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Abstract

Many countries have reduced refugee admissions in recent years, in part due to fears
that refugees and asylum seekers increase crime rates and pose a national security
risk. We provide evidence on the effects of refugee resettlement on crime, leveraging a
natural experiment in the United States, where an Executive Order by the president
in January 2017 halted refugee resettlement. We find that, despite a 65.6% drop in
refugee resettlement, there is no discernible effect on county-level crime rates. These
null effects are consistent across all types of crime. Overall, the results suggest that

crime rates would have been similar had refugee arrivals continued at previous levels.
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Both the scale of refugee crises and political conflict around the issue have reached a
high-point in recent years. The United Nations High Commissioner for Refugees (UNHCR)
reports that a record high of 68.5 million people are currently globally displaced, including 3.1
million asylum seekers and 25.4 million refugees [1]. Many displaced people seek a new home
in a safe host country, either through asylum or refugee resettlement. The United States
alone has resettled nearly a million refugees since 2002, bringing in thousands of refugees
each year [2]. Canada, another major resettlement country, has welcomed some 700,000
refugees over the past four decades [3]. And European countries have received millions of
asylum seekers in recent years [4]. Despite these efforts, however, an estimated 1.4 million
individuals who in need of permanent resettlement to a safe country [5].

As the demand for resettlement has reached a historic high, there has been growing
opposition to refugees in the West, and several major host countries have begun to close
their doors to asylum seekers and refugees. These policy reversals are motivated in part by
a concern, often voiced by opponents of refugee resettlement, that refugees put native-born
residents at an increased risk of crime and terrorism. Across Europe, leaders of resurgent
far-right movements regularly blame refugees for crime. Similarly, in the United States
President Trump argued during his presidential campaign that refugees pose a threat to
native-born citizens, and shortly after taking office he took immediate steps to considerably
reduce refugee resettlement.

On January 27, 2017, President Trump signed Executive Order #13769, which suspended
the United States Refugee Admissions Program (USRAP) for 120 days to allow his adminis-
tration to review the application process and ensure “that those approved for refugee admis-
sion do not pose a threat to the security and welfare of the United States [6].” In addition,
the administration cut the admission ceiling by more than half. Overall, these efforts led to
about a 65.6% drop in the number of refugees resettled to the United States between 2016
and 2017. Consequently, admissions in 2017 were among the lowest since the beginning of

USRAP (33,368 individuals) [2]. Resettlement numbers for 2018 were even lower, with only



21,148 refugees admitted as of early December [7].

Given these consequential concerns about a link between refugees and crime, it is impor-
tant to gather systematic empirical evidence on the issue. Previous studies have found that
immigration more generally does not have discernible effects on crime rates [e.g., (8] (9, 10, [11]
although some studies find modest decreases [12] [13] and others modest increases in crime
due to immigration [14], [15] [16] 7). There exists less evidence on the effect of refugees and
asylum seekers specifically, but some studies from Europe suggest similar null effects or a
small increase in crime rates, based on evidence in Germany [18|[1920]. There is a paucity of
research on the effects of refugee resettlement on crime in the United States. One exception
is a recent study by [21] who examine data from 2006 through 2014 and find no evidence of
an effect of refugee resettlement on crime and terrorism related incidents.

One methodological challenge in estimating the effect of refugees on crime is the non-
random selection of refugees to locations. For example, in the United States domestic re-
settlement agencies administer the allocation of refugees. While refugees with family ties in
the United States are typically assigned to locations close to their family members, refugees
without family ties are allocated based on local capacity. Due to this non-random allocation
process we cannot simply infer the effect of refugees on crime by comparing areas that re-
ceive many refugees to those that receive few. If we find that high-receiving areas have lower
crime rates, this might just reflect the fact that resettlement agencies are reluctant to send
refugees to areas with high crime rates. In order to alleviate this selection bias and isolate
the causal effect of refugees from the influence of unmeasured confounding factors that are
correlated with both refugee resettlement and crime rates, we require exogenous changes in
refugee resettlement that are uncorrelated with local crime trends.

In this study we build on [2I] to examine the link between refugee resettlement and
crime rates in the context of the United States resettlement program. We leverage the large,
sudden drop in refugee resettlement due to Executive Order #13769 (the “refugee ban”)

as a natural experiment to study whether reducing refugee resettlement led to a reduction



in crime rates. This design allows us to overcome some of the methodological challenges
that make it difficult to isolate the effect of refugees on crime because, as we show below,
the reduction in arrivals caused by the ban was uncorrelated with pre-existing local crime
trends. To our knowledge, this is the first study to examine the effects of this sudden policy
reversal.

Our analysis focuses on the county-year level. Our outcome of interest is crime rates
measured as the number of crimes in a given year per 100,000 county population. We use the
Uniform Crime Reports (UCR) database published by the Federal Bureau of Investigation
(FBI) for the period 2010-2017. We measure refugee arrivals using data from the Department
of State’s Worldwide Refugee Admissions Processing System (WRAPS). Overall our sample
covers 6,296 county-year observations. Descriptive statistics (Table E and Figures @,
@ and and details about the data, sample, and statistical analysis are reported in the
Supplementary Materials (SM).

Figure [1] illustrates our research design. Panel A shows the large and sudden drop in
refugee arrivals following the Executive Order in 2017. Our design exploits the fact that this
nationwide reduction affected counties very differently. As shown in Panel B, the ban resulted
in much larger reductions in refugee arrivals in those counties that had received higher
numbers of refugees prior to the ban. We leverage this exogenous variation in the reduction
of arrivals in a difference-in-differences design that allows us to estimate the effect of reducing
refugee arrivals on crime rates. We compare crime trends in counties that experienced large
drops in arrivals with counties that experienced much smaller or no reduction in arrivals.

Importantly, given that the Executive Order was based on federal policy considerations
rather than local conditions, the resulting variation in the reduction in arrivals should be
unrelated to pre-existing trends in county crime rates. Panels C-F of Figure [1| show that
there is no discernible relationship between the reduction in arrivals and historical trends
in crimes rates of murder, rape, assault, and burglary. This pattern supports the parallel

trends assumption for the difference-in-differences design.



Given that high- and low-receiving counties had similar crime trends prior to the ban,
it is reasonable to assume that these counties would have continued on such parallel crime
trends had the ban not occurred. Under this parallel trends assumption, the crime trends in
low-receiving locations that experienced little change in new arrivals provide a valid estimate
of the unobserved counterfactual crime trends we would have observed in the high-receiving
locations had the ban not occurred (see Figures and Table [S2 for further evidence on

parallel trends).

Results

Did halting refugee resettlement reduce crime rates? Figure |2 provides a graphical summary
of the main findings from our natural experiment. Across all four types of crime, we find no
discernible relationship between the reduction in refugee arrivals per capita and the change
in the local crime rates when comparing the years before and after the ban. This indicates
that halting refugee resettlement had no discernible effect on trends in local crime rates
compared to the counterfactual trends the counties would have experienced had the ban
not been implemented. The results are similar for other crime types, including theft, motor
vehicle theft, and robbery (Figure ; when using log transformation (Figures @ and
S12; and when fitting linear models (Tables [S3HS6).

Next we turn to estimating the difference-in-differences models. Pooling the data from the
2010-2017 period, we regress crime rates on the interaction between a measure of exposure to
the Executive Order and the indicator for the year 2017, which marks the post-ban period.
The coefficient of interest is the interaction term that identifies the differential change in
crime rates between counties that experienced large and small reductions in arrivals due to
the ban. We use two specifications. In the first, the measure of exposure is the number
of arrivals per capita in 2016. In the second, we relax the linearity assumption on the

interaction and measure exposure with three dummy variables, which differentiate counties



with no arrivals, a low number of arrivals per capita, or a high number of arrivals per capita.
The split between low and high is based on the median number of arrivals per capita among
counties that received a non-zero number of refugees in 2016. All models control for time-
invariant county characteristics with county fixed-effects, common temporal shocks with year
fixed-effects, and linear county-specific trends in crime rates.

Table [1] presents the results from our difference-in-differences models. If the Executive
Order decreased crime rates we would expect a negative interaction effect. This would
indicate that counties with higher levels of exposure, and therefore higher reductions in
arrivals, experienced larger decreases in crime rates between the pre- and post-ban period.
Instead, we find that there is no discernible relationship between exposure to the Executive
Order and changes in crime rates. For the linear specification all the interaction terms are
statistically insignificant at conventional levels. The point estimates for three of the four
crime types are positive, indicating that counties with larger reductions in refugee arrivals
experienced larger increases in crime rates. The results are similar for the delinearized
specification. Again, the point estimates for three of the four crime types are positive, and
one is statistically significant. Overall, these results show that the ban’s reduction in refugee
resettlement had no discernible impact on crime rates.

