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Abstract

Despite a lack of rigorous empirical evidence, reduced crime is often touted as a
potential benefit in the debate over increasing border infrastructure (i.e. border walls).
This paper examines the effect of the Secure Fence Act of 2006, which led to unprece-
dented barrier construction along the US-Mexico border, on local crime using geospatial
data on dates and locations of border wall construction. Synthetic control estimates
across twelve border counties find no systematic evidence that border infrastructure
reduced property or violent crime rates in the counties in which it was built. Fur-
ther analysis using matched panel models indicates no effect on property crime rates
and that observed declines in violent crime rates precede barrier construction, not the
other way around. Taken together, this paper finds potential crime reductions are not
a compelling argument towards the benefits of expanding border infrastructure.
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“The border city of El Paso, Texas, used to have extremely high rates of violent
crime — one of the highest in the country, and considered one of our nation’s
most dangerous cities. Now, immediately upon its building, with a powerful bar-
rier in place, El Paso is one of the safest cities in our country.”

President Donald Trump
State of the Union address
February 5, 2019

1 Introduction

In the last two decades, the total number of global migrants has increased by nearly 50%, to 258
million (United Nations Population Division (2017)). In response to this increase, many countries
hosting migrants have focused on increasing border security and regulating migration. In the
United States, home to around 50 million migrants, increased border security has been a key
focus of the Trump administration. Between 2004 and 2017, the U.S. Customs and Border Patrol’s
enacted budget increased from $6.0 to $14.3 billion, a 138% increase (U.S. Department of Homeland
Security (2019)). Since the passage of the 2006 Secure Fence Act, a key element of efforts to increase
border enforcement has been the construction of a wall along the U.S.-Mexico border. !

While the costs of such infrastructure investments are known (and economically significant),
the benefits of border wall expansion are difficult to quantify. Proposed benefits by proponents
of border wall expansion can be classified in terms of labor market effects (wage and employment
effects on native populations from reduced migration), public expenditure effects (changes in public
program spending from changes in migrant flows), and effects on crime and safety. A recent study
by Allen et al. (2019) estimate that expansion of border walls along the US-Mexico border between
2007 - 2010 harmed both Mexican workers and U.S. high-skill workers. U.S. low skill workers had
welfare gains equivalent to a $0.28 increase in per capita income, far below the $7 per capita cost
of border wall construction that they estimate.

Beyond the labor market effects of border walls, recent public discourse has focused on the crime

and safety effects of these barriers, especially after President Trump made the unsubstantiated claim

!'Throughout this study, we use the terms ”wall,” ”barrier,” and ”fence” interchangeably



that the border wall had greatly reduced crime in the city of El Paso during his State of the Union
address in 2019. While there are no shortage of opinions on crime in border regions, there is little
rigorous empirical evidence on the potential impact of border infrastructure on local crime.

The present study addresses this gap in the literature and in the political discourse. We examine
the unprecedented expansion of border infrastructure built along the U.S.-Mexico border following
the passage of the 2006 Secure Fence Act on county-level property and violent crime rates. In
order to overcome differences in both crime rate levels and trends in border counties (compared
to non-border counties) prior to 2006, we utilize synthetic control matching to assess the effect of
constructing a border wall on crime across twelve border counties. Overall, we find construction
of border fencing has no appreciable effects on either property or violent crime rates. Across 24
estimates we find only one that is significant (violent crime in Santa Cruz county, Arizona) - all
others are not significant (nor even of consistent direction). Leveraging spatial and temporal data
on completion timing, we also examine whether our overall effects may be masking heterogeneity
from construction periods and post construction periods and conclude that our lack of results are
not driven by offsetting effects.

From our synthetic weights, we create matched panels to test whether changes in crime rates
correspond to the timing and extent of barrier completion. Across a variety of specifications, we
find no significant reduction in property crimes as a function of barrier construction. While we
do observe declines in violent crime rates in some specifications, these declines actually precede
construction, rather than follow it. We theorize that any short run crime deterrence effects may
be driven by the economic stimulus of barrier construction. After a barrier is built, we find no
evidence of sustained declines in either property or violent crime rates.

We also conduct our synthetic control analysis on arrest rates for all crimes and for drug crimes
in particular. Proponents of barriers along the U.S.-Mexico border often argue that they would be
effective at reducing drug trafficking. We find very little evidence that barrier construction has led
to reduced drug arrests. We also provide evidence that our findings are not attenuated by local
crime displacement (e.g. crime spilling over to adjacent non-border counties). Taken together, we

conclude that the post-2006 border wall expansion did not lead to sustained crime reductions in



border counties.

Our paper contributes to a growing literature studying various effects of increased border en-
forcement and border barrier construction in particular.? One recent study by Sandner and Wass-
man (2018) evaluates whether the abolition of border controls at the eastern German and Austrian
borders accompanying the implementation of the Schengen Treaty in December 2007 increased
crime rates in the border areas of these countries. They find that the elimination of these border
controls led to an increase in burglaries, with other forms of crime unaffected by loosening border
controls. Miles and Cox (2014) considers the effect of the Secure Communities policy that allows
the federal government to check the immigration status of every person arrested by local police and
to deport migrant arrestees. Utilizing the staggared rollout of this program across the US, they
find no observable impact of this policy on crime rates.

A related literature considers the effect of migration on crime. This is relevant to our research
question if increased border enforcement affects migration. A recent study by Feigenberg (2019)
provides evidence that the addition of fencing along the U.S-Mexico border has in fact led to 26-39%
reduction in migration in counties where fences were constructed. Another study by Hoekstra and
Orozco-Aleman (2017) estimates that the passage of Arizona’s SB 1070, one of the most restrictive
state immigration laws ever passed, reduced the flow of undocumented migrants to Arizona by
30-70%.

Though increased border enforcement may reduce migration, the existing literature has not
established a clear relationship between migration and crime. Several studies have found that
increased migration is associated with higher rates of property crime, but no appreciable change
in violent crime. For example, Bianchi et al. (2012) look at Italian provinces and find that only
burglary rates rise with immigration. Similar results are found by Bell et al. (2013) for the UK,
by Alonso-Borrego et al. (2012) for Spain, and by Spenkuch (2014) for the U.S. Other studies
have found no relationship between migration and crime. Butcher and Piehl (1998) look at U.S.

metropolitan areas in the 1980’s and find that new immigrant inflows did not significantly increase

2For example, Allen et al. (2019) look at the labor market effects of building walls along the U.S.-Mexico
border



crime. In a later study, Butcher and Piehl (2007) find that recent immigrants actually have lower
incarceration rates than natives. Chaflin (2014) addresses the potential endogeneity of migrant lo-
cation choice by leveraging spatial and temporal variation in rainfall in Mexico with the persistence
of of regional Mexico-U.S. migration networks. Even after controlling for the fact that migrants are
more likely to go to areas with less crime, Chaflin finds no evidence of any links between migration
and either property or violent crime.

The rest of the paper proceeds as follows. The next section discusses the history of enforcement
along the U.S. Mexico border. This is followed by a theoretical model linking the construction
of a border barriers to crime. We then present the data used in our analysis and follow with a
discussion of our empirical methodology. Estimates are presented and discussed and we conclude

with a discussion of the policy relevance of our results.

2 A History of U.S.-Mexico Border Policy

The border between Mexico and the U.S. is the most frequently crossed in the world, with nearly
200 million border crossings in 2018 alone.? At a length of 1,954 miles, the border runs through
four U.S. states (Arizona, California, New Mexico, and Texas) with a total of 23 counties adjacent
to the border. There are officially 50 legal ports of entry along the border and about a third of the
border currently has some sort of barrier in place.

Restrictions on migration from Mexico to the U.S. are a fairly recent phenomenon. From 1942
to 1964, migration was encouraged under the Bracero program. This program was designed to
facilitate Mexican migrants to work in the U.S. on short-term, primarily agricultural labor contracts.
During this period, over 4.6 million contracts were signed, with many individuals returning several
times on different contracts.®

While the Bracero program ended with the 1965 Immigration and Nationality Act, it was

3 Authors’ calculations based on total crossings of bus passengers, pedestrians, and vehicle passengers
across 27 different legal ports of entry along the U.S.-Mexico border for the year 2018. Data source is U.S.
Department of Transportation (2019).

