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ABSTRACT

THREE ESSAYS ON CRIME DETERRENCE LAWS

by

Mehdi Barati

The University of Wisconsin-Milwaukee, 2017

Under the Supervision of Professor Scott Adams
The main purpose of this dissertation is to apphpieical and theoretical economics
methodologies to analyze multiple topics in ecoresaif crime, which have important

policy implications. This dissertation consistdlofee chapters.

Chapter 1 introduces new evidence on the impacbotealed carry weapon laws on
crime. For more than a decade, there has beeradlermec debate over the deterrence
effect of concealed carry weapon (shall issue) latesvever, all previous studies do
not consider the types of gun-carry laws in plagergo the adoption of “shall issue”
laws. Using difference-in-difference methodolodye findings of this study imply that
considering the type of regulations that statesgramt to passing “shall issue” laws
matters and “shall issue” laws do have a deterreffeet under certain circumstances.
Adopting “shall issue” laws only reduces the crirate in states with “no issue” laws
in place, and “shall issue” laws are redundantrt@y issue” (restricted concealed

carry) laws in terms of crime reduction.

Chapter 2 investigates the deterrence effect ofasgimal increase in punishment
severity for illegal gun carrying. | explore New & 2006 sentence enhancement for
illegal gun possession, which effectively addethtosentence for any crime committed



with a firearm. Results show that the increase umighment contributed to the

decreasing crime rates in New York after 2006.

Chapter 3 investigates the impact of a marginahghan punishment severity
on crime rate. | exploit Arkansas’ (AR) 2011 adjustt in the felony threshold for
theft from $500 to $1000. The decrease in punishr@ntributed to an increased theft
rates in AR, suggesting criminals responded to rd@uced crime-specific cost.
Findings also indicate that the likely lower inaanation for theft did not lead to an

increase in other crimes.
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Chapter 1 : New Evidence on the Impact of Concealed Carry Wegrn Laws on Crime

1.1. Introduction

The United States has more gun-related deathsahgrother developed country in the
world.! The estimated rate of private gun ownership (ttiothand illicit) in the United States is
101.05 firearms per 100 people and the rate ofyaii deaths per 100,000 people is 1G.54.
Although crime rates have gone down significanthcs 1980, there were still 8,124 firearm-

related murders in 2014.

Concealed carry weapon (shall issue) laws weredntred ostensibly to allow people to
defend themselves, yet many decried that simplyngdtiearms to a society with a high rate of
gun deaths is counterproductive. The two compleddferent beliefs about the effectiveness of
“shall issue” laws have shown up in estimationsheir effects as well. Some researchers (Lott
and Mustard, 1997; Barons and Lott, 1998; Moody12(Plassmann and Whitley, 2003; Gius,
2013), have shown that “shall issue” laws redueedterall crime rate, but others (Rubin and
Dezhbakhsh, 1998; Ludwig, 1998; Ayres and DonoB083a, 2003b), have shown the crime rate

has gone up since these laws were introduced.

What previous researchers have overlooked is thatgrry regulations are heterogeneous
and might have differing effects. When adoptingdlsissue” laws, some states are transitioning
from a “may issue” process while others are mowiogn a “no issue” process. The “shall issue”

and “may issue” laws both allow private citizenscarry concealed weapons, but they require

Ihttp://abcnews.go.com/blogs/health/2013/09/19/@s-nore-guns-and-gun-deaths-than-any-other-costigy-
finds (Retrieve 2/24/2016)

2http://www.gunpolicy.org/firearms/region/united-s&ts(Retrieve 2/24/2016)
Shttps://www.fbi.gov/about-us/cjis/ucr/crime-in-thies/2014/crime-in-the-u.s.-2014/tables/expandeditice:
data/expanded_homicide data_table_8 murder_vichiynsveapon_2010-2014.x(Retrieve 2/24/2016)
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citizens to obtain a license in advance. Whilealslissue” laws require the authorities to issue
permits to qualified applicants, “may issue” lawgve the authorities more latitude to reject
applications. Therefore, unlike “shall issue” statgranting permits to carry is not the citizen’s
right in “may issue” states. This is why “may ieSlaws are often called restricted concealed
carry or limited issue laws by some (ex., NatioRéle Association): “No issue” laws, on the
other hand, do not allow private citizens to caogcealed weapons in public at all. The hypothesis
of this paper is that the effect of “shall issuaivks are likely dependent on the types of gun carry
regulations states had prior to the law changeikdriho issue” states, there is still a probability
that citizens of “may issue” states could obtaia tbncealed carry license, which could result in
criminal deterrence. Thereby, introducing “shadus” laws would deter criminals in such a case

only if “no issue” laws were in place.

The findings of this paper indicate that considgtine type of regulations that states had
prior to passing “shall issue” laws matters. Whifend no deterrence effect for those states that
switch to “shall issue” law from “may issue” lavibere exist a significantly positive effect (crime

reduction) for those states that switched fromigsne” laws.

1.2. Background on “shall issue” Laws and Prior Resarch

During the 1920s and 1930s, many states passedhavprohibited concealed carrying
(Cramer and Kopel 1994). Based on these laws, states did not allow their private citizens to
carry concealed weapons at all (no issue lawsysante other states empowered local authorities
to decide about issuing concealed carry permity (isgue laws). Thus, before 1960, there were

only three types of gun carry regulations (“unreged”, “may issue”, and “no issue” laws) in the

“http://web.archive.org/web/20081218111804/http:Mwmraila.org/Issues/FactSheets/Read.aspx?|[Rdtfieve
2/24/2016)




United State$.States then began to adopt the concealed carpondaws in different time spans,
but this process was slow, and by 1988 only niatesthad adopted “shall issue” laws (Grossman
and Lee, 2008).However, in the 1990s legislative activity accated, with 37 states enacting

“shall issue” laws as of 2008.

Criminal motives and deterrence research has l@sm lthe purview of criminologists,
psychologists, and sociologists. Gary Becker (19683 the first economist who extended this
literature by introducing criminals’ income as atpaf expected utility. In his paper, Becker
derived the supply of crime, which was negativediated to the punishment severity and the
probability of conviction”. McDonald (1999) expanded Becker's theory by addingre
determinant factors to the supply of crime functide specifically showed that the less restrictive
gun possession laws had a negative impact on f@ysaf crime. McDonald’s (1999) findings
are based on deterrence theory that implies crisic@nmmit fewer crimes once they perceive the
cost of committing a crime to be too high. Crimswdlave to be more cautious because their
potential victims might be armed and more capableratecting themselves. On the other hand,
according to Duggan’s (2001) findings, the meresenee of additional firearms in a community
following the passage of less restrictive gun dagyegislation might increase the crime rate due

to guns landing into the wrong hands. This isstxalled “more guns, more crime” effect.

5 An Unrestrictedgun-carry Laws are those that allow any privateen to purchase, sell, and carry weapons
(concealed or unconcealed) without any restricti@efore 2003 Vermont was the only state with Nova law.
Alaska (2003), Arizona (2011), and Wyoming (201®j)tshed back to unrestricted laws as well.

6 Alabama, Connecticut, Florida, Indiana, MainewNdgampshire, North Dakota, South Dakota, Washington

" In Becker's (1968) paper the expected utility froemmitting an offense is defined as:

EW) = PjUj(Yj - fj) + (1 = P) U;(Y;), wherey; is an offender’s income from committing an illegativity; U; is

his utility function;P; is his probability of conviction; anfj is to be interpreted as the monetary equivaletiief
punishment
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Existence of the concealed carry weapon laws pesvidsearchers with a good source to
test the net effect of less restrictive gun lawsccording to McDonald’s (1999) findings, moving
toward less restrictive gun carry (Ex. “shall is§daws, positive deterrence effect dominates the
negative “more guns, more crime” effect. This irdés that there should be lower crime observed
in states that adopt “shall issue” laws. By usingnthly homicide data from 1973-1992 for five
counties, McDowall et al. (1995) was one of thetfapplied studies that assessed the effect of the
“shall issue” law$. Using the Autoregressive Integrated Moving AverégRIMA) model, the
authors concluded that there is not enough evidémete“shall issue” laws could decrease the

crime rate.

Lott and Mustard (1997) invigorated the literatuwad gun lobbyists by applying
difference-in-difference (DD) methodology to esttmthe effect of “shall issue” laws on the crime
rate for the period of 1977-1992. Based on thedihgs, Lott and Mustard concluded that states
with “shall issue” laws have lower crime rates thstates with more restrictive gun carry
regulations. Since then, this study has been esigleged by the National Rifle Association
(NRA) and other gun advocates in support of thetes on behalf of concealed carry weapon

laws?

Lott and Mustard’s findings were striking and prdetgp a large number of academic
responses. By changing the econometric methodotogl/or the model specification, other
researches reanalyzed the Lott and Mustard dataseing these papers, Barons and Lott (1998),

Bartley and Cohen (1998), Moody (2001), and Plassnaand Tideman (2001) corroborated the

8 Hinds county in Mississippi (Jackson), Multnomall &lackamas (both counties were combined), Partannties
in Oregon, and Dade (Miami), Duval (Jacksonvile)d Hillsborough (Tampa) counties in Florida)
%http://mediamatters.org/blog/2014/08/04/nationfibrassociation-offers-weak-defense/200314(Retdeve
2/24/2016)
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findings of Lott and Mustard. On the other handbiRuand Dezhbakhsh (1998), Ludwig (1998),
and Ayres and Donohue (2003a, 2003b) concludedshatl issue” laws increase the crime rate.
Black and Nagin (1998) claimed that Lott and Mus&findings are highly sensitive to minor
changes in the sample. Based on their findings;KBdad Nagin believed that there is not enough

evidence to show a significant impact of “shadlis” laws on the crime rate.

