
prenatal care following the local adoption of a 287(g) agreement.

SA later working paper from Ifft and Jodlowski (2016) finds a similar decline in farm profitability associated with participation
in 287(g) agreements. They further find evidence for long-run implications in profitability related to 287(g) enforcement.



5 Methods

Our objective is to evaluate whether the rollout of the 287(g) program in North Carolina met its
intended objective of reducing crime. We therefore estimate a series of difference-in-differences (DD)
specifications to assess whether the adoption of a 287(g) program is associated with any changes in
crime. We further test the validity of the DD pre-trends assumption using event-study regressions.
Finally, we probe the sensitivity of our results to a variety of additional specifications that include policy
exposure and alternative error term specifications.

5.1 Difference-in-Difference

For each of the main index crime rates, we run the following generalized DD regressions

yit = YDE + X, B+ ai + M + £i4, (1)

where y; ; denotes the natural log of crime in county i in year t.* D, ; denotes an indicator variable for
the activation of a 287(g) agreement. We partition unobserved heterogeneity into two additive fixed
effects. a;; and \; denote county and year fixed effects which absorb time-invariant county
characteristics and common shocks to crime across all counties. X ¢ is a vector of control variables
chosen in line with the economics of crime literature, which includes measures of policing,
demographics, socioeconomic conditions, and other immigration enforcement programs. €; ; represents
a zero mean error term. Standard errors are clustered at the county level to account for arbitrary
autocorrelation in the residuals (Bertrand, Duflo, & Mullainathan, 2004).

Our primary estimating Equation (1) contains a few implicit assumptions that merit discussion. In this
design, the identifying assumption is not the random assignment of 287(g) programs across the state;
rather, the identifying assumption is that 287(g) adopters and non-287(g) counties’ crime rates would
have trended similarly in absence of the program. With the inclusion of fixed effects, the estimated
effects of 287(g) remain unbiased even if adoption of 287(g) programs is based on level differences in
outcomes. Kostandini et al. (2013) notes that this assumption holds if counties with higher immigrant
population shares are more likely to enter into 287(g) agreements relative to those with lower shares.
Similarly, estimates would be biased in the event that growth in immigrant shares are predictive of
287(g) adoption. The key underlying this assumption is that counties that never adopted or have yet to
adopt 287(g) programs are a valid counterfactual for those that did. Although we can partially control
for differential pre-287(g) trends using county-specific linear trends, we can directly test the
assumption of “parallel trends” by relaxing the assumption of constant program effects over years
relative to adoption. Letting e; ; denote the years relative to 287(g) adoption, this equates to estimating
the fully dynamic event-study specification:

vie = Y wlfeir =k} +X,8+ ai+ A + i, @)
k-1

*This transformation may be problematic for relatively rare crime, since the natural log of zero is undefined. As a correction,
we implement a transformation described in Chalfin and McCrary (2018) to approximate the natural log. As a check, we

also use the inverse hyperbolic sine transformation, arcsinh(y; ¢) = In(ys,c + 4 /y?ﬁt + 1), which is defined on the real

number line and is robust to outliers. Results for each transformation are very similar and available on request.



where 1{e = k} represent a series of leads and lags of our 287(g) indicator. 'This set of leads and lags
allow us to nonparametrically examine differences in crime between 287(g) and non-287(g) counties in
years prior to and after entering a 287(g) agreement. Evidence that 287(g) counties and non-287(g)
counties possess similar time-varying changes in crime prior to entering 287(g) agreements is therefore
consistent with the notion of parallel trends. Further, we can directly test whether 287(g) and
non-287(g) counties experienced different pre-adoption trends by means of a joint F test that all
pre-287(g) dummies are zero (Hy : vy, = 0 for k < 0).

A second identification threat may be that entrance into 287(g) programs may be correlated with other
contemporaneous shocks. One obvious concern is that the rollout of most 287(g) programs in North
Carolina overlapped with the Great Recession in 2008 and 2009. Within North Carolina, the
unemployment rate of 4.9 percent in December 2007 increased to 9.1 percent in December 2008 and to
a peak of 11.4 percent in January 2010. Numerous studies using economic models of crime find that
economic downturns tend to correlate positively with crime (Becker, 1968). Therefore a concern may be
that counties entering into 287(g) agreements may experience different effects from the Great
Recession than others. This is especially pertinent given that all of the 287(g) programs in the state
were located in metropolitan counties.” We address this issue in two ways. First, we include the
unemployment rate as a covariate in our vector of controls X; +. Second, we run a falsification test
similar to Mello (2019). To implement this procedure, we bin counties in 10 deciles based on the
change in unemployment rate from 2007 to 2009 and re-run Equation (1) with fully interacted
decile-by-year fixed effects. This flexible specification now permits common time shocks across all
counties to vary based on recession severity and has no effect on our main results.

A further robustness check for our results is to consider whether any relationship between crime rates
and the rollout of 287(g) programs arises from unobserved common shocks. It may be that any
observed relationship between 287(g) program adoption may be a result of secular trends. In particular,
falling crime rates nationally may lead to a spurious correlation between 287(g) adoption and crime
resulting from overarching trends, not the policy itself. To address these concerns, we consider two
additional specifications for commons shocks using county-specific linear trends and an interactive

fixed effects model.

First, we reformulate our baseline specification (1) to accommodate county-specific linear trends:

Yig = @i + A(0)i + D7 + X8 +eig, 3)

where A\(t); denotes a county-specific linear trend. This specification has the added benefit of
accounting for differential trends in crime across 287(g) and non-287(g) counties.

Similarly, we also consider a more flexible specification of (3) in the form of an interactive fixed effects
(IFE) model as described in Bai (2009). The IFE model allows for (potentially nonlinear)
county-specific time trends by nesting additive fixed effects into a factor error structure. Recent papers
from Totty (2017) and Gobillon and Magnac (2016) note the relative merits of the IFE estimator for
policy evaluation, although its implementation is less common in its usage. In the factor model setup,
we can decompose the regression error term into a multi-factor structure in which time-varying,
common “factors” have heterogeneous effects on cross-sectional units (“factor loadings”), and an error

term. Following Bai (2009), the IFE model takes the form

> According to the Rural-Urban continuum codes from the US Department of Agriculture.



it =YD + X, + o + Fi\i + e, 4)

where F; is an unobserved factor common to all counties and \; is a county-specific factor loading. The
factors themselves can be viewed as overarching national or state trends in crime to which counties
respond differently based on observable characteristics. A key advantage of (4) is that it does not
impose any specific form for the unobserved heterogeneity a priori. ‘The factors themselves are
determined by iterative principal component analysis of the regression error term.

6 Data Sources

We use a panel of yearly, county-level crime and demographic data for the state of North Carolina from
2003-2015. Each county-year cell contains various demographic, economic, and crime-related data for
each one of North Carolina’s 100 counties throughout the sample, comprising a panel of 1, 300
observations. Additional information on our data sources and variable descriptions is available in the

Data Appendix.

6.1 Crime and Police Data

Reported Crime. Data on county crimes and police agency characteristics are sourced from the FBI
Uniform Crime Reports (UCR).® Through the UCR program the FBI collects monthly data from a
large sample of law enforcement agencies across the country, ranging from municipal police
departments to county sherift’s offices, state agencies, and special jurisdictions (such as airport police,
university police, alcohol control agencies, transit authorities, etc.). These data include the main index
crimes, which include violent crime (murder, rape, assault, and robbery) and property crimes (larceny
over $50, burglary, and motor vehicle theft).” In line with the literature, we begin with agency-level
data and aggregate the monthly counts up to the annual level for our analyses.

There is an extensive literature that examines many issues with the UCR data (Chalfin & McCrary,
2018; Maltz & Targonski, 2002; Maltz & Weiss, 2006). Since participation in the UCR program is
voluntary, not every agency submits crime data to the FBI in a consistent manner (FBI, 2013). For
instance, agencies with fewer resources or very little crime are less likely to participate in the UCR
program consistently. Consequently, lapses in reporting, record errors, and missing data are a frequent
and well-documented feature of the UCR data (Maltz & Targonski, 2002; Maltz & Weiss, 2006). We
therefore follow techniques used in the literature to identify and correct for these systemic data issues.
In particular, we follow the regression-based methods laid out in Mello (2019) to clean the raw FBI
data. After having cleaned the data at the agency level, we aggregate these data up to the county level.
We opt for a county-level analysis since most 287(g) programs are implemented through county

sheriff’s office, although a few local police departments signed 287(g) MOAs.?

