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Abstract
This dissertation adds to the economic study of gun and marijuana laws. Chapter 1 studies the
impact of stand your ground laws (SY Gs) on traffic fatalities. Chapter 2 investigates the effects of

campus concealed carry laws (CCCs) on higher education outcomes. Chapter 3 looks at the impact

of medical marijuana laws (MMLSs) on youth crimes.

The first chapter focuses on SYG, a key interest of current gun policy research. SYG is a self-
defense law. It allows citizens in the vehicle to use lethal force for self-defense; even retreat is
possible. The laws could potentially impact driving behaviors and traffic fatalities by increasing
gun prevalence in the traffic fleet and altering the expected cost of aggressive driving actions. This
paper is the first to evaluate the impact of SYGs on traffic fatalities. Using state-level traffic fatality
data and an event study approach, I find that the implementation of SYGs is associated with a 3%
increase in total traffic fatalities. In addition, the laws are associated with increases in both gun
ownership and road rage crimes. These findings are robust to alternative estimation methods
addressing staggered policy implementation and heterogeneous treatment effects. The evidence in

this paper suggests broader impacts of SYGs on public health than initially considered.

The second chapter studies CCCs, which allow students to carry guns on campus. Utilizing the
U.S Department of Education, Federal Bureau of Investigation, and Council for Advancement and
Support of Education data, event studies are conducted on the effects of CCCs on various
university outcomes, including campus crime rates, alumni donation rate, alumni giving,

instructional staff employment, and campus police employment. The results show that the passage



CCCs can increase aggravated assault, and campus police and faculty employment but decrease

alumni’s donation rate and international student enrollment.

The third chapter intends to explore the impact of MMLs on youth crime. Using UCR state-level
arrest data and stacked event study models, the study finds that MMLs’ implementation increase
youth violent crime by 12-20%. No evidence suggests MMLs increase the overall youth drug crime.
The results are robust to a series of robustness and sensitivity checks. States should consider this

negative impact when making the future medical marijuana law.
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Chapter 1 Do Stand-Your-Ground Laws Increase or Decrease Traffic Fatalities?

1.1 Introduction

The prevalence of aggressive driving and road rage is a big concern in the U.S. As stated in a
survey conducted by the AAA Foundation for Traffic Safety, over 78% of U.S. drivers disclosed
having taken part in aggressive driving behaviors that specifically targeted other vehicles in 2013
(AAA Foundation for Traffic Safety, 2016). Upon confronting an assailant in the traffic fleet, one
might consider "meeting force with force" instead of running away. Historically, amid facing a
confrontation, one is required by the state self-defense laws to retreat before applying deadly force
if there is still room to do so.* However, from 1994 to 2021, 31 states have revised their laws to
remove any duty to retreat in one's vehicle or any place one is legally present. These laws, which
are referred to as stand-your-ground (SYG) laws in the current study, may alter drivers' driving
behavior and related traffic safety outcomes. This study aims to examine how SY Gs could impact
traffic fatality, an extremely pertinent but largely ignored public health outcome for gun policy

literature. 2

It is still uncertain whether SY Gs would impact traffic fatalities. Several possible mechanisms may
exist to support both traffic fatalities increasing and traffic fatalities decreasing. First, SYGs may

increase the presence of guns in the traffic fleet and subsequently alter driving behaviors and traffic

! The only exception is that when the crime happens in a person’s home, the person has “no duty to retreat” before
using lethal force. This type of self-defense law is often referred as “castle doctrine law.”

2 No SYGs have provisions specifically mention “firearm” was allowed for self-defense. Majority of SYG states use
a more general term, like “deadly force”, instead of “firearm” (Gius, 2016; Cherney et al., 2018). However,
considering the prevalence of gun uses in fatal confrontations in the U.S., the SYGs were largely regarded as gun laws
in the literature (Weaver, 2008; Donohue and Ribeiro, 2012; Crifasi et al, 2018; Smart et al, 2020).



fatalities. The increase of gun ownership in vehicles could be because SYGs provide more legal
protections for self-defense in one's vehicle. Also, it is prevalent for American people to possess a
gun for self-protection (Newton and Zimring, 1969; Smith and Uchida, 1988; Kleck et al., 2011).
Survey evidence shows that a motorist armed with a gun may drive more offensively or even more
likely to commit road rage crimes than an unarmed motorist (Miller et al., 2002; Hemenway et al.,
2006; Bushman et al., 2017). Thus, traffic fatalities may increase after the passage of the SYGs. It
could also be possible that a person with a gun in the vehicle may feel safer and thus drive more
frequently or drive in an unsafe area or at an unsafe time. Consequently, traffic fatalities would
increase as well. Additionally, law-abiding citizens who drive with a deadly weapon may drive

more responsively and thus lower the traffic fatality rate.

Second, the legalization could decrease the expected cost of applying deadly force behind the
wheel. A threatened driver's willingness to use deadly force, such as one's vehicle, against crime
would be higher. For instance, when targeted by an assailant on the road, instead of escaping by
changing lanes or driving to the nearest police station, an SYG-law-protected driver may respond
by hitting the offender’s vehicle. Therefore, after enacting the SYGs, crash risk and traffic fatalities

could rise for both attackers and victims in a road rage incident.®

Third, according to Cheng and Hoekstra (2013), "the laws increase the expected cost of committing

violent crimes.” The perceived risk of committing road rage crime would increase for potential

% Gun deaths could also increase in a road rage incident if the victim’s willingness to use a gun upon facing an assailant
increases. However, traffic fatality only includes death from traffic collisions. Thus, gun use in a road rage case is not
closely related to the topic of the current study.



assailants as the SYGs protect immediate self-defense using a deadly weapon. On the one hand,
the increased expected cost could deter crime (Becker, 1968; Polinsky and Shavell, 1979;
Imrohoroglu et al., 2004; McCrary and Lee, 2009, as cited in DeAngelo and Hansen, 2014). Hence,
there would be fewer road rage confrontations and related casualties in the traffic fleet. On the
other hand, the increased expected cost could escalate potential aggressive driving behavior into a
deadly conflict.* For example, bearing in mind the targeted person may carry a gun in the vehicle,
an offender, driving with or without a firearm, may hit the targeted vehicle harshly instead of
cutting off the line to stop the vehicle for an argument. Consequently, traffic fatalities might

increase.

As explained above, the effect SY Gs have on traffic fatalities is still unclear. However, this study
will examine the relationship more thoroughly. To the author's knowledge, no study has been done
on gun laws’ impact on traffic fatalities. The current study uses state-level traffic fatality data from
the Fatality Analysis Reporting System (FARS) for 1989-2018. During this period, twenty-nine
states relieved the duty-to-retreat in one's vehicle or any other places that such person has a legal
right to be. An event study analysis confirms that the passage of SYGs is associated with a 3% to

6% increase in traffic fatalities.

Furthermore, the study investigates SYGs' heterogeneous impact on numerous measures of traffic

fatality outcomes. The study finds salient heterogeneity by related contributing factors. After the

4 Similar assumptions about how permissive gun laws initiate harsher crime due to the increased risk of committing
“minor crime” could be found in Donohue et al. (2019). Donohue et al. (2019) notes that the criminals would “arm
themselves more frequently, attack more harshly, and shoot more quickly when citizens are more likely to be armed.”



implementation of SYGs, speeding-related fatalities increase by around 17%, non-alcohol-related
fatalities rose by around 5%. Additionally, the study identifies law heterogeneity effects by
location, timing, gender, and age. Under SYGs, the traffic fatalities in urban areas experience a
13% increase, nighttime traffic fatalities increase by around 4%, weekday traffic fatalities rise by
3%, and male traffic fatalities increase by 4%. Traffic fatalities for ages 15-19 and 20-29 are mostly

affected by the laws; the outcomes increase by 7% and 4%, respectively.

The results are robust to alternative models such as the event study model proposed by Sun &
Abraham (2020) and specifications with different functional forms or definitions of outcome
variables. Furthermore, the results are not sensitive to controlling for potential spatial spillover

effects, applying the alternative definitions of SYG law, and adding state-specific time trends.

After running the reduced form regressions, attention is paid to the mechanism. The study explores
the impact of SYGs on gun prevalence in traffic fleet and road rage incidences. Due to the limited
availability of gun data and road rage data, the current study examines the impact of SYGs on their
corresponding proxies. Specifically, the current study uses gun ownership data from Rand
Cooperation and firearm suicide data from the Centers for Disease Control and Prevention (CDC)
as proxies for gun prevalence in the traffic fleet. This study proposes a novel method to
approximate the road rage cases by using the subgroup crime data from the Federal Bureau of
Investigation (FBI) 's Uniform Crime Reporting Program (UCR) and National Incident-Based
Reporting System (NIBRS). Difference-in-differences results imply that gun ownership increases

by 3% and the approximated road rage incidences increase by around 25% after implementing the



laws. A back-of-envelop analysis indicates road rage crimes increase by around 450 cases per year

after implementing SYGs.

The remainder of the paper proceeds as follows: Section 1.2 presents background information for
SYGs. Section 1.3 describes the data. Section 1.4 explains the empirical methods. Section 1.5
estimates the SYGs' effect on several measures of traffic fatalities outcomes. Section 1.6 provides
robustness checks and sensitivity checks for the main findings. Section 1.7 uncovers the

mechanisms of how SYGs could influence traffic fatalities, and Section 1.8 concludes.

1.2 Background

1.2.1 A Brief History of Stand-Your-Ground Laws

Since the 1800s, upon facing an intruder in one's home, the occupants could legally apply lethal
force even if there is still room for retreat. The related self-defense laws are called castle doctrine
laws since "a man's home is his castle” (Catalfamo, 2006). Conversely, for attacks in places other
than one's home, states laws impose a duty to retreat for the victims if withdrawal from the scenes
is possible. However, since the 1970s, 35 states have expanded the castle doctrine laws to places
outside one's own home and lifted the duty-to-retreat requirement. For ease of expression, these
laws are referred to as expanded castle doctrine (ECD) laws in the current study.

From 1971 to 1984, nine states have relaxed the “castle doctrine" to include one's workplace.® In

1994, Utah was the first state that expanded the castle doctrine beyond home and workplace. No

5 According to Cherney et al. (2018), Connecticut, Nebraska, Hawaii, Delaware, Pennsylvania, Arkansas, North
Dakota, Louisiana, lowa, and Rhode Island extended the castle doctrine to one’s place of work in 1971, 1972, 1973,
1973, 1973, 1975, 1977, 1978, and 1984, respectively. The current study does not consider these states having
implemented SYGs.



ECD law was implemented until the 2000s. In 2005, an ECD law like Utah's was enacted by
Florida and “became the basis for a model law adopted by the American Legislative Exchange
Council” (Smart et al., 2020). Since then, 29 more states have followed the legislative efforts.®’
The “duty to retreat” requirement has been replaced with the “no duty to retreat” principle to some

extent.

The current study only focuses on a sub-group of ECD laws. The laws, referred to as SYGs in the
current study, extended castle doctrine laws to one's vehicle or “any place one has a legal right to
be” (Cheng & Hoekstra, 2013).8 Table 1.1shows the detailed effective dates for SYGs for 48
contagious states during 1989-2018. And Figure 1.1 demonstrates the share of SY G-laws state out
of the 48 states in the sample.® During the time period, 28 states in the sample implemented SYGs.
Utah was the first state that extended the castle doctrine law to one's vehicle and even “any place
one has a legal right to be” (Cheng & Hoekstra, 2013). The share of SY G-laws states began to rise
dramatically in 2006, in which 11 states adopted the laws. The second wave of legislative

movement was in 2011, in which five states adopted the laws.

& Arkansas and North Dakota passed SYGs in 2021 and are considered as control states in the sample of the study.

" Studies suggested the elevated self-protection needs from major events like September 11 attack and Hurricane
Katrina looting may partly contributed to the widespread implementation of SYGs (Fisher and Eggen, 2012; Jansen
and Nugent-Borakove, 2016).

8 The exact definition of SYGs varies in the literature. Specifically, Cheng and Hoekstra (2013), Gius (2016),
Humphrey et al., (2017), Munasib et al., (2018), and Crifasi et al., (2018) define SYGs as laws that extend castle
doctrine to some places outside one’s home. Carlson (2013), Butz et al., (2015), Everytown for Gun Safety Support
Fund (2013), and McClellan and Tekin (2017) only consider SYGs as laws extend castle doctrine to “any place one
has a legal right to be” (Cheng & Hoekstra, 2013).

% Figure A1 in appendix A visualizes the adoption of SYGs in a geographic way.



1.2.2 Studies on ECD laws

No literature has investigated the effects of ECD laws on traffic safety outcomes. And the ECD
studies mainly focus on the laws' impact on crime. Cheng and Hoekstra (2013) is the first empirical
study that comprehensively examines the impact of expanded castle doctrine on crimes (McClellan
and Tekin, 2017). Specifically, using state-level yearly data from the Uniform Crime Reporting
Program (UCR) between 2000 and 2010, and a difference-in-differences method, Cheng and
Hoekstra (2013) finds the ECD laws do not reduce burglary, robbery, or aggravated assault, but
increase the total of murder and nonnegligent manslaughter by 8%. Using data from UCR and
specifications of difference-in-differences and instrumental variables, Gius (2016) identifies no
evidence indicating any crime deterrence effect from ECD laws. Additionally, Gius (2016)
indicates ECD laws may increase sub-categories of crimes, and whether one sub-category is
affected depends on the related specification. McClellan and Tekin (2017) investigates ECD laws'
impact on firearm homicides and injuries by using state-month homicides data from the U.S. Vital
Statistics, 2000-2010, and difference-in-differences specifications. The findings of McClellan and
Tekin (2017) suggests that ECD laws increase the total firearm-related homicide rate by 7.5%.
Munasib et al. (2018) studies the impact of ECD laws on non-suicide-related gun death with
mortality data from 1999 to 2013 and a difference-in-differences design. Though the effect of ECD
laws on overall gun death is inconclusive in Munasib et al. (2018), location heterogeneity analysis
shows that ECD laws increase gun deaths by 7-9% and 6-7% in central city areas and suburban

areas, respectively.

Smart et al. (2020) systematically reviews the ECD laws' empirical literature on public health

outcomes concerning suicide, crime, defensive gun use, and the gun industry, published from 1995



to 2019. With a complete evaluation of the methodological strength in the ECD laws literature,
Smart et al. (2020) recognizes moderate evidence of total homicide increasing and supportive
evidence of firearm homicides increasing. However, the directions of the ECD laws' impact on
suicide, mass shooting, defensive gun use, and firearm ownership and purchases are identified as

inconclusive.10

1.2.3 The Relationship between Guns and Aggressive Driving Behaviors

Studies based on survey data or laboratory experiments suggest that gun carrying in one's vehicle
could be associated with aggressive driving behavior. Notably, Miller et al. (2002) analyzes the
data from a 1999 Arizona cross-sectional telephone survey and finds that carrying a gun in the
vehicle is related to aggressive driving behaviors such as making rude gestures, cursing or shouting
fiercely at other drivers, intentionally blocking other's way or following too closely. Additionally,
using phone survey data of over 2400 licensed drivers, Hemenway et al. (2006) finds that making
rude gestures and aggressively following other drivers are related to driving with a firearm in the
vehicle. Bushman et al. (2017) conducts a laboratory experiment by randomly designating 60

university students to drive with a gun or a tennis racket, aiming to identify the "weapon effect."!!

10 Smart et al. (2020) develops five scales to describe the strength of available evidence: no studies, inconclusive
evidence, limited evidence, moderate evidence, and supportive evidence. The supportive evidence is identified “when
at least three studies not compromised by serious methodological weaknesses found suggestive or significant effects
in the same direction using at least two independent data sets” (Smart et al., 2020). The moderated evidence is
recognized “when two or more studies-at least one of which was not compromised by serious methodological
weaknesses-found significant effects in the same direction, and contradictory evidence was not found in other studies
with equivalent or stronger methods” (Smart et al., 2020). And the inconclusive evidence is designated “when studies
with comparable methodological rigor identified inconsistent evidence for the policy’s effect on an outcome or when
a single study found only uncertain or suggestive effects” (Smart et al., 2020).

1 “Weapon effect” was first illustrated in a seminal work from Berkowitz and LePage (1967). The study conducts a
laboratory experiment by allowing angered university students to “punish” others in scenarios with or without the
presence of a gun and the finding suggest that the presence of guns could incite more intensive aggressive behavior.



The result shows the mere sight of a gun in the vehicle may elicit more aggressive driving

behaviors.

1.3 Data

1.3.1 Data on Traffic Fatalities

State-level traffic fatalities are from National Highway Traffic Safety Administration (NHTSA) 's
Fatality Analysis Reporting System (FARS) for 1989-2018. FARS is the most comprehensive
database for fatal accidents in the United States (Saffer, 1997). The data documented detailed
information for each person and each vehicle involved in a deadly traffic accident and the
circumstance of the fatal accident. The data have been used to evaluate traffic safety related laws,
including Minimum legal drinking age laws (Ruhm, 1996), primary and secondary seat belt laws
(Cohen & Einav, 2003), Blood Alcohol Content (BAC) .08 laws (Freeman, 2007), zero-tolerance
laws (Darren Grant, 2010), social host law (Dills, 2010), texting ban and hands-free laws (Rocco
& Sampaio, 2016), or to evaluate alcohol or drug policy that could potentially affect traffic safety,
such as beer tax (Ruhm, 1996), medical marijuana laws (Anderson et al., 2013), and drug per se
laws (Anderson & Rees, 2015). The current study is the first attempt to use FARS data to evaluate

gun policy's effect on public health outcomes.

