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A BSTRACT
This dissertation explores the economic and social impacts of immigration in three
essays.
In the first chapter, I examine the impact of a large-scale immigration wave into Austria
following the Cold War. Using an instrumental variables approach, I estimate the causal
effect of immigration on the labor mobility and earnings of native Austrian workers. The
immigration shock—which was primarily comprised of low-income blue-collar workers—
caused a reallocation of native workers towards white-collar jobs. Panel data on the universe
of formal workers allows me to identify the margins underlying this reallocation. Immigration did not increase the rate at which blue-collar workers left employment. Instead,
immigration increased the rate blue-collar workers transitioned into white-collar jobs and
changed the composition of newly hired workers.
In the second chapter, I present a dynamic spatial model of labor markets that examines
the adjustment process of workers in the presence of imperfect mobility. The model builds
on recent models in trade and urban economics and adapts them to highlight margins that
are especially important in the context of immigration. Simulations from a hypothetical
economy show that a labor supply shock will affect the mobility decisions not only of
those in the exposed region, but also in those regions connected through mobility networks.
These spillovers highlight potential pitfalls in empirical work that are not always accounted
for in empirical studies.
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In the third chapter, Alexander Billy and I calculate the crime effects attributable to the
Mariel Boatlift, the 1980 Cuban refugee crisis that increased Miami’s population by nearly
10%. Using synthetic control methods to match Miami with cities that exhibit similar preintervention crime patterns, we find evidence the phenomenon comparatively increased
property crime and murder rates; we also document weaker but suggestive relative growth
in violent crime. Compositional features of the newcomers seemingly drive our results; the
disproportionately young, male Cuban’s characteristics highly correlate with illicit activity.
Given the group’s unique composition and the absence of rigorous screening, our findings
likely constitute the upper bound of migration caused crime.
I NDEX WORDS :

International Economics, International Migration, Labor Economics,
Applied Microeconomics, Spatial Economics, Economics of Crime
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C HAPTER 1
M ASS I MMIGRATION AND THE R ESPONSE OF NATIVE W ORKERS : E VIDENCE FROM
AUSTRIA

1.1

I NTRODUCTION

Over the last three decades immigration, and the economic consequences thereof, has
reemerged as one of the preeminent policy issues. The impetus for this revival can be
attributed to large-scale migration flows in a number of corridors. These flows include
immigration from former communist countries into Western Europe following the Cold
War as well as the migration of Mexican and Latin American workers to the United States
in the late 1990s and early 2000s.1 In the economics literature, research tends to focus on
the effect of immigration on local and national labor markets. Specifically, the effects of
immigration on the relative wages and employment of native workers across different skill
groups. Most research on this topic builds on the factor proportions model à la Katz and
Murphy (1992) and applies this approach to multiple skill and experience groups. Although
findings are mixed, research typically finds small negative wage and employment effects
for natives who are most similar to immigrants on observable characteristics.2
The limited labor market impacts of immigration, even after relatively large shocks, is
still an open question.3 One explanation for this has to do with the imperfect substitutability
1 The

free movement of European citizens within Europe as well as multiple refugee crises over
the same period should also be viewed as important contributors.
2 Card (2001), Borjas (2003), Friedberg (2001), Dustmann et al. (2013), Dustmann et al. (2016),
Dustmann et al. (2017)
3 Borjas (2017); Card (2001); Dustmann et al. (2017); Friedberg (2001); Glitz (2012); Peri and
Yasenov (2019)
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of immigrant and native workers. That is, because workers vary in their distribution of
skills, complementarities across skills may make native workers more productive after the
arrival of immigrants. In practice, for native workers to take advantage of their complementary skills, they may need to transition into occupations or industries that have become
comparatively more valuable due to immigration.4 This paper contributes to this literature
by studying the dynamics of native adjustment after the arrival of immigrants. Specifically, I
focus on the mobility of native workers across regions and occupation type—blue or whitecollar—in response to immigration. To do this, I exploit an exogenous immigration shock
into Austria following the dissolution of the Eastern Bloc and the fall of the ‘Iron Curtain’
in 1989. The immigration wave resulted in an increase in the immigrant share of workers of
over 5 percentage points in only 4 years, with some Austrian districts experiencing inflows
equal to more than 20 percent of their 1988 labor force.
Building on previous research, this paper aims to further shed light on the ability of
natives to adjust to immigration and how such adjustments affect workers throughout the
rest of the economy. The main contributions of this paper are twofold: First, I estimate the
effects of immigration on native workers most similar to immigrants—those in low-wage,
blue-collar jobs—including their subsequent movement into white-collar jobs. Second, I
look at how these adjustments, in turn, affect workers who are not in direct competition
with immigrant labor.
The administrative data used to study these questions contain longitudinal employment
records on the universe of Austrian private-sector workers. Using this data, I am able to
track workers as they move into different collars and across different sectors of the work
force. Combined with the magnitude and unexpected nature of the immigration shock, the
data provide an excellent opportunity to study the effects of immigration on native labor
mobility. The longitudinal nature of the data, specifically, offers multiple benefits over other
4 See

Bratsberg et al. (2019); Foged and Peri (2016); Peri and Sparber (2009)
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papers that analyze repeated cross sections. First, the ability to observe worker transitions
across multiple dimensions of the labor market allows me to explore a relatively understudied dimension in the immigration literature. Second, analyzing individual-level first
differences in income allows for the control of any unobserved time invariant heterogeneity
across workers, this is especially important if workers who leave or enter employment as a
result of immigration are selected on unobserved characteristics.
Beginning in 1989 Austria experienced a four-year wave of immigration that saw the
immigrant share of labor more than double from 4.3 percent of workers in 1988 to 9.5
percent of workers in 1993. Immigrants were a mix of refugees and labor migrants and
primarily came from Eastern Europe, Yugoslavia and Turkey. Geographically, the magnitude of the shock varied significantly from just a few percent of the labor force in the
lowest immigration districts, to over 20 percent in the highest immigration districts. Taking
advantage of this geographic variation, and instrumenting for the variation using historical
settlement patterns of immigrants, I look at the effect of immigration on the wages and
employment decisions of native Austrian workers. While the data do not contain information on workers’ education levels, I proxy for skill by differentiating workers by their
income level and whether they are employed in blue or white-collar jobs.
First, I find significant reallocation of native workers across occupations and space.
Relative to low immigration districts, immigration caused a decrease in blue-collar employment growth, an increase in white-collar employment growth, and had no significant effect
on overall employment. This reallocation was driven primarily by three margins; immigration increased the rate that already employed workers transition into white-collar
jobs, changed the collar composition of newly employed workers, and decreases the
in-migration rate of blue-collar workers from other districts. I find no evidence that immigration increased the probability that a worker is not employed in the following year.
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Across all income groups, blue-collar workers increase the rate at which they transition
to white-collar jobs. The opposite is true among the lowest earning white-collar workers.
The difference in blue to white-collar transition rates from a district in the 10th to the
90th percentile of immigration shares is 1.3 percentage points, about half the national rate
in pre-immigration years. Geographically, I find no increase in out-migration from highimmigration districts, but a significant decrease in in-migration of blue-collar workers from
other districts. This result is consistent with prior literature from other contexts (Dustmann
et al., 2017).
Results are suggestive that low-earnings native blue and white-collar both experience
decreases in earnings growth, though estimates are imprecise and only significantly different from zero in a few specifications. On average, point estimates indicate that the difference in annual log earnings growth between a worker in a district at the 10th percentile in
immigration and a worker in the 90th percentile is about 3.4 log points or roughly a quarter
of the wage growth experienced by the average low-income blue-collar worker in a given
year. Results are larger and significant for white-collar workers, indicating that adjustment
into white-collar occupations may have provided shelter for initially blue-collar workers
while increasing competition among for white-collar workers.
This paper finds adjustment mechanisms consistent with results from Foged and Peri
(2016), though our results differ when looking at effects on earnings. One reason for this
difference could be that the immigration shock in this paper is much larger in magnitude
and over a much shorter period of time. If the displacement of blue-collar workers into
white-collar jobs were large enough, then the supply shock experienced in the low skilled
white-collar sector maybe large enough to decrease productivity in the destination sector.
Moving up the distribution of income, the negative income-effects dissipate, though highincome blue-collar workers do experience higher rates of transition into white-collar jobs,
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potentially indicating that skilled blue-collar workers are transitioning into management
positions to complement the inflow of manual-skilled immigrant workers.
The rest of this paper is structured as follows. Section 2 reviews the broader literature
and highlights where this research fits in. Section 3 presents a basic labor market model
of immigration and native adjustment. Section 4 describes the data, details of the Austrian
labor market, and provides background on the history of immigration in Austria and the
nature of the immigration shock. Section 5 lays out the empirical specification and identification. Section 6 presents results of the analysis and Section 7 concludes with a discussion
of the results.

1.2

L ITERATURE R EVIEW

The impacts of immigration on the earnings and employment outcomes of native workers
has been a key focus in the literature on economics and migration.5 Underlying many of
these studies is what Dustmann et al. (2016) calls the “canonical model for studying the
impact of immigration," which expands on the factor proportions approach pioneered by
Katz and Murphy (1992) to any number of labor groups in a constant-returns-to-scale production function. The major takeaway from this partial-equilibrium model is that immigration will reduce the returns to labor that is most similar to that of immigrants, relative to
workers in less immigrant-intensive skill groups. The model, though, cannot make definitive statements on the effect of immigration on average wages as the elasticity of capital
supply and the response through product demand makes the direction of the overall effect
ambiguous.
5 See

e.g. Altonji and Card (1991); Aydemir and Borjas (2007); Borjas (2003); Card (2001);
Del Carpio and Wagner (2015); Dustmann et al. (2013,1); Foged and Peri (2016); Friedberg (2001);
Grossman (1982); Ottaviano and Peri (2012); Peri and Sparber (2009), among many others. See
Borjas (1999, 2013,1); Dustmann et al. (2016) for broader reviews of the literature and underlying
economic models.
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When taken to the data, this model has produced seemingly conflicting results.
Numerous studies have found significant negative wage effects of immigration.6 Other
studies have found near zero, mixed, or even positive effects.7 Dustmann et al. (2016)
argue that many of these estimates are not necessarily inconsistent but rather are measuring different parameters that could all be produced by the same underlying model. For
example, specifications that rely solely on national differences across skill and education
group are directly identifying the elasticity of substitution across groups. In these specifications wages are compared against other skill and experience groups who received
relatively more or less immigration, any changes that affect all workers equally are not
identified—for example effects due to imperfect capital adjustment or changes in final
goods prices.
As in this study, many papers rely solely on spatial variation in immigration—in some
cases allowing for heterogeneous effects across skill group. These studies aim to identify
the total effect of immigration; this includes the direct effect of immigrants within the same
skill group, the effects of immigrants in complementary skill groups, and changes affecting
wages across all workers such as imperfect capital adjustment. A good illustration of this is
Dustmann et al. (2013), who measure the effect of immigration on workers in the UK. The
study estimates heterogeneous wage effects across workers at different points in the wage
distribution. Results indicate that workers at points in the distribution where immigrants are
most prevalent experienced wage losses, and those at the least exposed points experienced
wage gains. Within the “canonical model", the heterogeneous effects correspond to the
combination of factors as mentioned above; while differencing estimates across points in
the distribution represent relative effects due to the changing relative abundance of labor.
6 See

e.g. Altonji and Card (1991); Aydemir and Borjas (2007); Borjas (2003); Llull (2017)
e.g. Card (2001); Dustmann et al. (2013); Foged and Peri (2016); Friedberg (2001); Manacorda et al. (2012); Ottaviano and Peri (2012); Peri and Sparber (2009)
7 See
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Another source of variation across studies is the trade-off between wage and employment effects. Typically, estimates at the national level show significantly larger wage effects
and small or zero employment effects.8 On the other hand, studies that use geographic
variation show smaller wage and larger employment effects.9 These differences likely arise
from variation in the elasticity of labor supply. At the national level, workers can only
adjust on the extensive margin of employment, this leads to smaller employment and larger
wage effects. At the sub-national level, workers can also adjust through internal migration,
this will attenuate the wage effects and strengthen the employment effects. Borjas (2006)
confirms this by looking at the effect of immigration at different levels of geographic disaggregation in the United States. The result highlights the importance of adjustment mechanisms for native workers. Dustmann et al. (2017)—who look at the effect of immigration on
German municipalities—find that employment effects are driven by decreased in-migration
rather than increased out-migration. These results are consistent with the findings in this
paper.
Researchers have also emphasized the importance of imperfect substitutability between
immigrant and native workers.10 Incorporating imperfect substitutability into the models
implies that immigration does not necessarily harm natives even if they are observationally
identical to immigrants (according to education and predicted experience). Building on this
idea, economists have begun modeling the supply and demand of specific skills rather than
education groups, classifying jobs by the manual, cognitive and communication intensity
of required tasks.11 The implication is that immigration will lower the relative returns for
the types of tasks that immigrants have a comparative advantage while increasing returns
to complementary tasks. If this is the case, immigration will increase the earnings for occu8 See

e.g. Borjas (2003); Llull (2017)
e.g. Borjas (2006); Del Carpio and Wagner (2015); Dustmann et al. (2017)
10 Manacorda et al. (2012); Ottaviano and Peri (2012)
11 Foged and Peri (2016); Ottaviano et al. (2013); Peri and Sparber (2009)
9 See
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pations that use less immigrant intensive tasks and potentially change the occupational
composition of native workers.
Empirically, taking advantage of these complementarities may require workers to
adjust. Evidence supporting occupational adjustment has been found in both the United
States, Denmark, and Norway.12 In the case of Denmark, Foged and Peri (2016) find
that refugees and low-skilled native Dutch workers specialized in different enough tasks
such that movement out of manual-based and into complex and communication-based
occupations allowed low-skilled native workers to unambiguously benefit from immigration. Bratsberg et al. (2019) argue that differences in language barriers across occupations
implies that immigration will result in differential supply shocks across occupations and
industries. Estimating a quantitative model using Norwegian data and EU enlargement as
a natural experiment, they find that immigration resulted in large relative adjustments in
industry employment and a welfare effect close to zero for native workers.
A few papers have looked at the effect of immigration on workers in Austria specifically. Winter-Ebmer and Zweimüller (1996,9) look at the effects of the same immigration
wave on the earnings and unemployment outcomes of young blue-collar workers. Analyzing two repeated cross-sections, they find that workers in high-immigrant regions and
industries experienced earnings growth and some evidence of small increases in unemployment. Hofer and Huber (2003) look at the joint effects of trade and immigration in Austria,
they find that blue-collar workers are harmed by immigration and imports and benefit from
increased exports. Finally, this paper uses a similar identification strategy to Antón et al.
(2016) and Halla et al. (2017), who study the effect of immigration on union membership
and voting outcomes, respectively.
12 Bratsberg

et al. (2019); Foged and Peri (2016); Peri and Sparber (2009)
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1.3

M ODEL

1.3.1

P RODUCTION AND L ABOR D EMAND

As is common in the immigration literature, I model the economy as the production of
a single good in which the labor aggregate follows a nested CES model.13 Output, Y , is
produced according to a Cobb-Douglas production function. The labor aggregate (L) is
made up of four types of labor, low skilled blue-collar, low skilled white-collar, high skilled
blue-collar and high skilled white-collar (denoted LBU , LWU , LBS and LWS , respectively),
which follows a CES production function.

Y = AK α L1−α
1

L = (∑ ak Lkσ ) σ , where k ∈ {LBU , LWU , LBS , LWS }
k

Lk = Lknative + Lkimmigrant
In a perfectly competitive market, as firms choose inputs such that marginal product is
equal to marginal cost, wages in skill group k (ωk ) are simply the the marginal product with
respect to each labor input and the expressions for log wages are as follows:

K
Lk
log(ωk ) = log(A) + α log( ) + log(ak ) + (σ − 1) log( )
L
L
In partial equilibrium, log wages for a given collar/skill group are increasing in the
capital to labor ratio and decreasing in the relative share of labor in a given skill group.
Following closely the work done in Dustmann et al. (2017), we can derive the following
expression for the wage effects of immigration:
13 See

e.g. Dustmann et al. (2013,1)
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 πI
dlogωk = α(dlogK − dlogL) + (σ − 1) ( Nk − Π)dI + (dlogLkN − ∑ s j dlogLNj ) (1.1)
πk
j
Where (dI =

dLI
LN )

is the immigrant inflow relative to native labor, πkN and πkI are the

native and immigrant shares of employment in occupation group k, sk is the share of the
πI

labor aggregate in occupation group k and (Π = ∑k sk π Nk ) is a weighted average of the
k

relative immigrant-to-native densities across occupation groupings.
The first term represents decreasing returns across all labor groups, and depends on
the elasticity of capital supply. The second term represents the effect of the changing
labor composition on relative wages; within the brackets, the labor composition effects
are decomposed into two pieces. The first represents the direct effect of immigration on
wages; if immigrants are more concentrated in a specific group, relative to all others, it
will push down wages in that group. The second term represents the portion attenuated
by native adjustment and will depend on the elasticity of native labor supply. Assuming
perfectly elastic capital adjustment and inelastic native labor supply (i.e. low native adjustment), a low skilled blue-collar intensive immigration shock will decrease the wages of
low skilled blue-collar workers while increasing the wages of all other groups. As labor
supply elasticity increase (thus, increasing displacement), the magnitudes of these effects
will dampen.

1.3.2

L OW- SKILLED NATIVE L ABOR S UPPLY

Native workers will, of course, alter their behavior in the face of changing wages. Some
workers will leave the labor force, others will change occupations or move into other labor
markets. For the sake of simplicity, I assume the labor supply for the high skill groups is
inelastic and only model the adjustment of the low skilled group. When concerned with the
movement of labor across skill groups, this may be a good enough approximation as those
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in high skilled groups have accumulated enough group-specific human capital such that,
for small enough wage changes, it will be too costly to change occupations in the short run.
For low-skilled workers, I assume that aggregate low-skilled labor is fixed, but the share of
workers that choose a given collar is governed by the following elasticity:

dlog(

LBNU
N
LW
U

ω

) = θ dlog( ωWBU )

(1.2)

U

Here η is the slope of the labor supply curve with respect to own wages while θ is the
cross-group elasticity dependant on wages in the other low skilled group. If immigration
is primarily concentrated in blue-collar employment, as is the case in this analysis, the
extent to which low skill white-collar workers experience competition from immigration
is through this cross-group elasticity. If the elasticity is high, that is, low skilled native
workers can transition from blue to white-collar (or vice-versa) at relatively low cost, then
blue collar workers are able to attenuate their losses by changing occupations and low
skill white-collar workers are relatively exposed to immigration by experiencing a positive
supply shock, even if immigrants remain in blue collar occupations. If, on the other hand,
it is relatively costly for low skill workers to transition, then blue collar workers are unable
to attenuate the negative effects of the immigration shock and white collar workers are
relatively protected.

1.3.3

C OMPETITIVE E QUILIBRIUM AND THE E FFECTS OF B LUE - COLLAR I MMIGRA TION

The total wage effect of immigration will not only depend the magnitude and composition
of the immigration inflow, but also the ability of native workers to adjust. In this section
I evaluate the equilibrium effects of an increase in strictly low skilled blue-collar labor
I
(πU,B
= 1). Taking the ratio of equation (1.1) for low skilled blue and white-collar workers,
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respectively, and plugging in equation (1.2) yields the following relative wage and employment effects.

dlog

 σ −1
1
ωBU
=
] N dI
ωWU
1 − σ θ + θ πBU

dlog

LBNU
N
LW
U

=

 θ (σ − 1) 1
]
dI
1 − σ θ + θ πBNU

(1.3)
(1.4)

Given a finite cross labor supply elasticity, the values in the square brackets are strictly
negative. The magnitude of (1.3) relative to (1.4) will depend on the cross-group labor
supply elasticity θ .

Assuming an elasticity of capital supply,

1
η,

we can also calculate the overall wage

effects of each collar/skill group.
 −sU

dlog(ωk ) = λ dlog(L) + (σ − 1) N B dI + (dlogLkN − ∑ s j dlogLNj ) , for k 6= BU
πUB
j

 1 − sUB
N
N
dI
+
(dlogL
−
s
dlogL
)
, for k = BU
dlog(ωk ) = λ dlog(L) + (σ − 1)
j
∑
j
k
πUNB
j
λ=

αη
1−α+η

is the elasticity of aggregate labor demand and depends on the responsive-

ness of capital supply to the interest rate. The first piece in both equations, as in (1.1),
is negative—zero if capital is perfectly elastic—and common across all labor groups. The
wage effects due to the relative abundance of each labor group—those in the square bracket
and multiplied by (σ − 1)—are strictly positive for the high skilled labor groups and strictly
negative for the low skilled blue-collar group. High skilled workers strictly benefit, relative
to the average worker, while the opposite is true for low skilled blue-collar workers. The
direction of the effect is ambiguous for the low skilled white-collar group, the sign will
depend on the magnitude of θ . If low skilled workers are perfectly mobile across collars
(θ = ∞) then the effect immigration will affect blue and white-collar workers equally. If
12

low skilled workers are perfectly immobile (θ = 0) then the effect will be identical to the
two high skill groups.

1.4
1.4.1

BACKGROUND AND DATA
I MMIGRATION TO AUSTRIA

It is helpful to briefly describe the larger history of immigration to Austria as the migration wave beginning in 1989 is very much a culmination of previous inflows and helps
in motivating my identification strategy. Among immigrants in Austria, the largest shares
have come from Yugoslavia, former Yugoslavian countries, neighboring Eastern European
countries, Germany, and Turkey. Prior to 1989, immigration rates were relatively low in
Austria. In 1951, the immigration rate in Austria stood at 4.1 percent but subsequently
fell to 1.4 percent by 1961 as a large number of foreign born workers and World War II
refugees returned home. Between then and the mass migration beginning in 1989, immigration to Austria was relatively constant, while interspersed with a few large sporadic inflows
of immigrants. These increases principally arose from two phenomena. Austrian demand
induced labor migration from Yugoslavia and Turkey in the 1960s and early 1970s. Separately, multiple political crises in neighboring Soviet Bloc countries lead to large scale
waves of transit migrants fleeing their home countries.

