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Abstract

Criminal involvement has been shown to peak at a young age. While Becks theory
of the rational criminal is often referenced as a justi cation for increasing punishments
and policing, his model also suggests that improving labor market optionsreduces
criminality. For this reason, | estimate the impact of youth labor market opportunities
on arrest rates. | instrument for shocks in local employment demandwith national
industry trends using a shift share approach. My estimates suggesthiat a 1 percent
increase in labor market opportunities leads to a 1.08 percent decrease arrests for

14-18-year-olds.



1 Introduction

The age pro le of criminal activity peaks in late teenage yaa, then falls (Hirschi and
Gottfredson 1983; Ste ensmeier and Ulmer 2008). Decreasijugenile criminal participation
is therefore an important public policy objective. While cnninal sentences are more severe
for young adults than juveniles, criminal participation ha been shown to drop only slightly
across this age threshold due to harsher punishments (LeedadcCrary 2005; McCrary and
Lee 2009). Juvenile incarceration has been shown to reduce thkelihood of high school
completion and increase the likelihood of adult incarcer@n (Aizer and Doyle 2015). This
evidence suggests that the \stick" may not be the most e ecte tool for reducing crime,
and may actually increase future crime. Becker's (1968) meldsuggests the \carrot" may
also reduce incentives to engage in criminal behaviors bycreasing the payo to non-crime
activities. This makes the steady decline in youth employnmé over the last few decades
particularly concerning (Mixon Jr. and Stephenson 2016). Tdnemployment-population ratio
for 16-19-year-olds is at an all-time low and is expected toebeven lower by 2024 (Morisi
2017). Employment may be becoming more di cult for youth to dtain (Goodman 2008).
According to Becker's model, Decreased opportunities in thabor market could increase the
incentive to participate in the criminal market. This papertests this potential mechanism
for youth. Speci cally, | look at the e ects of changes in lalbr market opportunities on
juvenile and young adult arrests.

Theoretically, whether youth employment results in more oless crime is unclear. First,
| discuss the possible mechanisms through which employmesduld reduce crime, then |
0 er some ways in which employment could cause crime. Time et working could simply
incapacitate individuals from committing crime. Additiondly, if youth are concerned about
losing their job if caught committing crime, there might be adeterrence e ect of employment
on crime. On the other hand, employment could stimulate crimif the workplace represents
the rst time individuals come in contact with a cash registe or if new employees learn

illegal activities from existing employees or customers. hE average juvenile does not have
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a job, which means working youth receive greater income thaio their non-working peers.
Additional income could be a catalyst for juvenile delinquery. Particularly, this income
could be used to purchase alcohol, which has a well-estalbéid positive relationship with

crime (Carpenter 2005; Carpenter 2007; Carpenter and DolokR015).

2 Background

Since Becker's (1968) introduction of the theory of the ratinal criminal, economists
have been testing the model's predictions empirically. Thempirical literature that has
developed can broadly be split into two categories, one of igh tests the responsiveness
of crime to changes in punishments or policing (the stick) @vitt 1995; Chiras and Crea
2004; Evans and Owens 2007; Corman and Mocan 2005; Kessladt &snvitt 1999), and
the other of which tests the responsiveness of crime to lodabor market conditions (the
carrot). Research analyzing the response of crime to laboranket opportunities utilizes
two distinct methods of measuring the opportunity cost of égme. One method looks at the
responsiveness of crime to unemployment; the other lookstae responsiveness of crime to
changes in wages. Wages are thought to be the legal opportyntost of committing crime,
while unemployment is a proxy for the opportunity cost of crne. Unemployment generates
incentives to participate in criminal activity through the consumption smoothing motive.
Additionally, being unemployed could trigger frustration aad anger, which subsequently
leads to violent behavior (Agnew 1992).