The current study constructs state-year total traffic fatalities as well as a series of sub-group traffic
fatality measures. To investigate the impact of SYGs on aggressive driving fatalities, | aggregate
the traffic fatalities involved in specific behaviors classified by Stuster (2004) as potentially
aggressive driving related. The aggressive driving related behaviors in the analysis include

speeding, following improperly, improper or erratic lane changing, failure to yield right of way,
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and failure to obey traffic signs, traffic control devices, or traffic officers, failure to observe safety
zone traffic laws.'? In addition, this study breaks down the total traffic fatalities by alcohol
involvement, degree of urbanization, time, gender, and age group to examine the heterogeneity

effect of SYGs.

Table 1.2 displays the descriptive statistics of dependent variables to be used in the following
analysis. On average, the total fatality rate, defined as fatalities per 100,000 state population, is
13.65. Aggressive driving related fatality rate and speeding-related traffic rate are 6.49 and 4.2,
respectively. The non-alcohol-related fatality rate is about 5.5, whereas the alcohol-related fatality
rate is 3.7. 13 On average, the rural traffic fatality rate is higher than the urban traffic fatality by
1.82. Daytime and nighttime traffic fatality rates are very similar. The male traffic fatality rate is
more than twice the female traffic fatality rate. For the traffic fatality rate broken down by age
group, most traffic fatalities happened to the age group 15-39 years old. This is also the age group
where people were more often engaged in risky driving practices (Gross, 2016). Table 1.2 also

displays the descriptive statistics of outcome variables stratified by the SYG law status. Overall,

12 Stuster (2004) lists twelve potential aggressive driving related factors. Those factors are “following improperly;
improper or erratic lane changing; illegal driving on road shoulder, in ditch, or on sidewalk or median; passing where
prohibited by posted signs, pavement markings, hill or curve, or school bus displaying warning not to pass, passing
on wrong side, passing with insufficient distance or inadequate visibility or failing to yield to overtaking vehicle;
operating the vehicle in an erratic, reckless, careless, or negligent manner or suddenly changing speeds; failure to yield
right of way; failure to obey traffic signs, traffic control devices, or traffic officers, failure to observe safety zone
traffic laws; failure to observe warnings or instructions on vehicle displaying them; failure to signal; driving too fast
for conditions or in excess of posted speed limit; racing; making an improper turn” (Stuster, 2004). However, only
five aggressive driving related factors are continuously reported in FARS during the studies time period, 1989-2018.
The traffic fatalities related to the five selected factors make up 51.6% of total traffic fatalities from 2003 to 2007.
While the traffic fatalities related to all factors mentioned in Stuster (2004) sumake up 55.7% of total traffic fatalities
from 2003 to 2007. Thus, the current study’s selection of related factors is representative.

13 The rest of traffic fatalities could not be identified either as alcohol or non-alcohol related.
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the traffic fatality rates for SYG states are higher than those for states that have not implemented

SYGs. These differences necessitate the inclusion of fixed effects in the models.

1.3.2 Data on Gun Ownership

There is no panel data available for gun ownership in the traffic fleet.1* Thus, the current study
examines the impact of SYGs on "vehicular gun ownership" by using corresponding proxies. This
study focuses on two proxies, namely, “state-level estimates of household firearm ownership data”
from Rand Cooperation (Schell et al., 2020) and firearm suicide data from CDC, 1989-2016. Schell
et al. (2020) attempts to address the concerns that current survey data suffers from enormous
missing values and household gun ownership proxies may not capture the long-run time trends.
Using multi-level regression with poststratification and a structural equation model, Schell et al.
(2020) pools four national representative survey data, several related proxies and laws indicators,
and demographic data together to construct state-year level household gun ownership data.
Household gun ownership is defined as "the annual proportion of adults living in a household with
a firearm for each state” (Schell et al., 2020). Before the release of Schell et al. (2020), the gun
literature mainly relied on proxies such as the firearm suicide rate to measure the household gun
ownership (Kleck, 1997; Cook and Ludwig, 2002; Moody and Marvell, 2003; Cook and Ludwig,
2006). The firearm suicide rate is defined as the percentage of suicides that are committed by guns.
Table 1.3 presents the summary statistics for the gun ownership proxies. Estimates from Schell et

al. (2020) suggests 36.23% of adults live in a household with a firearm.

14 Based on a nationally representative telephone survey with 2,568 respondents, Cook and Ludwig (1997) estimates
the U.S. private gun ownership in 1994. The estimates suggest 14 million adults have carried firearms in vehicles in
the past year, and about 3 million people routinely carry firearm in vehicles.
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In contrast, estimates based on firearm suicide rate implies a higher number of 52.72%. On average,
states with SYGs likely have higher gun ownership than those without SYGs, based on both
proxies. The Rand estimates include various sources, including firearm suicide rate by gender, and
address the potential pitfall of existing data by using advanced and sophisticated methods. Thus,
the current study considers Rand estimates to be superior to the firearm suicide rate for

measurement of household gun ownership as well as an approximation of vehicular gun ownership.

1.3.3 Data on Crime

Following the literature investigating the ECD laws' impact on violent crimes, the current study
uses Uniform Crime Reporting Program (UCR) data, 1989-2018, to examine SYGs' impact on
aggravated assault rate and murder rate. UCR data contains monthly crime and arrest information
that is voluntarily reported by the individual law enforcement agencies. Table 1.3 reports the
average murder rate and aggravated assault rate are 6.61 and 1286 per 100,000 population,

respectively.

1.3.4 Data on Road Rage Crime

Survey data reveals that in 2019, “82% of people admitted to committing an act of road rage in the
past year” (Covington, 2021). However, there is no administrative data with a concentration on
road rage crime. The current study proposes a novel method to approximate the road rage cases
using subgroup crime data from the National Incident-Based Reporting System (NIBRS). NIBRS
data provides comprehensive information on every crime incidence reported to the police,
including victim and offender demographics, whether the assailant was arrested, when the crime

happened, the relationship between victims and assailants, and the crime location. Specifically,
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this study aggregates the crime incidence that occurs on highway/road/alley, contains aggravated
assault and murder, contains circumstances as argument and other circumstances, and contains
circumstances that all victims are individuals, and all victims are strangers to the offenders. In
terms of the weapon used in the crime incident, the crimes are grouped into "road rage using

firearm,"” "road rage using vehicle," and "road rage using other weapons.” Table 1.3 presents the
estimated road rage cases involving weapons that are firearm and vehicle are 2.29 and 1.69 per

100,000 population, respectively.®

1.3.5 Data on Vehicle Miles Traveled

It could also be possible that a person with a gun in the vehicle may feel safer and thus drive more
frequently or drive in an unsafe area or time. Consequently, traffic fatalities would increase as well.
Though no study supports this claim, I use vehicle miles traveled data from Federal Highway
Administration to study the impact of SYGs on vehicle miles driven (VMT). The last panel in
Table 1.3 presents the vehicle miles traveled per 100,000 licensed drivers, stratified by degree of
urbanization. Though the total VMT and urban VMT are very similar across SYG states and other

states, the rural vehicle miles traveled in SYG states are about twice those in other states.

1.4 Empirical Method

15 These estimates are likely underestimate the number of road rage incidences in the U.S. According to Ponomarova
(2019), road rage crimes may involve assault with a deadly weapon, assault, battery, hit and run, reckless driving,
criminal threats, and vandalism. The current study only focuses on aggravated assaults and murder because NIBRS
only provides circumstance information for those two types of crimes.
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To estimate the effects of SYGs, this study uses a difference-in-differences model and an event-
study analysis. The baseline difference-in-differences model is estimated for the following
equation:

In(Yse) = B1SYGg + XseBp + V5 + Wy + &g, 1)
Here, Y;; represents the various measures of traffic fatality rate in Table 1.2 for state s at year t,
w; represent the full set of year fixed effects, v, represent the full set of state fixed effects, SYG,;
is a dummy variable, indicating when the state has the SYG law. The dummy variable is set equal
to the fraction of the year that have SYG. The interested coefficient, 3, represents the relationship
between SYGs and traffic safety outcomes. X, represent a vector of control variables listed in

Table 1.216. ¢, is an error term. Robust standard errors are clustered at the state level.

In addition to equation (1), the following two event study specifications are estimated to examine

the dynamic impact of SYGs.

4
Ln(Yst) = z 5bSYGs,t+b + Xstﬁz + Vs + We + Est (2)
b=0
4
Ln(Yst) = Z 5bSYGs,t+b + Xstﬁz + Vs + Wt + Est (3)
b=-5;b*—-1

Both equation (2) and equation (3) replace the dummy variable SY G, in equation (1) with a series
of indicator variables that take the value one if the SYG law has been in effect for b periods, and
zero otherwise. One exception is for SY G, , which is set equal to the fraction of the effective year

that the law is in effect, and equal to zero for all the other years.

16 The list of data source could be found in Appendix Table D1



15

1. 5 Results

1.5.1 The Relationship between SYGs and Traffic Fatalities

Table 1.4 shows the estimates of the impact of SYGs on total traffic fatalities. The number of
fatalities in states with lower populations is more variable, and the regressions are weighted by the
corresponding state population in year t.1” The standard errors are clustered at the state level
(Bertrand, Duflo, and Mullainathan 2004). The baseline analysis in column 1 shows that the
passage of SYGs increases the fatality rate by 3%.%® The event study estimates in column 2 and
column 3 display a quite persistent effect across years. For column 2, the traffic fatality rate
increases by 8% in the first year of legalization. The magnitudes of the rise are steady at 4% until
the fourth year of implementation. For four years beyond the legalization, the impacts are positive
and statistically insignificant at 3%. Figure 1.2 provides a visualization of the dynamic effect for
the specification of column 3. The first year of implementation leads to a 6% increase in traffic
fatalities. The estimate for the second year of implementation is positive but statistically
insignificant. The estimates for the third and fourth years indicate 3% increases in total traffic
fatalities. The magnitude of effect diminishes to an insignificant 2% rise in total traffic fatalities

after four years.

17 Weighted least square are common method that has been used in traffic safety literature, including Chaloupka et al.
(1993), Ruhm (1996), Saffer (1997), Dee (1999), Mast & Rasmussen (1999), Young & Likens (2000), Grant & Rutner
(2004), Young & Biuelinska-Kwapisz (2006), Miron & Tetelbaum (2009), Dills (2010), Anderson (2008), Cotti &
Walker (2010), Kaestner & Yarnoff (2011), Voas et al. (2003), Grant (2010), Cotti & Teffe (2011), Anderson et al.
(2013), Abouk & Adams (2013), Anderson & Rees (2015), Santaella-Tenorio et al. (2017), French & Gumus (2018),
Sabia & Argys (2018), Ruhm (2000), and French & Gumus (2014),

18 The passage of SYGs is by no means aiming to affect traffic safety. Adding the control variables should not have a
huge impact on the estimates. In analysis not showed here, the model which exclude all control variables except for
state and year fixed effect produce a similar estimate, a 6.4% percentage increase.
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In Table 1.5, the current study replaces total traffic fatalities with fatalities involving aggressive
driving factors. The aggressive driving related factors in the analysis include speeding, following
improperly, improper or erratic lane changing, failure to yield right of way, and failure to obey
traffic signs, traffic control devices, or traffic officers, failure to observe safety zone traffic laws.
Columns 1-3 present the estimates for the relationship between SYGs and traffic fatalities related
to any aggressive driving factors. Columns 4-6 show the estimates for the impact of SYGs on
speeding fatalities. Though the simple difference-in-differences estimation gives positive
insignificant estimates, the results in event studies might suggest SYGs are positively associated
with aggressive driving fatalities. Figure 1.3 visualizes the estimates for column 3 and column 6.
The left panel shows the legalization is associated with a 6-12% increase in aggressive driving
fatalities at 90% confidence level. The right panel displays that the implementation increases
speeding-related fatalities by 17% in the first year of implementation. Then the impact wanes to
an 8% increase in the third year of implementation. The effects turn into statistically insignificant

for the following years.

Yu et al. (2004) surveyed 431 people from “fifty alcoholism and substance abuse treatment
facilities across New York State” and found that alcohol problems were associated with aggressive
driving, but not road rage behavior. In Table 1.6, the study explores SYGs' impact on alcohol-
related and non-alcohol-related traffic fatalities. The difference-in-differences estimate from
column 1 shows that SYGs are associated with a 4% increase in traffic fatalities without alcohol
involvement. The event study estimates from column 2 and column 3 present the law increase the
non-alcohol traffic fatalities by 3-9%. The Estimates for columns 4 -12 do not identify any

treatment effect heterogeneity for alcohol-related fatal injuries. Figure 1.4 shows a visual
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representation of event study results for traffic fatalities stratified by alcohol involvement. The
upper-left panel shows the non-alcohol traffic fatality rate rises by 7% in the first year of

implementation. For the following years of the law implementation, the increases are around 3%.

According to Smart et al. (2003), road rage victimization is more prevalent among people living
in urban area. To explore the treatment effect heterogeneity across regions, this study focuses on
the fatalities in urban and rural areas separately.'® Table 1.7 shows the impact of SYGs on traffic
fatalities by the degree of urbanization. The difference-in-differences estimates from column 1 and
column 4 show the legalization is associated with an insignificant 2% decrease in rural traffic
fatalities and a significant 13% increase in urban traffic fatalities. Columns 2 and 5 show that SYGs
do not significantly affect rural traffic fatalities but significantly increase urban traffic fatalities by
9-22%. Figure 1.5 visualizes the estimates from column 3 and column 6. The left panel shows that
SYGs decrease traffic fatalities by around 5-10%. However, the estimate for five years before the
implementation is negative and statistically insignificant, which may indicate a potential violation
of the parallel trend assumption. The right panel presents that the legalization increases urban
traffic fatalities by 22% in the first year. The estimate for the second year shows a 9% increase.
The estimates for the third and fourth years are positive but insignificant at 7-10%. After four years,

the legalization is associated with a 16% rise in traffic fatalities.

19 State highway departments use the rural and urban boundaries defined by the Census Bureau. According to Census
(2010), urban areas encompass “densely developed territory” such as “residential, commercial, and other non-
residential urban land uses.” Rural is defined as areas not identified as urban areas.
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Auto Insurance Center (2016) studies road-rage-related Instagram hashtag words and finds
aggressive driving behaviors peak around 6 p.m. Additionally, road rages are most prevalent on
Friday and least prevalent on Sunday. Table 1.8 represents the impacts of SYGs on traffic fatalities
by time and day. Estimates of columns 1-3 do not identify any significant impacts of SYGs on
daytime traffic fatalities. Difference-in-differences estimates from column 4, column 7, and
column 10 show that nighttime traffic fatalities, weekday traffic fatalities, and weekend traffic
fatalities increase by around 3%. Figure 1.6 visualizes the event study estimates from column 3,
column 6, column 9, and column 12. The impacts on daytime traffic fatalities and weekend traffic
fatalities are insignificant. SYGs are associated with an initial 7% increase in nighttime traffic
fatalities and weekday traffic fatalities. The estimates for the following years for both outcomes

are around 3-4%.

The findings concerning gender differences in road rage stressed the prevalence of road rage
among male drivers (Evans, 1991; Miller et al., 2002; Sansone and Sansone, 2010; AAA
Foundation for Traffic Safety, 2020). Table 1.9 illustrates the relationship between SYGs and
traffic fatalities by gender. Simple difference-in-differences analysis shows that male traffic
fatalities increase by 4%, while the effect of the SYG law on female traffic fatalities is insignificant.
The event studies in column 3 and column 6, visualized in Figure 1.7, suggest that the male traffic
fatalities increase by 4-8% following the policy change and the female traffic fatalities experience

a 3% increase after the law implementation.

According to AAA Foundation for Traffic Safety (2020), "Male and younger drivers ages 19-39

were significantly more likely to engage in aggressive behaviors.” It could be possible the impact
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of SYGs on traffic fatalities for ages between 19 to 39 are more saliant than other age groups.
Table 1.10 shows the estimated impact of SYGs on traffic fatalities by age group. Difference-in-
differences estimates for age groups of 15-19, 20-29, 30-39, 40-49 are statistically significant at
conventional levels. The event study estimates in Figure 1.8 show that the traffic fatalities for
ages 15-19 increase by around 9-15%, traffic fatalities for ages 20-29 rise by about 7%, and
traffic fatalities for ages 50-64 increase by around 4-8%. The estimated coefficients for the rest

outcomes are statistically insignificant.