L ABOR M IGRATION
In the 1960s, Austria experienced large inflows of labor migration. This was due to labor
shortages caused by the emigration of Austrian workers to Germany and Switzerland in the
1950s and Austria’s post-World War II economic boom. Following the lead of Germany and
Switzerland in the 1950s, Austria negotiated bilateral agreements with several southern
and southeastern European countries in the 1960s in order to recruit temporary workers.
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Agreements with Spain (1962), Turkey (1964) and Yugoslavia (1966) were made. The
most successful of these enterprises were those with Turkey and Yugoslavia. By 1973, the
number of workers from those two countries reached 205,000 - 178,000 from Yugoslavia
and 27,000 from Turkey.14
Austrian guest-worker programs were designed to be temporary in nature with workers
staying for a few years before returning to their home countries. In practice, though, guest
workers tended to stay longer. These foreign-born workers were primarily blue-collar, male
and in lower-skilled professions. The allocation of workers across regions and industries
depended on a quota system set at the region-industry level. Quotas were brokered through
negotiations between industry trade unions and the Austrian Economic Chambers. A review
of contemporaneous government analyses by Halla et al. (2017) finds that quota allocations were only loosely related to economic conditions at the time. “Subjective factors such
as negotiation skills" also contributed to quotas. Government analyses reveal that quota
allocations were uncorrelated with regional vacancies or unemployment rates in 1963, but
negatively correlated with regional unemployment rates in 1961.
Starting in 1973 and continuing into the 1980s, multiple recessions prompted by oil
crises reduced the demand for workers. In response, Austria passed more restrictive immigration laws which curtailed immigration and immigrant access to the labor market. The
decrease in labor demand also resulted in the return migration of a large share of guestworkers. Between 1974 and 1984, labor from Turkey and Yugoslavia decreased by nearly
20 percent. In the following years, immigration levels remained relatively constant until
large inflows began again in 1989.
14 See

e.g. Biffl et al. (2012); Biffl and Schutz (2006); Halla et al. (2017); Jandl and Kraler (2003)
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T RANSIT M IGRATION
Due to its geographic location, Austria was also a common transit country for refugees
fleeing communist countries during the Cold War. This resulted in a steady stream of
asylum seekers fleeing towards Western Europe through Austria over time. Austria also
experienced three major inflows of asylum seekers resulting from political events in neighboring communist countries. In 1956, over 180,000 refugees fled Hungary following a
political uprising. In 1968, roughly 160,000 Czechs fled during the suppression of the
“Prague Spring". Finally, in 1981 and 1982, around 150,000 Poles fled following the
quelling of the Solidarity labor movement. While a vast majority of the migrants would
continue on to western Europe to settle in a third destination country, in each case, a small
share of migrants would remain in Austria under some form of asylum protection (Biffl
and Schutz, 2006; Jandl and Kraler, 2003). Due to return and onward migration by 1988
the stock of employed immigrants from Eastern Europe was fewer than 5,000.

T HE 1989-1992 I MMIGRATION WAVE
In April 1989, the Hungarian government ordered the removal of the electric barbed-wire
fence along its border with Austria. This represented one of the first cracks in the Iron
Curtain that had divided Europe since the end of World War II. The death knell of the Iron
Curtain would culminate with the destruction of the Berlin wall more than a year later. The
profound effects of this chain of events were not lost on Austria, which experienced the
largest increase in immigration in its history. Immigration over this time period is the result
of the combination of multiple factors including domestic economic expansion, the fall of
the Iron Curtain, and an economic crisis in Yugoslavia. The four-year wave of immigration
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lead to an increase in the immigrant share of labor from 4.3 percent of workers in 1988 to
9.5 percent of workers in 1993.15
The composition of immigrants can be viewed as a combination of each of the previous
waves described above. Roughly a quarter of the inflow came from neighboring Eastern
European countries as emigration restrictions eroded. Another 20 percent were Turkish
laborers who returned due to renewed demand for labor. The largest share, corresponding
to 58 percent of the inflow, were Yugoslavian immigrants who were responding to both
the increase in labor demand as well as push-factors caused by the political and economic
turmoil in Yugoslavia. Figure A.1 shows the composition of immigrants by origin country
over time. In 1990, the government introduced a quota for work permits (“BundeshÃűchstzahlâĂİ). This capped the maximum share of foreign workers in the total workforce. The
yearly fixed quotas vary from 8 percent to 10 percent of the total workforce. For the conflict refugees from former Yugoslavia, Austria — like other European states — instituted
a so-called “temporary protected statusâĂİ outside the normal procedure. Additionally, the
Austrian government tightened its immigration policy and enacted a series of new laws in
1992-1993. The guest workers scheme was replaced by a yearly quota system for new residence permits.16 These newly enacted rules slowed migration until, by 1994, the inflow of
immigrants returned to a roughly normal pace.
In total, over the 4 year period the population of male foreign workers in Austria grew
by over 120,000, or roughly 5.6 percent of all male workers in 1988. The inflow of labor
over this period resulted in an increase in the immigrant share of labor of over 5 percentage points. Similar to previous labor migration, immigrants were primarily blue-collar
and received lower wages than native Austrians; they also over represented labor in the construction, agriculture and food and accommodation services industries. Blue-collar occupa15 Among
16 See

non-public sector male workers.
Biffl and Schutz (2006); Jandl and Kraler (2003).
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tions experienced an increase in immigrant labor of over 10 percentage points from roughly
8 percent of workers in 1988 to over 18 percent in 1993 (see Figure A.2).

1.4.2

DATA

This paper uses longitudinal data of social security records for all formally employed
workers in Austria from 1972 to 2006. The data are matched employer-employee records
at the employment spell-year level, and contains demographic information of the worker,
monthly income, spell length, broad occupation type (blue or white-collar), as well as
industry and location information of the firm.17 Location is identified from the firm at Austrian districts, known as Bezirk in German. The data identify 122 districts , which include
23 municipal districts for Vienna and several statutory cities which are identified separately
from their exurban areas. After combining Vienna’s municipal districts as well as statutory
cities with their surrounding regions, I am left with 84 distinct geographic areas—I refer to
these as districts in the rest of the paper. For employers, industry is identified at the NACE
4-digit industrial classification level. For the purpose of this research, I have aggregated the
data to 13 industrial classifications.
Workers are identified in the data as either blue or white-collar and is a formal delineation in Austrian labor law. White-collar workers (Angestellte) make up office-work, commercial services, and higher non-commercial services—this does not include food service
workers and some other lower-skilled service work. All other workers are assigned as bluecollar(Arbeiter) and are primarily made up of manual and skilled labor. Under Austrian
17 Monthly

income is calculated as income earned during an employment-spell divided by the
length of the spell and multiplied by thirty
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labor law, white-collar workers are guaranteed stronger benefits in the form of paid sick
leave, length of notice for termination, and redundancy pay.18
Income data is top and bottom-coded which, in any year between 1983 and 1995, covers
at most 18 percent of all workers, though this value can be as high as 48 percent for male,
white-collar workers. Top and bottom coded data is imputed using a two-sided Tobit model
on the natural log of monthly income.19
While the panel nature and near-universal data coverage allow for a unique analysis
not typically available in studies of immigration and labor markets, the records also pose
a number of drawbacks.20 First, the large portion of top-coded incomes for white-collar
workers will limit the extent to which I can analyze earnings effects for the highest income
workers. This will also add considerable noise to any analysis done on all white-collar
workers. Second, my earnings measure, monthly income, is a function of both wages
and hours worked. Thus, even under perfect competition assumptions, monthly earnings
measure some combination of both productivity and employment on the intensive margin.
Finally, the data contains limited information on the education or occupation of workers. In
light of these shortcomings, my analysis is repeated for a number of stratified samples by
income group, collar, age and gender to proxy for different skill groups and limit the effect
of imputed incomes in attenuating results.
For the purpose of this analysis, I extract individual-by-year level data using the
employment information of a worker on July 1st of a given year. I include only employment
18 Though,

in some cases, sectoral bargaining has secured benefits that exceed those guaranteed
to white-collar workers; see Schwerdt et al. (2010) for a more detailed description of the Austrian
Social Security data.
19 While the variance of the error term is assumed to be homoskedastic in each imputation model,
the model is fitted separately by year, industry by collar and 10-year age group cells. This allows
the variance of the error term to vary non-parametrically for each cell. Tobit models also control for
state-level fixed-effects and a quadratic age term, the coefficients on which also vary at the cell-level.
20 As far as I know, Dustmann et al. (2016) and Foged and Peri (2016) are the only other papers
that use administrative panel data
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spells of 30 or more days. For workers who have multiple active employment spells on July
1st , the spell with the highest monthly income is used. Records for tenured public-sector
employees are not included before 1988. When included, they do not contain information
on income; thus, all public sector employees are excluded in the analysis. What’s left is a
panel of all formally employed workers private sector workers between ages 18-64 who
were employed on July 1st of a given year. While the data do not explicitly identify when
foreign-born workers arrived in Austria, newly arrived immigrants in year t are defined as
having no prior employment records before year t.

1.4.3

S UMMARY S TATISTICS

NATIVE E MPLOYMENT AND L ABOR M OBILITY
Below I present summary statistics separately by income quintile and collar, including transition rates across different sectors of the labor force. Tables A.1 and A.2 shows basic demographic characteristics in 1987 for each earnings quintile for blue and white-collar workers,
respectively. Quintiles are derived from the distribution of all native Austrian workers, aged
18 to 64. Tables A.1 and A.2, though, only include summary statistics for workers 23-59 as
those are the sample included in the econometric analysis as workers below 22 and older
than 59 in the data appear to have very weak attachment to the labor market.
As expected, lower income workers are considerably younger; this is true of both blue
and white-collar workers. They are also more overrepresented in retail and wholesale trade,
food and accommodation services and transportation. Higher income workers are more
concentrated in manufacturing, construction, mining and utilities. In general, white-collar
workers are older than blue-collar workers, this is true across all income quintiles except
for the lowest. Workers in the lowest quintile for both collars are overwhelmingly female
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(between 78% and 88%, depending on the collar); these drastic proportions likely reflect
the prevalence of part-time work for women rather than differences in productivity.
Examining employment transitions provides valuable information on the ability of
native workers to adjust, the various paths workers take to move up the job ladder, and
which workers across occupation types compete for the same jobs. Blue-collar and lower
income workers have significantly more mobility across regions, industries, and collars.
One reason is that lower income and blue-collar workers are significantly younger. This is
consistent with data from other countries and reflects the fact that younger workers have a
longer horizon for which to realize gains from a potentially costly move.21 A simple regression analysis of transitions (not shown) indicates that transitions of all types are indeed
decreasing in age. One interesting observation, though, is that, conditional on age, transitions across collars are increasing in income for blue-collar workers while decreasing in
income for white-collar workers. This suggests that blue-collar workers may be following
a job ladder through which they eventually transition to a white-collar position.
Apart from a low rate of geographic mobility, low-income white-collar workers behave
more like blue-collar workers than other white-collar workers. They exhibit mobility
rates across industries and collars roughly between that of 1st and 2nd quintile blue-collar
workers. Figure A.3 shows the comparability of blue and white-collar income quintiles
across the entire native income distribution. The x-axis depicts the income percentile
among all native workers, while each block shows the percentile span that a quintile-collar
combination covers. The bottom quintile in white-collar incomes covers slightly more than
the bottom 40 percent of blue-collar incomes. The next quintile covers roughly the next
40 percent of blue-collar incomes, while the top 60 percent of white-collar workers earn
around the same as the top 20 percent of blue-collar workers. Across a number of measures
(age, transition rates, income...), the lowest quintile white-collar workers look much more
21 See

e.g. Kaplan and Schulhofer-Wohl (2017); Molloy et al. (2011,1)
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similar to blue collar workers than higher-income white-collar workers. Together, the data
imply that these two may be fairly substitutable in the labor market.
In line with trends seen across many developed countries, Austria has experienced a
structural shift away from manual, blue-collar jobs, and into white-collar and service jobs.
Figure A.4 depicts this trend. In 1980, only about 37 percent of male workers were in
white-collar positions. By 2000 this share had increased to 42 percent. Over this span this
trend was fairly constant. This holds through the mass inflow of blue-collar immigrants in
the early 1990s, meaning that native workers must have compensated for the immigrant
inflows by shifting into white-collar work at a faster rate. The native-specific trend line of
Figure A.4 depicts suggestive evidence of this phenomenon. One of the main goals of this
research is to understand the causal relationship between blue-collar immigration and the
native white-collar share.

T HE L ABOR F ORCE C OMPOSITION OF I MMIGRANTS
Figure A.2—depicted above—shows the extent of the immigrant shock by collar. The
immigrant share of blue-collar workers over this period increased by roughly 11 percentage
points to over 18 percent of the work force. Conversely, for white-collar workers, the share
increased by less than 2 percentage points to only about 3 percent of the work force. While
the disparity across collars is quite stark, variation across other dimensions present even
more severe levels of concentration.
Within blue collar employment, immigrants were significantly concentrated among certain points in the income distribution as well as in specific industries. Figure A.5 shows the
density of blue-collar immigrants, relative to blue-collar natives, along different points in
the blue-collar income distribution. Immigrants are heavily concentrated among the lowest
points in the blud-collar income distribution. Likewise, they are significantly less likely to
be employed in high-income blue-collar positions. They are 2.3 times as likely as natives
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to be in the bottom quintile, 1.3 times as likely to be employed in the 2nd quintile, and only
12 percent as likely to be employed in the top quintile. This concentration lead to increases
of 22.5 and 13.4 percentage points in the immigrant share of workers for the 1st and 2nd
quintiles, respectively; though only a 1.2 percentage point increase in the immigrant share
of the top quintile. Aside from the utilities industry, immigration increased significantly
across all industries. Manufacturing, construction, and accommodation and food services
underwent the largest increases in immigrant shares.22

1.5

E MPIRICAL S PECIFICATION AND I DENTIFICATION

1.5.1

E MPIRICAL S PECIFICATION - PANEL R EGRESSIONS

My main specification, outlined in Equation 1.5, estimates the effect of immigration on very
short-run (one year after immigrant arrival) outcomes of native workers. Yrt , the outcome
for district r in year t, are district-year level averages across workers. This basic setup
regresses outcomes on the inflow of immigrants between years t and t − 1 as a share of
district population in year t − 1 (denoted ∆mrt ) and a set of year and district fixed effects.
In 2SLS IV estimates, I instrument for mrt with m̂rt using historic immigrant shares as
described in Section 1.5.3. The parameter of interest, γ, measures the impact of immigration
inflows on a given outcome Y . Specifically, the equations estimated in this specification are

Yrt = γ∆mrt + ηr + ηt + εrt

(1.5)

where,
∆mrt =

Mrt − Mr,t−1
Nr,t−1

22 Mining

and agriculture also saw large increases, though they makeup a much smaller share of
overall native employment.
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I estimate Equation 1.5 on all workers, aged 23-59, from 1984 to 1994. While I do
test for pre-trends in the following section, one benefit of this specification is the inclusion of district fixed-effects. The length of the pre-intervention period and the fixed-effects
structure allow me to control for any time invariant district-specific factors. In the case of
earnings and employment growth, as I am estimating a first-difference specification, this
will also control for any district-specific linear trends in the levels. Estimates from this
approach should be interpreted as the very short-run effects of immigration, and will not
identify any effects that occur over a longer time horizon. While this specification provides
a very “clean" identification, one drawback is that the specification is limited in the scope
of questions that it can answer.
The specification is most closely related to the individual fixed-effects specification
in Foged and Peri (2016) (Equation 1), though aggregating to the district level and using a
different fixed-effects structure. This is also closely related to the specification of Dustmann
et al. (2017) who regress differences from two repeated cross sections on the inflow of
Czech workers into German municipalities. The specification in this paper, though, includes
differences over multiple years so as to allow for the use of district fixed-effects.

E MPLOYMENT AND T RANSITION O UTCOMES
I first look at the effects of immigration on employment growth and labor force transitions
for a given district. This analysis first identifies the effect of immigrant inflows on growth
in aggregate employment levels for a given district and collar. Specifically, I regress the
natural log of annual employment growth on changes in immigrant shares. I follow this
by looking at different margins of transition for native workers. Effectively, this decomposes the measured effects on overall employment growth into the margins of adjustments
that give rise to them. These margins include inflows and outflows of workers across dis-
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trict, collar, and employment altogether. Table A.4 gives explicit definitions for each of the
employment variables used.
The ability to identify such adjustments offers a unique benefit over other papers in this
literature. A common finding in the local labor markets literature is that aggregate employment effects tend to be larger in magnitude than those on average wages.23 The economic
and policy implications of these results depend on the margins that drive these overall
employment results. For example, a decrease in blue-collar employment could be due to
migratory response, occupational mobility across collars, or movement of workers out of
employment altogether. An increase in workers’ geographic or occupational mobility—
absent an increase in unemployment—implies that labor markets may be flexible enough
to absorb a large inflow of immigrant workers without need for intervention. An increase
in unemployment, on the other hand, would be an unambiguously bad outcome that may
imply a larger role for economic policy.

E ARNINGS O UTCOMES
At the individual-by-year level, I regress differences in the district average of individuallevel differences in log monthly income on district-level immigration inflows. Under this
approach, I assign workers to a district and collar based on their position in year t − 1.
Therefore, estimates on income effects also include workers who change collar or district in year t. This is important, as it allows me to measure effects on earnings factoring
in any adjustments that workers make. Income effects in this framework should be interpreted as the effect of immigration on a worker in a given cell rather than the cell itself.
While subtle, this interpretation differs from much of the literature using the factor proportions approach, which looks at the effect of a supply shock on a given group on the
marginal product of that group (proxied for by wages). Additionally, as the variable of
23 See

e.g. Borjas (2006); Del Carpio and Wagner (2015); Dustmann et al. (2016)
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interest is monthly income, effects may also capture employment effects on the intensive
margin through reduced hours.
Regressions of earnings are run separately by worker income quintile.24 Economic
theory implies that immigrants likely have very different effects for workers of different
skill levels and, as the data do not include information on educational attainment, separating by quintile is the next best proxy. Additionally, as a large share of workers have
top-coded incomes that have been imputed, I limit my earnings analysis to only to only
workers workers in the bottom three quintiles so as to reduce the amount of uncertainty
introduced by top-coded data.

1.5.2

E MPIRICAL S PECIFICATION - D IFFERENCE - IN - DIFFERENCES M ODEL

The second empirical specification I implement is designed to identify the longer-run
effects of immigration. Following a similar strategy to Foged and Peri (2016), I identify a
cohort of employed workers in 1987 (two years prior to immigrant arrival and denoted t0 in
the specifications) and follow them over time. The analysis uses a difference-in-differences
type specification with a continuous treatment variable. Namely, I estimate effects separately by year from 1984 to 2000. I define treatment as the number of immigrants who
arrived in a given district between 1989 and 1993 divided by the 1988 population and
individuals are assigned a given level of treatment based on their district of residence at
baseline. I estimate effects via the following specification
1986

Yr(t0 ),t =

∑

2000

γs ∆mr(t0 ) I(t = s) +

s=1984

∑

γs ∆mr(t0 ) I(t = s) + ηt + ηr(t0 ) + εi

(1.6)

s=1988

where,
∆mr =
24 Quintiles

1993
∆Mr,t
∑t=1989
Nr,1988

are calculated annually at the national level across all workers (blue and white-collar

together)
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I construct the study cohort from as all male workers aged 25 to 47 in 1987. I choose
these age cutoffs such that the cohort is working age throughout the entire study period.
Equation 1.6 is estimated separately by income group and pooled across both blue and
white-collar workers. I include district and year fixed-effects. Because workers are identified by their location in 1988, the specification allows me to identify the effects of immigration even as workers move across different dimensions in the labor force. That is, membership of an individual to a certain level of “treatment" does not change over time as is
determined by their location in the baseline year. Even as workers move into districts that
may have received different numbers of immigrants.
Using this approach, I estimate the effect of immigration on a given worker’s log income
growth since 1988 as well as indicators for whether a worker is white-collar, employed in
a given year and whether they are working in a different district from 1987. The main
benefit of this specification, as compared to the previous specification, is that it identifies
the effects of immigration over a much longer time horizon. These longer-run estimates
effects are likely to be more economically meaningful as we are able to identify adjustments
that occur over multiple years rather than just during the year of arrival. One drawback
of this approach, though, is that, because the dependent variable are not first differences
in income or year-on-year transitions, the district fixed-effects no longer control for any
district specific linear trends in levels, which will expose my estimates to any bias stemming
from differences in pre-trends.

1.5.3

I DENTIFICATION

Though the inflow of workers into the whole of Austria may be exogenous to labor market
outcomes, if immigrants select into districts for reasons correlated with outcomes of
interest, this would bias OLS estimates. For example, if immigrants select into areas with
growing demand, then wage estimates are likely to be biased upward. On the other hand,
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if immigrants select into areas with declining industries—perhaps because employers are
resorting to cheaper immigrant labor—then estimates will likely be downward biased. To
account for these factors, I instrument for immigrant inflows using the historical settlement
patterns of immigrants by country of origin.25 Specifically I predict immigrant inflows
for each origin country using national level contemporaneous inflows and the historic
distribution of immigrants across Austrian districts, with 1974-1978 as the baseline period.

∆M̂rt =

∑ ∆M̂ort = ∑ (θort0 ∆Mot )

o∈O

(1.7)

o∈O

The instrument works well in predicting the settlement patterns of the migrants. Figures
A.6 and A.7 show the correlation between predicted and actual inflows. The maps in Figure
A.7 indicate that immigration is underestimated in certain districts close to the borders of
Yugoslavia, Czechoslovakia and Hungary, indicating that distance was also likely a factor
in determining settlement above and beyond what is predicted by historic settlements.
The exogeneity of the instrument requires that historical settlement patterns be uncorrelated with outcomes of interest, conditional on other included controls. Section 1.4.1
describes in detail the history underlying these shares. Turkish and Yugoslavian labor
migrants arrived through bilateral agreements between Austria and their home countries in
the 1960s. As Halla et al. (2017) and Antón et al. (2016) argue—and previously described
in Section 1.4.1—guest workers’ settlement in the 1960s and 1970s was only weakly correlated with labor market conditions at the time. Austria had underwent multiple business
cycles in the years since and by the early 1980s populations from these countries were only
a fraction of what they were just a decade earlier.
25 See

e.g. Altonji and Card (1991); Card (2001)
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A number of recent papers have highlighted potential pitfalls with using shift-share
instruments.26 In the context of immigration, Jaeger et al. (2018) argues that the instrument
could be biased if there exist persistent effects from previous immigrant inflows that are
also correlated with the shares. This is likely not the case in the context of Austria, as immigrant shares had been stable or decreasing in the years leading up to the shock. GoldsmithPinkham et al. (2020) shows that a shift-share instrument can be decomposed into multiple
instruments—one for each set of shares—in a GMM setting where the weighting matrix is
determined by the size of the shocks. This setup allows researchers to identify the weight
that each individual instruments carries in the IV regression and highlights which instruments are most important for justifying exogeneity.
Although the identifying assumptions are not explicitly testable, it is helpful to explore
the correlation between the instrument and district-level pre-trends and baseline characteristics to identify possible violations. Tables A.5 and A.6 show pre-period correlates and
pre-trends in outcomes regressed on total predicted immigration from 1989 to 1993. Following Goldsmith-Pinkham et al. (2020), I also include a separate regression using the
individual shares underlying each instrument. Specifically, the variables are defined as the
baseline share (θort0 ) relative to that of natives (θrtnative
). Regression results show that instru0
mented immigrant shares are correlated with industry and blue-collar shares, though these
correlations are not consistent across each immigrant group. Additionally, Yugoslavians
tend to settle in richer and more populous districts while the opposite is true of Turkish and
Eastern European immigrants. Pre-trend analysis shows that, in most cases, instruments are
uncorrelated with my outcomes of interests. In the case of violations—blue-to-white collar
mobility and white-collar income growth—correlations often move in opposite directions
when looking at individual origin countries. To assuage concerns about potential endo26 See

Adao et al. (2019); Borusyak et al. (2018); Goldsmith-Pinkham et al. (2020); Jaeger et al.
(2018). Though, Adao et al. (2019) and Borusyak et al. (2018) refer to identification strategies in
which the shocks are treated as exogenous, rather than the shares.
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geneity, in robustness checks I show that coefficients are consistent when estimating individually for each instrument, even though pre-period correlates and pre-trends often work
in opposite directions. Additionally, I show that results are robust to a number of different
specifications that address these concerns.