How precisely estimated are these null effects? First, consider the linear specification.
Note that the average number of refugee arrivals per 100 population is 0.02, with a standard
deviation of 0.07. For burglary, the most common of the four types of crime, our estimates
suggest that counties that had a one standard deviation higher exposure to the Executive
Order experienced about a 0.78 higher change in the rate of burglaries per 100,000 population.
Based on our 95% confidence interval for this effect, we can rule out the possibility that a
one standard deviation higher exposure to the ban led to a change in the burglary rate that
was larger than a decrease of 5.5 or an increase of 7.1. These are substantively small changes
given that the median burglary rate is about 462. The corresponding confidence intervals

for murder, rape, and assault are (-0.14, 0.24), (-1.19, 0.78), and (-2.45, 7.83), respectively.



The results are similar for the delinearized specification. For burglary, the estimate
suggests that the differential change between high-receiving counties and those that had no
exposure was 8.1 burglaries per 100,000 population. Based on our 95% confidence interval
for this effect, we can rule out the possibility that the effect of the Executive Order was
larger than a decrease of 14.3 or an increase of 30.4 in the burglary rate. The corresponding
confidence intervals for murder, rape, and assault are (-0.47, 0.73), (-3.80, 2.46) and (2.38,
26.15), respectively. Overall, the non-rejected effect sizes are small compared to the median
crime rates, which supports an interpretation of the results as meaningful null findings.

In the SM we present various checks that support the robustness of these null findings.
We find that the null effects also hold for other types of crime, including theft, motor vehicle
theft, and robbery (Table ; after log transformations (Tables and [S9); when using
alternative independent variables (Tables @ and @ and Figure and when focusing
on high crime areas (Tables @ and . Additionally, the null findings hold when we allow

for differential changes prior to the Executive Order by interacting the exposure variables

with each year (Figures [S14-{S17).

Conclusion

In recent years policymakers have grown increasingly concerned about a potential link be-
tween refugees and crime. In response, Western host countries have reduced refugee admis-
sions. In this study we leverage a major policy reversal in the United States—Executive
Order #13769—as a natural experiment to examine whether halting refugee resettlement
reduced local crime rates. The ban triggered a reduction in refugee arrivals that was uncor-
related with pre-existing local crime trends. This design enables us to improve on existing
work in isolating the effect of reducing refugee resettlement from other confounding charac-
teristics.

We find that despite an 65.6% overall drop in refugee arrivals, the Executive Order had no



discernible impact of on local crime rates. Instead, the estimates suggest that the reduction
in refugee arrivals had a precisely estimated null effect on crime rates, and this result is
robust across different types of crime and alternative specifications. This null finding is
consistent with and adds to the small but growing literature suggesting that refugee arrivals
have, at most, modest effects on crime rates [18, [19, 20].

There are at least three factors that likely contribute to the minimal impact of reducing
refugee resettlement on crime rates in the United States. The first is the selection process
of refugees, in which applicants pass through multilayered vetting that involves multiple
agencies running extensive background checks. In addition, refugees are typically selected on
vulnerability-based criteria, which prioritize people with injuries and other forms of hardship.
Given this selection process, it appears likely that admitted refugees are on average no more
prone to engage in criminal activity than the general native population.

The second factor involves the scale of refugee resettlement. While the United States
resettlement program is larger than its counterparts in other countries in terms of absolute
numbers, admitted refugees make up a small fraction of the United States population. For
example, across the 2000-2016 period the average county received about two refugees per
100,000 persons per year, and the maximum was 178 refugees per 100,000 persons per year.
Given this, the impact of refugees on the crime rate is likely to be limited compared to the
impact of the native population.

Third, the demographic composition of people resettled to the United States differs from
that of asylum seekers in Europe. The recent group of asylum seekers in Germany consists
predominantly of young men, the demographic group that is considered at highest risk to
commit crimes [22]. For example, in 2016, 34% of asylum seekers in Germany were men
between the ages of 18 and 35 [23]. In contrast, approximately 14% of the refugees resettled
to the United States in 2016 were men within a similar age range [24].

Our findings have important implications for refugee policy, suggesting that restricting

resettlement to the United States is unlikely to yield benefits in terms of reducing the crime



rate. In fact, our results suggests that changes in crime rates would have been similar had
arrivals continued at pre-ban levels.

Our study is not without limitations. Given that our data ends in 2017, we can only
examine the short-term effects of the Executive Order. Also, our results are limited to
the context of the United States resettlement program and might not apply to European
countries, where most refugees enter initially as asylum seekers after crossing the border.
Further research on this topic is needed to develop a more comprehensive evidence base

about how refugees affect receiving communities.
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Figure 1: Research Design: Comparing Counties with Low and High Exposure to
Executive Order #13769. A: Refugee arrivals dropped nationwide in early 2017 due to
the Executive Order. B: The reduction in arrivals was much larger in counties that received
the most refugees prior to the ban. Green (solid), red (long dashed), and black (short dashed)
lines indicate average number of arrivals for counties that are in the top, middle, and bottom
tercile in terms of arrivals between 2002 and 2016. C-F': There is no detectable relationship
between the 2016-2017 change in refugee arrivals per capita and the 2010-2016 changes in
local crime rates. Blue lines are local linear regression (LOESS) fits.
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Figure 2: The Effect of the Executive Order on Local Crime Rates. Plots show the
relationship between the 2016-2017 drop in refugee resettlement due to the Executive Order
and the 20162017 changes in crime rates across counties. The flat LOESS lines demonstrate
that there is no discernible relationship between the reduction in refugee resettlement and
local crime rates for murder (A), rape (B), aggravated assault (C'), and burglary (D).
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Murder Rape Assault  Burglary

Panel A: Linear Specification

Difference-in-Differences 0.734 -2.918 38.410 11.245
(1.392) (7.146)  (37.420) (45.656)

Panel B: Delinearized Specification

Low Receiving Counties -0.379 0.413 4.516 1.662
(0.282)  (1.434)  (5.260)  (10.584)
High Receiving Counties 0.132 -0.669  14.266** 8.070
(0.304)  (1.594) (6.053) (11.374)
Observations 6296 6296 6296 6296
Mean Crime Rate 3.814 34.049  202.847 527.871
SD Crime Rate 4.972 24.502 162.314 329.079
County Trends X X X X

Table 1: Difference-in-Differences Results for the Effect of the Executive Order on
Local Crime Rates. Each entry presents the difference-in-differences estimate comparing
crime rates in counties with a high and low exposure to the Executive Order. See SM for
details of the empirical strategy. We find no discernible relationship between exposure to
the Executive Order and changes in local crime rates.

11



References

[1] UNHCR. Figures at a Glance. https://www.unhcr.org/figures-at-a-glance.html. Ac-
cessed December 10, 2018.

[2] WRAPS. Worldwide Refugee Admissions Processing System database. Accessed on
October 10, 2018.

[3] UNHCR. UNHCR news. https://www.unhcr.org/news/press/2017/4/58fe15464 /canadas-

2016-record-high-level-resettlement-praised-unhcr.html. Accessed December 10, 2018.

[4] Eurostat. Asylum  Statistics.  https://ec.europa.eu/eurostat /statistics-

explained /index.php/Asylum statistics. Accessed December 11, 2018.

[5] UNHCR. Projected Global Resettlement Needs 2019.
https://www.unher.org/5b28a7df4. Accessed December 10, 2018.

[6] Executive Order #13769. https://www.whitehouse.gov/presidential-actions/executive-
order-protecting-nation-foreign-terrorist-entry-united-states/. Accessed December 10,

2018.

[7] WRAPS. PRM Admissions Graph November 30, 2018.

http://www.wrapsnet.org/admissions-and-arrivals/. Accessed December 16, 2018.

[8] Kristin F Butcher and Anne Morrison Piehl. Cross-city evidence on the relationship be-
tween immigration and crime. Journal of Policy Analysis and Management, 17(3):457—

493, 1998.

[9] Matthew T Lee, Ramiro Martinez, and Richard Rosenfeld. Does immigration increase
homicide? Negative evidence from three border cities. The Sociological Quarterly,

42(4):559-580, 2001.