Due to many different and conflicting ideas abdc effect of “shall issue” laws, the
National Research Council (NRC) set aside one ehagtits book (Firearms and Violence: A
Critical Review (2005)) to explore the causal ef$eaf concealed carry weapon laws on crime
rates. After reviewing the existing (and confligjditerature and undertaking their own evaluation
by using county-level data for the period of 19700@, a majority of the panel members came to
the conclusion that the existing research failedetermine the true impact of “shall issue” laws.
They also concluded that their own empirical resulere imprecise and highly sensitive to

changes in model specification and data period.

Donohue et al. (2010) raise the point that therg b® serial correlation in panel data
studies. This can lead to the underestimatiotasfdard-errors (Wooldridge, 2003, 2006; Angrist
and Pischke, 2009) posit that clustering standemalsis a necessary correction in order to address
this problem (Arellano, 1987). By using both couletyel and state level dataset for the period of
1977-2006 and after clustering standard-errors,dbaa et al. (2010), which is arguably the most
reliable analysis to date, also found no statisBc@port for the deterrent effect of “shall issue”

laws and brought all previous researches’ findimgger question.

Although Donohue et al. (2010) contradicts findimgsvicDonald (1999) concerning the
deterrence effect of the less restrictive gun clawms, they do not consider the types of gun-carry

regulations in place prior to the adoption of tlsédll issue” laws. This is perhaps a reason that
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they failed to find statistical support for an effef “shall issue” laws. In this paper, | alsodino

statistical support for the impact of “shall issl@hs on the general crime rate. However, once |
introduce separate treatment groups—those thatksibm “may issue” process and those that
switch from “no issue” process—I conclude that 1slszsue” laws decrease the crime rate if states

adopt “shall issue” laws from “no issue” laws.

1.3. Conceptual Framework and Central Hypothesis

As mentioned, the contribution of this paper isdobsn this hypothesis that the deterrent
effect is stronger when the changes in gun camg laccur from “no issue”, rather than “may
issue”. When law change occurs from “no issue”epbtél criminals are more deterred because
their potential victims (private citizens) who weret allowed to carry guns at all, now have the
right to carry guns concealed and are able to defieemselves. This is not necessarily the case
when states change their laws from “may issue”. édritnay issue” laws, there is still the

probability that private citizens carry guns toeted themselves.

It also should be taken into consideration thap#dg less restrictive gun laws like “shall
issue” persuade people to buy more guns. Thus,riédsonable to assume that adopting “shall
issue” laws will increase the number of guns soéltk effect of “shall issue” laws on gun sales is
important because many researchers (Ex. Cummingj¥aapsell, 1997; Mark Duggan, 2001;
Miller et al., 2002; Grassel and Wintemute, 2008)dve that the overall rate of death and suicide
is usually higher in states with a high percentaiggun ownership than other states. Branas and
Richmond (2009) also showed that those who podsasdguns are more likely to die from
violence than those without handguns. Thus, acagridi the hypothesis of this paper, “shall issue”
is redundant to “may issue” and adopting the “sisalle” laws from “may issue” is an unnecessary

change which might only serve to stimulate gunssalgthout any benefit.
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1.4. Data

In order to further understand the effect of “sledue” laws, | identify a set of states that
enacted the concealed carry weapon laws from 1998-2 restricted the period to 1991-2008
because this is a period in which most of the stagssed their “shall issue” ladsMoreover, in
their paper, Ayres and Donohue (2003a) pointedi@aitcrime rose (especially in “non-shall issue”
states) dramatically during the period from 19882 8nd including this period may confound the
estimation of the effect of “shall issue” laws. rAg and Donohue’s (2003a) findings showed when
they restricted the period to 1991-1999, there wasgnificant increase in crime rates. | also
limited the period to 1991-2008 to avoid the prdbaimpact of the great recession on crime rates.
Additionally, after 2008 some states started chamgheir gun-carry laws from “shall issue” to
“no restriction”. This caused the number of “shafiue” states to drop from 37 in 2008 to 31 in

2015.

In 1991, 16 states were already “shall issue”,efuge | always use these 16 states as
control states as their status never changes. Batd@91 and 2008, 22 more states also adopted
the “shall issue” laws at different times, whichirfomy treatment group. As a result, the control
group is composed of two types of states— thoseatestill not “shall issue” and those that
already were “shall issue”. Table 1 lists gun caegulations for all states and also the type of gu

carry laws that states had prior to the adoptiofsiodll issue” laws.

By 2008, 37 U.S. states had passed “shall isswes.|In this paper, information about the
effective dates and coverage of the concealed tamywere compiled from a variety of sources.

The primary sources were the NRA, each state’sl&gin, and related news reports. In some

10 From 16 states in 1993 to 37 states in 2008



cases of ambiguity, | also contacted differentespatliice departments, sheriff’'s departments, state
attorney general offices, and private attorneys whee specialists in gun-related laws to find out

the effective dates of the concealed carry weapas In different states.

In order to study the effect of the concealed careapon laws on the crime rate, | used
the FBI's Uniform Crime Report (FBI-UCR) dataset &x different types of crimes (murder,
robbery, burglary, aggravated assault, larceny,raatbr vehicle theft) for the period of 1991-
2008. Following the majority of previous papersldo chose these crimes because they are the
only reported crime dataset by FBI-UREThis dataset allows for yearly variation for edghe
of crime for all states. | dropped Alaska becailmy thave changed their laws twice during the

time span, rendering identification less clean.

Additionally, I control for the effect of other one preventing policies —add-on gun laws,
three-strike legislations, and permit to purchasemadgun laws— that might also affect crime
rates. Both add-on gun laws and three-strike latisis are punishment enhancement policies that
are designed to reduce the crime rate. While ¢l gun laws impose harsher sentences for
offenders who possess firearms during the comnmgsia felony, three-strike legislation imposes
harsher sentences on offenders who are previoaslyicted of two prior serious offenses and
then commit a third. States with permit to purcha$andgun laws require their citizens to obtain

a permit for buying handguns besides obtainingrenjpéo carry handguns concealed.

In order to take into consideration the effect ocbmomic conditions on crime rates,

following Plassmann and Tideman (2001) and Donctw@é. (2010), | control for unemployment

11 Since FBI recently changed the definition of rdpgid not include rape



rates obtained from the Bureau of Labor Statig#tsS). Following Lott and Mustard (1997) and

most of the subsequent studies, | also add thefiggppulation by age, race, and sex groups,
number of police officers, lagged arrest rates, states’ income per capita as control variables.
All demographic data are collected from the US @en&BI-UCR dataset provides me with the
number of police officers and arrest rates. Datdrfoome per capita are retrieved from Federal
Reserve Bank of St. Louis. Table 2 reports the nofamime rates and other control variables in
this analysis for both the treatment and contratest. According to this table, before adopting

“shall issue laws” most of the crimes in treateatest had higher rates than those of control states.

1.5. Methodology

| begin by dividing all states into two groups—thdbkat have changed their laws to “shall
issue” by 2008 and those that have not changed lthes since 1993 The goal is to see how
adopting the concealed carry weapon laws mightatféferent types of crimes no matter what
types of gun carry regulations states had prigh¢éoadoption of “shall issue” laws. The intent is
to replicate existing works with some modest imgroents. Specifically, | use updated data, a
larger control group, and more appropriate econometethods. For this analysis | used the

following regression model:
CRsy =Ss + Y, + (Y * S)s + FCCW,y, + AX,), + &5, (1.2)

Subscript $” denotes states and subscriygt tienotes years. The terfisandY,, are the
state and year fixed effects. In order to provite most robust estimates, following Donohue et
al. (2003a and 2010) | also add@t+ S), in order to control for state-specific time trendibe

variableCRis the log of number of crimes per 100,000 pedmiehe six different categories of

12 States could change their laws from “no issue'hoay issue.
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crimes that | mentioned earlier. Specifically, llwiin the model six times (once for each type of
crime) to study the effect of “shall issue” laws @ach type of crime separately. Our variable of
interest CCW) is the dummy that shows if states adopted thell'stsue” laws or not3 The term

X,y represents the state-level, time-varying set oftrob variables that might affect crime. As
mentioned, these variables include the log of paprt by age, race, and sex groups, number of

police officers, lagged arrest rates, income ppitaaand other crime preventing regulations.

The main contribution of the paper is estimatinggsate effects by legislation type. Below

is the model that | use for this analysis.

CRsy = Ss + Y, + (Y X S)s + aMTSs, + BNTSs;, + AXsy, + &5, 1.2)

In model (2), the variablMTSis set to one if the states changed their laws ffmay
issue” to “shall issue” laws and is set to zeraeothse. Thus, the treated states are those that ado
“shall issue” laws from “may issue” laws betweerd1@&nd 2008.The variabMTSis set to one
if the states changed their law from “no issue"dball issue” laws and is set to zero otherwise.
So, the treatment group are those states thathswatéshall issue” laws from “no issue” laws

between 1991 and 2008.

Assuming that control states and treatment states@anparable, the regressions for both
models (1) and (2) use weighted least square whereighting is each state’s population. As
noted above, standard errors are also clusterdw attate level to allow for correlation in errors

over time in a given state.

13 CCW-=L1 if state is shall issue and zero otherwise
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1.6. Results

This section consists of three parts. The firsssentially a replication exercise of previous
approaches, albeit one with a larger control graxngb more appropriate econometric methods. In
the second part, | examine if the type of reguledithat states had prior to the adoption of “shall
issue” laws matter or not. Finally, in the lasttpbalso apply the Probit estimator to check wketh

or not the findings are robust with respect to ¢fifag econometric methods.