4UCLA Labor Center (2019)



not until the 1986 Immigration Reform and Control Act (IRCA) that the federal government
enacted legislation actively seeking to curb illegal immigration. This law made knowingly hiring
undocumented immigrants illegal and authorized a significant expansion of Border Patrol activities.
During the early 1990’s, there was an increase in the number of border patrol agents in the El
Paso and San Diego sectors. Fencing also began to be erected in these areas, though there was
limited work completed (Nuniez-Neto and Vina, 2006). In 1996, the Illegal Immigration Reform and
Immigrant Responsibility Act (IIRIRA) authorized the U.S. Department of Justice to construct
fencing along the border and mandated additional construction in the San Diego sector. However,
only nine of the mandated fourteen miles of fencing were completed (Hanson and Spilimbergo,
1999). By late 2005, only a total of 78 miles of pedestrian fencing had been constructed along the
entire border (Stana et al., 2009).

Expansion of border fencing began with the the Real ID Act of 2005 that authorized the
Department of Homeland Security (DHS) to waive any laws (such as environmental regulations)
that impeded the construction of security barriers along the border. This was followed by the
2006 Secure Fence Act, which called for the construction of 700 miles of double-layered pedestrian
fencing along specifically designated segments of the border. Interestingly, the legislation was
quickly amended to require that a minimum of 700 miles of fencing be constructed where it would
be “most practical and effective.” These relaxed restrictions on the location of fencing was driven
in part by concerns that DHS would not meet the timeline set out in the original legislation, as
only 71 miles of new fencing had been completed by September 2007 (Stana et al., 2009). With
relaxed restrictions on where the fence could be built, construction proceeded rapidly. By April
2010, 262 miles of pedestrian fence and 227 miles of vehicle fence had been constructed. Thus,
the majority of border fencing was completed during the relatively short period between 2006 and
2010. A minimal amount of fencing has been built since 2010, though the Trump administration
has been seeking funding to significantly increase construction of border walls.

According to de-classified government documents discussed in Feigenberg (2019), the fence
construction locations were chosen based as much on ease and cost than on security concerns.

For example, the U.S. CPB expressed frustration that fencing was being built not in areas that



were their operational priorities, but rather in areas that were advantageous to meet construction
deadlines. This suggests that endogeneity of fence location is less of a concern. Had fencing been
built in response to crime, then we would be worried about reverse causality. However, it appears
that fencing decisions were based more on ease of construction, so we feel more confident about

treating the construction of fencing as an exogenous shock.

3 A Model of Border Walls and Crime

To analyze the link between border enforcement and crime, we begin with the standard rational
choice model of crime participation introduced by Becker (1968) and revised by Ehrlich (1973).
The basic idea of this model is that individuals will engage in criminal activity if the returns from
committing a crime exceed those from participating in the legal market. Crime is risky, so we
must calculate the returns to criminal activity relative to the probability of getting caught and the

expected sanction if caught. This relationship is summarized as:

(1 —pj)U(Crime;) — p;U(S;) > U(Legaly) (1)

We use the subscript j to denote the particular location (U.S. county in our analysis). The proba-
bility of being caught in the crime is p; and the monetary value of committing the crime is C'rime;.
The monetary equivalent of the sanction if caught is .S; and the amount that could have been earned
in the legal job market is Legal;. Crime will therefore increase if the probability of capture falls, if
the value of crime rises, if the sanction falls, or if the value of legal activity falls. Following Soares
(2004), crime rates will be higher in regions with more conditions that make crime attractive.
Increased border enforcement may influence each component of this model. Increased enforce-
ment could cause the probability of capture to rise since there is a larger policing presence at the
border. There could be positive spillover effects that increase the ability to detect crime. For
example, building a border wall could allow local police departments to divert resources away from

the border and toward detecting criminal activity. On the other hand, if resources are funneled



into the construction of a border wall, this may come at the expense of local policing. There may
also be an element of moral hazard in which people may incorrectly assume that building a wall
will reduce crime and as a result be less vigilant about detecting crimes unrelated to the border.
Dudley (2018) points to trust as another potential reason why increased border enforcement may
reduce the effectiveness of local policing. If increased enforcement is done in an adversarial way,
there will be less trust between authorities and migrant communities. As a result, migrant commu-
nities will be less willing to work with law enforcement against organized crime. In addition, there
is likely to be less reporting of crimes such as domestic abuse by those vulnerable to immigration
enforcement.®

The value of committing a crime is likely to rise with increased border enforcement. Roberts
et al. (2010) find that smuggling costs along the border have increased alongside enforcement. Thus,
the construction of a border barrier will make that particular location a more lucrative crossing
point for smugglers. This in turn strengthens criminal organizations that actively participate in
human smuggling. Once a human smuggling network is set up, then there is an infrastructure for
trafficking other illegal goods and services. That increased border enforcement likely strengthens
criminal organizations is supported by evidence from Orrenius and Coronado (2015), who find that
violence along the border has increased alongside greater enforcement efforts. Laughlin (2019)
provides evidence that enforcement may have spillover effects in nearby areas. Following the con-
struction of a border fence, there is no significant increase in violence in Mexican localities near the
fence. However, there is an estimated increase of 1,000 deaths in localities that provide alternative
smuggling routes into the U.S.

The effect of increased border enforcement on the value of participating in the legal market is
less clear. On one hand, increased enforcement has been shown to reduce migration. With less
migration there is likely to be less competition for jobs in the unskilled labor market. As this is
the segment of the population more likely to engage in criminal activity, we are likely to observe

a reduction in crime as there are more legal opportunities for would-be criminals. In addition,

SFor example Amuedo-Dorantes and Arenas-Arroyo (2019) find that immigrants are more likely to re-
port domestic violence in ”sanctuary cities,” locations with policies that limit the cooperation of local law
enforcement with Immigration and Customs Enforcement.



increased enforcement may provide a short-run local stimulus to the economy with greater federal
spending on border barriers and patrols. As economic opportunities rise in the legal market, we
should observe a drop in criminal activity.

However, the reduction in migration could also have negative effects on the local economy. With
an economic downturn, legal opportunities could diminish. Furthermore, increased border enforce-
ment could serve to simply keep undocumented migrants on the U.S. side of the border whereas
they would have been more likely to cross back and forth with changes in seasonal employment
before. With more undocumented migrants staying on the U.S. side after a barrier is built, there
will be more people pushed into informal labor markets. Those in informal markets lose out on
legal labor protections and are more susceptible to extortion by criminal enterprises. Finally, in-
creased border enforcement tend to lead to more deportations and family separations. Youth that
are exposed to this kind of trauma are themselves more likely to participate in organized criminal
activity (Mok et al., 2018).

Thus there are several theoretical mechanisms through which increased border enforcement
could affect crime, but we cannot make a definitive prediction about the direction of the effect. If
increased border enforcement leads to improved local policing and better opportunities in the legal
market, crime should fall. However, increased enforcement could also deteriorate local policing,
increase the value of criminal activity in border counties, and possibly even reduce legal oppor-
tunities. In this case, border enforcement is likely to increase crime. Furthermore, there may be
regional differences in these effects, with some areas experiencing changes that are conducive to
more crime and others with those leading to less. Our analysis considers both the average treatment
effect across the entire border as well as the effect in individual counties, allowing local effects to

be a function of a complex set of factors.



4 Data on border construction, crime and county char-

acteristics

This paper utilizes data across a number of different sources. Our data on border construction come
from Castaneda and Quester (2017). These spatially-explicit data provide details on the location,
type and completion dates of individual fence segments for the entire border fence. The fence types
consist of pedestrian barriers (primary, secondary and tertiary) and vehicle barriers (temporary
and permanent). We focus on primary pedestrian barriers (as secondary and tertiary barriers are
built behind primary barriers) and both types of vehicle barriers. We relate segments to counties
based on their spatial location and aggregate fence segments based on type, year completed, and
county to which they pertain. Figure 1 presents the cumulative barrier construction over time.
Prior to 2005, little new construction took place and there existed minimal vehicle barrier and
approximately 65 total miles of primary pedestrian barrier. After the Secure Fence Act of 2006,
construction dramatically increased. By 2015, the total primary pedestrian barrier exceeded 400
miles and the combined vehicle barrier extended over 350 miles. This construction was not evenly
spread across border counties. Figure 2 presents construction over time as a share of a county’s
border with Mexico. Across the 16 counties that experienced border construction over this time,
the total construction ranged dramatically from over 100 miles (Pima and Yuma counties) to less
than 3 miles (Maverick, Val Verde, and Webb counties).

We collect data on crime rates from the Federal Bureau of Investigation’s Uniform Crime
Reports (UCR) from 2001 through 2014. We gather statistics on both property crime and violent
crime for all counties in states along the U.S.-Mexico border. The crime rate is calculated as the
total number of crimes committed (property or violent) per 1,000 inhabitants in a particular county.
Across the entire sample period, the average violent crime rate was 2.6 per 1,000 residents, while
the average property crime rate was 19.6 per 1,000. For counties adjacent to the border, these
rates were 3.5 and 27.0 per 1,000 for violent and property crime respectively. Thus, crime rates in

general are higher for border counties than non-border counties in the four states we examine. We
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have a total of 300 counties in our sample, of which 256 have data on crime for every year in the
sample.