12



[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

Aaron Chalfin. What is the contribution of Mexican immigration to US crime rates? Ev-
idence from rainfall shocks in Mexico. American Law and Economics Review, 16(1):220—

268, 2013.

Thomas J Miles and Adam B Cox. Does immigration enforcement reduce crime? ev-
idence from secure communities. The Journal of Law and Economics, 57(4):937-973,

2014.

Haimin Zhang. Immigration and Crime: Evidence from Canada. Technical report,

Vancouver School of Economics, 2014.

Robert Adelman, Lesley Williams Reid, Gail Markle, Saskia Weiss, and Charles Jaret.
Urban crime rates and the changing face of immigration: Evidence across four decades.

Journal of ethnicity in criminal justice, 15(1):52-77, 2017.

Milo Bianchi, Paolo Buonanno, and Paolo Pinotti. Do immigrants cause crime? Journal

of the European Economic Association, 10(6):1318-1347, 2012.

Brian Bell, Francesco Fasani, and Stephen Machin. Crime and immigration: Evidence

from large immigrant waves. Review of Economics and statistics, 21(3):1278-1290, 2013.

Jorg L Spenkuch. Understanding the impact of immigration on crime. American law

and economics review, 16(1):177-219, 2013.

Marc Piopiunik and Jens Ruhose. Immigration, regional conditions, and crime: Evi-
dence from an allocation policy in Germany. Furopean FEconomic Review, 92:258-282,

2017.

Markus Gehrsitz and Martin Ungerer. Jobs , Crime , and Votes : A Short-run Evaluation
of the Refugee Crisis in Germany. (10494), 2017.

Fabian T Dehos. The refugee wave to Germany and its impact on crime. Technical

report, Ruhr Economic Papers, 2017.

13



[20]

[21]

[24]

Martin Lange and Katrin Sommerfeld. Causal Effects of Immigration on Crime: Quasi-

Experimental Evidence from a Large Inflow of Asylum Seekers. Working paper, 2018.

Catalina Amuedo-Dorantes, Cynthia Bansak, and Susan Pozo. Refugee Admissions and
Public Safety: Are Refugee Settlement Areas More Prone to Crime? [ZA Discussion
Paper, 11612, 2018.

Richard B Freeman. The economics of crime. Handbook of labor economics, 3:3529-3571,

1999.

Eurostat. Asylum Seeker Data. http://appsso.eurostat.ec.europa.eu/nui/submitViewTableAction.do.
Accessed December 16, 2018.

WRAPS does not publish data that cross-tabulates resettlement numbers by age and
gender. However, they do publish data showing that 51% of the refugees resettled to the
United States in 2016 were men and 28% were between the ages of 20-34. To produce

all.

Jacob Kaplan’s OpenlCPSR. https://www.openicpsr.org/openicpsr/project /100707 /version/V8/view
Permanent URL: http://doi.org/10.3886/E100707V8. Accessed on September 24, 2018.

IPUMS NHGIS, University of Minnesota, www.nhgis.org. Accessed on September 25,
2018.

FBI. Crime in the United States. https://ucr.fbi.gov/crime-in-the-u.s/. Accessed De-

cember 17, 2018.

14



Supplementary Materials

Materials and Methods
Data

We use the Federal Bureau of Investigation’s (FBI) Uniform Crime Reports (UCR) database,
which serves as the official data on crime in the United States. The underlying sources are
nearly 18,000 local, state and federal law enforcement agencies which voluntarily report
detailed crime statistics for their jurisdiction to the FBI each year. More specifically, we
use the Offenses Known to Law Enforcement series that records information on four violent
crimes (aggravated assault, forcible rape, murder, and robbery) and three property crimes
(burglary, larceny-theft, and motor vehicle theft). We downloaded these series for years
2010-2017 from Jacob Kaplan’s OpenlCPSR repository [25].

Following the crime literature, we convert the reported absolute number of crimes into
crime rates per 100,000 population and use a log transformation as a robustness check. The
level of observation in the raw database is agency-month and we aggregate this to the county—
year level. We focus on all 50 states and the District of Columbia, excluding all other United
States territories. To avoid changes in local crime rates due to compositional changes in the
reporting local entities, we focus on the 21,771 agencies that consistently report statistics
throughout the entire sample period. In our sample, 3,137 out of 3,142 counties had at least
one local agency reporting crime statistics, covering the majority of the United States.

We obtain refugee resettlement data from the Worldwide Refugee Admissions Processing
System (WRAPS) database from Refugee Processing Center’s website [2]. It contains yearly
information on refugee arrivals to the United States. The level of observation in the raw
dataset is year-origin-city. We convert the refugee flow numbers to shares per 100 population
and aggregate to year-county using Google Maps application programming interface (APT)
to match each city to a county. Again, we focus on all 50 states and the District of Columbia,

excluding all other United States territories and covering years 2010-2017. Throughout this
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period, 787 out of 3,142 counties in all states received refugee arrivals.

Lastly, we use county-level population estimates from the American Community Survey
(ACS) from the Integrated Public Use Microdata Series (IPUMS) published by the National
Historical Geographic Information System (NHGIS) [26]. Because estimates for year 2017

are not, available, we assign 2016 population values to all counties in year 2017.
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Statistical Analysis

We use multiple specifications of the difference-in-differences estimator to analyze the effect
of reducing refugee resettlement on crime rates. Our research design compares crime rates
in counties that received many refugees before 2017 to crime rates in counties that received
fewer refugees, in the time after the Executive Order relative to the years prior. We estimate
each regression separately for each of the seven main crime types: murder, rape, aggravated
assaults, burglary, robbery, theft and motor vehicle theft. We begin with evaluating the

underlying parallel trends assumption invoked throughout our analysis.

Parallel Trends Assumption

We assume that, in the absence of the policy change, crime behavior in areas with higher
exposure to the Executive Order would have followed a similar trajectory (or trend) to less
exposed areas. We test two observable implications of this assumption.

First, we correlate the 2010-2016 county-level crime trends with the 2016-2017 drop in
refugee arrivals (Figure 1 bottom panels and Figure . This test assesses whether crime
trends predating the Executive Order are associated with the drop in arrivals due to the
refugee ban. We find no meaningful relationship between crime pre-trends and the observed
2016-2017 change in refugee resettlement.

Additionally, we test for parallel trends in a regression framework. In particular, we

estimate the following equation:

refugees?'® = ag + X209 5, + CrimeGrowth?10-2016 y 1 (2016, (1)

2016

where ¢ denotes county. The outcome variable refugees:

is the refugee flows in 2016 per
100 population and serves as a measure of exposure to the Executive Order. The vector
X296 controls for county-level demographic characteristics affecting crime rates and state

fixed effects, including the share of the populations that is female, married, young, white,

black, high school dropouts, high school graduates, college dropouts, unemployed, and out

17



of the labor force. The vector CrimeGrowth?*9=291% contains the 2010-2016 growth rates

2016

p is the error term. The

for the seven major crime types. The intercept is o and €
parallel trends assumption implies that the vector of coefficients v should be statistically
indistinguishable from zero.

The results are shown in Table [S2. Standard errors are clustered by state. Note that
positive ; coefficients suggests counties higher exposure to the Executive Order were on
an upward crime trend from 2016-2017, which would make us more likely to estimate that
refugee resettlement increased crime rates. None of the estimated coefficients is large, and
none is negative and significant.

Second, we visually assess crime trends for each crime type and for counties differentially
exposed to the Executive Order. We split all 787 counties in our sample into three groups
depending on the per (100) capita refugee arrivals in 2016. The first group is comprised of

4

localities with no refugee arrivals in 2016 and we refer to it as “very low receiving counties.”
Note that, since they are in our sample, these counties have at least one arrival in the period
2010-2017. Next, we split the rest of the sample into equal parts — localities with below
median (“low receiving”) and above median (“high receiving”) refugee arrivals in the same
year. Similarly to the test above, differential trends by treatment group in the pre-2016
period would undermine our difference-in-differences strategy.

The results are presented in Figures [S8 and [S9l Again, we find that crime trends
are similar regardless of exposure to the policy. While the levels are different, the trajectories
seem to be very close to parallel across county groups.

All in all, there is no clear evidence of a violation of the parallel trends assumption.
The weak evidence that suggests any difference in trends would make us more likely to
identify a positive relationship between refugee resettlement and crime. We now move on to

presenting three difference-in-differences specifications leveraging the Executive Order as a

natural experiment to test for a causal link between refugee resettlement and crime rates.

