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ABSTRACT

The Effect of Job Loss and Unemployment
Insurance on Crime in Brazil”

We investigate the effect of job loss and unemployment benefits on criminal behavior,
exploiting individual-level data on the universe of workers and criminal cases in Brazil
over the 2009-2017 period. We match workers displaced upon plausibly exogenous
mass layoffs with observationally-equivalent control groups to identify dynamic treatment
effects of job loss while allowing for treatment effect heterogeneity. In our preferred
specification, the probability of criminal prosecution increases by 23% upon job loss and
remains approximately constant during the following years. Our unusually large dataset
allows us to precisely estimate increases in almost all types of crimes - including offenses
with no economic motivation - as well as spillover effects on other household members.
The estimated effects remain robust when restricting to arrests “in flagrante”, which are
less subject to differential reporting by employment status. We then evaluate the mitigating
effect of unemployment benefits leveraging on discontinuous changes in eligibility.
Regression discontinuity estimates suggest that unemployment benefits covering 3 to
5 months after displacement completely offset potential crime increases upon job loss,
especially for liquidity-constrained individuals, although this effect completely vanishes
upon benefit expiration. Our findings point at liquidity constraints and psychological stress
as main drivers of criminal behavior upon job loss, while substitution between time on the
job and leisure does not seem to play an important role.
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1 Introduction

Crime imposes a heavy burden on societies, especially during economic downturns, as
unemployment and low earning opportunities reduce the opportunity cost of committing
crimes (Becker, 1968). In a related manner, liquidity-constrained workers may turn to
crime immediately upon job displacement to afford subsistence consumption. In addition,
unemployment brings an increase in leisure time, which in turn may increase the
probability of encountering criminal opportunities: put differently, employment may exert
an “incapacitation” effect on potential offenders, which vanishes upon job loss. Finally,
criminal behavior may also respond to the emotional distress caused by job loss (the latter
being documented, among others, by Black et al., 2015; Schaller and Stevens, 2015).
Through this latter mechanism, job loss may also affect the propensity to commit “crimes
of passion”, defined by Ehrlich (1996) as murders and other violent crimes with little or no

economic payoff.

Therefore, there are several reasons to expect that criminal behavior responds to job
loss. However, until very recently the evidence on such an effect remained very scant. In an
earlier survey on this topic, Freeman (1999) concluded that joblessness is not the
overwhelming determinant of crime that many analysts and the public a priori expected it
to be”. An important reason for this gap between theory and empirics is that
confidentiality concerns delayed the distribution of large-scale, individual-level datasets
comparable with those available for research on e.g. consumption, health, and taxation
(Einav and Levin, 2014). With a few notable exceptions discussed below, previous
empirical analyses relied on aggregate unemployment and crime rates across geographical
areas, which pose significant challenges for identifying causal effects and distinguishing

between alternative mechanisms.

In this paper, we link individual-level data on employment and criminal behavior for the
universe of (male) workers in Brazil over the 2009-2017 period. Specifically, our dataset
combines employer-employee data on employment spells and earnings; the universe of
criminal cases filed in the Brazilian judiciary; and social registries, allowing us — among
other things — to recover the household composition for almost half of our sample. This
very rich data allow us to precisely estimate the effect of job loss on the probability of
committing (different types of) crime and spillover effects on other household members, the
mitigating effect of unemployment insurance schemes, and to gain insights into the

mechanisms driving such effects.

In the first part of our analysis, we estimate dynamic treatment effects of job displacement



by comparing the criminal behavior of displaced workers before and after displacement with a
matched control group of workers who were not displaced in the same year. The dimension of
our dataset allows us to finely match treated and control individuals on several characteristics
(location, firm size and sector, birth cohort, tenure, and wages), controlling for local economic
shocks at a very granular level of geographic and sectoral disaggregation. In addition, we
leverage variation in employment from mass layoffs — defined as firms dismissing a sizable
share of their workforce — and plant closures, as such events should clearly not depend on the
criminal behavior of each specific worker nor other individual-level shocks that simultaneously

affect employment and crime.!