Our final data source is the U.S. Census Bureau, from which we collect county-level data
on the labor force, unemployment rate, per capita income, and employment shares in agriculture,
government, and manufacturing. These variables are used as pre-treatment matching characteristics
for our synthetic control model. For example, we include labor share in agriculture as undocumented
migration from Mexico is likely to have different labor market outcomes (and thus effects on crime)
in counties that have higher shares of employment in agriculture. Pre-2006 county characteristics

are summarized in Table 1.

5 Empirical approach

Given the nature of our data, with annual construction measures, annual crime rates and con-
trols across counties that experience fence construction and those that do not, a natural empirical
approach would be a difference-in-differences model using the passage of the 2006 Secure Fence
act as the treatment date. Such an approach, however, relies on the assumption that the trends
in crime rates for counties that received border infrastructure expansion would, in the absence of
such investments, follow a parallel trend to counties that did not receive these investments. While
this assumption is fundamentally untestable, we plot trends in average crime rates across the 16
counties that received border infrastructure and compare them to trends for counties that received
no border infrastructure that lie within 100 miles of the US-Mexico border, counties that lie within
100 - 200 miles of the US-Mexico border and other counties in these states that are located more
than 200 miles of the US-Mexico border. Figure 4 indicates that both property crime rates and
violent crime rates are much higher at the start of our sample in the treatment counties com-
pared to other averages in our control group and, more importantly from the perspective of the
difference-in-differences identifying assumption, seem to be trending downward prior to treatment
and at a faster rate than our control counties. We take this as evidence against the parallel trends

assumption — the control group averages will not provide suitable counterfactuals for the treated
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counties and estimates from difference-in-differences will likely be biased. This motivates our use
of both synthetic control matching and matched panel data approaches described in the following

subsections.

5.1 Synthetic control analysis

Synthetic control matching provides a data-driven approach to choosing appropriate counterfactuals
(Abadie and Gardeazabal, 2003; Abadie et al., 2010, 2015). Rather than assume all untreated
counties are suitable counterfactuals, synthetic control matching creates a counterfactual for every
treated county by constructing a set of time-invariant, cross-sectional weights across untreated
counties in order to best match the treated county on pre-treatment outcomes. These weights are
applied to observed outcomes in the untreated group over the post-treatment period to construct
a synthetic control unit for the treated county in every year. A formal presentation of synthetic
control matching follows.

Consider the case of N + 1 units in a sample (indexed by i) observed over T time periods
(indexed by t). The sample consists of one treated unit (¢ = 1 for simplicity) receiving treatment
at some time Ty (with 1 < Ty < T') over the sample period. We observe k different pre-treatment
characteristics for each of the N+1 units. Let YZ% denote unit ¢’s outcome in period ¢ having received
the treatment and Yl(t) denote unit ¢’s outcome in period ¢t having not received the treatment. We
can represent the difference between the treated unit and the unobservable counterfactual in the
post-treatment period as:

Qrt = Yllt - Yl?: (2)

The fundamental problem of causal inference implies that we cannot observe both Yllt and Yﬂ.
Instead, when estimating the treatment effect for ¢t > T, we rely on our constructed counterfactual
}Afﬂ to estimate o 4:

OA‘Lt = Yllt - Yl?‘, (3)

We construct Yﬁ using a two-step procedure. The objective of the procedure is to match our

12



treated unit to untreated units so as to minimize the root mean squared prediction error (RMSPE)

over the pre-treatment period, that is \/ ﬁ tTifl(Yllt — }7195)2.

Our minimization of the pre-treatment RMSPE is achieved by choosing two sets of weights.
The first is a set of control weights, V, a k X k symmetric, positive semidefinite matrix that applies
relative weight of each of the control variables for the pre-treatment period. The second set of
weights, W = (wg,ws,...,wn11)’, is a N x 1 vector that applies unit weights on the untreated
observations. The elements in W are constrained to be nonnegative and must sum up to 1. The
unit weights are chosen so as to minimize the difference in pre-treatment observable characteristics
between the treated unit and the weighted average of control units. Let X4 be the k£ x 1 vector of
pre-treatment characteristics for the untreated unit and Xg be the £ x N matrix of pre-treatment

characteristics for the IV untreated units in the sample. Values of W are chosen to minimize the

following pre-treatment covariate distance measure.

X1 — XoW|| = /(X1 — XoW)'V(X; — XoW) (4)

Applying the time-invariant unit weights to the outcomes of the untreated units yields our

counterfactual outcome for any given year.

N+1
Yh =) wiYi (5)
=2

Because W will be a function of V, we follow Abadie et al. (2010) in choosing V to minimize
the pre-treatment RMSPE. Once we have our unit weights, we can estimate the treatment effect

for the treated unit in any given year as

N+1
aip =Yy — ) wYu ¥V t>T (6)
=2

Traditional inference cannot be conducted on the estimates detailed above and magnitudes alone
are not informative regarding significance of the estimated effect. To this end, we follow Abadie

et al. (2010) and many others in running placebo models by estimating treatment effects for every
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untreated unit. We then compare the ratio of the pre-treatment RMSPE to the post-treatment
RMSPE for both the treated unit and the untreated units. This ratio measure is increased by
an improved pre-treatment fit and by a larger estimated effect in the post-treatment period. We
report ‘quasi p-values’ as the share of placebo post/pre RMSPE ratios at least as large as that
of the treated unit.® We also present graphical evidence by plotting d;ss from t = 1,...,T for all
placebo estimates and overlay the treatment estimates. These figures can be found in the appendix.

In our context, we use 2006 as the treatment year (Tp) as this corresponds with the passage of
the Secure Fence Act and the earliest initiation of the subsequent infrastructure construction. Our
units are counties in the border states of California, New Mexico, Arizona, and Texas with treatment
counties consisting of border counties receiving infrastructure investment during this period. We
estimate a synthetic control model for each county (dropping all other treated counties).

We use a variety of pre-treatment characteristics for our matching; county crime rates from
2001 through 2005, labor force participation rate, unemployment rate, total population, population
density, annual per capita personal income, average employment shares in farming, manufacturing,
and government over 2001 - 2005, indicators for county location within 100, 150, and 200 miles
of the US-Mexico border. As noted by Ferman et al. (2020), there is not yet a consensus on how
pre-treatment outcomes should be included as matching variables. In our main analysis, we follow
Dustmann et al. (2017), Gobillon and Magnac (2016), Bohn et al. (2014), Billmeier and Nannicini
(2013), and Hinrichs (2012) — among many others — and include all pre-treatment outcomes (crime
rates) as matching variables to obtain the best possible fit. Doing so, removes the importance
weight placed on any non-outcome matching variables. However, due to the concerns raised by
Kaul et al. (2015) we also re-estimate our synthetic control models using average pre-treatment
crime rates and 2005 crime rates (in addition to other pre-treatment county characteristics) in lieu
of all annual pre-treatment period crime rates and present these results in the appendix.

We omit three counties from Texas from our analysis (Maverick, Val Verde, and Webb) because

they each received less than 3 miles of total border infrastructure over our sample window. We

SFor example, if there are 10 placebo estimates with post/pre RMSPE ratios larger than the treated unit,
and N + 1 = 243, the quasi p-value would be 11/243 = 0.045. Also note that, because we are agnostic on
the direction of the effect, our ranking is only on the RMSPE, not the sign of the estimated average effect.
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also omit the county of Hidalgo, New Mexico, due to insufficient crime data. We note that we
we do not have 2009 crime data for Luna county, so all synthetic control matching estimates for
that county omit 2009 to preserve the required balanced panel for synthetic control analysis. Table
1 presents pre-2006 summary statistics for our outcomes and matching characteristics for our 12
treated counties and our 242 donor counties.

Identification in synthetic control models requires the assumption that the matched control units
provide a suitable counterfactual to the treated unit. This assumption may be violated if outcomes
in control units are affected by the treatment status of the treated unit - i.e. in the context of spatial
spillovers. If crime is diverted to neighboring counties, synthetic control estimates could be biased
(if the displacement adversely affects untreated units in the donor pool selected by the synthetic
control matching). We believe this is of little concern in this context for two reasons; first, we have
limited observations of untreated border counties in our sample and, second, if such displacement
of crime to nearby counties did occur, it would cause us to overestimate crime reductions. If we
were to find significant reductions from our synthetic control estimates, we might be concerned
that these findings were a product of bias from spatial spillovers. As we find no effects in general,
we believe that such bias is not a primary concern. However, we recognize that we cannot rule
out such issues ex ante and re-estimate our main synthetic control matching models omitting all
untreated counties within 100 miles of the US-Mexico border from the donor pool thus ensuring

our synthetic estimates are not biased by displacement of criminal activity.

