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Clicking on Heaven’s Door:  
The Effect of Immigrant Legalization on Crime†

By Paolo Pinotti*

We estimate the effect of immigrant legalization on the crime rate 
of immigrants in Italy by exploiting an ideal regression disconti-
nuity design: fixed quotas of residence permits are available each 
year, applications must be submitted electronically on specific “click 
days,” and are processed on a first come, first served basis until the 
available quotas are exhausted. Matching data on applications with 
individual-level criminal records, we show that legalization reduces 
the crime rate of legalized immigrants by 0.6 percentage points on 
average, on a baseline crime rate of 1.1 percent. (JEL J15, J61, K37, 
K42)

Recent estimates place the number of undocumented immigrants in the United 
States at 11.5 million, up from 8.5 million in 2000 and close to exceeding the num-
ber of legal permanent immigrants (Rytina 2012; Hoefer, Rytina, and Baker 2012). 
The share of undocumented immigrants is also high in several European countries, 
such as Italy, Greece, Portugal, and Spain.1

Both in the United States and in Europe, undocumented immigrants cannot 
officially work or start a new economic activity. They can only work in the infor-
mal economy, and hence face inferior earnings opportunities relative to their legal 
counterparts (Kossoudji and Cobb-Clark 2002; Kaushal 2006; Amuedo-Dorantes, 
Bansak, and Raphael 2007; Accetturo and Infante 2010; and Lozano and Sørensen 
2011). According to the Becker-Ehrlich model of crime (Becker 1968; Ehrilich 
1973), a lower income from legitimate activities means a lower opportunity cost of, 
and thus a higher propensity to participate in, illicit activities.

1 The Italian case is discussed in detail in the rest of the paper, estimates for the other European countries are 
provided by the EU-funded project CLANDESTINO (www.irregular-migration.net). 
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Indeed, immigration raises crime concerns in all main destination countries. 
According to the survey Transatlantic Trends, more than half of Europeans and 
North Americans are concerned that “immigration will increase crime in our soci-
ety.” A similar share opposes immigration because it “will cause taxes to be raised,” 
while only one-third of respondents are concerned that “immigrants take jobs away 
from the native born.”2 However, most respondents operate a clear distinction 
between regular and irregular immigrants: while the irregulars are generally blamed 
for increasing crime, regular immigrants cause much less concern in all countries.3

In Italy irregular immigrants accounted for 80 percent of all immigrants arrested 
in 2006 for serious crimes (Italian Ministry of Interior 2007) while their share over 
total foreigners remained below 20 percent (ISMU Foundation 2015). However, 
these figures may reflect the different composition of the two groups, as opposed 
to the (causal) effect of legal status. In particular, the undocumented are typically 
young, single males, and are less educated than legal immigrants (Cohn and Passel 
2009; Caponi and Plesca 2014; and Mastrobuoni and Pinotti 2015). More generally, 
the two groups could differ along other (possibly unobserved) dimensions that are 
relevant to criminal behavior. For instance, individuals who are less risk-averse, or 
those who have a higher propensity to violate laws, would be more likely to reside 
unofficially in the country and to commit crimes. It is thus difficult to tease out the 
causal effect of legal status from selection.

The institutional framework in Italy provides an ideal regression discontinuity 
(RD) design that allows us to identify the causal effect of legal status on the number 
of crimes committed by immigrants in the destination country. The primary method 
of acquiring legal status in Italy is through work-related residence permits spon-
sored by the immigrant’s employer. Typically, immigrants enter Italy irregularly, 
start working unofficially for an employer, and hope that the employer will subse-
quently sponsor them for a residence permit. Fixed quotas of permits are available 
each year for different groups of applicants, as defined by the type of employer, 
nationality, and Italian province, for a total of 1,751 groups. Applications must be 
submitted online by employers starting at 8:00 am on given “click days” of the year 
and are processed on a first come, first served basis until the exhaustion of the avail-
able quota of permits. The rationing of permits and the frequency of applications 
during the first hours of click days are such that several thousand applicants are 
denied legal status every year simply because their employers applied a few minutes 
(or seconds) after the cutoff time.4

We obtained restricted-use criminal records on the universe of applicants spon-
sored on the click days in December 2007 for receiving a permit in 2008. The 
total number of applicants reached 610,000, just below the 650,000 (estimated) 
undocumented immigrants present in Italy the year before (ISMU Foundation 
2015). Therefore, the greatest majority of undocumented immigrants applies for 

2 The United States is the only country where natives are more concerned about the labor market impacts of 
immigration, possibly because greater labor market flexibility increases competition from immigrant workers. 

3 Detailed results from the 2008 and 2009 rounds of the Transatlantic Trends survey are presented in online 
Appendix Figures A1 and A2. The survey covers a number of countries in Europe and North America, interviewing 
about 1,000 people in each country. Additional information is available at http://trends.gmfus.org/immigration/
about/. 

4 Although applications are notionally sent by employers, in what follows we use for convenience the term 
“applicant” to denote the immigrant sponsored in the application and the term “sponsor” to denote the employer. 

http://trends.gmfus.org/immigration/about/
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a  residence permit on click days. Taking advantage of detailed information on the 
timing of application—available at the millisecond—we compare the probability 
of being reported for having committed a serious crime in Italy, before and after 
legalization, across males who applied shortly before and shortly after the cutoff. 
For most groups of applicants, this cutoff occurred fewer than 30 minutes after the 
start of the click day. Most importantly, the exact timing of the cutoff for each group 
was unknown ex ante, as it depended on the timing of all applications as well as 
on how many applications were rejected for being inaccurate, false, or incomplete. 
These complexities provide a compelling argument for the fundamental identifica-
tion assumption that applicants within an arbitrarily narrow bandwidth of the cutoff 
were unable to precisely determine their assignment to either side of it. Indeed, 
density and balance tests cannot reject the hypothesis that residence permits are as 
good as randomly assigned across immigrants who applied shortly before or shortly 
after the cutoff. In particular, the crime rate in the year before click days equals 
1.1 percent in both groups.

In the year after click days, the crime rate declines to 0.8 percent for immigrants 
who applied before the cutoff while it remains at 1.1 for those who applied after 
the cutoff. The difference is statistically significant and it is unaffected when con-
trolling parametrically for a smooth polynomial in the timing of application. Since 
the difference in the probability of obtaining legal status between these two groups 
is about 50 percentage points, the two-stage-least-squares (2SLS) estimated effect 
of legal status is a 0.6 percentage-point reduction in the crime rate—or 55 percent 
of the baseline. Estimates obtained using nonparametric methods are similar and 
slightly larger in magnitude.

Such effect depends both on the change in criminal behavior conditional on not 
being expelled and on the change in the probability of expulsion. In the absence of 
information on expulsions—or, for that matter, mobility across the border—it is 
impossible to separately identify these two components.

To gain some insights into the mechanisms behind the relationship between legal 
status and crime, we parse the data by the type of applicant, offense, and spon-
sor. The average effect across all applicants is driven by a reduction in the num-
ber of economically-motivated crimes committed by applicants sponsored by other 
immigrants as domestic workers (e.g., housekeepers, elder care givers, and so on) 
whereas the effect is zero for firm-sponsored employees. In the next section, we pre-
liminarily show that the former category of applicants likely includes a significant 
number of individuals that would not qualify for a residence permit—male immi-
grants are typically not employed as domestic workers in Italy—but are nevertheless 
sponsored through fictitious job offers. Such individuals exhibit a higher crime rate 
before click days (almost 2 percent, twice the average across all applicants), which 
however declines significantly in the event of obtaining legal status (−1.3 percent-
age points). Instead, the crime rate for firm-sponsored employees, whose applica-
tions are generally backed by real job offers, is very low both before and after click 
days (0.5–0.7 percent).

A potential reconciliation of these findings is that firm-sponsored applicants 
are characterized by a higher opportunity cost of crime before click days, due to 
the fact they are already (unofficially) employed by the sponsor firm. In contrast, 
 undocumented immigrants sponsored by other immigrants as domestic workers 
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often have neither a job nor a real job offer, so their opportunity cost of committing 
a crime is very low. At the same time, this group seems very responsive to legaliza-
tion, likely because obtaining legal status encourages these people to search for a job 
in the official labor market. This can be particularly important for individuals at the 
margin between pursuing licit or illicit activities, who are probably over-represented 
among applicants with worse labor market opportunities.

The empirical results are extremely stable under a variety of specifications of 
both parametric and nonparametric regressions. In particular, the coefficient of 
interest is largely unaffected when varying the degree of the polynomial in the tim-
ing of application between 0 and 6, when varying the bandwidth around the cutoff 
time between 1 and 30 minutes, and when including a full set of fixed effects for 
applicants competing for the same quota of permits. This last result suggests that the 
estimated coefficient of legal status is not biased by heterogeneity in the baseline 
crime rate across groups. Based on a placebo exercise in which we permute the 
cutoff times across groups, we can also exclude that such an estimate is driven to a 
significant extent by small sample bias within groups. Finally, additional evidence 
suggests that the drop in crime is explained neither by the bureaucratic procedures 
imposed on successful applicants—particularly, the need to go back to collect an 
entry visa from the Italian embassy in the country of origin and re-enter Italy—nor 
by differences in the under-reporting of crimes committed by regular and irregular 
immigrants. If anything, the availability of fingerprints for regular immigrants, but 
not for the irregular ones, should entail an opposite bias.