In our main empirical specifications we follow the literature and express each index crime rate as the
rate per 100,000 residents. Additionally, we repeat our analyses for the cost-weighted index crime rates,

similar to approaches taken in Chalfin and McCrary (2018) and Mello (2019). The cost-weights for

®The UCR files are widely used in both economic and criminology research; see Bove and Gavrilova (2017), Harris, Park,
Bruce, and Murray (2017), Chalfin and McCrary (2018), and Miles and Cox (2014) among others.

"More detail on these data can be found in the official data manual (FBI, 2013).

$In North Carolina, only one 287(g) agreement was signed at the local level, Durham Police Department. Since the City of
Durham Police Department covers the largest population in the county, we code Durham County as being covered by 287(g).



violent and property crimes are taken from Cohen and Piquero (2009) and represent the average costs
for each individual index crime. The cost-weighted index crime rate is calculated as:

Vi = $67,794 x yl oot 4 84,064 x ;P )

Mello (2019) notes that using crime costs from the individual crime rates is possible, yet misleading, as
murder is weighted 35 times more than other index crime counts. We therefore only consider three
aggregates: total crime, total violent crime, and total property crime.

Police Characteristics. We further collect data on police employment from the FBI's Law
Enforcement Officers Killed and Assaulted (LEOKA) agency-level files. The LEOKA files provide annual
counts of the number of sworn police officers, civilian employees, and total employment as of October
in each year. Since the data on police force size are reported relatively late in the year, we follow the
literature in using its value in year ¢ — 1 for our regressions (Chalfin & McCrary, 2018).

6.2 287(g) and Immigration Enforcement Data

287(g) Participation. We identify 287(g) counties along two margins — program participation and
program intensity. Our first indicator of 287(g) adoption is the presence of an active 287(g) MOA,
which measures 287(g) participation on the extensive margin. Information on signed 287(g) MOAs is
sourced from ICE official records and lists compiled by Nguyen and Gill (2010) and Kostandini et al.
(2013). These data include both the date in which the LEA signed a 287(g) MOA and the type of
support it authorized — including task forces, jail enforcement, and hybrid programs as mentioned
above. Additional data on 287(g) applications and denials were sourced from Pedroza (2019). Figure 1
presents a map of 287(g) program adoptions and applications across the state of North Carolina during
our sample horizon. Using population data, we estimate that around 33 percent of North Carolina’s
population was covered by 287(g) agreements as of 2010.

6.3 Other Data

Demographic Characteristics. Population and demographic characteristics are sourced from
intercensal population estimates from the SEER (Surveillance, Epidemiology, and End Results)
Program.’ These data provide annual estimates of the resident population at the county level, broken
down by age, sex, race, and ethnicity. Using these data we construct measures of the population shares
that are Hispanic and non-Hispanic African American.

Socioeconomic Conditions.  Finally, we collect additional socioeconomic data from the Census
Bureau and the Bureau of Labor Statistics (BLS). From the Census Bureau we collect annual estimates
of median household income by county from the Small Area Income and Poverty Estimates (SAIPE)
program. We also collect data on county unemployment rates from the Local Area Unemployment
Statistics (LAUS) files. Since the LAUS data are provided at the monthly level, we compute annual

average unemployment rates for our empirical specifications.

9These data are sourced from the NBER website and are published by the National Cancer Institute and the National
Institutes of Health.
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7 Empirical Results

7.1 Main Results

The main results of this paper are shown in Tables 2 and 3. Each table shows OLS estimates for the
effect of 287(g) program adoption on the main index crime rates, cost-weighted crime indexes, violent
crime rates, and property crime rates. In each specification we regress the natural log of each crime rate
per 100,000 or its cost-weighted equivalent on our full set of controls and a set of county and year fixed
effects.

Total Crimes. Table 2 presents our main difference-in-differences results for the effects of 287(g)
program adoption on county crime rates for the aggregate indexes. The main results are broken down
into two main specifications for our dependent variable — the crime rate per 100,000 and and the
cost-weighted crime index in line with Mello (2019) and Autor, Palmer, and Pathak (2019). Each
dependent variable is expressed as a natural log. Columns 1 through 3 in Table 2 report estimated DD
coefficients from (1) of 287(g) program adoption. For each of the main crime indexes, we find small,
negative point estimates of around 1.5 to 2 percent — each of which are statistically insignificant and
indistinguishable from zero. This is different from the finding of Miles and Cox (2014) who find a
statistically significant estimate of around -3 percent for the index crime rate associated with 287(g)
adoption. The most predictive variable in our control set for each regression is the natural log of a
county’s population density, a common finding in the economics and criminal justice literature. To put
these results in terms of the societal cost associated with crime, we rerun Equation (1) and replace each
dependent variable with its cost-weighted equivalent in Columns 4 through 6. These specifications
allow us the examine whether the 287(g) program was able to create/destroy economic value resulting
from fewer/more crimes. Similar to our previous results, we find no empirical evidence to suggest that
the adoption of 287(g) policies led to any substantial changes in the average economic costs of crime.
Taken together, our baseline findings suggest that 287(g) programs in North Carolina did not have an
impact on the main crime rates or the economic costs of crime.

Violent and Property Offenses. Next we examine 287(g) program adoption correlates with changes
in the individual index crimes. Since the individual measures of crime tend to be noisier than their
aggregates, we only consider the logged crime rates and not their cost-weighted equivalents. These
main estimates are shown in Table 3.

First, we examine DD estimates for the breakdown violent crimes in Columns 1 through 4 of Table 3.
Stana (2009) notes that a stated goal of the 287(g) program was to aid local law enforcement in the
reduction of violent crime committed by violent offenders, therefore a key check of 287(g) program
efficacy is to examine violent crime rates. To check whether 287(g) adoption impacted the individual
violent crime rates, we rerun (1) with the natural log of each individual violent crime rate as the
dependent variable.!? Beginning with homicide and rape in Columns 1 and 2, we find positive yet
insignificant point estimates of 0.08 and 0.02, respectively. Conversely, we find negative point estimates
for the rates of aggravated assault and robbery of around -0.6 and -0.03, although both are similarly

insignificant.

Next, we shift our focus to the main property index crimes in Columns 5 through 7 of Table 3. For the
burglary and larceny rates, we find relatively small, negative point estimates of around -0.03 and -0.01,
respectively, but each coeflicient is statistically indistinguishable from zero. Finally, we find a positive

10T5 address the issue of zeroes in the murder and rape series, we employ a parametric transformation to approximate the
natural log as described in Chalfin and McCrary (2018).
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estimate of 0.03 for motor vehicle theft which is, again, statistically insignificant. In each model, we
find that the only significant predictor is the log of population density, each carrying a negative
coefficient.

Taken together, we find no statistical evidence suggesting that 287(g) programs had an effect on the
incidence of the violent or property crime rates. This result holds true under multiple specifications,
either expressed as rates per 100,000 or as their cost-weighted equivalents.

7.2 Event Studies

A key assumption underlying our DD research design is that counties that never or have yet to enter
287(g) agreements serve as a valid counterfactual for 287(g) adopters. To test this assumption, we run a
series of event-study specifications to compare crime rates between 287(g) and non-287(g) counties in
the years prior to and after adoption. Under the parallel trends assumption that counties experienced
similar paths in crime rates before entering 287(g) agreements, we would expect the coefficients on
leads of the policy variable to be jointly zero.

Results from our event-study specifications are summarized graphically in Figure 2 for the main index
crime rates, Figure 3 for the violent crime rates, and Figure 4 for the property crime rates. The
associated coeflicients are presented in Tables A2, A3, and A4 along with the associated pre-trends
tests. For the main index crime rates in Figure 2 we find that the estimated pre-program coefficients
fall about the zero line with 95 percent confidence intervals well within the zero mark. Similarly, joint
F'-tests for significance reveal that we fail to reject the null that the pre-program coefficients are all
jointly zero. We find more of the same for most of the individual violent crimes with confidence
intervals well within zero. The only exception to this pattern is for homicide, for which we reject the
null that all of the pre-treatment coeficients are jointly zero. Further examination of the data show that
this rejection results from a main leverage point. In particular, we find that Guilford County’s murder
rate was unusually high (at 10.3) in 2003 or 6 years prior to entering a 287(g) program.'! Finally, this
pattern of insignificant pre-program trends persists for each of the individual property crime rates. In
nearly every case we fail to reject joint insignificance for pre-trends.