Our findings indicate that the probability of committing a crime increases by 23% over the
baseline in the year following dismissal, and it remains stable up to four years after the layoff
(the end of our time frame). The average effect reflects an increase in both economically-
motivated crimes (+43%) and violent crimes (+17%), and it is considerably stronger for
groups that are more likely to be liquidity constrained upon job loss, namely younger workers
and those with low job tenure and low educational attainment. However, the probability
of committing crimes significantly increases for all groups — including workers with above-
median income — albeit to a lesser extent. We also detect important spillovers of parental job
loss on children. In particular, the probability of committing a crime increases on average by

18% for the cohabiting sons of displaced workers.

The results are robust to replicating the analysis at the monthly level and restricting to
offenders arrested “in flagrante” (i.e. while committing a crime) to reduce measurement
error from delays in judicial prosecutions and potentially differential reporting by offenders’
characteristics, including employment status. The results are also robust to a variety of
empirical exercises aimed at minimizing the scope for selection into job loss (even within mass
layoffs). First, we adopt progressively more stringent definitions of mass layoffs. Second, we
adopt an “intention-to-treat” approach through which we compare all workers in mass layoff
firms with a matched control group in non-mass layoff firms, as opposed to potentially-selected
displaced and non-displaced workers, as it is usually applied in the literature. After rescaling
the increase in crime by the relative drop in earnings under these alternative approaches,
the implied elasticity of crime to earnings remains similar to the one estimated in the main

specification.?

I Mass layoffs have been widely used as a source of exogenous variation to estimate the effects of job loss on
several outcomes, e.g. subsequent earnings (Couch and Placzek, 2010; Jacobson et al., 1993) and mortality
(Sullivan and Von Wachter, 2009).

2Such elasticity is useful for comparing estimates across different approaches for robustness purposes.
However, we do not attach a causal interpretation to such a parameter since job loss can affect crime rates
through multiple channels — which we will discuss in detail — in addition to the drop in earnings.



In the second part of the analysis, we turn to the effect of unemployment insurance (UI),
the main policy providing income support for displaced workers in Brazil. UI recipients
receive on average 80% of the pre-displacement salary and the benefits can last up to five
months, quite similar to most US states. Most importantly for identification purposes, Ul
eligibility wvaries discontinuously with the timing of previous layoffs used to claim
unemployment benefits, as a minimum of 16 months is required between layoff dates for
subsequent Ul claims. This institutional rule allows us to study the effects of a strong shift
in income support — from zero to up to five months of benefits — using a clean regression

discontinuity design.?

We find that the crime rate in the first semester after layoff is 20% lower for marginally
eligible workers compared with marginally non-eligible ones. Rescaling this effect by the
take-up rate — approximately equal to 70% — the average effect of unemployment benefits
completely offsets the potential increase in crime upon job loss. The effect is entirely driven by
groups that are more likely to be liquidity constrained, namely youth with a lower education
and below-median wage. However, these effects are transitory and vanish after benefits

expire.

These results suggest that Ul policies may attenuate the impact of job loss on crime.
They also help us to distinguish between the different mechanisms driving the effect of
unemployment on crime. In particular, both eligible and non-eligible workers are
unemployed upon layoff, whereby lower crime rates by the former cannot be attributed to
substitution between time spent on the job (i.e.  what we previously called the
incapacitation effect of employment) and leisure time. By contrast, we show that — in line
with previous studies such as Katz and Meyer (1990) and Lalive (2008) — unemployment
benefits reduce labor supply, and during our sample period Ul in Brazil was not conditional
on participation in training programs so Ul increases leisure time in the months after layoff.
If time substitution were the main driver of the effect, the eligible should commit more
crime than the non-eligible, while the opposite result holds true in our data. Instead, our
results support economic explanations, primarily liquidity constraints.® The existence of

such constraints is indeed consistent with the higher increase in crime observed across

3Gerard et al. (2019) exploit the same research design with data from earlier years to study the effect UI
eligibility effects on unemployment duration. Accordingly, they detect a potential violation of quasi-random
assignment (the density of the assignment variable is mildly discontinuous around the 16-month cutoff).
However, this issue is not present in our sample period as both the density of the running variable and other
covariates are balanced around the cutoff. Moreover, we also show the crime rates before layoff are continuous
around the threshold, thus strongly supporting the validity of the design.