1.6 Robustness Checks and Sensitivity Checks

Recent literature raises the concern that the two-way fixed effect model could potentially be biased
for the settings with staggered policy implementation and heterogeneous treatment effect
(Borusyak, Jaravel and Spiess, 2021; Bacon, 2021; de Chaisemartin and D’Haultfoeuille, 2020;
Sun and Abraham, 2020). The canonical difference-in-differences setting contains a pair of
treatment group and control group with pre- and post-treatment time periods. According to Bacon
(2021), for settings with staggered policy implementation, the two-way fixed effect estimator is a
weighted average of the estimators from all possible canonical difference-in-differences settings
within the data. The bias potentially arises when the average treatment effects vary across time
within groups and the canonical difference-in-differences setting contains both an “earlier-treated
group” and a “later-treated group” (Bacon, 2021). Following Bacon (2021), | decompose the
difference-in-differences estimate for the total traffic fatalities analysis (0.034) into three types of
canonical settings: the “earlier-treated group” as the control group vs. the “later-treated group” as

the treatment group, the “earlier-treated group” as the treatment group vs. the “later-treated” group
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as the control group, and the treated group vs. the never treated control group.?° The average
estimate for the models comparing treatment groups and never treatment groups is 0.031, with a
weight of 0.78. The potential bias raised with heterogeneous treatment effects may not be a major

concern.

To formally address the concern of heterogeneous treatment effects, | estimate the effect of SYGs
by using the event study method introduced by Sun and Abraham (2020). Sun and Abraham (2020)
provides a decomposition of estimators for lead and lags in the traditional event study models to
discuss the potential bias and proposes “interaction-weighted” (IW) estimators to perform event
studies. The method follows three steps. First, it estimates the two-way fixed effect model
controlling for relative time dummies interacted with cohort dummies. The cohort dummies
indicate the group of the initial treatment timing. The control group consists of never treated states.
Second, it estimates each cohort share in the sample for the relative time period(s). Third, it
calculates the weighted average of the estimates from step one with weights of the estimated shares
in step 2. Figure 1.9 through Figure 1.15 present the corresponding event study estimates based on
the new approach. The results are similar to the two-way fixed effect model estimates. Specifically,
the legalization increases total traffic fatalities, female traffic fatalities, and weekday traffic
fatalities by around 3-4%. In addition, SYGs are associated with a 17% increase in urban traffic
fatalities. The effects on aggressive driving fatalities, speeding fatalities, and non-alcohol-related

traffic fatalities are positive but insignificant.

20 Unlike previous models with the dummy variable takes on fraction value for partial year implementation, the
model estimated by Goodman-Bacon (2021) assigns the policy variable with a value equal to zero or one. This is
because Goodman-Bacon (2021) only discuss the setting with pure dummy variables.
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Table 1.11 shows additional robustness checks for the total traffic fatalities analysis. Column 1
repeats the baseline event-study model for total traffic fatalities. In columns 2 and 3, this study
checks the robustness of the results using alternative treatment indicators. Specifically, Column 2
runs the baseline regression for the sample excluding states that extended castle doctrine to vehicle.
Column 3 runs the baseline regression for the sample excluding states that extended castle doctrine
to any places one has a legal right to be. The robustness check confirms that SYGs are associated
with an increase in total traffic fatalities. The magnitudes of coefficients on two years after and

three years after are quite similar.

In Table 1.12, Column 1 repeats the baseline regression result. Column 2 through Column 4 run
regressions with the different definitions of the natural log of the traffic fatalities outcome variable.
Specifically, column 2 defines the outcome variable as traffic fatalities count. Column 3 defines
the outcome variables as traffic fatality count divided by 100,000 licensed drivers. Column 4
defines the outcome variables as traffic fatality count divided by the total vehicle miles traveled
(VMT). Column 2 also controls for the natural log of the state population. Among these definitions
of the dependent variable, log(count/population) is the most widely used in traffic safety literature.
The results across the four specifications are very similar. All results show SYGs increase traffic

fatalities by 6% in the first legalization year.

In Table 1.13, the current study performs sensitive checks by checking alternative covariates.
Specifically, the study progressively adds covariates to the basic regression that only includes state

fixed effects and year fixed effects. The magnitudes of the coefficients are quite alike. The result
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in Column 1 is the preferred specification. Columns 6 and 7 display the result for baseline
regression, including linear state-specific time trends and quadratic state-specific time trends. The
results are robust for the coeffects on the first year of law implementation.?* People who live in
the SYG States may drive to non-SYG states, which could have a potential spillover effect and
invalidate the difference-in-differences assumption. To test the potential spillover effect, following
Kyiazi (2019), the current study constructs the index below,

#ofNeigboringStateunderSY Gy,
# of NeigboringStatesg;

Spillovery =

Therefore, Spillover, is the ratio of the neighboring states under SYGs. Column 8 of Table 1.13
show the regression result for baseline model controls for the spillover index. Adding the spillover
index has a minimum impact on the event-study coefficients. And this result further supports the
validity of the model. Table 1.14 through Table 1.16 show the robustness checks and sensitivity

checks for urban traffic fatalities analysis, and the results are robust across different specifications.

Following Anderson et al. (2013), the current study runs a series of placebo regressions. Each
panel in Figure 1.16 shows the histogram of placebo estimates from 1,000 trials of the simple

difference-in-differences model of Equation (1). For each trial, I randomly assigned 29 states that

2L The current study does not include state-specific trend in the main models, following Justin Wolfer’s (2006)
criticism of adding state trends since the trends could confound state-specific time varying unobserved factors and
effects of the policy itself. Controlling for state time trends is still controversial in gun policy research and other labor
economics research. As Kyriazis(2019) points out, “include state-specific trends is the most debatable issue in right-
to-carry literature.” As for labor economics literature, Goodman Bacon (2021) observes unit-specific trend over
control for time-varying treatment effects. This is consistent with Lee and Solon(2011), Meer and West (2016),
Neumark, Salas, and Wascher (2014). Neumark, Salas, and Wascher (2014) heavily criticized the use of state-specific
trend when estimate the impact of minimum wages on employment of low-skilled workers. ..if the recessions led to
cross-state deviations between teen employment rates and aggregate labor market conditions, then the estimated
longer-term trends in teen employment could be biased.”
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legalized SYGs in random years because 29 states legalized SYG during 1989-2018. For each
panel, the vertical solid lines indicate the estimated coefficient based on true effective dates, and
the area between the dashed lines lies 90% of the coefficients from pseudo effective dates. The

major results are robust to permutation tests.

1.7 Mechanism

Table 1.17 shows the regression result by regressing SYG law on two types of gun ownership
proxies for 1989-2016. The simple difference-in-differences estimates for both proxies show the
SYGs are associated with a 3% increase in gun ownership. Figure 1.17 visualizes the event study
estimates from column 3 and column 6. The estimates from the regression of Rand estimated gun
ownership is more salient than the estimates from firearm suicide regression. The SYGs increase
Rand estimated gun ownership by 11% in the first year of legalization, while the laws increase
firearm suicides by 3% in the first year at 90% confidence level and 3% in the fourth year at 95%

confidence level.

Next, attention is paid to crime. Chen and Hoeksta (2013) studies extended castle doctrine to places
outside the home and finds ECD laws increase murder by 8%. McClellan and Tekin (2017) studied
the impact of extended castle doctrine to “any place one has a legal right to be” and finds ECD
laws increase total homicide by 7.5% and increase homicides among white total and white males
by 12.5% and 15.3% (Cheng & Hoekstra, 2013). But McClellan and Tekin (2017) finds an
insignificant impact of ECD laws on African-Americans or blacks. The current study contributes
to the literature by studying the effect of extending castle doctrine to one's vehicle and “any place

one has a legal right to be” on crime (Cheng & Hoekstra, 2013). Specifically, Table 1.18
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summarizes the regression results that analyze SYGs' impact on aggravated assault and murder.
The regression is very similar to the baseline regression but replaces the natural log of traffic
fatality rate with the log of the crime rate. The simple difference-in-differences estimate from
column (4) shows SYGs are associated with a 13% increase in the murder rate. The estimate from
the current paper is higher than estimates from Cheng and Hoekstra (2013) (7.5%) and McClellan
and Tekin (2017) (8%). A back-of-envelope analysis suggests the legalization is associated with
431 additional homicides each year for the SYGs states.?? This is smaller than the finding from
McClellan and Tekin (2017), which indicates SYGs cause 600 additional murders each year for
the SYGs states. Both Cheng and Hoekstra (2013) and McClellan and Tekin (2017) study the time
period of 2000-2010, but the current study covers 1989-2018. Ten states implement SYGs after
2010. In addition, the definition of SYGs varies. Figure 1.18 represents the event-study results
from column 3 and column 6 in graphs. The estimates from the left panel are statistically
insignificant. The right panel presents that the legalization increases the murder rate by14% in the
first year of implementation and the impacts are consistent over the years at around 12-18%

increases.

Table 1.19 displays the impacts of SYGs on road rage crime proxies from murder and aggravated
assault. Given the nature of the data, which contains many zeros, the study applies Poisson fixed

effect model. The simple difference-in-differences show that the road rage crime involving

22 The difference-in-differences estimate shows the murder increase by 13%. For SYG states, the average of murder
one year before the implementation was 4.76 cases per 100,000 agency-reported population. This implies 0.62
additional cases per 100,000 agency-reported population. The total SYGs state population in the year prior to the
legalization was 69,656,773. Multiplying the total SYG state population and 0.62 cases per 100,000 agency-reported
population gives 431 additional murders per year among the SYGs states
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firearms and vehicles significantly increase by 23% and 27%, respectively?3. Figure 1.19 visualizes
the event study estimates. SYGs are associated with initial increases of 43% for both road rage
crime proxies. Back-of-envelope calculations indicate the road rage crimes associated with
firearms and the one associated with vehicles increase by 516 cases and 439 cases each year after
the SYG law was implemented.?* By contrast, similar analysis shows SYGs may cause additional
893 traffic casualties each year.?® This indicates other channels possibly exist between SYGs and
traffic fatalities. The current study only focuses on road rage crimes involving murder and
aggravated assault. According to Ponomarova (2019), road rage crimes may involve other types
of crimes such as hit and run, reckless driving, criminal threats, and vandalism. Due to the data

limitation, the current study does not address these potential road rage crimes.

To address the concern that SYGs could potentially make people feel safer and drive more
frequently. Table 1.20 presents the impact of SYGs on VMT and Figure 1.20 visualizes the event
study estimates. No significant impact was detected for the VMT outcomes, and the results do not

identify any evidence to support this anecdotal evidence.

1.8 Conclusion

23 The percentage changes are calculated as (e# — 1) x 100%.

24 The difference-in-differences estimate shows the road rage crime involved vehicle increase by 27%. For SYG states,
the mean of road rage crime involved vehicle one year before the implementation was 2.32 cases per 100,000 agency-
reported population. This implies 0.63 additional cases per 100,000 agency-reported population. The total SY Gs state
population in the year prior to the legalization was 69,656,773. Multiplying the total SYG state population and 0.63
cases per 100,000 agency-reported population gives 439 additional road rage cases per year among the SYGs states.
% The difference-in-differences estimates shows SY Gs raise total traffic fataltiies by 3%. The average traffic fatalities
one year prior to the legalization is 18.06 fatalities per 100,000 population. The 3% increase indicate an increase of
0.54 casualties per 100,000 population. Multiplying the increased share by the SYG states population yields 893
additional deaths per year.
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Historically, upon facing a confrontation beyond one’s home, one is required by state self-defense
laws to retreat before applying deadly force if there is still room to do so. However, from 1994 to
2021, 31 states have implemented the SYGs to remove any duty to retreat in one's vehicle or any
place one is legally present. The expansion of laws, which offered more protection for self-defense
in the traffic fleet, could potentially alter people’s driving behavior and affect public health
outcomes such as traffic fatalities. However, no empirical study has examined the impact of SYGs

on traffic safety.

The current study uses data from the Federal Highway Administration and National Highway
Traffic Safety Administration to investigate the impact of SYGs on traffic fatalities. The reduced
form regressions show that the SYGs are associated with a 3% increase in traffic fatalities. In other
words, the law could cause around 900 traffic fatalities each year in the SYG law states. This is
much higher than the number of homicides (431 cases) the laws likely could increase. Furthermore,
this study finds important heterogeneity by driving related factors, alcohol involvement,
urbanization, and time. To explore the mechanism through which SYGs could affect traffic
fatalities, I examine SYGs' impact on household firearm ownership, road rage crime, and vehicle
miles driven. The results show that firearm ownership increased by 11%, and the road rage crime
increased by 23%-27% after passing laws. In other words, the SYGs induce around 450 additional

road rage cases per year. No significant impact is identified for vehicle miles driven.

Research on gun policy has lagged behind the research on traffic fatalities (Bui & Sanger-katz,
2018). This is partially due to the constrained financial incentives imposed by the Dickey

amendment and limited gun and crime data quality. Another possible reason for this lagging
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behind is that most gun policies only slightly affect the flow of gun ownership but hardly have a
massive impact on the overall stock of guns in the U.S. (Smart et al., 2020). In addition to being
the first study to examine the effect of SYGs on traffic safety outcomes, the current research
overcomes the issue of data quality and addresses the concern of “flow vs. stock.” Specifically,
to bypass the data quality issue in the gun policy research, | use the well-documented traffic
fatality data and other related highway statistics data. Also, | take advantage of the novel gun
ownership data and find that the SYGs increase gun ownership. For mitigating the concern of
“flow vs. stock,” the SYGs likely increase the awareness of self-defense and increase the gun
stock in the traffic fleet even if the overall gun stock remains the same. Furthermore, the
significant positive effects on traffic fatalities suggest the additional negative externalities of

SYGs extend beyond violent crime and suicide.



1.9 Tables and Figures

Table 1.1

SYGs, 1989-2018

Effective Effective
State Date State Date
Alabama 6/1/06 Nevada 10/1/11
Arizona 4/24/06 New Hampshire 11/11/11
Florida 10/1/05 North Carolina 12/1/11
Georgia 7/1/06 Ohio 9/9/08
Idaho 7/1/18 Oklahoma 11/1/06
Indiana 7/1/06 Pennsylvania 8/29/11
lowa 71117 South Carolina 6/9/06
Kansas 5/25/06 South Dakota 7/1/06
Kentucky 7/12/06 Tennessee 5/22/07
Louisiana 8/15/06 Texas 9/1/07
Michigan 10/1/06 Utah 3/2/94
Mississippi 7/1/06 West Virginia 2/28/08
Missouri 8/28/07 Wisconsin 12/21/11
Montana 4/27/09 Wyoming 7/1/18

Notes. This table lists the states which implemented SYGs in 1989-2018 and their corresponding effective dates.
Alaska adopted the SYG law in 2013. Arkansas and North Dakota implemented SYGs in 2021.
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Table 1.2

Outcomes for Reduced Form Regressions

Outcome Variables Mean All SYG States Other States Observations
Total Fatalities 13.65 (5.04) 16.11 (4.52) 10.58 (3.81) 1440
Traffic Fatalities by Related Factors

Aggressive Driving 6.49 (2.77) 7.67 (2.65) 5.02 (2.13) 1440
Speeding 4.2 (2.11) 4.86 (2.23) 3.37 (1.62) 1440
No Alcohol Involved 9.25(3.4) 11.01 (3.15) 7.05 (2.23) 1440
Alcohol Involved (BAC > 0) 3.7(1.72) 4.26 (1.61) 2.99 (1.59) 1440
Alcohol Involved (BAC > .08) 3.01 (1.46) 3.51(1.37) 2.38 (1.31) 1440
Alcohol Involved (BAC > .1) 2.9 (1.41) 3.39 (1.33) 2.29 (1.27) 1440
Rural 7.71 (4.72) 9.78 (4.51) 5.11 (3.55) 1440
Urban 5.89 (2.08) 6.25 (2.24) 5.44 (1.75) 1440
Daytime 6.58 (2.55) 7.79 (2.33) 5.07 (1.93) 1440
Nighttime 6.97 (2.62) 8.21(2.41) 5.41 (1.96) 1440
Weekday 7.83 (2.86) 9.24 (2.55) 6.06 (2.15) 1440
Weekend 5.8 (2.24) 6.84 (2.07) 4.5(1.71) 1440
Male 19.23 (7.03) 22.68 (6.36) 14.91 (5.21) 1440
Female 8.28 (3.27) 9.79 (2.98) 6.39 (2.54) 1440
Ages 15-19 20.88 (10.37) 24.7 (10.16) 16.11 (8.48) 1440
Ages 20-29 21.8(8.32) 25.62 (7.56) 17.02 (6.56) 1440
Ages 30-39 14.66 (6.33) 17.79 (5.73) 10.73 (4.63) 1440
Ages 40-49 13.38 (5.5) 16.17 (4.93) 9.88 (3.98) 1440
Ages 50-64 12.97 (4.59) 15.25 (4.07) 10.11 (3.47) 1440
Ages 65+ 17.31 (5.71) 19.47 (5.6) 14.6 (4.59) 1440

Notes. This table shows the summary statistics for traffic fatality rates from National Highway Traffic Safety
Administration's Fatality Analysis Reporting System (FARS), 1989-2018. The second, third, and fourth columns show
the weighted means with standard deviations in parentheses for all states, states that implemented SYGs, and states
that have not yet implemented SY Gs in the sample, respectively. The last columns display the number of observations
for all states in the sample. Traffic fatalities by gender and age group are corresponding fatality counts divided by
100,000 relevant gender or age group population. For the rest of the traffic fatality rates, the statistics are the related
fatality counts divided by 100,000 state population. All means are weighted by the state-by-year population.
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Table 1.3

Outcomes for Regressions Testing Mechanisms

Outcome Variables Mean All SYG States Other States Observations
Gun Ownership Proxies

Rand Estimates 36.23 (12.95) 43.06 (8.56) 27.71 (12.44) 1344
Firearm Suicide Rate 52.72 (12.31) 59.74 (7.89) 43.96 (11.17) 1344
Crime

Murder 6.61 (3.57) 6.8 (2.92) 6.38 (4.23) 1440
Aggravated Assault 1286 (480) 1454 (445) 1076 (437) 1440
Road Rage Crime Proxies

Firearm Involved 2.32 (1.63) 2.65 (1.6) 1.54 (1.41) 360
Vehicle Involved 1.71 (1.16) 2.03 (1.16) 0.93 (0.68) 360
Other Weapon Involved 3.93 (2.45) 3.55 (2.04) 4.82 (3.05) 360
Vehicle Miles Traveled

Total Vehicle Miles Traveled 1412 (207) 1490 (201) 1316 (170) 1440
Urban Vehicle Miles Traveled 914 (187) 891 (196) 942 (173) 1440
Rural Vehicle Miles Traveled 498 (254) 599 (225) 372.61 (231) 1440

Notes. This table shows the summary statistics for gun ownership proxies, road rage crime proxies, and vehicle miles
traveled in the sample. Rand estimates of gun ownership, defined as “the percentage of adults living in households
with a firearm”, are from Schell et al. (2020), 1989-2016. The firearm suicide rate, defined as the percentage of suicide
committed by a firearm, is from the Centers for Disease Control and Prevention Compressed Mortality File, 1989-
2016. Murder and aggravated assault, defined as the actual crime divided by the agency reported population, are from
the Federal Bureau of Investigation's Uniform Crime Reporting Program, 1989-2018. Road rage proxies are from the
Federal Bureau of Investigation's National Incident-Based Reporting System, 2001-2018. Vehicle miles traveled
related variables, defined as corresponding vehicle miles traveled divided by 100,000 licensed drivers, are obtained
from Federal Highway Administration's Highway Statistics, 1989-2018. The second, third, and fourth columns show
the weighted means with standard deviations in parentheses for all states, states which implemented SYGs, and states
which not yet implemented SYGs in the sample, respectively. The last columns display the number of observations
for all states in the sample. The means are weighted by the state-by-year population.