In the empirical research examining the relationship betve unemployment and crime,
most studies nd small positive e ects for property crime and no e ect for violent crime
(Raphael and Rudolf 2001; Fougere et al. 2009; Lin 2008; Gouist 2013). These empirical
estimates are small and sensitive to the population and timgeriod being studied, despite
the clear theoretical predictions (Chal n and McCrary 2017.

In the body of research analyzing the e ects of wages on crigrtbe e ects are much larger



and robust (Grogger 1998; Doyle et al. 1999; Machin and Megl004). Within the wage
literature, some studies consider only changes in the minimm wage and its e ect on crime
(Corman and Mocan 2005; Hansen and Machin 2002; Fernandez d&epper 2014). Most of
these studies nd a strong negative relationship between mimum wages and crime. Gould
et al. (2002) span the two literatures by looking at wages andnemployment contempora-
neously. They nd higher wages and lower unemployment redeqroperty crime for male
youths.

Employment measures like wages and unemployment are edarilim observations, which
means they occur at the intersection of labor supply and labdemand. Using these observed
labor equilibria as an explanation for changes in crime canfnds whether changes in crime
that are attributed to changes in employment conditions aredriven by shocks to labor
supply or labor demand; a crucial question from a policy pgrsctive. To disentangle the
e ect of shifts in demand, one can use use demand shifting et that a ect only the
demand side of the economy or an instrumental variable thas ihighly correlated with the
employment measure but is only driven by shifts from the denma side of the economy.
| create an instrument for shocks in labor demand, followinthe shift share method rst
used by Bartik (1991) and later by Katz and Murphy (1992) and Banchard et al. (1992).
| construct estimated quarterly employment demand at the stte level. | use predicted
changes in employment demand to explain changes in crime. &panel analysis is similar
to approaches used in research on employment conditions aciime. These studies often
consider the level of unemployment, which is the number of pple who are looking for a
job but remain jobless. | exploit predicted changes in emptment demand, which measures
predicted changes in labor market opportunities, to isolata causal impact on arrests.

Existing research considering youth employment opportutiés and crime utilizes concen-
trated populations, for example Heller (2014) nds that tea employment does reduce crime
in a randomized control trial among disadvantaged youth in Bicago. Gelber et al. (2014)

nd aligned results looking at summer employment lotteriesn New York City. The job



corps has also been show to be an e ective way to decrease ejtihough at a negative net
bene t due to the cost of the program (Schochet et al. 2008). his paper analyzes systematic
changes in employment opportunities for the entire U.S. pojation of employed youth over

a l4-year time period.

3 Data

| use the Federal Bureau of Investigation's Uniform CriminaReporting (UCR) monthly
les, which report the number of men and women arrested by aggpe of o ense, and agency
at the monthly level from 2000-2012 Arrest data has both its bene ts and drawbacks.
Arrests may not be the best measure of criminal activity, becese not all crime that occurs
results in an arrest. Arrests are also highly dependent on tHevel of policing. However,
Cook et al. (2014) suggest they provide a reasonably accuraneasure of criminal activity.
An advantage to using arrests instead of reports is that arress unlike reports, generate
individual-speci c information like sex, age, and race.

The UCR arrest les are voluntarily reported at the agency legl. While these agencies
voluntarily report crime data through the UCR program or directly to the FBI, between 88
and 96 percent of the U.S. population is covered by agenciesatido report to the UCR
(Maltz 1999). Proper use of these data requires thorough aleing. To ensure the arrest
observations are as clean as possible, | plot agencies' sisanf state arrests over time. This
allows me to see how much each agency contributes to total tearrests for each time period.
| drop agencies that have erratic reporting patterns, ageres that report only in month 12 of

a year, and agencies that drop out of voluntary reporting dimg the sample® Arrest counts

1There are 29 o ense categories and14 sub o ense categories; this results 43 o ense classi cations.
2These data are available for download from the NACJD.