1.6.1. Replication of existing work

| first estimate model (1) in order to study tlifeet of adopting “shall issue” laws on the
crime rate without considering the kind of regudas states had in the past. As mentioned, in order
to prevent non-independence of observations fra@rsime state that might affect the inference,
standard-errors are clustered at the state levalliregressions. As table 3 makes it evident,
estimations for the impact of “shall issue” laws arsignificant for all types of crime. These résul
are consistent with those of the NRC committee $2@hd Donohue et al. (2010), which imply

there is not enough statistical support for theamf “shall issue” laws on the crime rate.

1.6.2. Differential effects of moving from May Issus. No Issue

In order to test whether or not the deterrent ¢ftestronger when the changes in gun carry
laws occur from “no issue” rather than “may iss@&hich is this paper’s hypothesis) model (2)
is estimated. Based on model (2) estimations, wéaielieported in table (4), adopting “shall issue”
laws have no effect on crime rates when statesgehtnreir laws from “may issue”. Yet, there will
be a significant reduction in theft crimes (robhdayrglary, and larceny) when a law change takes

place from “no issue” laws.

For motor vehicle theft (which is another thefinez) the coefficient is still negative,

sizable, and very close to being significant. Orablem, which might cause the result for motor
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vehicle theft to be insignificant could be stateeledata. Using state-level data one cannot
differentiate urban and rural areas. This issuelzas the results toward no effect of the “shall
issue” laws because in most rural areas in thesst#te crime rate are low already, and there is
less room for measurable downward effects of “sisalle” laws. However, this does not mean
that the “shall issue” laws are not effective lawstill must use state level data. Maltz and
Targonski (2003) shows that FBI-UCR’s county ledata are less reliable because the law
enforcement agencies voluntarily report the crirm@do the FBI. Their findings also imply that

by imputing missing agency data, the FBI's statelelata are less problematic.

Estimates of model (2) do not provide enough stesissupport for the impact of “shall
issue” laws on murder and aggravated assault. ©ukl @assume that murder and aggravated
assault are less calculated crimes and more he¢la¢ @homent crimes. Thus, their criminals may
be less inclined to think through whether victinas@a gun or not, which skeagtimations toward

no effect of “shall issue” laws.

The first approach used in the current study ip&D, which is common in the literature
with clustered standard-errors at the state ldadDD methodology, the basic assumption is that
the control group is a good counterfactual fortteatment group. That is, absent the intervention
we would expect the same pattern of outcomes & exer time in each group. To test this, | add
leads to my model to determine if there were agpiicant differences in states by which gun
legislation regimes fell and I find no differenceBlotting pretreatment trends can also help to
recognize if the control group is a good countdtfakcfor the treatment group. In this study, as
different states adopt “shall issue” laws at ddfartimes, it is difficult to graph one specific
pretreatment trend for the treatment group. In otdeesolve this issue, | only plot the trends for

the 1991-2000 period in which 13 states switche@hall issue” laws. Looking at graphs 1-6, it
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can be seen that for all types of crime the prétreat trends are the same in both control and
treatment states. Additionally, as a placebottegerify the validity of the research design, dplr

all post-intervention years. Then | randomly assake treatment years to examine whether or not
there is still a significant reduction in crimeegafAs it can be seen in table (5) obtained results
confirm that pre-treatment crime trends do not pagignificant role in reducing crime rate,

indicating that the results presented throughceinat spurious.

1.6.3. Robustness check

Plassmann and Tideman (2001) suggest that the oatunte of crime data renders simple
Weighted Least Square (GLS) to be the most apmtepmethod to estimate the effect of the
concealed carry weapon laws. Using simple GLS pe@ally problematic for crimes with low
rates, such as murder and robbery. In order tgidenthis issue | also apply the Probit analysis

by estimating:
Y5y = ®(XgyB + Cy) (1.3)

“Y” is the percentage of crime rate in stafeit year Yy and, X” represents other variables that
might affect Y”, “c” is a state-specific time trend, add.)is the standard normal cumulative

distribution function. In table 6, model (3) isiestted using the inverse normal of the crime rate
as the dependent variable. As it can be seen la @bndings of this paper are not sensitive to
change in estimation method and using non-linedhoas do not change the findings. Overall, it
can be said that not considering the gun carrylagigus prior to the adoption of “shall issue”

laws was the main reason that studies like Donatwg. (2010) obtained no statistical support

for effect of “shall issue” laws.
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As discussed before, less restrictive gun laws $Ball issue laws) likely result in more gun sales.
Thus, according to the findings of the current gtudr states with “may issue” regulations in
place, adopting “shall issue” laws could only impid@ gun sales without reducing crime. Since
reviewing previous research suggests more gunsead to more death (Cummings and Koepsell,
1997; Mark Duggan, 2001; Miller et al., 2002; Gesand Wintemute, 2003), adopting “shall

issue” laws from “may issue” appears to potentibyan unnecessary and dangerous change.

1.7. Conclusion

The concealed carry weapon laws were passed iritem# to reduce the crime rate.
Policymakers believed that, although an increaggimavailability might lead to increased crime,
the deterrent effect of “shall issue” laws domisaa@d will eventually reduce the crime rate. In
this paper, | used DD methodology to estimate tfexeof the “shall issue” laws on six different
crime rates. The main difference between the ctistrdy and the previous ones is dividing the

treated states into a “may issue” group and a$sae” group.

Findings of this paper confirm that the concealaaycweapon laws likely reduce the crime
rate, but only when the law change occurs fromi&sae”. However states that move from “may
issue” to “shall issue” do not see a change becauseay issue” states, there is still a probapilit
for normal citizens to obtain a concealed carrymperAdditionally, adopting “shall issue” laws is
likely to increase the number of gun sales. Theegfibis potentially true that moving from “may
issue” to “shall issue” is a redundant change mgeof crime deterrence, with potentially

dangerous consequences.
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Figure 1.1. Pretreatment Trend for Robbery in lmathtrol and treated states
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Figure 1.2. Pretreatment Trend for Burglary in bathtrol and treated states
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Figure 1.3. Pretreatment Trend for Larceny in lmathtrol and treated states
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Figure 1.4. Pretreatment Trend for Motor Vehicleeffiin both control and treated states
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Figure 1.5. Pretreatment Trend for Murder in bathtml and treated states
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Figure 1.6. Pretreatment Trend for Aggravated Alssadoth control and treated states
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Table 1.1. Year of Enactment of “Shall Issue” Law

States State Gun Carry Laws Passage dati
Alabame Shall issu <1997
Alaska* Shall issue (change from No iss 199¢
Arizong Shall issue (change from No iss 199¢
Arkansa Shall issue (change from No iss 199¢
Californic May issut <1997
Coloradc Shall issue (change from May iss 200:
ConnecticL Shall issu <1991
Delawart May issut <1991
District of Colombis No issur <1991
Florids Shall issu <1991
Georqic Shall issu <1991
Hawaii May issut <1991
Idahc Shall issu <1991
Illinois No issur <1991
Indiane Shall issu <1991
lowa May issut <1991
Kansa: Shall issue (change from No iss 200¢
Kentucky Shall issue (change from No iss 199¢
Louisian: Shall issue (change from May iss 199¢
Maine Shall issu <1991
Marylanc May issut <1991
Massachuset May issut <1991
Michigar Shall issu¢(change from May issu 2001
Minnesot: Shall issue (change from May iss 200:
Mississipp Shall issu <1991
Missour Shall issue (change from No iss 200:
Montans Shall issu <1997
Nebrask Shall issue (change from No iss 200¢
Nevad: Shallissue (change from May iss! 199t
New Hampshir Shall issu <1991
New Jerse May issut <1997
New Mexicc Shall issue (change from No iss 2002
New York May issut <1997
North Carolin: Shall issue (change from No iss 199¢
North Dakot: Shallissu <1991
Ohiac Shall issue (change from No iss 200¢
Oklahom:i Shall issue (change from No iss 199¢
Oregor Shall issu <1991
Pennsylvani Shall issu <1991
Rhode Islan May issut <1991
South Carolin Shall issue (change from May iss 199¢
South Dakot Shall issu <1991
Tennesse Shall issue (change from May iss 199¢
Texa: Shall issue (1change from No iss 199¢
Utal Shall issue (change from May iss 199¢
Vermon Unrestricte <1997
Virginia Shall issue (change from May iss 199¢
Washingtol Shall issu <1991
West Virginie Shall issu <1991
Wisconsit No Issut <1991
Wyoming* Shall issue (change from May iss 199¢

* Alaska in 2003 changed its laws to unrestricteceargain. That is why Alaska is excluded from tresttrgroup
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Table 1.2. Mean of key variables in analysis be&atepting of “shall issue” laws