5.2 Matched panel approach

The key limitation of the synthetic control method in this context is that it restricts analysis to
binary treatment designations. While using the passage of the 2006 Secure Fence Act on border
counties receiving subsequent infrastructure expansion captures a broad treatment period for coun-
ties that are ever treated, it prevents us from utilizing our more detailed data on timing, type,
and length of actual border wall construction. However, as discussed above, differential trends

in crime rates prior to 2006 suggest that the use of a simple, two-way fixed effects model might
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falsely attribute downward trends in crime rates to border expansion using our full sample of 242
untreated counties.

To overcome this issue, we construct a matched control group from the synthetic matching
approach described above. For each of our crime types (property crime and violent crime) we sum
all donor weights received by each donor county from the 12 treated counties. We estimate two-way

fixed-effects models as follows:

Crime_rt;; = frBarrier;; + B2 X + o + v + €t (7)

Where Crime_rt;; is our crime rate outcome (for both property and violent crime), Barrier;
is one of three different measures we use for border distance (the inverse hyperbolic sine of barrier
miles, the ratio of barrier miles to US-Mexico border miles in the county, and simply the number
of border miles). We include time-varying county controls (in this case, the unemployment rate)
and county and year fixed effects (given by «; and ~; respectively. We also present results using
state-by-year fixed effects, although they typically have a negligible effect on coefficient estimates.

We estimate the equation above using a weighted model, whereby each control county receives
the sum of their synthetic weights and treatment counties receive a weight of unity. Our identifying
assumption in this context is analogous to that of the parallel trends assumption required in most
panel data models - i.e. we assume that, absent the border construction, crime rates in treated
border counties would have evolved over time parallel to crime rates in our matched sample. While
this fundamental assumption remains untestable, we are able to do look for evidence for or against
this assumption. First, we can plot year-by-year estimated differences between our treatment and
control samples to see if differences in crime rates are evolving distinctly in these groups prior to
2006. Furthermore, we can estimate model (7) with a set of leads and lags of border construction

to test whether any potential crime effects lead or follow barrier construction.”

"Figure A5 in the appendix plots average crime rates across our treated counties and the weighted average
of control counties. Comparing this plot to Figure 4, the matched sample does is better able to align the
pre-period crime rates than the full sample.
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6 Estimated Results

6.1 Evidence from Synthetic Control Methods

We present our main results in Table 2 for both property crime and violent crime outcomes. The
estimated effect we report is the average of annual differences between the observed crime in the
treated county and synthetic counterfactual crime rates for 2006 to 2014 (% 23212%06 &it). As
discussed above, traditional inference is not available in this context. For each estimate we present
‘quasi p-values’ which correspond to the share of the 242 placebo estimates from untreated donor
counties that have a larger ratio of post-treatment root mean square prediction error over the pre-
treatment root mean square prediction error. We also present the pre-treatment RMSPE as well
as the RMSPE ratio for each crime outcome.

Taken together, the results do not indicate any systematic relationship between border infras-
tructure investment and crime rates. Of the 12 estimates on property crime, 8 are negative and 4
are positive and none of these estimates appear significant using the quasi p-value metric described
above (meaning the post-treatment differences we observe in our treated counties are similarly likely
to be observed in non-treated, control counties). It is worth noting that the quasi p-values are not
proportional to the estimated effect — Pima county, for example, has an estimated effect of -39.02
but a quasi p-value of 0.88. Because the quasi p-value corresponds to the ratio of the post-RMSPE
to the pre-RMSPE, counties with poor pre-treatment fit with their synthetic controls will receive
higher p-values (Pima county’s pre-treatment RMSPE is 3.29, orders of magnitude larger than that
most treated counties).

Results for violent crime also lack a clear, significant relationship. Although 9 of the 12 are
negative, only one estimate achieves significance in terms of the quasi p-value is an estimated
decrease of 0.5 violent crimes per 1,000 residents in Santa Cruz county, Arizona. Of note regarding
the political rhetoric previously cited, El Paso county shows no sign of an effect from border
construction with small magnitude estimates that change signs across property and violent crime,

with neither RMSPE ratio exceeding that of 31 percent our placebo ratios.
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We present the individual time series in crime rates for each treated county overlaid with
the time series for the county’s synthetic control in Figures 5 (property crime) and 6 (violent
crime). Consistent with our estimates in Table 2, we see no systematic relationship in these figures.
Generally, counties that diverge from their synthetic control after 2006 have fairly poor fits in
the pre-treatment period. Pima county, for example, displays a dramatic drop in property crime
rates, but this drop begins prior to the passing of the Secure Fence Act and is largely driven with
a well-documented drop in crime rates for the city of Tuscon beginning in 2005. This explains
the large pre-treatment RMSPE observed for this county. We present figures of the year-by-year
estimated effects for each county with the year-by-year placebo estimates for all donor counties for
both property and violent crime rates in Appendix Figures Al - A4.

The results presented in Table 2 correspond to an average treatment effect from the passage
of the Secure Fence Act in 2006 until 2014. We separate each county’s treatment period into a
construction period and a post-construction period to assess whether our overall effects may be
masking heterogenous effects that differ across these periods. We define the construction period
for each county as 2006 until the completion of 97.5% of the total border wall built by 2014.8
Completion dates range from 2008 in Yuma, Donia Ana, and Luna counties to 2012 in Chochise
county.

Table 3 presents results for both property and violent crime for the construction and post-
construction periods. If county 7 completes construction in year 7', then the construction period es-
timate will be m 2?22006 &; ¢ and the post construction estimate will be m ngﬁ 1 Qi
We construct the quasi p-values analogous to those presented earlier, but use the post RMSPE
from the corresponding treatment period. Thus, the quasi p-value on the construction period will
be the share of placebo estimates that have a larger ratio of RMSPE for 2006 to T" divided by the
pre-2006 RMSPE and the post construction quasi p-value will be the share of placebo estimates

that have a larger ratio of RMSPE for T+ 1 to 2014 divided by the pre-2006 RMSPE.

Separating the effects across construction and post-construction periods also fails to yield sys-

8We use 97.5% rather than 100% only because there are a large number of counties that show very small
sections completed only in the last year. As such, we believe the 97.5% provides a more meaningful end date
of the construction.
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tematic results. We find a small but significant (p < 0.1) reduction in property crime in Luna
county during the construction period (2006 - 2008) that then attenuates and losses significance
upon completion of construction. For violent crime, the 0.5 reduction in Santa Cruz, AZ observed
above seems comprised of a 0.4 and 0.7 reduction in the construction and post-construction phases,
respectively. No other effects are significant at conventional levels using the quasi p-value for violent

crime.

6.2 Matched panel analysis

While our synthetic control analysis has the advantage of allowing us to estimate treatment effects
for each individual treated county, apart from comparing effects in the table, it is difficult to look for
systematic effects from treatment. Using the matched panel constructed from the synthetic donor
weights, we can examine changes in differences over time across treatment and control groups both
to assess the potential validity of our parallel trends assumption as well as whether we see divergence
in crime rates that coincide with treatment timing.

We begin by estimating year-by-year differences in crime rates across treatment and control
groups to see if they deviate relative to their 2005 difference. Figure 7 presents estimated differences
for each year (omitting the 2005 difference) via a model of county and year fixed effects. Panel 7a
presents estimates of year-by-year differences in property crime rates across the matched sample
(dark lines) and using a weighted model (gray lines) and Panel 7b presents the same for violent
crime rates. Estimates in these models measure differences in crime rates in a given year relative
to the 2005 difference. Across both figures, we see no significant estimated differences in either
pre 2006 or post 2006 periods. The absence of significant estimates prior to 2005 suggests that
trends in crime rates are not diverging prior to the 2006 Secure Fence Act between our weighted
counterfactual group and our treated group of counties, while the absence of significant estimates
after 2006 suggests that there are no strong, systematic crime reductions in our treated counties
that we can be attributable to border construction. We note a transitory (though not statistically

significant) dip in crime violent crime rates for the years 2007 and 2008, but no difference in 2009
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and beyond. We return to this point later in the analysis.