This paper contributes to the growing body of evidence regarding the relationship 
between immigration and crime.5 Earlier work by Butcher and Piehl (1998) shows 
no evidence that immigration increased crime across US counties during the 1980s, 
whereas Spenkuch (2014) reaches an opposite conclusion for subsequent periods. 
Borjas, Grogger, and Hanson (2010) also find that immigration increases crime, 
although only indirectly (by raising the crime rate of native black males).

As for other countries, Bianchi, Buonanno, and Pinotti (2012) show that the 
causal effect across Italian provinces is not significantly different from zero, while 
Alonso-Borrego, Garoupa, and Vázquez (2012) find that immigration increased 
crime across Spanish provinces. Finally, Bell, Fasani, and Machin (2013) distin-
guish between the effect of two large immigrant waves in the United Kingdom, 
namely, asylum seekers and the post-2004 inflow from EU accession countries. 
Interestingly, only the former group, which was characterized by limited access to 
the official labor market, caused a significant increase in (property) crime.

Previous evidence on the effects of legal status is primarily based on the 1986 
Immigration Reform and Control Act (IRCA), which granted legal resident status 
to long-time unofficial immigrants in the United States. Using the distance from 
the ports of entry and 1960 immigrants’ enclaves as instruments for the presence 
of IRCA applicants, Baker (2015) shows that the legalization caused a reduction 
in crime across US counties. At the same time, the IRCA enforced stronger control 
over the hiring of undocumented immigrants, creating obstacles to the employment 
of those who were not legalized. Freedman, Owens, and Bohn (2013) focus on the 

5 Bell and Machin (2013) provide a survey of this literature. 
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implications of these additional IRCA provisions and document an increase in the 
felony charges filed against Hispanic residents of San Antonio, Texas, after the expi-
ration of the amnesty deadline.

With regard to other countries, in a previous paper with Giovanni Mastrobuoni 
(Mastrobuoni and Pinotti 2015), we exploit variation in legal status across pardoned 
prison inmates in Italy after the EU expansion of January 2007. We find that after 
the EU accession, recidivism declined markedly—from 5.8 percent to 2.3 percent 
over a six-month period —among inmates from the new EU member countries, 
whereas no change occurred in a control group of inmates from EU-candidate mem-
ber countries.

The present analysis estimates the causal effect of legal status taking advantage 
of a clean quasi-experimental design. Under the assumption of no manipulation 
of the assignment variable, the RD approach ensures greater internal consistency 
than other quasi-experimental methods, comparable (at least locally) to that of ran-
domized controlled trials (Lee 2008). With regard to the external validity of our 
estimates, the present paper examines the effect of changes in legal status that are 
routinely induced by migration policy, as opposed to exceptional events such as one-
time amnesties or the EU expansion. Indeed, the institutional framework considered 
here is not specific to the Italian context, as immigration policy in many destination 
countries (e.g., Austria, Canada, and Spain) is based on analogous quota systems. 
Moreover, the application procedure for residence permits in Italy allows us to esti-
mate the policy effect separately for groups of immigrants characterized by different 
employment opportunities. This heterogeneity allows for a better understanding of 
the channels through which legal status affects criminal behavior.

This paper is organized as follows. The next section describes Italian migration 
policy, the characteristics of different groups of applicants, and the functioning of 
click days. Section II discusses the empirical strategy and the data. Section III pres-
ents the results. Finally, Section IV concludes the paper with some policy implica-
tions as well as some caveats to our analysis.

I. Institutional Background

Immigration is a very recent phenomenon in Italy. The number of legal foreign 
residents increased from 500,000 to 5 million between 1990 and 2015, whereas the 
native population remained approximately constant at 55 million during the same 
period. In the face of this tumultuous increase, Italian migration policy, as designed 
by Laws 40/1998 and 189/2002, maintained a rigid “demand-driven” approach. 
At the end of each year (usually in November) the central government establishes 
the quotas of residence permits available the following year for different categories 
of workers. On given click days, employers in Italy—either natives or legal for-
eign residents—should apply on behalf of perspective immigrants before they enter 
Italy. Successful applicants obtaining a permit could start working for the sponsor 
employer but can also search for other jobs, start a new business, and so on. If they 
remain unemployed, however, they have six months to find another occupation, after 
which they should leave Italy.

In practice, the system is rarely employed as designed. Most employers in Italy 
are reluctant to hire complete strangers from abroad—particularly families hiring 
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domestic and care workers (colf and badanti, in Italian) and the small enterprises 
that constitute the bulk of Italian industry.6 As a consequence, most immigrants enter 
Italy unofficially, start working in the unofficial economy, and hope to be sponsored 
at one of the following click days. Therefore, migration quotas are “used as cryp-
to-regularizations” (Cuttitta 2008, p.41) alongside the numerous general amnesties 
implemented since the late 1980s.

General amnesties allow us to gauge the size of irregular migration, as on these 
occasions applicants typically obtain residence permits under very mild condi-
tions. Therefore, the number of amnesty applications provides a lower bound to the 
number of undocumented immigrants. The number of applications increased from 
218,000 to 702,000 between the general amnesties of 1990 and 2002, 30 and 34 per-
cent of total immigrants in the same years, respectively. The share of undocumented 
immigrants declined markedly over the following decade as a consequence of the 
process of EU enlargement, which granted legal status to immigrants from new EU 
countries.7

The main advantage of obtaining a residence permit, either through a general 
amnesty or on click days, is the possibility of working in the legal economy, which 
in turn improves employment and earning perspectives. Also, legal status eliminates 
the risk of deportation, although such risk is relatively small.8 As for employers, their 
main incentive in sponsoring applicants is avoiding future sanctions for employing 
irregular workers. To encourage exit from informality, applications were never used 
to track undocumented immigrants or their sponsor employers, despite recurrent 
anomalies such as the excessive number of male applicants allegedly sponsored as 
domestic and care workers.

We next describe the details of the quota system as well as the anomaly just 
mentioned.

A. The Quota System

Immigrants can be sponsored for two main types of permits: type-A permits 
for domestic and care workers employed by individuals and families; and type-B 
permits for firm employees, further distinguished into B1 and B2 permits for con-
struction or nonconstruction workers, respectively. In addition, specific quotas, 
without distinction by type of permit, are reserved for immigrants coming from 
14 “privileged” countries that subscribe to bilateral agreements to control irregular 
migration.

Column 1 of Table 1 shows the quotas fixed for 2008, the year considered in 
our analysis. Of 170,000 permits, slightly less than three quarters were awarded to 
immigrants of non-privileged nationalities, divided almost equally between type-A 

6 Law 40/1998 allowed third country nationals to access and reside in Italy for up to 12 months while searching 
for a job, however this possibility was dismissed with the reform of 2002. 

7 Online Appendix Figure A3 plots the yearly series of legal foreign residents, residence permit-holders, and 
(estimated) undocumented immigrants.

8 Due to the cost of enforcing deportations, most immigrants apprehended by the police for being unofficially 
present in Italy receive just an injunction to leave the country. Combining estimates of the undocumented population 
and information on removals enforced by the Italian police during the period 2004–2007, the risk of deportation is 
approximately 5 percent per year (Dustmann, Fasani, and Speciale forthcoming). 
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and type-B permits. The remaining 44,600 permits were reserved for privileged 
nationalities, which accounted for more than half of all applications.9

National quotas are then partitioned across the 103 Italian provinces based on 
the expected labor demand for foreign workers communicated in each previous 
year by the Union of Italian Chambers of Commerce, Industry, and Agriculture 
(UNIONCAMERE). In line with the tight rationing of permits at the national level, 
quotas fall short of demand for permits in all provinces, often by a large number. In 
Milan, for instance, the number of applicants was ten times greater than the number 
of available quotas.10

The quota system described above partitions applicants into 1,751 distinct groups: 
1,442 groups of immigrants from privileged countries (103 provinces  ×  14 national-
ities) and 309 groups of immigrants from other countries (103 provinces  ×  3 types 
of permits: A, B1, and B2). All applicants within each group compete for permits 
within the same quota. To ensure brevity and to emphasize the primary source of 
quasi-random variation at the heart of our identification strategy, we subsequently 
refer to such groups as “lotteries.”11

9 Contrary to the intentions of the policymaker, such nationalities thus faced a tighter rationing of residence per-
mits relative to non-privileged nationalities. The ratio of quotas over applications for privileged and non-privileged 
nationalities was 13 and 49 percent, respectively (see the last column of Table 1). From 2009, however, the quotas 
for the non-privileged nationalities have also been set at a very low level. 

10 Online Appendix Figure A4 plots the number of permits available in each province against the number of 
applications received. 

11 The term lotteria (Italian for lottery) has been repeatedly used in the public discourse to describe click days 
(see, e.g., Italian Senate 2011). 