1.6

E CONOMETRIC R ESULTS

1.6.1

PANEL R EGRESSIONS

This section presents panel estimates of Equation 1.5 on employment and earnings outcomes of workers at the district level from 1983 to 1994. Estimates are identified separately by worker collar and gender as well aggregate across each of these dimensions. The
coefficient of interest, γ, represents the effect of an inflow of immigrants as a share of the
previous years’ employment.

E MPLOYMENT AND T RANSITION E FFECTS
Table A.7 shows estimated effects of immigrant inflows on log employment growth
for total—immigrant and native—employment and separately for native workers alone.
Columns 1, 3, and 5 show OLS estimates while columns 2, 4, and 6 estimates from
IV regressions. The first two columns show estimates for workers of both genders, the
third and fourth columns for just males, and the fifth and sixth columns for just females.
The rows indicate which collar and which variable—the natural log of total or native
employment—is used in estimation.
The effects on employment of blue and white-collar workers together are shown in the
first two rows. Results from instrumental variables regressions indicate that immigration
had no effect on the aggregate employment levels of native workers at the district level.
Estimates from IV regressions are close to, and not significantly different from, zero. It is
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important to note, though, that point estimates are relatively imprecisely estimated. Consequently, we cannot rule out small but perhaps economically meaningful effects. Likewise,
combining natives and immigrants, we see coefficients that are less than, but not significantly different from, one; supporting the conclusion that immigration had little to no
effects on the levels of native employment.
While I find that the immigration shock did not significantly affect aggregate levels
of native employment, I find clear evidence of a reallocation of workers from blue- to
white-collar jobs. The second and third panels (rows 3 to 6) of Table A.7 shows the effects
separately for blue and white-collar employment, respectively. Immigration significantly
decreases the employment of native blue-collar labor, this is primarily driven by a significant decrease in male blue-collar employment. An immigrant inflow equal to 6 percent of
total employment—roughly the difference between districts at the 10th and 90th percentiles
in immigrant shares—would decrease blue-collar employment by about 6.9 percent. Likewise, estimates are significantly positive, though smaller in magnitude, for white-collar
employment.
The data also show suggestive evidence that immigration differentially affected
employment across genders. First, for blue-collar workers the effects are larger in magnitude for males than females. The opposite is true among white-collar workers. Additionally,
these differences are further magnified as female workers are less represented among bluecollar workers. While estimates are not significantly different from zero, point estimates
from our total employment regressions (row 2) support this.
Finally, across all specifications, OLS estimates exhibit either a zero or positive relationship. This suggests that immigrants likely endogenously selected into districts experiencing
faster employment growth and this positive selection likely biased OLS estimates upward.
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M ARGINS OF R EALLOCATION
Results from Table A.7 show that immigration had little effect on aggregate employment
at the district level but did significantly affect the allocation of workers across blue and
white-collar jobs. This section further explores this relationship by looking at transitions
of native workers along different dimensions of the labor force as well as into and out of
employment.
Table A.8 shows the effects of immigrant inflows on different dimensions of labor
mobility for native workers. Columns are organized as in Table A.7. Rows represent different outcome variables and samples and are organized by collar and whether the worker
transition represents an inflow or outflow from a given cell. The definitions of each transition are defined in Table A.4.
Results indicate that the decrease in blue-collar employment is driven by two margins.
First, blue-collar workers in high-immigration districts move into white-collar jobs at significantly higher rates, driving the results shown in figure A.4. This effect indicates that
a 6 percentage point increase in the immigrant inflow will lead to a 1.3 percentage point
increase in the share of blue-collar workers who move into white-collar jobs, equal to about
half the national rate observed pre-immigration in 1988. Second, there is a large and significant decrease in the number of blue-collar workers entering from outside districts but
no increase in outmigration.27 The same inflow as above would decrease the rate at which
workers move in from outside districts by 2.8 percentage points. I find no significant effect
of immigration causing blue-collar workers to leave employment altogether.
With respect to white-collar workers, I find that immigration decreases the rate at which
white-collar workers transition into blue-collar employment. Additionally, immigration
27 This

result is consistent with findings in both Dustmann et al. (2017), who looks specifically at
effects of immigration, and Monras (2020), who looks at the response to labor demand shocks in
general.
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causes a significant change in the collar composition of new hires. I find that immigration
significantly decreases the number of newly hired blue-collar workers while significantly
increasing the number of white-collar workers. The two effects are roughly equal in magnitude.

E ARNINGS E FFECTS
Table A.9 presents overall earnings effects by collar, gender and income quintile. Regressions are only included for the bottom three quintiles as many incomes in the top two
quintiles are either top-coded or become top-coded in the subsequent year which adds considerable noise to the results. Rows and columns are organized as in Tables A.7 and A.8.
While estimates are relatively imprecise, point estimates on earnings are consistent with
economic theory. Effects across income quintiles show a clear gradient with earnings losses
concentrated in the bottom two quintiles. This result is also consistent with Dustmann et al.
(2013), who find that losses concentrated at the points in the distribution where immigrants
are most prevalent. These effects occur across both blue and white-collar workers, and are
larger in magnitude for white-collar workers. This implies that, while immigrant labor was
not in direct competition with lower skilled white-collar workers, they still experienced
earnings losses due to the indirect effects of native adjustment.
Larger income effects for white-collar workers poses somewhat of a puzzle. Simple
models, such as the one presented in this paper, imply adjustment will lessen the relative
impacts between blue and white-collar workers, but should not result in relatively larger
losses for white-collar workers. One possible explanation is that the specification in this
paper is not exactly identifying the marginal product of a blue or white-collar worker as in
the model. Workers are identified by their collar in the previous year, and estimates capture both the effects on workers who remain in the same cell as well as those who change
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occupations. In this case, wage effects may be larger for blue-collar workers, but occupational upgrading among previously blue-collar workers dampens that effect. Additionally,
this result could be driven by differences in labor market frictions faced by employers of
blue and white-collar workers. Austrian labor law provides stronger protections for whitecollar workers, through hire firing costs and longer required notice for termination. These
frictions might result in larger wage effects and larger reductions in employment on the
intensive margin, which would both be captured by monthly income.

H ETEROGENEOUS E FFECTS
Stratifying our samples by age and income groups provides further insights into the aggregate results. Figures A.8 to A.9 present these results for blue and white-collar workers by
income quintile and age group. The effects presented are on collar out-migration, district
out-migration, log earnings growth and the probability of not being employed in the following year.
Results by income quintile show interesting patterns. First, point estimates of blue to
white-collar transitions are relatively stable across the income distribution. This is surprising as immigrants were disproportionately working in jobs at the bottom of the bluecollar income distribution. Thus, these workers should face the most direct labor market
competition from immigrant workers. The decrease in transitions out of white-collar jobs,
though, appears more consistent with this theory. I find that the decrease in white to bluecollar transitions is entirely driven by changes for workers in the bottom two income quintiles of the income distribution.
Figure A.9 presents estimates for the same outcomes by age group. I find that the effects
on collar mobility are largest for the youngest workers. This is true—though in opposite
directions—for both blue and white-collar workers. This result is consistent with a model
in which workers consider lifetime earnings when making employment decisions. A longer
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time horizon for younger workers implies larger lifetime gains from moving, relative to
a one time fixed mobility cost. Results with respect to earnings are less clear. I find that
young blue-collar workers—the group that experiences the largest increase in cross-collar
mobility—experiences significant earnings gains. This may be explained by the fact that
the youngest workers also experience the largest increase in collar mobility. On the other
hand, the youngest white-collar workers experience negative earnings growth relative to
those in low-immigration regions. Finally, I find no clear patterns with respect to age with
respect to geographic mobility and changes along the extensive margin.

ROBUSTNESS C HECKS
To validate the robustness of these results I address a number of sources of potential bias.
First, as Figure A.7 shows, one determinant of historical and contemporaneous immigrant
shares is the distance from the Eastern European and Yugoslavian borders. If this distance
is correlated with other changes that coincide with the timing of the shock—for example,
increased trade among border regions—then this could bias my results. To account for this,
I include log distance to the nearest border in my regressions and allow this effect to vary
by year. Next, the inclusion of district fixed-effects should account for any time invariant
district-specific characteristics; this includes linear increases in log income and employment (as the dependent variable is growth). I expand this by allowing for more flexibility
by including district-specific linear time trends in estimation as well. To address concerns
that results reflect the underlying industrial composition that is correlated with immigrant
shares (see Table A.5) I calculate predicted employment growth from a Bartik style variable with industry shares to include as a regressor. Finally, as Yugoslavian immigrant shares
were correlated with larger and wealthier districts, I try excluding three large districts that
exhibit large Yugoslavian immigrant shares—Vienna, Innsbruck and Graz.
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Figures A.10 and A.11 present results from every combination of the specifications
listed above for two outcomes; employment growth among blue-collar workers and blueto-white collar mobility rates. Results across a wide range of specifications show point
estimates and confidence intervals consistent with my main specification.
It could also be the case that results are driven by a single immigrant group. Following Goldsmith-Pinkham et al. (2020), I decompose the instrument into individual
origin group weights and coefficients. Results from this exercise are presented in Table
A.10. I find that each origin group contributes positively and non-negligibly to estimates,
with weights ranging from .24 to .44. Eastern European immigrants carry the most weight
in the instrument—at .44—as initial shares provide both a strong first-stage and the relatively large gross flows. Despite being the largest immigrant group, Yugoslavians carry
less weight as initial shares are less correlated with actual inflows. Panel B decomposes
estimates from my main specification by origin group for the same two outcomes as above.
Despite very different settlement patterns—see Tables A.5 and A.6—estimates across
origin group are similar in magnitude and not significantly different from each other. This
further reinforces the idea that estimates reflect the causal effect of immigration rather than
trends explained by underlying factors correlated with migrant shares.

1.6.2

D IFFERENCE - IN - DIFFERENCES S PECIFICATION

This section presents results from the difference-in-differences approach described in Equation 1.6. As in the previous section, immigration shares are instrumented for using predicted
immigrant inflows described in section 1.5.3. The independent variable aggregates immigrant inflows from 1989 to 1993 at the district level. Figures A.12 and A.13 show estimates
separately by income quintile and age group, respectively. All results pool blue and white
collar workers. Because lower earning workers were in most direct competition with immigrant labor, and shown to be the most affected in the short-run analysis, I limit results to
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workers in the bottom three income quintiles in 1987. The difference in immigration from
a district in the bottom quartile of the distribution to one in the top quartile is roughly 15
percent of a district’s 1988 population, so the estimated difference in outcome between
workers in a high immigration district relative to a low immigration district is roughly the
plotted coefficient multiplied by .15.
Like the previous analysis, the most striking result from this analysis is the effect of
immigration on the white-collar share of workers. Results indicate that over time, relative
to workers in low-immigration districts, living in a high-immigration district increased the
probability that a native worker was working in a white-collar job by over 10 percentage
points. These results are fairly constant across different income groups and slightly larger
among younger workers. The effect appears almost immediately and is consistent with
results from the short-run analysis. Estimates show little to no effect on the probability that
worker is employed in a different district. This result is also consistent with the previous
estimates.
Effects on employment rates are difficult to interpret. At first glance, the estimates
appear to indicate that immigration increased the probability that a worker was not
employed in subsequent years. Looking at pre-trends, though, show that before the largescale immigration beginning in 1989, workers in high-immigration districts have lower
labor market attachment relative to workers in low-immigration districts. Therefore, this
measured effect might be biased by pre-migration differences across districts. Additionally, short-run estimates from the previous section, which can control for pre-trends using
district level fixed-effects, find no effect significant on native employment rates.
Similarly, estimates on the earnings effects appear to be contaminated by differences
in pre-trends across districts, which we have already identified in table A.6, particularly
among the lowest quintile workers. Estimates in figures A.12 and A.13 imply increased
native earnings for the bottom quintile and no significant effects for the 2nd and 3rd . This
36

is inconsistent with estimates from the prior approach, which controls for constant time
trends across districts, and shows that immigration decreased earnings growth for both the
low-income blue- and white-collar immigrants.
Overall, results from the difference-in-differences approach are consistent with that of
our short-run analysis with respect to worker re-allocation, but not with respect to earnings.
One interesting result, though, is that effects do not appear to dissipate over time. One might
expect immigration to increase the white-collar share of natives relative to other districts
initially, but as immigrants move across districts, or firms/industries adjust, these effects
may dissipate as native workers in other districts catch up. Instead, I find that these effects
remain, at least in the first 12 years after arrival.

1.7

D ISCUSSION AND C ONCLUSIONS

This paper examines the impacts of a large-scale immigration shock following the Cold
War using panel data on the universe of formal Austrian workers. The longitudinal aspect
of the data allows me to follow workers over time and observe transitions across occupation types and out of employment. Using an instrumental variables approach that exploits
variation in the historic settlement patterns of immigrants, I evaluate the effects of immigration on employment and earnings outcomes of native workers, paying close attention to
heterogeneous affects across income groups and occupation type.
I find that immigration significantly affected the allocation of Austrian workers across
occupation types, but had only limited effects on the earnings of native workers. Labor
markets appear to be relatively flexible in absorbing such a large immigration shock. I
find that reallocation was driven by cross-collar mobility of already employed workers and
changes to the composition of newly hired workers, but I find no effects along the extensive margin of employment. There is suggestive evidence that low-income workers expe-
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rienced earnings losses in the short-run. I find this effect to be largest among white-collar
workers, despite the fact that immigration wave was comprised overwhelmingly of bluecollar workers. This is likely due to the fact that the presence of displaced formerly bluecollar workers acted as a supply shock to the white-collar sector. Further up the income distribution, both blue and white-collar workers experience neither earnings gains nor losses,
while blue-collar workers at higher earnings levels also transition into white-collar work at
higher rates. Estimates are mostly consistent when looking at the longer run outcomes of
native workers.
Results from this research highlight the importance of labor mobility in understanding
the labor market impacts of immigration. While Austria experienced an inflow of immigrants at levels that one would expect to be quite disruptive to native workers, the occupational mobility of native workers likely lessened distributional effects.
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C HAPTER 2
A DYNAMIC S PATIAL M ODEL OF I MMIGRATION AND L ABOR M ARKET A DJUSTMENT

2.1

I NTRODUCTION

Recent research in the economics of migration has focused on the adjustment process of
native workers in response to immigration.1 This literature finds that an inflow of immigrants can alter the employment and migration decisions of native workers. Specifically,
the research finds that natives are less likely to move into regions that experience larger
immigrant inflows (Dustmann et al., 2017; Packard, 2020) and are more likely to move
into occupations for which natives have a comparative advantage (Bratsberg et al., 2019;
Foged and Peri, 2016; Packard, 2020; Peri and Sparber, 2009). Where workers move and
at what rate will depend on the costs and benefits faced by those workers. In this paper, I
develop a model that formalizes this adjustment process in a dynamic setting and simulate
the adjustment path following an immigration shock in a hypothetical economy.
This model adapts dynamic spatial models from the trade and urban economics literature.2 This framework relies on wage gaps, mobility frictions, and idiosyncratic utility
shocks to dictate transition rates among workers. Using this model, I simulate the effects
of a large and unexpected immigration shock meant to mimic the Austrian shock studied
in Packard (2020). These simulations show the speed and direction of native adjustment
under a plausible set assumptions.
1 See e.g. Bratsberg et al. (2019); Dustmann et al. (2017); Foged and Peri (2016); Packard (2020);

Peri and Sparber (2009)
2 See e.g. Artuç et al. (2008,1); Caliendo et al. (2019)
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Results in this paper highlight important insights for both empirical and theoretical
work. First, the model shows how empirical spatial work can be contaminated by spillovers.
Immigration alters the internal migration decisions of native workers, both in immigrant
receiving regions and also throughout the rest of the economy. Such spillovers may violate
SUTVA assumptions in empirical work. Explicitly modeling the adjustment process can
help sign the direction of the bias which varies depending on the outcome of interest. Additionally, simulations show how empirical estimates of the elasticity of labor supply will
depend on the time horizon being studied. This is because frictions imply a delay in adjustment and, thus, implies a trade-off between the identification of wage and employment
effects depending on the frequency of the data being used. Finally, the model also shows
how the presence of domestic trade also influences the labor market effects of immigration. Rather than distribute the effects across the economy, domestic trade can exacerbate
geographic differences in outcomes. This happens as prices fall to satisfy balanced trade,
which worsens the terms of trade for immigrant receiving regions.
I also compare simulations under a counterfactual economy with reduced mobility
costs. Results from this counterfactual economy show a faster adjustment path that distributes the negative effects more evenly across the economy. This finding underscores a
potentially important role for policy in facilitating adjustments. Specifically, relocation and
retraining subsidies could offer a promising solution in mitigating the distributional effects.
The rest of the paper is structured as follows: Section 2 presents the model and defines
the equilibrium. Section 3 describes a simplified economy and presents simulation results
under two counterfactual settings. Section 4 concludes with a discussion of takeaways and
future work.
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2.2

M ODEL

Consider a closed economy made up of N distinct markets (regions)—indexed i, j—each
producing a single final good Yi . Each market, made up of a continuum of perfectly competitive firms, produces a single good using three inputs; capital (Ki ), white-collar labor
(Liw ) and blue-collar labor (Lib ). Firms produce output according a nested constant elasticity of substitution (CES) production function. Capital in each market is immobile and
inelastically supplied. While labor is mobile across markets and collars, aggregate labor
(L̄) is fixed and exogenously given.

∑ ∑ Lic = L̄

c∈{w,b} i∈N

Workers are mobile over time, but in each period the distribution of labor across markets
and collars is fixed based on decisions made in previous periods. All workers are homogeneous and, in each period, supply one unit of labor inelastically. Workers consume all
income in a given period, where income is made up of labor earnings and returns to capital holdings which is divided equally across all workers. Income is spent on a variety of
region-specific goods subject to CES preferences, as in the Armington (1969) framework.
Time is modeled discretely, denoted t = 0, 1, 2, ... Workers are infinitely lived and maximize lifetime utility by deciding which market and collar to reside and work in, subject
to mobility costs and idiosyncratic preference shocks. Following work done by Artuç et al.
(2008,1), I model this economy as workers adjust over time to an unexpected labor supply
shock.

2.2.1

P RODUCTION

In each market i, a single good Yi is produced through a constant returns to scale nested
CES function with the outer nest as Cobb-Douglas.
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Y (Ki , Li ) = Ai Kiα Li1−α

1

η
η η
Li = L(Lb,i , Lw,i ) = [sLb,i
+ (1 − s)Lw,i
]
1
.
The elasticity of substitution between blue and white-collar labor is defined as σ = 1−η

Firms are price takers and choose capital and labor inputs to minimize costs for a given level
of production and input prices. Input prices—the rental rate of capital and blue and whitecollar wages—are denoted ri , wib , and wiw , respectively. Firms sell their goods on a spot
market at the price p̃i . Perfect competition with free entry implies firms hire inputs until the
marginal revenue is equal to the marginal cost, implying wage and rental rates must satisfy
the following conditions

wic = p̃i

dYi dLi
for c ∈ {b, w}
dLi dLic

ri = p̃i
2.2.2

dYi
dKi

(2.1)

(2.2)

H OUSEHOLDS AND P RODUCT D EMAND

Workers begin a period in a given collar/region combination and consume all income in
that period. As described above, income for a worker in a given period is equal to labor
earnings plus the returns to capital, which is divided equally among all workers in the
economy (Iic = wic +

∑ j∈N K j r j
).
L̄

Households consume a bundle of region-specific goods

and utility is modeled as a constant CES over those goods as in Armington (1969).

uj =

1
γ

γ−1
γ

∑ ai j qi j

i∈N
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!

γ
γ−1

(2.3)

Where qi j is location j’s consumption of location i’s good, ai j is an exogenous preference shifter and γ is the Armington elasticity.
Local prices for final goods are defined as p̃ = { p˜1 , ..., p̃N }. Traded goods face iceberg
trade costs τi j that satisfy the following assumptions: (1) τii = 1, (2) τi j = τ ji and (3) they
satisfy the triangle inequality (τik ≤ τi j + τ jk , ∀i, j, k ∈ N). Thus, bilateral prices are defined
as pi j = τi j p̃i .
In each period, a worker in location j and collar c, earning income I jc , chooses the
consumption bundle that maximizes (2.3). Solving for the optimal consumption bundle
and plugging the solution back into the utility function per period gives indirect utility
v jc =

I jc
Pj


 1
1−γ 1−γ
where Pj = ∑i ai j pi j
is the Dixit-Stiglitz price index.
W ORKER M OBILITY
I model agents dynamic decisions following work done by Artuç et al. (2008,1); Caliendo
et al. (2019), among others. Workers are forward looking and choose a location and collar
that maximizes their expected lifetime utility. From period to period, individual worker
transitions are dictated by real wage gaps, moving costs, and idiosyncratic utility shocks.
A worker ω, in region i, working in collar c, and in period t consumes all current period
income and decides where and in what type of job to work in the following period. Workers
t
face a bilateral mobility cost, Cik,
jm , to relocate from ik to jm that is common across all

workers. Workers also receive an idiosyncratic utility shock εωt jm that is observed prior to
t be the value to worker ω in region i, collar k, and
making their migration decision. Let Uωik

period t; and let Vikt be the average of this value across all workers—i.e. the expectation of
U with respect to ε.
Then
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t+1
t
t
t
−Cik,
+
ε
Uωik
= vtik + max βV jm
ω jm
jm
j,m



t
= vtik + βVikt+1 + max εωt jm − ε̄ik,
jm
j,m

where
t
t+1
t+1
t
ε̄ik,
jm = β (V jm −Vik ) −Cik, jm
t
ε̄ik,
jm is the expected welfare gain, common across all workers, of moving from ik to jm.

Defining Ωtik as the value of the maximization operator, integrated over the distribution of
ε’s, the average value, V , can be decomposed into three terms: present period real income,
the value of remaining in the same region/collar and the option value of moving.