Variable Means for Means for Treated
Control States States
Number of Crime per 100,000 people:
Robben 136.1¢ 131.4¢
Burglary 725.1: 863.9¢
Larceny 2366.98 2708.53
Murdel 6.01 6.24
Motor Vehicle Thet 385.1:¢ 388.6:¢
Aggravated Assat 276.1¢ 317.6:
Number of Arrests per 100,000 peoplt
Robben 36.4¢ 30.3¢
Buraglary 88.0( 97.6¢
Larceny 396.4¢ 493.27
Murdel 11.22 6.11
Motor Vehicle Thel 42.2¢ 41.5¢
Aggravated Assault 112.75 117.70
Other 3470.44 3839.30
Population Characteristic:
State populatiol 566779: 479812
Population per square m 413.3" 80.6¢
Male populatior 277693: 234128
Female population 2890860 2456847
Race Aae data (% of population)
White 82.0¢ 87.81
Black 11.6¢ 9.14
Other Rac 6.2t 3.0¢
Male 10-19 7.3 7.67
Male 2(- 29 6.97 7.1C
Male 3(-39 7.3¢ 7.9¢€
Male 4(-49 7.35 7.0t
Male 5(-64 7.5¢ 6.57
Male over 6¢ 5.3€ 5.0¢
Female 1-19 6.9¢ 7.3C
Female 2- 29 6.8t 7.0<
Female 3-39 7.4z 8.0z
Female 4-49 7.4¢ 7.1¢
Female 5-64 8.04 7.01
Female over € 7.4¢ 7.3C
Number Police Officer per 100,00(
Male officers 204.2: 185.296.
Femal¢ officers 23.6¢ 19.073¢
Unemplovment rate 5.0¢ 5.14
Income Per Capita ($/year) 29635.74 22759.16
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Table 1.3. Effect of adopting “shall issue” laws @ime rates without consideration of the typehef t
regulation states had in place prior to the lawngea(1991-2008)

VARIABLES Robbery Burglary Larceny Motor Murder  Aggravated
Vehicle Theft Assault
Shall Issue -0.0218 -0.0404 -0.0318 -0.00486 -(6026 0.0562
(0.0331) (0.0317) (0.0289) (0.0340) (0.0396) (0.0342)
Observations 770 770 770 770 770 770
Other Policies yes yes yes yes yes yes
State and Year Fixed Effect yes yes yes yes yes yes
State Specific Fixed Time Trend yes yes yes yes yes yes

** * denote statistical significance at the 0.05ah10 levels, respectively

The treatment variable is “shall issue” that eqoaks when a states adopt the “shall issue” lavgarddess
of type of the gun carry laws that state had inghst, and zero otherwise. Estimations in everlyazel
obtained from a separate regression. Standardsarerin parentheses and are clustered at thdestate
to allow for arbitrary patterns in heteroskedastiend correlation in errors over time in a givéate. All
regressions use weighted least square where tlyhtivej is each state’s population.
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Table 1.4. Effect of adopting “shall issue” laws @ime rates with consideration of the type of the
regulation states had in place prior to the lawnglea(1991-2008)

VARIABLES Robbery Burglary Larceny Motor  Murder Aggravated
Vehicle Assaul
May Issue to Shall Issue 0.0495 0.0323 0.0149 ®069 0.0225 0.0449
(0.0449) (0.0378) (0.0377) (0.0465) (0.0281) (@34
No Issue to Shall Issue -0.0727%0.0923** -0.0651*  -0.0581 -0.0615 0.0426
(0.0413) (0.0393) (0.0367) (0.0415) (0.0575) (a9
Observations 770 770 770 770 770 770
Other Policies yes yes yes yes yes yes
State and Year Fixed Effect yes yes yes yes yes yes
State Specific Time Trend yes yes yes yes yes yes

** * denote statistical significance at the 0.0%20.10 levels, respectively

The variable “may issue to shall issue” equalswhen a state adopt the “shall issue” laws from “may
issue” laws and zero otherwise. The variable “rsoigsto shall issue” equals one when a state ablept t
“shall issue” laws from “no issue” laws and zerbeatvise. Estimations in every cell are obtainednfie
separate regression. Standard errors are in pasad, and are clustered at the state level tov &lo
arbitrary patterns in heteroskedasticity and cati@h in errors over time in a given state. Allneggions
use weighted least square where the weightingcis siate’s population.
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Table 1.5. Placebo test for the effect of adoptsiwll issue” laws on crime rates with considenatio
of the type of the regulation states had in plagar po the law change (1991-2002)

VARIABLES Robbery Burglary Larceny Motor  Murder  Aggravated
Vehicle Assault
Thefi

May Issue to Shall Issue 0.0284  0.0655 0.0890  0*197 0.00501 _ -0.0620
(0.0684) (0.0556) (0.0613) (0.0953)  (0.0655)  (@)10

No Issue to Shall Issue 0.0283  -0.0459 -0.0319 6450 0.0590 -0.197
(0.141) (0.0595) (0.0610) (0.0836) (0.0698) (0)122
Observations 381 381 381 381 381 381
Other Policies yes yes yes yes yes yes
State and Year Fixed Effect yes yes yes yes yes yes
State Specific Time Trend yes yes yes yes yes yes

** * denote statistical significance at the 0.05ah10 levels, respectively

The variable “may issue to shall issue” equalswhen a state adopt the “shall issue” laws from “may
issue” laws and zero otherwise The variable “Naes® shall issue” equals one when states adopt the
“shall issue” laws from “no issue” laws and zerbeartvise. Estimations in every cell are obtainedfro

a separate regression. Standard errors are inthases, and are clustered at the state levelow al
for arbitrary patterns in heteroskedasticity andelation in errors over time in a given state. All
regressions use weighted least square where tlghtivej is each state’s population. | drop all post-
intervention years. Then | randomly assign fakattreent years to examine whether or not therells sti

a significant reduction in crime rate.
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Table 1.6. Effect of adopting “shall issue” laws@ime rates with consideration of the type of the
regulation states had in place prior to the lawngea, using the Probit estimator (1991-2008)

VARIABLES Robbery Burglary Larceny Motor  Murder  Aggravated
Vehicle Assault
Theft

May Issue to Shall Issue 0.0151  0.0128 0.00739 3502 0.00605  0.0148
(0.0135) (0.0131) (0.0156) (0.0156) (0.00834) 163)

No Issue to Shall Issue -0.0222%0.0324** -0.0256* -0.0191 -0.0178 0.0138
(0.0127) (0.0139) (0.0148) (0.0139) (0.0167) (@11
Observations 771 771 771 771 771 771
Other Policies yes yes yes yes yes yes
State and Year Fixed Effect yes yes yes yes yes yes
State Specific Time Trend yes yes yes yes yes yes

** * denote statistical significance at the 0.05ah10 levels, respectively

The variable “may issue to shall issue” equalswhen a state adopt the “shall issue” laws from “may
issue” laws and zero otherwise The variable “Naes® shall issue” equals one when states adopt the
“shall issue” laws from “no issue” laws and zerbeartvise. Estimations in every cell are obtainedfro

a separate regression. Standard errors are intpases, and are clustered at the state levelow al
for arbitrary patterns in heteroskedasticity andralation in errors over time in a given state. All
regressions use weighted least square where tightivej is each state’s population.
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Chapter 2: The Effect of More Severe Punishments for lllegalGun Carrying on
Crime

2.1. Introduction

The United States has the largest prison popul@iorcapita in the world. While the U.S.
incarceration rate was 693 per 100,000 people i 2the incarceration rate was only 114 per
100,000 people in CanaédtiDespite this mass incapacitation through incatiterathe U.S. also
suffers from high rates of violent crime. For thejamity types of violent crime (murder, robbery,
and forcible rape), the U.S. is rated among the i®pcountries within the Organization for
Economic Cooperation and Development (OECD) mendoeintriest® To illustrate this, the

homicide rate in the U.S. was 4.5 per 100,000 id2@hile this rate was only 1.4 in Cand&’

Due to the simultaneously high rates of crime amzhiiceration in the U.S., enacting
policies that reduce crime rates without raising gnison population remain at the top of the
research agenda for many criminologists, sociotegisnd economists. Among these types of
policies, enhancing punishment severity seems tousy useful tool that could potentially lower
crime rates. Punishment enhancement could redueectime rate through two different
channels—incapacitation and deterrence. Howeveresncapacitation is costly and puts pressure
on taxpayers, it is the latter that will dictateeatier or not harsher sentencing is economically

efficient.

In order to assess the efficiency of increasedeseetlength on crime rates, this study takes

advantage of the state of New York’s (NY) increasedtence length for illegal gun possession.

14 International Center of Prison Population

15 http://www.civitas.org.uk/content/files/crime_stabecdjan2012.pdf (Retrieved 6/17/2016)

16 https://www.fbi.gov/about-us/cjis/ucr/crime-in-thies/2014/crime-in-the-u.s.-2014/tables/table-1@Retrieved
6/17/2016)

7 http://www.statcan.gc.ca/daily-guotidien/151125/8125a-eng.htniRetrieved 6/17/2016)
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NY raised the minimum punishment for carrying hamnagillegally from a 1-year prison sentence
to 3.5 years in 20081 use the synthetic control method, along witliedénce-in-difference (DD)

methodology, to analyze the impact of NY’s punishirenhancement policy on three different
types of crime: robbery, murder, and larceny. Figdiindicate that more severe punishment for
the illegal possession of firearms does reducetinge rate, and a large portion of this reduction

(both in the short and long run) is due to crimidederrence rather than incapacitation.

2.2. Literature review

Becker’s (1968) paper was the first to introduceeamnomic model for crime. The crime
model implied that the supply of crime is negatvedlated to the certainty of punishments (in
terms of the higher probability of conviction arrdest rate) and the severity of punishment. Since
then, there has been an academic debate over teatipb advantages of the severity of
punishment. Some researchers (Decker & Kohfeld);1®Bn et al., 1993; Doob & Webster, 2003;
Robinson & Darley, 2004) favor the certainty of mlmment over the severity of punishment,
while others (Kessler & Levitt, 1999; Mendes & Maadd, 2001; Helland & Tabarrok, 2004; Lee
& McCarry, 2009; Abrams 2011) have shown that #neesty of punishment is as important as
other crime-preventing factors and does reduce dime rate. They argued that model
misspecification is the reason that some prioristutdad failed to find statistical support for the

impact of punishment severity.