Altogether, results from these event studies gives us confidence that the set of non-287(g) or
yet-to-be-287(g) counties serve as a valid counterfactual for 287(g) adopting counties. The only
exception to this finding is the murder rate, for which we find one significant pre-program coefhcient.
'The estimated effects for murder presented in Table 3 should therefore be interpreted with caution
under the baseline DD specification. To alleviate these concerns, we present further estimates from
robustness tests that account for differential trends under additional specifications in Section 8.

8 Robustness Checks

Before turning to a discussion of our results, we consider a variety of robustness checks. In the previous
section, we found no evidence for a connection between 287(g) program and county crime rates
tollowing their adoption by local law enforcement. In this section, we discuss various underlying
assumptions of our models and conduct tests to verify them. Our first test examines whether our main
findings are driven by the presence of unobserved common shocks. We may find that there exists some
overarching, unobserved trend in criminal activity that independently affects crime rates and 287(g)
adoption. In this case, any relationship we might observe between 287(g) and crime may be spuriously

"For instance, if we run a capped event-study specification that limits pre-trends to 5+ years prior to adoption, we fail to
reject that the pre-trends are jointly zero.
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driven by these unobserved factors. We therefore consider two flexible specifications for unobserved
common shocks in two forms as described in Section 5 — county-specific linear trends and interactive
fixed effects. A second test examines the possibility of geographic spillovers in crime. Consistent with
our model of deterrence, if enforcement through the 287(g) program is able to significantly dissuade
criminal activity in a home county, we might expect criminal activity to spill over into neighboring
counties. It is widely known that the intended targets of 287(g) style enforcement, illegal immigrants,
possess high levels of geographic mobility within the U.S. and are highly responsive to increased levels
of local immigration enforcement (Amuedo-Dorantes & Lozano, 2019; Bohn, Lofstrom, & Raphael,
2014). We therefore test this hypothesis directly by examining counties that are directly contiguous
with 287(g) adopters.

8.1 Testing Specifications

In Table 4 we report estimates for the impact of 287(g) adoption on the main index crime rates using
two additional specifications for unobserved common shocks. Since crime rates at the time of 287(g)
were falling both nationally and in the State of North Carolina, we may observe a spurious decline in
crime among 287(g) counties that tracks overall trends and is unrelated to the effects of the 287(g)
program itself. Our first test therefore probes the sensitivity of our estimates to the inclusion of
county-specific linear trends. Columns 1 through 3 report difterence-in-difterences estimates for the
main index crime rates that account for county trends. Similar to our baseline results in Table 2, we
find insignificant point estimates for each of the main aggregate rates. One key advantage with these
specifications is that the inclusion of county trends alleviates concerns of differential trends between
287(g) adopting counties and non-287(g) or yet-to-be-287(g) counties. In the remaining Columns 4
through 6 we introduce an interactive fixed effects estimator described in (4), which provides a more
flexible specification for unobserved common shocks than simple linear trends. Comfortingly, results
using an interactive effects estimator are numerically similar to estimates using county linear trends and
are all statistically indistinguishable from zero.

Moving on to individual violent crime rates, in Table 5 we re-estimate models (3) and (4) for the
individual violent crime rates. As in the previous table, we first test the sensitivity of our estimates to
the inclusion of county-specific trends. Again, we find a general pattern of statistical insignificance
across each of the different violent crime rates. ‘This result is especially interesting for the murder rate,
which we found to fail tests for differential pre-287(g) trends. After accounting for county trends, we
find that our previous null finding for the effect of 287(g) adoption on the murder rate holds.
Moreover, we find that our estimates are similarly insignificant using the interactive effects estimator.
Although the existence of differential trends under the canonical two-way fixed effects estimator may
confound our estimated effect on homicide rates, we do find that this result holds up under two more
flexible specifications for unobserved shocks. We therefore have additional confidence in our null

finding of the 287(g) program’s effect on homicide rates.

Finally, estimates shown in Table 6 examine the above model specifications for each of the property
crimes. Looking first at Columns 1 through 3, we find that the inclusion of county specific trends has
no qualitative effect on our baseline results. In each case, we still find insignificant associations between
287(g) adoption and the main property crime rates. Although the point estimates for burglary and
larceny flip sign from negative to positive, the estimated effect of 287(g) remains insignificant. This
pattern persists with the inclusion of interactive fixed effects in the remaining columns.

Taken together, our initial difference-in-differences findings are not substantively aftected by

mis-specification of the unobserved common shocks in our baseline model. Results from our
robustness exercises provide more evidence in favor of our initial null results. First, the inclusion of
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county-specific linear trends allow us to control for potential departures from parallel trends in 287(g)
counties versus non-adopters or yet-to adopters. This test therefore provides additional evidence in
favor of our main identifying assumption of parallel trends. These results are further bolstered by
similar evidence from interactive fixed effect models, which provide a more flexible means to model
unobserved shocks and counties’ idiosyncratic responses to them.

8.2 Geographic spillovers

A final test we consider is whether adoption of 287(g) programs led to geographic spillovers in crime
rates across county borders. As mentioned above, there is substantial empirical evidence to suggest that
immigrants respond to heightened immigration enforcement programs by leaving the area. In the
Becker (1968) economic crime model of deterrence, one might expect a similar response from criminal
illegal immigrants — leaving their home county in favor of counties with less stringent immigration
enforcement attitudes. Holding constant the rate at which criminal immigrants commit offenses, we
might therefore expect to see increases in neighboring county crime rates resulting from criminal illegal
immigrant exodus from 287(g) adopting counties. We test this hypothesis of geographic spillovers in
criminal activity resulting from out-migration by examining crime rates in counties that are directly
contiguous to 287(g) counties, before and after their neighbors adopted the policy. To do so, we
augment our baseline specification (1) with an indicator variable equal to one for counties in which a
neighboring county adopted a 287(g) policy. These two variables therefore allow us to determine
whether activation of a nearby 287(g) had an impact on neighboring counties’ average crime

rates.

In Table 7 we first consider differences in average crime rates for the main index crime rates, expressed
as rates and as cost-weighted indexes. We first examine the estimated coeflicients for counties
neighboring 287(g) adopters. For each of our estimates coeflicients — both for the crime rates per
100,000 and for the cost weighted indexes — we find negative point estimates, each of which are
statistically insignificant. Since we cannot reject the null that these coefficients are all zero, we find no
empirical evidence to suggest that spillover effects occurred for the major index crime rates. Further,
the coefficient estimates associated with actual implementation of 287(g) comport with our prior
estimates in terms of statistical significance.

Finally, we examine the possibility for spillover effects for the individual index crime rates. Results for
these estimates are presented in Table 8 and they contain slightly different results. Examining our
indicator county 287(g) neighboring counties in the first row, we find that two of the coefficient
estimates enter statistical significance. Among the violent crimes, we find that the point estimate for
robberies is now marginally significant with a negative point estimate of around 10 percent. Similarly,
for property crime we find that the neighbor county coefficient is negative and significant for larceny
rates at the 5 percent level. This suggests that average larceny rates were around 6 percent lower
following the adoption of 287(g) in a neighboring county. This result suggests that, on average, larceny
rates fell faster in counties neighboring 287(g) counties than the 287(g) counties themselves. Thus if
illegal immigrants move out of 287(g) counties to neighbor counties, there is evidence that they lower
the robbery and larceny rates to a statistically significant extent. Besides these two crime rates, we find
no subsequent evidence for the existence of spillovers for any other crime rates.

8.3 287(g) Exposure and Crime

While we find no empirical evidence to suggest that the presence of a 287(g) program had an impact on
local crime rates, a simple indicator of program presence is less likely to pick up changes in crime rates
resulting from heterogeneous intensity of enforcement. Since 287(g) enforcement saw a significant
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number of noncriminal deportations, we might expect counties with larger noncitizen populations to be
impacted differently relative to counties with fewer noncitizens. Specifically, we use data on the
noncitizen share from the 2000 Decennial Census to construct measures of sensitivity to 287(g)
enforcement. We choose the 2000 Census for two reasons. First, estimates of the noncitizen
population are generally unavailable over time for counties. Second, the noncitizen population in 2000
would not incorporate changes in the noncitizen share of the population that may have been removed
through 287(g) or the Secure Communities program, which may confound our estimates. To account
for this heterogeneity in program effects based on the share of immigrants likely to be affected by
287(g), we consider two additional specifications for our policy variable.