Table 1—Quotas of Residence Permits Established for 2008  
and Applications Received

Quota Applications Ratio
(1) (2) (3)

Domestic workers (type-A permits) 65,000 136,576 0.48
Firm employees (type-B permits) 60,400 120,676 0.50
Privileged nationalities (type A + type B) 44,600 352,987 0.13
 Albania 4,500 28,564 0.16
 Algeria 1,000 1,904 0.53
 Bangladesh 3,000 55,070 0.05
 Egypt 8,000 18,833 0.42
 Ghana 1,000 12,057 0.08
 Moldova 6,500 31,286 0.21
 Morocco 4,500 97,079 0.05
 Nigeria 1,500 5,889 0.25
 Pakistan 1,000 27,530 0.04
 Philippines 5,000 21,805 0.23
 Senegal 1,000 14,835 0.07
 Somalia 100 159 0.63
 Sri Lanka 3,500 21,966 0.16
 Tunisia 4,000 16,010 0.25

Total 170,000 610,239 0.28 

Note: This table reports the quotas established at the end of 2007 for 2008, the number of appli-
cations received, and the ratio of quotas to applications.
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B. Type-A and Type-B Applicants

In principle, type-A permits should be used by families and individuals to spon-
sor domestic workers. However, they may also be fraudulently used to legalize 
immigrants that would not qualify for a residence permit.12 Immigrants that are 
unofficially present in Italy but did not receive a job offer may find individuals or 
organizations willing to sponsor them for the payment of a few thousand euros. In 
such cases, the sponsor would pretend to hire the immigrant as a domestic worker in 
order to avoid a number of administrative procedures and controls that are imposed 
on firm employees (e.g., labor and health inspections). In fact, the only prerequisite 
for sponsoring a domestic worker is declaring an income above €800 in the last 
month before the click day.

There is extensive anecdotal evidence of this type of fraud. In 2010, the Corriere 
della Sera, a leading Italian newspaper, noticed the anomalous number of Chinese 
workers sponsored as housekeepers. The article attributed such anomaly to the fact 
that it is very easy to obtain a contract as housekeeper through family and friends.13 
Also, up to 75 percent of all applications for domestic workers were presented by 
other immigrants.14 Similar anomalies are routinely reported by the Italian press 
after every click day.15

To go beyond anecdotal evidence, we compare the incidence and character-
istics of type-A applicants in the click day files with the results of the ISMU 
survey of immigrants in the Italian region of Lombardy. The ISMU survey 
has been conducted annually since 2001 by the NGO “Iniziative e Studi sulla  
Multietnicità” on cross sections of about 9,000 individuals per year, including 
both regular and irregular immigrants. The sampling of irregular immigrants is 
based on social networks around a number of aggregation centers: train stations, 
shops, and telephone centers. Sampling weights are provided in order to make the 
survey representative of the whole foreign population in Lombardy (Blangiardo 
2008).16

According to ISMU, in 2007 the share of domestic workers among the employed, 
male immigrants in the region of Lombardy was only 2.4 percent, increasing to 
4.1 percent among irregular immigrants (see the first two rows of Table 2). In com-
parison, 40.9 percent of male applicants in Lombardy applied for a type-A permit on 
click days (last row of the table), which is clearly anomalous.17

12 The existence of a black market for residence permits has long been recognized in Italy and in many 
other countries (see Sciortino 1991 and Wasem 2008, for an exhaustive account of the Italian and the US cases, 
respectively). 

13 “Lo strano caso delle colf cinesi.” Corriere della Sera, March 5, 2011 (http://nuovitaliani.corriere.
it/2011/03/05/lo_strano_caso_delle_colf_cine/, accessed October 28, 2016).

14 “Primo click-day per i nuovi flussi: meno domande e molte sospette.” Il Gazzettino, February 1, 2011 (http://
www.cislveneto.it/Rassegna-stampa-Veneto/Primo-click-day-per-i-nuovi-flussi-meno-domande-e-molte-sospette, 
accessed October 28, 2016).

15 Baker (2015) discusses similar evidence for IRCA applications by agricultural workers in the United States. 
16 Lombardy is located in the northwest of Italy, and it is the largest of 20 regions in terms of both population 

and GDP—approximately 16 percent and 21 percent of the total, respectively. The region hosts more than 1 million 
(regular) immigrants, or one-fourth of all immigrants present in Italy. More information on the ISMU survey is 
available at www.ismu.org. 

17 The incidence of type-A applications among female applicants on click days is also abnormal, although to a 
lesser extent; see the last column of Table 2. 
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Figure 1 provides a more detailed comparison by nationality. For the number of 
type-A applications to be consistent with the observed patterns of employment in 
domestic services, the plots should be close to the 45-degree line. However, this is 
clearly not the case. The anomalies in click day applications are particularly evident 
for males, whose employment in domestic services is traditionally limited to immi-
grants from Philippines and Sri Lanka, whereas males of all nationalities are spon-
sored as domestic workers on click days (see the left graph in the figure). Additional 
anomalies emerge from restricted-use data available to the Italian Ministry of Interior. 
In particular, sponsors and applicants for type-A permits share the same nationality 
in 38 percent of applications, the same city of birth in 32 percent of applications, 
and the same surname in 21 percent of the applications (Italian Ministry of Interior 
2009). Overall, both anecdotal evidence and statistical evidence suggest that type-A 
applicants may include a large number of unemployed (undocumented) immigrants 
disguised as domestic workers. This fact will be important for interpreting heteroge-
neity in the effect of legal status across different lotteries.

Table 2—Fraction of Domestic Workers among Employed Immigrants in the ISMU 
Survey and Type-A Applicants on Click Days, by Gender

Employed as a domestic worker All Males Females

ISMU 0.181 0.025 0.431
ISMU, only undocumented 0.234 0.041 0.522
Click day, only Lombardy 0.589 0.461 0.844

Notes: This table compares the incidence of domestic workers among immigrants in Lombardy 
according to the ISMU survey and to click day applicants in 2007. In particular, the first row 
of the table shows the fraction of domestic workers among the employed individuals in the 
ISMU survey, whereas the second row refers to the subsample of undocumented immigrants 
in the survey. The third row reports the fraction of type-A applicants among click day appli-
cants in Lombardy.

Figure 1. Fraction of Domestic Workers Among Employed Immigrants in the ISMU Survey and Type-A 
Applicants on Click Days by Gender and Nationality

Notes: The two graphs compare the fraction of domestic workers among the employed individuals in the ISMU 
survey (on the horizontal axis) with the incidence of type-A applicants among all applicants on click days (on the 
vertical axis) distinguished by gender and nationality. The size of the markers is proportional to the size of the 
national-gender groups among click day applicants; the 45-degree line is also included in the graph.
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C. The Application Procedure

Each applicant can be sponsored only by one employer, although the same 
employer can sponsor more than one applicant. Until 2006, applications for res-
idence permits were submitted on paper and processed on a rolling basis. This 
system, described at length in Cuttitta (2008), imposed tremendous delays in the 
processing of applications, because the manual data entry of paper forms required 
several months. To remedy this situation, in 2007 the application procedure was 
completely digitized, and applications are now submitted by employers via the 
Internet on specific click days each year. For instance, in 2007 the click day for priv-
ileged nationalities was December 15, whereas applications for type-A and type-B 
permits for other (non-privileged) immigrants had to be sent on December 18 and 
December 21, respectively.

Starting at 8:00 am on click days, employers can log in to the website of the 
Ministry of the Interior and sponsor one or more immigrants for a residence per-
mit.18 Applications are then processed on a first come, first served basis within each 
lottery according to the order in which they are received by the electronic system. 
The processing of each application involves cross-checking the criminal record 
of the sponsor and, only for type-B permits, the electronic registries of firms and 
self-employees maintained by UNIONCAMERE. If there are severe legal impedi-
ments—e.g., if the sponsor has been previously convicted for human smuggling—or 
if part of the information provided in the application is missing, inaccurate, or man-
ifestly fraudulent, the application is rejected. If there are no impediments, instead, 
the sponsor is notified that the application was successful (nihil obstat) and an entry 
visa allowing the applicant to enter Italy is sent to the Italian consulate in his/her 
country of origin. This is because applicants should, in principle, enter Italy after 
having obtained a residence permit. As discussed before, however, most of them are 
already (unofficially) in Italy at the time of click days. Nevertheless, to comply with 
formal rules they need to go back to their country of origin first and then  re-enter 
Italy, pretending they have never been there before.19

When the number of accepted applications fills the quota established for a given 
lottery, no further applications are accepted. This mechanism generates a disconti-
nuity in the probability of obtaining a residence permit between those who applied 
just before and just after the moment in which the quota is exhausted.

Figure 2 shows two examples. The left graph refers to the lottery for type-A 
applicants of non-privileged nationalities in the province of Milan, the largest city 
in northern Italy, in which immigrants represent almost 15 percent of the resident 
population. The black line shows the total number of applications received at each 
minute in time. Immediately after 8:00 am, the system receives hundreds of applica-
tions per minute, and by 9:40 am the flow has already decreased to nearly zero. It is 
evident from this pattern that, although the system was adopted in 2007 for the first 
time, applicants were well-aware of the “first come, first served” rule.

18 Online Appendix Figure A5 shows a screenshot of the dedicated page on the website of the Ministry of 
Interior. 

19 We discuss the implications of this provision for our empirical strategy in Section IIIB. 
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The ratio of accepted applications (also shown in the graph) is initially very high, 
as only fraudulent or incomplete applications were rejected, and it decreases to zero 
when the entire quota assigned to this group is exhausted. This occurred half an 
hour after the start of the lottery; to be precise, the last accepted application was 
received at 8:27:04 am. Applications sent after the cutoff time are rejected, and these 
applicants have no right to reside and work in Italy. As already noted, however, the 
great majority of applicants were already present in the country before click days, 
and they would typically remain (unofficially) even after being refused an official 
permit. Our empirical analysis will compare the crime rate of immigrants whose 
application was received just before or just after the cutoff.