Kessler and Levitt (1999) were one of the firstligtinguish between the deterrence effect
of harsher sentences and incapacitation. The atdssessed the impact of punishment severity

by making use of sentence enhancement in Califd@wg for a selected group of crimé&sin

18 http://www.nytimes.com/2013/01/21/nyregion/prisoni-as-mandatory-as-ny-state-gun-laws-say.htm|®& r=2
(Retrieved 6/17/2016)
19 California’s Proposition 8 passed in 1982.
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order to separate the deterrence and incapacitatiects, they argued that deterrence is the only
cause of a short-run drop in crime rates becauk#emdant subjected to new punishment would
be imprisoned even in the absence of a law chaxgmrding to their findings, more severe types
of punishments have an immediate deterrence effdggth is the main reason for the short-run

crime drop in CA.

Following Kessler and Levitt's (1999) argument, afms (2011) also attempts to separate
the deterrence effect associated with punishmerdrige from that of incapacitation. For this
purpose, Abrams (2011) evaluates the impact ofaadgun laws on crime rates. Add-on gun laws
impose harsher sentences on offenders who posssasiis during the commission of a felony.
Using cross-state variation, he shows that theridetee effect of add-on gun laws could reduce

gun robberies by roughly 5 percent in the short run

In order to study the efficiency of punishment emdement policies, the current study
makes use of some of the aforementioned papesaségies to identify the impact on crime rates
of NY’s increased minimum jail time for illegal pgession of a gun. This study, however, differs

substantially from other studies in methodologpetyf studied crimes, and conclusion.

2.3. Conceptual Framework

According to Becker’s crime model, more severe glument will result in crime reduction.
Increasing minimum jail time for illegal possessafra gun in NY could be considered as a more
severe punishment because if an arrested violatomngts a crime with an illegal firearm, the
minimum jail time will be added to the normal pumsent. Thus, one could hypothesize that NY’s

law change should lead to a decreasing crime fretite state after enactment of the law in 2006.
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One important issue that should be taken into danation is that an increase in minimum
jail time for illegal possession of a gun couldyodéter criminals who are reliant on carrying guns.
Among different types of crimes, according to tH&’s Uniform Crime Report (UCR) dataset
and previous studies, it could be assumed thatdommitting murder and robbery, most criminals
need their gun&) However, for murder, the marginal increase ofjéiléy carrying a gun (2.5 year)
pales in comparison to the magnitude of punishnfdeath penalty or more than 20 years
imprisonment) for the crime itself. Therefore, meexere punishment for illegal possession of a
gun is only expected to reduce robbery. Yet obtgimo statistical support for murder in a sense

is a placebo test that suggests the results fer otbbery are likely not spurious.

Another concern regarding NY’s sentence enhanceiseant unintended spillover effect.
If longer prison time for illegal gun carrying casspotential offenders to substitute gun crime
with non-gun crime, looking at only gun-relatedheess will not show the complete picture. NY’s
law change is expected to either have a positifeeedn non-firearm crime, implying a spillover
effect, or should have no effect at all. If theirastes show a negative and significant impact on
non-firearm crimes, it could be concluded that ¢hexist unobservable criminogenic factors that
induce a spurious correlation with crime ratest&sting for larceny, which is a non-gun crime, |

also check for this possibility.

Using NY’s punishment enhancement for illegal pess® of a gun in a sense is analogous
to add-on gun laws used in Abrams (2011) but differimportant ways. First, compared to add-
on gun laws, harsher sentencing for illegal possess a gun could potentially have a stronger

effect on crime rates. Unlike add-on gun laws, adiog to NY's laws, whether or not an arrested

20 Mendes and McDonald (2001), Lee and McCray (208Bjams (2011), and May (2014)
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violator commits a crime with an illegal handgutiesstill has to serve at least minimum jail time
for carrying the gun (which has increased to 3&y@stead of 1 year). This could deter criminals
directly from possessing illegal guns, which, cep@ndingly, would lead to fewer gun-related

crimes.

Second, in order to estimate the effect of punisitreeverity, the common approach used
in the literature is simple DD methodology. In D2tmodology, the basic assumption is that the
control group is a good counterfactual for thettresnt group. In this study, the synthetic control
method is used along with DD to ensure that corstiaties are good counterfactuals for NY. This
means that absent the intervention, we would expecsame pattern of outcomes to exist over

time in both group types.

2.4. Data and Background

Gun carry regulations differ across the U.S. Défdrstates have enacted either “shall
issue”, “may issue”, “no issue”, or “unrestrictegiin carry laws$! Except unrestricted states, in
all other states, it is illegal to carry a handguithout the required permit and violators will be
punished by fines or imprisonment. Depending otestpecific regional characteristics, crime
history, and government priorities, the severitypohishment for illegal handgun carrying varies
across states. These punishments vary from u$s®@ fine (Oklahoma) to up to a $15,000 fine
(Pennsylvania). The punishment also includes mangahinimum imprisonment in different

states, which range from 10 days (Oklahoma) to/8as (NY)??

2L*A “ May-Issue”Law is one that requires a permit to carry a catemkhandgun, and where the granting of such
permits is at the discretion of local authorititequently thesheriff's departmerdr police)

*A “ No-Issue”Law is one that does not allow any private cititzggarry a concealed handgun in public

*An “Unrestrictedgun carry” Laws are those that allow any privatzen to purchase, sell, and carry a concealed
handgun in public without any restrictions. Bef@®03 Vermont was the only state with No-Control .léMaska
(2003), Arizona (2011), and Wyoming (2013) switettk to unrestricted laws as well.

22 hitp://www.criminaldefenselawyer.com/topics/gun-pession-and-us@etrieved 6/17/2016)
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In this study, | used the FBI-UCR dataset, whiabvdes quarterly variation for 3 different
types of crime (murder, robbery, and larceny).rmeoged Alabama, Colorado, Florida, Kansas,
Minnesota, District of Colombia, and Vermont be@athe quarterly data was not available. Table
1 reports the mean of crime rates and other comtnddbles in the analysis for both NY and other
potential control states for the period of 2001@2@Except for the robbery rate, which is relatively

high in NY, the means of other crimes is relativielyer in NY than other states.

Apart from punishment severity, there are also mather factors (e.g., economic
conditions or demographic information) that coulssgibly change the level of crime in NY.
Following most of the studies in crime literatureprder to capture the impact of other factor on
crime rates, | added a log of population by agee,rand sex groups as control variables to this
study’s models. All demographic data is obtainemhfrthe U.S. Census database. Since the
guarterly data is not available for demographicialdes, | used yearly measures for all
demographic variables (inherently making the assiompthat the quarterly variations in
population are relatively small). | also controlléat unemployment rates obtained from the
Bureau of Labor Statistics (BLS) in order to capttire effect of the great recession that took place

in early 2008.

2.5. Methodology

As NY is the only treated state that increasediiremum jail time for illegally carrying
a gun, using simple DD methodology is problematcduse the control states are not good
counterfactuals for NY. For instance, crime in NYhot comparable to crime trend in small states
like MS, ND, SD, etc. Thus, | use the synthetictoanmethod (Abadie and Gardeazabal 2003),
which is the most appropriate model in the literatio determine a more accurate control group

(i.e., the synthetic control) for NY. The synthetiontrol is simply a weighted average of all
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potential control states. These weights are cheseh that the resulting synthetic control states
best reproduce the values of a set of predictattseofrime rate in NY before the change in penalty

occurs in 2006.

Therefore, the synthetic control method is usethasmain model to study the effect of
this event. Using synthetic control states andr thgsociated weights for each crime (reported in
Table 2) | also apply the DD technique to analymedffect of more severe punishment on crime

rates as a robustness check. For this purpostmiats

CRsyq = Ss + Y, + Q4 + (T * S)s + fPunishgyy + AXsyq + Esyq (2.1)

Subscript “s” denotes states, subscript “y” dengtss's, and subscripg™ denotes quarter. The
termsS; .Y, and@,, are the state, year, and quarter fixed effect dymamiables. | also added
(T = S) in order to control for state-specific time trendéereT is a quarterly linear time trend.
While state-specific time trends likely provide theost robust estimates, | also present the
evidence without state trend. The variable CR asltly of number of crimes per 100,000 for the

3 different categories of crimes that were mentibearlier.

| use the natural log of the crime rate because éasier to interpret the results and
coefficients. Vector X contains a set of predictofshe crime rate, which is added to the model
to increase the validity of estimations. The preai€ of crime rate are unemployment, population
density, and population by age groups, race, andl$e variable of interesp(nish is a dummy
that is set to one for NY after 2006 and zero atfe®. Parametef should be negative and
statistically significant for robbery, which indies to a negative impact of more severe

punishment on crime rates.
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2.6. Results

As explained, the synthetic control method is beisgd in order to find states that most
closely matched NY in terms of pre-interventionues of crime predictors. Utilizing the synthetic
control method, control states and their associateights for each type of crime separately are
found and outlined in Table 2. Among these cordtales, California (CA), lllinois (IL), Maryland
(MD), and New Jersey (NJ) are among the closeséssteo NY in terms of demography,

unemployment rate, and crime characteristics.

Figure 1 is plotted using obtained control stated their associated weights. This figure
displays the robbery trends in NY and its respecsiynthetic control during the period of 2001-
2010. As figure makes it apparent, before 2006-dites of robbery are very similar in both NY
and its synthetic control. Right after NY raise@ thunishment severity in 2006, the two lines
(robbery trend in NY and its synthetic control) lvetp diverge noticeably. These discrepancies
are indicative of the fact that the increase inigplument severity for illegal gun possession is
effective in terms of crime reduction and has dbnted to the decreasing crime trend in NY post

2006.