3| drop the following agencies from their respective states: Hoover ahMobile from Alabama; Arvada, Grand
Junction and Greeley from Colorado; Boston from Massachusetts; Apple Valg Eagan, Minneapolis, and
St Paul from Minnesota; Nassau, and New York from New York; Columbus, Lima and Toédo from Ohio;
and Seattle from Washington. Additionally, | drop Rhode Island before 2005, andWisconsin before 2003.
Washington DC and lllinois are dropped completely. These agencies are atlropped due to inconsistent
reporting.



are aggregated to the quarterly level to match the employmedata.

Quarterly Workforce Indicator (QWI) data are used for quartely employment totals
by state, industry*, and age group. Stable counts of employment, which are meest as
jobs that are held for the duration of the quarter, are my key mployment variable. The
QWI job counts are aggregated from employment data reportedybrms to each state's
Unemployment Insurance wage reporting system The Longitudinal Employer Household
Dynamics (LEHD) program creates a longitudinal employmentrad earnings database with
demographic characteristics by matching records from s&@tunemployment insurance pro-
grams to Census Bureau data. These data are aggregated to tpearterly level to create
the QWI (Abowd et al. 2009).

Population data come from The National Cancer Institute's Stveillance, Epidemiology,
and End Results Program (SEER). | obtain population estimas by state, age, sex, and
year for the duration of my panel. The SEER data are a modi cabn of the intercensal and
vintage 2015 annual estimates produced by the US Census BursaPopulation Estimates
Program. | aggregate these data to the state level and groupegm by sex and age so they
can be merged with the UCR and QWI data.

The number of sworn o cers employed in each state-year is obined from the UCR
Law Enforcement O cer Killed in Action (LEOKA) les. Police em ployees are used as a
proxy for the amount of policing in a particular state. My nal sample consists of quarterly
observations of arrests and employment for 46 states from2®to 2012 with two age-bins
(14-18 and 19-21), and sex identi ers.

Figure 1 shows national employment levels and the correspang growth rate for each

4The 20 industry categories include: (1) Agriculture, Forestry, Fishing and Hunting; (2) Mining, Quarrying,
and Oil and Gas Extraction; (3) Utilities; (4) Construction; (5) Manufactu ring; (6) Wholesale Trad; (7)
Retail Trade; (8) Transportation and Warehousing; (9) Information; (10) Financ e and Insurance; (11) Real
Estate and Rental and Leasing; (12) Professional, Scienti ¢, and TechnicalServices; (13) Management of
Companies and Enterprises; (14) Administrative and Support and Waste Mamgement and Remediation
Services; (15) Educational Services; (16) Health Care and Social Assistagic(17) Arts, Entertainment, and
Recreation; (18) Accommodation and Food Services; (19) Other Serviceexcept Public Administration);
(20) Public Administration.

SConsequently, these data do not include informal employment opporttnities, which may be of importance
for youth and young adults.



age group and sex at the quarterly level for the duration of mgample. Figure 2 shows
national arrest levels and the corresponding growth rate faach age group and sex at the
quarterly level for the duration of my sample. Both arrests md employment are highly

seasonal. Females are employed at slightly higher rates thanales, but males dominate
arrest counts for all age groups. Generally, employment gvth is strong in the late '90s,

attens out from 2000 to late 2008, then decreases in 2008. @$e trends are not surprising
as these data capture the transition from the dot-com boom tthe great recession. Arrests

follow a similar pattern, albeit with smaller magnitudes ofgrowth and decline.

4 Methodology and Estimation

| create an estimate of predicted employment growth to deterine how changes in the
number of arrests can be explained by predicted changes iretemployment level. Predicted
employment growth is calculated by predicting the level ofeployment in the next time
period, then calculating the growth rate from the actual legl of employment in previous

time periods. The next period's employment for each statéy; is calculated as follows:

- X US Emp in Industry i at time t
st —

s - - State sEmp in Industry i att 1
US Emp in Industry i attime t 1 ( P y )

Wheres indexes states and indexes time by quarter. The predicted employment level fahe
next quarter relies on national industry-speci ¢ growth raes and state-industry composition.