4Foley (2011) provides evidence on the importance of liquidity constraints for criminal behavior using
aggregate data on welfare payments.



younger, low-tenure and less-educated workers upon job loss, as well as the strong but
transitory effect of unemployment benefits on these same groups. The spillover effect on
cohabiting sons is also consistent with the importance of liquidity constraints and
inconsistent with time substitution. In addition, the latter effect is not explained by
changes in the opportunity costs of committing crimes, whereby we show that sons’
employment and earnings are not affected by parents’ layoff. Finally, the generalized
increase in all types of crimes — including purely violent acts and other offenses with no
economic motivation (e.g. property damage, traffic violations, and small drug possession) —

suggests that psychological stress upon job loss also plays an important role.

This paper adds to a large body of empirical literature on the effect of employment on
crime, recently surveyed by Draca and Machin (2015). Several previous papers rely on
variation across geographical areas (e.g. regions or provinces within a country) and identify
the causal effect of unemployment on crime using Bartik-type instruments that interact
national-level shocks with local economic characteristics (see, among others, Raphael and
Winter-Ebmer (2001), Gould et al. (2002), Oster and Agell (2007), Fougere et al. (2009),
Dix-Carneiro et al. (2018), and Dell et al. (2019)). These studies generally conclude that local
crime rates increase with unemployment. However, variation across local areas only provides
limited insights into the mechanisms through which unemployment affects criminal behavior,
and it does not allow us to explore the mitigating effect of unemployment benefits or other
social safety nets because the rules determining such benefits typically do not vary across
geographical areas. In addition, such analyses may be ill-powered to detect the determinants
of a relatively rare event such as criminal activity with sufficient precision. Even in high-
crime countries, offenders remain a very minor fraction of the total population, whereby it
may be difficult to precisely identify the determinants of criminal behavior solely based on
average data across individuals living in a given area. This is particularly true for severe

crimes such as murders, which are rarer compared with petty property crimes.

In this paper, we address these issues leveraging on administrative, individual-level data.
In this respect, our work is close to four recent papers using administrative data on
employment and crime for high-tenure Danish workers displaced during the 1992-1994
period (Bennett and Ouazad, 2019), 361,000 Norwegian workers in 1992-2008 (Rege et al.,
2019), previous offenders released from prison in Washington State in 1992-2016 (Rose,
2018), and workers in the city of Medellin in 2006-2015 (Khanna et al., 2019).° The present

paper contributes to this literature by providing the first analysis covering the universe of

SPrior to these recent contributions, Witte (1980) and Schmidt and Witte (1989) used individual-level data
on former prison inmates in North Carolina to study the determinants of recidivism (including employment).
However, their approach does not allow identifying causal effects.



workers in a large country — Brazil — characterized by very high levels of crime. Our results
are thus particularly informative about the effect of employment on crime in countries
where the latter is a major social problem. In addition, the dimension of our dataset also
allows us to gain considerable precision when estimating the impact of job loss on criminal
behavior.  This is especially relevant when trying to distinguish the effect on very
disaggregated crime categories, including rare crimes such as murders or other crimes with
no clear economic motivation. In a related manner, we have sufficient statistical power to
precisely identify the effect on other household members. Both the heterogeneity analysis
by type of crime and the evidence on spillover effects on other household members provide
important insights into the mechanisms driving the effect of unemployment on crime.
Another advantage of focusing on Brazil is that the peculiar features of the UI system
provide us with a very clean research design for identifying the effect of unemployment
benefits. The results of this analysis are obviously important from a policy perspective, as

well as providing further insights into relevant mechanisms.