Figure 2 plots the quarterly estimate of the impadtNY’s law change on robbery rates,
which is the quarterly gap in robbery rates betws¥&nand its associated synthetic control. This
figure suggests that punishment enhancement in &tlyaHarge effect on robbery rate. According
to Figure 2, the magnitude of the estimated im@d&dilY’s punishment enhancement appears

substantial and this impact increased over time.

In order to distinguish between the short-run detere effects of NY’s harsher

punishment from that of incapacitation, | use Keisahd Levitt's (1999) argument, which implies
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that the crime rate falls in the short run only doghe deterrence. Based on their argument,
defendants subjected to the law change in NY wbeldnprisoned for at least 1 year even in the
absence of law change. Thus, any impact on crirtess rduring the year after enhancing the
punishment must be solely due to the immediateridgtee. As Figure 1 makes it evident, crime
rates in NY fall immediately after the adoptionharsher sentences in 2006, which insinuating
that a large portion of crime reduction in the shran is due to a criminal deterrence. Yet, as
expected, the reduction pace increases over tintkkeascapacitation effect comes into play as

well.

In order to determine whether or not deterrencecefétill plays a substantial role in the
long run, | track NY’s prison population after 2006NY’s prison population does not increase
dramatically after 2006, it could be hypothesizledttNY’s punishment enhancement does not
influence the effect of incapacitation on crimeegatf this is the case, the long-run impact of 8lY’
harsher punishment on crime rates could also béwt#d mostly to criminal deterrence.
Surprisingly, NY’s incarceration trend shows thaspite of existence of longer sentence time for
illegal gun possession, NY’s incarceration rate bh@sn decreasing since 2086Assuming no
significant change in non-gun related crimes, diiservation would support the hypothesis of the
long-run negative impact of criminal deterrence&enme rates. Larceny results, which is indicative
of non-gun related crimes and will be explainedantion 6.2, provides evidence in support of the

assumption of little to no change in overall nomgelated crimes.

As of this point, findings indicate that increaspdnishment severity for illegal gun

carrying in NY is an efficient policy since it afgrs to have reduced crime rates and large portion

23 hitp://www.sentencingproject.org/the-facts/#nfRetrieved 6/17/2016)
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of this reduction is mostly through the deterrecicannel. However, some sort of significance test
is required to show that these finding are notiolethby chance. To this end, in the next section |
run falsification tests, which are considered gigance tests for the synthetic control method in

the literature.

2.6.1. Inference about the effect of the New Yjpukishment enhancement

In the synthetic control studies, there is alwdngsdguestion of whether the outcomes could
be driven entirely by chance. To answer this qoassimilar to Abadie and Gardeazabal (2003)
and Bertrand, Duflo, and Mullainathan (2004), | euplacebo tests. To assess the significance of
estimates, | iteratively apply synthetic controlthwal to every state in the donor pool that did not
change their punishment severity during the sampgted of this study. In each iteration, | assign
one of the 43 states in the former control group a&®ated state as if it would have passed the
punishment enhancement in 2006, instead of NYdiplacebo studies for other states create gaps
similar to the one estimated for NY, it could bexclided that the analysis of this paper does not
provide significant evidence to support the negagffect of NY’s punishment enhancement on
crime rates. If on the other hand the estimated dap NY is unusually larger than the gaps
estimated in placebo studies for other states dichtnot change their law, then it could be
concluded that the analysis provides significaml@wce for negative effect of NY’s punishment

enhancement on crime rates.

Figure 3 displays the results for the placebo td3ts placebo procedure provides a series
of estimated gaps for the states in which no imetion took place. The gray lines show the
difference between robbery rates in each stateardonor pool and that of associated synthetic
version. The black line represents the estimatedf@aNY, which is also shown in Figures 2. In
order to have a clean picture, | dropped statels pabr pre-intervention fit. For this purpose, |
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calculate the pre-intervention mean square prexictiror (MSPE) for all states including NY.
MSPE is the average of the square discrepanciegebstthe actual robbery rate in NY and its
synthetic counterpart during the period 2001-200t pre-intervention MSPE for robbery in NY

is about 7. | exclude all states with pre-interi@mMSPE two times higher than NY’s.

As Figure 3 indicates, the estimated gap for NYsizes all the estimated gaps for other
states in the donor pool during the entire positinent period. In both figures there are lines for
few states (NM and NC) that still negatively degiatonsiderably from the zero after 2006.
However, as mentioned, the estimated gap for N3tiilsnoticeably larger than their estimated
gap. These findings corroborate the fact that tifeé@s$ults, presented in Figures 1 and 2, have not
been driven by chance and the more severe punighorahegal gun carrying is the reason that

robbery rate has fallen in NY after 2006.

Following Abadie, Diamond, and Hainmueller (2008%)e final way to assess the
significance of the estimates is to look at thdritigtion of the ratios of post/pre-intervention
MSEP. Figure 4 displays this distribution for robprate in NY and also in all other control states.
NY’s post-intervention MSPE for robbery is abouttliBes the pre-intervention MSEP. None of
the control states in the donor pool has suchgeleatio. This means that if one randomly assigns
the intervention in different states, the prob#pitif obtaining a post/pre-intervention MSEP ratio

as large as NY’s is 1/44.

2.6.2. Robustness check
As discussed before, larceny and murder should beotaffected by NY’s harsher
punishment for illegal gun possession. Using tha&hsstic control method, Figures 5 and 6 are

plotted for murder and larceny. As these figureldate, murder and larceny trends almost always
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follow the same trend both in NY and its respectiyethetic control. Unlike robbery, they do not
diverge noticeably after 2006. These findings aomfithe hypothesis that the severity of
punishments for illegal possession of firearms ceduthe crime rate, but it only affects what prior
research has identified as gun-related crimes.i@btano alteration for larceny rate after 2006
also suggests that criminals do not shift from gumes to non-gun crimes and there is no spillover

effect.

Additionally, considering the states which are oi#d from the synthetic method as a
control states for NY, I apply the WLS method téiraate model (1) for each type of crime. In
this estimation, the Cluster-Robust Variance-Magstimation (CRVE) techniques are used to
estimate standard deviations. Following the previpapers in crime literature, | control for
unemployment rate, population density, and poputdby age, race, and sex groups to have more
precise estimations. Results for all 4 types oferi(both with and without state-specific time
trends) are reported in Table 3. While the DD’sfficient are negative for all types of crime, they
are only statistically significant for robbery. TB® results verify the synthetic control method’s
findings, which imply that more severe punishmédatsillegal gun possession are effective and

do reduce gun-related crimes.

2.7. Conclusion:

Using different econometric techniques, many redeas have tried to determine how
more severe punishments can affect crime ratedeWte majority of these studies conclude that
the punishment severity plays an important rolestfucing crime, not many pay attention to the
distinction between deterrence and incapacitatiming NY as a treated state, this paper studies

the effect of increasing the minimum jail time foarrying a gun illegally on crime rates.
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Additionally, it analyzes how much of the potentiadiuction could be attributed to the deterrence

effect of harsher punishment.

The state of NY increased the minimum jail timedarrying loaded handguns without the
required permit to 3.5 years in 2006. Findings ofhbthe synthetic control methods and DD
regressions imply that gun-related crime rateskieoy) in NY dropped after 2006. This means
more severe punishment deters criminals from aagr@ gun illegally, which may eventually
result in lower gun-related crime rates. Findinlg® auggest that most of the crime reduction is
due to the deterrence of law change rather that@ecation. This confirms that harsher sentences
for gun law violators are economically efficiens they could reduce the crime rate without

incurring higher cost on tax payers.
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Figure 2.1. Trends for Robbery per 100,000 pedpéav york vs. Synthetic Control
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Figure 2.2. Robbery per 100,000 People: Gap Betwssm York and Synthetic Control
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Figure 2.3. Robbery Per 100,000 People: The greaslshow gaps for placebo states. The black
line represent the estimated gap for NY

Robbery per 100,000 People

-13.5
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

Year

42



Figure 2.4. Ratio of Post-intervention MSPE andiRtervention MSPE for Robbery: New
York and 43 Control States
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Figure 2.5. Trends for Larceny per 100,000 pedgiav york vs. Synthetic Control
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Figure 2.6. Trends for Murder per 100,000 peolNkew york vs. Synthetic Control
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Table 2.1. Means and properties of key variabkenalysis Before Treatment

Variable N Means for Means for
Synthetic New York

Crime rates are defined per 100,000
people:
Robbery 1696 25.6515 39.9698
Larceny 1696 526.4328 379.2405
Murder 1696 1.1277 1.094194
Population Characteristic:
State population 1696 5895456 19200000
Population per square mile 1696 203.8588 408.0758
Male population 1696 2905924 9301425
Female population 1696 2997458 9929717
Race Age data (%of population)
White 1696 81.62 72.31
Black 1696 10.62 17.41
Other Race 1696 7.79 10.25
Hispanic 1696 9.43 17.11
Male 10-19 1696 7.35 6.99
Male 20- 29 1696 6.93 7.06
Male 30-39 1696 6.67 6.55
Male 40-49 1696 7.51 7.29
Female 10-19 1696 6.96 6.67
Female 20- 29 1696 6.68 7.09
Female 30-39 1696 6.67 6.80
Female 40-49 1696 7.51 7.65
Unemployment rate: 1696 5.67 6.31
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Table 2.2. Synthetic control states for differgques of crime