We present estimates of equation (7) in Table 4. We focus our analysis on pedestrian barrier
construction (rather than vehicle barrier construction) for two reasons. First, pedestrian barrier
represents the most costly portion of border infrastructure. According to a 2009 U.S. Government
Accountability Office report, pedestrian barriers cost an estimated $6.5 million per mile as compared
to vehicle barriers, which cost an estimated $1.7 million per mile.® Second, pedestrian barriers are
built closer to population centers and are likely to be more effective at restricting movements across
the border. Because vehicle barriers were likely to be put up in places where it was easier and
cheaper to build, estimates combining pedestrian and vehicle barriers could potentially attenuate
results from looking at pedestrian barriers alone. As such, we present estimates of pedestrian
barriers to ensure any null findings are not due to attenuation from vehicle barrier construction.

Table 4 presents coefficient estimates of 51 from equation (7). The three panels correspond to
different measures of pedestrian barrier construction; the inverse hyperbolic sine transformation of
the miles of pedestrian barrier (top panel), the ratio of pedestrian barrier miles to total US-Mexico
border miles in the county (middle panel), and the number of constructed pedestrian barrier miles
(bottom panel). Estimates for property crime rates are on the left four columns and estimates for
violent crime rates are on the right four columns. For each crime measure and barrier measure, we
estimate models with and without state-by-year fixed effects.

For property crime, we find no significant estimates in any of the 6 specifications. Estimates
are consistently negative, but statistically insignificant. Using the inverse hyperbolic sine of barrier
miles, the estimates indicate that a 10 percent increase in pedestrian barrier is associated with an
approximate reduction of 0.2 property crimes per 1,000 people per year. This would represent a
0.6 percent reduction in pre-2006 crime rates in treated counties. Again, these are not estimated
to be significantly different from zero. Taken together, these findings present strong evidence that
barrier construction (length and timing) had no effect on reducing property crime rates in these

border counties.

9These numbers are in 2008 dollars. In terms of today’s prices, the same figures would be $7.8 and $2.0
million per mile respectively. Source: U.S. Government Accountability Office (2009) For a side by side visual
comparison of the two types of barriers, see Figure A6 in the Appendix
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The coefficient estimates of pedestrian barrier construction on violent crime rates seem to
indicate a stronger relationship. Estimated coefficients are consistently negative across our three
measures and half of the specifications are marginally significant (p < 0.1). The inverse hyperbolic
sine transformed barrier miles suggest a 10 percent increase in pedestrian barrier construction is
associated with a 0.013 - 0.014 decrease in violent crimes per 1,000 people per year. This would be
a 3 percent reduction in the pre-2006 violent crime rates. Other measures also suggest economically
meaningful reductions associated with barrier construction.

Comparing these findings on violent crime rates to the observed transitory drop observed in
Figure 7b, we next test to see whether drops in crime follow barrier construction or precede it. To do
so, we estimate a version of equation (7) including three-year leads and lags of barrier construction.
Our model is as follows:

3

Crimert;y = Z BsBorder; s + B2 Xt + o + 7 + €5t (8)
s=—3

In this model, we estimate seven different coefficients to examine the timing of potential crime
reductions associated with timing of pedestrian barrier construction. In this equation, s denotes
the lead/lag. For example, S_3 estimates the effect of the amount of barrier constructed in year
t on crime in year ¢t — 3 (i.e. how does future barrier construction affect current crime rates). S
estimates the contemporaneous effect of barrier constructed by year ¢ on crime rates in year ¢ and
B3 estimates the lagged effect of barrier constructed in year ¢ on crime in year ¢t + 3 (i.e. how does
past barrier construction affect current rime rates). If it is the barrier itself that reduces crime,
we should expect to see effects concentrated in s > 0. However, if the effect is concentrated in
s < 0, this would indicate crime reductions actually preceded the construction of the barrier and
could not be attributed to the barrier itself. Rather, reductions in crime could be induced by the
economic stimulus of border construction, which would go away once construction is complete.

We estimate equation (8) for both types of crime using our matched sample and the weighted
matched sample models described above. Figure 8 presents coefficient plots of estimates of f_3— 43

from both outcomes (property and violent crime rates) on all three different measures of pedestrian
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barrier. For property crime, we see little systematic relationship in how the timing of barrier
construction affects crime rates (consistent with our null findings discussed above). For violent
crime, the effects are concentrated in the leading coefficients, meaning the observed reduction in
violent crime is occurring prior to the construction of the barrier, not after. In the IHS model, the
effect is strongest in the year before, in the barrier-to-border mile share, all three leading coefficients
are negative (though not individually significant) and contemporaneous and lagged coefficients are
less consistent. In the linear model using barrier miles, the two-year lead is significant in both
models with contemporaneous and lagged coefficients around zero.

The observed reductions in violent crime observed in Table 4 in fact precede barrier construction.
Additionally, when three year leads are included in model (7), the coefficient on barrier miles is
consistently rendered insignificant across all models. If the border wall did lead to a reduction
in violent crime through deterring migration patterns, we would expect to see these effects begin

and/or follow the completion of the barrier construction, not precede it.

6.3 Further analysis

We conduct a series of additional analysis related to the main synthetic control analysis detailed
above. County-level annual arrest data is collected from the Federal Bureau of Investigation’s
Uniform Crime Reporting Program (UCR) on arrests. We compute the total number of arrests for
all crimes as well as arrests for drug-related crimes for the counties in our sample. These county
arrest numbers are normalized by population to create arrest rates per 1,000 people for all arrests
and drug arrest rates per 1,000 people. Due to missing observations, we omit Luna county from
this portion of the analysis. We present averages in treated counties and untreated counties in
Table 1.

The benefit of arrest data is that it allows us to identify drug arrests separately. The UCR
crime data only has categories for violent and property crime, not crimes directly related to illegal
drugs. Identifying the potential impact of border walls on drug arrests is important given that

one of the stated justifications for constructing border walls is to reduce drug trafficking across the
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U.S.-Mexico border.

We conduct our same synthetic control analysis as above, using these different arrest rate
measures as our outcomes. We present our overall results for the 11 treated counties in our sample
in Table 5. Our results indicate no significant relationship between passing the 2006 Secure Fence
Act and arrest rates. Across our 22 estimated effects, only Cochise county yields an effect deemed
statistically significant in its quasi p-value, a reduction of 1.13 drug arrests per 1,000 after 2006.
All other estimates have quasi p-values ranging from 0.124 - 0.955. The estimates are evenly split
between positive and negative effects and most have very small mean squared prediction error in
the pre-treatment period, indicating that our lack of findings are not exclusively driven by poor
model fit. One exception is Hudspeth County, whereby the synthetic control model fit is quite poor
in the pre-2006 period across both arrest rate measures.

We disaggregate the estimated effects found in Table 5 by construction period and post-
construction period as above. We present the these results in Table 6. We find no evidence that
differences in construction timing mask overall effects on arrest rates. The estimate for drug ar-
rest rates found in Cochise county above remains similar across construction and post-construction
phases. Aside from an estimated increase in drug arrest rates during the construction phase in Pima
county, all other estimates are not significant (as measured by quasi p-values). Taken together, we
believe the estimates presented in Tables 5 and 6 indicate little to no relationship between border
construction and arrest rates.

In order to assuage concerns regarding potential spillovers of criminal activity to neighboring
counties, we re-estimate our synthetic control models on property and violent crime rates dropping
counties within 100 miles of the US-Mexico border from the donor pool. While crime displacement
from counties receiving border infrastructure investments to similar counties nearby should over-
state reductions in crime from such investments, we concede that we cannot rule out such spillovers
ex ante. By dropping control counties within 100 miles of the US-Mexico border, we greatly reduce
the risk that our synthetic counterfactual crime rates are being affected by spillovers from border
construction in treatment counties. We find no qualitative changes to our main estimates suggest-

ing that our null findings were not driven by spatial spillovers from border crime. The results are
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tabulated in appendix Tables B1 and B2.

Finally, we re-estimate our main model including only pre-treatment average and year-prior-to-
treatment outcomes in our matching. Such a restriction forces our matches to put more weight on
other county-characteristics (rather than all weight on pre-treatment outcomes). Due to differing
opinions on the correct way to leverage pre-treatment information, we estimate this alternative
model to demonstrate that our lack of systematic findings is not driven due to decisions over the
inclusions or omission of pre-treatment outcomes in our matching process. Our estimates remain

qualitatively similar. Our overall model results as well as our disaggregated timing model results

are tabulated in Tables C1 and C2.

7 Final Remarks

Estimates suggest that completing a physical barrier along the entire U.S.-Mexico border would cost
around $60 billion.!° Proponents of expanding border fencing often point to the crime deterrent
effects of this fence. While we acknowledge that completing a physical barrier across the entire
border may have certain general equilibrium effects that our setting does not capture, our estimates
suggest that crime deterrence is not a suitable justification for a border wall given that the existing
wall has done little to reduce crime. In general, we find little evidence of any overall effects of
border wall construction on crime rates.