First, we construct an indicator for whether a county is in the top 75th percentile of noncitizen shares
in North Carolina and interact it with 287(g) adoption. This specification allows us to examine
differences in 287(g)’s effects for counties with large noncitizen populations relative to those that do
not. This specification takes the form

yiz = ¢DET + p(DET x DIHS) + X B+ o + A + €igs 6)

where Dggggg is an indicator for whether county ¢ was in the top 75th percentile for the foreign born
share as of the 2000 Census. If the 287(g) program impacts crime through deterrence or deportation of
criminal illegal immigrants, we would expect a larger effect in counties with more noncitizens. In this
case, we would expect the interaction coeflicient ¢ to be negative. As a further test, we consider a more
generalized framework that interacts our 287(g) indicator with the noncitizen population share in
2000. This specification allows for intensity of 287(g) enforcement to be continuous proportional to
counties’ noncitizen share of of the population. This specification takes the form

yit = V(D7 X @ig000) + X 1B + i + i + i, (7)

where ¢; is the noncitizen share as of the 2000 Census. The coefficient of interest ) corresponds to an
interaction between 287(g) program adoption and the noncitizen share in 2000. This term measures
whether counties with higher noncitizen population shares experienced different effects on crime

resulting from the 287(g) program.

Table 9 examines the impact of 287(g) adoption on the main index crime rates while allowing the effect
to vary relative to counties’ noncitizen share. Columns 1 through 3 show results from estimating (6)
that compare the effects of 287(g) adoption in counties in the top 75th percentile of noncitizens relative
to the bottom 75th percentile. For each of our interaction coefficients, we find no evidence that 287(g)
had a statistically significant impact on index crime rates in counties with larger noncitizen population
shares. We find a similar pattern of insignificance for counties below the 75th percentile for each of the
index crime rates. To further probe whether 287(g) adoption affected crime rates for counties with
larger noncitizen shares, we consider the generalized framework of (7) in Columns 4 through 6.
Similar to our previous results, we find that each of the coeflicients are statistically insignificant. This
suggests that adopting 287(g) programs did not have an effect on crime that varies according to the
share of noncitizens within counties.

Next we examine whether 287(g) had differential effects on the violent index crimes relative to
noncitizen population shares. Table 10 reports estimates for the effect of 278(g) adoption on crime
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rates for each of our interacted policy specifications. First, Columns 1 through 3 show results from
interacting 287(g) program adoption with an indicator that a county is at or above the 75th percentile
of the noncitizen share. For the individual violent crimes we find insignificant point estimates that are
statistically indistinguishable from zero. Moving to Columns 4 through 6, we interact 287(g) adoption
with the noncitizen share to determine whether counties with larger noncitizen shares experienced
different effects on crime following 287(g) adoption. Again we find statistically insignificant point
estimates for the individual violent crime rates.

Finally, we consider our interacted model specifications for the property index crime rates in Table 11.
Looking first at Columns 1 through 3, we again find statistically insignificant estimates for 287(g)
counties at or above the 75th percentile of the noncitizen share for each of the individual property
crime rates. We further find insignificant coeflicient estimates for counties adopting 287(g) programs
below the 75th percentile of noncitizens. Similarly, results shown in Columns 4 through 6 show no
statistically significant evidence for a relationship between 287(g) program adoption and property crime
rates relative to a county’s noncitizen share.

Opverall, our findings further indicate that there is no significant effects of 287(g) program adoption on
crime rates while allowing the program effects to vary according to counties’ noncitizen population
share. By allowing the potential effect of 287(g) adoption to vary relative to noncitizen shares, we test
the hypothesis that counties with larger shares of noncitizens would be more likely to be impacted by
enforcement through 287(g). Further supporting our results in previous sections, we find no empirical
evidence to suggest that 287(g) adoption among North Carolina counties impacted crime rates relative
to the share of noncitizens it may affect.

9 Discussion

In this paper we examined the staggered implementation of 287(g) programs across counties in the
State of North Carolina and the degree to which these programs impacted crime rates. We use a
balanced, annual panel of crime data from the FBI to examine whether crime rates were affected by
immigration enforcement activity performed by local law enforcement under the 287(g) program.
Using a staggered difference-in-differences research design, we find no empirical evidence to suggest
that local immigration through the 287(g) program had a noticeable effect on violent and property
crime in counties that adopted 287(g) in North Carolina. These results hold for multiple measurements
of enforcement, including simple indicators of 287(g) adoption and measures of program intensity, and
a series of robustness checks. We further find no evidence for geographic spillovers in crime resulting
from the 287(g) program. At best, we find that larceny and robbery rates were likely falling faster in
counties neighboring those that entered 287(g) agreements. Altogether, our results are consistent with
an evolving literature that finds no sizable effect of immigration enforcement programs and public

safety (Miles & Cox, 2014).

Our findings have immediate public policy relevance with the recent reactivation of 287(g) task force
agreements by the Trump Administration. Despite its stated objective of pursuing and prioritizing
violent criminal offenders for deportation in order to reduce violent crime rates, we find that 287(g)
agreements exhibited no effect on crime rates in North Carolina. Under multiple specifications, we find
no statistically significant relationship between the adoption or intensity of 287(g) agreements in North
Carolina on crime rates. More succinctly, these results demonstrate empirically that the 287(g)
program’s objective to reduce crime through the removal of illegal immigrants was not met in the state
of North Carolina. Reactivation of the 287(g) program is therefore more likely to impose significant
costs to taxpayers than to benefit public safety.
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Figure 4. Event-Study Plots, Property Index Offenses
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Tables

Table 1. Summary Statistics

Mean Median SD Min Max N
Main Indexes
Index 3,836.172  3,395.291  1,929.833 132.856 16072.960 1,300
Violent 346.958 290.146 216.221 1.000 1,474.670 1,300
Property 3,489.084  3,100.183  1,739.494 101.513 14765.097 1,300
Violent Crimes
Murder 6.135 4.540 5.887 0.736 46.631 1,300
Rape 23.293 20.549 15.698 0.736 114.835 1,300
Ag. Assault 242.346 202.377 158.057 1.000 1,138.433 1,300
Robbery 74.823 56.417 64.848 1.000 471.766 1,300
Property Crimes
Burglary 1,154.943 985.381 706.992 1.000 6,384.443 1,300
Larceny 2,144.235 1,937.543 990.680 71.059 7,520.224 1,300
MYV Theft 190.238 158.982 133.089 1.000 1,156.378 1,300
Policy Variables
287(g) active 0.045 0.000 0.208 0.000 1.000 1,300
Ever 287(g) 0.090 0.000 0.286 0.000 1.000 1,300
Applied for 287(g) 0.260 0.000 0.439 0.000 1.000 1,300
Removals per 100k 0.282 0.000 1.440 0.000 9.675 1,300
Identified per 100k 0.274 0.000 1.421 0.000 9.498 1,300
Other Variables
Sworn cops per 100k 205.290 202.802 59.667 86.699 660.483 1,300
9% black 20.642 18.544 16.486 0.175 62.331 1,300
% Hispanic 6.081 5.182 3.700 0.955 21.354 1,300
% Foreign-born 2000 3.533 2.808 2.403 0.654 11.253 1,300
% Noncitizen 2000 2.608 2.020 2.022 0.167 9.965 1,300
Intercensal Pop 93281.672  53925.000  138214.4  4,104.000 1033282 1,300
Median income 39835.152  38702.500 7,410.949  25843.000 71690.000 1,300
Unempl. rate 7.892 7.200 2.917 2.900 18.100 1,300
Population density 191.390 110.254 254.835 8.864 1,973.547 1,300

Notes: Crime rates and sworn officer rates are expressed as rates per 100,000 for viewing clarity. Removals are
expressed as the rate per 100,000 noncitizens as of the 2000 Census. All rates shown are transformed into natural
logs in each regression specification.