From a methodological perspective, we take advantage of recent contributions to the
econometric literature on estimating dynamic treatment effects with treatment effect
heterogeneity. When identification exploits variation in the timing of treatment across
treated units (as is the case for layoffs) and the treatment effect is heterogeneous across
units (as it seems reasonable to assume in general), the estimated coefficient of interest in a
typical two-way fixed effects specification equals a weighted average of heterogeneous
treatment effects across units with weights that may be negative for some units (see, among
others, Borusyak and Jaravel, 2017; de Chaisemartin and D’Haultfoeuille, 2019;
Goodman-Bacon, 2018). Indeed, we show that such an issue is very relevant in the present
context. If we were to restrict the analysis to the subsample of displaced workers and
exploit only variation in the timing of layoff (as in some previous papers), about 42% of the
weights would be negative, and the estimated coefficient would be severely biased
downward as a result. Instead, negative weights are not an issue in our analysis because our
control group includes a sufficiently large number of “pure” control workers who are never

dismissed throughout the sample period.

Finally, information on prosecutions initiated “in flagrante” helps us addressing possible
biases from differential under-reporting of crimes by individual characteristics of the
offender (including employment status), which are usually a major challenge when studying

the determinants of criminal behavior (see e.g. MacDonald, 2002; Soares, 2004).

The remainder of this paper is organized as follows. The next section provides some

context for our empirical investigation, before Section 3 describes the data and preliminary



evidence. Section 4 presents the effect of job loss on crime, after which Section 5 highlights
the impact of unemployment benefits and discusses the mechanisms behind the relationship

between unemployment and crime. Finally, Section 6 concludes.

2 Institutional background

Latin America is the most violent region in the world, with Brazil being one of the most
violent countries within the region. In 2017, the homicide rate — the only crime statistic
that is fully comparable across countries and over time — reached a record of 30.7 homicides
per 100,000 inhabitants, the sixth highest in the world (UNODC, 2019). For comparison,
homicide rates in Colombia and Mexico — two countries in the same region that have long
been plagued by drug-related violence — remain below 25 per 100,000 inhabitants. This level
of violence appears particularly high in light of the fact that Brazil is a middle-income country
(in 2018, it ranked 82"¢ out of 182 countries in terms of GDP per capita).

Over time, the homicide rate slowly increased from 20 to 22 per 100,000 inhabitants
between 1990 and 2010, before abruptly increasing during the following seven years.
Interestingly, during the same period, male employment decreased by 10% (from 73 to 66
percent). More generally, the homicide rate has closely tracked labor market downturns
since the 1990s (see Figure 1). On average, a one-standard-deviation increase in the
employment rate (3.1 percentage points) in a given year is associated with
one-standard-deviation decrease in the homicide rate (3.4 homicides per 100,000

inhabitants), with the correlation between the two variables being close to 90%.

This preliminary evidence at the aggregate level is consistent with the hypothesis that
criminal behavior responds to labor market opportunities. On the other hand, raw correlation
over time may capture independent long-run trends in both variables or the effect of other
external factors (e.g. changes in social policies at the national level). In addition, it is also
possible that violence outbreaks affect the level of economic activity. In order to isolate the
causal effect of employment downturns on crime and understand the mechanisms driving such
a relationship, we will thus exploit mass layoff shocks and compare criminal prosecutions over
time between displaced and non-displaced workers, as well as between displaced workers who
are eligible and non-eligible for unemployment benefits. For this purpose, we first describe

the judicial system and labor market regulations in Brazil.



2.1 Criminal justice

The Brazilian government comprises three administrative divisions: the federal government,
27 sub-national states, and 5,565 municipalities. Local governments have no legislative power
concerning criminal law — which is set at the federal level and is uniform across the country
— but they are mainly responsible for regular policing and criminal investigations. The latter
are conducted by state judiciary police ( “Policia Judicidria” or “Policia Civil”), either by
its own initiative or upon request from the public prosecutor office or crime victims. As
an exception, the public prosecutor office may also directly carry out investigations. Once
an investigation is concluded by the police, the files are sent to the prosecutor office, which
decides whether to press or drop the charges.® Even if the prosecutor decides not to press
charges following the investigation, a new court case is filed since the decision to drop must
be approved by a judge. Consequently, all concluded investigations are registered as judicial

cases.