As another example, the right graph in Figure 2 shows the lottery for type-B1 appli-
cants (i.e., nondomestic workers outside construction) in the province of Bergamo, a 
city near Milan. The ratio of applications sent on time that are rejected by immigra-
tion officers is larger for type-B applicants in Bergamo than for type-A applicants 
in Milan. This difference could reflect a higher incidence of fraudulent applications, 
more stringent scrutiny by local immigration authorities, or both. In general, rejec-
tions of applications sent before the cutoff are more frequent for type-B applicants, 
because information on sponsor firms is checked against administrative registries 
that are not available for individuals and families sponsoring type-A applications.

Also notice that, in the case of Bergamo, the probability of acceptance declines 
from 70 percent to 5 percent at 8:22:34 am, but it reaches zero only a few minutes 
later. This situation occurs because when an application has been rejected because 
of missing, inaccurate, or false information or when the applicant did not collect 
the permit that had been authorized, the ordering in which the next applicants were 
re-contacted sometimes subverted the initial ordering. As long as the subversion 
results from idiosyncratic implementation errors, it would not cause any systematic 

Figure 2. Timing of Applications and Probability of Obtaining a Residence Permit for Two Lotteries in 
Milan and Bergamo

Notes: These graphs show the total number of applications received (black line, right axis) and the fraction of those 
that were eventually accepted (gray line, left axis) at each minute in time between 8:00 am and 12:00 pm for the 
case of two lotteries: type-A applicants in Milan and type-B applicants (nonconstruction, B1) in Bergamo. The ver-
tical lines in each graph show the timing of the structural breakpoint in the probability of acceptance, according to 
the Andrews (1993) test.
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bias in the comparison of immigrants obtaining or not obtaining a residence permit 
(in fact, it could make an even stronger case for random treatment assignment). 
Moreover, even nonrandom subversion—for instance, because of manipulation by 
the immigration officials—can be easily accommodated for within the “fuzzy” RD 
framework presented in the next section.

II. Empirical Strategy and Data

Let  L  be a treatment indicator equal to 1 for applicants who obtained legal status 
on click days 2007 ( L = 0  otherwise), and let  C = 1  for applicants committing a 
crime in Italy during the following year ( C = 0  otherwise). For each individual, we 
can also define the potential outcomes   C   1   and   C   0   when  L = 1  and  L = 0  , respec-
tively (Rubin 1974). The difference between the average crime rate of regular and 
irregular immigrants equals

(1)   E(C | L = 1) − E(C | L = 0) =   E( C   1  −  C   0  | L = 1) 
 
    

τ
    

 +    [E(  C   0  | L = 1) − E(  C   0  | L = 0)]   
 
  


    

ε

     .

The first term on the right-hand side,  τ ≡ E( C   1  −  C   0  | L = 1)  , is the average 
 treatment-on-the-treated effect of legal status on the crime rate of click day appli-
cants in the year after click days. Such effect depends both on the change in criminal 
behavior conditional on not being expelled and on the change in the probability of 
expulsion. In the absence of information on expulsions—or, for that matter, mobility 
across the border—it is impossible to separately identify these two components.

Notice that the same limitation applies generally to empirical studies of crime, as 
the crime rate is typically measured by the number of crimes committed in a given 
period (e.g., one year) over the beginning-of-period stock of potential offenders 
(e.g., the population in a given area). Insofar as there is population mobility across 
areas during the period of interest, the estimated effect of any crime determinant 
captures the combined effect on the stock of potential offenders and on the crime 
probability of those who did not change location. Although this problem is admit-
tedly more relevant for immigrants, we should stress that obtaining a residence per-
mit in Italy does not allow for free mobility in the rest of the European Union—or, 
for that matter, in any other country—so there is no reason to expect greater mobility 
across the border by legalized immigrants. If anything, the opposite might be true, 
as some of the rejected applicants could leave the country (or be expelled) in the 
months after click days. In this case, the change in the probability of committing 
crimes conditional on not being expelled would over-estimate the reduction in crime 
achieved through legalization. For this reason, the unconditional change—i.e., the 
treatment-on-the-treated effect  τ  in equation (1)—is arguably the relevant parameter 
from a policy perspective. In the end, when weighing the advantages and disadvan-
tages of legalization policies, we wish to know the change in the number of crimes 
caused by the concession of legal status to the group of successful applicants. Our 
estimates specifically identify this parameter.
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A. The RD Design

The main threat to empirically identifying  τ  in (1) is the selection bias  
ε ≡ E( C   0  | L = 1) − E( C   0  | L = 0) , which summarizes the effect of other deter-
minants of criminal behavior that are potentially correlated with the timing of the 
application and, thus, with the probability of obtaining legal status. For instance, 
sponsors of high-ability workers may have a greater incentive to send their appli-
cations sooner, and labor market opportunities could also influence criminal behav-
ior. However, such differences should tend to zero when we restrict our sample to 
applicants close enough to the cutoff, while the incidence of treated applicants still 
changes (discontinuously) at the cutoff. Therefore, comparing applicants within a 
sufficiently narrow bandwidth of the cutoff, but on opposite sides of it, identifies the 
treatment effect of legal status.

Formally, let  X  denote the timing of applications with  X = 0  at the cutoff, so  
Z ≡ 1 {X ≤ 0}   is a “treatment assignment” dummy equal to 1 for immigrants 
applying before the cutoff.

Then, the difference in limits   lim  
   Δ→0  

    [E(C | X < −Δ) − E(C | X > Δ)]  identifies 

the reduced form effect of  Z  on crime across applicants near the cutoff. The funda-
mental identifying assumption is that  Z  is as-good-as-randomly assigned within an 
arbitrarily narrow bandwidth of  X = 0 . In practice, applicants close to the cutoff 
must be unable to precisely determine whether their application is received immedi-
ately before or immediately after the cutoff. This assumption is particularly plausi-
ble in this context, given that the cutoff time is revealed only after click days and it 
depends on the timing of all applications. For instance, in the example of Figure 2 
an application at 8:25 am would be received before the cutoff in Milan but after the 
cutoff in Bergamo, and this is unknown at the time of the application.

Given the fuzzy nature of our RD design, we rescale the reduced form effect by 
the first stage difference in the treatment probability at the cutoff,

(2)    lim  
   Δ→0

      E(C | X < −Δ) − E(C | X > Δ)   ________________________   
E(L | X < −Δ) − E(L | X > Δ)   .

Under the additional monotonicity assumption that applying before the cutoff does 
not decrease the probability of obtaining legal status for any applicant (which seems 
plausible) the ratio in (2) is the local average treatment effect (LATE) of legal status 
on crime across the subset of compliers near the cutoff (see, e.g., Hahn, Todd, and 
Van der Klaauw 2001). These are applicants whose legal status is actually affected 
by whether the application is received before or after the cutoff, and they are thus 
most relevant from a policy perspective. Also, conditional independence near the 
cutoff allows for endogenous noncompliance with treatment assignment. In partic-
ular, rejection (acceptance) of applications received before (after) the cutoff may 
depend on applicant characteristics that are also correlated with the propensity to 
commit crimes.20

20 Lee and Lemieux (2010) draw a useful analogy between fuzzy RD designs and randomized experiments with 
imperfect compliance. 
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In practice, we estimate the ratio in (2) by 2SLS using  Z  as an instrument for  L  , 
controlling parametrically for a flexible polynomial in  X  or restricting nonparamet-
rically the sample to observations within a narrow bandwidth of the cutoff.21 The 
asymptotic properties of parametric and nonparametric estimators depend, respec-
tively, on the polynomial order and the size of the bandwidth. In particular, there 
is a trade off between the bias and variance of estimates: higher-order polynomials 
and smaller bandwidths reduce bias but increase variance. We will explore the sen-
sitivity of the results to a battery of choices regarding the polynomial order and the 
bandwidth.

B. Data

To implement the empirical strategy described above, the Immigration Department 
and the Criminal Police Department of the Italian Ministry of Interior agreed to 
match the administrative data on applicants at the 2007 click days with restrict-
ed-use data on the universe of criminal offenders reported by the police.