Vikt = vtik + βVikt+1 + Ωtik

(2.4)

Assuming ε is distributed type-1 extreme value, with location parameter −νγ and scale
parameter γ [Such that F(ε) = exp(−exp(−ε/(ν − γ)))] we can derive migration shares
and option values as

mtik, jm

=

=

t
Mik,
jm
t
∑l ∑n Mik,ln

(2.5)

t
ε̄ik,
jm
ν )
ε̄ t
∑l ∑n exp( ik,ln
ν )

exp(

Where mtik, jm is the share of ik workers that move to jm after period t. Additionally, the
option value can be fully derived from the share of non-migrants and is equal to

Ωimt = −ν ln(mtim,im )
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(2.6)

P RODUCT D EMAND
Let X j be the total spending from all households in region j,

X j = L jb (wb +

∑ ri Ki
∑i∈N ri Ki
) + L jw (ww + i∈N
).
L̄
L̄

Product demand from i to j can be derived as
−γ

γ−1

qi j = ai j pi j X j Pj

,

(2.7)

and total spending from i to j
1−γ

γ−1

Xi j = ai j pi j X j Pj

.

Therefore, total revenue for goods produced in i is equal to
Zi =

∑ Xi j

j∈N

2.2.3

E QUILIBRIUM

In each individual period, levels of capital and labor are taken as exogenous. Equilibrium
for each period requires finding the set of prices and production that sustains these quantities. A temporary equilibrium, then, is defined as the set of prices ( p̃,r,wb ,ww ) such that the
market clears for both inputs and final goods, and consumer demand solves households’
optimal consumption bundles. More specifically, a temporary equilibrium requires that—
given exogenous levels of capital and labor—prices satisfy Equations 2.1 and 2.2, quantity
demanded satisfies Equation 2.7, and the market for final goods clears such that Zi = p̃iYi
for all regions i.
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S TATIONARY E QUILIBRIUM
In the long-run, labor adjusts endogenously to price-differences and moving costs. A stationary equilibrium, then, is the set of prices ( p̃,r,wb ,ww ), distribution of labor, vector of
value functions, and matrix of transition shares such that:
1. The distribution of labor and exogenous capital endowments implies prices according
to the temporary equilibrium.
2. Transition rates implied by the value functions—such that they satisfy Equation
2.5—and labor supplies lead to a stationary distribution of labor.
L jm =

∑ ∑

mik, jm Lik for j ∈ N and m ∈ {b, w}

i∈N k∈{b,w}

3. The value functions are consistent with equilibrium wages and transition shares—i.e.
satisfy Equations 2.4 and 2.6.

E QUILIBRIUM PATH
Using the model described above, this paper simulates the impact of a labor supply shock
of immigrant workers in a hypothetical economy under varying assumptions. To do this,
I assume the economy is in stationary equilibrium prior to an unexpected shock. Then,
following the shock, I simulate the dynamic response of native and immigrant workers in
subsequent periods until the economy has reached its new stationary equilibrium.
An equilibrium path in the dynamic model, then, is a sequence of Vikt from one stationary equilibrium to another and transition shares (mtim, jn ) such that (1) the V ’s lead to
the transition shares and (2) the labor supplies and equilibrium prices implied by the transition shares lead to the sequence of V ’s. Artuç et al. (2010) outline an algorithm to solve
for the sequential equilibrium that is straight forward and not computationally demanding
that is outlined below.
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Algorithm for solving equilibrium path
1. Beginning in initial stationary equilibrium, pick some T in the distant future in which
we expect the economy to have reached a new stationary equilibrium
0 , ...,V T }
2. Conjecture a path of value functions V(0) = {V(0)
(0)

3. Beginning with initial path of value functions, iterate the following steps until convergence:
(a) Using path of value functions, solve for implied path of transition matrices
according to Equation 2.5.
(b) Using migration shares calculate labor supplies in each period, beginning with
labor supplies from the initial stationary equilibrium in t = 0.
(c) Using labor supplies from (b) solve for the temporary equilibrium in each t.
(d) Using migration shares, corresponding option values, and real incomes; calculate the implied value functions (V ∗ ) according to Equation 2.4, working recursively and imposing that V T +1 = V T .
(e) Update value functions [V(k+1) = θV(k) + (1 − θ )V ∗ ].

2.3

R ESULTS

In this section, I simulate the effects of an immigration shock in a simplified economy. The
economy consists of three regions on an equally spaced line. Regions are indexed 1 to 3,
from West to East, respectively. Regions 1 and 3 are referred to as peripheral while Region
2 is central. The simple geography is meant to highlight how geographic connectedness
affects the distribution of outcomes across workers from different locations. The economy
is symmetric with each region endowed with one unit of capital, equal technology, and
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identical consumer preferences (i.e. Ki , Ai , and ai j all equal to one). Aggregate labor (L̄)
is equal to 6, such that average labor across each cell is one. All other model parameters
are listed in Table B.1. Mobility costs, a primary component of the model, are modeled
additively separable by collar and distance, with the costs of remaining in the same cell
equal to zero.
The geographic structure and parameters of the economy are chosen to mirror key
points of the Austrian immigration shock studied in Packard (2020), but in a much more
parsimonious setting. Immigration into Austria, while prevalent in all regions, was most
concentrated in the geographic periphery of the country. Specifically, immigrants were most
concentrated in the eastern and northeastern regions near the Eastern European border. The
immigrants were also almost entirely relegated to blue-collar occupations. In this exercise,
I shock only region one with an influx of immigrants and limit them to only the blue-collar
cells. The labor supply shock is equal to 5 percent of aggregate labor. This value is roughly
equal to the aggregate increase experienced in Austria from 1989 to 1993.
In the simulation, I assume the economy is in stationary equilibrium in the periods
leading up to t0 . In t0 the economy is shocked with the influx of labor described above.
Immigrants are required to be immobile in the five periods following arrival. This is meant
to mimic Austrian visa policies which tied workers to a specific employer for the first two
years and a specific Austrian state for the first five. After five periods, immigrant workers
are able to move geographically, but are limited only to blue-collar occupations. I allow
150 periods for the economy to fully adjust, this high T is required because the initial
concentration of immigrants implies a long adjustment path.

2.3.1

BASELINE S IMULATION R ESULTS

Table B.2 presents summary statistics of the economy in its initial stationary equilibrium.
Mobility costs are chosen to match the internal migration rates of native Austrian workers
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found in the data. Baseline summary statistics show interesting comparative statics of the
model.
First, the central region has a higher share of both blue and white-collar labor and lower
real incomes. These lower incomes are sustained by higher mobility rates and, thus, a higher
option value of moving. Next, as a result of their higher productivity, workers are also more
concentrated in white-collar cells. These workers have higher real wages, and lower outmigration rates. Finally, we see that employment levels are directly proportional to value
functions. That is, employment is concentrated in the highest value cells. High-value cells
will have lower out-migration rates and, thus, higher employment levels are necessary to
sustain a stationary distribution of labor. These high-value cells are also those with the most
desirable primitives; white-collar (more productive) and centrally located (lower mobility
costs).
Figures B.1 to B.4 show the dynamics of the economy following the immigration shock.
While the simulations allow 150 periods to reach the new equilibrium, for ease of exposition I only show the adjustment for the first 50 periods after immigrant arrival. Across all
figures, regions 1, 2, and 3 are denoted by blue, red, and green lines, respectively. In certain
cases, I present the national average with a dashed black line.

L ABOR S UPPLY AND M OBILITY
Figure B.1 first presents labor supplies across each region. Panels A and B show native
labor supplies for blue and white-collar native workers, respectively, Panel C shows total
blue-collar labor, and Panel D shows the white-collar share of labor by region. In the shortrun, there is a sharp decrease in blue-collar labor in Region 1—the immigrant receiving
region—and corresponding increases in blue-collar labor in the two other regions. The
central region (Region 2) sees the sharpest increase in blue-blue collar labor as mobility
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costs to enter are lowest. In the long-run, native blue-collar labor supplies settle below their
pre-shock levels across all regions.
All regions experience steady increases in white-collar labor. Interestingly, Region 1
sees the slowest and smallest increase in white-collar labor. This is in part driven by the
fact that the capital stock is modeled as fixed, which implies white-collar workers can
experience wage losses despite the labor supply shock occurring only in the blue-collar
cell.
The changes in labor mobility that underlie the labor supply effects are presented in
Figure B.2. Panels A and B show increased geographic mobility for both types of workers in
Region 1 and corresponding decreases for workers in Regions 2 and 3; in both cases, effects
are larger in magnitude for blue-collar workers. Averaging across all workers, I find a small
net increase in overall geographic mobility. In the long-run, geographic mobility settles to
identical levels as before the shock. I find that blue-collar workers across all regions see
increased collar mobility, and corresponding decreases among white-collar workers. In the
long-run, collar mobility settles at higher (lower) levels for blue (white) collar workers
relative to their pre-shock levels.

E ARNINGS AND W ELFARE
Figure B.3 presents incomes and value functions for blue and white-collar native workers
by region. Panels A and B show the path of incomes—both wages and capital earnings
combined—relative to their pre-shock levels. Panels C and D show the path of value functions. Immediately after the arrival of immigrants, blue and white-collar workers in Region
1 experience a 7 and 3 percent decrease in their real incomes, respectively. As the allocation of workers adjusts, real incomes also fall in other cells and eventually converge in the
long-run.
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The mobility rates presented in the previous section are dictated by differences in welfare across cells as well as the costs of moving between cells (see Equation 2.5). Thus, as
costs remain constant through this exercise, the path of mobility rates will follow directly
from the differences in value functions presented in Figure B.3, Panels C and D. All workers
experience a decrease in welfare after the arrival of immigrants. The largest decreases occur
for blue-collar workers and workers in Region 1. What follows is an increase in the rate of
blue-to-white transitions and an increase in migration out of Region 1 (and corresponding
decreases from the opposite cells). As value functions across regions converge in the longrun, mobility rates then settle at their new stationary equilibrium levels.

T RADE AND P RICES
It is unclear how immigration would affect an economy in the presence of trade across
regions. Geographically, does trade attenuate the distributional effects or exaggerate them?
Figure B.4 presents the path of trade shares and prices in this exercise. I find that immigration decreases the share of income spent on trade in Region 1 and increases the share in
the non-immigrant receiving regions. Balanced trade implies that Region 1 must decrease
its price to sell its increased production. In addition to affecting trade shares, as shown in
Figure B.4, this also exacerbates the relative effects of immigration on real incomes across
regions. This is because decreased goods prices is fully passed through to wages and only
partially passed through to price indices (as Pi is a weighted average of all goods prices).
R ELATIONSHIP TO E MPIRICAL W ORK
Results from this simulation highlight important insights into understanding results from
the previous empirical work on immigration and labor markets. Specifically, simulations
show that the frequency of data may be an important factor in determining the magnitude of
the employment and wage effects identified. In the static models underlying many empirical
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papers, the elasticity of labor supply is the driving factor in mediating the trade-off between
employment and wage effects.3 Figures B.1 and B.3 show that this trade-off will depend on
how long after the shock the data are observed. In the very short-run wage effects are much
larger than employment, and as time passes, this trend reverses. Thus, dynamic models
such as this may be one explanation to bridge the gap in seemingly incongruous estimates
across studies.
The most common empirical strategy studying the local labor market effects of
immigration is to compare outcomes in high immigration regions relative to those that
receive fewer immigrants.4 This identification strategy relies on the Stable Unit Treatment
Value Assumption (SUTVA), basically the idea that untreated units are not experiencing
spillovers from treated ones. The entire premise of the model in this paper is that SUTVA
is likely to be violated, whether comparing across geographic or occupational exposure
to immigration. Furthermore, it is not always obvious in which direction the bias leads.
For example, Packard (2020) estimates the effect of immigration on the geographic and
occupational mobility rates of native workers; results from Figure B.2 imply that these
estimates would be biased upward in the case of geographic mobility and biased downward
in the case of mobility across collars.

2.3.2

C OUNTERFACTUAL S IMULATION - M OBILITY C OSTS

The model in this paper shows how an immigration shock can have heterogeneous effects
across workers depending on where they are located geographically and occupationally in
the economy. The distribution of outcomes depends especially on the ability of workers to
adjust. In this exercise, I simulate the same shock in a counterfactual economy that faces
lower mobility costs and examine how this affects the distribution of outcomes, relative to
3 See

e.g. Borjas (2006); Dustmann et al. (2016,1)
e.g. Altonji and Card (1991); Borjas (2006); Card et al. (2007); Dustmann et al. (2013,1);
Foged and Peri (2016); Packard (2020)
4 See
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the baseline economy. Specifically, I reduce all mobility costs by one half of their baseline
value.
Figure B.5 presents the dynamics for incomes and welfare, while Figure B.6 presents
results on the mobility rates that give rise to those results. The figures are organized as in the
baseline results, but in these figures the dashed lines refer to the baseline economy while the
solid lines refer to the counterfactual. All values are presented as relative to their pre-shock
levels—in the case of income and welfare—or differenced from their pre-shock levels—
in the case of mobility. Simulations show that reducing mobility costs can help disperse
the distortionary effects of an immigration shock. This is driven by a more pronounced
mobility response and faster convergence to the new equilibrium. Additionally, welfare
losses are smaller for all workers, even those who are initially in unexposed regions. This
is because ending up in a bad region/collar combination, because of a high idiosyncratic
shock in one period, is not as costly because adjustments back are now cheaper.
These results highlight an important role for policy in facilitating adjustments after a
shock. Research has shown that geographically concentrated shocks can have significant
and lasting distributional effects on an economy.5 If policy makers can identify and target
workers most vulnerable to shocks, then facilitating speedy adjustment through mobility or
retraining subsidies might be a promising solution to such problems.

2.4

C ONCLUSION

In this paper, I develop a dynamic spatial model of labor markets that examines the adjustment process of workers in the presence of imperfect mobility. The model builds off of work
by Artuç et al. (2008,1) and is designed to mirror the Austrian immigration shock studied
in Packard (2020). Specifically, the model focuses on the the role of occupational mobility
5 Autor

et al. (2013) being the most notable example

53

for natives when immigrants are concentrated in blue-collar jobs. Using this model, I simulate the the effect of a sudden, unexpected immigration shock in a simplified economy
and document the dynamics as the economy approaches its new equilibrium. I then simulate a counterfactual economy in which workers face significantly lower mobility costs and
compare the two adjustment paths.
I find that a labor supply shock will affect the mobility decisions of both those in the
exposed region as well as those in other regions. Mobility effects are larger for blue-collar
workers but white-collar workers are also affected. While small, trade can play a role in
the effects on an economy. The presence of trade exaggerates the real income effects as
immigrant receiving regions must reduce their goods prices in order to achieve balanced
trade.
The model also sheds further insights into empirical work. First, adjustments throughout
the economy shows that empirical work that relies on identifying local effects may violate
SUTVA assumptions. The direction of the bias introduced is not always obvious as the
spillovers can work in multiple directions. Additionally, simulations show that empirical
estimates of the elasticity of labor supply can depend on the frequency of data collection
as adjustment occurs over multiple periods. Finally, counterfactual simulations show that
reducing labor can disperse effects across the economy and offer a promising avenue for
economic policy in addressing labor market shocks.
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C HAPTER 3
C RIME AND THE M ARIEL B OATLIFT

3.1

I NTRODUCTION

Few natural experiments have garnered the breadth of coverage as the Mariel Boatlift. This
diaspora of approximately 120,000 Cubans from the port of Mariel into Miami began in
April 1980, and continued until that October.1 The phenomenon famously fueled a debate
surrounding labor market effects of immigration. Research began with Card (1990), who
found the labor supply shock had no effect on the employment of low-skilled workers.
In a reappraisal of Card’s seminal study, Borjas (2017) refined the original difference-indifferences approach. Namely, he applied matching methods to identify cities with similar
pre-Boatlift labor market conditions as Miami; relative to these counterfactuals, Borjas
found low-skilled workers’ wages in Miami fell considerably after the arrival of flotilla.
This response ignited controversy among labor economists. Clemens and Hunt (2017)
and Peri and Yasenov (2019) argued sample selection sensitivity drove Borjas’s estimates;
accounting for compositional changes in the population – unrelated to the Boatlift – led
both to arrive at Card’s result. A separate strand of empirical research examined the quasiexperiment with alternative focuses; these papers evaluated innovation and political backlash spurred by the Boatlift (Harris, 2015; Thompson, 2019).
Despite its prevalence in the applied literature, no causal analysis of the effects of the
refugee influx on crime exists. The absence of research on this topic is surprising for myriad
1 For

an in depth analysis of the historical events, see Stephens (2016).

55

reasons. For one, the link between immigration and crime was salient to Miami residents
in the 1980s. The arrival of Cuban refugees coincided with a spike in crime rates, which
local politicians and journalists quickly pointed out.2 Additionally, records reveal Fidel
Castro exploited the flotilla as a means of ridding Cuba of its mentally ill and criminal
populations.3 While individuals with such backgrounds would generally be barred from
entry, political tensions between the US and Cuba virtually eliminated the option to deport
undesirable newcomers. To exacerbate matters, federal authorities were both unaware and
unprepared to interview Mariel Cubans.4
Our paper addresses the gap between descriptive research on Mariel related crime and
the relevant economics literature. Using Uniform Crime Reports (UCR) compiled by the
Federal Bureau of Investigations (FBI), we quantify the effects of the Boatlift on several
dimensions of criminal activity. To measure these causal impacts, we apply the synthetic
control methods developed by Abadie et al. (2010,1) and Abadie and Gardeazabal (2003).
Our empirical analysis requires extensive crime data across a large set of American
cities. Over our study period — 1970 to 1990 — accessible records suffer from miscalculation and missing data issues. While the FBI requests local law enforcement agencies
to submit crime records on a monthly basis, some fail to do so. These agencies may send
aggregated annual or semi-annual statistics. In other cases, individual months are missing.
Leveraging archival works by Maltz and Weiss (2006) and Maltz (2006), we carefully correct inappropriately aggregated and missing UCR statistics. Specifically, we interpolate
2 Eleventh

Judicial Circuit of Florida (1982)
Rivkind, Miami district director of US Immigration and Naturalization Service at time,
stated, “The whole situation [the Boatlift] has presented tremendous problems to the safety and
health of the community” (Springer, 1985). Aguirre et al. (1997) cast doubt on estimates of troubled
migrants central to worries espoused by Rivkind and others. They argue Castro might have intentionally mixed in a very small cohort of criminals and mentally ill individuals to shape the image of
the rest of the Marielitos. This belief is supported by Bach et al. (1981) who estimate 16% of Mariels
had served prison terms in Cuba for ambiguous reasons. Likewise Portes and Stepick (1985) find
criminals, homosexuals, or mentally ill individuals composed no more than 5% of the Marielitos.
4 Clark (1991)
3 Perry
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missing and aggregated crime data based on records before and after the appearance of
gaps and allocate data to individual months according to law enforcement agency specific
crime distributions.
To ensure we make like-for-like comparisons between locations, we must precisely
measure population levels to construct per capita crime estimates. Yet accurate annual
records covering police department jurisdictions are irregularly obtainable. While the FBI
estimate agency level populations, it is well-known they are incorrect in non-census years.
Given the unexpected nature of the Mariel Boatlift, these errors plausibly lead to incorrect conclusions. To overcome this hurdle, we apply a parsimonious linear interpolation
method using updated US Census Bureau Data to correct for UCR population estimates.5
Namely, we compute jurisdictional population weights in census years as shares of county
populations. Then, we linearly interpolate jurisdictional populations with these weights,
combining them with county level intercensal population. Since our units of analysis are
metropolitan statistical areas (MSAs) and our agencies’ jurisdictions do not span entire
MSAs, identifying accurate population data is integral to the validity of our per capita
crime rates. These corrections coupled with the use of synthetic control methods enable us
to estimate crime effects attributable to the Mariel Boatlift.
Our analyses indicate Marielitos’ arrival led to a temporary surge in violent crime and
a long-term increase in property crime relative to similar MSAs. Murder rates, however,
remain significant as other violent crime effects disappear; our preferred estimates indicate
murders per 100,000 comparatively rose by 41.2% in the seven years after the arrival of
the flotilla. While less persuasive, we observe a relative increase in aggregate violent crime
rates of 43-53% on average following April 1980, though this effect dissipates after five
5 Chalfin

and McCrary (2018) and Maltz (2006) note the FBI inappropriately measures agencylevel populations. While the former implement a procedure to adjust populations, the approach is
not outlined.
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quarters. Our property crime and robbery estimates are more sustained; we find that these
comparative measures grew nearly 25-32% and 70%, respectively, and persist until 1990.
While we cannot control for every unobservable variable, we conduct numerous robustness checks. Several phenomena hypothetically confound our findings. Miami’s centrality
to cocaine distribution between 1970 and 1990 is one such idiosyncrasy. However, the
inclusion of drug trafficking proxies in synthetic control methods leaves our results virtually unchanged. Additionally, one could argue our population estimates undercount the
arrival of Cubans and, thus, mechanically produces large crime effects. To address this, we
show even the most conservative adjustment to the Miami population does not substantively
affect our findings.
Additional support for our estimates comes from a placebo test borrowed from the
difference-in-differences literature. Specifically, we drop data after the arrival of the flotilla,
and estimate the associated results with an artificial Boatlift beginning in 1977. That exercise yields no significant differences between Miami and its comparators; therefore, it supports the internal validity of the natural experiment.
Accounting for migrant selection lies outside the scope of our project and the available
data. Nonetheless, this is an unignorable aspect of the Mariel refugee crisis. Our results are
at least – in part – driven by negative selection of Cubans. Marielitos were disproportionately young men with low levels of education; a segment of this group even held felony
records by US standards. These features suggest the group possessed high proclivity for
criminal activity. Back-of-the-envelope calculations that consider changes in Miami’s age
and gender profiles induced by the Boatlift capture only 12-14% of our estimates. Therefore, underlying propensity for illicit activity or immersion difficulties explain the majority
of our effects.
Given the negative selection of newcomers, the lack of a rigorous vetting process, and a
virtually non-existent resettlement process, there are restrictions on external validity. This
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case study does not capture features of more recent refugee and immigration waves. Despite
those limitations, our findings are useful for policymakers. Our project identifies downside
risks of poorly managing refugee and immigration policies and a likely “upper-bound” of
the negative effects of immigration on crime. Faced with similar crises, our results support
policies that first vet refugees, then distribute them according to their abilities and communities’ needs. Allocating migrants as such has the potential to eliminate the deleterious
crime effects we calculate.