The judicial system comprises 27 state courts and four specialized courts: federal, labor,
electoral, and military. State courts are responsible for 91.5% of all criminal cases (CNJ,
2019), while the remaining part are mostly international drug trafficking cases and frauds
against the federal administration, which are in the competence of federal courts. The 27

state courts comprise 2,697 tribunals, one for each judicial district.

2.2 Labor Regulation

Brazilian labor legislation is based on at-will employment, whereby firms are free to dismiss
workers without a just cause, although they must pay dismissal indemnities. 93% of all
contracts in the private sector are open-ended full-time contracts. The most common forms
of separation for open-ended jobs are dismissals without a just cause (65% of all cases) and
voluntary quits (33%).” Our analysis focuses on the former, which we refer to as dismissals or
layoffs in the remaining of the paper. Dismissed workers are entitled to a mandatory savings
account, financed through monthly contributions by the employer amounting to 8% of the
worker’s compensation. In case of dismissals without just cause, workers can access these
funds and are further entitled to a severance payment equivalent to 40% of the account’s
balance. Summing over these two, workers receive approximately 1.36 monthly wages per

each tenure year upon layoff.

6 Alternatively, the prosecutor may postpone the decision by sending the case back to the police with a
request for further investigation.
"These statistics refer to 2012, but they are fairly stable over time.



Although labor informality is high — accounting for roughly 45% of all jobs in 2012 — the
formal and informal labor markets strongly interact. Job turnover is high and workers tend
to frequently move between formal and informal jobs. In addition, some firms hire workers
both formally and informally (Ulyssea, 2018). Due to the lack of administrative data on
informal jobs, throughout the paper we mostly focus on workers exiting formal jobs. Since
we will classify as unemployed a number of dismissed workers who are instead re-employed in
the informal economy, the estimated effect of dismissals provides a lower bound to the effect
of being unemployed. In addition, we estimate the share of workers returning to informal
jobs based on survey data and take this into consideration when interpreting the magnitude

of our effects.

Unemployment insurance is the main policy assisting displaced workers. It is restricted
to workers dismissed without a just cause and ranges from three to five months, depending
on the length of employment in the 36 months prior to dismissal. The generous replacement
rate starts at 100% for workers earning the minimum wage and decreases smoothly to 67%
at the benefit cap, at 2.65 minimum wages. Once these benefits expire, the only other form
of income support at the national level is “Bolsa Familia”, the well-known conditional cash
transfer targeted at extremely poor families. As of 2019, the average transfer per household
is 16% of the minimum wage and the maximum per capita family income for eligibility is less

than one-fifth of the minimum wage.

3 Data and descriptive evidence

3.1 Data sources

Our data derive from two main sources. The first source is the Relacdo Anual de Informacoes
Sociais (RAIS), a linked employer-employee dataset covering the universe of formal workers
and firms in Brazil, made available by the Ministry of Labor for the 2002-2017 period. The
RAIS data contain detailed information such as the start/end date and location of each job,
the type of contract, occupation and sectoral code, and the workers education and earnings.®
The effective date at which dismissed workers leave the job is measured with some degree of
error due to a mandatory 30-day advance notice period, which is extended by 3 days for each
complete year of tenure and capped at 90 days. It is fairly common that firms release workers

from the job during the notice period, although we cannot identify when this happens in the

8The RAIS data have been extensively used in previous research on the Brazilian labor market; see e.g.
Ferraz et al. (2015), Gerard and Gonzaga (2018), and Dix-Carneiro et al. (2018).



data. Hence, all workers in our sample learn about the job loss at least 30 days before the
observed separation date and an unknown share of them are effectively released from the job
at the beginning of the notice period. Throughout the analysis, we consider the separation
date originally stated in RAIS minus 30 days as the dismissal date.” Importantly, RAIS
identifies workers by both a unique tax code identifier (CPF) and their full name.

The second data source comprises the universe of criminal cases filed in all first-degree
courts during the 2009-17 period, which is supplied by Kurier, a leading company providing
information services to law firms all over the country. These data are based on public case-
level information available on the tribunals’ websites and complemented with information
from the courts’ daily diaries. For each case, it is possible to observe its start and termination
date, court location, and one or more tags on the subjects being discussed. The defendant(s)

and plaintiff(s) are identified by their full name.