The data on applications include the country of origin, age, and gender of the 
applicant, the type of permit sponsored in the application, the province in which it 
was presented, the timing in milliseconds, and the outcome of the application (i.e., 
whether the applicant eventually obtained a residence permit). To avoid extrapola-
tion bias in the global polynomial regressions, we restrict the sample to applications 
received within a one-hour symmetric time window around the cutoff, which leaves 
us with a total of 186,608 observations. Limiting ourselves to males, the final sam-
ple includes 110,337 applicants.22

The data on applications were matched at the individual level with the criminal 
records of all offenders reported by the police for having committed (at least) one 
serious crime—robbery, theft, drug trafficking, smuggling, extortion, kidnapping, 
murder, and rape—in 2007 or 2008 (i.e., the year before and the year after the 2007 
click days). The data include the type of crime, the month in which it was commit-
ted, and whether the offender was arrested in flagrante (i.e., red-handed). Violations 
of migration law do not constitute a serious crime, so differences in the observed 
crime rates between regular and irregular immigrants do not depend on the fact that 
the latter can be reported for being unofficially in the country.23

The information reported on each application (specifically, the country of origin, 
the province of destination, and the type of permit) allows us to identify the lottery 
in which each applicant participated. In particular, click days in 2007 generated 
1,580 out of 1,751 potential lotteries (see Section IA) because 68 lotteries received 

21 The reduced form and first stage estimating equations are presented in the online Appendix. 
22 The crime rate of females is very close to zero, as is typically the case for serious crimes. 
23 We do not extend the series to later years (from 2009 onward) because applicants that did not fall within the 

quotas for 2008 were prioritized one year later. To clear the backlog accumulated after the click days of December 
2007, no new applications were in fact allowed on December 2008. Rather, the first 150,000 applicants excluded in 
2007 were reprocessed upon renewal of the application by the sponsor employer (to be sent between December 15, 
2008, and January 3, 2009). Therefore, applicants to the right of the cutoff also had the possibility of obtaining legal 
status in 2009. This procedure was exceptional and it was publicized only at the beginning of December 2008—a 
few days before the time window for renewing the application—so it should have not affected the behavior of this 
group. In any case, anticipating the possibility of obtaining a residence permit in 2009 should attenuate any differ-
ence in behavior between legalized and nonlegalized applicants, so our estimates still provide a lower bound to the 
effect of legal status in the ideal experiment in which only one of the two groups obtains legal status. 
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no applications and because the 103 provincial lotteries for Sri Lankan immigrants 
were corrupted by a computer bug.24

The largest lotteries were those for type-A applicants of non-privileged nation-
alities in Rome and Milan, with 9,974 and 12,207 (processed) applications, respec-
tively; meanwhile, dozens of lotteries for privileged nationalities in smaller provinces 
received only a few applications. The mean and median number of applications pro-
cessed across all lotteries are 246 and 57, respectively, and there were 311 lotteries 
receiving fewer than 10 applications. Following common practice in RD studies 
(see, for instance, Fredriksson, Öckert, and Oosterbeek 2013 and Dahl, Loken, and 
Mogstad 2014), we pool the observations from all lotteries and include lottery-fixed 
effects to prevent heterogeneity in the baseline crime rate across lotteries (the inter-
cept of the regression) from biasing the estimate of the effect of legal status (the 
slope parameter).25 We will also perform a permutation exercise to exclude the pos-
sibility that our estimates average a small sample bias across lotteries.

The running variable is the delay of each application relative to its lottery’s cut-
off. In contrast to most RD designs in which treatment assignment depends on a 
predetermined threshold rule, the cutoff in this case is unknown ex ante, depending 
on the realized timing and outcome of all applications submitted in the same lottery. 
On the one hand, this feature reinforces the fundamental identifying assumption 
that applications are as good as randomly assigned near the cutoff, on the other it 
complicates the definition of the cutoff. When there is fuzziness on both sides of the 
cutoff, as in the right graph in Figure 2, the probability of obtaining legal status may 
drop significantly several minutes before the last successful application is received. 
Confronted with the same problem (i.e., estimating an unknown cutoff point in 
a fuzzy RD design), Chay, McEwan, and Urquiola (2005) and Bertrand, Hanna, 
and Mullainathan (2010) run a battery of regressions of treatment assignment on 
a dummy that equals 1 after each possible cutoff point and choose the one that 
maximizes the R2 of the regression. Following the same idea, we conduct a formal 
Andrews (1993) test for the existence (in each lottery) of a structural break with an 
unknown breakpoint. The test identifies the “most likely break point” and allows us 
to test for the significance of the structural break.

The vertical lines in the graphs in Figure 2 show the estimated structural break 
points in the case of Milan and Bergamo. For the overwhelming majority of lotteries 
(corresponding to 98 percent of the applicants in our sample) the test rejects the null 
hypothesis that there is no structural break. The median (estimated) cutoff time across 
lotteries is 8:39:06 am and the majority of quotas were exhausted before 9:00 am.26

24 The issue was brought up also in Sri Lankan news, see http://www.lankanewspapers.com/news/2007/12/22962.
html. Notice that the article also makes reference to the black market for residence permits, discussed in Section 
IB above. 

25 This particular form of omitted variable bias is sometimes called the “Yule-Simpson Paradox,” see, e.g., 
Chen, Bengtsson, and Ho (2009). 

26 The distribution of cutoff points is reported in online Appendix Figure A6. Card, Mas, and Rothstein (2008) 
argue that estimates of unknown cutoff points over-reject the null hypothesis that the discontinuity is not different 
from zero. This is an issue when the discontinuity in the running variable is the outcome of main interest, which 
however is not the case in the present analysis. The main implication of over-rejecting the null, in the present con-
text, is that we would include in the sample some lotteries with no significant discontinuity in the probability of 
obtaining legal status. This would bias the estimated effect of legal status toward zero. 

http://www.lankanewspapers.com/news/2007/12/22962.html
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III. Results

The RD approach allows for a transparent graphical representation of the effect 
of interest. We thus begin with this analysis and then move to parametric and 
 nonparametric regression methods.

A. Baseline Estimates

Figure 3 plots the crime rate of click day applicants in the years before and after 
click days, conditional on the timing of the application  X  , for different types of 
applicants. The circles are averages across five-minute bins of  X  to the left and right 
of the cutoff, whereas the solid line and shaded area are the predicted outcomes 
and associated confidence intervals, respectively, based on a polynomial regression. 
Following Gelman and Imbens (2014), in the baseline specification we consider a 
quadratic polynomial in  X ; later in this section we experiment with all polynomial 
orders between 0 and 6. The discontinuity in the predicted crime rate at the cutoff 
equals the reduced form effect of applying before the cutoff. Such coefficient is 
reported in Table 3 together with the first stage and 2SLS coefficients and the base-
line crime rate in 2007.

In the year before click days (2007), the crime rate is identical—1.1 every 
100 applicants reported for having committed a serious crime—for immigrants 
applying before and after the cutoff, respectively. This provides strong evidence 
that, after controlling for a smooth polynomial in the timing of application, appli-
cants are as good as randomly assigned to either side of the cutoff.

In the year after click days (2008), the crime rate declines to 0.8 for immigrants 
applying on time, while it remains at 1.1 for other applicants. Therefore, the reduced 
form effect (−0.3 percentage points, significant at the 90 percent confidence level) 
reflects a decrease in the crime rate of applicants to the left of the cutoff, rather than 
an increase in the crime rate of late applicants. The 2SLS estimated effect of legal 
status, obtained as the ratio between the reduced form and first stage coefficient, 
amounts to a 0.6 percentage point reduction in the crime rate.27

As discussed in Section IIA, the 2SLS coefficient identifies the LATE on com-
pliers with treatment assignment. The average treatment-on-the-treated effect  τ  in 
equation (1) averages such effect with the effect on the “always-takers,” applicants 
who would obtain legal status independently of whether they applied before or after 
the cutoff (for instance, through family reunification). Although it is not possible to 
single out compliers and always-takers in the data—the treatment status under the 
counterfactual treatment assignment is not revealed—we can nevertheless describe 
the average characteristics of compliers as

(3)  E(g(K ) | Compliers) =   lim  
   Δ→0

      E(g(K )L | X < −Δ) − E(g(K )L | X > Δ)    _______________________________    
E(L | X < −Δ) − E(L | X > Δ)   ,  

27 The first stage regression is plotted in online Appendix Figure A7. 
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where  g(K)  is the distribution of an individual characteristic  K  (see, e.g., Angrist 
et al. 2016). The right-hand side of equation (3) is easily estimated by the 2SLS 
regression of  g(K )L  on  L  using  Z  as an instrument and controlling parametrically or 
nonparametrically for differences in  X .

The fraction of previous offenders—arguably the best proxy for the average pro-
pensity to commit crimes—is nearly identical between compliers and the total sam-
ple (1.2 and 1.1 percent, respectively). The same is true for the age distribution, 
whereas compliers are more likely to come from poorer countries relative to the rest 

Figure 3. Number of Crimes per Applicant Before and After Click Days, Conditional on the Timing of 
Application

Notes: The graphs show the average number of crimes per applicant committed before and after click days, con-
ditional on the timing of application. The scatterplots are averages within five-minute bins, and the solid line and 
shaded areas are the predicted outcomes and associated confidence intervals, respectively, based on quadratic poly-
nomial regressions. The graphs in the right and left columns show the crime rates in the year before and after click 
days (2007 and 2008, respectively). The top, middle, and bottom rows show the results for all applicants, the sub-
sample of type-A applicants, and the subsample of type-B applicants, respectively.
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of the sample. Overall, the average characteristics of compliers are very similar to 
those of other applicants.28

Distinguishing between different types of applicants, the decrease in crime rate 
is entirely driven by type-A applicants. These applicants start from a higher crime 
rate before click days (1.8 percent) but exhibit the greatest decrease when legalized 
(−1.3 percentage points), see the middle row of Figure 3 and column 2 of Table 3. 
By contrast, type-B applicants are characterized by a lower crime rate before click 
days (0.5 percent), which remains largely unaffected during the following year, see 
the bottom row of Figure 3 and column 3 of Table 3.29

In columns 4–6 we include lottery fixed effects, a quadratic polynomial in age 
(the only additional individual characteristic included in our data), and we cluster 
standard errors by lottery to account for interactions in crime among groups of immi-
grants who apply for the same lottery. All coefficients are unaffected by the inclu-
sion of fixed effects, suggesting that results are driven neither by  aggregation bias 
across lotteries (discussed in Section IIB) nor by compositional effects.30 Figure 4 

28 Online Appendix Table A1 and Figure A8 present the detailed comparison between compliers and the total 
sample of applicants. 