Predicted employment growth is then

Cst I—s;t 1.

Ost =
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which can be written as
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This allows us to see how the national industry-specic graiv G;; interacts with the
state-level industry composition to create predicted empyment growth. Each state's speci ¢
industry sector is predicted to grow at the national rate. Bdnchard et al. (1992) note that
this predicted employment growth is a valid instrument if idustry national growth rates
are uncorrelated with state-level labor-supply shocks. Tis true if there is no industry for
which employment is concentrated in any state and there is sient variation in state-level
industry composition. Figure 3 shows average industry sharéor all 46 states for each age-
sex group in my sample. Each bar represents a state's averagdustry composition over
the 14-year period. Each column has 46 horizontal bars; eabhr represents the share of
total state employment in that particular industry. Each cdor represents a state; the shares
across all industries for each state add to one. The retail der and food-service sector
dominate most states for youth and vary more than 20% in sharef employment across
states. Additionally, the maximum sector share is less than0So for any particular state.

Figure 4 plots actual growth against instrumented growth foreach state-quarter in the
sample for each age-sex group, weighted by population. Actgmowth plotted on the vertical
axis is an equilibrium outcome, the change in employment due changes in supply and
demand. Estimated growth on the horizontal axis is growth deionly to estimated changes
on the demand side of the labor market. The slope coe cient@m the regression of estimated
growth on actual growth is reported near the bottom of each pt in gure 4.

Generally, the clusters of large estimated growth in the rig of the plots is made up
of observations from 1998-2000, when both employment andests were increasing. Years

before 2001 are excluded in gure 5, and the slope coe cientdm the regression of actual



growth on estimated growth is around one for all age groups @rsexes. From 2001 onward,
estimated growth is an excellent predictor of actual growthThis is less true from 1998-2000,
which may be due to the instrument's variance in high-growtiperiods. Figure 6 plots actual
growth and estimated growth for every state over time sideykside for each sex-age group.
Figure 6 illustrates how each state's instrumented growth isimilar to the national growth
trend but di erent due to state-speci ¢ industry composition.

Table 1 reports regression results from estimated growth geessed on actual growth
across various xed-e ect speci cations. Columns 2-5 inementally add time and location
xed e ects. The exogeneity of the instrument requires indstry national growth rates to
be uncorrelated with state-level labor-supply shocks. Téimay not be the case if a partic-
ular state is driving the national shock. To address this caern, | calculate the instrument
for each state, while leaving out its own contribution to nabnal employment growth. The
formula to calculate the leave-own-out predicted employmégrowth Io’bgSt is below in equa-
tion (2), where gs;; is state-speci ¢ industry employment growth. Column 6 repis the same
speci cation as column 5 using the leave-own-out predictezimployment growth speci cation
for predicted employment growth.

5}
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The construction of a valid instrument for predicting emplgment growth allows me
to employ a simple empirical strategy. | use ordinary leastgsiares linear regression to
analyze the e ect of the instrument directly on my dependentwariable. | am estimating
the reduced-form e ect of estimated employment growth on aests, instead of a typical
two-stage instrumental variables approach.

My estimating equation is a linear regression with time andotation xed e ects as
follows:

% arrestSsayq = + Osayqt PoOlicesy + y+!1g+ s+ sayq;



Arrests t Arrests ¢ 1
Arrests 1

where % arrests is calculated as for each state and age-sex group from
quarter to quarter. Indicessayqindex state, age-s&f year, and quarter for each observation.
Estimated growth @s.yq IS constructed from employment data according to equationlj.
Polices, is the count of payroll o cers in a given state-year. Year xed e ects  are included
to capture broader economic trends that may be simultanedysa ecting employment levels
and arrests across all states. Seasonal variation is cortked for with quarter xed e ects ! .
Systematic di erences in states that are constant acrossntie are controlled for with state
xed e ects . Finally, sayq is the error term.