First Differences
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The first model we estimate is:

2016—2017
c

Acrime = a; + (1 X Arefugees®020M ¢ (2)

2016—-2017

c measures the 2016

where ¢ again denotes county. The outcome variable Acrime

2017 change in a separate crime type per 100,000 people. Similarly, the independent variable

2016—2017

of interest Arefugees?

measures the change in refugee arrivals per 100 people. Al-
ternatively, we use log absolute number of crimes and log refugee arrivals in 2016 as a
robustness check, which we present in Tables and Figures @, @ (First-differences)
The intercept is a1 and €. is the error term.

This empirical strategy compares the 2016-2017 change in crime in counties that expe-
rienced larger declines in new refugee arrivals relative to areas with lower drops. The exact
interpretation of 8; depends on the specification, but regardless, a positive sign indicates
that refugee resettlement is associated with an increase in crime rates. For instance, in a
model where both variables are in rates, (3; is interpreted as the change in crime rate for each
additional refugee arrival per 100 people. Similarly in the log-log model it is the percent
change in crime for a one percent increase in refugee arrivals. This model can be viewed as
fitting a straight line with slope (3; to the scatter plots in Figure

The results are shown in Tables [S5, and [S6. All standard errors are clustered

by state. More scatter plots are shown in Figures [S10, [S11 and [S12. There appears to be

no robust and statistically significant relationship between refugee resettlement and crime

rates.

Continuous Difference-in-Differences

Next, we move on to a more rigorous model in which we use data from the entire sample

period 2010-2017. We estimate:

crimee = ap + P X refugees? x 1(t = 2017) + ye + 6 + X + €ut (3)
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where ¢ indexes counties, ¢ denotes year and 1(t = 2017) is an indicator for year 2017,

which corresponds to the period after the Executive Order. The outcome is a separate

2016

crime type measured in rate per 100,000 population. The treatment variable refugees:

is the 2016 refugee arrivals per 100 population and is designed to measure exposure to
the Executive Order. We include county fixed effects (7.) controlling for permanent time-
invariant county-level characteristics affecting crime rates and refugee arrivals and year fixed
effects (0;) accounting for nationwide crime trends. The term X, captures county-specific
linear time trends allowing for idiosyncratic trends across localities. We experiment with
several alternative treatment variables, including using the actual 2016-2017 drop in refugee
arrivals, using arrivals in the entire 2010-2016 period, using delinearized (see below) and
log-log specifications. The intercept is ap and €. is the error term.

This specification compares crime trends before and after the Executive Order in counties
with higher exposure relative to other ones with lower exposure. Note that compared to the
model above, the sign interpretation of 3, is switched so that a negative one would indicate
that counties with larger exposure to refugee resettlement in 2016 experienced larger drops
in crime rates in 2017. Thus, a negative sign on 5 would mean that refugee resettlement
leads to higher crime rates.

Alternatively, motivated by the skewness of the refugee resettlement variable, we relax
the linearity assumption embedded in Equation (3). To do so we include indicators for
counties in the “low receiving” and “high receiving” groups (see the subsection above). Note
the excluded category (i.e., the reference group) here consists of counties with no refugee
arrivals in 2016, and at least one arrival in the other years in the dataset, 2010-2017 (hence,
included in the WRAPS dataset). The coefficients’ interpretation should be adjusted slightly
to account for the fact that they reflect pre-post differences in crime trends between the
excluded and each group of counties.

The results are shown in Tables [1} [S7, [S8, [S9} Standard errors are clustered by county.

We find no robust relationship between drops in refugee resettlement and crime rates.
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Generalized Continuous Difference-in-Differences

Finally, we estimate a model in which we interact our treatment variable with an indicator

for each year in our sample:

2017
crimeg = g + Z B X Tefugeeszom X1t =7)+ 7.+ 0 + € (4)
7=2011

The notation and variable definitions are the same as in the previous model. The year
2010 is omitted from the regression and serves as the reference category. The coefficients
B, indicate the impact of refugee flows on crime rates in each year. Refugees causing crime
would result in the coefficient (2017 being statistically significantly smaller than (2016 because
this corresponds to counties with higher exposure to refugee flows experiencing lower 2017
crime rates.

Additionally, this specification allows for further verification of the underlying parallel
trends assumption. If we were to estimate significant difference between the coefficients

B2011, - - - 5 B2016 this would undermine the validity of our empirical strategy.

Figures [S14, [S15, [S16 and [S17 show the 3, coefficients results for various crime types in

rates and logs. Standard errors are clustered by county. These results further confirm our
tests of parallel trends prior to 2016. Moreover, we find no discernible evidence that refugee

resettlement affect crime rates.
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Supplementary Text

Descriptive Statistics

Crime

Table [S1shows summary statistics for the main variables of interest in our analysis. The data
is at the county—year level and the time period is 2010-2017, resulting in 6,296 observations.
All crime and refugee variables are right-skewed. The mean (median) murder rate per 100,000
population was 3.81 (2.51) per county per year; the average rape rate was 34.05 (29.51); for
assaults it was 202.85 (168.80) and for burglaries 527.87 (462.06). Thefts were the most
common type of crime in our dataset with an average rate of 1,749.08 (1,634.87); there were
66.89 (40.67) robberies per 100,000 people on average and 162.12 (115.72) motor vehicle
thefts. Negative values are very rare and reflect adjustments to prior reported criminal
activity. We also present descriptive statistics of the logarithmic transformations.

Next, Figure [S1 presents national crime rates per 100,000 population for selected crime
types. Over time, rape rates (right y-axis) have increased, while the burglary rate has
decreased (left y-axis). There is less aggregate variation in assaults (left y-axis) and murders
(right y-axis), with their values close to the overall sample mean.

Lastly, Figure [S2 displays the ten states with the highest crime rates per 100,000 peo-
ple by crime type. All crime statistics in our analyses line up nearly exactly with official
crime summary data published by the FBI [27]. Murder rates are highest in the District
of Columbia, South Carolina, and Arizona; rapes were most common in Michigan, Alaska,
and Arizona; assaults were most prevalent in the District of Columbia, Arizona, and South

Carolina; burglaries were highest in South Carolina, North Carolina, and Arkansas.

Refugee Resettlement

The bottom rows of Table [S1|show summary statistics of our refugee arrival variables. Sim-

ilarly to the crime data, these variables are also right-skewed. The level of observation is
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county—year, the sample covers 2010-2017 and the sample size is 6,296. The mean (median)
county received 83.34 (1.00) refugees.

The left panel in Figure shows the top 10 refugee origin counties and the right one
displays the top 10 receiving states. The three largest sending countries are Burma (172,646),
Iraq (143,867) and Somalia (103,746) and the three largest receiving states were California
(106,586), Texas (85,710) and New York (56,561).

Finally, Figure [S4 shows a map of cumulative refugee arrivals to the United States in the
time period 20022017 for each United States county. As mentioned above, only 787 counties
received refugees during the time period. Darker shades of red denote higher refugee arrival

levels and white denotes counties with no data on refugee resettlement.
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Robustness Checks

Measuring Exposure to the Executive Order

Our primary variable measuring exposure to the Executive Order (i.e., treatment variable) is
the 2016 refugee arrivals per 100 population. We test three alternative treatment variables.

First, we use the observed (i.e., actual) 2016-2017 county-level drop in refugee resettle-
ment as a treatment variable. The results are presented in Table [S10 and [S11.

Second, to flexibly accommodate the skewness of the refugee resettlement variable we
split all 787 counties in our analysis into three groups depending on their 2016 level of
refugee arrivals. The first group of counties called “very low receiving” had no arrivals in
2016. Among counties with non-zero refugee arrivals in 2016, we define the second group as
those that received fewer refugees than the median (“low receiving counties”) and the last
group as those that received more refugees than the median (“high receiving”). We then ran
our regression analysis by adding indicators for low and high receiving areas and excluding
the first group. The results are shown in Tables [1] and [S7.

Lastly, we took the average refugee arrivals in the entire sample pre-period 2010-2016.

2010-2016

p , and our

In Figure |[S13 we present the correlation between this variable, refugees

2016
¢ .

primary treatment measure, refugees The correlation coefficient is very high (0.95,
£i0.000) indicating strong autocorrelation in refugee flows across United States counties over
time.

All in all, our main conclusion is robust to any of these choices for measuring county-

level exposure to the Executive Order. We find no evidence that refugee resettlement affected

crime rates.