The defendant(s) name is available for 8 million criminal cases among a total of 14.5
million, due to imprecisions in the data input process from court diaries or due to judicial
secrecy. As a rule, judicial acts are public knowledge, yet judges may except the rule in
specific instances established by the law. These exceptions typically involve specific types
of suits such as sexual offenses and domestic violence, and cases involving individuals under
the legal age (18). For this reason, we exclude such offenses from our analysis. As for
the other types of crime, it is unlikely that missing data in our records is related to the
defendant’s job status — our main explanatory variable of interest — for the following reasons.
First, the threat of dismissal is not a valid motive for invoking secrecy; in fact, ongoing
criminal prosecutions do not constitute a just cause for worker’s dismissal by firms, which
only applies for definitive criminal convictions. Second, requests for secrecy generally take
place after the case has already started, while our data captures the identity of the defendant
as long as the case is started without secrecy. Third, for the specific case of offenders arrested
“in flagrante” — i.e. caught in the act committing crime — judges generally take the initial
decision on case secrecy exclusively based on the police form describing the arrest ( “auto
de prisao em flagrante”), thus lacking specific information on the defendant’s characteristics
such as employment status. Nevertheless, in Section 4.3 we leverage on the large variation
in the application of secrecy rules across state jurisdictions and show that our estimates

are unaffected when progressively restricting the analysis to states with a lower fraction of

9Setting the separation date equal to the minimum notice period is a conservative choice for testing the
parallel trends assumption underlying our difference-in-differences design when some workers actually have
a longer notice period. In practice, given the high job turnover, 37% and 90% of the workers in our sample
are dismissed with less than one and three years in the job, thus having a notice period between the 30 and
39 days, respectively.



missing values in the criminal prosecutions’ data.

Another measurement issue concerns the timing of criminal behavior, as the dataset
reports only the initial date of the prosecution case rather than the (alleged) offense date.
However, for offenders arrested “in flagrante”, the prosecution is initiated immediately
because a judge must decide whether to maintain the defendant while awaiting for trial.
For this subset of cases, we can thus precisely measure the timing of criminal behavior. In
addition, differential reporting by offender characteristics — including employment status —
should be less severe for such cases. In Section 4.3, we discuss these measurement issues at
length and assess the robustness of our results to including only criminal prosecutions for

arrests “in flagrante”.

We use the tags on case subjects to drop civil cases, which are covered in the original
dataset, and to distinguish — within criminal cases — between economically-motivated and
violent offenses. We include in the former category drug trafficking, thefts, robberies, trade
of stolen goods, fraud, corruption, tax evasion and extortions, while violent crimes comprise
assaults, homicides, kidnappings, and threatening. Some of the latter crimes may be
instrumental to other, economically-motivated crimes (e.g. a homicide committed during a
robbery). When estimating the impact on homicides, we will try to distinguish between
instrumental and non-instrumental homicides by separately coding those reported together
or not with other offenses, respectively. Finally, we create a third category of “other”
crimes: traffic related, slandering, illegal gun possession, small drug possession, failure to
obey, damages to private property, environmental crime, conspiracy, lynching, racial
offenses, and prejudice. Appendix Table A1 reports the share of each crime category among

all offenses and among crimes committed “in flagrante”.

3.2 Merging court and employment records

We merge the judicial and employment data on each individual’s full name, which is
reported in both datasets.!® To minimize errors, we restrict the analysis to individuals who
have unique names in the country. This is the case for about half of the adult population,
because Brazilians typically have multiple surnames, with at least one surname from the
father and mother, respectively. To identify citizens with a unique name, we create a
registry of individuals by merging the RAIS data with the Cadastro Unico (CadUnico), a

dataset maintained by the Ministry of Development for the administration of all federal

10T hroughout the paper, we refer to “name” as the person’s full name, i.e. the name-surnames combination.