Table 1.4

The Effect of SYGs on Traffic Fatalities

Total Traffic Fatalities

SYG

5+ years before

4 years before

3 years before

2 years before

Year 0 for SYG

1 years after

2 years after

3 years after

4+ years after

Observations
R-squared

@
0.03*
(0.02)

1,440
0.89

@)

0.08*
(0.04)
0.03*
(0.02)

0.04**
(0.02)

0.04%*
(0.02)

0.03

(0.02)

1,440
0.89

®

-0.02
(0.02)
-0.00
(0.02)
-0.00
(0.02)
-0.01
(0.01)
0.06%
(0.03)

0.02

(0.01)

0.03%*
(0.01)

0.03%*
(0.02)

0.02

(0.02)

1,440
0.89

31

Notes. The dependent variable in all columns is the natural log of traffic fatalities per 100,000 population. SYG
variable is a dummy variable indicating the share of the year in which an SYG law was implemented. The event
studies include leads and lags for SYGs, omitting the dummy for one year prior. Regressions are weighted by the state

average population across years.

Standard errors

Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1

in parenthesis are clustered at the state

level.
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Table 1.5

The Effect of SYGs on Traffic Fatalities Related to Aggressive Driving

All Related Factors Factor Related to Speeding
@) ) ®) (4) ®) (6)
SYG 0.02 0.02
(0.03) (0.05)
5+ years before -0.00 -0.01
(0.04) (0.06)
4 years before 0.01 0.01
(0.03) (0.05)
3 years before 0.00 -0.01
(0.03) (0.04)
2 years before 0.01 -0.01
(0.02) (0.03)
Year 0 for SYG 0.11 0.12* 0.19* 0.17**
(0.08) (0.07) (0.10) (0.08)
1 years after 0.05 0.06* 0.10** 0.09**
(0.03) (0.03) (0.05) (0.04)
2 years after 0.05 0.05 0.09* 0.08*
(0.04) (0.03) (0.05) (0.05)
3 years after 0.03 0.04 0.05 0.04
(0.03) (0.03) (0.05) (0.05)
4+ years after -0.01 -0.01 -0.05 -0.05
(0.05) (0.04) (0.06) (0.06)
Observations 1,440 1,440 1,440 1,440 1,440 1,440
R-squared 0.78 0.78 0.78 0.66 0.66 0.66

Notes. The dependent variable in all columns is the natural log of traffic fatalities per 100,000 population. SYG
variable is a dummy variable indicating the share of the year in which an SYG law was implemented. The event
studies include leads and lags for SYGs, omitting the dummy for one year prior. Regressions are weighted by the state
average population across years. Standard errors in parenthesis are clustered at the state level.
Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1
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Table 1.6

The Effect of SYGs on Traffic Fatalities Split Per Level of Alcohol Involvement

No Alcohol BAC>0 BAC >.08 BAC>.1
) @ @) (4) ®) (6) @) @) © (@ a 12
SYG 0.04** 0.01 0.02 0.01
(0.02) (0.06) (0.05) (0.05)
5+ years
before -0.01 -0.03 -0.02 -0.02
(0.02) (0.08) (0.08) (0.08)
4 years
before -0.01 0.01 0.01 0.01
(0.02) (0.08) (0.07) (0.07)
3 years
before -0.01 0.03 0.02 0.03
(0.02) (0.07) (0.07) (0.07)
2 years
before -0.01 -0.04 -0.05 -0.06
(0.02) (0.06) (0.06) (0.07)
Year O for
SYG 0.09* 0.07** 0.04 0.00 0.04 0.02 0.03 0.01
(0.04) (0.03) (0.13) (0.12) (0.11) (0.11) (0.11) (0.11)
1 years after 0.03 0.02 0.04 0.03 0.05 0.04 0.04 0.04
(0.02) (0.01) (0.04) (0.06) (0.04) (0.06) (0.04) (0.06)
2 years after 0.04* 0.03** 0.06 0.05 0.06 0.05 0.06 0.05
(0.02) (0.01) (0.06) (0.07) (0.06) (0.07) (0.06) (0.07)
3 years after 0.05**  0.04** 0.03 0.02 0.03 0.02 0.02 0.01
(0.02) (0.02) (0.07) (0.08) (0.06) (0.08) (0.06) (0.08)
4+ years
after 0.04*  0.04* -0.03  -0.04 -0.01  -0.02 -0.02  -0.03
(0.02) (0.02) (0.07) (0.08) (0.07) (0.08) (0.07) (0.08)

Observations 1,440 1,440 1,440 1,440 1440 1440 1,440 1440 1440 1,440 1440 1,440
R-squared 0.81 0.81 0.81 0.68 0.68 0.68 0.68 0.68 0.68 0.67 0.67 0.68

Notes. The dependent variable in all columns is the natural log of traffic fatalities per 100,000 population. SYG
variable is a dummy variable indicating the share of the year in which an SYG law was implemented. The event
studies include leads and lags for SYGs, omitting the dummy for one year prior. Regressions are weighted by the
state average population across years. Standard errors in parenthesis are clustered at the state level.

Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1
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Table 1.7

The Effect of SYGs on Traffic Fatalities Split Per Location Type

Rural Urban
1) ) @) (4) Q) (6)
SYG -0.02 0.13**
(0.04) (0.06)
5+ years before -0.10** 0.02
(0.04) (0.05)
4 years before -0.06 -0.06
(0.04) (0.09)
3 years before -0.04 0.01
(0.03) (0.05)
2 years before -0.02 -0.05
(0.02) (0.04)
Year 0 for SYG 0.05 -0.07 0.22** 0.22%**
(0.06) (0.06) (0.09) (0.08)
1 years after 0.01 -0.05* 0.09** 0.09**
(0.03) (0.03) (0.04) (0.04)
2 years after 0.01 -0.04 0.08 0.07
(0.04) (0.04) (0.06) (0.05)
3 years after -0.01 -0.06 0.10 0.10
(0.05) (0.04) (0.08) (0.08)
4+ years after -0.05 -0.10** 0.16** 0.16**
(0.04) (0.04) (0.07) (0.06)
Observations 1,440 1,440 1,440 1,438 1,438 1,438
R-squared 0.81 0.81 0.81 0.37 0.37 0.37

Notes. The dependent variable in all columns is the natural log of traffic fatalities per 100,000 population. SYG
variable is a dummy variable indicating the share of the year in which an SYG law was implemented. The event
studies include leads and lags for SYGs, omitting the dummy for one year prior. Regressions are weighted by the
state average population across years. Standard errors in parenthesis are clustered at the state level.

Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1
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The Effect of SYGs on Traffic Fatalities Split Per Time
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Daytime Nighttime Weekday Weekend
@ ) (©)) 4) 5) (6) (7 8 9 (100 (11 (12
SYG 0.02 0.04* 0.03* 0.03*
(0.01) (0.02) (0.02) (0.02)
5+ years
before -0.02 -0.01 -0.02 -0.02
(0.02) (0.03) (0.02) (0.03)
4 years
before 0.00 -0.01 -0.00 -0.01
(0.02) (0.03) (0.02) (0.03)
3 years
before -0.01 0.00 0.01 -0.02
(0.02) (0.02) (0.02) (0.02)
2 years
before -0.00 -0.02 -0.01 -0.02
(0.01) (0.01) (0.01) (0.02)
Year 0 for
SYG 0.07 0.05 0.09* 0.07* 0.09** 0.07** 0.07 0.05
(0.05) (0.04) (0.05) (0.04) (0.04) (0.03) (0.06) (0.04)
1 years after 0.03 0.02 0.03*  0.02 0.03 0.02 0.03*  0.02
(0.02) (0.01) (0.02) (0.02) (0.02) (0.01) (0.02) (0.02)
2 years after 0.03 0.02 0.04 0.03 0.04**  0.03** 0.04 0.03
(0.02) (0.02) (0.03) (0.02) (0.02) (0.01) (0.03) (0.02)
3 years after 0.03 0.02 0.06** 0.05* 0.05**  0.04** 0.04*  0.02
(0.02) (0.01) (0.03) (0.03) (0.02) (0.02) (0.02) (0.02)
4+ years
after 0.02 0.01 0.04 0.03 0.03 0.03 0.03 0.02
(0.02) (0.02) (0.03) (0.03) (0.02) (0.02) (0.02) (0.03)
Observations 1,440 1,440 1,440 1,440 1,440 1,440 1,440 1,440 1,440 1,440 1,440 1,440
R-squared 0.87 0.87 0.87 0.85 0.85 0.85 0.86 0.86 0.86 0.86 0.86 0.86

Notes. The dependent variable in all columns is the natural log of traffic fatalities per 100,000 population. SYG
variable is a dummy variable indicating the share of the year in which an SYG law was implemented. The event
studies include leads and lags for SYGs, omitting the dummy for one year prior. Regressions are weighted by the
state average population across years. Standard errors in parenthesis are clustered at the state level.

Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1
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The Effect of SYGs on Traffic Fatalities Split Per Gender

Male Female
«y @) ®) (4) ®) (6)
SYG 0.04** 0.01
(0.02) (0.02)
5+ years
before -0.02 -0.00
(0.02) (0.03)
4 years before -0.00 -0.01
(0.02) (0.03)
3 years before -0.01 0.01
(0.02) (0.02)
2 years before -0.02* 0.01
(0.01) (0.02)
Year O for
SYG 0.11** 0.08** 0.02 0.02
(0.05) (0.04) (0.04) (0.04)
1 years after 0.04** 0.03 0.00 0.00
(0.02) (0.02) (0.02) (0.02)
2 years after 0.04** 0.03* 0.03* 0.03*
(0.02) (0.02) (0.02) (0.02)
3 years after 0.05** 0.04** 0.02 0.03
(0.02) (0.02) (0.02) (0.03)
4+ years after 0.04* 0.03 0.01 0.01
(0.02) (0.02) (0.02) (0.03)
Observations 1,440 1,440 1,440 1,440 1,440 1,440
R-squared 0.87 0.87 0.87 0.87 0.87 0.87

Notes. The dependent variable in all columns is the natural log of traffic fatalities per 100,000 population.
SYG variable is a dummy variable indicating the share of the year in which an SYG law was
implemented. The event studies include leads and lags for SYGs, omitting the dummy for one year prior.
Regressions are weighted by the state average population across years. Standard errors in parenthesis are
clustered at the state level.

Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1
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Table 1.10

The Effect of SYGs on Traffic Fatalities Split Per Age

Ages 15-19 Ages 20-29 Ages 30-39
1) ) (©) (4) ©) (6) (@) ®) 9)
SYG 0.07** 0.04* 0.05*
(0.03) (0.02) (0.02)
5+ years
before -0.01 -0.01 -0.02
(0.04) (0.03) (0.03)
4 years before 0.01 -0.01 -0.01
(0.04) (0.03) (0.04)
3 years before -0.02 -0.00 -0.01
(0.02) (0.03) (0.04)
2 years before 0.01 -0.02 -0.04
(0.03) (0.03) (0.03)
Year O for
SYG 0.17*  0.15** 0.07 0.05 0.07 0.04
(0.08) (0.07) 0.07) (0.07) (0.06) (0.06)
1 years after 0.09***  0.09** 0.01 -0.00 0.04 0.03
(0.02) (0.03) (0.03) (0.04) (0.03) (0.03)
2 years after 0.03 0.02 0.08** 0.07** 0.06* 0.04
(0.04) (0.05) (0.03) (0.03) (0.03) (0.03)
3 years after 0.08 0.07 0.07*  0.06* 0.07**  0.06
(0.05) (0.05) (0.04) (0.04) (0.03) (0.04)
4+ years after 0.07* 0.07 0.04 0.03 0.04 0.03
(0.04) (0.05) (0.03) (0.03) (0.03) (0.03)

Observations 1,440 1,440 1,440 1,440 1,440 1,440 1,440 1,440 1,440
R-squared 0.89 0.89 0.89 0.79 0.79 0.79 0.69 0.69 0.69

Notes. The dependent variable in all columns is the natural log of traffic fatalities per 100,000 population.
SYG variable is a dummy variable indicating the share of the year in which an SYG law was
implemented. The event studies include leads and lags for SY Gs, omitting the dummy for one year prior.
Regressions are weighted by the state average population across years. Standard errors in parenthesis are
clustered at the state level.

Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1
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Table 1.10

(Continued)

Ages 40-49 Ages 50-64 Ages 65+
(10 (11 (12) (13) (14) (15) (16) A7) (18)
SYG 0.04* 0.04 0.00
(0.02) (0.02) (0.02)

5+ years before -0.06** -0.03 0.00
(0.03) (0.02) (0.03)

4 years before -0.06** 0.00 0.02
(0.03) (0.04) (0.03)

3 years before -0.01 0.01 0.01
(0.02) (0.03) (0.03)

2 years before -0.05** 0.00 0.03
(0.02) (0.02) (0.02)

Year 0 for SYG 0.10* 0.00 0.10**  0.08* 0.03 0.05
(0.05) (0.04) (0.04) (0.04) (0.06)  (0.05)

1 years after 0.05** 0.01 0.04 0.03 0.01 0.02
(0.03) (0.02) (0.02) (0.02) (0.02) (0.02)

2 years after 0.05** 0.01 0.05**  0.04* -0.02 -0.02
(0.02) (0.02) 0.03) (0.02) (0.02) (0.02)

3 years after 0.04 0.00 0.03 0.02 0.01 0.02
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)

4+ years after 0.04 0.00 0.04 0.03 0.00 0.01
(0.03) (0.03) (0.03) (0.02) (0.03) (0.02)

Observations 1,440 1,440 1,440 1,440 1,440 1,440 1,440 1,440 1,440
R-squared 0.59 0.59 0.59 0.49 0.49 0.49 0.81 0.81 0.81
Notes. The dependent variable in all columns is the natural log of traffic fatalities per 100,000 population.

SYG variable is a dummy variable indicating the share of the year in which an SYG law was
implemented. The event studies include leads and lags for SYGs, omitting the dummy for one year prior.
Regressions are weighted by the state average population across years. Standard errors in parenthesis are
clustered at the state level.

Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1




39

Table 1.11

Robustness Check for Total Traffic Fatalities Analysis

All-Places Vehicle
Baseline provisions Provisions
1) ) @)
5+ years before -0.02 -0.03 -0.02
(0.02) (0.03) (0.03)
4 years before -0.00 -0.01 -0.01
(0.02) (0.04) (0.03)
3 years before -0.00 -0.03 0.00
(0.02) (0.03) (0.03)
2 years before -0.01 -0.01 -0.01
(0.01) (0.03) (0.01)
Year 0 for SYG 0.06* 0.05 0.05
(0.03) (0.05) (0.04)
1 years after 0.02 0.02 0.02
(0.01) (0.02) (0.02)
2 years after 0.03** 0.03* 0.03
(0.01) (0.02) (0.02)
3 years after 0.03** 0.03 0.04*
(0.02) (0.03) (0.02)
4+ years after 0.02 0.04 0.02
(0.02) (0.03) (0.03)
Observations 1,440 810 1,230
R-squared 0.89 0.91 0.89

Notes. Column (1) repeats the baseline regression result from Column (3) of Table 1.4. Column (2) runs
the baseline regression for sample excluding states implemented SY Gs which extend castle doctrine to
any places one has a legal right to be. Column (3) runs the baseline regression for sample excluding states
implemented SGY laws which extend castle doctrine to vehicle. The dependent variable in all columns is
the natural log of traffic fatalities per 100,000 population. All regressions include leads and lags for
SYGs, omitting the dummy for one year prior. Regressions are weighted by the state average population
across years. Standard errors in parenthesis are clustered at the state level.

Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1



Table 1.12

Sensitivity Check for Total Traffic Fatalities Analysis - Alternative Functional Form
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log
(count/population) log (count) log (count/driver) log (count/VMT)
@) ) ®) (4)
5+ years before -0.02 -0.02 -0.02 -0.02
(0.02) (0.02) (0.03) (0.03)
4 years before -0.00 -0.00 -0.01 -0.01
(0.02) (0.02) (0.03) (0.03)
3 years before -0.00 -0.00 -0.02 -0.01
(0.02) (0.02) (0.02) (0.02)
2 years before -0.01 -0.01 -0.02 -0.01
(0.01) (0.01) (0.01) (0.01)
Year 0 for SYG 0.06* 0.06* 0.06* 0.06*
(0.03) (0.03) (0.03) (0.03)
1 years after 0.02 0.02 0.02 0.02
(0.01) (0.01) (0.02) (0.02)
2 years after 0.03** 0.03** 0.02 0.03
(0.01) (0.01) (0.02) (0.02)
3 years after 0.03** 0.03** 0.03 0.03
(0.02) (0.02) (0.03) (0.02)
4+ years after 0.02 0.03 0.04 0.02
(0.02) (0.02) (0.03) (0.03)
Observations 1,440 1,440 1,440 1,440
R-squared 0.89 0.80 0.87 0.91

Notes. Column (1) repeats the baseline regression result from Column (3) of Table 1.4. Column (2)
through Column (4) run regressions with the different definitions of the natural log of traffic fatalities
outcome variable. Column (2) defines the outcome variable as traffic fatalities count. Column (3) defines
the outcome variables as traffic fatality count divided by 100,000 licensed drivers. Column (4) defines the
outcome variables as traffic fatality count divided by the total vehicle miles traveled (VMT). All
regressions include leads and lags for SYGs, omitting the dummy for one year prior. Column (2) controls
for the natural log of the state population in addition to the baseline group of control variables.
Regressions are weighted by the state average population across years. Standard errors in parenthesis are
clustered at the state level.
Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1



Table 1.13 Sensitivity Check for Total Traffic Fatalities Analysis - Alternative Covariates

Sensitivity Check for Total Traffic Fatalities Analysis - Alternative Covariates
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1) ) ®) (4) ©) @) 8 )
5+ years before -0.02 -0.05* -0.04 -0.05** -0.03 0.04 0.03 -0.02
(0.02) (0.03) (0.03) (0.02) (0.02) (0.03) (0.03) (0.02)
4 years before -0.00 -0.02 -0.02 -0.02 -0.01 0.01 0.01 -0.00
(0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.02)
3 years before -0.00 -0.02 -0.01 -0.01 -0.01 0.00 0.00 -0.00
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
2 years before -0.01 -0.02 -0.01 -0.02 -0.01 -0.00 -0.00 -0.01
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Year 0 for SYG 0.06* 0.07** 0.07* 0.05 0.05* 0.05** 0.05** 0.05*
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03) (0.02) (0.03)
1 years after 0.02 0.03 0.02 0.02 0.02 0.00 -0.00 0.01
(0.01) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01) (0.02)
2 years after 0.03** 0.03* 0.03 0.04***  0.03** -0.00 -0.00 0.02
(0.01) (0.02) (0.02) (0.01) (0.01) (0.02) (0.02) (0.02)
3 years after 0.03** 0.03 0.02 0.05***  0.04** -0.01 -0.01 0.03*
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
4+ years after 0.02 0.02 0.02 0.05** 0.04 -0.04 -0.04 0.02
(0.02) (0.03) (0.03) (0.02) (0.02) (0.03) (0.03) (0.02)
State fixed effects - - - - - - - -
Year fixed effects - - - - - - - -
Right -to-carry
laws - - - - - - - -
Policing variables - - - - - - -
Economics
variables - - - - - -
Traffic regulations - - - - -
Demographics - - - -
Linear time trends -
Quadratic time
trends -
Spillover effect -
Observations 1,440 1,440 1,440 1,440 1,440 1,440 1,440 1,440
R-squared 0.89 0.85 0.85 0.88 0.89 0.92 0.92 0.90

Notes. Column (1) repeats the baseline regression result from Column (3) of Table 1.4. Column (2)
through Column (8) presents the regression results of progressively adding covariates to the basic model
with state fixed effects and year fixed effects. The dependent variable in all columns is the natural log of
traffic fatalities per 100,000 population. All regressions include leads and lags for SYGs, omitting the
dummy for one year prior. Regressions are weighted by the state average population across years.

Standard errors in parenthesis are clustered at the state level.

Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1



Table 1.14 Robustness Check for Urban Traffic Fatalities Analysis

Robustness Check for Urban Traffic Fatalities Analysis

All-Places  Vehicle
Baseline  provisions  Provisions
1) (2) 3)
5+ years before 0.02 -0.10 0.02
(0.05) (0.12) (0.05)
4 years before -0.06 -0.22 -0.02
(0.09) (0.28) (0.07)
3 years before 0.01 0.04 -0.00
(0.05) (0.09) (0.06)
2 years before -0.05 -0.11** -0.03
(0.04) (0.05) (0.05)
Year 0 for SYG 0.22%** 0.25 0.20**
(0.08) (0.28) (0.08)
1 years after 0.09** 0.13* 0.08
(0.04) (0.06) (0.05)
2 years after 0.07 0.11 0.08
(0.05) (0.07) (0.06)
3 years after 0.10 0.14 0.10
(0.08) (0.11) (0.10)
4+ years after 0.16** 0.19 0.16**
(0.06) (0.11) (0.07)
Observations 1,438 808 1,229
R-squared 0.37 0.45 0.48

42

Notes. Column (1) repeats the baseline regression result from Column (6) of Table 1.6. Column (2) runs

the baseline regression for sample excluding states implemented SYGs which extend castle doctrine to

any places one has a legal right to be. Column (3) runs the baseline regression for sample excluding states
implemented SGY laws which extend castle doctrine to vehicle. The dependent variable in all columns is

the natural log of traffic fatalities per 100,000 population. All regressions include leads and lags for

SYGs, omitting the dummy for one year prior. Regressions are weighted by the state average population
across years. Standard errors in parenthesis are clustered at the state level.
Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1



Table 1.15 Sensitivity Check for Urban Traffic Fatalities Analysis - Alternative Functional Form

Sensitivity Check for Urban Traffic Fatalities Analysis - Alternative Functional Form
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log
(count/population) log (count) log (count/driver) log (count/VMT)
(€ ) @) (4)
5+ years before 0.02 0.02 0.02 0.01
(0.05) (0.05) (0.05) (0.05)
4 years before -0.06 -0.06 -0.06 -0.08
(0.09) (0.09) (0.09) (0.09)
3 years before 0.01 0.02 0.00 0.01
(0.05) (0.05) (0.05) (0.05)
2 years before -0.05 -0.05 -0.06 -0.04
(0.04) (0.04) (0.05) (0.04)
Year 0 for SYG 0.22%** 0.22%** 0.22%** 0.21**
(0.08) (0.08) (0.07) (0.08)
1 years after 0.09** 0.09** 0.09** 0.09**
(0.04) (0.04) (0.04) (0.04)
2 years after 0.07 0.07 0.07 0.07
(0.05) (0.05) (0.05) (0.05)
3 years after 0.10 0.10 0.10 0.09
(0.08) (0.08) (0.09) (0.08)
4+ years after 0.16** 0.15** 0.17** 0.15**
(0.06) (0.06) (0.07) (0.06)
Observations 1,438 1,438 1,438 1,438
R-squared 0.37 0.32 0.37 0.39

Notes. Column (1) repeats the baseline regression result from Column (6) of Table 1.7. Column (2)
through Column (4) run regressions with the different definitions of the natural log of traffic fatalities
outcome variable. Column (2) defines the outcome variable as traffic fatalities count. Column (3) defines
the outcome variables as traffic fatality count divided by 100,000 licensed drivers. Column (4) defines the
outcome variables as traffic fatality count divided by the total vehicle miles traveled (VMT). All
regressions include leads and lags for SYGs, omitting the dummy for one year prior. Column (2) controls
for the natural log of the state population in addition to the baseline group of control variables.
Regressions are weighted by the state average population across years. Standard errors in parenthesis are
clustered at the state level.
Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1



Table 1.16

Sensitivity Check for Urban Traffic Fatalities Analysis - Alternative Covariates
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(O] ) @) (4) ®) (6) @) (8)

5+ years before 0.02 -0.05 -0.02 -0.01 0.02 0.06 0.07 0.02
(0.05) (0.05) (0.05) (0.05) (0.05) (0.08) (0.08) (0.05)

4 years before -0.06 -0.10 -0.10 -0.08 -0.06 -0.04 -0.03 -0.05
(0.09) (0.08) (0.08) (0.09) (0.09) (0.09) (0.10) (0.09)

3 years before 0.01 -0.02 -0.01 0.00 0.01 0.02 0.03 0.02
(0.05) (0.04) (0.04) (0.05) (0.05) (0.05) (0.05) (0.05)

2 years before -0.05 -0.06 -0.06 -0.05 -0.05 -0.03 -0.02 -0.05
(0.04) (0.04) (0.04) (0.04) (0.04) (0.05) (0.05) (0.05)

Year O for SYG 0.22%**  0.24***  0.24***  0.22**  0.22***  0.24*** (0.26*** (0.21***
(0.08) (0.09) (0.08) (0.08) (0.08) (0.07) (0.07) (0.08)

1 years after 0.09** 0.10** 0.09** 0.10** 0.09** 0.08** 0.07* 0.08**
(0.04) (0.04) (0.04) (0.04) (0.04) (0.03) (0.04) (0.04)

2 years after 0.07 0.08* 0.08 0.09* 0.08 0.04 0.02 0.06
(0.05) (0.05) (0.05) (0.05) (0.05) (0.06) (0.06) (0.05)

3 years after 0.10 0.09 0.07 0.11 0.10 0.04 0.01 0.09
(0.08) (0.08) (0.08) (0.08) (0.08) (0.09) (0.10) (0.08)

4+ years after 0.16**  0.18*** 0.16*** 0.19***  0.16** 0.07 0.01 0.15**
(0.06) (0.06) (0.06) (0.05) (0.06) (0.09) (0.10) (0.06)

State fixed

effects - - - - - - - -

Year fixed effects - - - - - - - -

Right -to-carry

laws - - - - - - - -

Policing

variables - - - - - - -

Economics

variables - - - - - -

Traffic

regulations - - - - -

Demographics - - - -

Linear time

trends -

Quadratic time

trends -

Spillover effect -

Observations 1,438 1,438 1,438 1,438 1,438 1,438 1,438 1,438

R-squared 0.37 0.32 0.33 0.36 0.37 0.45 0.45 0.37

Notes. Column (1) repeats the baseline regression result from Column (6) of Table 1.7. Column (2)
through Column (8) presents the regression results of progressively adding covariates to the basic model
with state fixed effects and year fixed effects. The dependent variable in all columns is the natural log of
traffic fatalities per 100,000 population. All regressions include leads and lags for SYGs, omitting the
dummy for one year prior. Regressions are weighted by the state average population across years.

Standard errors in parenthesis are clustered at the state level.
Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1
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Table 1.17 The Effect of SYGs on Gun Ownership Proxies

The Effect of SYGs on Gun Ownership Proxies

Rand Estimates Firearm Suicide Rate
1) ) (©) (4) () (6)
SYG 0.03* 0.03**
(0.02) (0.01)
5+ years before 0.02 -0.02
(0.03) (0.02)
4 years before 0.03 -0.01
(0.02) (0.01)
3 years before 0.03 -0.01
(0.02) (0.01)
2 years before 0.02 0.00
(0.02) (0.01)
Year 0 for SYG 0.07 0.11** 0.05** 0.03*
(0.05) (0.05) (0.02) (0.02)
1 years after 0.03** 0.05** 0.02 0.01
(0.02) (0.02) (0.01) (0.01)
2 years after 0.02 0.03 0.02** 0.01
(0.02) (0.03) (0.01) (0.01)
3 years after 0.02 0.04 0.03** 0.02
(0.03) (0.04) (0.01) (0.01)
4+ years after 0.05* 0.06** 0.04*** 0.03**
(0.03) (0.03) (0.01) (0.02)
Observations 1,344 1,344 1,344 1,344 1,344 1,344
R-squared 0.82 0.82 0.82 0.78 0.78 0.78

Notes. The dependent variable in columns (1) is the natural log of the percentage of adults living in a
household with a gun. The dependent variable in Column (2) is the natural log of the percentage of
suicide committed by a gun. SYG variable is a dummy variable indicating the share of the year in which
an SYG law was implemented. The event studies include leads and lags for SYGs, omitting the dummy
for one year prior. Regressions are weighted by the state average agency-reported population across years.
Standard errors in parenthesis are clustered at the state level.

Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1
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Table 1.18

The Effect of SYGs on Crime

Aggravated Assault Murder
1) ) @) (4) ©) (6)
SYG 0.04 0.13*
(0.11) (0.07)
5+ years before -0.16 0.01
(0.13) (0.06)
4 years before -0.03 0.03
(0.05) (0.05)
3 years before -0.01 0.04
(0.05) (0.04)
2 years before -0.02 0.04
(0.03) (0.03)
Year O for SYG 0.18 0.01 0.10 0.14**
(0.15) (0.06) (0.10) (0.06)
1 years after 0.07 -0.01 0.10** 0.12***
(0.08) (0.02) (0.05) (0.03)
2 years after 0.06 -0.01 0.12* 0.14%**
(0.09) (0.03) (0.06) (0.04)
3 years after 0.03 -0.04 0.16** 0.18***
(0.10) (0.04) (0.07) (0.05)
4+ years after 0.03 -0.03 0.15 0.17**
(0.14) (0.09) (0.10) (0.08)
Observations 1,440 1,440 1,440 1,440 1,440 1,440
R-squared 0.41 0.41 0.43 0.68 0.68 0.68

Notes. The dependent variable in Column (1) through Column (3) is the natural log of aggravated assault
counts divided by 100,000 agency-reported population. The dependent variable in Column (4) through
Column (6) is the natural log of murder counts divided by 100,000 agency-reported population. SYG
variable is a dummy variable indicating the share of the year in which an SYG law was implemented. The
event studies include leads and lags for SYGs, omitting the dummy for one year prior. Regressions are
weighted by the state average population across years. Standard errors in parenthesis are clustered at the
state level.

Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1



Table 1.19

The Effect of SYGs on Road Rage Proxies
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Road Rage - Firearm

Road Rage - Vehicle

Road Rage - Other

SYG

5+ years before
4 years before
3 years before
2 years before
Year 0 for SYG
1 years after

2 years after

3 years after

4+ years after

Observations

@ )
0.21%*
(0.08)

0.27%*
(0.12)
0.46***
(0.12)
0.30%*
(0.12)
0.01
(0.11)
0.05
(0.11)

360 360

®

-0.16
(0.23)
-0.25
(0.19)
-0.19
(0.14)

-0.31%*
(0.15)

0.06
(0.16)

0.36%**

(0.11)
0.18
(0.15)
-0.12
(0.13)
-0.09
(0.08)

360

4)
0.24**
(0.10)

360

®)

0.15
(0.16)

0.37***

(0.10)
0.25%*
(0.12)
0.12
(0.12)
0.13
(0.09)

360

(6)

0.03
(0.12)
0.00
(0.08)
0.03
(0.07)
-0.05
(0.07)
0.13
(0.13)
0.36%**
(0.08)
0.24**
(0.12)
0.12
(0.11)
0.12
(0.07)

360

O ®)
0.09
(0.07)

0.33%**
(0.11)
0.19%**
(0.07)
0.08
(0.09)
-0.12%
(0.06)
0.04
(0.06)

360 360

©)

-0.38%**
(0.10)
-0.40%%*
(0.07)
-0.26%**
(0.08)
-0.26% %+
(0.08)
0.03
(0.09)
0.05
(0.06)
-0.09
(0.08)
-0.20% %+
(0.08)
-0.14%%%
(0.05)

360

Notes. Coefficients from the Poisson fixed effect model are reported. The three dependent
variables are the crime counts for the proxy road rage cases involving firearms, vehicles, and
other weapons. SYG variable is a dummy variable indicating the share of the year in which an
SYG law was implemented. The event studies include leads and lags for SYGs, omitting the
dummy for one year prior. All regressions control for the baseline group of control variables and
natural log of agency-reported population. Regressions are weighted by the agency-reported
population. Standard errors in parenthesis are clustered at the state level.
Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1
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Table 1.20

The Effect of SYGs on Vehicle Miles Traveled (VMT) per Drivers

Total VMT Rural VMT Urban VMT
1) ) @) (4) () (6) (@) ®) 9)
SYG 0.02 0.02 0.03
(0.01) (0.03) (0.02)
5+ years
before -0.00 -0.05 -0.00
(0.02) (0.04) (0.04)
4 years before -0.00 -0.05 0.00
(0.02) (0.03) (0.03)
3 years before -0.01 -0.02 -0.01
(0.01) (0.02) (0.02)
2 years before -0.01 0.02 -0.02
(0.01) (0.03) (0.02)
Year O for
SYG 0.01 0.00 0.06 -0.00 0.01 0.00
(0.03) (0.02) (0.04) (0.04) (0.05) (0.03)
1 years after 0.01 0.00 0.00 -0.03 0.02 0.02
(0.01) (0.01) (0.03) (0.03) (0.02) (0.01)
2 years after -0.00 -0.00 -0.00 -0.03 0.01 0.01
(0.02) (0.01) (0.04) (0.04) (0.03) (0.02)
3 years after 0.01 0.01 0.02 -0.01 0.02 0.01
(0.02) (0.01) (0.04) (0.04) (0.03) (0.02)
4+ years after 0.03 0.02 0.03 0.01 0.04 0.03
(0.02) (0.01) (0.03) (0.03) (0.03) (0.02)

Observations 1,440 1,440 1,440 1,440 1,440 1,440 1,440 1,440 1,440
R-squared 0.52 0.52 0.52 0.70 0.70 0.70 0.70 0.70 0.70

Notes. The three dependent variables from Column (1) through Column (9) are the natural log of
total VMT, rural VMT, and urban VMT divided by 100,000 driver population. SYG variable is a
dummy variable indicating the share of the year in which an SYG law was implemented. The
event studies include leads and lags for SYGs, omitting the dummy for one year prior.
Regressions are weighted by the state average driver population across years. Standard errors in
parenthesis are clustered at the state level.