Identifying variation comes from changes in arrest levelsithin a state, quarter, and
year for a particular sex-age group. Estimated standard ers are clustered at the state
level. Regressions are weighted by the age-sex populationai given state-year. The coef-
cient of interest is , which is interpreted as the percentage change in arrestsala one
percent increase in estimated employment growth. My ideriing assumption is that the
predicted measure of employment growth is conditionally worrelated with the unobservable

component of change in arrests.

5 Results

Table 2 reports regression results across various spectioas. Column 1 reports esti-
mates for estimated growth regressed on change in arrestol@nn 2 adds state, year, and
quarter xed e ects. Column 4 adds state-by-year xed e ects. Columns 3 and 5 are similar
speci cations to 2 and 4, but are estimated using leave-owsut growth as in equation (2).
Robustness across these columns rules out the concern thattes are driving their own
employment shocks via the national growth rate. Table 3 repts the same speci cation as
column 2, including average arrest levels and average enypient levels. These averages
are combined with the elasticities to calculate the estimatl e ect size. E ect size is inter-

preted as the change in arrests caused by 100 new jobs for tlge-@&ex group for a given

6Age-sex categories include male, female, and all sexes for ages 14-18, 19-21, and 14-21.
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state-quarter.

| nd increased employment opportunities lead to decreaseatrests. 14-18 year old males
are most responsive to increases in job opportunities. Yogiadults are much less responsive.
For male youth the coe cient of -1.055 is interpreted as the prcentage change in arrests at
the state level for a given quarter due to a one percent increain employment opportunities.
This translates to 46 fewer youth arrests due to 100 new emptaent opportunities for 14-18
year old males in a particular state-quarter. Young adultsee 0.298 percent fewer arrests due
to a one percent increase in employment opportunities. Fetea are slightly less responsive,
but have a much smaller e ect size. This is consistent with th fact that females engage
in much less criminal activity than males. These estimates@ generated using arrest data,
which is a lower bound estimate of criminal activity since &lcrime is not reported as an
arrest. The reduction in criminal activity not resulting in arrest could be much larger.

These results are similar in direction but larger in magnitde than those of Heller and
Gelber, who look at participation in di erent summer employnent opportunities. Heller
nds a 43-percent reduction in violent crime arrests per ydh for disadvantaged youth who
were randomly o ered summer employment opportunities thnagh Chicago public schools.
Gelber nds participation in New York City's Summer Youth Employment Program reduced
the probability of incarceration by 0.10 percentage pointsBoth of these studies examine
only disadvantaged populations and summer employment. Ofie¢ disadvantaged youth, 96
percent are black in Heller's study, and 48 percent are black Gelber's. Neither study uses
a nationally representative sample.

| analyze the dierential e ect by race for juveniles in table 4. | use arrest counts
by race as the dependent variable across 4 categories: WhiBdack, Asian, and Native
American. | report estimates only for males and females comieid, since arrests by race
are not recorded by sex. The elasticities vary only slightiacross white and black. The
di erence in e ect size, however, is quite large. The e ectige of 5.4 fewer arrests for blacks

due to 100 new employment opportunities at the state level @mparable to Heller's ndings,
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which translate to 4 fewer arrests if 100 disadvantaged ydu{96 percent of which are black)
are given summer employment opportunities. While blacks amesponding proportionally
similarly to whites, whites make up a much larger fraction othe population; thus, including
whites explains the di erence in magnitudes seen between mgsults and those of previous
studies. Asians and Native Americans have more than twice thesgonse of whites and
black, but due to their relatively low level of criminal actvity, their e ect sizes are small
relative to other races. An important note is that | am allowirg only the dependent variable
to di er by race; | do not have employment data by race. Theseesults, therefore, do not
capture the fact that job opportunities are likely not equaly distributed across races. In
fact, my results are consistent with di erential job opporunities across races. One possible
explanation that whites see a larger reduction in crime duetpredicted job opportunities is
that whites are lling proportionally more of the potential job opportunities, which means
that more whites are removed from the criminal labor market.