We find very limited evidence that border walls have reduced crime. For example, from our
synthetic control analysis on crime rates in Table 2, the only significant effect we find is 0.5 per 1,000
fewer violent crimes in Santa Cruz County, AZ. This is a very small effect in terms of magnitude
when compared to the cost of border wall construction. For example, there are about 15 miles
of primary pedestrian border fencing in Santa Cruz County. Using the GAO construction cost
estimates of $6.5 million per mile of pedestrian fence, a rough estimate is that it cost nearly $97.5

11

million to build Santa Cruz County’s pedestrian border wall with Mexico."* Can this expense

ONowraseth (2019)
" Construction cost estimates reported in U.S. Government Accountability Office (2009). Miles of border
wall constructed include all construction from 2006-2014 based on authors’ calculations. Vehicle barriers are
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be justified by the 0.5 fewer violent crimes per 1,000 we estimate as a result of the border wall?
Similarly, from our synthetic control analysis on drug arrests in Table 5, the only significant effect
is a reduction of 1.13 per 1,000 drug arrests in Cochise County, AZ. The 55 miles of primary
pedestrian border walls in Cochise County cost $357.5 million to build. Again, this is a massive
expense for a relatively minor reduction in drug arrests. Would it have been better to direct border
wall expenses toward more effective crime reduction strategies such as increased policing, spending
on education, targeted interventions, etc?

Our matched panel estimates do find evidence of a negative relationship between border walls
and violent crime rates. However, when including leads and lags of borders wall construction, we
observe that the crime deterrent effects of construction on violent crime are all occurring before the
border walls are complete. This suggests that constructing a border wall may lead to a temporary
reduction in violent crime, but any reductions are most likely being driven by the short-run economic
stimulus effect of construction. Once construction is complete, we do not observe any lasting crime
deterrent effects of border walls. Further, the estimated temporary reductions in violent crime may
be difficult to justify given the small magnitude of crime reduction, the exorbitant costs of border

wall construction, and the temporary nature of these crime reductions.

not included so as to estimate a lower bound of construction costs
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Figures

Figure 1: Cumulative barrier construction by type
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This figure presents the cumulative barrier construction by year for the US-Mexico border. The red line
indicates the passage of the Secure Fence Act in 2006.
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Figure 2: County-level ratio of barrier to US-Mexico border by barrier type
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Notes: This figure presents the cumulative barrier construction by year for counties along the US-Mexico
border. Each plot represents the ratio of barrier length to length of border potted for each year in our sample.
The solid line is for the sum of primary pedestrian border, temporary and permanent vehicle barriers, the
different dotted lines present the individual categories separately. Vertical lines indicate the passage of the
Secure Fence Act in 2006.
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Figure 3: Map of counties in analysis
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Notes: This map presents the county classification in our sample. The red counties are border counties
that have any border construction by 2015. Blues differentiate minimum distance to the US-Mexico border.
Gray indicates counties with one or more missing outcome or control variables.
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Figure 4: Trends in crime rates across treatment and control counties
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Notes: This figure presents trends in average crime rates (for both property and violent crimes) for counties
that received border infrastructure (treated counties), for control counties within 100 miles of the US-Mexico
border, for counties within 100-200 miles of the US-Mexico border and for counties in border states that lie
more than 200 miles from the US-Mexico border.
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Figure 5: Observed and synthetic property crime rates
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Notes: This figure presents the time series of property crime rates for each treated county and the weighted
average of control counties that comprise the the synthetic control. The vertical line indicates 2006 — the
year of the passage of the Secure Fence Act.
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Figure 6: Observed and synthetic property crime rates
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year of the passage of the Secure Fence Act.
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Figure 7: Estimated treatment effects by year for matched sample
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Notes: These figures present year-by-year estimated differences between the border counties receiving barrier
construction after the Secure Fence Act and all control counties selected via the synthetic control procedure.
These year by year differences are estimated using a weighted two-way fixed effects model whereby control
observations receive the sum of their synthetic weights and treated observations receive a weight of unity.
All estimated differences between treatment and control counties are normalized to the 2005 difference (the
year prior to the passage of the Secure Fence Act). Panel (a) presents estimates for property crime rates
and Panel (b) presents estimates for violent crime rates.
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Figure 8: Coefficient estimates on 3-year lead/lag models of crime rates on pedestrian border
barrier measures

(a) Property Crime - THS Barrier Miles (b) Violent Crime - IHS Barrier Miles
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Notes: The figures above present coefficient estimates of leads and lags of different measures of pedestrian border fence on property and violent
crime rates. Coefficients are estimated from a weighted two-way fixed effects model whereby estimated control counties are weighted by the sum
of their synthetic weights and treated counties receive a weight of unity. Individual coefficients refer to the effect of the amount of constructed
barrier in the given year relative to the current year. For example, t — 3 captures the effect of barrier constructed 3 years prior on crime rates
in this year, t captures contemporaneous effects of barrier constructed in the present year on crime in this year, while ¢ + 2 captures the lagged
effects of previously constructed barrier two years ago on crime rates in this year.

36



Tables

Table 1: Pre-2006 Summary Statistics

Treatment Counties Control Counties

Mean STDev Mean  STDev
Property Crime Rate (per 1,000) 33.88 15.36 22.88 16.88
Violent Crime Rate (per 1,000) 4.20 1.63 2.86 2.32
Total arrests (per 1,000)* 49.75 28.6 44.42 18.99
Drug arrests (per 1,000)* 11.2 19.36 5.67 3.93
Unemployment Rate .0919 .0423 .0593 .0182
Population 515,712 781,204 235,380 776,961
Personal Income per capita 22,662 5,868 27,509 7,644
Labor force/Total Population 425 .0407 480 .0590
Population density (pop/KM?) 79.39 100.43 92.61  435.61
Farm Employment Share .044 .062 .091 .089
Manufacturing Employment Share .056 .033 .069 .053
Government Employment Share 225 047 179 .069

Notes: This table presents means and standard deviations of our crime measures as well as our matching
variables for 2001 - 2005 across our 12 treatment counties and the pool of 242 donor counties. Asterisks (*)
indicate that statistics for treatment groups omit Luna county due to missing arrest data.

37



10°0 > A
:SMO[0] S PIJOUIP SOURIYIUSIS "AIUN0D Yoed 10§ HJSINY ruetieais-oid 01 HJSINY ruewyesti-psod Jo oryer o) syuesaid FJSINY 014 /1504 oYL
"AJUmod pojear) oy} Jo ey} UeY} I93edIl o1yel I JSINY © oAy Jey) sojew)se Ajunod oqaderd jo areys oYy st anfea-d 1senb oy, F10g - 900C
10} JOIJUO0D JTIRYIUAS S, AJUN0D 9} 9SLIAUIOD JRYY) SOIJUNOD [OIFUOD JO dFRIGAR PIIYSIom o} pue Ajunod renorjred o) Ul 8)RI SUILID POAIISO 9}
U90M)O( DOUIIONPIP 9FRISAR 91} 0 SPUOdSIIIOD 100]Jo POIRUIIISO Y], ‘SO[eLIRA SUIDIRUL SB SOUI0IINO JUouIjeaI1-01d [[e SUIPN[OUL SOIIUN0d dATOM]
INO SSOIdE S9YRI QWILID JUslolA pue Aj1adoid joq UO J0€ 2OUSJ 9INIIS ) JO SOPEUIIISe [0IJU0D JII_YJUAS Urew o sjyuasald a[qe) SIY], :S9JON

17T 60° 8 86~ 1T+962T 0 Lv €C'1- XL ‘qredspny
Z1+980°¢ 0 9T 60°T- 0T+989'T 0 oL €LT- XL ‘o8reprg
0T+o1T°¢ 0 99° Ve IT+99T°¢ 0 e 9L'1- XL ‘osed [d
11+219°¢ 0 id 78'- 60+98L°C 0 6L L XL ‘uorsure))
TT+2L0°L 0 8T’ 78 CI+961°T 0 AN 69°C- JAN ‘“eunT

€0'S ag 6 68T AN €Ll 66° 6¢'8 AN ‘euy euo(q
TT+9gT°€ 0 4 96~ I1+979°8 0 ST’ 9¢¥- Vv ‘o8ar(q ueg
1+9v2' 1 0 ¢4 9z'1- TT+96£°C 0 L 98°C VD ‘Tetaduy
11+208°9 0 63 89~ 11+929'8 0 8T G6'T- 7V ‘ewng
€1+963¢ 0 0 wrxG" 9z°991 i) 78 €6°G 7V ‘Zni) ejues
Z1+90L°C 0 eT e l- 61T 64°¢C 88" 20°6¢- 7V ‘ewid