Asterisks denote: *** p<0.01, ** p<0.05, * p<0.1




Figure 1.1

Share of States with SYGs, 1989-2018
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Figure 1.2

SYGs and Total Traffic Fatalities
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Figure 1.3

Laws and Traffic Fatalities Related to Aggressive Driving
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Figure 1.4

Laws and Traffic Fatalities Related to Alcohol Involvement

Traffic fatalities-no alcohol

Estimated Coefficients
0

i

f
St 4 3 2

i_u_}_i_

T T 1
0 1 2 3 4+

Traffic fatalities (bac>=.08)
I

o -

.1

Estimated Coefficients
0

|
|
|
|

N N S
|
|
|
|
|

te

S+ 4 30 2

Traffic fatalities (bac>0)
-

Estimated Coefficients
0

|
|
|
|
I . S TRV SR SN (S
|
|
|
!
|

T T T
-5+ -4 -3 -2 0 1 2 3 4+

Traffic fatalities (bac>=.1)
I

o

Estimated Coefficients
0

|
\
|
\
e ¥ lie [ [ o |_
\
\
\
\
\

-5+ 4 -3 -2 0 1 2 3 4+

= 95% CI

O Point Estimate

52



Figure 1.5

SYGs and Traffic Fatalities Related to Location
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Figure 1.6

SYGs and Traffic Fatalities by Time
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Figure 1.7

SYGs and Traffic Fatalities by Gender
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Figure 1.8

SYGs and Traffic Fatalities by Age
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Figure 1.9

SYGs and Total Traffic Fatalities — Sun and Abraham (2020)
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Figure 1.10

SYGs and Traffic Fatalities Related to Aggressive Driving — Sun and Abraham (2020)
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Figure 1.11

Laws and Traffic Fatalities Related to Alcohol Involvement — Sun and Abraham (2020)
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Figure 1.12

SYGs and Traffic Fatalities Related to Location — Sun and Abraham (2020)
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Figure 1.13

SYGs and Traffic Fatalities by Time — Sun and Abraham (2020)
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Figure 1.14

SYGs and Traffic Fatalities by Gender — Sun and Abraham (2020)
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Figure 1.15

SYGs and Traffic Fatalities by Age — Sun and Abraham (2020)
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Figure 1.16

Estimated Coefficients of the Placebo SYP
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Figure 1.17

SYGs and Gun Ownership Proxies
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Figure 1.19

SYGs and Road Rage Crime
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Figure 1.20

SYGs and VMT
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Chapter 2 Campus Concealed Carry Laws and Higher Education Outcomes

2.1 Introduction

So far, eight states have implemented campus concealed carry laws (CCCs) allowing college
students to carry guns on campus in a concealed way, and more states are considering introducing
the legislation. However, the impact of the policy on university environments is still unclear in the

current literature.

This study is interested in understanding the impacts of CCCs on higher education outcomes,
including campus crimes, police employment, student enrollment, graduation rates, faculty
attrition, and alumni donation. Using Campus Safety and Security (CSS) data, Uniform Crime
Report (UCR) data, and difference-in-differences analysis, this study reveals that Campus
Concealed Carry Laws can increase aggravated assaults by 34%. On average, the campus
concealed carry law implementation raise police employment by 9%. Moreover, the current study

finds evidence that the law decreases alumni donation and international student enrollment.

There are two novel features of the current study. First, this study highlights extensive original
data collection work that provides comprehensive documentation of the campus carry laws.
Especially, I obtain the exact effective dates and implementation information from 300 universities
by searching the news and law databases, emailing the related officials, or directly submitting
public information requests. Second, this paper examines the law’s impact on the full spectrum of
higher education outcomes and provides the most comprehensive empirical analysis of the law.
Overall, this paper addresses an important topic of university safety and wellbeing and joins

emerging literature examining the effects of gun-free zones.
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The remainder of the paper proceeds as follows: Section 2.2 presents background information for
CCCs. Section 2.3 estimates the CCCs’ effect on several measures of university outcomes, and

section 2.4 concludes.

2.2 Background

2.2.1 History of campus concealed carry policies

descriptions regarding the effective dates or specific provisions of state concealed carry
policies.?® To ensure the effective dates and provisions are correctly coded, | conduct an
extensive legal search via Westlaw, HeinOnline, and Nexis Uni. Additionally, | obtained the
CCCs’ information for states with unclear law implementations by searching the related news,
emailing the related state or university officials, or directly submitting public information
requests to the universities.?” Table 2.1 shows the effective dates of the CCCs. Table 2.2 and

Table 2.3 show the summaries of each CCC law.

2.2.2 Literature on concealed carry laws
The impact of concealed carry laws (CCs) on overall crimes have been extensively studied, but
there is still no agreement on whether there is crime increasing or crime decreasing. Part of the

studies indicated CCs’ crime deterrence effect (Bartley & Cohen, 1998; Lott & Whitley, 2003;

% Not only in Brandt (2016), inaccurate description can also be found from both gun advocate groups website
(Student for Concealed Carry) and gun control website (Armed Campus).
27 Emails were sent to university police chiefs, general counsels, student conduct offices, and athletic centers.
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relationships between CCs and crime (Donohue et al., 2019; La Valle & Glover, 2011). For

finds that CCs were correlated with higher violent crime rates.

2.2.3 Literature in campus concealed carry laws

CCCs. On the one hand, there were more safety measures on campus than in other places. On the

other hand, the education level of the college students was higher than the overall country level.

students in different school buildings of a public university in Texas. The survey asked them how
likely they would apply for a CC license and carry the weapon on campus. The result showed that
the effect of the CCC on the number of concealed carry on campuses varied among different school
acknowledged that since the study just focused on “a single, rurally located university in Texas,”

the result might not apply to universities in other states.

of 2005 to 2014. The study aggregated the individual university crime data to the state level. It

claimed that most university crime data were very small, and it was reasonable to aggregate. In
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addition, it also claimed that state-level data are compatible with control variables that can only be
observed at the state level. The current study does not agree with the simple aggregation of all
universities. First, different universities in the same state have intrinsic differences, regarding to

size, urbanization, academic status, and demographic composition. Aggregation ignores those

address these issues.

2.2.3 Literature in university outcomes

The current study contributes to studies on campus crime (Aiello, 2020; A. N. Allen, 2017; W.
D. Allen, 2013, 2018; Anderson et al., 2019; Arrigo & Acheson, 2016; Barr, 2017; Bartula &
Bowen, 2015; Beggan, 2019; Brands et al., 2015; Burdick-Will, 2013; Cannonier et al., 2019;
Cavanaugh et al., 2012; Coker et al., 2017; Cramer, 2014; Cunningham et al., 2019; Hassett et
al., 2020; Heaton et al., 2016; Heywood & Weber, 2019; Hyclak, 2011; Iheadindu et al., 2019;
Lindo et al., 2018), studies on university finance (Alexander & Kern, 2009; Bound et al., 2020;
Cai & Heathcote, 2018; Delaney & Kearney, 2015; Garcia-Estévez & Duch-Brown, 2012;
Havranek et al., 2018; Lafortune et al., 2018; Webber & Ehrenberg, 2010), and studies on

Alumni donations (Lindo et al., 2019; Rooney & Smith, 2019).

2.3 Data
The sample contains 4-year public universities and non-profit private universities with a 2018

enrollment larger than 10,000. The universities with huge online enrollment are dropped. The data
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analysis of the current study is based on Campus Safety and Security (CSS) data, the Federal
Bureau of Investigation’s (FBI) Uniform Crime Reports (UCR), Integrated Postsecondary
Education Data System (IPEDS), and the Council for Aid to Education’s Voluntary Support of
Education Survey (VSES). CSS contains the crime data under the category defined by UCR. It
also contains enrollment, demography, and academic and financial status information. According
to Clery Act, every university has to report its crime data to CSS each year. VSE provides records

for U.S university alumni giving.

Both CSS and UCR have campus crime data. The data are different, and CSS crime data is more
suitable for this analysis. There are two reasons. First, CSS data are more accurate. UCR data are
voluntarily reported by police agencies, while CSS data reporting is mandatory for universities.
Second, CSS has detailed location information for campus crime and thus could add more variation
in the data. The crime data for 300 universities in 46 states are collected (excluding Oregon,
Tennessee, Mississippi, and Wisconsin) from CSS.UCR contains police employment data for

university law enforcement agencies. The police employment data covers 181 universities.

2.4 Method
Campus crime rates are often very low or even zero. For the analysis related to campus crimes,
the study uses Poisson models and event study design. Poisson model is not subjected to

inconsistency caused by the incidental parameter problems.

1

B[ |(CCC v w)l =exp (> 8,CCCpu + Ve + W)
b=—-8;b#—1;b#—7
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Here, Y;; represents the crime count for university s at time t, w, represent full set of time fixed
effects, v, represent full set of university fixed effects, CCCs; is a dummy variable, indicating
when the University has CCC. The study only controls for university fixed effect and time fixed
identify the linear trend. So current analysis dropped the lag variable for seven years before
implementation and one year before implementation. For outcomes other than campus crime,
OLS event studies are applied. Some analyses use two lag variables while others use one lag
variable. Because for some outcomes like police employment, data are available until 2019,
while other outcomes like campus crime, the data are only available until 2018. Since most

CCCs were carried out by the state, the standard errors are clustered at the state level.

2.5 Result

2.5.1 CCC’s impact on campus crime

Panel A in Figure 2.1 shows that MMLs are associated with a positive but insignificant increase
in robbery immediately after the passage of the laws. Panel B of Figure 2.1 suggests CCCs
increase aggravated assault by 34% in the first year of legalization. Figure 2.2 displays that none

of the estimates for arson, burglary, motor vehicle theft, or rape is statistically significant.

2.5.2 CCC’s impact on campus police employment.

The impacts of CCCs on campus police employment are represented in Panel A and Panel B of
Figure 2.3. Both police officers with arrest power and police civilians increase following the
implementation of CCC. Specifically, CCCs is associated with 9% increases in police officer

employment. However, the pre-trend in Panel B may indicate the estimates for police civilian
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employment are invalid. After CCC, the University of Kansas hired more safety officers
(Williams, 2020). This result reflects that universities are concerned about the potential negative

effect of the policies.

2.5.3 CCC’s impact on universities outcomes

Panel A and Panel B in Figure 2.4 show that CCCs could not affect either male or female college
does not change the students’ university choice. Figure 2.5 displays the impact of CCCs on student
enrollments and faculty employment. Panel A and Panel B of Figure 2.6 find that CCCs increase
the completion rates by 5 percent for the female groups. Panel C and Panel D show a 20% drop
in international student enrollment and an 8% increase in instructional staff. No evidence suggests

a trend of faculty leave after the implementation of CCCs.

2.5.4 CCC’s impact on alumni donations.
Panel A in Figure 2.7 suggests that the percentage giving (number of donors divided by the
number of alumni) drop by 20%. Figure 2.8 shows no evidence that total giving and the percent

of alumni solicited would be affected.

2.6 Conclusion

The impact of RTC laws on the crime rate in counties and states has been extensively studied.
However, only two studies address the impact of RTC laws on campus outcomes based on campus-
level data, and no study analysis potential broader effect of CCCs. Using Poisson models, this

paper finds that the impacts of campus carry laws on aggravated assaults, instructional staff
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employment, and police employment are all statistically positive. The impacts on alumni donation

and international student enrollment are negative.

Donohue et al. (2019) studied CCs and proposed five mechanisms of violent crime increasing: (1)
more crime committed by concealed carry permit holders; (2) more gun loss and theft; (3)
emerging culture of violence; (4) harsher violence in response to the people who may carry guns;
(5) lower police efficiency on the fear of possible gun violence. For colleges and universities, the
third mechanism may apply. The law’s passage can nurture the culture of violence on campus and

make the potential criminals more active.

In response to the campus carry laws, university police choose to increase police employment.
After implementing the law, the University of Kansas (KU) public safety hired three additional
police officers and three security officers (Williams, 2020). In general, more police should deter

crime. My results show that despite the increase in police, crime still increased.

At the University of Kansas, the passage of the campus concealed carry law raises concerns among
students and faculties. Some faculties have to take action to protect themselves and their students
from the potential gun violence. Due to concealed carry policy, Rtic Rath, a professor of history,
move his class online (Hoover, 2018). Kevin Willmott, a professor of film, wore a bulletproof vest
while teaching (Lodos, 2017). In Kansas, at least two professors resigned due to the concern about
CCCs (Dorman, 2017; Tobias, 2017). However, the current study does not find an increase in job

attrition.
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There are a few limitations in this study. First, both CSS and UCR data sets only show the crime
reported to the police. Crime such as sexual assault could be largely underreported (Fisher et al.,
2010). Future studies can analyze the data from victimization surveys. Second, for some

universities, the number of sexual assault cases reported could raise by half during the audit period

the year after adopting the Violence against Women Act. Future studies may address these

limitations.



2.7 Tables and Figures

Table 2.1

CCCs, 2004-2019

State Efg:;[éve
Arkansas 9/1/17
Colorado 3/5/12
Georgia 7/1/17
Idaho 7/1/14
Kansas 7/1/17
Tennessee 7/1/16
Texas 8/1/16
Utah 9/8/06

78



79

Table 2.2

CCCs - People Who Can Carry on Campus

Reciprocal
out-of-state People
Enhanced Enhanced )
CCP holder CCP holder CCP holder CCP ho_lder CCP ho_lder CCP holder without
. . / enhanced who is who is } CCP who
State who is who is ] who is
CCP holder  campus fulltime can legally
campus student or . . student
. who is visitor employee process a
visitor faculty .
campus firearm
visitor
Arkansas Yes Yes No No No No No
Colorado NA NA Yes Yes Yes Yes No
Georgia NA NA Yes Yes Yes Yes No
Idaho Yes Yes No No No No No
Kansas NA NA Yes Yes Yes Yes Yes
Tennessee NA NA No No Yes No No
Texas NA NA Yes Yes Yes Yes No

Utah NA NA Yes Yes Yes Yes No




Table 2.3

CCCs - Places That Campus Concealed Carry is Allowed

80

Campus University . thdent Disciplinary Atnlétlc Public daycare .
State _ Faculty office  dormitory or ~ Classroom ) sporting . Laboratories

ground vehicle residence hall Hearings puents facility
Avrkansas Yes Yes Yes Yes Yes No No No Yes
Colorado Yes Yes Yes No Yes Yes Yes/No Yes Yes
Georgia Yes Yes No No Yes No No No Yes
Idaho Yes Yes Yes No Yes Yes Yes/No Yes Yes
Kansas Yes Yes Yes Yes Yes Yes Yes/No Yes/No Yes
Tennessee Yes Yes/No Yes Yes Yes No No No Yes
Texas Yes Yes Yes/No No8 Yes No No Yes Yes
Utah Yes Yes Yes No Yes Yes No Yes Yes




Figure 2.1

Effects of CCCs on Robbery and Aggravated Assault
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Figure

2.2

Effects of CCCs on Property Crimes and Rape
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Figure 2.3
Effects of CCCs on Police Employment

Panel A. Effect on Police Officers Panel B. Effect on Police Civilians
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Figure 2.4

Effects of CCCs on College Applications
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Figure 2.5

Effects of CCCs on Student Enrollment and Faculty Employment
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Figure 2.6

Effects of CCCs on Completion Rates

Panel A. Effect on male Completion Rates
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Figure 2.7

Effects of CCCs on Percent Giving and Ratio of Donors to Solicited Alumni
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Figure 2.8

CCCs, Alumni Giving, and Donation Solicited

Panel A. Effect on Total Giving to Capital Purposes Panel B. Effect on Total Giving to Current Operations
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Chapter 3 Medical Marijuana Laws and Youth Crime

3.1 Introduction

Though marijuana remains an illegal substance at the federal legislation level, 37 states have
legalized its medical or recreational use over the past two decades (National Conference of State
Legislatures, 2022). Medical Marijuana Laws (MMLs), which legalize the medical use of
marijuana, have been the subject of a heated debate considering their potential impact on various
public health issues. According to National Institutes of Health (2012), marijuana contains
chemicals that can potentially affect the human body’s nervous, cardiovascular, respiratory,
digestive, and reproductive systems. On the one hand, marijuana use may be associated with heart,
lung, mental health, and reproductive problems. On the other hand, the medical use of marijuana
is promising in relieving health issues such as nausea, pain, epilepsy, and Crohn’s disease
(National Institutes of Health, 2020; Mayo Clinic, 2021). Furthermore, the drug effect of marijuana
on human body health may indirectly impact other public health outcomes, such as traffic fatalities,
crimes, suicide, labor market outcomes, and educational outcomes (Anderson et al., 2013, 2018;
Anderson & Rees, 2021; Chu & Townsend, 2019a; Plunk et al., 2016; Sabia & Nguyen, 2018;

Ullman, 2017).