29 The difference in coefficients between the two groups is statistically significant, see the interaction coeffi-
cients reported in online Appendix Table A2. 

30 Lottery fixed effects implicitly absorb province fixed effects interacted with indicators for the 14 privi-
leged nationalities, and with a dummy for the type of permit for applicants of non-privileged nationalities. Online 

Table 3—Effect of Legal Status on the Number of Crimes per Applicant,  
Global Polynomial Regression

Baseline estimates Lottery FE, clustered SE

All Type A Type B All Type A Type B
(1) (2) (3) (4) (5) (6)

Panel A. Year 2008
Reduced form −0.003 −0.008 0.000 −0.003 −0.008 0.000

(0.002) (0.003) (0.002) (0.002) (0.003) (0.002)
2SLS effect of legal status −0.006 −0.013 0.000 −0.006 −0.013 0.001

(0.003) (0.005) (0.005) (0.004) (0.005) (0.005)
First stage coeff. of  Z  0.459 0.610 0.372 0.463 0.621 0.374

(0.007) (0.010) (0.009) (0.029) (0.032) (0.041)
First stage F-stat. for  Z  4,304.08 3,492.26 1,645.23 248.73 369.39 83.15

Panel B. Year 2007
Reduced form −0.000 0.002 −0.002 −0.000 0.002 −0.002

(0.002) (0.004) (0.001) (0.002) (0.004) (0.002)
 E(C | Z = 0)  [0.011] [0.018] [0.008] [0.011] [0.018] [0.008]
Observations 110,337 40,451 69,886 110,337 40,451 69,886

Notes: This table shows parametric estimates of the effect of legal status on the crime rate of click day applicants. 
Panel A reports reduced form and 2SLS regressions of a dummy  C = 1  for applicants that committed at least 
one serious offense in 2008 on a dummy  L = 1  for applicants obtaining legal status on click days. The first stage 
instrument is a dummy  Z = 1  for having applied before the cutoff time, the first stage coefficient of  Z  and the 
F-statistic for the excluded instrument (adjusted for heteroskedastic and clustered standard errors) are also reported. 
Panel B of the table reports the reduced form regression of a dummy for committing at least one serious offense in 
the year before click days (2007) on the instrument  Z  and (in square brackets) the baseline crime rate in such year,  
E(C  |  Z = 0) . All regressions control for a quadratic polynomial in the time elapsed since the cutoff (by the mil-
lisecond) and its interaction with  Z  , and the specifications in columns 4–6 also include lottery-fixed effects and a 
quadratic polynomial in age. Robust standard errors are reported in parentheses, and they are clustered by lottery 
in columns 4–6.
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confirms indeed that applicants close to the cutoff are on average identical and the 
empirical density of the running variable in Figure 5 provides additional support 
for the assumption that legal status is as good as randomly assigned near the cutoff. 
Consistent with the visual evidence, the McCrary (2008) test does not reject the 
null hypothesis of no discontinuity in the density of applications. Therefore, neither 
manipulation of the running variable nor differences in average characteristics can 
explain the discontinuity in the probability of committing crimes at the cutoff. This 
is consistent with the fact that the timing of the cutoff was unknown to applicants 
during the submission process.

The results in Table 3 are confirmed when using nonparametric methods. Table 4 
shows the results of 2SLS kernel local linear regressions. To choose the bandwidth, 
we follow the theory-based criteria proposed by Imbens and Kalyanaraman (2012)—
henceforth, IK2012—and Calonico, Cattaneo, and Titiunik (2014)—henceforth, 
CCT2014. The criterion used in each specification, the size of the bandwidth, and 
the number of observations included within the bandwidth are reported in the table. 
The size of the bandwidth remains very similar when applying the IK2012 and the 
CCT2014 criteria. The 2SLS estimated effect in year 2008 is around −1.0 percent-
age point, larger in magnitude than the parametric estimate and statistically signif-
icant at the 95 percent confidence level (columns 1 and 4). When distinguishing 
between different groups of applicants, the crime rate declines significantly for 
type-A applicants obtaining legal status (columns 2 and 5), and the magnitude of 
the effect is virtually identical to the estimate obtained using parametric methods 
(Table 3). The absence of any effect on the crime rate of type-B applicants is also 
confirmed (columns 3 and 6).

The consistency of parametric and nonparametric estimates requires, respec-
tively, that controlling for a flexible polynomial in  X  , or restricting the sample to 
observations in a neighborhood of the cutoff, removes the effect of other factors that 
vary (smoothly) around the cutoff. Both methods involve a trade-off between bias 
and efficiency: in general, higher-order polynomials and smaller bandwidths reduce 
the bias at the cost of greater asymptotic variance. To examine the sensitivity of our 
results to different choices regarding these trade-offs, the graphs in Figure 6 plot the 
estimated 2SLS coefficient of legal status and the associated confidence intervals for 
different specifications of parametric and nonparametric regressions. In particular, 
the first two graphs plot the results for type-A and type-B applicants, respectively, of 
the global polynomial regression when varying the order of the polynomial between 
0 and 6; the last two graphs plot the results of local kernel regressions for each possi-
ble bandwidth between 1 and 30 minutes (the IK2012 and CCT2014 bandwidths are 
also indicated on the horizontal axis). The estimates are remarkably similar when 
adopting different specifications of parametric and nonparametric methods.31

Figure 7 compares such estimates with a distribution of 1,000 placebos. Each 
placebo estimate is obtained by permuting the cutoff points at random across lot-
teries, computing a “fake” running variable   X ̃    as the difference between the timing 

Appendix Table A3 shows that results are unaffected when we use either province fixed effects or province fixed 
effects interacted with a full set of nationality fixed effects, and we cluster standard errors at the corresponding level 
of aggregation. 

31 The same is true when looking at the reduced form effect in 2007, see online Appendix Figure A9. 
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Figure 4. Individual Characteristics, Conditional on the Timing of Application

Notes: These graphs show the average individual characteristics of type-A applicants, conditional on the timing of 
application. The scatterplots are averages within five-minute bins, and the solid lines and shaded areas are the pre-
dicted values and associated confidence intervals, respectively, based on a quadratic polynomial regression.
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of each application and the placebo cutoff, and estimating the discontinuity in the 
probability of committing crimes at   X ̃   = 0 .32 The distributions of the parametric 

32 We consider only the reduced-form coefficients because the placebo cutoffs have, by construction, no predic-
tive power in the first stage. 

Figure 5. Frequency of Applications Near the Cutoff

Note: The graph shows the density of applications received by type-A and type-B applicants at each minute in time 
before and after the cutoff.
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Table 4—Effect of Legal Status on the Number of Crimes Per Applicant,  
Kernel Local Linear Regression

Bandwidth: IK2012 Bandwidth: CCT2014

All Type A Type B All Type A Type B
(1) (2) (3) (4) (5) (6)

Panel A. Year 2008
Reduced form −0.004 −0.008 −0.001 −0.005 −0.009 −0.002

(0.002) (0.003) (0.002) (0.002) (0.003) (0.002)
2SLS effect of legal status −0.008 −0.013 −0.003 −0.010 −0.014 −0.005

(0.004) (0.005) (0.006) (0.005) (0.006) (0.007)
Size of bandwidth 9:26 10:52 9:55 6:37 8:17 7:57
Observations inside bandwidth 41,743 17,378 27,801 29,805 13,454 22,532

Panel B. Year 2007
Reduced form 0.001 0.003 −0.002 0.001 0.004 −0.001

(0.002) (0.003) (0.002) (0.002) (0.004) (0.002)
Size of bandwidth 10:20 25:43 11:15 7:27 9:51 7:31
Observations inside bandwidth 45,472 36,362 31,160 33,310 15,905 21,371
Observations 110,337 40,451 69,886 110,337 40,451 69,886

Notes: This table shows nonparametric estimates of the effect of legal status on the crime rate of click day appli-
cants. Panel A reports reduced form and 2SLS regressions of a dummy  C = 1  for applicants that committed at least 
one serious offense in 2008 on a dummy  L = 1  for applicants obtaining legal status on click days. The first stage 
instrument is a dummy  Z = 1  for having applied before the cutoff time. Panel B of the table reports the reduced 
form regression of a dummy for committing at least one serious offense in the year before click days (2007) on 
the instrument  Z . All coefficients are estimated using a kernel local linear regression in a symmetric bandwidth 
around the cutoff. The table reports the bandwidth selection rule, IK2012 or CCT2014, the size of the bandwidth 
(expressed in minutes:seconds), and the number of observations included in the bandwidth. Robust standard errors 
are reported in parentheses.
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and nonparametric placebos are centered at zero, and the probability of obtaining 
values below the estimates at the true cutoff for type-A applicants (i.e., the estimates 
reported in Table 3) is as small as 0.003. These p-values can be interpreted as the 
probability that, under the null hypothesis of no effect of legal status, the estimating 
bias is sufficiently large to account for the magnitude of the estimated coefficient. In 
particular, these results appear to exclude the possibility that the baseline estimates 
only average a small sample bias across lotteries.