Robbery Larceny Murder
State Weight State Weight State Weight
AZ 0.04 CA 0.393 AZ 0.092
CA 0.114 GA 0.171 DE 0.039
DE 0.226 HI 0.002 GA 0.226
HI 0.010 MS 0.001 HI 0.058
MD 0.180 OH 0.173 MA 0.243
NV 0.139 PA 0.261 MS 0.063
NJ 0.211 NJ 0.209
NC 0.079 NC 0.070

Table 2.3. Effect of more severe punishments aneriates in the state of NY (2001-2010)

VARIABLES Robbery Larceny Murder
Estimation using CRVE

Without State-specific Trend

Punishment -0.130** 011 -0.007
(0.049) (0.141) (0.013)
With State-specific Trend
Punishment -0.0966* {80 -0.0149
(0.0450) (0.134) (0.0279)
Year and Quarter Fixed Effect yes yes yes
State Fixed effect yes yes yes

*rx ek % denote statistical significance at the@L, 0.05 and 0.10 levels, respectively

The treatment variable is “punishment” that equais for the state of NY after 2006 (when NY
raised the punishment for illegal gun carrying framyear to 3.5 years) and zero otherwise.
Standard errors are in parentheses, and are ddsiethe state level to allow for arbitrary patger
in heteroskedasticity and correlation in errorsrdirae in a given state.
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Chapter 3 : Evaluating the Effect of Punishment Severity on @me Rate

3.1. Introduction

The U.S. houses a greater share of its populatigorison than any other country in the
world. The U.S. incarceration rate was 693 per 0D people in 201 This rate for more than
half of the countries in the world is below 150 {60,000 and is only 114 per 100,000 people in
Canada?® This mass incarceration is very costly and putsguire on tax payers. The average cost
of an inmate in the U.S is over $30,000 a yéahdditionally, negative externalities from
incarceration extend to prisoners’ families as vasltheir social networks and communities. Not
only do inmates’ family income fall, many of therave dependent minors who are likely to be
expelled or suspended from school (Western andt,P2@10). Ironically, decades of mass
imprisonment have coincided with the U.S. beingststently rated among the top 10 in terms of

violent crime among developed countriés.

Punishment enhancement is a policy that has beapteti regularly by governments in
order to reduce crime rates. A common conjectutteaisa rise in punishment severity could reduce
crime and most of the reduction is through the rdetee channel rather than incapacitation.
However, there is a strong disagreement amongnaega about the effectiveness of such policies
as most of these policies have so far largely dautied to increases in prison population. One
thing researchers do agree on is that policiexthdtl reduce prison population without increasing

the crime rate are most welcome.

24 International Center of Prison Population

25 hitp://www.prisonstudies.org/sites/default/filesarces/downloads/wppl_10.p@étrieved on 10/22/2016 )

26 https://www.federalregister.gov/documents/2015/08015-05437/annual-determination-of-average-cést-o
incarceratior(retrieved on 10/22/2016 )

27 http://www.civitas.org.uk/content/files/crime_stabecdjan2012.pdf (Retrieved 10/22/2016)
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To this end, some states have altered sentencingvielevel nonviolent offences (e.g.,
low-level drug and thefts offence®)Arkansas (AR), the subject of this analysis, iasesl the
felony threshold for theft from $500 to $1000 inl20moving most theft cases to district catirt.
This achieved a reduction in the prison populaiin20123° However, AR might experience two
effects. First, the lower punishment for theft htighcrease the incidence of that crime. Second,
fewer thieves in prison might mean an increasetherotypes of crime (i.e. if thieves are more

prone to committing other types of crime as well).

Unlike previous studies, which tend to analyzeitmgact of harsher sentences on the crime
rate, | exploit AR’s less punitive sentence forftleeimes. The findings of this paper indicate that
the change led to higher theft rates in AR after12But not for other crimes. These findings reveal
that crime-specific punishment severity plays aofal role in crime prevention through
deterrence. This is valuable information that cchatp policy makers to adopt efficient policies
in order to achieve their anti-criminogenic godsr serious and violent offences, punishment
enhancement could act like preventive policies toald reduce the crime rate without putting
more people in prison. For low-level offenses hogreadopting less punitive senesces are far

more cost-effective than putting offenders in pniso

3.2. Literature review
Becker (1968) posited that the crime rate is negbtirelated to the punishment severity
and the probability of conviction. Both convicti@nd punishment could reduce crime rates

through two different channels—incapacitation amdedence. Since incapacitation is costly,

28 Arkansas (2011), Kentucky (2011), Georgia (20C2)jfornia (2013)
29 http://fivethirtyeight.com/datalab/what-to-expeetiitornia-prop-47/retrieved on 10/22/2016)
30 hitp://www.sentencingproject.org/the-facts/#map&set-option=SIRretrieved on 10/22/2016 )
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crime prevention policies could be economicallyos$ht when a sufficient number of crimes are

reduced solely through deterrence.

Becker’s findings prompted a large number of acadestudies to analyze the role of
punishment severity on crime rates. After reviewiing existing (and conflicting) literature and
undertaking their own evaluation, Mendes and McDbr{@d001) argued that the severity of
punishment is as important as other crime-prevgrfintors and does reduce the crime rate. Yet,
Doob and Webster (2003) noted that all previouslistu suffer from endogeneity, thereby

providing limited statistical support for the detarce effect of punishment severity.

The next wave of studies, within which this studild, uses quasi-experimental analysis
to identify deterrence effects of more severe pgunent. Helland and Tabarrok (2007) use
California's three-strike legislation and conclucténe rates are reduced among the class of
criminals with two strikes. Lee and McCarry (20 the fact that offenders younger than a
certain age (typically 18) are subject to less fumisentences than adults. They claim that states
with larger jumps in punishment tend to have loagult crime rates. Abrams (2011) examines
the deterrence effect of add-on gun laws that irp@ssher sentences for offenders who possess
firearms during the commission of a felony. He sh@dd-on gun laws reduce gun robberies by

roughly 5 percent.

To the best of my knowledge, all previous studmestigate harsher sentences to analyze
the impact of punishment severity on crime ratesprdblem associated with using harsher
sentences is that one could not distinguish betwleenleterrence effects of harsher punishment
from that of incapacitation. In this paper howewsR’'s milder sentence is exploited to analyze

the effectiveness of punishment policies. It cduddassumed that any increase on theft rates after
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lowering the punishment could be mostly due toloheer level of deterrence, especially if we do

not see a corresponding increase in other crimes.

From a practical standpoint, the increase in cidue to AR’s higher felony threshold for
theft would be expected to affect larceny (bicytheft, shoplifting, and pick-pocketing).
Specifically, larceny offenders perceive the cadtstealing items between $500 and $1000 to be
lower than before the threshold increase. Accortlintpis hypothesis, AR's 2011 adjustment of
the felony threshold for theft from $500 to $100tbyld lead to an increasing larceny rate,

suggesting criminals respond to the reduced cripeeic cost of committing a crime.

Since incapacitation of potential criminals is likéo be reduced (fewer people would be
incarcerated for theft) we might also expect toess an increase in other types of crime in AR.
However, if rates of crime unrelated to theft anehanged after AR’s 2011 law change, one could
hypothesize a stronger role for deterrence ovepacitation in sentencing. To this end, | analyze
the impact of AR’s law change on motor vehicle tlaefd aggravated assault. Motor vehicle theft
because a vehicles’ value is almost always gréiaser $1000 and aggravated assault because it is
completely a non-theft crime. Additionally, obtaigi null results for these types of crime in a

sense is a placebo test that would suggests thkksrésr larceny is likely not spurious.

3.3. Data and Methodology

Since AR is the only treated state that increasedediony threshold for theft, using simple
difference-in-difference (DD) methodology is prabiatic because the control states are not good
counterfactuals for AR. For instance, crime in Aduld not be compared to crime trends in big
states like NY, IL, CA, etc. Therefore, | use thathetic control method, which is the most

appropriate model according to the literature. gdinis method enables one to find a more
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accurate control group (synthetic control) for ARat is, instead of comparing AR with all states
that did not change their laws, AR will be only quamed with one control unit (synthetic control),
which is a weighted average of all non-treatedestalhese weights are chosen such that the
resulting synthetic control best reproduces crigeroc characteristics of AR before the change
in felony threshold occurs in 2011. The matheméaficaof for the synthetic control group is

beyond the scope of this paper (for the full preeé¢, Abadie and Gardeazabal, 2003).

Synthetic control is used as the main model toysthid effect of AR’s milder punishment
on crime. Yet, as a robustness check, | also ajmelyDD technique to analyze the effect of less

severe punishment on crime rates. For this purpestimate:

CRsym = Ss + V), + My, + Blesspungym + AXgym + Esym (3.1)

Subscripts denotes states, subscrypdenotes years, and subscriptienotes months. The
termsS; Y,, andM,, are the state, year, and month fixed effect dunvamjables. VariableX
contains a set of predictors of the crime ratectis added to the model to increase the efficiency
of estimation. The predictors of crime rate areemployment, population density, population by
age groups, race and seke$sspuhis the variable of interest and is set to oneABr after 2011

and zero otherwise.

In this paper, crime data (larceny, motor vehibkftt and aggravated assault) are collected
from FBI's Uniform Crime Report (UCR) dataset ftvetperiod between 2008 and 2013. | use
monthly crime rates for all states where informat®available. This excludes Alabama, Florida,
Hawaii, Kansas, Minnesota, and New York. To preditche trends, | follow the conventional use
of the log of population by age groups, race anxd A# demographic data are collected from the

U.S. Census. As monthly data are not availabledénographic variables, | assume that such

51



variation in the population is small and use yeanBasures for all demographic variables. | also
control for unemployment rates obtained from theeAu of Labor Statistics in order to capture
the effect of economic conditions. The mean of ermates and other control variables used in the

analysis are reported in Table 1 for both AR arephon-treated states.