Table 2. Differences in Differences, Main Index Crimes

Rate per 100k Cost-Weighted
(1) ) (3) (4) (5) (6)
Index Violent  Property Index Violent  Property
287(g) active -0.016 -0.027 -0.015 -0.028 0.027 -0.015
(0.058) (0.057) (0.062) (0.049)  (0.099)  (0.062)
Sworn cops per 100k -0.121 0.098 -0.144 -0.043 0.429 -0.144
(0.316) (0.328) (0.338) (0.269)  (0.573)  (0.338)
% black -0.021 -0.035 -0.021 -0.019 -0.095 -0.021
(0.040) (0.047) (0.041) (0.037)  (0.091)  (0.041)
% Hispanic -0.022 -0.007 -0.020 -0.028 0.103 -0.020
(0.043) (0.073) (0.043) (0.046)  (0.169)  (0.043)
Unempl. rate -0.003 0.010 -0.004 0.002 0.020 -0.004
(0.013) (0.014) (0.013) (0.013)  (0.020)  (0.013)
Log Pop. Dens. -1.085**  -1.276™  -1.074™ -1.127**  -2127  -1.074"
(0.322) (0.631) (0.319) (0.401)  (1.342)  (0.319)
SComm active -0.127 -0.158*  -0.127 -0.133*  -0.232* -0.127
(0.077) (0.079) (0.081) (0.070)  (0.133)  (0.081)
Mean of Dep. Var. 8.140 5.660 8.047 17.302 16.768 16.357
Within R? 0.031 0.026 0.029 0.033 0.026 0.029
N 1,300 1,300 1,300 1,300 1,300 1,300
Clusters 100 100 100 100 100 100

Notes: The dependent variable is the natural log of the index crime rate shown in each column header. 287(g)
denotes a dummy variable equal to one in years after adoption of a 287(g) agreement. Each model includes county
and year fixed effects and controls for the sworn officer rate per 100,000, % black, % Hispanic, unemployment rate,
population density, and Secure Communities activation. Standard errors are clustered by county and significance

levels are denoted *p

< 0.1, % *p < 0.05, % * xp < 0.01.
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Table 3. Differences in Differences, Individual Crime Rates

Violent Crimes Property Crimes
(1) () 3) 4) ©) (6) (7)
Murder Rape Ag. Assault  Robbery  Burglary  Larceny MV Theft
287(g) active 0.083 0.022 -0.056 -0.030 -0.025 -0.006 0.028
(0.095)  (0.095) (0.071) (0.058) (0.078) (0.062) (0.073)
Sworn cops per 100k -0.308 0.289 0.037 0.137 -0.125 -0.142 -0.089
(0.425)  (0.416) (0.371) (0.319) (0.338) (0.354) (0.312)
9% black 0.000 -0.061 -0.014 -0.039 -0.030 -0.021 -0.064
(0.052)  (0.073) (0.055) (0.044) (0.058) (0.039) (0.047)
% Hispanic 0.010 -0.038 -0.001 -0.058 0.055 -0.045 -0.004
(0.073)  (0.087) (0.074) (0.068) (0.076) (0.040) (0.057)
Unempl. rate -0.008 -0.020 0.006 0.037* -0.004 0.001 -0.023
(0.037)  (0.034) (0.016) (0.019) (0.017) (0.013) (0.018)
Log Pop Dens -1.259*  -0.830 -1.225* -0.932 -1.793**  -0.762**  -1.707"**
(0.757)  (0.886) (0.666) (0.621) (0.606) (0.316) (0.519)
SComm active -0.198 -0.131 -0.169™ -0.103 -0.186* -0.099 -0.176*
(0.159) (0.149) (0.084) (0.107) (0.107) (0.073) (0.091)
Mean of Dep. Var. 1.342 2.884 5.293 3.902 6.903 7.563 5.037
Within R? 0.004 0.010 0.018 0.020 0.028 0.024 0.036
N 1,300 1,300 1,300 1,300 1,300 1,300 1,300
Clusters 100 100 100 100 100 100 100

Notes: The dependent variable is the natural log of the index crime rate shown in each column header. 287(g)
denotes a dummy variable equal to one in years after adoption of a 287(g) agreement. Each model includes county
and year fixed effects and controls for the sworn officer rate per 100,000, % black, % Hispanic, unemployment rate,
population density, and Secure Communities activation. Standard errors are clustered by county, and significance
levels are denoted *p < 0.1, % * p < 0.05, * * xp < 0.01.
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Table 4. Robustness Checks, Main Index Crime Rates

County Linear Trends Interactive Effects
(1) 2) 3) (4) (5) (6)
Index Violent  Property  Index Violent  Property
287(g) active 0.020 -0.031 0.024 0.056 -0.040 0.059
(0.044)  (0.068) (0.043) (0.055) (0.050) (0.056)
Sworn cops per 100k~ -0.382**  -0.405**  -0.388* 0.070 -0.271 0.056
(0.189)  (0.156) (0.206) (0.190) (0.260) (0.190)
% black -0.014 0.087 -0.017  -0.087* 0.002 -0.090*
(0.091)  (0.157) (0.090) (0.042) (0.046) (0.042)
% Hispanic -0.006 0.017 -0.005 -0.031  -0.083**  -0.037
(0.054)  (0.083) (0.053) (0.032) (0.027) (0.031)
Unempl. rate 0.009 0.002 0.009 -0.006 0.015* -0.005
(0.007)  (0.007) (0.008) (0.005) (0.008) (0.005)
Log Pop. Dens. 2.033"*  3.574% 1910  -1.245* -0.236 -1.238*
(0.718)  (0.999) (0.730) (0.505) (0.484) (0.501)
SComm active 0.024 -0.043 0.030 0.063**  -0.080**  0.075™*
(0.032)  (0.027) (0.034) (0.020) (0.026) (0.020)
Mean of Dep. Var. 8.140 5.660 8.047 8.140 5.660 8.047
N 1,300 1,300 1,300 1,300 1,300 1,300
Clusters 100 100 100 100 100 100

Notes: The dependent variable is the natural log of the index crime rate shown in each column header. 287(g)
denotes a dummy variable equal to one in years after adoption of a 287(g) agreement. Each model includes
county fixed effects and controls for the sworn officer rate per 100,000, % black, % Hispanic, unemployment rate,
population density, and Secure Communities activation. Columns 1-3 incorporate county-specific linear trends.
Columns 4-6 employ the interactive fixed effects estimator of Bai, 2009 with a factor dimension of one. Standard
errors are clustered by county and significance levels are denoted *p < 0.1, % * p < 0.05, * * *p < 0.01.
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Table 5. Robustness Checks, Violent Crime Rates

County Linear Trends Interactive Effects
1) 2 3) (4) ) (6) ) (8)
Murder Rape Agassault  Robbery ~ Murder Rape Agassault  Robbery
287(g) active 0.043 0.062 -0.040 -0.075 -0.031 0.002 -0.088 0.043
(0.097) (0.100) (0.071) (0.076)  (0.078)  (0.064) (0.073) (0.040)
Sworn cops per 100k~ -0.214 -0.122 -0.384** -0.357 -0.226 -0.460 -0.353 -0.611%
(0.476) (0.520) (0.181) (0.293)  (0.400)  (0.360) (0.337) (0.364)
% black 0.097 -0.202 0.089 0.122 0.009 -0.030 0.034 0.004
(0.159) (0.208) (0.154) (0.124)  (0.061)  (0.064) (0.059) (0.041)
% Hispanic -0.036 0.033 -0.015 0.102 -0.014 -0.011 -0.074*  -0.167**
(0.133) (0.136) (0.091) (0.086)  (0.051)  (0.058) (0.029) (0.041)
Unempl. rate 0.001 0.003 -0.001 0.009 0.002 0.022 0.011 0.033**
(0.017) (0.013) (0.008) (0.009)  (0.016)  (0.015) (0.009) (0.011)
Log Pop. Dens. 0.342 1.615 3.912%* 3.860"*  -0.835 -1.728* 0.136 -0.705
(2.412) (2.687) (0.968) (1.252)  (0.757)  (0.761) (0.571) (0.559)
SComm active -0.039  -0.207" -0.014 -0.043 -0.096  -0.194* -0.041 -0.164**
(0.076) (0.054) (0.026) (0.045)  (0.067)  (0.064) (0.025) (0.053)
Mean of Dep. Var. 1.342 2.884 5.293 3.902 1.342 2.884 5.293 3.902
N 1,300 1,300 1,300 1,300 1,300 1,300 1,300 1,300
Clusters 100 100 100 100 100 100 100 100