3.2

BACKGROUND

Between 1970 and 1990, crime rates steadily grew throughout America. Miami’s rates
outpaced those of other American cities during this period, especially following 1980; it
boasted the highest nationwide city-level murder rate in 1980-1981 and again in 19841985.6
Many in Miami – including city police – posited recent arrivals from Cuba were the
source of public safety concerns.7 The ingress of Cubans were relatively young, uneducated, predominantly male, and weakly attached to formal labor markets.8 Table C.1 compares demographic characteristics between non-Mariel Miami residents and Mariel Cubans
in 1980. Marielitos’ characteristics strongly correlate with criminal activity. Reports Fidel
Castro forced those with mental illnesses and felony records into Miami further stoked
fears.9 Therefore, it is unsurprising the arrival of the flotilla triggered widespread panic.10
The apathetic screening procedure administered by the federal government did little to
assuage public anxiety. At the time of arrival, a recession constrained federal funding; the
6 Gibson

(1985)

7 Ibid.
8 Card

(1990)
et al. (1981), Portes and Stepick (1985)
10 Freeman (1999), Hirschi and Gottfredson (1983), Mustard (2010), Taft (1936)
9 Bach
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incomprehensive screening that took place relied on dubious, self-reported information.11
Roughly 1,000 Mariel Cubans were flagged upon entry for prior criminal or mental health
issues, and this reinforced the belief they held a high propensity to commit crimes. A comparable number of those permitted to enter the United States were later arrested for crimes;
likewise, they contributed to the negative perception surrounding Mariels.12
Limited evidence from the Criminal Justice Council of Miami found Mariel Cubans
committed more crimes than pre-Mariel Cuban-Americans. Though they represented 5%
of the Miami-Dade County population in 1985, Marielitos were booked for 10% of felonies
and 22% of misdemeanors; nearly half of these defendants were deemed mentally unfit
for trial.13 Reports from the Department of Correctional Services of New York and the
Board of County Commissioners for Miami-Dade County intimate Mariel Cubans disproportionately represented the number of incarcerated Cuban-Americans.14 Sociologists such
as Aguirre et al. (1997) corroborate these findings.
That said, this evidence, inherently more descriptive in nature, might constitute statistical artifacts. Total crime clearly increases with population growth. Plausibly, this mechanical response and systematic violence in the 1980s prompted residents to inappropriately
ascribed blame to Mariels. This begs the question: was the malaise Miami was experiencing
throughout the 1980s caused by the influx of Cubans?

3.3

L ITERATURE

Sociological research on the relationship between immigration and crime spans back at
least a century.15 American sociologists in the early 20th century were interested in ten11 Clark

(1991)
(1990)
13 Springer (1985)
14 Crime Analysis and Resource Evaluation Project (1986), Clark (1991)
15 Abbott (1915), Taft (1936)
12 Card
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ement dwelling Southern and Eastern Europeans; speculation at the time suggested crime
enabled newcomers to skip rungs of the social ladder. To substantiate these claims, scholars
compared rates of illicit activity in foreigners’ homelands with measures from their American counterparts. Other studies compared crime rates between native and foreign-born residents. Results from these analyses were inconclusive; the direction of correlations hinged
on context.16 Skeptics pointed out that these studies did not account for differences in the
age, gender, or rural-urban distribution of natives and immigrants

17 .

While these pieces

influenced – and were influenced by – cultural perceptions of immigrants, most lacked
credibility expected of modern empirical research.18
Limitations in records and statistical inference techniques led to the brevity of compelling evidence on the topic. The primary hurdle came by way of the absence of available
data.19 The FBI’s Uniform Crime Report (UCR) — the most reliable source of crime statistics — does not capture ethnicity, race, or immigration status. While UCR data indicate age,
race, and gender, most agencies and years do not report offenders’ ethnic groups; no agencies document immigration status. For this reason, researchers turned to alternative sources.
While selection problems arise in surveys of prisoners, nearly every scholarly article using
these data reported migrants – both legal and illegal – are less likely to be incarcerated
relative than native-born Americans (Hagan and Palloni, 1998; Kubrin and Ishizawa, 2012;
Landgrave and Nowrasteh, 2017).
16 Hagan

and Palloni (1998)
(1924)
18 Hagan and Palloni (1998)
19 Martinez Jr. and Lee (2000) and Clemens and Hunt (2017) noted CPS Data do not report
country of birth until 1994. This challenges those interested in separately identifying Marielitos
with their Haitian and Jamaican counterparts. In general, the paucity of crime data surprise many.
See Episode 9 of Jennifer Doleac’s Probable Causuation Podcast on available crime records.
17 Sutherland
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More recently, economists and sociologists have employed econometric techniques in
order to uncover a causal relationship between immigration and overall crime rates.20 This
research tends to mirror those studying the effects of immigration on local labor markets
by relying on spatial and secular variation. Results from this strand of the literature tend
to be mixed. MacDonald et al. (2013) and Spenkuch (2013) both used Bartik instruments
to purge estimation of immigrants’ endogenous spatial choices. While the former found a
reduction in crime associated with immigration, Spenkuch (2013) documented no effect
on violent crimes but a minor increase in property crimes. Despite the appeal of this identification strategy, serial correlation associated with early newcomers’ decision-making or
unobserved location-specific characteristics could potentially bias estimates. Recent papers
by Goldsmith-Pinkham et al. (2020) and Jaeger et al. (2018) highlighted potential shortcomings.
Chalfin (2014) reconsidered the role of share-shift instruments in this context. Instead
of exploring factors that pull migrants to locations, he looked at mechanisms that push
potential migrants to leave their homes. To do so, he exploited historic migration routes
between Mexico and the US as well as the randomness of rainfall. Specifically, he argued
precipitation in Mexico does not noticeably correlate with crime or labor market patterns
in the US; however, abnormal weather does impact the decision of many to emigrate from
Mexico. Therefore, rainfall serves as a natural instrument for Mexican migration. Chalfin
found no robust effect on either violent or property crime attributable to Mexican migrants.
Given these immigrants - on average - tend to have characteristics highly correlated with
illicit activity, he argued his estimates serve as an “upper bound” on the causal relationship
between immigration and crime.21
20 See,

for example, Bell et al. (2013); Chalfin (2014); Chalfin and Deza (2019); Gehrsitz and
Ungerer (2017); MacDonald et al. (2013); Spenkuch (2013).
21 Braun (2019), Freeman (1999), Glaeser and Sacerdote (1999), Grogger (1998)
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Like Chalfin (2014), we see this project as establishing a ceiling on the estimate of
crime induced by immigrants. Similar to the Mexican-American population considered by
Chalfin, our cohort possessed low levels of education and skills and faced cultural barriers
to formal labor markets. Unlike Mexican migrants, the sudden nature of the Mariel Boatlift
combined with its scale further depressed opportunities for entrants in the local labor
market. Additionally, a non-negligible portion were involved in violent criminal activity
prior to arrival in Miami.
Labor market conditions — tied to Chalfin’s claim — have been understood to drive
criminal tendencies as early as Becker (1968). A series of recent papers highlights the
influence of these channels on immigrants. Pinotti (2015) and Mastrobuoni and Pinotti
(2015) explored the relationship between legal status and propensity to commit crime in
Italy. They found legal rights to participate in the formal labor market significantly reduce
migrants’ willingness to engage in illicit activities. Bell et al. (2013) studied two separate
but similar migration waves in the UK. In one, they find small, significant increases in
property crime; the other cohort did not yield any perceptible crime effects. They attributed
this contrast to differences in labor market opportunities faced by each group. Thus, even
for identical cohorts of immigrants, propensities to commit crime may differ within the
same settings. Finally, Ozden et al. (2018) noted immigration into Malaysia decreased both
violent and property crime; they linked these results to positive effects that cohort brought
to Malaysian labor markets.
Our empirical strategy, though, differs from much of the literature. We draw upon
the rich labor economics literature addressing the effects the 1980 Cuban migrant wave
imposed on low-skilled, non-Mariel Miami residents. With the tools of synthetic controls developed by Abadie et al. (2010,1) and Abadie and Gardeazabal (2003), this quasiexperiment enables us to obtain estimates under weaker conditions. While this approach
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has been employed in multiple immigration and crime studies, we believe this is the first
implementation at the intersection of the two.22

3.4

DATA

We construct quarterly crime rates across four dimensions for a number of metropolitan
statistical areas (MSAs).23 Monthly crime data came from the FBI’s UCR. These reports
capture activity at the police agency level, and date back to 1960; agencies’ jurisdictions
are defined by FIPS places. Our primary outcome variables are violent and property crimes;
the FBI include murder, non-negligent manslaughter, rape, robbery, and aggravated assault
in the former and burglary, larceny-theft, and motor vehicle theft in the latter. Given higher
rates of reporting issues prior to 1970, we restrict our study period from 1970 to 1990.
Despite improved reporting from 1970 onward, missing UCR data are still prevalent
throughout our study period. Submission of crime statistics is not mandatory.24 While data
covering all major police departments’ are essentially complete, smaller agencies occasionally fail to report their UCR records. These delinquent law enforcement entities eventually
submit aggregated statistics covering multiple months. Consequently, each UCR edition
contains monthly gaps. We pull partially cleaned crime records from Maltz and Weiss
(2006) who indicated reasons for missing observations. Using data preceding and following
gaps, we first linearly interpolate aggregate crime rates. Subsequently, we distribute statistics to individual categories such as forcible rape based on their historic shares of overall
crime within that agency. Appendix C.2 details our imputation method in greater depth.
22 Relevant

immigration studies include Borjas (2017), Clemens and Hunt (2017), Peri and
Yasenov (2019), Nowrasteh et al. (2020). Applications in the crime literature using synthetic controls can be found in Robbins et al. (2017), Pinotti (2015), Donohue et al. (2017)
23 Property crime, violent crime, murder and homicide, and robbery
24 Some states require UCR statistics, i.e. Maryland (Maryland Governor’s Office of Crime Prevention, Youth, and Victim Services, 2020).
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Another challenging aspect of the UCR involves its population estimates. Although
the FBI includes population figures, these estimates exhibit significant noise.25 Crime
researchers typically identify agencies’ jurisdictions, then match UCR data with the American Community Survey (ACS). Given the ACS did not exist during our study period,
we are unable to implement this strategy. Using US Census Bureau data, we developed a
method to obtain more accurate agency level population statistics. First, we link agencies
to their corresponding county. In census years, we estimate the share of county population within FIPS places. Then, we linearly interpolate those weights in intercensal years.
Finally, we calculate agency level population estimates by multiplying the shares by
county-level populations. A thorough discussion of this process can be found in Appendix
C.3.
We connect agency level records with various correlates of criminal activity. We pull
annual law enforcement employment statistics from the FBI’s Law Enforcement Officers
Killed in Action program and various demographic characteristics from 1970 and 1980
census tables provided by IPUMS NHGIS (Manson et al., 2018).26
We aggregate these data at the MSA level and the quarterly frequency to obtain a balanced panel. We define MSAs according to the NBER guide outlined by Jean Roth.27 This
method conforms with the labor economics literature on the Mariel Boatlift. This approach
is especially important considering multiple, relatively large agencies lie within the Miami
MSA; many of the associated locations were destinations for Cuban refugees.28
Performing our analyses at the MSA level requires us to aggregate across agencies
within a given MSA. We include only entities with complete data for the study duration.
25 See

Chalfin and McCrary (2018) or Maltz (2006) for a discussion on this issue
include: shares of the African American and Hispanic population, share age 18 to 24,
share HS dropout, median income, poverty rate, and population density.
27 Roth (2017)
28 The next 6 largest agencies — Ft. Lauderdale, Hialeah, Hollywood, Miami Beach, West Palm
Beach, and Pompano Beach — contain over 600,000 residents.
26 Variables
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The reporting problems described above require us to drop a large number of agencies. This
choice does not affect the inclusion of almost all large law enforcement entities, including
all major agencies in the Miami area. Nonetheless, five agencies located in a place with a
population over 100,000 are dropped. See Table C.2 for an accounting of this. Missing data
are especially prevalent for certain types of agencies. Therefore, we also do not include any
of the following: county police departments, university police departments, agencies ever
covering populations fewer than 2,500 people, as well as other miscellaneous agencies (for
example, city transportation police).
We apply a population criterion to restrict our donor set — entities that could comprise the counterfactual group — to MSAs in large urban environments.29 Specifically,
we include MSAs where the largest agency has a population at least as large as 100,000.
Elimination of smaller urban areas is convenient for computational purposes and inference.
Though unreported in this paper, we check the sensitivity of our results to the population
threshold. Findings from alternative specifications are available upon request; to remain
transparent, we note meaningful differences in estimates prompted by each choice.30 Our
preferred estimates come from a final sample of 112 MSAs.
Table C.3 shows basic summary statistics for the Miami MSA as well as among donor
MSAs. The Miami-Fort Lauderdale-West Palm Beach, FL MSA, which we will refer to as
Miami, was among the highest crime MSAs. It ranked 13th and 19th in terms of average
violent and property crime indices, respectively. A full listing of crime rates across the
period of interest can be found in Appendix C.4.
29 For

consistency, we also exclude Honolulu, HI and Las Vegas, NV from our analysis. Both city
agencies also covers the surrounding county.
30 Alternative population criterion levels include 50,000, 150,000, and 200,000.

66

3.5

E MPIRICAL A PPROACH

3.5.1

OVERVIEW AND M ECHANICS

Synthetic control methods (SCMs), developed by Abadie et al. (2010,1) and Abadie and
Gardeazabal (2003), endow researchers with a tool to quantitatively analyze comparative
case studies. This data-driven procedure generalizes the difference-in-differences framework. Specifically, the SCM constructs a control group comprised of a weighted combination of comparator units; this “synthetic” unit functions as the counterfactual from which
to draw causal inference.
SCMs boast attractive features relative to alternative approaches. From our perspective, the greatest benefit comes from its ability to make statistical inferences. For one, they
add a layer of transparency to counterfactual selection relative to other procedures. SCM
algorithms choose counterfactual units by an exact rule (that will be described below in
more detail). They also produce explicit weights for the contribution of each counterfactual
constituent.31
Furthermore, estimates from comparable methods like difference-in-differences rely
on standard errors which reflect underlying uncertainty stemming from samples of larger
populations of interest. However, our application deals with aggregate data on one treated
state unexposed to such sampling error. Inference methods used in SCM better capture the
uncertainty underlying the method itself. In other words, SCM exploits variation in the
untreated units to find a counterfactual which closely tracks observable and unobservable
features of the treated unit.
31 That

said, this process is still vulnerable to manipulation during the selection of the universe of
potential counterfactual units and predictor variables.
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We now walk through the construction of the synthetic control. Define Y j,t as the outcome for unit j of J + 1 total units at time t.32 j = 0 indicates the treated unit. Each member
of set of potential comparator units – called the donor pool, is indexed j = 1, ..., J. The
synthetic control is then calculated as a weighted sum of all the units in the donor pool.
Specifically, a synthetic counterfactual is defined as,
J

Ỹt =

J

∑ w jY j,t , where w j ≥ 0 and

j=1

∑ w j = 1.33

j=1

Define X0 and XJ as a k × 1 vector and a k × J matrix that contain k predictors for the
treatment unit and J donor units, respectively. The choice of the weighting vector, W ∗ =
(w1 , ..., wJ ), is chosen such that the weights minimize a weighted norm between treatment
and synthetic values of our predictor variables.
W ∗ = argmin (X0 − XJW )T V ∗ (X0 − XJW )
The weighting matrix, V , is a k × k diagonal matrix with each value representing the weight
applied to each predictor variable. V is chosen such that it minimizes the mean squared
predicted error (MSPE) of the outcome over the pre-treatment period:
V ∗ = argmin

1 T0
∑ (Y0,t − Ỹt (V ))2,
T0 t=1

(3.1)

where T0 indicates the final period before treatment.34
32 Abadie

et al. (2010) set Y j,t = αi,t Di,t + θt Zi + λt µi + δt + εi,t . Here, δt captures an unknown
systematic factor with constant factor loadings, Zi is a (r × 1) vector of observables left unchanged
by intervention, and θt identify unknown parameters. The additional term, λt µi , is the product of
unobserved time-factors and factor loadings. This addition of last component invalidates standard
difference-in-differences assumptions.
33 Although SCM constraints have come under scrutiny, their imposition is essential to external
validity and generation of a single set of weights (Abadie et al., 2010; Doudchenko and Imbens,
2016). Alternative approaches lose these features and require difficulty to verify linearity assumptions. Regardless, SCM assumptions appear to justified in our context.
34 While SCMs can search across all positive definite, diagonal matrices that minimize the mean
squared predition error of the pre-intervention outcome variable to find V ∗ , an alternative mechanism to calculate predictor weights exists. Essentially, this second method regresses the outcome
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3.5.2

Q UALITY OF M ATCHES AND I NFERENCE

The SCM is an inherently visual tool; it produces two time series, raw data for the treated
unit and its synthetic control. The treatment effect is calculated as the difference between
the two trends following intervention. The visual nature of SCM facilitates the ability of
researchers to gauge goodness of fit and perform statistical inference.
Two standard approaches help to determine quality of matches between the treated unit
and its synthetic control. The reliability of the synthetic unit can be visually assessed; prior
to intervention, the two trends should overlap. Additionally, one can compare the balance
among our predictors between the treated unit and its synthetic control.
Statistical inference is made by comparing estimated treatment effects against the distribution of "placebo" effects that we would see among non-treated units. We conduct this
exercise by following a procedure outlined by Abadie et al. (2010). Specifically, we calculate placebo treatment effects for each unit in the donor pool that have not been exposed
to intervention, the distribution placebo effects will then capture idiosyncratic variation in
the outcome variable. By comparing the variation between each donor pool member and its
synthetic control in the post-treatment period relative to the pre-treatment phase, we identify inherent randomness in the outcome variable following intervention. We use root mean
square predicted errors (RMSPEs) to capture variation. We take the ratio of post-to-preintervention RMSPEs, and rank them from largest-to-smallest; this creates an empirical
distribution. From this distribution, we can calculate the likelihood the actual treatment
would be observed in the absence of an intervention. In other words, this distributional
knowledge allows us to calculate a two-sided, exact p-value.
As proposed by Galiani and Quistorff (2017), we also calculate p-values for individual
quarters; to do this, we swap the numerator from the standard approach — the RMSPEs for
variable on all predictors period-by-period; here, weights are assigned according to predictive power
(Kaul et al., 2015). In fact, this second approach is the default in the “synth” Stata package.
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the entire post-intervention phase — with RMSPEs for each period following treatment.
We plot these values to explore the secular trend associated with treatment. This approach
constitutes a family-wise error rate; this test statistic, thus, it enables us to view the relationship between treatment and outcomes over time.35

3.6

E MPIRICAL E VIDENCE

In this section, we estimate the causal effects of the Mariel Boatlift on per capita crime
rates. We first describe our baseline results. Subsequently, we explore historically accurate
indices of crime—murder and robbery—to add nuance. We close by conducting a series of
placebo exercises and sensitivity checks to evaluate the strength of our findings.

3.6.1

S YNTHETIC C ONTROLS

To construct a counterfactual for Miami, we match on MSA-level crime correlates prior to
the second quarter of 1980. These include property and violent crime rates, racial compositions, population densities, police force sizes and gender ratios, age profiles, unemployment
and poverty rates, median incomes, and shares of high school dropouts. Additionally, we
include migrants per capita as predictor given the magnitude of flows into Miami during
the 1970s.36 Predictor balance tables in Appendix C suggest synthetic Miami tracks well
with Miami. The matched MSAs and their respective weights can be found in Table C.4.
Figure C.2 captures outcome variables for Miami and its synthetic control for both our
property and violent crime measures. Prior to the Mariel Boatlift, the event marked by the
35 Firpo

and Possebom (2018)
refugees appeared on the Miami coastline throughout the 1970s. Successful asylum
seekers numbered no more than 3,000 per year until Haitian émigrés saw an opportunity to join
the Mariel Boatlift. An estimated 15,000 Haitians joined their Cuban counterparts. Additionally, “freedom flights” between 1965-1973 from Cuba brought some 300,000 migrants to Miami
(Clemens and Hunt, 2017). We follow an approach described by Borjas (2017) to identify annual
MSA-level migration.
36 Haitian
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vertical lines, the trends for Miami and its counterfactual track closely with each other. This
leads us to believe our predictors suitably match Miami to the counterfactual. Immediately
after the second quarter of 1980, both outcome trends separate from their synthetic controls.
The property crime difference exhibits growth over time. In contrast, violent crime rates in
Miami appear to jump, relative to its counterfactual, and these differences remain roughly
constant for the following decade.
Following the work of Abadie and Gardeazabal (2003) and Abadie et al. (2010), we
assess significance by comparing our estimated treatment effects against an estimated distribution of placebo effects. Specifically, we implement identical synthetic control analyses
on each potential donor unit—those who did not experience the Boatlift—and use this
distribution to assess whether the probability that we would observe our treatment effects
simply by chance. Figure C.3 displays SCM treatment effects for every city within the
panel. Each grey line is a placebo effect calculated by repeating our SCM on untreated
MSAs. The dark trends list the treatment effects for Miami.
Consistently, Miami’s property crime effects lie on the upper envelope of the distribution of placebo effects. Consequently, it is improbable we would calculate these values in
the absence of the Boatlift. The aggregate RMSPE ratio ranking confirms this; we calculate
the relevant property crime p-value to be 0.018 (2nd out of 112).
The distribution of violent crime effects offers less clarity. Directly following the arrival
of the flotilla, Miami’s violent crime treatment effects surge to the top of the distribution; after several quarters, they settle within the collective set of placebo effects for the
remainder of the panel duration. We estimate Miami’s aggregate p-value to be 0.16 (18th
out of 112).
Figure C.4, which contains quarterly p-values, affords greater insight. The p-values
associated with the property crime effect exhibit a strengthening of statistical significance
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with time. Immediately after the influx of migrants, only one test statistic is significant at the
95% level of confidence; by 1984, however, essentially all p-values achieve significance.
The disaggregated violent crime test statistics likewise illuminate the secular nature of
the Boatlift’s effects. Those p-values reveal a statistically significant violent crime effect
occurred exactly after the second quarter of 1980. The test statistics then dramatically fade,
which explains the value of the aggregate p-value.
Together, the evidence points to a delayed but appreciable increases in long-term property crime compared to the counterfactual. Our property crime specification — along with
unreported estimates associated with alternative population criteria — suggest the Boatlift
comparably generated 25-32% higher quarterly per capita property crime.
Aggregating over the entire post-treatment phase suggests the flotilla comparatively
prompted a 34% quarterly increase in per capita violent crime. If we home in on the first
five quarters following the Boatlift, for which we observe statistically significant effects,
this short-lived increase becomes 43%.37

3.6.2

AUXILIARY E XERCISES

We now switch outcome variables to two other per capita crime metrics, murder and robbery. For one, both measures are consistently recorded. Unlike forcible rape, murder and
robbery reporting depend less on societal contexts. Criminal homicide data are virtually
insusceptible to manipulation. Likewise, robbery victims have a vested interest in contacting law enforcement. For these reasons, we repeat our SCM with murder and robbery
rates as dependent variables. Our predictors now include pre-Boatlift outcomes. For consistency and robustness, we also estimate results using the exact set of matching variables
previously employed; the results are practically identical.
37 Again,

we can estimate a range from unlisted specifications. Our estimates live in the range of
43-53%. These are available upon request. See Appendix C.6 for more details about the decision to
include the point estimate rather than a range of values.
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Before delving into the results, we list our matched MSAs in Table C.5. The counterfactual constituents closely resemble those of our baseline findings. Figure C.5 displays the outcome variables for Miami and its synthetic controls. Visual investigation of
the pre-treatment phase for the two series imply good counterfactual matches for both
murder and robbery. Both graphs also indicate the presence of substantial treatment effects.
While murder effects persist until 1987, robbery treatment effects remain throughout the
remainder of the panel. We present the distribution of treatment effects in Figure C.6.
Murder is a noisy variable; therefore, its treatment effects’ distribution offers little
clarity. Although the treatment effects for Miami seemingly lie nowhere near the upper
envelope of quarterly murder effects, we calculate the relevant p-value as 0.0089 (1st of
112). The statistical significance is more straightforward with respect to robbery. Miami’s
treatment effects essentially compose the upper bound of all effects after the arrival of the
Mariel Cubans. Here, we estimate the aggregate p-value at 0.0089 (1st of 112).
The temporal murder and robbery test statistics are captured in Figure C.7. Both sets of
p-values contain noise. Nonetheless, murder treatment effects are strongly significant until
1987. Robbery effects, on the other hand, exhibit statistical significance in nearly every
period.
Collectively, the evidence points to a persist relative growth in criminal homicide until
1987 and a long-term comparative increase in robberies. We estimate murder and robbery
treatment effects at 41.2% and 70% for the duration of the panel, respectively.