Robustness to Focusing on Other Crime Types

While in the main text we focus on four crimes (murder, rape, assault and burglary), FBI's
UCR database contains information on three other major crime types - theft, robbery and

motor vehicle theft. We conducted all statistical analyses for these additional crime types.
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The results are presented in Figures [S5, [S7 and [S9] (Parallel Trends); Tables and
Figures[S10, [S12 (First-differences); Tables[S7and [S9] (Continuous Difference-in-differences);
and Figures[S15 and [S17 (Generalized Continuous Difference-in-differences). Our conclusion
of no statistically detectable relationship between crime rates and refugee resettlement re-

mains valid for thefts, robberies and motor vehicle thefts.

Robustness to Using Logarithmic Transformation

Our primary regression specification measures the impact of refugee arrivals per 100 people on
the crime rates per 100,000 population. We replicate this analysis with a log-log specification
in which the independent variable is log refugee arrivals in 2016 and the outcome is log
absolute number of crimes.

The results are shown in Figures [S8/and [S9 (Parallel Trends); Tables[S5, [S6] and Figures
[S11, [S12 (First-differences); Tables [S§ and [S9 (Continuous Difference-in-differences); and
Figures[S16 and[S17 (Generalized Continuous Difference-in-differences). Similar to our main
results, we find no evidence of a discernible relationship between refugee resettlement and

crimes.

Robustness to Focusing on High Crime Areas

We conducted subgroup analysis focusing on localities with high crime rates. To identify
these areas we summed the total number of crimes for all counties across the entire period
and selected the counties with above median crime activity.

The results are shown in Tables [S12 and [S13 (Continuous Difference-in-differences). We
find no evidence that refugee resettlement significantly impacted crime rates in these high

crime areas.
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Tables

Table S1: Descriptive Statistics for Crime, Refugee Arrivals, and Population

Mean Median SD Min Max Observations

Crime Variables

Murder rate 3.81 2.51 4.97 0 64.87 6296
Rape rate 34.05 29.51 2450 0  320.92 6296
Assault rate 202.85 168.80 162.31 0  1980.41 6296
Burglary rate 527.87 462.06 329.08 0 2251.21 6296
Theft rate 1749.08 1634.87 836.60 0  7392.95 6296
Robbery rate 66.89 40.67 86.75 -3 1267.90 6296
Motor vehicle theft rate 162.12  115.72 151.21 0 1338.42 6296
Log number of murders 1.86 1.61 1.41 0 6.73 4962
Log number of robberies 4.14 4.06 2.03 0 9.99 5981
Log number of assaults 5.35 5.38 1.69 0 10.40 6240
Log number of burglaries 6.40 6.47 1.57 0 10.81 6257
Log number of thefts 7.66 7.78 1.57 0 11.97 6265
Log number of rapes 3.69 3.69 1.45 0 8.37 6147
Log number of motor vehicle thefts  5.10 5.03 1.77 0 10.77 6229
Resettlement Variables
Refugees arrivals 83.34 1.00 265.65 0 3474.00 6296
Refugee arrivals per 100 people 0.02 0.00 0.07 0 1.78 6296
Log number of refugees 3.10 2.71 2.16 0 8.15 3212
Population (in 100,000s) 3.10 1.41 5.84 0 100.57 6296

Notes: Crime rates are expressed in absolute number of crimes per 100,000 people. The unit of observation
is a county and the time period is 2010-2017.
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Table S2: Pre-ban Crime Trends: Regression Results

(1) (2) (3) (4)
Murder rate growth -0.000 -0.001  0.001 0.001
(0.002) (0.002) (0.002) (0.002)

Rape rate growth 0.004* 0.005* 0.002  0.002
(0.002) (0.002) (0.002) (0.002)

Assault rate growth 0.001  0.001 0.001**  0.000
(0.000) (0.000) (0.000) (0.000)

Burglary rate growth 0.029 -0.027 -0.030 -0.030
(0.021) (0.024) (0.019) (0.020)

Theft rate growth 0.000 -0.018 0.005 -0.005
(0.013) (0.013) (0.015) (0.015)

Robbery rate growth -0.003 -0.002 -0.001 -0.002
(0.005) (0.006) (0.004) (0.005)

Motor vehicle theft rate growth  0.010  0.013*  0.009  0.010
(0.005) (0.006) (0.006) (0.007)

Observations 602 602 602 602
Adjusted R? -0.000  0.050 0.149  0.199
County Controls X X
State Fixed Effects X X

Notes: Each column shows the estimated coefficients from a separate regression model. See the Supplemen-
tary Materials for details on the regression specification. The outcome variable is 2016 refugee arrivals per
(100) capita. Crime growth rates reflect 20102016 values. The unit of observation is a county. Standard
errors are clustered by state and shown in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.

27



T0°0 > diss 'G0°0 > Aoy ‘170 >
‘sosojuated Ul UMOYS pUe 93e)S AQ POI9ISN[D oIk SIOLID PIRPUR)S "AJUNOD ® ST UOIIeAIdsqo Jo jun oy, ‘uorjendod (01 Iod s[eallre 9o8njol Ul 93uryd
LT0Z—910g 2y st o[qerrea juspuadopurt oy, ‘uonyendod o001 Iod 99el owLId Ul passoldxe pue Iopeay UN[od 91} Ul PAJOUSP SI S[(RLIBRA SUIOIINO 9 T,
‘uo1yeoy10ads UOISSOI301 91} UO S[IRIOP I0J NS 93 Ul X7 9} 99§ ‘[OPOUL UOISS0IF0 9jetedos © WOIJ SJUSIOIJO0D POJRTII}S 91} SMOTS UTUN]OD YO :S9I0N

X X X X CE LIRS
€€9'e0T  €€9°€0T  E€FF6F  €PF6F  9FP9T  9FF9T  9¢F'E  9GhE (X)ps
160'8¢- 1608~  ¢I9°0-  ¢I9°0-  ¥0T'Z  ¥0T'CZ  €.00  €L00 A

G900 0000 G0T'0 L0000 9900 0000 OO0 0000 bs-yq
8L 8L 8L 8. 8. 8. 8L 8. N

(£89°¢8)  (g2z'18) (g9%°0¢) (09¢'8¥) (e¥6°cr) (8L6'11) (¥61C) (2ese)
COF'CT  T88°€G-  T6G'G8- 92916~ 0888  950F- 091G~ 0080~  groz—s10220Mf 24V

Aredmg Arme@mg gJmessy gmnessy  odey odey  Iopinjy JIepangy

SodAT, owWILI) UIRTN :SHNSOY SOOUSIIPI([-ISIL] €S O[R],

28



T0°0 > diss 'G0°0 > Aoy ‘170 >
‘sosojuated Ul UMOYS pUe 93e)S AQ POI9ISN[D oIk SIOLID PIRPUR)S "AJUNOD ® ST UOIIeAIdsqo Jo jun oy, ‘uorjendod (01 Iod s[eallre 9o8njol Ul 93uryd
LT0Z—910g 2y st o[qerrea juspuadopurt oy, ‘uonyendod o001 Iod 99el owLId Ul passoldxe pue Iopeay UN[od 91} Ul PAJOUSP SI S[(RLIBRA SUIOIINO 9 T,
‘uo1yeoy10ads UOISSOI301 91} UO S[IRIOP I0J NS 93 Ul X7 9} 99§ ‘[OPOUL UOISS0IF0 9jetedos © WOIJ SJUSIOIJO0D POJRTII}S 91} SMOTS UTUN]OD YO :S9I0N

X X X A 91e1S
LLT'SY LLT'SY 61128 GI1C8C  06TLT  06TLI (X)ps
LIV'G LIV'G €08°€G-  €98°€G-  €97°€-  €9T€E- A
LTIT°0 000°0 880°0 1000 1220 010°0 bs-yq
8L 8. 8. 8. 8L 8. N
(¥12°97) (¢he 1v) (696°921) (TT€18T) (8¢ 18) (96T°1€)