Notes: The dependent variable is the natural log of the index crime rate shown in each column header. 287(g)
denotes a dummy variable equal to one in years after adoption of a 287(g) agreement. Each model includes
county fixed effects and controls for the sworn officer rate per 100,000, % black, % Hispanic, unemployment rate,
population density, and Secure Communities activation. Columns 1-3 incorporate county-specific linear trends.
Columns 4-6 employ the interactive fixed effects estimator of Bai, 2009 with a factor dimension of one. Standard
errors are clustered by county and significance levels are denoted *p < 0.1, % * p < 0.05, * * *p < 0.01.
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Table 6. Robustness Checks, Property Crime Rates

County Linear Trends Interactive Effects
(1) ) 3) 4) ®) (6)
Burglary  Larceny  Mvtheft Burglary  Larceny = Mvtheft
287(g) active 0.023 0.029 0.002 0.011 0.063 0.046
(0.065) (0.038) (0.071) (0.074) (0.055) (0.044)
Sworn cops per 100k~ -0.412* -0.436*  -0.493* -0.659* 0.056 -0.738**
(0.229) (0.226) (0.259) (0.394) (0.195) (0.343)
9% black 0.024 0.002 -0.068 0.035 -0.092** 0.003
(0.175) (0.079) (0.164) (0.063) (0.037) (0.056)
% Hispanic 0.053 -0.036 0.057 -0.065*  -0.055"*  -0.189™**
(0.076) (0.050) (0.076) (0.030) (0.027) (0.035)
Unempl. rate 0.023™ 0.006 -0.019**  0.037"** -0.004 0.006
(0.010) (0.007) (0.009) (0.011) (0.005) (0.010)
Log Pop. Dens. 2.088™* 1.799** 4.655%* -0.911* -0.950* -1.426™*
(1.014) (0.774) (1.198) (0.448) (0.493) (0.496)
SComm active 0.023 0.039 -0.017 -0.031 0.085**  -0.143™*
(0.038) (0.032) (0.041) (0.040) (0.019) (0.042)
Mean of Dep. Var. 6.903 7.563 5.037 6.903 7.563 5.037
N 1300 1300 1,300 1,300 1,300 1,300
Clusters 100 100 100 100 100 100

Notes: The dependent variable is the natural log of the index crime rate shown in each column header. 287(g)
denotes a dummy variable equal to one in years after adoption of a 287(g) agreement. Each model includes
county fixed effects and controls for the sworn officer rate per 100,000, % black, % Hispanic, unemployment rate,
population density, and Secure Communities activation. Columns 1-3 incorporate county-specific linear trends.
Columns 4-6 employ the interactive fixed effects estimator of Bai, 2009 with a factor dimension of one. Standard
errors are clustered by county and significance levels are denoted *p < 0.1, % * p < 0.05, * * *p < 0.01.
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Table 7. Geographic Spillovers, Main Index Crime

Rate per 100k Cost-Weighted
(1) ) 3) 4) ©) (6)
Index Violent  Property Index Violent  Property
287(g) Neighbor -0.042 -0.062 -0.039 -0.052 -0.084 -0.039
(0.033) (0.052) (0.033) (0.033) (0.066) (0.033)
287(g) County 0.016 0.021 0.015 0.016 0.057 0.015
(0.053) (0.059) (0.055) (0.050) (0.081) (0.055)
Sworn cops per 100k -0.119 0.101 -0.142 -0.041 0.430 -0.142
(0.315) (0.327) (0.336) (0.269) (0.571) (0.336)
% black -0.020 -0.034 -0.021 -0.019 -0.092 -0.021
(0.039) (0.046) (0.040) (0.036) (0.088) (0.040)
% Hispanic -0.022 -0.008 -0.021 -0.028 0.103 -0.021
(0.043) (0.073) (0.043) (0.046) (0.171) (0.043)
Unempl. rate -0.004 0.008 -0.005 0.001 0.017 -0.005
(0.013) (0.014) (0.013) (0.013) (0.019) (0.013)
Log Pop. Dens. -1.067%*  -1.251*  -1.057** -1.109™*  -2.063  -1.057***
(0.318) (0.612) (0.315) (0.392) (1.289) (0.315)
SComm active -0.122 -0.151* -0.123 -0.128* -0.218* -0.123
(0.077) (0.077) (0.080) (0.069) (0.123) (0.080)
Mean of Dep. Var. 8.140 5.660 8.047 17.302 16.768 16.357
Within R? 0.032 0.027 0.030 0.035 0.026 0.030
N 1,300 1,300 1,300 1,300 1,300 1,300
Clusters 100 100 100 100 100 100

Notes: The dependent variable is the natural log of the index crime rate shown in each column header. 287(g)
denotes a dummy variable equal to one in years after adoption of a 287(g) agreement. Each model includes county
and year fixed effects and controls for the sworn officer rate per 100,000, % black, % Hispanic, unemployment rate,
population density, and Secure Communities activation. Standard errors are clustered by county and significance

levels are denoted *p < 0.1, * * p < 0.05, % * xp < 0.01.
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Table 8. Geographic Spillovers, Individual Crime Rates

Violent Crimes Property Crimes
(1) () 3) 4) ©) (6) (7)
Murder Rape Ag. Assault Robbery  Burglary  Larceny MV Theft
287(g) Neighbor -0.086 0.065 -0.063 -0.101* -0.012 -0.063™ -0.035
(0.103)  (0.075) (0.060) (0.057) (0.045) (0.032) (0.056)
287(g) County 0.193 -0.028 -0.005 0.047 -0.004 0.036 0.023
(0.121)  (0.097) (0.071) (0.070) (0.072) (0.054) (0.081)
Sworn cops per 100k -0.304 0.286 0.040 0.141 -0.124 -0.140 -0.090
(0.428)  (0.416) (0.370) (0.319) (0.337) (0.352) (0.311)
9% black 0.001 -0.062 -0.013 -0.037 -0.030 -0.019 -0.062
(0.052)  (0.072) (0.054) (0.043) (0.057) (0.038) (0.046)
% Hispanic 0.007 -0.038 -0.002 -0.059 0.054 -0.045 -0.004
(0.073)  (0.087) (0.075) (0.069) (0.076) (0.040) (0.058)
Unempl. rate -0.010 -0.018 0.004 0.034* -0.004 -0.001 -0.025
(0.037)  (0.033) (0.015) (0.019) (0.017) (0.013) (0.017)
Log Pop. Dens. -1.204 -0.858 -1.208* -0.886 -1.797%*  -0.728**  -1.671™**
(0.761)  (0.863) (0.646) (0.619) (0.583) (0.314) (0.511)
SComm active -0.196 -0.138 -0.162** -0.092 -0.186* -0.091 -0.168*
(0.158)  (0.149) (0.082) (0.105) (0.106) (0.072) (0.090)
Mean of Dep. Var. 1.342 2.884 5.293 3.902 6.903 7.563 5.037
Within R? 0.005 0.010 0.019 0.022 0.028 0.027 0.036
N 1,300 1,300 1,300 1,300 1,300 1,300 1,300
Clusters 100 100 100 100 100 100 100

Notes: The dependent variable is the natural log of the index crime rate shown in each column header. 287(g)
denotes a dummy variable equal to one in years after adoption of a 287(g) agreement. Each model includes county
and year fixed effects and controls for the sworn officer rate per 100,000, % black, % Hispanic, unemployment rate,
population density, and Secure Communities activation. Standard errors are clustered by county and significance
levels are denoted *p < 0.1, * * p < 0.05, * * xp < 0.01.
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Table 9. Impact of 287(g) Programs on Crime, Alternate Measures

ey 2) ®3) (4) (5) (6)

Index Violent  Property Index Violent  Property
287(g) -0.041 0.017 -0.044

(0.081) (0.088) (0.083)
287(g) x Top 75 0.032 -0.056 0.038

(0.083) (0.084) (0.085)
287(g) x % NonCit -0.003 -0.005 -0.003

(0.010) (0.009) (0.010)

Sworn cops per 100k -0.102 0.081 -0.116 -0.101 0.080 -0.115

(0.307) (0.305) (0.327) (0.307) (0.304) (0.327)
% black -0.021 -0.035 -0.021 -0.021 -0.035 -0.021

(0.039) (0.047) (0.041) (0.039) (0.046) (0.040)
% Hispanic -0.022 -0.007 -0.020 -0.021 -0.007 -0.020

(0.043) (0.073) (0.043) (0.043) (0.073) (0.043)
Unempl. rate -0.003 0.010 -0.004 -0.003 0.010 -0.004

(0.013) (0.015) (0.013) (0.013) (0.015) (0.013)
Log Pop. Dens. -1.076™*  -1.280*  -1.062"*  -1.071"* -1.288™  -1.056"**