€69 8T 88 V- 0T+9GG'T 0 oL 6L'1- 7V ‘osIpon
AdSINY AdSINY on[eA-d  ¥99pd HASINY  AdSINY onfeA-d  1995H
014 /1504 o1 ISen()  pojewnsy 91J /1504 1] Isen)  pejewnsy £yuno))

QUL JUOLA owl) figuadosg

So[qeLIRA SUIYDJRU SB SOUIODINO Juotjeal}-o1d [[e Surpnour sjmnsar [0I15uo0d d1YIUAS g S[qR],

38



10°0 > Ay 600 > d, 00 > d,
SMOT[0] SB Pojousp ouROYIUSIS 900 0% Iotxd FJSINY oYl £q PopIaIp (UOIONIISU0d 3s0d 10 UOIIONIISUO0D) poldd JUouI)edl) JURAS[DI Y
Jo oyl HJSINY oY} ST oryel JJSINY OU L, ‘AIunod pojesrd o) JO B} URY) IoJedlsd o1l HJSINY © 9ARY jer) sojewr)se Ajunod ogooeld jo
9IRS O} ST aNfeA-J oY, "UOI}SoNDb Ul ouwIl} oY} I9AO S9JBI SWILID IIJOYIUAS O} PUB SOJRI SWILID PIAIISCO O} UOOM)I( SOOUSISPIP 98eIoA® 9}
are pourad yoes 10J $109f0 O, FIOE YSNoIy) Iead uorje[duwiod o) SUIMO[[0] IeaA o} Sk pauyep sI pold uoronijsuod-jsod oY) pur Ieok
uone[dwos oyroads 8y} 01 9OOg Sk peuyep SI AJUnoo yoes I10j poled UOIONIISUCD JY ], "PaIe[dwiod ST JU8)Xe IepIoq FTOG Y2 JO %G L6 UoIym
ur Iead oY) syuesard uwnjoo 3sIy oY, ‘porrod uoronIIsuod-3sod o) pue polrod UOIPONIISUOD oY) sourwexe A[pjeredss pue sojel dWILID JUS[OTA
pue £110dord yjoq WO 100 90U 9INIAS Y} JO (SOU00INO JuStIRaI)-01d [[e SUIPNOUI) S9JeUWISd [0IJUOD DIOYIUAS sjuasold o[qe) SI], :S9JON

8 2T 1" 78 69 ¢ 621~ i 9T'T- 600  XI ‘qredspnyy
ST’ 6~ er ve1- L co¢- L L9 010¢ XL ‘o8reprg
79" 99’ LY’ ST’ €T 19°G- 68" LT 1102 XI, ‘osed [d
e PT- i i 8 e 8. 68" 1102 X[, ‘uorowe))
9z’ 18T ita L1~ it T'1- L0’ J€G6 8002 JAN ‘eung
16 66° L8 ratd 66° LT°8 86" $G'8 800z  TAN ‘Buy ®UO(q
o €G- Le 65~ 9T’ 99°G- 9T’ VLC-  600C VD ‘08d1( ueg
e L0'T- ST’ ¢T- cgr L6C 8¢’ gL 6007 VO ‘etreduy
6¢ 86~ 44 68~ LT e 9T 10T 8002 7V ‘ewng
0 VL 0 88 €8’ e 8 VoL 110g  ZV ‘Zni) ejueg
ian cr1- N AN 88’ 8e0g- 0% 2T 600¢ 7V ‘ewld
8 CT'T- 76’ er L9’ €6°6- A ee z10e 7Y ‘osupop)

on[eA-J  19PH  on[eA-d  199PH on[eA-d  199PH  ON[BA-d 9P IeOx

UOT}ONIISU0I-)S0 ] UOT)ONIISUO)) UOTIONIISU0I-)S0J UOT)ONIISUO)) ‘duro) Lyunon)

JULLL) JUIJOLA owiat) figsodos g

SO[qRLIRA SUIYDJRUW SB SOWIODINO judut)jeal}-old [[e SUIPN[OUL SUIWI} UOIJONIJSUOD AQ SOYRWI)SH ¢ O[(R],

39



Table 4: Matched difference in differences estimates of crime on pedestrian barrier construc-
tion

Property Crime Violent Crime
L @ 3) (4)
IHS Barrier Miles -2.017 -2.007 -0.128 -0.147*
(1.954)  (1.659) (0.0782)  (0.0808)
No Obs 685 685 685 685
R? 0.209 0.300 0.209 0.300

(1) (2) (3) (4)

Barrier/Border Miles -3.930  -5.120 -0.108 -0.0954
(8.545)  (6.747) (0.617)  (0.576)

No Obs 587 o987 685 685

R? 0.290 0.400 0.199 0.289

(1) (2) (3) (4)

Barrier Miles -0.128 -0.115 -0.00844* -0.00749*
(0.106) (0.0939) (0.00427)  (0.00435)

No Obs 587 587 685 685

R? 0.340  0.429 0.213 0.298

Year FEs v v

State-by-Year FEs v v

Notes: This table presents matched two-way fixed effects models of crime on three measures of pedestrian
fence construction: the inverse hyperbolic sine of pedestrian fence miles, the ratio of pedestrian fence miles
to the US-Mexico border, and the total miles of pedestrian fencing. Outcome variables in Columns (1) - (2)
are property crime rates and Columns (3) - (4) are violent crime rates. Odd numbered columns include year
fixed effects and even numbered columns include state-by-year fixed effects. All models are estimated using
weighted regressions with control observations receiving the sum of their synthetic weights from the synthetic
matching exercise. All models control for the local unemployment rate. Standard errors are clustered at the
county level with significance denoted as follows: *p < 0.10
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Appendix A - Supplementary materials for main analy-
sis and text

In addition to providing the quasi p-values, a common approach to assess estimated treatment
effects is to plot the differences between the observed and synthetic outcomes over the plot of the
placebo effects through the sample period. Figures Al - A4 plot &;; from 2001 - 2014 for all placebo
counties in gray with the plot of &4 from 2001 - 2014 for the treatment county in question in black.
Plots on the left pertain to property crime rate effects and plots on the right pertain to violent
crime rates. As discussed in the results section above, those treatment counties with post-treatment
effects that lie to the extremes of the placebo effects often have poor pre-treatment fit (i.e. dy4s far
from zero for ¢ < 2006). Examples include Pima county and Dona Ana county for property crime.

We also present the unit weights received by each of the donor counties across our 24 different
estimates in Tables A1l - A12. Donor counties receiving less than 1% of the weight are omitted for
clarity and explains why many tables have weights that do not sum to 1. Only three estimates
place more than 50% of the total donor weight on one single donor unit (Pima, AZ - property

crime, Dona Ana, NM - property crime, and Hudspeth, TX - property crime).
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Figure A1l: Estimated effects by year for treatment and placebo counties including all pre-
treatment outcomes in matching (1/4)

(a) Cochise, AZ — Property Crime Rate (b) Cochise, AZ — Violent Crime Rate
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(c¢) Pima, AZ — Property Crime Rate (d) Pima, AZ — Violent Crime Rate
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(e) Santa Cruz, AZ — Property Crime Rate (f) Santa Cruz, AZ — Violent Crime Rate
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Figure A2: Estimated effects by year for treatment and placebo counties including all pre-
treatment outcomes in matching (2/4)

(a) Yuma, AZ — Property Crime Rate (b) Yuma, AZ — Violent Crime Rate
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(c) Imperial, CA — Property Crime Rate (d) Imperial, CA — Violent Crime Rate
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(e) San Diego, CA — Property Crime Rate (f) San Diego, CA — Violent Crime Rate

| | |
6 8 10
| | |

1
4
1

10 20 30 40 50

Estimated Effect

-50 -40 -30 -20 -10 O

1
Estimated Effect
0
1

1 1
6 -4
1 1

|
-8
|

T T T T T T T T
2000 2005 2010 2015 2000 2005 2010 2015
Year Year

45



Figure A3: Estimated effects by year for
treatment outcomes in matching (3/4)

(a) Donia Ana, NM — Property Crime Rate
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Figure A4: Estimated effects by year for treatment and placebo counties including all pre-
treatment outcomes in matching (4/4)

(a) El Paso, TX — Property Crime Rate (b) El Paso, TX — Violent Crime Rate
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(c) Hidalgo, TX — Property Crime Rate (d) Hidalgo, TX — Violent Crime Rate
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(e) Hudspeth, TX — Property Crime Rate (f) Hudspeth, TX — Violent Crime Rate
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Figure A5: Trends in average crime rates for 12 treated counties and weighted average crime
rates over donor countries
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Figure A6: Photgraph of pedestrian and vehicles fencing along the U.S.-Mexico border in
Santa Teresa, New Mexico. The vehicle barrier is considerably less imposing. March 5, 2019.
Photo by Lucy Nicholson/Reuters
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Table Al: Weights for Cochise, AZ