G0z 1~ SANS QI9CIT- 9TT'€91- CST'SF  9SC6E  groz—1102220Mf 24V

YOUL OPIIPA 1030]N UL OPIPA 1030 UL WouL  L1qqoy  £10qqoy

sodA T, oWILI)) [RUOIYIPPY :SHMNSOY SOOUSIDPI([-ISII] FS 9[qeL,

29



T0°0 > dyss “G0°0 > o ‘T°0 > d, "sOsOYYUDIRA
UL UMOUS PUR 9)R)S AQ POIdISI[D I SIOLD PIRPURIS "AJUNOD € ST UOIJRAISSO JO JIUN YT, "S[RALLIR 823NJoI SO[ Ul d3UeYD ) T0Z—9T0F 9U) SI S[qrLIRA
yuopuedopul o, "SOWILID JO IOqUINU dIN[osqe So[ Ul o8ueyd LT(0Z—9T0¢ 92U} Se possoldxo pue Iopeoy UWN[OD 9} Ul POJOUSP ST S[(RLIRA STWOIINO O J,
.QOE@UEB@Q@ Qoﬂmmwuwwh 9} Uo S[rejap I0J H\/Hm 9} Ul 3Xa% 9y} wem ‘Tepotx Qoﬁmm@pwwu @pﬁmd&@w © WO.IJ SHUSIIJo00 PajelWI)So 9} SMOYS UWI[O0I YoRH :S9J0N

X X X X CE LIRS
112°0 112°0 GIZ'0  SIT0  LIE0  LIE0  SES0  8€S0 (X)ps
¥L00-  FL00-  8TO0  ST00  LL00  LL00 €800  €€0°0 A
GoT'0 €000  €€T0  T000  0€C0 €000  SST'0  F00°0 bs-yq

63 96¢ €6 €62 V62 76 €6z €6z N

(€z00)  (2100)  (£20'0) (020°0) (€£0°0) (920°0) (090°0) (L¥0°0)
620°0 7100 8T0'0 9000 LF0'0  6T00 9900 0700  (grog—s10g??bnf24)boTv
Are@dmyg Amre@ing ymnessy jJmessy odey  odey IopInjy IspInfy

SS0T ‘SodAT, oWILI) UIRIN :SHNSOY SOOUSIIPI([-ISIL] :CS O[RL,

30



T00 > s ‘G0°0 >y ‘170 > d, sOSOIUDTRA

Ul UMOUS PUR 9)B)S AQ POI9JSID 9Ie SIOIId pIepue)g ‘AJUNod & ST UOIPRAIISO JO JIUN SYJ, ‘S[RALLIR 29381jal So[ Ul a8ueyd L10Z-910¢ oY} SI o[qerrea
Juopuadopur oY, "SOWILID JO ISQUINU djnjosqe So[ ur oSuetd LT0g-9T70Z oY) St possaidxo pue IopedY UWN[0D Y} UT PIJOUIP ST S[(RLILA dUOIINO d],
‘uoryeoyyroads UoIssaISa1 91} UO S[Ie1aP I0J NS 97 UI 1X07 91} 99§ ‘[9POUT UOISSRISaI 9yeredas ® WOIJ SHUSIOIJO0D PIYeUIN)sd o1} SMOUS UTINOD RG] S9I0N

X X X A 91e1S
G9Z°0 G9Z°0 0F1°0  OFI°0 1620 162°0 (X)ps
6€0°0 6€0°0 810°0- 8100~ TF0'0-  ZF00- A
daall 000°0 8L1°0 €000  ¥9T°0 100°0 bs-y

76 V62 968 968 98¢ 98¢ N

(L20°0) (220°0) (¥10'0) (110°0) (1€0°0)  (920°0)

0700 9000 7000 600°0- €200 g100  (groz—y10g2?0nfo4)boTy

YO L OPIYOA 1030]N  POUL F[OTYOA 10301

YOUL  WPUL  Amqqoy  A1qqoy

SS0TT ‘sodAT, oWILI) [RUOINPPY :SINSOY SOOULISYI([-I1SII :9G O[qe],

31



00 > iy "G0°0 > do,
‘1°0 > d, Ayunod Aq porejsno oIe pue sosoyjuoled Ul UMOUS 9Ie SIOLID PIRPUR]S 'SI00[o POXY IeoA pur AJUNod I0J [0IJUO0D SUOISSOISdI [V “LT0G-0T0%
St porrad sy 9} puR IRIA—AIUNOD ® ST UOIPRAISSqO Jo jrun oy T, “uoryendod 0T 1od 9T()g UI S[RALLIR 993NJoI [2AS[-AJUNOD PUR ) T()F TRA I0J Awwunp ® Jjo
UOT}oRIDIUI 91} ST d[qrelIeA juapuadapul oy [, ‘uorjemdod 00‘00T Iod o)eI SWILIO UT Possaldxe PUR JoPRAY UWN[OD S} Ul PAJOUIP SI d[(RLIBA dUIOIINO 9 T,
“uo1)eoY109ds UOISSOI301 9} UO S[IRIOP I0J NS 93 Ul X7 9} 99§ ‘[OPOUL UOISS0IFaI 9fetedos © WOIJ SJUSIOIJO0D POJRTISI 9} SMOTS UTUN]OD YO :S9I0N

X X X spuady, £3unon)
280°2TVe z80°2TVT 67L9%  6VL98  €09°9€8  €09'9¢8 (A)ps
¥86°108 ¥86°108 68899  688°99  CRO6VLT  IR06VLI X

9629 9629 9629 9629 9629 9629 N
(906°19) (16L°9¢) (Ls2T)  (9gre)  (cog6e)  (c¥g8a)

+xGGO'GET FIT°90T V68T LLIFG- 00698 LPLLT sorpumnoy) Suraeoey YSI
(9T1°¥2) (€22°0¢) (cev'1)  (g68'1) (ggzse)  (0Tz La)
eo1'8%- 216'9 WGLGT  wx666F  OSTT V2601 sorpunoy) SUIAI00Y MO

uoreoymadg poziresurd( g [Pued

(¥8€'1¥¢) (998°7¢2) (92¢°0z) (2897¢1) (L8T°1€1) (GTLCHT)
L0T°00€ €6 6EE ¥66'0- G8C'6I-  €08'CCT 00T TEI- (L10Z = 1T X g1gp522bnf 4

uoreoyadg Ieaur 1y [PURJ

YOUL OPIIPA 1030]N  POUL OPIYOA 1030y £19qqoy]  £10qqoy]  JPUL  HOUL

sodA T, oWILI)) [RUOIHIPPY :SHNSIY SOOUSIYI([-UI-0OUSIYI(] SNONUTIUO)) /.G S[R],

32



T0°0 > s
‘c0’0 > d,, ‘T°0 > d, “£yunod £q pa1gjsnid are pue soseyjjuared Ul UMOYS oIe SIOIId PIBRPURS 'S}09JJo POXY IBoA pue AJunod Ioj [0IFU0D SUOISSAISI [[Y
LT0Z-0T0g ST polod owi) oY) pue IeoA—AJUNod € SI UOIJRAISS(O JO JTUN Y], ‘9T()7 Ul S[RALLIR 908NJoI SO [9AS[-AJUNO0D puR ) T()g IB9A 10 AuImunp e jo
UOT}ORISIUI 91} ST 9[qelIeA juapuadopul oY, "SOWILID JO I9UINU 9j1[0sqe S0 ul passeldxe pue Iopeay UWIN]0D 91} Ul Pajousp SI 9[eLIeA dW0IINO0 YT,
"u019eo109ds UOISSaIF0I 97} UO S[IRIOP I0J NS 9} UT X9 9} 909G [OPOW UOISSIFaI 9eredos & WOIJ SJUSTIFO0D POFRTII}S 9} SMOTS UTUN]OD YO :SOI0N

spuad, £juno))
(X)ps
A

96¢€ 96¢€ L8EE L8EE 09€€ 09¢¢ 698¢ 698¢ N
(9000)  (2000)  (2000)  (900°0) (600°0) (600°0) (¥10°0) (210°0)
G00°0 200°0 G000 €000 GIO0  0000-  ©g00  LT0°0  (L10% = )T X (gygg5226nfou4)boT
Aredmg Arme[ding gmessy gJmessy odey  odey IopInjy JIopIny

SS0TT ‘sodAT, oWILI) UIRTN :SHNSOY SOOULIHI([-UI-00USISYPI(] SNONUNUO)) QS d[(R],

33



T0°0 > s
‘c0’0 > d,, ‘T°0 > d, “£yunod £q pa1gjsnid are pue soseyjjuared Ul UMOYS oIe SIOIId PIBRPURS 'S}09JJo POXY IBoA pue AJunod Ioj [0IFU0D SUOISSAISI [[Y
LT0Z-0T0g ST polod owi) oY) pue IeoA—AJUNod € SI UOIJRAISS(O JO JTUN Y], ‘9T()7 Ul S[RALLIR 908NJoI SO [9AS[-AJUNO0D puR ) T()g IB9A 10 AuImunp e jo
UOT}ORISIUI 91} ST 9[qelIeA juapuadopul oY, "SOWILID JO I9UINU 9j1[0sqe S0 ul passeldxe pue Iopeay UWIN]0D 91} Ul Pajousp SI 9[eLIeA dW0IINO0 YT,
"u019eo109ds UOISSaIF0I 97} UO S[IRIOP I0J NS 9} UT X9 9} 909G [OPOW UOISSIFaI 9eredos & WOIJ SJUSTIFO0D POFRTII}S 9} SMOTS UTUN]OD YO :SOI0N

spuad, £juno))