3.4. Results
3.4.1 Effects of AR’s increased larceny threshold

As explained, the synthetic control method, whiglhie most appropriate model, is used
in this paper to find states that most closelymgsle AR in terms of pre-intervention demography,
economy and crime characteristics. The synthetitrobstates and their associated weights for
each type of crime are reported in Table 2. Amdregé control states, lowa (IA), Louisiana (LA),
Mississippi (MS), Missouri (MO), Oklahoma (OK), aB8duth Carolina (SC) are among the closest

states to AR.

Figure 1 illustrates the larceny trends in AR asdelevant synthetic control states for the
period of 2008-2013. Due to the noise in the mgnthime dataset, | use a moving average to
smooth the crime trends. According to Figure 1pl=P011 the rates of larceny are very similar
in both AR and its respective synthetic state. Elosv, once AR raised the felony threshold for
theft in 2011, AR’s larceny rate diverges from tbhthe synthetic state and shows an increasing

trend.

Figure 2 plots the monthly estimates of the impadté\R’s punishment reduction on
larceny rate, which is the monthly gap in larceaterbetween AR and its associated synthetic
states. This figure suggests that the magnituddefestimated impact of AR’s law change is

substantial and this impact increases over timekimg at Figures 1 and 2, it could be concluded
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that on average, AR’s milder punishment for theftreases larceny rate by approximately 6

percent.

3.4.2. Inference

Similar to other statistical models, the synthebatrol studies must provide some sort of
significance test to prove that the outcomes atednwen by chance. Following Abadie and
Gardeazabal (2003) and Bertrand, Duflo, and Mudidnan (2004), | run falsification tests, which
are considered significance tests for the syntlegindrol method in the literature. To assess the
significance of estimates, | iteratively perforne tynthetic control method for every state in the
donor pool that did not change their punishmenesgvduring the sample period of this study.
In each iteration, | assign one of the 44 statekarformer control group as a treated state is if
increased the felony threshold for theft, instebAR. If the placebo studies for other states @eat
gaps similar or bigger than the one estimated fyiAcould be concluded that there is not enough
evidence to support the augmenting impact of ARisighment adjustment on larceny rate. On
the other hand, if the estimated gap for AR is uallg larger than the gaps estimated for other
states that did not change their law, then it cteldoncluded that the analysis provides significan

evidence for the impact of punishment severitylfendrime rate.

Figure 3 displays the results of the placebo st placebo procedure provides a series
of estimated gaps for AR as well as all other stdtat have not changed their laws. The gray lines
show the difference in rate of larceny per 100,800 its synthetic version for the states in which
no intervention took place. The black line représéhe estimated gap for AR, which is the line
that was also shown in Figure 2. For clarity, faflog Abadie, Diamond, and Hainmueller (2009),
states with poor pre-intervention fit were droppéak. this purpose, | calculate the pre-intervention

mean square prediction error (MSPE) for all statetuding AR (the average of the square
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discrepancies between the actual larceny rate iadRits synthetic counterpart during the period
2008-2013). The pre intervention MSPE for larcemy@R is about 0.006. | exclude all staes with
pre-intervention MSPE three times higher than ARSs. the Figure 3 makes apparent, the
estimated gaps for AR outsize all the estimated gapother states in the donor pool during the
entire post-treatment period. This confirms thatomes have not been driven by chance and the
less severe punishment for low-level theft in ARis reason that larceny rate has rose in AR after

2011.

Following Abadie, Diamond, and Hainmueller (200®k final method of assessing the
significance of the estimates is to look at theritigtion of the ratios of post/pre-intervention
MSEP. Figure 4 depicts the distributions for larceate in AR as well as in all other control states
According to this figure, AR’s post-intervention ME for larceny is about 14 times the pre-
intervention MSEP. None of the control states @oaor pool have such a large ratio. This means,
if one randomly assigns the intervention in differstates, the probability of obtaining a post/pre-

intervention MSEP ratio as large as AR’s is 1/45.

3.4.3 Robustness check

As mentioned earlier, motor vehicle theft and aggtad assault should not be affected by
the rise in the felony threshold for theft in ARsibg the synthetic control method, Figures 5-6
show trends for motor vehicle theft and aggravateshult. Motor vehicle theft and aggravated
assault trends in AR and in its respective synthatites do not diverge after the law change occurs
in 2011. These findings confirm the hypothesis thatdeterrence role of crime prevention is more
crucial than that of incapacitation. Although ingnation rates might have decreased in AR, the

lower incapacitation rate does not provoke potépffeanders to commit other crimes. Obtaining
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no significant deviation for motor vehicle theftlaaggravated assault rates after 2011 also verifies

that the results for larceny are not driven by ceaand are likely not spurious.

Additionally, considering the states which are oi#d from the synthetic method as
control states for AR,adpply the Weighted Lease Square (WLS) method tmatt model (1) for
each type of crime. In this estimation, the Clu®ebust Variance-Matrix Estimation (CRVE)
techniques are used to estimate standard deviatotiswing the crime literature, to have more
precise estimates, | control for unemployment fadg@ulation density, and population by age, race
and sex.Results for all 3 types of crime are reported ibl€a3. For larceny and motor vehicle
theft the DD’s coefficients are positive but itnegative for aggravated assault. However, only
larceny’s coefficient is statistically significanthe DD results verify the synthetic control

methods’ findings, which imply criminals respondibe severity of crime-specific punishment.

3.5. Conclusion:

Unlike all previous studies, which use harsher esargs to determine the impact of
punishment severity on the crime rate, | use ARisifive reduction for the analysis of punishment
severity. AR increased the felony threshold foffttfimm $500 to $1000 in 2011 to achieve a
reduction in the prison population. The advantagjeiing milder punishment over harsher
sentences is distinguishing between the deterranck incapacitation effects of punishment
severity. It could be assumed that any changenmeaates after a decrease in punishment severity
(like what was done in AR), could be due mostlatchange in the criminal deterrence. That is, a
decrease in punishment severity reduces the expeott of committing low-level thefts, which

will affect criminals’ behavior

55



The findings in/of this paper imply that, evenudgh AR’s punishment adjustment led to
a decrease in the prison population in 2012, @ edsulted in higher larceny rates (low-level theft
crime). These findings confirm that criminals resgdo the crime-specific costs. Results also
show that despite the likely lower incarceratioe yaates of crime unrelated to theft do not change

suggesting that criminal deterrence has a grehtityao reduce crime than incapacitation.

According to these findings, reducing punishmenteséy for low-level crimes is an
efficient policy that could be adopted by governisen order to reduce the prison population, but
comes with the added implication of increased lewel crime rates. This suggest the inclusion of
other supplementary policies (e.g., higher fin@sné prisoned, or mandatory rehab programs) in

order to control this likely rise in the numberlaiv-level offences.
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Figure 3.1.Larceny Trends: Arkansas vs. SynthetteS
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Figure 3.2. Larceny per 100,000 People: Gap Betwakansas and Its Synthetic Control
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Figure 3.3. Larceny per 100,000 People: Gap fostates including AR (24 states)
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Figure 3.4. Ratio of Post-intervention MSPE and-iRtervention MSPE for Larceny: Arkansas
and 44 Control States
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Figure 3.5. Vehicle-Theft Trends: Arkansas vs. 8gtit States
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Figure 3.6. Aggravated Assult Trends: ArkansasSysithetic States
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Table 3.1. Means and properties of key variabkenalysis Before Treatment

Variable N Means for Means for
Synthetic states  Arkansas

Crime rates are defined per 100,000

people:

Larceny 3240 162.46 187.99
Motor Vehicle theft 3240 20.07 16.74

Aggravated Assault 3240 20.23 29.31

Population Characteristic:

State population 3240 5722346 2900182
Population per square mile 3240 414.0256 55.73
Male population 3240 2845624 1423539

Female population 3240 2904889 1476643

Race Age data (%of population)

White 3240 81.50 80.44
Black 3240 11.23 15.58
Other Race 3240 7.38 3.98
Hispanic 3240 10.41 6.20
Male 10-19 3240 7.11 7.04
Male 20- 29 3240 7.12 6.80
Male 30-39 3240 6.48 6.30
Male 40-49 3240 7.06 6.66
Male 50-64 3240 9.51 9.12
Male over 64 3240 5.71 6.21
Female 10-19 3240 6.72 6.73
Female 20- 29 3240 6.85 6.73
Female 30-39 3240 6.38 6.28
Female 40-49 3240 7.10 6.78
Female 50-64 3240 9.84 9.67
Female over 64 3240 7.37 8.10
Unemployment rate: 3240 7.59 6.96
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Table 3.2. Synthetic control states and their dateat weights

Larceny Motor Vehicle Theft Aggravated assault
State Weight State Weight State Weight
AZ 0.027 IA 0.286 DC 0.013
DE 0.093 MS 0.090 MO 0.202
LA 0.132 MO 0.027 NM 0.215
MO 0.028 NC 0.194 OK 0.347
OK 0.191 OK 0.363 SC 0.080
SC 0.485 SC 0.040 TN 0.034
wv 0.043 uT 0.025
wv 0.084

Table 3.3. Effect of punishment severity using Begtit control results

VARIABLES Larceny Motor Vehicle Theft Aggravated Assault

Lesspun 0.109*** 0.018 -0.021
(0.0110) (0.0325) (0.0160)

Observations 576 504 648

*xx kx % denote statistical significance at the@L, 0.05, and 0.10 levels, respectively
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