B. Threats to the Identification

The results presented so far suggest that obtaining legal status lowers the crime 
rate of type-A applicants in the year after click days. This effect is sizable, statisti-
cally significant, and robust to alternative estimation methods. We next discuss a few 
identification challenges implied, respectively, by the fact that we cannot determine 
the presence of applicants in Italy at each point time and that there is measurement 
error in crime data.

Presence in Italy before Click Days.—In line with the previous discussion of the 
institutional framework (Section I), so far we maintained that most applicants are 

Figure 6. Sensitivity Analysis

Notes: The graphs show the 2SLS estimated coefficients of legal status for different specifications of parametric 
and nonparametric regressions, distinguishing between type-A and type-B applicants. In particular, the two graphs 
on the top show the point estimates and associated confidence intervals when varying the degree of the paramet-
ric polynomial regression between 0 and 6. The two graphs on the bottom show the point estimates and confidence 
intervals when varying the bandwidth of the nonparametric regressions between 1 and 30 minutes; the bandwidths 
selected according to the IK2012 and CCT2014 criteria are also reported on the horizontal axis.
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present in Italy before click days, despite formal rules allowing them to enter only 
after obtaining a residence permit. We now consider the possibility that a (potentially 
large) fraction of applicants comply with the formal rules of admission, so they are 
abroad at the time of the application. Clearly, immigrants abroad at the time of the 
application could not commit any crime in Italy before click days. After click days, it 
seems reasonable that applicants obtaining a residence permit are more likely to enter 
Italy than applicants who did not obtain a permit. In this case, the number of crimes 
committed in Italy—the numerator of the crime rate—would increase more for the 
legalized relative to the nonlegalized. At the same time, the number of applicants—the 
denominator of the crime rate—would not change for either group. Therefore, differ-
ential entry after click days amongst the two groups should induce a greater increase 
in the crime rate of the legalized relative to the nonlegalized. Since the observed crime 
rate of the legalized decreases relative to that of the nonlegalized, our estimate is a 
lower bound (in terms of magnitude) to the effect that we would observe if all the 
applicants were already present in Italy at the time of click days. Notice that this is true 
even when applicants abroad have a lower propensity to commit crimes than appli-
cants who are already in Italy before click days. This is because the number of crimes 
committed can only increase as more immigrants enter Italy.

Figure 7. Reduced-Form Effect of Legal Status on the Number of Crimes Per Applicant,  
Placebo Estimates

Notes: The graphs show the distribution of the reduced-form estimates obtained for 1,000 random permutations of 
the cutoff points across lotteries using parametric and nonparametric methods and distinguishing between type-A 
and type-B applicants. The vertical lines represent the estimates obtained at the true cutoff point (i.e., the estimates 
reported in Tables 3 and 4). The fraction of placebo estimates lower than the actual estimate is also reported at the 
bottom of each graph.
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Conceptually, the possibility that a share of the applicants were abroad before 
click days may thus bias our estimates against finding a decrease in the crime rate 
of legalized applicants relative to the nonlegalized in the year after click days. 
Empirically, the evidence in Figure 3 is consistent with the common wisdom that the 
overwhelming majority of applicants were already present in Italy before click days. 
The crime rate for the year before click days is not lower—and it is indeed slightly 
higher—than that observed the following year for applicants who did not obtain a 
residence permit. This fact is hard to reconcile with a large fraction of applicants 
being in their country of origin at the time of the application.

Collecting the Entry Visa in the Country of Origin.—Successful applicants must 
collect a visa, allowing them to enter Italy, from the Italian embassy in their country 
of origin. Although the overwhelming majority of applicants are already in Italy at 
the time of click days, they must nevertheless comply with this procedure in order 
to finally obtain a residence permit (see Section IC). Therefore, in the weeks after 
click days, successful applicants must travel to their country of origin, thus spending 
less time in Italy. In principle, this fact could partly explain the decrease in crime 
observed among legalized immigrants in the year after click days. In practice, the 
traveling time required to account for the estimated effect seems implausibly large. 
If the propensity to commit crime does not significantly vary over the year, legalized 
applicants would need to spend more than half a year outside Italy for their crime 
rate to decline by 0.6 percentage points (on a baseline of 1.1 percent). Following the 
same logic as before, legalized type-A applicants in this group would need to spend 
8.7 months outside Italy to collect the visa.

In any event, we first replicate our baseline analysis separately for applicants 
coming from countries that are closer and farther away from Italy (e.g., Albania and 
Philippines, respectively). Applicants in the latter group would spend more time in 
their country of origin (e.g., to visit family and friends) as traveling back home is 
more costly for them. If results are driven by time spent outside Italy, we should then 
observe a larger effect among successful applicants from more distant countries. 
However, this is not the case. Columns 2 and 3 of Table 5 show the estimate obtained 
for applicants coming from countries above and below the median in terms of dis-
tance from Italy, respectively. Both coefficients remain statistically significant and 
very similar in magnitude to the baseline estimate, reported in column 1 of the same 
table (we cannot reject the null hypothesis that the three coefficients are identical).

However, the two samples in columns 2 and 3 may differ along several dimen-
sions. For this reason, we next compare the effect of legal status on crimes commit-
ted in different periods of the year after click days. If the reduction in the crime rate 
of legalized applicants is driven by the fact that they leave Italy to collect the visa 
in the weeks after click days, there should be no difference between the crime rate 
of legalized and nonlegalized applicants in later periods of the year. Table 5 shows, 
instead, that the coefficient of legal status remains statistically significant when we 
progressively exclude the first quarter of 2008 (column 4), the first two quarters 
(column 5) and, finally, when we include only crimes committed in the last quarter 
(column 6). The annualized effect—obtained multiplying the 2SLS coefficient by 
12 over the number of months included in the estimation—remains very similar to 
the baseline estimate for all the periods (such effect is reported in the table in square 
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brackets). As an alternative way of displaying the stability of the effect, Figure 8 
shows the coefficients and confidence intervals for each semester of 2007 and 2008. 
Overall, the evidence in Table 5 for different subsamples of applicants and different 
periods of the year seems to exclude the possibility that our results are driven by 
time spent outside Italy.

Measurement Error.—Our data are subject to potential systematic measurement 
error from two sources. First, charged crimes always underestimate committed crimes, 
as a number of crimes are not reported (MacDonald 2002). Second, offenders recorded 
by the police were matched with the data on click day applicants by name, surname, 
nationality, and year of birth, so any difficulty in identifying individuals subsequently 
recorded in either of the two archives could generate systematic errors.

To explore the implications of measurement error from these two sources, let   
C ̃   = 1  for immigrants reported by the police (  C ̃   = 0  otherwise). Following the same 
notation of Section II, if measurement error is symmetric between regular and irreg-
ular immigrants, then  E( C ̃   | C = 1, L = 1) = E( C ̃   | C = 1, L = 0) = μ ≤ 1 . 
In this case, differences in reported crimes have the same sign of differences in the 
actual crime rates between the two groups, and bound their magnitude from below:

(4)  E( C ̃   | L = 1) − E( C ̃   | L = 0) = μ [E(C | L = 1) − E(C | L = 0)] . 

Therefore, we should be concerned only with errors that affect differentially the 
measurement of the crime rate of regular and irregular immigrants.

The use of police charges (as opposed to incarceration rates) should eliminate 
concerns that our results reflect heterogeneous treatment of suspects by the judicial 
system—e.g., only legal immigrants can ask for alternative measures to incarcera-
tion, such as home detention. Despite this, police forces could still disproportionately 
prosecute irregular immigrants. If this was the case, our estimates would capture a 

Table 5—Effect of Legal Status on the Number of Crimes Per Applicant, Robustness

Distance from home By period of year 2008

Baseline Low High Apr–Dec Jun–Dec Oct–Dec Red-hand

(1) (2) (3) (4) (5) (6) (7)

Reduced form −0.009 −0.008 −0.010 −0.005 −0.004 −0.002 −0.009
(0.003) (0.004) (0.005) (0.003) (0.002) (0.001) (0.003)

2SLS effect −0.014 −0.014 −0.016 −0.009 −0.006 −0.004 −0.012
(0.006) (0.006) (0.008) (0.004) (0.004) (0.002) (0.005)

Annualized effect [0.012] [0.012] [0.016]

Size of bandwidth 8:17 5:01 10:39 8:39 8:44 7:53 7:32
Observations inside bandwidth 13,454 3,163 10,832 14,000 14,094 12,788 12,247

Notes: This table replicates the nonparametric estimates in Table 4 for different subsamples of type-A applicants 
and different definitions of crime events. Columns 2 and 3 distinguish between applicants from countries above and 
below the median in terms of distance from Italy, respectively. Columns 4 to 6 report the estimated effect when we 
progressively exclude crimes committed in the first trimesters of the year after click days. The dependent variable 
is thus a dummy equal to 1 for applicants that committed a serious crime during the period indicated on top of each 
column. Finally, column 7 reports the estimated effect when considering only those criminal cases in which the 
offender was arrested in flagrante. The specification replicates that in Table 4, the bandwidth is computed according 
to the CCT2014 criterion. Robust standard errors are reported in parentheses.
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change in the probability of being charged conditional on having been apprehended 
for a crime, as opposed to a change in the underlying crime rate.