(X)ps

A

£8¢ee £8¢¢ 60£€ 608€ pove  vove N
(L00°0) (800°0) (600°0)  (8000) (700°0) (00°0)

600°0 000°0- 100°0 9000~ 46000 4siFT00  (LT0G = DT X (152260 f2.0) 6o

YOUL OPIPA 1030]N  HOUL PPIOA 100N £10qqoy] £10qqoy oL POUL

SS0TT ‘sodAT, oWILI) [RUOIMPPY :SINSOY SOOULISYI([-UI-00USIHI(] SNONUIIUO)) :6S 9S[qe],

34



T0°0 > dyyy G0°0 > d,
‘10 > d, Ajunod Aq persjsno aIe pur sesor[jusled Ul UMOYS dIR SIOLI® PIRPURIS "SI09[0 PoX[ IeoA pue AJUNod I0J [0IJU0D SUOISSAIS™I [V “LT10%—010%
ST ported owil}) oY) pPUe IRIA-AIUNOD B ST UOIIRAIOSCO JO JIUN O, 'S[RALLIR 903NJol Ul o3Ueyd ) T0Z-9T0F [PAS[-AIUN0D pUR A T(Z IeoA I0] Amuwunp ® jo
UOI10RIDIUL 913 SI o[qrLIeA Juopuadoput oy, ‘uorjemndod g00‘00T Iod o3el owLId Ul passaldxeo pue IOpeoy U0 9] Ul POjOUIP SI 9[(RLIBA SUWIOJINO Y T,
"U019eoY109ds UOISSOIZ0I 9} UO S[IRISD I0J JAS 9} Ul 1X0) 9} 99§ [9POW UOISSaI30I 9jeredos © WOIJ SJUSIOFO0D PAJRTIISS 9} SMOTS UTIN]OD YORY :S9I0N

X X X X spuady, Ayunop)
PIECIT  VIETIT  6L0°63€  6L0°65€  COSVE  TOSTE  TL6T  TL6T (X)ps
L¥8'T0T  L¥8'TOT  TLY'LTG  TLYLTG  6V0FE  6V0TE  PISE  TISE X

9629 9629 9629 9629 9629 9629 9629 9629 N

(erg9g)  (18129)  (rres) (eeroer) (06871) (P9e01) (1852) (029°€)
G6L'E8 . I80°LET  0TI'GF  +G00'8EG-  G2S9-  €I0ST  9P0C 48569 (L10C = DT X ,10z—910z52200f 24V
Are[dmg Are[Sing  jnessy  Jnessy adey odey  IopIny JIopIny

seagNyeYy ur doi(] [enjoy Surs)) ‘SodAT, SWILI) UIRIN :SHNSOY SOOULIIHI([-UI-00USISYPI(] Snonunuo)) 0TS 9[qe],

35



T0°0 > dyss G070 > A
‘10 > d, Ajunod Aq persjsno aIe pur sesor[jusled Ul UMOYS dIR SIOLI® PIRPURIS "SI09[0 PoX[ IeoA pue AJUNod I0J [0IJU0D SUOISSAIS™I [V “LT10%—010%
ST ported owil}) oY) pPUe IRIA-AIUNOD B ST UOIIRAIOSCO JO JIUN O, 'S[RALLIR 903NJol Ul o3Ueyd ) T0Z-9T0F [PAS[-AIUN0D pUR A T(Z IeoA I0] Amuwunp ® jo
UOI10RIDIUL 913 SI o[qrLIeA Juopuadoput oy, ‘uorjemndod g00‘00T Iod o3el owLId Ul passaldxeo pue IOpeoy U0 9] Ul POjOUIP SI 9[(RLIBA SUWIOJINO Y T,
"U019eoY109ds UOISSOIZ0I 9} UO S[IRISD I0J JAS 9} Ul 1X0) 9} 99§ [9POW UOISSaI30I 9jeredos © WOIJ SJUSIOFO0D PAJRTIISS 9} SMOTS UTIN]OD YORY :S9I0N

vm vm vm WUQQ.H,H\ \mpgﬁoo
012 TGT 012 16T 6VL°0%8  6VL'O8  €09°9€8  £09°9€8 (A)ps
61T°29T 61T°C9T 68899  688°99  TSO'6VLT  TS06TLI A

9629 9629 9629 9629 9629 9629 N
(062°69) (LF1°LL) (Foeve)  (9Lee8) (1687¥82) (L¥5°0Lc)
L£6°G8 6E1°€G 9¥S9T-  2€9°0C-  619°TEC  STT0%C- (LT0Z2 =T X ,10z—01075220Mf 24V

YOUL OPIIPA 1030]N  POUL PPIYOA 100N £19qqoy] £10qqoy  You[, YOu L

sea8nyoy ur doi(J [enjoy Suis)) ‘sodAT, SWILI) [RUOINPPY :SINSOY SOOULISYPI([-UI-00USIHI(] SNONUIIU0)) :TTS 9[R],

36



T0°0 > s ‘GO0 > dyy, ‘T°0 > d, "A3UN0D £q PRILISTD o€ puR sosayjuaIed Ul UMOYS 818 SIOLID PIRPURIS "S109[0 PoXY IvaA pur A)unoo
I0J [OIJUOD SUOISSOIZDI [[y “Polod ofdures oI1juo o1} I0J SOUWILID JO IS(UINU [B)0O} WRIPOUL SAOJR [[JIM SOIJUNOD 0) PajoLIsar st ojdures oy ], ‘LT0Z—0T0G ST
potrad awr) o) pue IRaA—A)UNos B SI UOIRAILSO Jo jtun oy, ‘uornendod g1 10d 9T()g Ul S[RALLIR 928NJoI [9AS[-AJUNO0D pUR ) T()7 IeoA 10} Aumunp ® jo
UOI}ORIIUL 919 SI 9[(rLIRA Juopusdopurt oy T, ‘uorjendod go0‘00T Iod o3RIl oWLID Ul passordxe pue I9PeIY UWN[0D 9] Ul PJOUSP ST S[(RLIRA SUIOIINO I T,
‘uo1yeoy10ads UOISSOI301 91} UO S[IRIOP I0J NS 93 Ul X7 9} 99§ ‘[OPOUL UOISS0IF0 9jetedos © WOIJ SJUSIOIJO0D POJRTII}S 91} SMOTS UTUN]OD YO :S9I0N

X X X X spuady, £3unon)
H6'68E  VP6'6EE  TCLTST  12LT8T  L€0°TC  L£0°TT 089G 089°G (X)ps
TeT°Ce9  TET°GE9  F0S69C  F0S'6SC  LES9E  LE99E  G8T'G GSI'G A

266°0 L06°0 166°0 976°0 1.6°0 1280 1960 0680 bs-yq
aats jaats aats jaia8S jaats jaiass Wie  hIs N

(60e72) (028'651) (187°09)  (687°65) (L11w1) (8¢0t) (0v6'1)  (127°€)
I76'€L  6S6°CET-  +LGP'S80T ..8CV'EVT  T6CEI-  690°6 €GGT G802 (L10T = DT X g1p522b1 )24
Are[dmg Am[ding  ymessy Jnessy adey odey  Iopiny JIepinpy

SROIYy QWILI) YSIH ‘SodAT, oWILI) UIRIA :SHNSOY SOOULIHI(J-UI-00USIOPI(] SNONuUNuo)) g1 9[qe],

37



1070 > Ays ‘GO0 > dyy ‘T°0 > d, A3unod £q paIoisnd aIe pur sasoyjuated Ul UMOUS oI€ SIOLID PIRPURIS "S100[ PoXY IvaA pur Ajunoo