One of the major areas of MMLs studies focuses on the laws’ impact on crime.?® However, the
existing MMLs and crime literature mainly emphasize policy impacts on the overall crime but
draw little attention to youth crime. Multiple mechanisms may exist to explain how MMLs affect

youth crime: MMLs may (a) increase marijuana accessibility for the youth, (b) establish medical

28 For example, see Chu & Townsend (2019), Huber 111 et al. (2016) and Morris et al. (2014).
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marijuana dispensaries with a high stock of crime-attracting marijuana and cash, (c) move police
focus on combating marijuana crime to non-marijuana law enforcement, and (d) alter parental

influence on youth behavior.

MMLs could potentially expand the youth’s access to marijuana and affect crime.?° First,
marijuana might be more harmful to juveniles than adults regarding the impact on brain
development, and the affected brain development may cause violent behaviors (Dellazizzo et al.,
2020). Second, marijuana may serve as a substitute for alcohol, and thus, marijuana liberalization
can deter youth crime related to alcohol abuse (Caulkins et al., 2016; Mark Anderson et al., 2013;
Matthay et al., 2021). Third, according to the gateway drug hypothesis, marijuana consumption
could be the first step toward using other “harder” drugs, such as cocaine or heroin (National
Institute on Drug Abuse, 2020; Secades-Villa et al., 2015). The “harder” drugs, which are more
addictive, may lead to more crime. Last, the expansion of marijuana access could deter the crimes

related to the marijuana black market (Anderson & Rees, 2021; Chu & Townsend, 2019a).

Since marijuana is illegal at the federal level and financial services are subject to federal
regulations, most marijuana dispensaries operate as cash-only (Hill, 2015). Marijuana consumers
and dispensaries could be high-value targets for crime activities for cash and marijuana, such as
robbery and theft. (Anderson & Rees, 2021; Morris et al., 2014). Nevertheless, the crime-attracting

features of the marijuana business entail heavy security measures in the store or nearby areas,

29 According to Insurance Institute for Highway Safety (2022), 23 out of 35 MMLs states allow youth medical
marijuana use. But even in MMLs states that prohibited youth medical marijuana use, the youth access to marijuana
likely increases as a result of the legal marijuana market’s expansion (Smart, 2015).
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which could decrease crimes (Chu & Townsend, 2019a). Besides, marijuana dispensaries may
deter crime by attracting marijuana consumers from “dark alley” to safer places with “eyes upon

the street” (Anderson & Rees, 2021; Chang & Jacobson, 2017; Jacobs, 1961).

Police efforts in marijuana crime reduction freed from MMLs could be used for non-marijuana
law enforcement (Adda et al., 2014; Anderson & Rees, 2021; Chu & Townsend, 2019a; Stohr et
al., 2020). Therefore, crimes such as violent crime, property crime, and “harder drug” crime are
likely to drop, and the related arrests may increase. However, the marijuana crime, especially youth

marijuana crime, may increase because of the reallocation of police resources.

Parent medical marijuana use could possibly affect youth criminal behavior. The presence of
marijuana at home may alter youth perception towards drugs, engage youth in future drug use, and
subsequently deter or increase crime (Broman, 2016). Besides, as marijuana may substitute alcohol
use, acommon factor in domestic violence, there could be less domestic violence at home and thus

less youth crime (Kaplan & Goh, 2022; Rebellon & Van Gundy, 2005).

Given the unclear mechanisms, the current study empirically examines the impact of MMLs on
youth crime by using the Uniform Crime Reporting (UCR) Program arrest data and difference-in-
differences methods. Specifically, this study focuses on violent crime, property crime, drug crime,
and the related sub-category crimes by different young age groups and gender groups. This study
starts with a simple “traditional” difference-in-differences event study model focusing on police
arrests for 42 states from 1999 through 2018. It concludes that MMLs increase certain age category

youth violent crime, property crime, and drug crime by around 10-20%.



92

Considering the validity of the “traditional” difference-in-differences setting with staggered
treatment timing and heterogeneous treatment effect, the primary analysis of the current study
implements a stacked event study model following Cengiz et al. (2019), Deshpande & Li (2019),
and Ruhm & Mathur (2022). For the model implementation, the subsequent analyses tailor the
sample to adolescent arrests in 28 states from 2003 to 2018. The results show that the violent crime
in the age group 16-17 years old and 18-20 years old increase by around 15%. However, no
significant effect of MMLs on overall youth drug crime or property crime was detected. The
current study also investigates MMLs’ impact on sub-category crime of violent crime, property

crime, and drug crime.

The current study performs robustness checks by investigating the MMLs impact on university
crime. Using U.S. Department of Education’s Campus Safety and Security (CSS) data and a
stacked event study model, the result shows that MMLs increase campus violent crime by 25% in
the first year of implementation, but the result finds no evidence of campus property crime
increasing or decreasing. Additionally, the results from the main analysis are robust to sensitivity

checks by progressively adding covariates and applying different types of clustering.

In terms of the contribution, this paper is the first to empirically study the impact of MMLs on
youth crime and find significant increases in youth violent crime and drug crimes by using both
“traditional” and stacked difference-in-differences event study methods. Furthermore, unlike

previous empirical MMLs and crime literature focusing on UCR offense data, this paper provides
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analyses of UCR arrest data to estimate the related crime incidences (Chu & Townsend, 2019a;

Gavrilova et al., 2019; Huber 111 et al., 2016; Morris et al., 2014).

The remainder of the paper proceeds as follows: Section 3.2 presents background information for
MMLs. Section 3.3 describes the data. Section 3.4 explains the empirical methods. Section 3.5
estimates the MMLs' effect on multiple measures of youth crime. Section 3.6 provides robustness

checks and sensitivity checks for the main findings. Section 3.7 concludes.

3.2 Backgrounds

3.2.1 MMLs

Table 3.1 shows the effective dates and applicable age groups for MMLs in 35 states during 1996-
2019. Notably, California was the first to legalize MMLs in 1996. The increase in the number of
MMLs states has been relatively stable across the years. There are only 6 out of 24 years with no
MML implementation, and the highest number of new MML implementations in a year is 4 for
2016. For laws’ affected age groups, 8, 1, and 3 states” MMLs apply to people older than 18, 19,

and 21 years old, respectively. Twenty-three states” MMLs have no age limit.

3.2.2 Literature on MMLs and Youth Marijuana Use

When MMLs with different provisions are considered similar laws, which is common in MMLs
literature, the evidence of MMLs’ impact on youth marijuana use is mixed. Most related literature
did not detect any significant changes in youth marijuana use (Anderson & Rees, 2021; Sarvet et
al., 2018; Anderson et al., 2015, 2021; Choo et al., 2014; Coley et al., 2021; Dills et al., 2017,

Pacula et al., 2015; Wen et al., 2015). For instance, Anderson et al. (2021) used Youth Risk
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Behavior Survey (YRBS) data from 1993 to 2017 and difference-in-differences models to
investigate the marijuana use among high school students and found insignificant impacts on
“current or frequent marijuana use.” In addition to the literature with insignificant results, Coley
et al. (2019), Harper et al. (2012), and Johnson et al. (2017, 2021) identified negative relationships
between MMLs and youth marijuana use, while Hollingsworth et al. (2020) supported a positive

relationship (Anderson & Rees, 2021; Hollingsworth et al., 2020).%

When MMLs are considered heterogeneous, most related studies found the direction of the
relationships varies by the restrictiveness of the laws. Pacula et al. (2015) found MMLs requiring
patient registry systems were associated with about a 9% increase in marijuana use in the past
month, while MMLs allowing home cultivation were associated with a 4% decrease in the same
measure. Using YRBS data during 1991-2011 and logistic regression, Johnson et al. (2017)
distinguished MMLs by different provisions and focused on the laws’ impact on past-month “use
and heavy marijuana use.” Johnson et al. (2017) categorized permissive provisions of MMLs as
“(a) Dispensaries for profit OR dispensaries active in 2011, (b) Home cultivation >10 plants
allowed, (c) Possession: >2.5usable ounces allowed, (d) Caregivers allowed 5 patients, and (e)
Patient registry voluntary.” The level of permissibility as measured by the number of permissible
provisions is negatively related to the odds of youth past-month marijuana use, whereas MMLs
with voluntarily registration provisions increase the odds of youth past-month marijuana use
(Johnson et al., 2017). In addition, the higher the possession limit in an MML state, the higher the

odds of youth past-month marijuana use (Johnson et al., 2017). Based on states MMLSs provisions,

30 Hollingsworth et al. (2020) identified a positive relationship between MMLs and past-month teen marijuana use,
but found an insignificant relationship between MMLs and past-year teen marijuana use.
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Neeley & Richardson (2022) created three ordinary variables to indicate the levels of laws’ effort
to promote (a) pharmaceutical use, (b) recreational use, and (c) state fiscal revenue. The evidence
suggests more provisions to encourage pharmaceutical marijuana use is associated with lower
youth marijuana use; however, more provisions to promote recreational use or fiscal revenue is

positively related to youth marijuana use (Neeley & Richardson, 2022).

3.2.2 Literature on MMLs and Crime

A meta-analysis conducted by Anderson & Rees (2021) identified four papers investigating the
impact of MMLs on crime (Chu & Townsend, 2019a; Gavrilova et al., 2019; Huber 111 et al., 2016;
Morris et al., 2014). Using Uniform Crime Reporting offense data and difference-in-differences
methodology, all these papers did not find positive relationships between MMLs and crimes

(Anderson & Rees, 2021).

To my knowledge, there is no paper investigating the relationship between MMLs and youth crime.
Considering papers investigating other marijuana legalizations’ impact on youth crime, Plunk et
al. (2016) used UCR arrest data aggregated by state and year for 2000-2016 and the difference-in-
differences method to investigate the association between marijuana decriminalization,
recreational marijuana laws, and youth arrests for cannabis possession. Plunk et al. (2016) only
identified that marijuana decriminalization decreased the arrest rate for youth marijuana possession.
There are several limitations associated with this study. First, the study aggregated the arrest counts
for all agencies within each state. According to Kaplan (2021), about half of the agencies failed to
report their arrest statistics for each month in a given year. Thus, aggregating all the reporting

agencies may create too much noise for the analysis. Furthermore, the number of agencies reported
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for all 12 months varies across years for each state, which may necessitate the inclusion of either
the number of reporting agencies or the total population covered by the reporting agency for each
year to the specifications. Second, Plunk et al. (2016) only coded states that decriminalized
marijuana after the 2000s, and missed that 11 states decriminalized marijuana during the 1970s,
which should be coded as “always-treated” states in the analysis or completely dropped from the
analysis considering the “always-treated” states failed to provide useful information for the pre-
treatment periods (Baker, 2022; de Chaisemartin & D’Haultfoeuille, 2022; Kim & Lee, 2019;

Marcus & Sant’Anna, 2021).

3.3 Data

3.3.1 UCR Arrests Data

The data for the major analysis of the current study is from the FBI Uniform Crime Reporting
(UCR) Program’s Arrests by Age, Sex and Race dataset, also known as the “arrests data” (Kaplan,
2021). Previous MMLs and Crime literature mainly use the UCR Program’s Offenses Known and
Clearances by Arrest dataset, described in Kaplan (2021) as the “crime dataset.” The “crime dataset”
covered the monthly agency-level counts of crime incidences reported to the police, and those
cleared by the police.®! By contrast, the “arrests data” had detailed age-group-level and gender-
level counts of arrestees. To investigate the policy impacts on youth crime, crime literature mainly
relies on the “arrest data’, which has the age and gender information of the arrestees (Anderson,

2014; Corman et al., 2017; Gunadi & Shi, 2022).

31 According to Kaplan (2021), “A crime is cleared when an offender is arrested or when the case is considered
cleared by exceptional means.”
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Based on the data available in the UCR “arrest dataset,” | constructed several groups of youth
outcome variables, including violent crime, male violent crime, index violent crime, simple assault,
property crime, drug abuse violation, drug sale or manufacturing violation, drug possession
violation, marijuana abuse violation, and non-marijuana abuse violation. Among them, violent
crime consists of index violent crime and simple assault, and index violent crimes include murder,
rape, robbery, and aggravated assault.3? Drug abuse violation can be divided into drug sale or
manufacturing violation and drug possession violation. At the same time, it can also be divided

into marijuana abuse violation and non-marijuana abuse violation.

Though the UCR “arrests data” provides the most comprehensive administrative arrest records, it
is subject to several drawbacks, including missing data, underreporting, and overreporting (Loftin
& McDowall, 2010). To circumvent these issues, following Corman et al. (2017), the current study
only focuses on “agencies that cover at least 50,000 individuals and reported arrests for all 12

months of the year.”3?

The current study models the arrests data for “traditional” difference-in-differences analysis and
staggered difference-in-differences analysis. For the “traditional” differences-in-differences, this
study further aggregated the large agencies’ full-reported “arrests data” into state-year level data
covering 42 states from 1999 to 2018. The descriptive statistics for the major outcomes can be

found in Table 3.2. The first column indicates the major outcome variables in the analysis. The

32 Kaplan (2021) has a detailed discussion about the importance of including simple assault as part of violent crime
for crime literature.

33 According to Maltz (1999, 2006), compared with small agencies, statistics from agencies covering large
population and are better supported by statistical technology and are often subject to more auditing from the FBI.
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second column lists the mean followed by the standard deviation in the parentheses for the related
variables. The third and fourth columns show the mean and standard deviation for the associated
variables within MMLSs states and control states, respectively. The number of observations for the
analysis is listed in the last column. By contrast, to perform the stacked difference-in-differences
analysis, the current study trimmed the previously aggregated data into a dataset covering 28 states
from 2003 to 2018. The descriptive statistics for the major outcomes in the resulted dataset can be

found in Table 3.3. 34

3.3.2 CSS Data

To support the UCR analysis of MMLs and youth crime, the current study uses the U.S.
Department of Education’s Campus Safety and Security (CSS) data to examine the impact of
MMLs on university crime. The CSS data contains university-year-level counts for four major
categories of crimes, including criminal offenses, hate crimes, VAWA offenses, and arrests and
referral for disciplinary action. Unlike police agencies that can voluntarily report their data to UCR,
universities participating in HEA’s Title IV student financial assistance programs are required by
the Clery Act to report the campus crime statistics. To construct the campus crime dataset, | first
restrict the sample to only include the on-campus crime statistics for 4-year public and non-profit
universities with Fall 2020 enrollment greater than 10,000. Then, | drop the universities with huge

online enrollment.3®

34 The detailed method to construct the staked dataset is discussed in section 3.4.2.
35 The detailed method to construct the staked dataset is discussed in section 3.4.2.
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3.3.3 Independent Variables

Both UCR and CSS analysis control for potential confounding factors. All analyses control for
minimum wages, unemployment rate, poverty rate, beer tax, and 1-year-lagged state police
employment. Minimum wages come from University of Kentucky Center for Poverty Research
(2022). The Bureau of Labor Statistics (BLS) provides the unemployment rates. Poverty rates,
beer taxes, and state police employment come from the Census Bureau, Beer Institute (2019), and
FBI Law Enforcement Officers Killed and Assaulted (LEOKA) Program, respectively. In addition,
following Corman et al. (2017), the UCR analysis control for the total population covered by the
sampled agencies within each state. This variable is crucial for the UCR analysis to control for the
arrests’ variation caused by the fact that not every agency reports all years in the sample. Table 3.4
provides the descriptive statistics for the dependent variables awaiting to be stacked for the UCR

stacked difference-in-differences analysis.

3.4 Empirical Methods

3.4.1 “Traditional” Differences-in-differences Event Study
The current study first uses a “traditional” difference-in-differences model to estimate the effect

of MMLs on youth crime. The following equation is estimated:

Ln(Ysta) = Zg=—4;b¢—1 6bMMLsa,t+b + XstalP2 + Vsqg + Weq + Estq 1)

where Y., is the arrest rate of age group a for state s at year t, which is calculated as the arrest

count divided by 1,000 relevant age group a population; w,, and v, denote the year fixed effects

and state fixed effects, respectively; X, represent the control variables listed in Table 3.5. The
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treatment dummy, MMLg, .., takes the value of 1 if MML was implemented b years from year
t, and zero otherwise. &, measures the relationship between MMLs and youth crime. &; is an error

term. Standard errors are clustered at the state level.