To further investigate the mechanisms driving the resultsni tables 2 and 3, | categorize
arrests by o ense type. Arrests are recorded in 29 o ense grps and 14 subgroups, which
makes 43 categories and subcategories. | group these categanto non-mutually exclusive
groups by o ense type in table 4. Group 1 is violent crimes; group 2 is nancially motivated
crimes; group 3 is mischief type crimes; group 4 is personatmses; group 5 is drug related
crimes; and group 6 is substance abuse crimes. The incergit® commit o0 enses in di erent
groups vary substantially. Violent crimes are personal omses often triggered by anger and
other emotional responses. Financially motivated crimeseawcategorized as crime that could
be an arguable substitute for income. Mischief crimes areimes that youth \up to no
good" may commit. These crimes seem to be driven by boredonw the incapacitation of
employment is expected to play a role in decreasing thesengés. Personal o enses are sex
crimes or family crimes. Drug-related crimes are any arrestiealing with drug sale or drug

possession. Finally, substance-abuse crimes are alcoletdted crimes or drug-possession

"The total number o enses listed in table 4 is less than 43 because somals-categories are omitted to prevent
double-counting. For instance, drug sale and drug possession aggregate tqual drug o enses.
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crimes.

The regression results for each of these groups by age-sesugrare presented in table
6. | adjust signi cance levels for multiple hypothesis testg using the Benjamini-Hochberg
step-up method (Benjamini and Hochberg 1995). Table 6 idergs which grouping of crimes
are driving the aggregate results in tables 2 and 3. All typed orimes for all sex-age groups
still seem to be decreasing in predicted employment opportiies. For male youth, all
groups except drug-related crimes are estimated to decreaas employment opportunities
are expected to increase. Female youth are much less respansas only three groups have
coe cients signi cantly di erent from zero. The negative coe cient of nancially motivated
crimes is suggestive that they are inferior goods, decraagias income increases.

Consistent with the aggregate regressions, young adultsealess responsive than youth.
For nancially motivated crimes, young adult males are aboua third as responsive as youth
to predicted increases in employment opportunities. The sealt that youths respond more
to predicted changes in employment opportunities for naneailly motived crimes is sugges-
tive that nancially motivated crimes are more of a substitue for youth than for young
adults. Youth are constrained in the types of jobs they are igible to work at due to many
over-18 policies. This can been seen in gure 1 sub gures (ahd (b). Youths tend to be
employed only in retail, and food. The relatively lower avéability of employment oppor-
tunities could be an explanation for why youths seem to be sstituting toward nancially
rewarding crimes. Another possible explanation for young all arrests being less responsive
to increases employment opportunities is that since the yag adults are much less likely
to be dependents and much more likely to be employed, the obgsd arrests are happening
to employed individuals. Youth, on the other hand, are typially dependents and much less
likely to be employed, so increases in employment opportties have a larger incapacitat-
ing e ect than for young adults. This is an intuitive nding i f incapacitation is concave in
employment. Since youth have a much lower level of employmehan young adults, the

marginal e ect is much larger.
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| split arrests by o ense type to analyze which individual oenses respond to changes in
employment opportunities. | adjust signi cance levels fomultiple hypothesis testing using
the Benjamini-Hochberg step-up method. Regressions by o s& are included in tables 7, 8,
and 9. Table 7 is youth o enses, table 8 is young adult o enseand table 9 is both age groups.
For youth, most o enses have a negative coe cient. This tab illustrates which individual
0 enses are driving the aggregate results seen in tables 2daB. For youth males, robbery,
aggravated assault, burglary, larceny, motor theft, fraugdstolen property, vandalism, weapon,
drug, drug possession, non-narcotic drug sale, liquor lawend suspicion, are all decreasing
as predicted employment opportunities increase. Young allunales see a reduction only in
robbery arrests as employment opportunities increase. Thresult suggests that robbery is
a substitute for income. For both age groups, robbery, burgly, and larceny, other assault,
vandalism, weapon, drug sale, disorderly , and other o ensall decrease with employment
opportunities. Many of these signi cant results are drivenby the youth results. A few
o enses, like disorderly conduct, are not signi cant for éher age group but signi cant for
the combined age group. Overall, income substitutes seemke moving the most for young
adult males, a result that is consistent with Gould et al. (202) and Mocan and Rees (2005).