10J [OIYU0D SUOISSaIFal [y “poriad o[dures oI1jus o1} I0] SOWILID JO IOQUINU [R)0) URIPOUL SAO(R T[IIM SIIJUNO0D 01 PajoLIsal st ajdures o, "210¢—0T0C S

potrad awr) o) pue IRaA—A)UNos B SI UOIRAILSO Jo jtun oy, ‘uornendod g1 10d 9T()g Ul S[RALLIR 928NJoI [9AS[-AJUNO0D pUR ) T()7 IeoA 10} Aumunp ® jo
UOI}ORIIUL 919 SI 9[(rLIRA Juopusdopurt oy T, ‘uorjendod go0‘00T Iod o3RIl oWLID Ul passordxe pue I9PeIY UWN[0D 9] Ul PJOUSP ST S[(RLIRA SUIOIINO I T,
‘uo1yeoy10ads UOISSOI301 91} UO S[IRIOP I0J NS 93 Ul X7 9} 99§ ‘[OPOUL UOISS0IF0 9jetedos © WOIJ SJUSIOIJO0D POJRTII}S 91} SMOTS UTUN]OD YO :S9I0N

X X X spuady, £3unon)
9G8°6.LT 9G8°6.LT 960°G0T  960°S0T  T6SF08  T6GF08 (X)ps
TVe 63G eVe 63C 175’801 T80T  TF1'860C  I¥1°860C A

G86°0 G060 %660 L56°0 G660 0260 bs-yq
jAAES AALS a3 a3 a3 ARy N
(021°69) (92L°96) (coe'6z) (9o ve) (89225e) (6€L'88%)
006°GS 165°CS C9SFT  TISS8T  LPS'6IC  SOTTH  (LT0G = )T X gop52206nfa.

YOUL OPIIPA 1030]N  POUL OPIYOA 100N £19qqoy] £10qqoy  WouL  JouL

SeOIYy QWL YSIH ‘SodAT, oWILI) [RUOINPPY :SHNSOY SOOUSISYPI([-UI-00USIHI(] SNONUIIUO)) €S 9[R],

38



Figures

Figure S1: National Crime Rates per 100,000 People
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Notes: Aggregate crime rates in the United States by crime type in the period 2010-2017.
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Figure S2: States with Highest Average Crime Rates per 100,000 People, 2010-2017
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Notes: All numbers reflect 2010-2017 averages.
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Figure S3: Origins and Destinations for Refugees in the United States, 2002-2017
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Notes: List of the ten largest refugee sending countries (left panel) and the top ten receiving states (right
panel). All numbers reflect 2002-2017 aggregate values.
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Figure S4: Cumulative Refugee Arrivals in the United States, 2002—2017

I (
(18,160]
O

Notes: Cumulative refugee arrivals in the United States for the period 2002-2017. Each observation is a

county. Darker shades of red correspond to higher number of refugee resettled.
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Figure S5: Pre-ban Crime Trends and Drop in Refugee Arrivals: Additional Crime Types
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Notes: Crime trends between 2010 and 2016 and drop in refugee arrivals due to the Executive Order by

crime type. Local regression (LOESS) fit is shown in blue line. Each observation is a single county.
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Figure S6: Crime Trends by High/Low/Very Low Receiving Counties: Main Crime Types
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Notes: Trends in crime behavior by high (green line), low (blue line), and very low (black line) refugee
receiving counties over time. Very low receiving localities are that received no refugees in 2016. The other
two groups are split in two groups of equal size — above median are high receiving counties and below median

are low receiving ones.
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Figure S7: Crime Trends by High/Low/Very Low Receiving Counties: Additional Crime
Types
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Notes: Trends in crime behavior by high (green line), low (blue line), and very low (black line) refugee
receiving counties over time. Very low receiving localities are ones with no refugee arrivals in 2016. The
other two groups are split in two groups of equal size — above median are high receiving counties and below

median are low receiving ones.
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Figure S8: Crime Trends by High/Low/Very Low Receiving Counties: Main Crime Types,
Logs
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Notes: Trends in crime behavior by high (green line), low (blue line), and very low (black line) refugee
receiving counties over time. Very low receiving localities are ones with no refugee arrivals in 2016. The
other two groups are split in two groups of equal size — above median are high receiving counties and below

median are low receiving ones.
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Figure S9: Crime Trends by High/Low/Very Low Receiving Counties: Additional Crime
Types, Logs
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Notes: Trends in crime behavior by high (green line), low (blue line), and very low (black line) refugee
receiving counties over time. Very low receiving localities are ones with no refugee arrivals in 2016. The
other two groups are split in two groups of equal size — above median are high receiving counties and below

median are low receiving ones.
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Figure S10: First-Differences Results: Additional Crime Types
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Notes: Scatter plot of 2016-2017 change in refugee arrivals per 100 population and 2016-2017 changes in
crime rate per 100,000 people. Local regression (LOESS) fit is shown in blue line. Each observation is a

single county.
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Figure S11: First-Differences Results: Main Crime Types, Logs
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Notes: Scatter plot of 2016-2017 percent change in refugee arrivals and 2016-2017 percent changes in absolute

crimes. Local regression (LOESS) fit is shown in blue line. Each observation is a single county.
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Figure S12: First-Differences Results: Additional Crime Types, Logs

Thefts Robberies
6— oo
o
©
© )
S 4= R
§ ~
N~ S
& S
(;; 2- 8 0-
£ 5]
o o Qo
= 3
« i c -1-
2 0 <
R
22— o
-2 -
| ! | | | | | | | |
-6 -4 -2 0 2 -6 -4 2 0 2
% A Refugee Arrivals per Capita, 2017-2016 % A Refugee Arrivals per Capita, 2017-2016
Motor Vehicle Thefts

©
g ° °
,i o
g1
=
[}
£ 0-
o
S
=
o -1-
2 o
L
g -
<
R 3-

| | | | I
-6 -4 -2 0 2
% A Refugee Arrivals per Capita, 2017-2016

Notes: Scatter plot of 2016-2017 percent change in refugee arrivals and 2016-2017 percent changes in absolute

crimes. Local regression (LOESS) fit is shown in blue line. Each observation is a single county.

50



Figure S13: Treatment Variable Robustness Check
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Notes: Scatter plot of refugee resettlement per 100 people in 2016 and aggregated 2010-2016 values. Blue
line is local regression (LOESS) fit. Each observation is a single county.
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Figure S14: Generalized Continuous Difference-in-Differences Results: Main Crime Types
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Notes: Estimated regression coefficients of year dummies interacted with number of refugee arrivals in 2016
per 100 people from a generalized continuous difference-in-differences model. See the text in the SM for details
on the regression specification. The outcome variable is expressed in crime rate per 100,000 population. The
sample size is 6,296. Standard errors are clustered by county and 95% confidence intervals are standardized

by population.
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Figure S15: Generalized Continuous Difference-in-Differences Results: Additional Crime

Types
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Notes: Estimated regression coefficients of year dummies interacted with number of refugee arrivals in 2016
per 100 people from a generalized continuous difference-in-differences model. See the text in the SM for details

on the regression specification. The outcome variable is expressed in crime rate per 100,000 population. The
sample size is 6,296. Standard errors are clustered by county and 95% confidence intervals are standardized

by population.

53



Figure S16: Generalized Continuous Difference-in-Differences Results: Main Crime Types,
Logs
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Notes: Estimated regression coefficients of year dummies interacted with log number of refugee arrivals in
2016 from a generalized continuous difference-in-differences model. See the text in the SM for details on the
regression specification. The outcome variable is expressed in log absolute number of crimes. The sample
size varies by crime type (Table . Standard errors are clustered by county and 95% confidence intervals

are shown as vertical lines.
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Figure S17: Generalized Continuous Difference-in-Differences Results: Additional Crime
Types, Logs

Log(refugees®’®) X Year

Log(refugees®® ) X Year

-.02-

Log Number of Thefts

.03 -

.02-

[ 1 1 I | |
2011 2012 2013 2014 2015 2016

Log Number of Motor Vehicle Thefts

.02-

-.04-

| | I | | |
2011 2012 2013 2014 2015 2016
Year

Log(refugees®) X Year

|
2017

.02-

.01-

-.01-

-.02 -

-03-

Log Number of Robberies

I I | | | l
2012 2013 2014 2015 2016 2017

Notes: Estimated regression coefficients of year dummies interacted with log number of refugee arrivals in

2016 from a generalized continuous difference-in-differences model. See the text in the SM for details on the

regression specification. The outcome variable is expressed in log absolute number of crimes. The sample

size varies by crime type (Table . Standard errors are clustered by county and 95% confidence intervals

are shown as vertical lines.
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