Property Crime

Violent Crime

County Synth Weight County Synth Weight
King, TX 0.384 Wichita, TX 0.327
Mohave, AZ 0.355 San Francisco, CA 0.231
McKinley, NM 0.063 Wilbarger, TX 0.176
Victoria, TX 0.063 Trinity, CA 0.167
Galveston, TX 0.033 Tehama, CA 0.099
Gray, TX 0.022

Table A2: Weights for Pima, AZ

Property Crime

Violent Crime

County Synth Weight County Synth Weight
Potter, TX 0.539 Bernalillo, NM 0.189
Tuolumne, CA 0.382 Potter, TX 0.181
Gray, TX 0.079 Valencia, NM 0.090
McKinley, NM 0.034
Wilbarger, TX 0.020
Fresno, CA 0.016
Table A3: Weights for Santa Cruz, AZ
Property Crime Violent Crime
County Synth Weight County Synth Weight
Sherman, TX 0.384 Sterling, TX 0.115
Trinity, CA 0.281 King, TX 0.103
Gray, TX 0.132 Alpine, CA 0.031
Del Norte, CA 0.111 Gillespie, TX 0.023
Alpine, CA 0.092 Blanco, TX 0.015
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Table A4: Weights for Yuma, AZ

Property Crime Violent Crime

County Synth Weight County Synth Weight
Valencia, NM 0.117 Lamar, TX 0.251
Comanche, TX 0.110 San Francisco, CA 0.238
Galveston, TX 0.108 Tuolumne, CA 0.119
Potter, TX 0.072 Jim Hogg, TX 0.033
San Francisco, CA 0.020 Potter, TX 0.032
Hockley, TX 0.016 Alpine, CA 0.032
Sterling, TX 0.014

Table A5: Weights for Imperial, CA

Property Crime Violent Crime
County Synth Weight County Synth Weight
Valencia, NM 0.325 Potter, TX 0.192
McKinley, NM 0.166 Wilbarger, TX 0.137
Mohave, AZ 0.152 Cottle, TX 0.120
Potter, TX 0.063 McMullen, TX 0.035
Midland, TX 0.058 Borden, TX 0.015
Bernalillo, NM 0.028

Table A6: Weights for San Diego, CA

Property Crime Violent Crime
County Synth Weight County Synth Weight
King, TX 0.144 Potter, TX 0.195
Valencia, NM 0.096 Cottle, TX 0.101
Potter, TX 0.083 Donley, TX 0.031
San Francisco, CA 0.024 La Salle, TX 0.028
Jim Wells, TX 0.012 Tuolumne, CA 0.020
Mohave, AZ 0.011 Del Norte, CA 0.013
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Table A7: Weights for Dona Ana, NM

Property Crime Violent Crime
County Synth Weight County Synth Weight
Hemphill, TX 0.644 Donley, TX 0.483
McKinley, NM 0.281 Wood, TX 0.214
Mohave, AZ 0.049 McMullen, TX 0.175
Santa Barbara, CA 0.025 Wilbarger, TX 0.071
Borden, TX 0.057

Table A8: Weights for Luna, NM

Property Crime Violent Crime
County Synth Weight County Synth Weight
Angelina, TX 0.38 Jim Hogg, TX 0.343
Tuolumne, CA 0.28 Brown, TX 0.243
Victoria, TX 0.077 Victoria, TX 0.129
Potter, TX 0.065 Jim Wells, TX 0.108
McKinley, NM 0.012 Tuolumne, CA 0.087

Table A9: Weights for Cameron, TX

Property Crime Violent Crime
County Synth Weight County Synth Weight
Tuolumne, CA 0.230 Potter, TX 0.133
Alpine, CA 0.210 Donley, TX 0.112
Rains, TX 0.157 Dallam, TX 0.066
Potter, TX 0.155 La Salle, TX 0.044
Bernalillo, NM 0.123 Borden, TX 0.035
Sonoma, CA 0.041 Santa Barbara, CA 0.014
Palo Pinto, TX 0.027 Tehama, CA 0.013
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Table A10: Weights for El Paso, TX

Property Crime Violent Crime
County Synth Weight County Synth Weight
Trinity, CA 0.465 Los Angeles, CA 0.417
McKinley, NM 0.110 Brown, TX 0.147
Bernalillo, NM 0.107 La Salle, TX 0.136
Potter, TX 0.096 Tuolumne, CA 0.136
Angelina, TX 0.074 Cottle, TX 0.090
Alpine, CA 0.016 Bernalillo, NM 0.048
Potter, TX 0.011

Table A11: Weights for Hidalgo, TX

Property Crime Violent Crime
County Synth Weight County Synth Weight
Potter, TX 0.243 Potter, TX 0.168
Mohave, AZ 0.237 La Salle, TX 0.125
Tuolumne, CA 0.105 Cottle, TX 0.109
Victoria, TX 0.100 Donley, TX 0.108
Angelina, TX 0.022 Alpine, CA 0.087

Del Norte, CA 0.023
Tuolumne, CA 0.023

Table A12: Weights for Hudspeth, TX

Property Crime Violent Crime
County Synth Weight County Synth Weight
Comanche, TX 0.754 Brown, TX 0.346
King, TX 0.078 Sterling, TX 0.335
Mohave, AZ 0.070 Borden, TX 0.168
Galveston, TX 0.025 Alpine, CA 0.086

Cottle, TX 0.064
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Appendix B - Results dropping all untreated counties
within 100 miles of the US-Mexico Border

In this appendix section, we present results from our main synthetic control models in which we

omit all untreated counties within 100 miles of the US-Mexico border from the donor pool.
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Appendix C - Matching results on averaged pre-treatment
outcomes

In this section, we present results from our main synthetic control models in which we include the
pre-treatment average crime rates and the crime rates in the year prior to treatment (2005) rather
than all pre-treatment years. Tables C1 and C2 replicate Tables 2 and 3 from the main text but
use average pre-treatment outcomes, outcomes in the year prior to treatment, as well as the other
control variables as matching variables. Figures C1 and C2 replicate Figures 5 and 6 in the same
form.

The main estimates across the entire post-2005 period find no significant reductions in property
crime rates or violent crime rates for any of the 12 treated counties - only a marginally significant
increase in property crime rates for Imperial County, CA and an increase in violent crime rates in
Luna County, NM. All other counties display changes that would be in line with placebo changes
observed in the donor pool. It is worth noting that, despite the sizeable effect in Pima County,
AZ, that estimate has a large quasi p-value due to the difficulty matching pre-treatment outcomes
in years prior to 2006. As mentioned above, the city of Tuscon enacted aggressive police tactics
starting in 2005 that led to a well-documented decrease in crime that preceded the construction of
the border wall.

Table C2 presents synthetic control estimates across construction and post-construction periods
including all pre-treatment outcomes in the matching. It seems that Table C1 does not mask
substantial heterogeneous effects. The construction and post-construction effects for violent crime
in Santa Cruz county are both significant via the quasi p-value. Violent crime appears to decrease
in Luna County during construction, but is offset by an increase post construction. We also see a
small, marginally significant reduction in property crime in Yuma county during the construction
period, but the reduction becomes insignificant in the post-construction period. Overall, Tables
C1 and C2 are consistent with our story of little systematic effect between crime rates and border
construction.

Figures C3 - C6 present the graphical results from the synthetic control analysis matching on
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all pre-treatment outcomes.
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Figure C1: Observed and synthetic property crime rates for treated counties - matching on
average pre-treatment outcomes
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Notes: This figure presents the time series of property crime rates for each treated county and the weighted
average of control counties that comprise the the synthetic control. The vertical line indicates 2006 — the
year of the passage of the Secure Fence Act.
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Figure C2: Observed and synthetic violent crime

average pre-treatment outcomes

rates for treated counties - matching on
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Notes: This figure presents the time series of violent crime rates for each treated county and the weighted
average of control counties that comprise the the synthetic control. The vertical line indicates 2006 — the
year of the passage of the Secure Fence Act.
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Figure C3: Estimated effects by year for treatment and placebo counties (1/4)

(a) Cochise, AZ — Property Crime Rate
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Figure C4: Estimated effects by year for treatment and placebo counties (2/4)

(a) Yuma, AZ — Property Crime Rate (b) Yuma, AZ — Violent Crime Rate
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Figure C5: Estimated effects by year for treatment and placebo counties (3/4)

(a) Dona Ana, NM — Property Crime Rate
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Figure C6: Estimated effects by year for treatment and placebo counties (4/4)

(a) El Paso, TX — Property Crime Rate
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