3.6.3

ROBUSTNESS C HECKS

FALSIFICATION T ESTS
To check the internal validity of the quasi-experiment with respect to crime, we replicate placebo exercises typically used to scrutinize difference-in-differences. Specifically,
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we drop data exposed to the influx of Mariel Cubans, and estimate SCM results with an
artificial Boatlift in 1977. Given no actual treatment occurs in 1977, we expect to see no
statistically meaningful estimates.
Figure C.8 shows the distribution of effects using 1977 as a “placebo boatlift”. These
results confirm the internal validity of the main results; Miami’s artificial treatment effects
lie nowhere near the upper envelopes. More telling evidence comes from aggregate pvalues. We find property and violent crime test statistics to be 0.44 (49th of 112) and
0.22 (25th of 112), respectively. Further justification for the baseline estimates comes from
Figure C.9.
All but one of the p-values listed above are insignificant. We cannot explain the singular idiosyncrasy. The Boatlift was unexpected; therefore, we doubt this constitutes an
anticipatory effect. Given the number of p-values calculated, it is unsurprising to find one
significant value. Nevertheless, we remain confident in our ability to make statistical inferences for both violent and property crimes in light of the collective evidence; of course,
this holds true to lesser extent for the former.
We close this segment by briefly outlining murder and robbery results connected with
similar placebo analyses. Because of their resemblance to previous exercises, we refrain
from including all details; we highlight the material aspects.
In this setting, the aggregate p-values for murder and robbery are 0.44 (49th of 112) and
0.32 (36th of 112). This evidence dispels fears our natural experiment lacks internal validity.
Even more weight comes from Figure C.10, which explores the secular trend of placebo
p-values. This evidence is reassuring, especially for our analysis of murder. As with the
parallel placebo test for violent crime placebo effects, one robbery p-value is significant;
while this result is likely an anomaly, it does marginally dampen confidence in our robbery
treatment effects.
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D RUG T RADE
In the 1970s and 1980s, Miami served as the nexus of cocaine distribution in the United
States; this phenomenon potential confounds our SCM results. Its proximity to production
centers in Latin America and the presence of Spanish speaking connections transformed
Miami into a hotbed of drug-related crime.38 The availability of cocaine eventually sparked
the crack epidemic of the mid-1980s. Crack, a blend of cocaine and baking soda, became
popular among less well-off users of the pure substance. Research from Fryer et al. (2005)
has shown the importance of the crack cocaine epidemic on violence black youth. Therefore, Miami’s relationship with drugs threatens our identification strategy,
However, we note these fears are partially unfounded. By 1975, the Medellín Cartel
monopolized and flooded the US cocaine market. Drug-related violence soared in the aftermath, and spread throughout major US cities.39 Additionally, the crack epidemic did not
begin until 1985, well after our significant treatment effects appear.40 Because we match on
violent crime trends, this hypothetically confounding dimension of Miami is likely already
captured. For those reasons our synthetic units will implicitly account for the role of early
cocaine access on crime rates in the 1980s.
Nonetheless, we attempt to further allay fears by including Underlying Cause of Death
data from the Center for Disease Control (CDC) in our SCMs. These records identify
cocaine-related fatalities not encompassed by UCR statistics. We construct quarterly per
capita cocaine-related deaths for every MSA in our panel; we then integrate this variable
into our predictor set.
Figure C.11 captures the distribution of treatment effects from our drug-adjusted SCMs.
The graphics mirror those associated with the primary estimates. Our property crime treat38 Sanders

(1990)
et al. (2015), Jaynes (1981)
40 Fryer et al. (2005)
39 Green
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ment effects continue to lie on the upper envelope of placebo effects. Therefore, they remain
statistically significant. Though Miami’s violent crime effects do not form the upper bound
of the treatment distribution, their location does not change relative to our principal effects.
The aggregate p-values for property and violent crime confirm this; those values are 0.036
(4th of 112) and 0.16 (18th of 112), respectively.41
Figure C.12 plots the p-values associated with this matching selection. The visuals
follow Figure C.4 almost exactly. Therefore, the inclusion of drug trafficking proxies do
not substantially alter any aspect of our baseline findings.

P OPULATION M ECHANISM
Our population estimates factor into every single outcome variable. If we incorrectly calculate these figures, we misrepresent per capita crime statistics, and risk drawing erroneous
conclusions.
Though we verified our population estimates with data from the Florida Office of Economic and Demographic Research, underlying Census mechanics may prove problematic.42 Specifically, intercensal records allocate migrants who arrive after April to the following year. Therefore, population calculations do not include Mariel Cubans until 1981.
The short-term spike in relative violent crime we observed might be a consequence of this.
Moreover, the Census may fail to capture the entire Mariel Boatlift even in subsequent
years. Our 1981 MSA estimates indicate Miami grew by 60,000 individuals; this estimate
lies below the reported 120,000 Cubans who arrived.
41 Additionally,

we reproduce falsification tests but match on drug fatalities prior to the artificial
Boatlift. Given the similarity of the results, we suppress their graphics. We estimate for violent and
property crime p-values of 0.46 (51st of 112) and 0.22 (26th of 112)
42 Office of Economic & Demographic Research (2020)
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Some of this difference may be accounted for by out-migration, it is well documented that substantial “white flight” in the early 1980s occurred.43 Additionally, many
Marielitos were sent to camps in rural Arkansas, Pennsylvania, Puerto Rico, and Wisconsin.44 Together, these phenomena likely account for the difference.
To address this we take the most conservative approach and simply assume that, apart
from the 60,000 spike in population observed in 1981, the Mariel Cubans were unaccounted
for in population statistics. We increase the Miami MSA population by 120,000 individuals
in the final three quarters of 1980 (after the April 1980 arrival of Cubans). After 1981, and
continuing to the end of our panel, we add 60,000 people to our population statistics. We
leave the rest of the data unchanged. In essence, we increase the population of Miami by
120,000 after the arrival of Mariel Cubans until the end of our panel; this figure certainly
overstates net population growth within the MSA, and generously increases the denominator for all per capita crime rates. We repeat our primary analyses and compare the results
below. Figures C.13 and C.14 contain the distribution of treatment effects and secular pvalues, respectively.
Both figures mirror those found in baseline analysis. We respectively calculate the
aggregate p-values associated with property and violent crime at 0.035 (4th of 112) and
0.1875 (21st of 112). Despite dramatically increasing the denominator in 1980 and 1981,
the temporary surge in violent crime persists. In general, the findings are virtually identical
to those previously discussed. This exercise shows sensitivity to population estimates does
not factor into our estimates.
43 Viglucci

(2016)
scraped from a Miami Herald database that aims to centralize information on Mariels
reveals 50% of refugees were at some point sent to locations outside of Miami. Though many
returned, no reliable data can document the length of time it took or how many actually went back.
44 Statistics
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The weight of the robustness checks strongly indicates our results are internally valid
and insensitive to potential confounding phenomena. Neither cocaine trade nor mechanical
problems with SCMs or underlying data appear to drive our findings.45

3.7

D ISCUSSION AND C ONCLUSION

Our results present a darker scenario than the preexisting literature portrays. Chalfin (2014),
who claimed to identify an upper-bound, found no robust link between immigration and
crime. The closest calculations come from Spenkuch (2013). He estimated a 10% increase
in the share of immigrants led to a 1.2% rise in property crime. In contrast, we find the 10%
increase in Miami’s population from the Boatlift prompted a nearly 25-32% expansion in
property crime. Moreover, we observe violent crime and murders effects that have not been
seen in other research.
Unlike the population of interest for Chalfin (2014), the majority of Mariel immigrants
were not properly screened and included individuals with mental illnesses and histories of
convictions. Furthermore, the demographic characteristics of Mariel Cubans highly correlate with criminal activity. Events unfolded so quickly federal authorities were unaware of
a need to vet the newcomers until they arrived. According to Justice Department officials,
nearly 5,000 felons arrived on the flotilla.46 Normally, these migrants would not receive
permanent residence status. However, a repatriation agreement between the US and Cuba
did not exist; thus, deportation was restricted. Though some 2,000 individuals with criminal records were eventually deported, this process was costly. Consequently, the negative
45 While

we exclude them for the sake of brevity, additional checks — such as leave-one-out
SCMs and estimates that take into account racial tensions within Miami — produce almost identical
results.
46 Clark (1991)
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selection of Mariel Cubans and the lack of proper oversight constitutes the ideal context for
studying the “upper-bound” of crime engendered by immigration.47
To give a sense of welfare costs implied by our calculations, we combine our effects
with damage valuations from Chalfin and McCrary (2018); their estimates come from a
survey of empirical crime research and the statistical value of life literature. They value
average property crime, robberies, and homicides — each per capita — at $2,788, $12,624,
and $7 million, respectively. Collectively, these suggest a mean per capita cost annually for
Miami residents of $68. While we identify public welfare costs, benefits provided by these
immigrants have been ignored; that issue is beyond the intent of this project. Our paper
identifies one piece of a larger picture and, therefore, do not account for the many ways in
which migrants benefit localities.

3.7.1

D EMOGRAPHIC D RIVERS

It is entirely possible the increases in crime we document are compositional. Relative to
the rest of Miami residents, Marielitos were disproportionately young, working age men.48
Roughly 60% were male, and nearly 48% of those arrived between the ages of 15-34.
Empirically, males commit crimes at significantly higher rates than females; young men
are especially predisposed to crime until they “age out"" in their late twenties.49
Assuming Mariel Cubans follow a similar demographic evolution in crime-propensities,
we assess the extent to which demographics explain our measured treatment effects. To do
so, we estimate predicted crime propensities for both Marielitos and Miami residents based
solely on their age and gender distributions. These measures, then, allow us to calculate the
expected effects on crime due to changes in age and gender compositions.
47 Ibid.
48 See

Table C.1
et al. (2019); Steffensmeier and Streifel (1991)

49 Ellis
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To construct these propensities, we first pull 1980 and 1990 Census data to calculate
age and gender profiles separately for Mariel and non-Mariel Miami residents.50 Next, we
calculate crime propensities for our outcome variables using 1980 UCR data on arrests by
age and gender.51 Aggregating arrest and population data by age and gender for all large
agencies excluding Miami, we estimate crime rates across demographic groups. We then
combine the dataset that captures Mariel and non-Mariel Miami resident traits with our
crime propensity measures. Finally, we ascribe crime rates to pre-Mariel Miami residents
and Mariel Cubans based on their age and gender for each offense type.
Figure C.15 depicts Mariel-to-Miami resident population ratios and per capita violent crime rates across demographic groups. The pattern – consistent across crime types
– indicates Marielitos occupied age and gender baskets with relatively high propensities
for crime.52
The underlying population shares by age and gender along with the crime rates from
Figure C.15 allow us to estimate the demographic change on crime induced by the Mariel
Boatlift.53 These results are presented in Table C.6.
This analysis implies age and gender alone predict Marielitos were 35-62% more likely
to be arrested than Miami residents. These differences explain only a small portion of
our observed effects. Specifically, the predictions suggest demographics differences would
cause 3.2% and 4.8% increases in property and violent crime per 100,000, respectively.
50 Because

Marielitos arrived after Census enumeration, they do not appear in the 1980 Census.
To resolve this, we examine all 1980-1981 Cuban arrivals in the 1990 Census. We then calculate
their age in 1980. Limiting only to Cubans residing in Miami in 1990 provides nearly identical
results.
51 Our primary analyses in this paper rely on reported UCR crime. Unfortunately these reports
do not contain information on offender demographics. In their place, we pull UCR arrests. This is
an imperfect substitute; arrests do not encompass all crimes committed, and will not perfectly align
with the underlying reported crime data.
52 While not shown, the same pattern emerges among our three other crime measures.
53 Note: to ease calculations, we assume the inflow of Cubans in 1980 is equal to 10% of the
Miami population.
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Correspondingly, these calculations represent 12.7% and 14.2% of our estimated property
and violent crime effects.

3.7.2

C ONCENTRATION E FFECTS

Another plausible explanation of our treatment effects stems from Mariel Cubans’ geographic proximity. Our findings and the extant literature align on this issue with respect to
both property and violent crimes.
Theory suggests Mariels’ labor market opportunities shaped the group’s proclivity for
the former.54 Despite receiving legal access to markets, the cohort faced substantial barriers to employment. For one, Mariel Cubans’ characteristics primarily suited them for
low-skilled occupations; 54% of the group held the equivalent of a high school level education. Communication skills placed this group at a relative disadvantage within low-skilled
sectors; even ten years after their arrival, nearly two-thirds of the group lacked English proficiency.55 Considering the inflow of refugees constituted a 10% increase in the workingage population, the labor supply shock disproportionately affected low-skilled occupations.
Beyond that, the arrival of Mariel Cubans coincided with a recession.56 Together, these features prolonged already arduous labor market searches. Unsurprisingly, Card (1990) noted
almost 40% of Mariels were either unemployed or out of the labor force in 1985.
Therefore, stiff competition between non-Mariel Miami residents and refugees in an
anemic labor market likely made illicit activity comparably attractive. Our primary results
substantiate this narrative; we consistently find significant property crime and robbery
effects, the most likely to arise from economic hardships. Moreover, our pecuniary linked
crime effects emerge contemporaneously with the elimination of refugee camps. This further suggests migrants had difficulties settling into their new lives.
54 Becker

(1968)
Table C.1
56 Antón et al. (2002)
55 See
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Concentration of such a large number of refugees in one city likely induced other crime
effects. This hypothesis comes from Martinez Jr. and Lee (2000), who observed high incidence of within-group violence in Miami criminal homicide data. In particular, they found
Mariel Cubans lost their lives at the hands of cohort member in 47% of cases. This implies
our calculations overstate the extent the public safety decline experienced by the overall
community. Furthermore, our findings seemingly point toward this conjecture; the violent
crime effects we observe are strongest around the time temporary refugee camps were operational. Grudges held from experiences in Cuba and cramped, inhumane living conditions
prompted violent encounters.57 The collective evidence, consequently, suggests a relationship between migrants’ locations within Miami and crime.
We now consider correlational evidence to examine these hypotheses. Namely, we
explore the spatial relationship between likely Mariel settlement patterns and crime within
the city. Due to data limitations, we do not observe Marielitos’ true locations; instead, we
proxy these by allocating the inflow of 120,000 refugees according to the pre-Boatlift, nonMariel Cuban pattern.
We estimate the relationship between Mariel locations and crime via the following
equation.
1990

yi,t = α +

∑

βt SiMariel + γt + ηi + εi,t where

(3.2)

t=1970,t6=1979
nCuban
i,1980

SiMariel

=

∑ nCuban
j,1980

× 120, 000

Pop1980
i

In this event study specification, yi,t captures crime rates per 100,000 in FIPS place i at year
t. The variable of interest, SiMariel , is constructed by first dispersing 120,000 Mariels via the
distribution of non-Mariel Cubans in 1980 within the city; then, we calculate the share of
57 Chardy

(2010)
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Mariels within a FIPS place. We omit 1979 as it serves as the reference year. The model
includes time and entity fixed effects as well.58
Figure C.16 captures results associated with Equation 2 across all four outcome variables. We observe a significant increase in property crime in locations with high concentrations of Mariel Cubans. Likewise, we find similar suggestive evidence for the other three
crime metrics. Predictably, the clearest effects — those associated with property crime
and robbery — align directly with our primary estimates. Collectively, this evidence corresponds with the argument labor market conditions drove economic crimes. Moreover, it
also lends support to results found in the extant literature that violent crime victims were
primarily Marielitos. Finally, the results further indicate our main specifications were not
driven by confounding factors.59

3.7.3

P OLICY I MPLICATIONS

The unique aspects of the Mariel Boatlift — specifically, its sudden, unexpected nature
combined with significant negative selection among migrants — likely explain a large
fraction of our estimated effects. While these features limit external validity, our results
still offer insight into effective refugee policy.
Our research highlights the importance of strategic refugee screening and dispersal.
Federal and state officials were unprepared for the arrival of Mariel Cubans in Miami. Minimal vetting permitted dangerous felons to enter the US. Furthermore, immigration authorities did little to ease the pressure on local labor markets; Mariel Cubans were allowed
58 Our

independent variable is equivalent to the shift-share style instrument common in many
studies on immigration and local labor markets. As we do not explicitly observe destinations for
Marielitos, Equation 2 corresponds to the reduced-form specification in such studies rather than the
IV specification.
59 Results are invariant to monthly or quarterly specifications.
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to settle in Miami despite the inability of the local labor market to incorporate the newcomers. Consistent with the immigration and labor economics literature, our findings suggest that crime effects due to the refugees were exacerbated by limited opportunities and
significant competition for work among migrants. Bansak et al. (2018) found that improved
matching of refugees to native communities can improve employment prospect by 40-70%.
Our results imply that, as a result of these synergies, such policies would also mitigate any
crime effects induced by refugees.
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Table A.1: Summary statistics of blue collar workers by income quintile
Q1

Q2

Q3

Q4

Q5

Log monthly income
Diff. in log income

6.36 6.89 7.12 7.35 7.65
0.11 0.07 0.05 0.04 0.03

Share male (%)

21.4

59.3

85.6

96.2

98.4

Age (%)
Age 23-34
Age 35-44
Age 45-59

38.8
27.6
28.2

46.9
22.1
23.1

46.0
23.4
24.8

38.9
26.5
31.3

29.7
29.6
39.1

Industry composition (%)
Agriculture
Mining
Manuf. - Non-durable
Manuf. - Durable
Utilities
Construction
Wholesale trade
Retail trade
Accom./food services
Transportation
Fin./bus. services
Other services

4.2 2.7 2.1 2.3 0.9
0.1
0.5 1.4 2.7 5.2
23.6 22.0 16.4 17.3 27.3
7.9 19.9 27.1 31.8 31.3
0.4
0.4 1.0 1.9 4.0
3.3 13.3 24.3 23.5 15.2
8.4 10.4 9.1 6.7 5.3
8.4
5.2 3.1 1.8 1.2
21.4 11.1 5.1 3.6 3.2
5.3 7.1 7.6 6.6 4.7
11.3 3.8 2.4 1.6 1.6
5.8
3.6 0.5 0.2 0.1

Transitions (%)
Change collar
Move districts
Move industries
Leave employment

3.1
4.9
10.7
17.5

2.4
6.3
10.4
11.9

2.1
5.3
7.2
7.7

2.0
4.1
4.6
5.9

2.6
3.2
2.9
6.6

Sample consists of all, non-public blue-collar workers in 1988 aged 23-59. Income distributions
derived from full set of native-born workers aged 18-64
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Table A.2: Summary statistics of white collar workers by income quintile
Q1

Q2

Q3

Q4

Q5

Log monthly income
Diff. in log income

6.36 6.89 7.13 7.36 7.93
0.13 0.08 0.08 0.08 0.07

Share male (%)

12.1

22.6

40.0

57.3

82.0

Age (%)
Age 23-34
Age 35-44
Age 45-59

41.7
29.4
22.6

48.2
21.7
19.4

50.2
22.0
20.6

45.1
26.9
25.5

22.7
34.2
42.8

Industry composition (%)
Agriculture
Mining
Manuf. - Non-durable
Manuf. - Durable
Utilities
Construction
Wholesale trade
Retail trade
Accom./food services
Transportation
Fin./bus. services
Other services

0.9
0.2
9.2
6.4
0.2
7.0
15.7
35.0
3.5
5.2
15.5
1.1

0.9
0.2
10.8
7.9
0.6
5.5
18.3
28.6
3.3
6.2
16.8
1.0

1.1
0.4
11.4
11.0
1.5
5.5
19.0
18.2
2.3
7.6
21.5
0.6

0.9 0.7
0.5 1.2
12.9 14.8
15.2 20.7
2.4 5.1
6.2 7.7
18.5 16.0
11.8 6.5
1.5 0.9
5.0 5.0
24.6 21.2
0.4 0.2

Transitions (%)
Change collar
Move districts
Move industries
Leave employment

2.5
3.3
7.5
14.8

1.9
3.1
7.0
11.4

1.2
2.8
5.6
9.1

0.7
2.3
4.4
6.1

0.2
2.0
3.1
4.5

Sample consists of all, non-public white-collar workers in 1988 aged 23-59. Income distributions
derived from full set of native-born workers aged 18-64
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Table A.3: Change in immigrant share among blue-collar workers (%)
Income quintile
1st

2nd

3rd

4th

5th

Agriculture
Mining
Manufacturing, Non-durable
Manufacturing, Durable
Utilities
Construction
Wholesale trade
Retail trade
Accomodation & food services
Transportation
Finance & business services
Other services

28.8
29.7
24.0
20.9
6.5
28.7
18.2
18.6
25.5
12.2
17.9
19.9

6.6
11.1
10.7
10.2
2.7
23.5
8.8
7.2
14.1
5.9
6.8
4.9

3.2
4.8
4.4
6.4
0.4
14.1
4.8
3.3
8.3
5.4
5.5
8.5

1.4
2.5
1.3
3.0
-0.1
7.2
2.4
3.3
5.6
4.0
4.7
5.4

1.2
0.6
0.4
0.8
0.0
2.2
1.1
1.9
1.3
2.5
1.0
7.7

All Industries

22.5

13.4

8.2

4.1

1.2

Industry

Table shows the 1988-1993 change in immigration by industry and income quintile as a share of
total 1988 employment in a given industry/quintile combination. Immigrant and overall employment
stocks only include male workers aged 18-64. Immigrant stocks only include those from Yugoslavia
(and former Yugoslavian countries), Turkey and eastern Europe.