(0.333) (0.650) (0.331) (0.331) (0.646) (0.328)
SComm active -0.124*  -0.161™  -0.124 -0.124*  -0.160"  -0.125

(0.074) (0.080) (0.077) (0.074) (0.079) (0.077)
Mean of Dep. Var. 8.140 5.660 8.047 8.140 5.660 8.047
Within R? 0.031 0.026 0.028 0.031 0.026 0.028
N 1,300 1,300 1,300 1,300 1,300 1,300
Clusters 100 100 100 100 100 100

Notes: The dependent variable is the natural log of the index crime rate shown in each column header. 287(g)
denotes a dummy variable equal to one in years after adoption of a 287(g) agreement. Top 75 denotes counties in
the top 75th percentile of the noncitizen share as of the 2000 Census. % NonCit denotes the share of noncitizens
as of the 2000 Census. Each model includes county and year fixed effects and controls for the sworn officer rate
per 100,000, % black, % Hispanic, unemployment rate, population density, and Secure Communities activation.
Standard errors are clustered by county and significance levels are denoted *p < 0.1, * xp < 0.05, % * *p < 0.01.
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Table 10. Impact of 287(g) Programs on Violent Crime, Alternate Measures

oY) ) ®3) 4) ©) (6) @) (8)

Murder  Rape  Ag. Assault Robbery Murder  Rape  Ag. Assault Robbery
287(g) 0.066 0.123 0.018 -0.086

(0.174)  (0.087) (0.101) (0.082)
287(g) x Top 75 0.022  -0.127 -0.092 0.069

(0.187)  (0.115) (0.094) (0.081)
287(g) x % NonCit 0.011 -0.001 -0.009 -0.003

(0.015)  (0.017) (0.011) (0.010)

Sworn cops per 100k~ -0.354  0.328 0.008 0.166 -0.355  0.324 0.006 0.169

(0.435)  (0.415) (0.355) (0.318)  (0.435)  (0.414) (0.354) (0.317)
% Black -0.003  -0.058 -0.015 -0.037 -0.001  -0.057 -0.015 -0.038

(0.052)  (0.075) (0.054) (0.043)  (0.052) (0.074) (0.054) (0.043)
% Hispanic 0.010  -0.037 -0.001 -0.059 0.010  -0.037 -0.001 -0.058

(0.073)  (0.088) (0.074) (0.068)  (0.073)  (0.088) (0.074) (0.068)
Unempl. rate -0.007  -0.021 0.006 0.036* -0.008  -0.021 0.006 0.037*

(0.037)  (0.034) (0.016) (0.019)  (0.037)  (0.034) (0.016) (0.019)
Log Pop. Dens. -1.275*  -0.804 -1.229* -0.929 -1.259  -0.803 -1.246* -0.929

(0.764)  (0.893) (0.683) (0.648) (0.762)  (0.886) (0.679) (0.645)
SComm active -0.192  -0.139 -0.171* -0.104 -0.189  -0.133 -0.172* -0.108

(0.160)  (0.149) (0.084) (0.107)  (0.158)  (0.148) (0.083) (0.105)
Mean of Dep. Var. 1.342 2.884 5.293 3.902 1.342 2.884 5.293 3.902
Within R? 0.004 0.010 0.018 0.020 0.004 0.010 0.018 0.020
N 1,300 1,300 1,300 1,300 1,300 1,300 1,300 1,300
Clusters 100 100 100 100 100 100 100 100

Notes: The dependent variable is the natural log of the index crime rate shown in each column header. 287(g)
denotes a dummy variable equal to one in years after adoption of a 287(g) agreement. Top 75 denotes counties in
the top 75th percentile of the noncitizen share as of the 2000 Census. % NonCit denotes the share of noncitizens
as of the 2000 Census. Each model includes county and year fixed effects and controls for the sworn officer rate
per 100,000, % black, % Hispanic, unemployment rate, population density, and Secure Communities activation.
Standard errors are clustered by county and significance levels are denoted *p < 0.1, * *p < 0.05, % % *p < 0.01.
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Table 11. Impact of 287(g) Programs on Crime, Alternate Measures

(1) 2) (3) (4) () (6)
Burglary  Larceny MYV Theft  Burglary = Larceny MYV Theft
287(g) 20.064  -0.030 0.002
(0.126) (0.074) (0.064)
287(g) x Top 75 0.049 0.032 0.034
(0.126) (0.076) (0.091)
287(g) x % NonCit -0.005 -0.000 -0.001
(0.013) (0.010) (0.013)
Sworn cops per 100k  -0.164 -0.084 -0.056 -0.163 -0.083 -0.057
(0.316) (0.351) (0.301) (0.316) (0.350) (0.300)
% Black -0.032 -0.020 -0.064 -0.032 -0.020 -0.062
(0.058) (0.039) (0.047) (0.057) (0.038) (0.046)
% Hispanic 0.054 -0.045 -0.004 0.055 -0.044 -0.003
0.076)  (0.040)  (0.057)  (0.076)  (0.040)  (0.057)
Unempl. rate -0.003 0.000 -0.024 -0.003 0.000 -0.024
0.018)  (0.013)  (0.018)  (0.018)  (0.013)  (0.018)
Log Pop. Dens. -1.814"*  -0.734™  -1.693"*  -1.804"*  -0.731"  -1.669"**
(0.628) (0.327) (0.534) (0.623) (0.324) (0.533)
SComm active -0.183" -0.095 -0.174 -0.183" -0.096 -0.170*
(0.105) (0.069) (0.089) (0.104) (0.069) (0.089)
Mean of Dep. Var. 6.903 7.563 5.037 6.903 7.563 5.037
Within R? 0.028 0.023 0.036 0.028 0.023 0.036
N 1,300 1,300 1,300 1,300 1,300 1,300
Clusters 100 100 100 100 100 100

Notes: The dependent variable is the natural log of the index crime rate shown in each column header. 287(g)
denotes a dummy variable equal to one in years after adoption of a 287(g) agreement. Top 75 denotes counties in
the top 75th percentile of the noncitizen share as of the 2000 Census. % NonCit denotes the share of noncitizens
as of the 2000 Census. Each model includes county and year fixed effects and controls for the sworn officer rate
per 100,000, % black, % Hispanic, unemployment rate, population density, and Secure Communities activation.
Standard errors are clustered by county and significance levels are denoted *p < 0.1, * xp < 0.05, % * *p < 0.01.
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Data Appendix
A Data Sources and Variable Definitions

A.1 Data Sources

Crime Data:  Our primary source for crime data is the Uniform Crime Reports (UCR) published by
the FBI. The UCR data represent the main source of crime data in the United States. Data on reported
crimes are taken from the Refurn A file, which records offenses known to law enforcement. Through
the UCR program, individual law enforcement agencies (LEAs) submit monthly reports on “index
crimes” and “breakdown offenses” to the FBI. The main index crimes are broken down into violent
crimes (homicide, forcible rape, robbery, and aggravated assault) and property crimes (burglary, larceny
over $50, and motor vehicle theft).> Agencies also report breakdown offenses, which represent
subcategories to the main index offenses, such as manslaughter, various types of thefts, etc. In our
subsequent cleaning procedures, we consider only the main index oftenses.

Police Employment: 'We collect data on police employment at the agency level from the FBI Po/ice
Employment files. These data are similarly collected through the UCR program on an annual basis and
list the number of full-time sworn police officers and civilian employees for each agency that reports
through the UCR as of October 31st in a given year (Chalfin & McCrary, 2018). These data also
include monthly Law Enforcement Officers Killed and Assaulted (LEOKA) reports, which enumerate
the number of assaults against police officers and the number of officers killed by accidental or felonious
actions.

Population: Population data are from the National Institutes of Health SEER (Surveillance,
Epidemiology, and End Results) Program. The SEER Program produces annual, county-level
intercensal estimates of the resident population based on data from the Census Bureau. These data are
turther broken down by age, sex, race, and ethnicity. We source these data from the NBER, which
provides cleaned versions of the data on their website.

Unemployment: Unemployment data come from the Local Area Unemployment Statistics (LAUS)
files produced by the Bureau of Labor Statistics. The LAUS files provide estimates of the labor force,
employment, and unemployment by year on a monthly basis for counties. Using the monthly data, we
compute annual averages for each county.