To address this concern, we focus on offenders arrested in flagrante. As is typ-
ically the case for serious crimes, these comprise a very high share of the arrested 
offenders in our sample (82 percent). The decision to charge these individuals 
involved less discretion by the police—including considerations about their legal 
status—as they were caught in the act of committing the crime. When we restrict 
to this subset of crimes, the results are very similar to our baseline estimates (last 
column of Table 5).

Turning to the match between click day applications and criminal records, 
arrested individuals may intentionally misreport their identity in order to maintain 
a clean criminal record for their true identity, or to avoid the application of aggra-
vating circumstances (if they are recidivists). However, according to Article 5 of 
Law 189/2002, immigrants must provide fingerprints and pictures when collecting 
the residence permit.33 This greatly reduces the risk of false negatives for legal-
ized immigrants. By contrast, no biometric information is available for irregular 
 immigrants (unless they were previously incarcerated in Italy). Therefore, the prob-
ability of being reported conditional on having committed a crime should be system-
atically higher for the legalized than for the nonlegalized.34

33 The text of the law is available, in Italian, at http://www.camera.it/parlam/leggi/02189l.htm. 
34 The Italian Ministry of Interior (2007, p. 359, my own translation) explicitly states that biometric information 

“makes the reliable identification of legal immigrants possible, even in cases where they had an interest in conceal-
ing their identity, or denying their legal status, for example by hiding or destroying documents, or by providing a 
false identity. In this sense, the law has made it more difficult to conceal their identity, with the effect of reducing 
the number of irregular immigrants over the total number reported and arrested.” 

Figure 8. Effect of Legal Status on the Number of Crimes per Applicant, by Period

Notes: The graph shows estimated coefficients and standard errors of 2SLS regressions for type-A applicants in 
each semester of the year before and after click days (2007 and 2008, respectively). The specification replicates that 
in Table 4, the bandwidth is computed according to the CCT2014 criterion.
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For all of these reasons, our data likely over-estimate the crime rate of legalized 
immigrants relative to that of irregular immigrants. Therefore, we can interpret the 
estimated negative coefficient of legal status as a lower bound to the magnitude of 
the true effect.

C. Channels

Two main conclusions can be drawn from the results obtained so far. First, legal 
status decreased the crime rate of immigrants between 2007 and 2008. Second, the 
average coefficient hides an extreme heterogeneity amongst applicants. In particu-
lar, the effect is high in magnitude and very precisely estimated for type-A appli-
cants, whereas there is no effect on the crime rate of type-B applicants. All estimates 
are extremely stable when using different methods and specifications. As discussed 
in Section IB, the former type of applicants are characterized by worse labor market 
opportunities, with a large number of them being unemployed, whereas the latter are 
likely employed, although unofficially, by sponsor firms before click days.

A potential explanation for the absence of any effect on the crime rate of type-B 
applicants is thus that they have a very high opportunity cost of crime also before 
legalization. This cost would include the salary paid by the firm as well as the possi-
bility of reapplying in the future in case the application in 2007 was not successful. 
By contrast, type-A applicants confront meager employment opportunities before 
click days. Nevertheless, legal status triggers a significant change in the behavior of 
type-A individuals, possibly because improved opportunities following the conces-
sion of legal status induce those that were previously detached from the labor market 
to search for a job. Put differently, the group of type-A applicants may include a 
large number of individuals at the margin between pursuing a criminal career and 
entering the labor market.

To further investigate the importance of labor market opportunities, we exploit 
additional heterogeneity in the type of offense and sponsor.35 In particular, if legal 
status affects criminal behavior by changing the relative returns on legitimate activ-
ities and, moreover, violent crimes depend to a lesser extent on economic consider-
ations, we would expect that the average effect is driven by economically motivated 
crimes (Machin and Meghir 2004). This is exactly the picture that emerges from 
Table 6. Distinguishing between economically motivated crimes (thefts, robberies, 
drug-trafficking, extortion, and smuggling) and purely violent crimes (murders and 
sex offenses), legal status only affects the former type of offenses.36 This last result 
is consistent with previous evidence in Baker (2015); Freedman, Owens, and Bohn 
(2013); and Mastrobuoni and Pinotti (2015).

In Table 6 we also distinguish between applicants sponsored by foreign and 
native employers. As discussed in Section IB, fictitious job offers aimed at legaliz-
ing unemployed immigrants who otherwise would not qualify for a residence permit 

35 The estimates reported in this section are obtained using the parametric specification in column 6 of Table 3 
(i.e., second-order polynomial regression controlling for lottery fixed effects and clustering standard errors by 
lottery). As was the case for the baseline estimates, the results obtained by nonparametric methods are very similar 
and are available upon request. 

36 We excluded two types of crime—kidnappings and illegal carrying of arms—that cannot be exclusively clas-
sified as either economically motivated or violent. 
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typically come through type-A applications sponsored by other immigrants. Indeed, 
the negative coefficient estimated across type-A applicants is entirely driven by this 
subsample of individuals.37

IV. Conclusions

Irregularity imposes a heavy toll on foreign immigrants in terms of poorer employ-
ment opportunities, lower incomes, and lower access to social services. These con-
ditions lower the opportunity cost of crime, potentially increasing the propensity of 
irregular immigrants to engage in crime. The present paper documents this effect for 
immigrants applying for a residence permit in Italy.

We believe that our results can inform the current debate on immigration policy. 
Immigration amnesty is near top of the agenda both in the United States and in 
Europe due to the large presence of undocumented immigrants. The present paper 
highlights a potentially important payoff from amnesty programs, namely, a reduc-
tion in the number of crimes committed in a destination country. The heterogeneity 
in the effect across different types of applicants also sheds light on which groups 
would be most responsive to legalization—those with worse employment opportu-
nities when irregular.

Of course, these conclusions are subject to a number of caveats. First of all, 
the results obtained for Italy cannot be immediately generalized to countries 
 characterized by a very different institutional context. In particular, undocumented 
immigrants in the United States confront a higher risk of being expelled from the 
country conditional upon committing an offense, which may lower their propensity 
to engage in crime. Indeed, Butcher and Piehl (2007) argue that selective depor-
tations are the main reason why immigrants exhibit lower incarceration rates than 

37 In a companion paper, Pinotti (2015), we examine an additional dimension of heterogeneity, namely how the 
effect of legalization varies with the enforcement of migration restrictions. To this purpose, we compare the effect 
between applicants coming from countries that signed and did not sign a bilateral agreement with Italy for the 
enforcement of immigration restrictions. 

Table 6—Heterogeneous Effects of Legal Status by Type of Offense and Nationality  
of the Sponsor

Type-A applicants Type-B applicants

Type of crime Sponsor Type of crime Sponsor

Econ. Viol. Foreign Native Econ. Viol. Foreign Native
(1) (2) (3) (4) (5) (6) (7) (8)

2SLS effect of legal status −0.009 −0.002 −0.015 −0.008 −0.000 −0.001 −0.003 0.002
(0.004) (0.002) (0.007) (0.007) (0.004) (0.002) (0.006) (0.008)

Observations 40,451 40,386 23,390 16,859 69,886 69,840 30,441 39,308

Notes: This table reports parametric 2SLS estimates of the effect of legal status on the crime rate of click day appli-
cants in the year after click days by type of applicant, offense, and nationality of the sponsor. The dependent vari-
able is a dummy  C = 1  for individuals committing at least one serious offense in 2008. The explanatory variable 
of interest is a dummy  L = 1  for those obtaining legal status in 2008, and the first-stage instrument is a dummy  
Z = 1  for having applied before the cutoff time. All regressions control for a quadratic polynomial in the time 
elapsed since the cutoff (by the millisecond) and its interaction with  Z , lottery-fixed effects, and a quadratic poly-
nomial in age. Robust standard errors clustered by lottery are reported in parentheses.
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natives in the United States, contrary to what happens in most other countries. In 
particular, in all European countries immigrants are generally characterized by a 
high crime rate relative to natives, limited access to employment opportunities, and 
a very low risk of expulsion.

Second, we emphasize the role of improvements in employment opportunities 
and wages as a likely driver of changes in criminal behavior by newly legalized 
immigrants—in light of previous evidence on the effects of legal status along these 
dimensions. In principle, legal status could affect the opportunity cost of crime 
through other channels, notably access to social welfare. In practice, however, 
undocumented immigrants in Italy have access (with the same conditions as legal 
residents) to essential services such as basic healthcare and schooling; at the same 
time, no universal income support scheme exists in Italy (not even for legal resi-
dents). For both reasons, legal status should have rather limited effects on this addi-
tional dimension.

Finally, each legalization episode potentially generates expectations of further 
amnesties in the future and thus may lead to higher migration pressures in subse-
quent years. Although previous studies have not found clear evidence of such effects 
following amnesty programs in the United States (Donato, Durand, and Massey 
1992; Orrenius and Zavodny 2003), a complete evaluation of legalization poli-
cies would need to take this possibility into account. We leave this issue to further 
research.
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