10



L The resulting registry contains the name and tax ID for 96% of the

social programs.!
Brazilian adult population, allowing us to almost perfectly identify the commonness of each
name in the country.!? Subsequently, we restrict attention to individuals who have a unique
name in the country and merge the court data to the employment records by exact
matching on names. Columns (1)-(3) of Appendix Table A3 compare the characteristics of
job losers with and without unique names, respectively. There is some mild positive
selection into the former group, as workers with unique names achieve 6% more years of
education, earn 12% more, and are 2.6 percentage points more likely to be managers.
However, the standardized difference remains below 0.2 for all variables but education. In
addition, the two groups live in municipalities with similar characteristics and are similar in
terms of job tenure, firm size, and age.!®> We will assess the robustness of our main findings
to including all individuals whose name is unique in the state where they work (rather than

in the entire country). The coverage of country population increases to 70% in the

extended sample, further reducing positive selection (columns 4-6 of Table A3).

3.3 Descriptive evidence

Figure 2 shows how the average probability of criminal prosecution varies by employment
status, age, tenure, and monthly wage. We focus on workers employed between 2011 and 2015,
allowing us to track criminal behavior two years before and after. As in our main analysis, the
sample is composed of male, full-time workers in the non-agriculture private sector. The top
graph compares the yearly probability of criminal prosecution between workers continuously
employed throughout each calendar year and those dismissed in the same year, along the age
distribution. Interestingly, the age-crime profile is essentially flat for employed workers, with
around 0.4% probability of being prosecuted in a given year. By contrast, the crime rate is
more than twice as high for workers displaced at younger ages (up to 1% for 18-20 years old)

and declines progressively for workers displaced at older ages.

The bottom graphs in Figure 2 focus on crime outcomes of displaced workers two years
before and after the job loss, conditional on job tenure (left graph) and monthly wage (right

graph). The density function in the bottom-left graph shows that labor turnover is extremely

11CadUnico also contains the full name and tax ID for each individual.

12This coverage rate is derived by comparing the total number of individuals in our registry with that
of national population statistics, supplied by the Brazilian Institute of Geography and Statistics (IBGE).
Restricting the attention to adult individuals does not generate measurement error, because we only observe
criminal cases for individuals who are above the legal age (18).

B Appendix Figure Al also shows that the full distributions of age, income, job tenure, and years of
education are similar between the two groups.
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high, as a substantial share of workers are displaced within less than a year in the job. The
same graph also shows that low-tenure workers are more likely to be criminally prosecuted,
both before and after the job loss. Importantly, the prosecution rate is stable in the two years
preceding the layoff, before increasing in the two years following the job loss. The bottom-
right graph shows similar relationships between prosecution rates, employment status, and

monthly wage.

Of course, the differences in criminal behavior by employment status depicted in Figure 2
reflect both causal and selection effects, whereby we isolate the former from the latter in the

next section.

4 The effect of unemployment on crime

4.1 Sample selection and empirical strategy

Our individual-level data on employment and crime cover the 2009-2017 period. As is
common in previous studies (e.g., Grogger, 1998), we focus on male workers, who are
responsible for the large majority of crimes — 81% of all prosecutions in our sample. We
further restrict the sample to full-time workers (i.e. those employed for at least 30 hours

per week), holding open-ended contracts in the non-agricultural, private sector.

To implement a difference-in-differences strategy, we select as our treatment group all
workers displaced between 2012 and 2014 in the 20-50 age range, which allows us to estimate
dynamic treatment effects for up to four years after displacement, as well as placebo effects
up to three years before displacement.'* The pool of candidate control workers comprises
all individuals employed in firms that did not experience mass layoffs during our period of
analysis.”> We then match each treated worker with a control worker who (i) is not displaced
in the same calendar year, and (ii) belongs to the same birth cohort, earnings category (by
R$250/month bins), firm size (quartiles), one-digit industrial sector (9), state (27), and has
the same job tenure. When treated workers are matched with multiple controls, one control

unit is randomly selected.®

4Given that our data on prosecutions cover offenders above the legal age (18), we focus on the 20-50 age
range so that we observe criminal behavior for at least two years before the layoff.

150ur definition of mass layoffs is presented shortly below.