Poverty and Income: Data on poverty rates and income are sourced from the Census Bureau’s Small
Area Income and Poverty Estimates (SAIPE) program. The SAIPE program draws on multiple
administrative datasets to produce annual modeled estimates of median household income and poverty
rates for states and counties. To produce these data, the SAIPE program uses multiple regression and
shrinkage methods. These data provide estimates of the population share of all ages in poverty and
median household income.

Geography: We draw on geographic data by county from the 2010 Gazetzeer files from the Census
Bureau. The Gazetteer files contain information on counties’ land and water area in miles and
kilometers and their latitude and longitude coordinates.

2The data also include simple assault, which is not an index crime.
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A.2 Variable Descriptions

Log crime per 100k: 'The log crime rate per 100,000 residents for each index crime. The violent crime
index is the sum of homicide, forcible rape, robbery, and aggravated assault. The property index is the
sum of burglary, larceny over $50, and motor vehicle theft. The population denominator is from the
SEER annual population estimates.

Log crime Cost: 'The log cost of crime using the estimated social cost of violent crime ($ 67,794) and
property crime ($ 4,064).

Log cops per 100k: 'The natural log of the sworn officer rate per 100,000 residents. This variable is lagged
by one year in line with the literature, since police employment data is collected late in the year as of

October 31st. The population denominator is from the SEER annual population estimates.

287(g) active: An indicator variable equal to one if the county has an active 287(g) agreement with
ICE.

% black: 'The share of black residents who do not identify as Hispanic.

% Hispanic: 'The share of Hispanic residents who identify as an race.

Unemployment rate: The number of unemployed workers as a share of the total county labor force.
Log population density: The log population divided by land area in square miles.

S§Comm active: An indicator variable equal to one if the Secure Communities program is active in the
county.

287(g) neighbor: An indicator variable equal to one following the adoption of a 287(g) agreement in a
directly contiguous county.

% Noncitizen: Population share of noncitizens from the 2000 Decennial Census.

Top 75: Top 75th percentile of noncitizen share from the 2000 Decennial Census.

36



B Additional Tables

Table A1. 287(g) Agreements in North Carolina

Agency Name County Model Year Signed  Year Ended
Alamance County Sheriff’s Office Alamance Jail 2007 2012
Cabarrus County Sheriff’s Office Cabarrus Jail 2007

Durham Police Department Durham Task Force 2008 2012
Gaston County Sherift’s Office Gaston Jail 2007

Guilford County Sherift’s Office Guilford Task Force 2009 2012
Henderson County Sheriff’s Office Henderson Jail 2008

Mecklenburg County Sherift’s Office  Mecklenburg Jail 2006

Wake County Sherift’s Office Wake Jail 2008

Notes: Table identifies 287(g) programs in North Carolina by agency and lists the year in which they were signed
and terminated, where applicable. All 287(g) task force agreements were terminated nationally in 2012.
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Table A2. Event-Study Estimates, Main Index Crime Rates

(1) 2) 3)
Index  Violent Property
-6 0.023 -0.079 0.033
(0.129)  (0.140)  (0.136)
-5 0.008 -0.020 0.013
(0.064)  (0.079)  (0.070)
-4 -0.044  -0.091 -0.038
(0.057)  (0.076)  (0.059)
-3 -0.007  -0.030 -0.002
(0.053)  (0.072)  (0.054)
-2 0.012 0.017 0.012
(0.030)  (0.035)  (0.031)
-1 0.000 0.000 0.000
() () ()
0 0.041 0.038 0.040
(0.037)  (0.052)  (0.037)
1 0.057 0.037 0.062
(0.044)  (0.067)  (0.044)
2 -0.027  -0.026 -0.026
(0.062)  (0.066)  (0.065)
3 -0.090  -0.096 -0.090
(0.071)  (0.076)  (0.075)
4 -0.055  -0.077 -0.054
(0.079)  (0.107)  (0.082)
5 -0.068  -0.054 -0.069
(0.083)  (0.107)  (0.086)
6 -0.049 0.024 -0.057
(0.086)  (0.119)  (0.089)
7 -0.081 0.043 -0.096
(0.107)  (0.143)  (0.110)
8 -0.038 0.098 -0.052
(0.134)  (0.163)  (0.142)
9 0.077 0.252 0.053
(0.171)  (0.197)  (0.181)
F-test 1.464 1.704 1.020
p-value 0.208 0.141 0.410
Mean of Dep. Var.  8.140 5.660 8.047
Within R? 0.033 0.028 0.031
N 1,300 1,300 1,300
Clusters 100 100 100

Notes: *p < 0.1, % % p < 0.05, % * *p < 0.01.
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Table A3. Event-Study Estimates, Violent Crime Rates

M 2) (3) (4)
Murder ~ Rape  Ag. Assault  Robbery
-6 0.173 0.224 -0.038 -0.219
(0.201)  (0.203) (0.164) (0.135)
-5 -0.294* 0.081 0.005 -0.134
(0.175)  (0.100) (0.096) (0.104)
-4 -0.268 0.015 -0.085 -0.123
(0.171)  (0.119) (0.094) (0.084)
-3 -0.220  0.023 -0.012 -0.024
(0.174)  (0.107) (0.080) (0.089)
-2 -0.012  -0.029 0.060 -0.047
(0.165)  (0.071)  (0.040) (0.068)
-1 0.000 0.000 0.000 0.000
() () ©) ()
0 0.114 0.104 0.025 0.011
(0.096)  (0.130) (0.052) (0.061)
1 0.110 0.081 0.036 -0.028
(0.156)  (0.169) (0.073) (0.084)
2 0.005 0.130 -0.030 -0.057
(0.136)  (0.131) (0.077) (0.081)
3 -0.072  -0.032 -0.109 -0.072
(0.152)  (0.150) (0.096) (0.091)
4 -0.102 0.114 -0.097 -0.083
(0.224)  (0.146) (0.136) (0.108)
5 -0.019 0.094 -0.083 -0.043
(0.170)  (0.168) (0.127) (0.116)
6 0.111 0.122 -0.003 0.061
(0.166)  (0.183) (0.145) (0.130)
7 -0.217  0.105 0.023 0.096
(0.220)  (0.169) (0.174) (0.140)
8 0.118 0.122 0.078 0.132
(0.258)  (0.227) (0.181) (0.158)
9 0.055 -0.039 0.303 0.274
0226)  (0.290)  (0.212) (0.183)
F-test 4.185 0.604 1.630 0.835
p-value 0.002 0.697 0.159 0.528
Mean of Dep. Var. 1.342 2.884 5.293 3.902
Within R? 0.006 0.011 0.020 0.022
N 1,300 1,300 1,300 1,300
Clusters 100 100 100 100

Notes: *p < 0.1, % % p < 0.05, % * *p < 0.01.
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Table A4. Event-Study Estimates, Property Crime Rates

(1) 2) (3)
Burglary  Larceny MV Theft
-6 -0.171 0.107 -0.010
(0.181)  (0.132) (0.153)
-5 -0.088 0.070 -0.107
(0.087)  (0.070) (0.104)
-4 -0.112 0.012 -0.161*
(0.080)  (0.058) (0.087)
-3 -0.035 0.029 -0.090
(0.072)  (0.054) (0.077)
-2 0.015 0.016 -0.010
(0.049)  (0.031) (0.059)
-1 0.000 0.000 0.000
() () ()
0 0.035 0.049 0.002
(0.055)  (0.035) (0.045)
1 0.076 0.067 0.088
(0.069)  (0.044) (0.070)
2 -0.036 -0.013 0.048
(0.095)  (0.060) (0.072)
3 -0.133 -0.059 -0.048
(0.108)  (0.072) (0.072)
4 -0.094 -0.023 0.005
(0.122)  (0.073) (0.103)
5 -0.106 -0.039 0.025
(0.126)  (0.076) (0.116)
6 -0.107 -0.029 0.050
(0.145)  (0.079) (0.112)
7 -0.139 -0.080 0.026
(0.165)  (0.112) (0.127)
8 -0.154 -0.006 0.062
(0.213)  (0.135) (0.192)
9 -0.088 0.132 0.127
(0.255)  (0.172) (0.192)
F-test 0.844 0.589 1.260
p-value 0.522 0.708 0.287
Mean of Dep. Var. 6.903 7.563 5.037
Within R? 0.030 0.027 0.038
N 1,300 1,300 1,300
Clusters 100 100 100

Notes: *p < 0.1, % % p < 0.05, % * *p < 0.01.
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