None of the 0 enses are changing at a rate signi cantly di erat from zero for females.
This is likely due to the fact that females are committing sigi cantly fewer crimes than

males, so slicing the data by o ense strips away any identifyg power.

6 Conclusion

E ectively decreasing the incidence of juvenile crime is aatral interest of public policy.
While a large body of research shows that increasing the cdrty of apprehension reduces
crime, doing so comes at a cost. A rational model of crime ptssalternative sources of
income can also be an e ective way to reduce crime. | test thielationship for youths

by predicting employment growth and analyzing how youth aests respond to predicted
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changes in employment levels.

This paper makes two major contributions to the economic krature on employment
conditions and crime. The rst contribution is that it provi des external validity to the RCT
ndings of Heller (2014) and Gelber et al. (2014), which docuemt the reduction of criminal
activity due to the random assignment of youth employment gportunities in large cities.
This paper looks at systematic predictions for job growth aoss 46 states, encompassing a
much larger population over a much larger time period. The send is the distinction between
labor market conditions, which are equilibrium outcomes,ral labor market opportunities,
which isolate predicted demand side shocks in the labor matk

To examine the e ect of labor market opportunities on crime| use a shift-share analysis
to create predicted employment growth only due to demand sedshocks. | then use changes
in expected employment growth to explain changes in arresates. | nd youth arrests
decrease 1.08% due to a 1% increase in employment opporti@st This translates into 30
fewer youth arrests due to 100 new youth job opportunities i given state for a given
quarter. Arrests are a lower-bound estimate of criminal aatity, so actual youth crime could
be decreasing even more. For young adults, this response amsiderably smaller. A 1%
increase in employment opportunities leads to a 0.29% dease in arrests, which translates
to 6 fewer arrests for every 100 new job opportunities in a g state for a given quarter.

Violent, nancially motivated, mischief, personal o enses and substance-abuse-related
arrests all decrease for male youths as employment opporities increase. Young adult male
arrests respond about a third as much as youth arrests for meially motivated crimes,
which is an intuitive result if incapacitation is concave inemployment. Since young adults
are employed at much higher levels than youth, the marginalext of increased employment
is much larger for youth.

Slicing arrests by o ense type, robbery, aggravated assauburglary, larceny, motor
theft, fraud, stolen property, vandalism, weapon, drug, drg possession, non-narcotic drug

sale, liquor laws, and suspicion all decrease as a resultrafreased employment opportuni-
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ties for youth males. A possible limitation of these ndingss that they rely on voluntarily
reported arrests. Only a fraction of criminal activity resilts in an arrest since many crimes
go undetected or unreported, so these results likely und&te the e ect of employment op-
portunities on crime. Secondly, many youth employment opptunities, such as babysitting
or yard work for a neighbor, will not be recorded in my data, sice | see only employment
for the duration of a quarter recorded by rms for unemploymat insurance obligations.
Nonetheless, these results are informative about youth andyng adult responses to in-
creased employment opportunities in the formal sector.

A natural extension of the work is to shift time periods for yaths to capture summertime
employment separately from school-year employment. Alsobt@ining employment data by
race would allow for an analysis of the opportunity of emplagent across races. Finally, in
coming work, | plan to apply a similar shift-share analysistahe state level and use counties

as the local geographies responding to changes statewidentis.
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