16In the baseline specification, control workers are not dismissed in the matching year but may be dismissed
in subsequent years. We show that results are robust to including only control workers who are continuously
employed throughout the entire sample period. Previous papers have used both approaches; for instance,
Ichino et al. (2017) and Schmieder et al. (2018) define the control group similarly to our baseline setting,
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Out of 5.9 million displaced individuals, 4.9 million are successfully matched to a control
unit. We then assign to controls a placebo dismissal date equal to the layoff date of the
matched treated worker, and compare outcomes for the two groups at different time intervals
relative to the layoff date. The presence of never-treated workers in the analysis allows us to
overcome the issues raised by the recent methodological literature when estimating the full
path of dynamic treatment effects — particularly, the presence of negative weights attached to
some treated units when averaging heterogeneous treatment effects in typical two-way fixed
effects regressions.!” As we will show in Section 4.3, negative weights are not present in our
analysis, and our results are robust to the alternative approach proposed by de Chaisemartin
and D’Haultfoeuille (2019).

In practice, we estimate the following difference-in-differences equation on the sample of

treated and (matched) control workers:

T T
Y = a+~Treat; + Z 0i(Treat; x Timey); + Z Time; + € (1)
t=—P t=—P

Workers are identified by the subscript ¢, and Treat; is a dummy indicating that the worker
belongs to the treatment group. The set of dummy variables Time;’s identify years since
layoff, which we can define very precisely because the exact dates of layoffs and criminal
prosecutions are reported in our data. Therefore, ¢ = 1 for the first 12 months after layoff,
t = 2 for the following 12 months, and so on; analogously, ¢t = 0 for the 12 months before
layoff, ¢ = —1 for the previous 12 months, and so on. The coefficients {1, ..., o7} thus identify
dynamic treatment effects, whereas {J_p,..., 0} estimate anticipation effects.!® Finally, we
absorb time-varying shocks with Time;. As a robustness check, we allow for time shocks
specific to municipality-industry cells by including the triple interaction T'ime, * Mun;g) *
Indy ), where Mun;;y and Indyg) are fixed effects for the municipality (5,565) and two-digit
industry (87) where the i-th worker is employed at time ¢ = 0. These are finer categories
with respect to our matching by state (27) and one-digit industrial sector (9). Comparing the
results obtained when we include and exclude this additional set of fixed effects thus reveals

the ability of our approach to eliminate the effect of confounding shocks at the local level.

while Jacobson et al. (1993) and Couch and Placzek (2010) restrict to workers who are continuously employed
through the whole period.

17See Borusyak and Jaravel (2017), Abraham and Sun (2018), Athey and Imbens (2018), Goodman-Bacon
(2018), de Chaisemartin and D’Haultfoeuille (2019), Callaway and Sant’Anna (2019) and Imai and Kim
(2019).

8 Monthly-level estimates are presented as a robustness exercise.
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To summarize the average treatment effect over all periods, we also estimate the equation
Y = a+~Treat; + S(Treat; x Post;) + APost; + €, (2)

where the dummy Post,; identifies the entire period after layoff, and all other variables are
defined as in (1).

The main challenge for identification is potential selection into displacement. Parallel
trends between treated and controls in the pre-treatment period attenuate but do not entirely
address such concerns. For instance, we cannot exclude a priori that firms may dismiss
workers who are more likely to commit crimes before they are actually prosecuted, so selection
into treatment on criminal propensity would not be apparent from pre-treatment trends in
criminal prosecutions. To overcome this issue, we restrict the analysis to mass layoffs, defined
as firms with at least fifteen workers dismissing 33% or more of the workforce within a year
without just cause.'® These layoffs typically depend on negative external shocks at the firm
level, rather than the characteristics and behavior of dismissed workers (see e.g. Gathmann
et al., 2020).

Table 1 presents summary statistics for treated and controls when including all layoffs
(first three columns) or restricting to mass layoffs (last three columns). The two groups are
balanced in terms of demographics, job characteristics, and local area characteristics. This
holds true even for variables that are not part of the matching process, such as education,
race, occupation and municipality characteristics. The standardized difference between the
two groups is below the threshold of 0.20 suggested by Imbens and Rubin (2015) for all
variables except education in the mass layoff sample. However, there is a noticeable gap in
the probability of