Table A.4: Employment variable definitions
Variable

Variable definition

Log employment growth:

ln(

Lr,t −Lr,t−1
Lr,t−1 )

c
Lr,t−1

Collar outflows:

∑i=1

I[ci,t−1 6=ci,t ]
c
Lr,t−1

c
Lr,t

Collar inflows:

∑i=1 I[ci,t−1 6=ci,t ]
c
Lr,t−1
Lr,t−1

District outflows:

∑i=1

I[ri,t−1 6=ri,t ]
Lr,t−1

Lr,t

District inflows:

∑i=1 I[ri,t−1 6=ri,t ]
Lr,t−1
Lr,t−1

I[NotEmployedi,t ]
Lr,t−1

Employment outflows:

∑i=1

Employment inflows:

∑i=1 I[NotEmployedi,t−1 ]
Lr,t−1

Lr,t
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Table A.5: Pre-period correlates
Manuf.

Services

Agric.

Panel A: Total predicted immigration
∆m̂r
−0.352∗ 0.272∗∗∗ −0.069
(0.210)
(0.086) (0.082)
Panel B: Individual origin countries
Yugoslavia −0.047∗ 0.039∗∗∗
(0.024)
(0.014)
Turkey
0.023∗∗
−0.009
(0.009)
(0.006)
∗∗∗
0.004∗
E. Europe −0.013
(0.003)
(0.002)

−0.008∗
(0.005)
−0.002
(0.002)
0.001
(0.001)

Blue-collar

Ln(Inc.)

Ln(Emp.)

−0.418∗∗
(0.207)

0.271
(0.331)

2.330
(2.080)

−0.028
(0.020)
−0.006
(0.007)
−0.004
(0.004)

0.103∗∗∗
(0.026)
−0.017∗
(0.009)
−0.008∗∗∗
(0.003)

0.712∗∗
(0.314)
−0.125
(0.097)
−0.033∗
(0.018)

***, **, * represent significance at the 1%, 5% and 10% levels, respectively.
Table shows results from OLS regressions of 1983 district-level characteristics onto predicted
immigrant inflows as well as, in separate regressions, the baseline distribution of immigrants relative to the native population by origin. Relative shares are calculated as the share of an origin
country/regions immigrants in a district divided by the share of the native population in that district
in the baseline period (1974-1978). Outcomes include industry shares, blue-collar share, the natural
log of employment and average log earnings.
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Table A.6: Pre-trend analysis
Ln(Emp. Growth)

Ln(Inc. growth)

Collar mobility

Geog. mobility

Panel A: Blue-collar - Total predicted immigration
∆m̂r
0.037
−0.034
(0.080)
(0.029)

0.072∗
(0.040)

0.041
(0.031)

Panel B: Blue-collar - Individual origin countries
Yugoslavia
−0.026
−0.019∗∗∗
(0.019)
(0.004)
Turkey
0.011∗
0.007∗∗∗
(0.006)
(0.002)
E. Europe
0.001
−0.000
(0.001)
(0.000)

0.007∗∗
(0.003)
0.001
(0.001)
−0.000
(0.000)

0.004
(0.006)
−0.002
(0.002)
0.001∗∗
(0.001)

Panel C: White-collar - Total predicted immigration
∆m̂r
0.010
0.068∗
(0.056)
(0.040)

−0.007
(0.009)

−0.019
(0.027)

Panel D: White-collar - Individual origin countries
Yugoslavia
−0.005
−0.002
(0.010)
(0.004)
Turkey
0.001
0.000
(0.004)
(0.001)
E. Europe
0.001
0.003∗∗∗
(0.001)
(0.000)

0.002
(0.002)
−0.001
(0.001)
−0.000∗
(0.000)

0.004
(0.006)
−0.002
(0.002)
−0.001
(0.001)

***, **, * represent significance at the 1%, 5% and 10% levels, respectively.
Table shows results from OLS regressions of 1987-1983 district-level characteristics onto predicted
immigrant inflows as well as, in separate regressions, the baseline distribution of immigrants relative to the native population by origin. Relative shares are calculated as the share of an origin
country/regions immigrants in a district divided by the share of the native population in that district in the baseline period (1974-1978). Regressions are run separately for blue and white-collar
workers. Outcomes include the natural log of employment growth, mean log earnings, the share of
workers changing collar and the share moving districts.
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Table A.7: Regression results - Aggregate employment
All
Outcome
All workers
All workers
Native workers
Blue collar
All workers
Native workers
White collar
All workers
Native workers
F-Statistic

Men

Women

OLS

IV

OLS

IV

OLS

IV

1.08∗∗∗
(0.11)
0.27∗∗
(0.12)

0.66∗∗∗
(0.25)
0.05
(0.27)

1.25∗∗∗
(0.17)
0.22
(0.16)

0.63∗
(0.34)
−0.16
(0.33)

0.82∗∗∗
(0.09)
0.33∗∗∗
(0.10)

0.76∗∗∗
(0.24)
0.28
(0.23)

1.51∗∗∗
(0.18)
0.20
(0.18)

0.61∗
(0.37)
−1.12∗∗∗
(0.35)

1.53∗∗∗
(0.25)
0.00
(0.23)

0.73
(0.51)
−1.42∗∗∗
(0.45)

1.39∗∗∗
(0.14)
0.47∗∗∗
(0.18)

0.41
(0.34)
−0.85∗∗
(0.41)

0.50∗∗∗
(0.09)
0.40∗∗∗
(0.09)

0.80∗∗∗
(0.31)
0.60∗∗
(0.27)
35.70

0.71∗∗∗
(0.14)
0.59∗∗∗
(0.14)

0.67∗
(0.37)
0.48
(0.36)
35.70

0.33∗∗∗
(0.09)
0.26∗∗∗
(0.09)

0.95∗∗∗
(0.37)
0.71∗∗
(0.30)
35.70

***, **, * represent significance at the 1%, 5% and 10% levels, respectively.
Table shows results from OLS and IV regressions of district-by-year level employment variables
for all workers as well as disaggregated by collar and gender. Standard errors are clustered at the
district level and regressions are weighted by 1988 aggregate employment.
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Table A.8: Regression results - Labor market transitions

All
Outcome
Blue collar
Outflows
Leave collar
Leave district
Leave employment
Inflows
Enter district
Enter employment
White collar
Outflows
Leave collar

Men

Women

OLS

IV

OLS

IV

OLS

IV

0.04
(0.05)
−0.02
(0.04)
−0.08
(0.06)

0.21∗
(0.11)
−0.19
(0.18)
−0.21
(0.18)

0.08
(0.05)
−0.01
(0.06)
−0.05
(0.08)

0.25∗∗
(0.10)
−0.16
(0.20)
−0.20
(0.17)

−0.03
(0.06)
−0.00
(0.03)
−0.14∗∗
(0.07)

0.06
(0.17)
−0.26∗
(0.16)
−0.30
(0.32)

−0.10
(0.07)
0.00
(0.05)

−0.48∗∗
(0.24)
−0.56∗∗
(0.26)

−0.16
(0.10)
−0.07
(0.06)

−0.58∗
(0.33)
−0.49∗
(0.27)

0.03
(0.04)
0.15∗
(0.08)

−0.25∗
(0.15)
−0.89∗∗
(0.45)

−0.08∗∗∗
(0.03)
−0.10
(0.14)
−0.03
(0.12)

−0.03 −0.09∗∗
(0.02) (0.04)
0.03
−0.09
(0.06) (0.17)
0.03
0.21
(0.05) (0.18)

−0.03∗∗
(0.01)
0.04
(0.04)
−0.03
(0.04)

−0.07∗∗
(0.03)
−0.09
(0.14)
−0.26∗∗
(0.12)

0.04
(0.04)
0.15∗∗
(0.06)

0.10
(0.15)
0.61∗∗
(0.26)
35.70

−0.03∗∗
(0.01)
Leave district
0.03
(0.04)
Leave employment −0.01
(0.04)
Inflows
Enter district
0.02
(0.04)
Enter employment
0.11∗∗
(0.05)
F-Statistic

−0.00
(0.16)
0.52∗∗
(0.23)
35.70

−0.02
(0.07)
0.09∗
(0.05)

−0.10
(0.19)
0.48∗
(0.27)
35.70

***, **, * represent significance at the 1%, 5% and 10% levels, respectively.
Table shows results from OLS and IV regressions of district-by-year level employment transition
variables for blueworkers disaggregated by gender and collar. Standard errors are clustered at the
district level and regressions are weighted by 1988 aggregate employment.
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Table A.9: Earnings effects by income quintile
All
Outcome
All workers
1st quintile

OLS

−0.09∗∗∗
(0.03)
nd
2 quintile
0.00
(0.02)
3rd quintile
0.01
(0.03)
Blue collar
1st quintile −0.08∗∗
(0.04)
2nd quintile −0.05∗
(0.03)
rd
3 quintile
0.01
(0.04)
White collar
1st quintile
−0.03
(0.06)
nd
2 quintile 0.14∗∗∗
(0.04)
rd
3 quintile
0.04
(0.03)

Men
IV

OLS

Women
IV

OLS

IV

−0.24 −0.30∗∗
(0.25) (0.12)
0.00
0.02
(0.07) (0.03)
0.02
0.04
(0.07) (0.03)

−0.57
(0.38)
−0.13
(0.17)
0.00
(0.10)

−0.05∗
(0.03)
0.03
(0.03)
−0.05
(0.04)

−0.27
(0.29)
0.02
(0.08)
0.07
(0.09)

−0.34
(0.33)
−0.02
(0.11)
−0.01
(0.09)

−0.45
(0.50)
−0.11
(0.20)
−0.03
(0.10)

−0.05
(0.05)
−0.02
(0.04)
−0.14
(0.09)

−0.43
(0.40)
−0.01
(0.13)
0.29
(0.26)

−1.56∗∗
(0.79)
−0.33
(0.31)
−0.13
(0.18)

0.01
(0.05)
0.12∗∗∗
(0.04)
−0.01
(0.04)

−0.17
(0.23)
−0.09
(0.18)
−0.09
(0.10)

−0.10
(0.13)
−0.01
(0.04)
0.04
(0.04)

−0.23 −0.55∗∗
(0.26) (0.24)
−0.10 0.17∗∗
(0.18) (0.07)
−0.11 0.11∗∗
(0.10) (0.05)

***, **, * represent significance at the 1%, 5% and 10% levels, respectively.
Table shows results from OLS and IV regressions of individual level earnings variables for all
workers disaggregated by gender and collar. Standard errors are clustered at the district level.
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Table A.10: Instrument decomposition
α̂o

F̂o

Panel A: Instrument decomposition
Yugoslavia
0.32
7.68
Turkey
0.24
23.80
Eastern Europe 0.44
22.74

go
70, 932
27, 609
40, 941

Employment growth
β̂o

Collar mobility

95% CI

Panel B: Origin-specific coefficients
Yugoslavia
−1.12 (−3.77, 0.05)
Turkey
−1.61 (−2.55, −0.77)
Eastern Europe −1.07 (−2.50, −0.24)

β̂o

95% CI

0.19
0.26
0.11

(−0.14, 1.01)
(0.04, 0.61)
(−0.13, 0.28)

Panel A shows Rotemberg weights (α̂o ), F-statistics (F̂o ), and gross immigrant flows (go ) by immigrant group. Panel B shows point estimates and 95% confidence intervals for blue-collar employment growth and blue to white-collar mobility for male native workers. Confidence intervals are
calculated using the weak instrument robust confidence interval method from Chernozhukov and
Hansen (2008).
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Figure A.1: Immigrant share of workers by origin country over time
Figure depicts the total number of immigrant workers in a given year divided by the total number
of workers, separately by country or region of origin. Sample includes only male, aged 18-64, nonpublic sector workers.
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Figure A.2: Immigrant share of workers separated by collar over time
Figure depicts the total number of immigrant workers in a given year divided by the total number of
workers, separately by collar. Sample includes only male, aged 18-64, non-public sector workers.
Immigrant stocks only include those from Yugoslavia (and former Yugoslavian countries), Turkey
and eastern Europe.
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Figure A.3: Income distribution by quintile and collar
Figure shows the span of a given collar-specific income quintile along the distribution of monthly
income for all workers. Sample includes only native, male, non-public sector workers aged 18-64.
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Figure A.4: White collar share of workers over time
The solid lines show the number of white-collar share of workers among all employees and separately for the native-born population. The dashed line shows the immigrant share of blue-collar
workers. Samples include only male, aged 18-64, non-public sector workers.
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Figure A.5: Immigrant blue collar wage density relative to natives (1993)
Figure shows the relative density of immigrant, blue-collar workers compared to that of native bluecollar workers at each point along the native blue-collar wage distribution. Sample includes male,
non-public sector workers aged 18-64 in 1993. Density is estimated using a kernel density estimator
with the Epanechnikov kernel and bandwidth equal to one percentile.
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Figure A.6: Actual vs predicted immigrant inflows
Figure shows annual actual vs predicted inflows of immigrants divided by prior year employment
at the NUTS 3 region level for the years 1990-1993. Sample includes all male workers aged 18-64.
Only Yugoslavia, Turkey and eastern European countries are included in the immigrant stocks.
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Figure A.7: Map of actual vs predicted immigrant inflows
Figure shows actual vs predicted inflows from 1989 to 1993 of immigrants divided by 1988 employment at the NUTS 3 region level. Sample includes all male workers aged 18-64. Only Yugoslavia,
Turkey and eastern European countries are included in the immigrant stocks.
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Figure A.8: Heterogeneous effects by income quintile
Figure shows results from estimates of equation 1.5 separately by income quintile. Income quintiles
are calculated across all workers aged 18-64 in a given year. Figures show point estimates and
corresponding 95% confidence intervals. Standard errors are clustered at the district level.
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Figure A.9: Heterogeneous effects by age
Figure shows results from estimates of equation 1.5 separately by age group. Figures show point
estimates and corresponding 95% confidence intervals. Standard errors are clustered at the district
level.
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Figure A.10: Specification curve - Blue-collar employment growth
Figure shows results point estimates and confidence intervals for regressions of blue-collar employment growth among male native workers. Controls included in the specification are indicated below
the graph. Standard errors are clustered at the district level.
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Figure A.11: Specification curve - Collar mobility
Figure shows results point estimates and confidence intervals for regressions of blue to white-collar
mobility rates among male native workers. Controls included in the specification are indicated below
the graph. Standard errors are clustered at the district level.
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Figure A.12: Cohort effects by income quintile
Figure shows results from estimates of equation 1.6, the shaded region corresponds to 90% confidence intervals. Standard errors are clustered at the district and estimates come from separate
regressions by income group.
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Figure A.13: Cohort effects by age
Figure shows results from estimates of equation 1.6, the shaded region corresponds to 90% confidence intervals. Standard errors are clustered at the district and estimates come from separate
regressions by age group.
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Table B.1: Baseline parameter values
Parameter

Value

Parameter

Value

Ai
α
σ
s
γ
β
ν

1∀i
.4
5
.47
3
.95
.5

ai, j
τd=1
τd=2
Cd=1
Cd=2
Ccollar

1 ∀ i, j
1.4
1.6
2
2.75
2

Table B.2: Baseline summary statistics
Central
Blue-collar White-collar
Employment
Real income
Value function
Collar mobility (%)
Geographic mobility (%)
Output (Y )
FOB prices ( p̃)
Price index (P)
Trade share (%)

0.85
0.690
14.50
2.75
4.01

1.35
0.702
14.62
1.74
4.02
1.064
3.356
2.368
50.2
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Periphery
Blue-collar White-collar
0.73
0.695
14.46
2.76
2.85

1.17
0.706
14.59
1.73
2.84
0.975
3.374
2.440
47.5

Figure B.1: Baseline results - Labor supply
Figure shows equilibrium labor supplies by region and collar over time. Dashed black line indicates
the national average
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Figure B.2: Baseline results - Labor mobility
Figure shows mobility rates of native workers over time by collar and region. Dashed black line
indicates the national average
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Figure B.3: Baseline results - Real incomes and welfare
Figure shows real income and value functions by collar and worker over time. Real incomes are
relative to their pre-shock values so differences from represent percentage point changes.

Figure B.4: Baseline results - Trade and prices
Figure shows trade shares and local final goods prices by region. Prices are normalized to average
one in each period.
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Figure B.5: Counterfactual results - Incomes and welfare
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Figure B.6: Counterfactual results - Mobility
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A PPENDIX C
C HAPTER 3 S UPPLEMENTAL A NALYSIS

C.1

TABLES AND F IGURES

Table C.1: Demographic characteristics - 1980 Miami
Population - All Ages
Average Miami Resident Mariel Cuban
14 and under
15 to 24
25 to 34
35 to 44
45 to 64
65 and older
Male

18.3
15.6
14.4
11.2
22.1
18.4
47.0

Population - 18-64
Average Miami Resident Mariel Cuban

20.8
16.0
24.7
17.4
16.4
4.7
58.1

HS Dropout
HS Grad
Some college
College degree
No English
English, not well
English, well

26.9
36.2
21.0
15.9
3.9
5.9
90.1

53.7
26.5
13.1
6.7
28.5
34.8
36.8

Table C.1 contains demographic information pulled from the 1980 and 1990 Censuses. The 1980
Census captures the United States prior to the arrival of Mariel Cubans in April. The Mariel characteristics come from the 1990 Census; we subtract ten from age figures to reflect age in 1980.
Because Mariel Cubans likely accumulated more education and more English proficiency in the
ten years since arrival, these values are over estimates of the education and English proficiency of
Mariel Cubans at arrival.

Table C.2: Number of agencies with complete data
Agency
population in 1980

Total

Complete
crime data

Complete
covariate data

Final
sample

500,000 and greater
250,000 to 499,999
100,000 to 249,999
25,000 to 99,999
Less than 24,999

22
32
109
592
2,696

22
31
105
430
1127

22
32
108
429
1551

22
31
104
350
917

Table shows the number of agencies by data availability and size in potential donor MSAs (and Miami)
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Table C.3: Population and crime in Miami and donor MSAs

Miami
MSA Population 1,564.6
Largest Agency
335.7
Viol. Crime Rate
846.8
Prop. Crime Rate 8,468.2
Share Black
15.5
Poverty Rate
14.5
HS dropout Rate
36.3

p10

p25

152.9
112.3
305.8
5,404.0
2.5
9.7
21.7

191.3
149.2
392.1
5,977.2
6.4
11.0
26.5

Donor MSAs
p50
p75

p90

331.5
755.2 1,322.2
203.1
425.1
698.8
545.0
735.1
866.0
6,763.2 7,844.5 8,798.4
13.2
26.5
35.8
13.9
16.0
19.2
33.0
37.6
41.3

The table above shows Miami and donor pool characteristics. Populations and non-crime variables are from 1980 census data, and are listed in the thousands. Crime rates reflect average
annual per 100,000 crime rates from 1970 to 1979.

Table C.4: Donor weights - Property and violent crime
MSA
Atlanta, GA
Bakersfield, CA
Baton Rouge, LA
Los Angeles - Long Beach, CA
Modesto, CA
New York - Newark- Jersey City, NY-NJ
Orlando, FL
Phoenix - Mesa, AZ
Sacramento - Arden Arcade - Roseville, CA
Tucson, AZ

Property

Violent

0.374
0.023
0.266
0.194
0.143
-

0.023
0.044
0.01
0.227
0.464
0.03
0.202

Table C.4 lists the weights ascribed to counterfactual constituents in our principal estimates.
We only include MSAs which receive a positive weight in at least one specification.
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Table C.5: Donor weights - Murder and robbery
MSA
Atlanta, GA
Bakersfield, CA
Houston - Sugar Land - Baytown, TX
Los Angeles - Long Beach, CA
Modesto, CA
New Orleans, LA
New York - Newark- Jersey City, NY-NJ
Orlando, FL
Phoenix - Mesa, AZ
Tucson, AZ

Murder

Robbery

0.097
0.117
0.065
0.027
0.276
0.067
0.245
0.106

0.129
0.064
0.067
0.04
0.196
0.344
0.16
-

Table C.5 lists the weights ascribed to counterfactual constituents when the outcome variables
are criminal homicide and robbery. We only include MSAs which receive a positive weight in
at least one specification.

Table C.6: Predicted treatment effects due to age and gender dynamics
Crime Type
Property per 100,000
Violent per 100,000
Robbery per 100,000
Murder per 100,000

Predicted relative crime rate

Predict increase in crime (%)

Share of treatment effect (%)

1.35
1.53
1.43
1.62

3.2
4.8
3.9
5.6

12.7
14.2
5.5
13.8

Table C.6 contains estimates of expected crime effects due to the demographic changes
prompted by the 1980 Cuban migration to Miami. The effects capture only a fraction of SCM
measures.
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Figure C.1: Annual crime rates (1970-1990)
Notes: The crime rates depicted above come from aggregated agency-level UCR data; these entities
receive weights proportional to their smoothed population shares. The pool of cities consists only
of MSAs where the largest jurisdiction has population greater than or equal to 100,000 in 1980.
Population data were pulled from from IPUMS and Census repositories.
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Figure C.2: SCM results - Property and violent crime
Figure C.2 compares raw Miami crime data relative to its synthetic controls. Prior to intervention,
the trends virtually overlap; this implies the counterfactuals track well with Miami, and reinforces
confidence in our ability to make statistical inferences. Following the second quarter of 1980, these
series diverge. These differences between Miami and its synthetic controls implies the existence of
substantial crime effects attributable to the Mariel Boatlift.
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Figure C.3: Treatment distribution - Property and violent crime
Figure C.3 compares estimated treatment effects for Miami and all donor pool members. The dark
line refers to Miami’s treatment effect, while each of the grey lines is a placebo treatment effect
for an untreated unit. Relative to placebo estimates, Miami’s property treatment effect lies near the
upper envelope. Therefore, it is highly unlikely the actual treatment effect would be observed in the
absence of the Mariel Boatlift. The violent crime treatment effect provides less perspicuity.
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Figure C.4: P-values - Property and violent crime
Figure C.4 contains secular p-values for treatment effects. The underlying distribution comes from
ranking the ratio of post-Boatlift RMSPEs relative to the entire pre-intervention RMSPEs for all
panel members. Each p-value identifies Miami’s position in the empirical distribution for every
period following quarter one 1980. The property crime p-values show a sharpening of statistical
significance with time. In contrast, only the violent crime p-values treatment effects in the first five
quarters following the Boatlift are statistically significant.
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Figure C.5: SCM results - Murder and robbery
Figure C.5 compares raw Miami crime data relative to its synthetic controls. As with our primary
results, the two trends virtually overlap prior to the Boatlift. Therefore, synthetic Miami serves as
a good counterfactual. Murder rates separate after the arrival of the refugees, and do not converge
until 1987. In contrast, the robbery series — barring a period in 1983 — diverge and never rejoin.
Both images indicate the existence of substantive treatment effects.
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Figure C.6: Treatment distribution - Murder and robbery crime
Figure C.6 examines estimated murder and robbery treatment effects for all panel units. Given
the noise in criminal homicide data, the first graph is deceptive; Miami seemingly lies within the
distribution of treatment effects. In contrast, Miami’s robbery effect lies toward the top end of the
distribution of placebo effects. Clearly, robbery treatment effects reject the null hypothesis that the
observed treatment effects could be calculated in the absence of the Mariel Boatlift.
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Figure C.7: P-values - Murder and robbery
Figure C.7 depicts the evolution of statistical significance of murder and robbery effects. The pvalues reveal murder effects are strongly significant until 1987. Robbery effects are persistently
significant after the arrival of the flotilla.
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Figure C.8: Placebo test treatment distribution
Figure C.8 captures property and violent crime treatment effects associated with a hypothesized
Boatlift in 1977. We drop all data actually exposed to the Mariel Boatlift. Miami’s artificial treatment
effects lie within the distribution of placebos. This evidence supports the internal validity of our
primary findings.
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Figure C.9: Placebo test P-values - Property and violent crime
Figure C.9 lists test statistics associated with our placebo Boatlift beginning in 1977. Nearly all
p-values are insignificant at conventional levels. Although the violent crime p-value leading up to
the actual Boatlift is significant, this is likely a statistical anomaly. Given the sudden nature of the
refugee crisis, we do not expect to see any anticipatory crime effects.
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Figure C.10: Placebo test P-Values - Murder and robbery
Figure C.10 depicts p-values associated with murder and robbery from our placebo exercises. The
evidence strongly supports the internal validity of our auxiliary findings given all but one p-value
are insignificant.
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Figure C.11: Specification with ICD-9 drug deaths predictor - Treatment distribution
The treatment effects distribution above includes drug-related fatalities as a predictor variable in
our SCMs. The results are virtually identical to those of our baseline estimates. We follow Fryer
et al. (2005) by using ICD-9 entries 8552, 3042, 3056, 8501-8699, 9501-9529, 9620-9629, 972,
9801-9879, 3050-3054,3057-3059, and 9685. Another specification using ICD-282 codes with the
word “drug” in their descriptions and elimination of categories not clearly linked with drug-abuse
produces results which mirror those we present.
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Figure C.12: Specification with ICD-9 drug deaths predictor - P-values
Figure C.12 shows property and violent crime p-values associated with the inclusion of ICD drugrelated fatalities in our predictor set. The addition of this cocaine trafficking proxy leaves the results
virtually unchanged relative to our primary findings.
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Figure C.13: Specification with population adjustments - Treatment distribution
Figure C.8 depicts property and violent crime treatment effects generated with adjusted population
data. These population statistics include 110,000 and 50,000 more individuals in 1980 and 1981,
respectively, relative to the baseline values. Despite this, Miami’s treatment effects seemingly retain
their position in the distribution compared to the one generated by unaltered data.
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Figure C.14: Specification with population adjustments - P-values
In Figure C.14, we show the secular progression of property and violent crime p-values associated
with our population adjustment specification. Despite dramatically increasing the denominators of
per capita crime statistics immediately after the arrival of the Boatlift, the test statistics exhibit the
same pattern as our baseline specification.
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Figure C.15: Demographic composition and relative crime rates
Population shares across demographic groups for pre-Mariel Miami residents and Mariel Cubans
are calculated from the 1980 and 1990 US Censuses. Violent crime propensities calculated using
1980 UCR of arrests and 1980 US Census. Figure C.15 depicts Mariel-to-Miami resident relative
population shares on the left panel and per capita violent crime rates on the right. The graphics reveal
Mariel Cubans tended to be young, working age men; these features correlate with the criminal
propensities in peak crime ages.
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Figure C.16: FIPS place crime effects and relative exposure to Mariel Cubans
Figure C.16 shows estimates of Equation 2 using annual crime per 100,000 residents as outcome
variables. Solid line shows coefficients, while 95% confidence intervals are indicated by dashed
lines. Observations are weighted by 1970 population; standard errors are two-way clustered by
FIPS place and year.
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Table C.7: Accounting of data cleaning

Population group

No. Agencies

100,000 and greater
25,000 to 99,999
Less than 24,999

C.2

Share Missing
Before After

163
593
2696

0.019
0.046
0.090

0.001
0.025
0.068

Complete Agencies
Before
After
86
131
415

158
430
1127

UCR A DJUSTMENTS

We identify three types of missing data in the UCR, and address each differently. First,
some agencies send aggregated quarterly, semi-annual, or annual statistics rather than
monthly records; these data show missing entries leading up to the final month, and then
list an aggregated value. For example, annually submitted records show missing observations in all months besides December. Other agencies neglect to submit data for some
months; these missing observations may include all categories of crime or a subset.
To ameliorate the issues with the first set of missing observations, we assign aggregated
crime data for each type to individual months based on the distribution of crime across nonmissing monthly observations for that agency. In the second case — when crime is missing
for a series of consecutive months within a year — we linearly interpolate the records using
the complete data before and after a given spell. We apply this method when gaps last 4
or fewer months in length; for longer spells of absent data, those agencies are dropped.
Generally, our crime data are complete across agencies. Maltz and Weiss (2006) note 90%
of agencies submit crime statistics to the FBI. Therefore, these adjustments account for a
small share of crime within a given agency. Table C.7 shows the share of missing data and
the number of eligible sample agencies for which we have complete crime data before and
after cleaning.
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C.3

A DJUSTING P OPULATION DATA

FBI population estimates are inappropriately calculated. While correct in census years, in
non-census years the FBI derives their calculations from contemporaneous projections;
these estimates are not retroactively adjusted in cases of inaccurate predictions. These
statistics are analogous to the postcensal population projections provided by the US Census
Bureau; postcensal estimates calculate population changes based on predicted births and
deaths as well as estimates of internal migration derived from administrative sources (e.g.,
address changes, drivers licenses, tax records, etc.). While not shown here, we discovered FBI population estimates track closely with postcensal population estimates of census
places. We also find that FBI population estimates tend to display larger fluctuations over
time than those of census places.
Our approach takes advantage of retroactively adjusted county-level population estimates provided by the US Census Bureau. We match those to our agency populations,
which overlap with FIPS places. Following a census year, the Census Bureau releases
intercensal estimates of populations; these are uniform adjustments of population projections such that the end of decade postcensal population will match that of the following
census. Because we were unable to track down intercensal estimates of census places for
the 1970s and 1980s, we resorted to matching agencies to counties. This permits us to identify dynamic agency-level population figures. Specifically, we allow an agency’s population
share of a county to change over time. In each census year (1970, 1980, and 1990) we calculate an agency’s share of its corresponding county population (θa,t ). Then, we calculate
non-census shares as linear interpolations from the surrounding decades. Let s be the time
to the next census, and tT be the year of the upcoming census.

θa,t =

sθa,t0 + (10 − s)θa,tT
, where s = tT − t
10
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We then calculate an agency’s population by multiplying agency-county shares by the
intercensal county population estimate:

intercensal
pa,t = θa,t × Pc(a),t
.

Figure C.17 shows year-on-year population changes for a handful of MSAs before and
after adjustment.

Figure C.17: Population estimates and FBI population statistics
Figure C.17 compares our population estimates with those of the FBI. In general, our series exhibit
substantially less variation. Furthermore, the FBI data are incorrectly calculated. This is best evidenced in the upper-left panel, which contains Miami population statistics; FBI records show an
increase in population equal to the Mariel Boatlift two years prior to the arrival of the flotilla. There
are no records this actually occurred, and aggregated census data contradict this observation.
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Our adjusted population values display considerably less variation over time relative to
the FBI statistics. We test our approach by comparing RMSEs from regressions of population on agency specific quadratic time trends; we find that the RMSE from a regression on
adjusted populations is 40% smaller.
It could be the case, though, that the FBI provided populations are actually correct.
To test this, we check whether our adjusted crime rates also display less variation. We
run identical regressions as above except on annual per capita property crime, using each
population value as our denominator; in these regressions we find our approach reduces
RMSE by 4.9%. It is also worth noting FBI population statistics indicate the existence
of a population surge two years prior to the arrival of the Mariel Boatlift in Miami; this
population increase never actually occurred.
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C.4

MSA S R ANKED BY V IOLENT C RIME I NDEX

Table C.8: MSAs ranked by violent crime rates
Violent
crime rank

Property
crime rank

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

42
16
92
7
53
63
40
21
17
45
67
2
19
26
56
18
34
51
46
28
85
22
15
14
31
68
108
37
75
5
93
105
13
66
77
50
84
102
96
62

MSA

Violent
crime

BALTIMORE, MD
ATLANTA, GA
NEW YORK-NEWARK-JERSEY CITY, NY-NJ-PA
FLINT, MI
WASHINGTON, DC-MD-VA-WV
NEW ORLEANS, LA
DETROIT, MI
ST. LOUIS, MO-IL
LITTLE ROCK-NORTH LITTLE ROCK, AR
LOS ANGELES-LONG BEACH, CA
PEORIA-PEKIN, IL
BATON ROUGE, LA
MIAMI-FORT LAUDERDALE-WEST PALM BEACH, FL
SPRINGFIELD, MA
BIRMINGHAM, AL
SAN FRANCISCO-OAKLAND, CA
HARTFORD, CT
JACKSONVILLE, FL
RICHMOND-PETERSBURG, VA
DAYTON-SPRINGFIELD, OH
GREENSBORO–WINSTON-SALEM–HIGH POINT, NC
ORLANDO, FL
ALBUQUERQUE, NM
PORTLAND-VANCOUVER,OR-WA
TAMPA-ST. PETERSBURG-CLEARWATER, FL
KANSAS CITY, MO-KS
PHILADELPHIA, PA-NJ
WACO, TX
MEMPHIS, TN-AR-MS
SACRAMENTO-ARDEN ARCADE-ROSEVILLE, CA
CHICAGO, IL
CLEVELAND-LORAIN-ELYRIA, OH
DENVER, CO
CHARLOTTE-GASTONIA-ROCK HILL, NC-SC
BOSTON-WORCESTER-LAWRENCE-LOWELL-BROCKTON, MA-NH
CHATTANOOGA, TN-GA
MOBILE, AL
NASHVILLE, TN
LOUISVILLE, KY-IN
HOUSTON-SUGAR LAND-BAYTOWN, TX
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1,755.50
1,334.10
1,305.70
1,268.70
1,213.20
1,099.40
1,082.50
969.5
944.1
940.9
882.4
866
846.8
843
823.6
812.6
804.9
802.9
792.8
792.7
772.4
767.3
758.8
750.9
747.7
744.8
736.1
735.7
735.1
734
732.7
727.1
715.1
702.8
696.6
678.2
669.2
661.9
657.2
651.9

Property
crime
7,270.5
8,609.6
5,828.0
9,482.9
6,904.7
6,633.9
7,293.9
8,367.9
8,555.2
7,174.0
6,493.8
9,784.6
8,468.2
8,048.1
6,775.6
8,515.9
7,427.8
6,974.1
7,106.3
7,876.1
5,977.2
8,254.5
8,629.2
8,644.2
7,715.8
6,488.5
4,408.3
7,346.2
6,342.4
9,544.5
5,739.4
5,163.8
8,667.1
6,548.4
6,271.2
6,985.7
6,068.1
5,378.8
5,626.2
6,650.4

Table C.9: MSAs ranked by violent crime rates
Violent
crime rank

Property
crime rank

41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80

88
109
90
1
97
9
55
35
95
24
4
30
94
80
59
83
32
10
48
27
99
98
74
103
57
52
69
61
71
3
44
58
12
8
76
78
38
20
43
91

MSA

Violent
crime

GARY, IN
PITTSBURGH, PA
EVANSVILLE-HENDERSON, IN-KY
BAKERSFIELD, CA
BUFFALO-NIAGARA FALLS, NY
STOCKTON-LODI, CA
CORPUS CHRISTI, TX
DALLAS-FORT WORTH-ARLINGTON, TX
BEAUMONT-PORT ARTHUR, TX
SEATTLE-BELLEVUE-EVERETT, WA
PHOENIX-MESA, AZ
RIVERSIDE-SAN BERNADINO, CA
INDIANAPOLIS, IN
PUEBLO, CO
CINCINNATI, OH-KY-IN
RALEIGH-DURHAM-CHAPEL HILL, NC
TACOMA, WA
FRESNO, CA
TOPEKA, KS
ROCHESTER, NY
NORFOLK-VIRGINIA BEACH-NEWPORT NEWS, VA-NC
YOUNGSTOWN-WARREN, OH
OMAHA, NE-IA
KNOXVILLE, TN
COLUMBUS, OH
SAN ANTONIO, TX
GRAND RAPIDS-MUSKEGON-HOLLAND, MI
LUBBOCK, TX
TULSA, OK
MODESTO, CA
ANCHORAGE,AK
ROCKFORD, IL
ANN ARBOR, MI
TUCSON, AZ
AKRON, OH
OKLAHOMA CITY, OK
COLORADO SPRINGS, CO
RENO, NV
SAN DIEGO, CA
SHREVEPORT-BOSSIER CITY, LA
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641.8
637.5
630
613.8
611.5
608.8
601
590.1
582.9
582.5
577
576.1
559.4
557.3
555.3
552.7
545
541.3
535
530.8
521.7
520.6
519.2
518.4
504.5
501.6
501.3
499.5
491.3
472.9
470
469.5
468.7
464.4
462.6
462.1
447.3
442
437.3
434.8

Property
crime
5,934.1
4,287.2
5,910.9
9,896.5
5,609.4
9,191.0
6,785.4
7,416.0
5,695.8
8,153.7
9,555.9
7,791.1
5,707.4
6,160.8
6,720.2
6,089.8
7,652.0
9,064.8
7,043.1
7,958.5
5,514.4
5,569.5
6,364.3
5,232.9
6,763.2
6,915.8
6,483.2
6,688.1
6,427.7
9,625.1
7,183.8
6,753.1
8,798.4
9,204.0
6,281.3
6,211.6
7,344.1
8,407.4
7,232.8
5,866.1

Table C.10: MSAs ranked by violent crime rates
Violent
crime rank

Property
crime rank

81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112

101
41
82
11
73
54
33
70
87
39
25
81
89
65
72
6
111
29
107
60
86
79
112
49
36
23
106
100
110
104
64
47

MSA

Violent
crime

MACON, GA
AUSTIN-SAN MARCOS, TX
LEXINGTON, KY
SALT LAKE CITY-OGDEN, UT
DAVENPORT-ROCK ISLAND-MOLINE, IA-IL
EL PASO, TX
WICHITA, KS
NEW HAVEN-BRIDGEPORT-STAMFORD-WATERBURY-DANBU
JACKSON, MS
ORANGE COUNTY, CA
SPOKANE, WA
AMARILLO, TX
SYRACUSE, NY
LANSING-EAST LANSING, MI
PROVIDENCE-WARWICK-PAWTUCKET, RI
EUGENE-SPRINGFIELD, OR
COLUMBUS, GA-AL
SAN JOSE, CA
ERIE, PA
DES MOINES, IA
HUNTSVILLE, AL
MONTGOMERY, AL
ALBANY-SCHENECTADY-TROY, NY
BOISE CITY, ID
FORT WAYNE, IN
SPRINGFIELD, MO
MILWAUKEE-WAUKESHA, WI
MINNEAPOLIS-ST. PAUL, MN-WI
ALLENTOWN-BETHLEHEM-EASTON, PA
LINCOLN, NE
CEDAR RAPIDS, IA
MADISON, WI
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428.6
427.8
405.5
405.1
392.1
390.2
390
369
368.1
366.8
364.2
363.4
361
358.5
341
336.9
334.9
334.1
330.8
311.3
305.8
275.8
273.4
266
259.7
258.9
227.9
227.6
216.3
205
173.5
127.5

Property
crime
5,404.0
7,282.0
6,104.2
8,841.0
6,385.0
6,881.1
7,557.3
6,469.7
5,963.0
7,295.0
8,115.5
6,141.3
5,922.2
6,550.7
6,417.7
9,527.5
3,827.0
7,844.5
4,471.9
6,698.2
5,969.0
6,209.4
3,764.0
7,042.2
7,363.0
8,163.6
4,785.7
5,455.1
4,257.1
5,181.8
6,603.9
7,060.1

C.5

P REDICTOR BALANCE

Table C.11: Predictor balance for primary estimates - Part 1

Variable

Property Crime
Violent Crime
Synthetic Miami Synthetic Miami

Miami
Property Crime - 1971
Property Crime - 1973
Property Crime - 1975
Property Crime - 1977
Property Crime - 1978
Property Crime - 1979
Property Crime - 1980q1
Violent Crime - 1971
Violent Crime - 1973
Violent Crime - 1975
Violent Crime - 1977
Violent Crime - 1978
Violent Crime - 1979
Violent Crime - 1980q1
Migrants per Capita - 1971
Migrants per Capita - 1973
Migrants per Capita - 1975
Migrants per Capita - 1977
Migrants per Capita - 1978
Migrants per Capita - 1979

2286.55
2195.58
2188.49
1897.32
1970.32
2162.27
2444.13
201.55
198.36
213.25
200.87
240.96
273.16
348.02
300.51
204.90
2003.86
2097.00
3350.41
5708.00

2305.33
2191.35
2088.19
1974.07
1991.03
2084.74
2298.05
185.86
186.13
236.82
230.81
254.81
272.32
266.36
242.29
229.22
2372.02
2207.24
2987.47
5305.83

2036.31
2059.25
2006.26
1900.97
1910.72
2026.54
2163.60
20.04
196.02
217.58
213.47
245.36
268.13
292.76
228.36
223.57
2465.12
2153.25
2928.05
6039.16

The table above shows predictor variables for Miami and its synthetic controls. Column 1 captures raw
Miami statistics. Columns 2 and 3 reflect the weighted predictors values for synthetic controls when the
outcome variables are property and violent crime, respectively. Differences in crime in the quarter just prior
to the Boatlift exist between the two groups. However, we average annual crime rates for every other period;
the largest differences occur in exactly that quarter. The cyclical and idiosyncratic nature of crime could
mechanically produce this. We note the differences between the two groups amount to no more than 5% of
property crime and 16% of violent crime for Miami; these figures lie well below our estimated effects. Since
the Boatlift was unexpected, there should be no anticipatory impact.

139

Table C.12: Predictor balance for primary estimates - Part 2

Variable
Miami
Share Black - 1980q1
Share HS Dropout - 1980q1
Unemployment Rate - 1980q1
Share 18-14 - 1980q1
Share Hispanic - 1980q1
Poverty Rate - 1980q1
Median Income - 1980q1
Population Density - 1980q1
Female Officers per Capita - 1975
Female Officers per Capita - 1979
Officers per Capita - 1975
Officers per Capita - 1979

0.15
0.36
0.02
0.11
0.25
0.14
15119.92
5806.28
6.85
10.77
218.52
222.72

Property Crime
Synthetic Miami

Violent Crime
Synthetic Miami

0.17
0.34
0.04
0.14
0.15
0.15
15959.03
6262.40
4.58
7.56
246.79
229.89

0.19
0.32
0.03
0.15
0.12
0.16
14488.17
5906.83
7.12
11.65
263.91
250.35

The table above shows predictor variables for Miami and its synthetic controls. Column 1 captures raw
Miami statistics. Columns 2 and 3 reflect the weighted predictors values for synthetic controls when the
outcome variables are property and violent crime, respectively. Hispanic shares of population differ different
between Miami and its synthetic controls. This discrepancy is probably a matter of geography, and therefore
is likely innocuous. Sociological evidence tends to show Latinos commit crimes at lower rates than the rest
of the American population. Therefore, we underestimate our effects if this predictor substantively factors
into the construction of SCM weights (Feldmeyer, 2009; Hagan and Palloni, 1998; Ulmer et al., 2012).
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C.6

P REFERENCES FOR 100,000

Our preference for the 100,000 threshold comes from differences in counterfactual constituents between this cutoff value and alternative ones. Specifically, the 100,000 criterion
— and lower levels — ascribe weight to Orlando. We believe this inclusion eliminates statelevel time-trends. In general, the outcome variables track closely across all major Florida
MSAs. This fact is documented by Figure C.18

Figure C.18: Crime rates in Florida MSAs
Figure C.18 captures secular plots of the outcome variables of interest for the three largest Florida
MSAs. These trends are remarkably similar. Therefore, counterfactuals which include either Tampa
or Orlando should resemble Miami.

Difference-in-differences estimates reinforce this visual evidence. The associated
results in Table C.13 are generally consistent with SCM treatment effects.
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Table C.13: DiD estimates - Treatment effect
FL MSAs
Tampa and Orlando
Viol. Crime Rate Prop. Crime Rate Viol. Crime Rate Prop. Crime Rate
Miami × Post-Mariel

64.35∗∗∗
(15.29)

196.66∗∗
(81.82)

26.44∗∗∗
(7.12)

275.19∗∗∗
(37.01)

1, 344
X

1, 344
X

252
X

252
X

Observations
Time Dummy

***, **, * represent significance at the 1%, 5% and 10% levels, respectively.

Evidence in favor of the parallel trends assumptions can be found in Table C.14. The
second and third columns include all Florida MSAs excluding Miami as the counterfactual
group; the fourth and fifth rely on just Tampa and Orlando as comparators.
Table C.14: Placebo tests

FL MSAs
Tampa and Orlando
Viol. Crime Prop. Crime Viol. Crime Prop. Crime
Miami × Post-Mariel
Miami × Pre-Mariel 1
Miami × Pre-Mariel 2
Miami × Pre-Mariel 3
Observations
Time Dummy

77.88∗
(24.57)
39.77
(30.58)
31.36
(31.30)
−19.65
(31.30)

281.29∗
(131.57)
251.22
(163.75)
99.14
(167.60)
−28.47
(167.60)

31.30∗
(11.32)
14.86
(14.09)
18.55
(14.42)
−14.98
(14.42)

293.16∗
(59.58)
85.86
(74.15)
−30.71
(75.90)
9.96
(75.90)

1, 344
X

1, 344
X

252
X

252
X

***, **, * represent significance at the 1%, 5% and 10% levels, respectively.

Concern emerges if Marielitos migrated to Orlando. While we cannot directly test this,
we note two facts. For one, the Cuban-American population within Orlando is historically
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low relative to Miami and as a whole.1 Secondly, the 1990 Census indicates only 1,000
Cubans who arrived between 1980 and 1981 lived in Orlando; this constitutes less than
1% of the flotilla and Orlando’s population at the time. In contrast, the 1990 Census finds
nearly 66% of Cuban immigrants who arrived around the Boatlift reside in Miami. Thus,
“contamination” of other Florida MSAs seems unlikely.

1 See

the
Migration
Policy
Institute’s
report
on
https://www.migrationpolicy.org/article/cuban-immigrants-united-stateshere.
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