3.4.2 Stacked Differences-in-differences Event study

A recent wave of literature questioned the validity of the “traditional” difference-in-differences
method when one or more key assumptions are relaxed (Baker, 2022; Borusyak et al., 2022;
Callaway & Sant’Anna, 2021; Goodman-Bacon, 2021; Roth et al., 2022; Sun & Abraham, 2021;
Wooldridge, 2021). Following Cengiz et al. (2019), Deshpande & Li (2019), and Ruhm & Mathur
(2022), the current study implemented a stacked difference-in-differences event study model to

address the concern of heterogeneous treatment effects with staggered timing.

The stacked difference-in-differences method’s idea is to create multiple sub-datasets with control
states and non-staggered treated states, stack all the observations, and run fixed effect regression.
First, based on the timing of MML implementations and data availability, the current study set
2003-2018 as the time range and deleted states implementing MML before 2006 and after 2015.
This deletion kept the states that at least can be observed within a 9-year time window around the
implementation date. Thus, all treated states can provide complete information about the pre- and
post-treatment periods. Second, the dataset was split into multiple sub-datasets. Each sub-dataset
only contains one cohort of states treated in the same year and all states that have not yet been
treated until 2018. Third, each sub-dataset dropped the observations outside the 9-year time
window around the cohort-specific treated year. Forth, this study renumbered the years in the time

window by the position of the year in ascending order. So, every cohort covers the period from
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year 1 to year 9. Fifth, the current study combined all the sub-dataset and applied the following

fixed effect model:

Ln(ystac) = §=—4;b¢—1 6bMMLsac,t+b + Xstacﬁz + Wiac + Vsac + Estac (2)

Here, Y, means the arrest rate of age group a for state s in cohort c at year t, which is calculated
as the arrest count divided by 1,000 relevant age group a population. The state fixed effects and
year fixed effects in equation (1) were replaced by cohort-by-year fixed effect, w;,., and cohort-
by-state fixed effect, v,., respectively. X,;,. represent the control variables listed in Table 3.4.
The treatment dummy, MMLg, .5, takes the value of 1 if MML was implemented b years from
year t in cohort ¢, and zero otherwise. &, measures the relationship between MMLs and youth

Crime. &g¢4c 1S an error term. Standard errors are clustered at the state level.

For the university crime analysis, | followed the same sprit of constructing stacked youth crime

sample to create stacked campus crime sample. Then | estimated the following Poisson model:

E[ Yutcl(MML’ Xutc» Vuc» Wtc)] = exp (Z$=—4;b¢—1 5bMMLuc,t+b + Xutc.BZ + Wee + vuc) (3)

Here, Y,,;. means the crime count for university u in cohort c at year t . The equation also control
for cohort-by-year fixed effect, w,., and cohort-by-university fixed effect, v,., respectively. X,,;.
represent the control variables listed in Table 3.4. The treatment dummy, MML, .., takes the

value of 1 if MML was implemented b years from year t in cohort ¢, and zero otherwise. §,
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measures the relationship between MMLs and campus crime. Standard errors are clustered at the

state level.

3.5 Results

3.5.1 “Traditional” Difference-in-Differences Event Studies-UCR

Figure 3.1 displays the “traditional” event study estimates for the impact of MMLs on violent
crime arrests by four different youth age groups. Panel A shows the impacts on violent crime
committed by 13-15 years old group are insignificant. Panel B, Panel C, and Panel D display
similar patterns of impacts, indicating the laws significantly increase the relevant age group’s

violent crime arrests by 12-22% during the second and third full year of legalization.

The impacts of MMLs on youth property crime arrests estimated by the “traditional” difference-
in-differences models are shown in Figure 3.2. All panels follow similar patterns, where there are
statistically significant increases started as late as the second full year of implementation at 13-24%
increases. The significant increases continue until the fourth full year of implementation for age
groups 13-15, 16-17, and 18-20 years old, while significant increases stop at the third post-

legalization year for the age group 21-24 years old.

In Figure 3.3, Panel A, Panel B and Panel C show the laws have insignificant effects on the drug
crime arrest for 13-15 years old, 16-17 years old and 18-20 years old groups, respectively. By
contrast, the laws increase 21-24 years old drug crime arrests by 14-22% in the four-year post-

legalization window.
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3.5.2 Stacked Difference-in-Differences Event Studies-UCR

The current study considers the stacked difference-in-differences method as a preferred way of
modeling the impacts of MMLs because of the staggered nature of the law implementation and the
possibility of heterogeneous treatment effects. Unlike “traditional” difference-in-differences
models concluding MMLs increase violent crime, property crime, and drug crime arrests for some
age groups, stacked difference-in-differences models suggest the impact on the overall property
crimes might not be valid. The sub-sections in this section discuss the laws’ impact on the overall

crimes and the associated sub-category crimes in stacked difference-in-differences settings.

3.5.2.1 Violent Crime and Property Crime

Figure 3.4 plots the staked difference-in-differences estimates of the relationship between MMLs
and violent crimes. Panel A and panel D finds insignificant impacts of MMLs on violent crimes
among 13-15 years old and 21-24 years old groups. Panel B and Panel C indicate that MMLs

increase youth crime among people ages 16-17 years old and 18-20 years old by 11-20%.

Figure 3.5 displays that the youth male violent crime arrests for 16-17 years old groups increase
by around 15%. Estimates in Figure 3.6 show that the index violent crime arrests for people ages
21-24 years old increase by 13% in the first full year of MML legalization. By contrast, in Figure
3.7, simple assaults arrests for all age groups have 8-20% increases. Panel A through Panel D
suggest that simple arrests for people ages 13-15, 16-17, 18-20, and 21-24 years old increase by
around15%. The effects of MMLs on simple assault dominate the effects on index violent crime.

This result may suggest that MMLs may be more influential on less serious violent crimes among
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youth. In terms of property crimes, Figure 3.8 and Figure 3.9 find no evidence that MMLs affect

youth property crime arrests and youth male property crime arrests.

3.5.2.2 Drug Crime

The association between MMLs and youth drug crime is represented in Figure 3.10. The estimates
suggest that MMLSs’ impacts are not statistically significant. The same pattern applies to Figure
3.11, which displays youth male drug crime arrests estimates. Figure 3.12 and Figure 3.13 show
the estimates for drug sale crime and drug possession crime, respectively. For the drug sale crime
arrests, the 13-15 years old cohort experiences 18-30% increases, and other age groups show no
significant change. These estimates may suggest that 13-15 years old have more access to illegal
drugs or the police tends to focus on the younger age groups who are less likely to be affected by

MMLs. For the drug possession crime arrests, all estimates are insignificant.

Figure 3.14 focus on the relationships between MMLs and marijuana abuse violations. Only the
estimates in Panel A are significant and indicate 20% increases in marijuana abuse arrest among
13-15 years old. No significant effects are observed for other age groups. As for non-marijuana
drug abuse violation, Figure 3.15 suggests the law increase the related arrests for 16-17 and 21-24

years old by around 10% in the first year of implementation.

3.6 Robustness and Sensitivity Checks
3.6.1 Stacked Difference-in-Differences Event Studies-CSS
Figure 3.16 displays the effects of MMLs on campus violent crime and property crime. The left

panel shows the campus violent crime increase by 28% in the first year of legalization, but the
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effects dissipate immediately and trending downwards in the following years. In the fourth full
year of implementation, the effect changes to negative indicating a 22% decrease in campus violent

crime. The right panel displays no significant impact of MMLSs on campus property crimes.

3.6.2 Sensitivity Checks

The current study runs a series of sensitivity checks to gauge whether the major results are
sensitive to alternative specifications. First, the impacts on youth total violent crime, female
violent crime, and simple assault arrests are re-estimated using different controls. Each graph
from Figure 3.17 through Figure 3.19 shows four groups of estimates resulting from
progressively adding control variables to the basic specification controlling for MMLs dummies

and state agency-reported population. The main results are robust to alternative controls.

Cengiz et al. (2019) suggests clustering the errors at the state by cohort level, while Deshpande
& Li (2019) and Ruhm & Mathur (2022) suggest clustering the errors at the state level. Wing
(2021) runs a series of Monte Carlo experiments and concludes that “Stacked DID with
clustering at the Unit Level works pretty well.” Thus, the main analysis of the current study
cluster the error at the state level. Nonetheless, | test whether clustering at state by cohort level
will affect the main results. Figure 3.20 to Figure 3.22 show the related estimates for youth
violent crimes, male violent crime, and simple assault regressions, and the main results are not

sensitive to the alternative clustering.

3.7 Conclusion
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Though the impact of MMLs on crime and the effect of MMLs on youth marijuana use draw
considerable attention from MMLs literature, little studies investigate the relationships between
MMLs and youth crimes (Anderson et al., 2015, 2021; Choo etal., 2014; Chu & Townsend, 2019b;
Coley et al., 2019; Morris et al., 2014). However, the law could affect youth crime by increasing
youth access to marijuana, setting up marijuana dispensaries that can attract crime, altering police

crime efforts towards non-marijuana crime, and changing parents’ behaviors.

Using both the “traditional” and stacked difference-in-differences methods, I find that the laws
have positive impacts on youth violent crimes, especially for the violent crimes that are less severe.
In addition, I identify that the laws particularly affect 13-15 years old youth’s drug-related criminal
behaviors. The impact of MMLs on violent crimes is more profound than the impact on drug-

related crimes, which show relative temporal increases.

The current study is the first to investigate the relationship between MMLs and youth crimes and
found positive impacts on violent crimes and drug crimes. Policymakers may consider these
important connections when making future MMLs. Just like the police-reported crime counts, the
arrest count may not serve as a perfect proxy for the true number of crimes. Future studies may

consider doing the analysis for self-reported survey data.
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3.8 Tables and Figures

Table 3.1

Medical Marijuana Laws, 1996-2019

State Effective Date Age Limit
Alaska 3/4/99 N
Arizona 4/14/11 N
Arkansas 11/9/16 21
California 11/6/96 N
Colorado 6/1/01 18
Connecticut 8/20/14 18
Delaware 6/26/15 18
District Of Columbia 7/30/13 N
Florida 7/26/16 N
Hawaii 12/28/00 N
Illinois 11/9/15 21
Louisiana 8/6/19 21
Maine 12/22/99 N
Maryland 12/2/17 N
Massachusetts 1/1/13 N
Michigan 12/4/08 N
Minnesota 7/1/15 N
Missouri 10/17/20 18
Montana 11/2/04 18
Nevada 10/1/01 N
New Hampshire 5/1/16 N
New Jersey 12/6/12 N
New Mexico 7/1/07 N
New York 1/8/16 N
North Dakota 3/1/19 19
Ohio 1/16/19 N
Oklahoma 7/26/18 N
Oregon 12/3/98 18
Pennsylvania 1/17/18 N
Rhode Island 1/3/06 N
Utah 3/2/20 18
Vermont 7/1/04 N
Virginia 10/17/20 N
Washington 11/3/98 18
West Virginia 8/22/17 N

Source: Insurance Institute for Highway Safety (2022).
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Outcomes for UCR Analysis, 1999-2018
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Outcome Variables Mean All MMLs States Other States Observations
Violent Crime, 13-15 Years Old 5.07 (3.41) 5.25(3.74) 4.68 (2.52) 840
Violent Crime, 16-17 Years Old 6.99 (4.68) 7.44 (5.14) 5.99 (3.25) 840
Violent Crime, 18-20 Years Old 7.04 (4.5) 7.66 (4.93) 5.67 (2.93) 840
Violent Crime, 21-24 Years Old 7.66 (4.6) 8.24 (5.04) 6.35 (3.07) 840
Property Crime, 13-15 Years Old 6.76 (4.94) 6.92 (5.41) 6.41 (3.68) 840
Property Crime, 16-17 Years Old 10.22 (6.47) 10.36 (7.14) 9.92 (4.62) 840
Property Crime, 18-20 Years Old 8.76 (4.98) 8.96 (5.47) 8.3 (3.65) 840
Property Crime, 21-24 Years Old 5.64 (3.07) 5.91 (3.31) 5.03 (2.34) 840
Drug Crime, 13-15 Years Old 1.89 (1.65) 1.96 (1.84) 1.73 (1.12) 840
Drug Crime, 16-17 Years Old 5.45 (3.99) 5.42 (4.41) 5.51 (2.83) 840
Drug Crime, 18-20 Years Old 8.49 (5.5) 8.41 (6.11) 8.64 (3.82) 840
Drug Crime, 21-24 Years Old 6.89 (4.32) 6.86 (4.74) 6.95 (3.19) 840




Table 3.3

Outcomes for UCR Analysis, 2003-2018

Outcome Variables Mean All MMLs States Other States Observations
Violent Crime, 13-15 Years Old 4.61 (2.55) 5.06 (2.38) 4.27 (2.62) 448
Violent Crime, 16-17 Years Old 6.14 (3.38) 6.95 (3.21) 5.53 (3.38) 448
Violent Crime, 18-20 Years Old 6.1 (3.32) 7.23 (3.46) 5.25 (2.94) 448
Violent Crime, 21-24 Years Old 6.78 (3.47) 7.95 (3.61) 591 (3.1) 448
Property Crime, 13-15 Years Old 5.74 (3.73) 5.83 (3.96) 5.67 (3.56) 448
Property Crime, 16-17 Years Old 9.24 (5.24) 9.47 (5.7) 9.06 (4.87) 448
Property Crime, 18-20 Years Old 8.09 (4.44) 8.67 (4.93) 7.66 (4) 448
Property Crime, 21-24 Years Old 5.2 (2.78) 5.79 (3) 4.76 (2.52) 448
Drug Crime, 13-15 Years Old 1.65 (1.31) 1.7 (1.46) 1.61 (1.18) 448
Drug Crime, 16-17 Years Old 5.05 (2.93) 5.06 (2.8) 5.04 (3.02) 448
Drug Crime, 18-20 Years Old 8.22 (4.36) 8.65 (4.56) 7.9 (4.19) 448
Drug Crime, 21-24 Years Old 6.68 (3.43) 7.05 (3.38) 6.41 (3.44) 448

109



110

Table 3.4

Independent Variables, 2003-2018

Variables Mean Observation
Total Agency Population 2,680,000 (3,300,000) 448
State Minimum Wage 2.99 (0.44) 448
Unemployment Rate 5.72 (2.05) 448
Poverty Rate 13.39 (3.5) 448
Beer Tax 0.13(0.11) 448

Police Employment 240.17 (57.83) 448
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Figure 3.1

MMLs and Youth Violent Crime, 1999-2018
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Figure 3.2

MMLs and Youth Violent Crime, 1999-2018
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Figure 3.3

MMLs and Youth Drug Crime, 1999-2018
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Figure 3.4

MMLs and Youth Violent Crime, 2003-2018
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Figure 3.5

MMLs and Youth Male Violent Crime, 2003-2018
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Figure 3.6

MMLs and Index Violent Crime, 2003-2018
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Figure 3.7

MMLs and Youth Simple Assault
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Figure 3.8

MMLs and Youth Property Crime, 2003-2018
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Figure 3.9

MMLs and Youth Male Property Crime, 2003-2018
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Figure 3.10

MMLs and Youth Drug Crime, 2003-2018
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Figure 3.11

MMLs and Youth Male Drug Crime

Average Effect

Average Effect

2 4

0

A. Male Drug Crime, 13-15 Years Old

BRREER!

4 3 2 a1 o0 1 2 3 4
Periods Since the Event

C. Male Drug Crime, 18-20 Years Old

MJHH

4 3 2 4 0 1 2 3 4
Periods Since the Event

121

B. Male Drug Crime, 16-17 Years Old

Average Effect
0

) _H%JM 1

-4 -3

2 a1 0 1 2 3 4
Periods Since the Event

D. Male Drug Crime, 21-24 Years Old

Average Effect

4 3

O Point Estimate

— 95% CI

LR SE 2 S A )

2 1 0 1 2 3 4
Periods Since the Event



Figure 3.12

Youth Drug Sale Crime
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Figure 3.13

MMLs and Youth Drug Possession Crime
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Figure 3.14

MMLs and Marijuana Abuse
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Figure 3.15

MMLs and Non-Marijuana Drug Abuse

A. Non-Marijuana Drug Abuse, 13-15 Years Old B. Non-Marijuana Drug Abuse, 16-17 Years Old

) [ n

Avemgoe Effect
—
—a—
—e—I
—e—
Averagoe Effect
I—‘:—Q—i
3 e
- -

5
5

-4 -3 -2 -1 0 1 2 3 4 -4 -3 -2 -1 0 1 2 3 4
Periods Since the Event Periods Since the Event

C. Non-Marijuana Drug Abuse, 18-20 Years Old D. Non-Marijuana Drug Abuse, 21-24 Years Old

“ | " |
2 ! 2 !
= | &= |
s % | % sl | %
o 4 __1___@ ____J_J._._. L _ _ B S [:*] P R | . W S S (N AR S
& | & |
5 | 5 |
< | < |
V:! T | V;} r | T 1
4 3 2 - 0 1 2 3 4 4 3 20 0 1 2 3 4
Periods Since the Event Periods Since the Event

O Point Estimate — 95% CI




126

Figure 3.16

MMLs and University Crimes

Campus Violent Crime Campus Property Crime
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Figure 3.17

Sensitivity Check: MMLs and Youth Violent Crime - Progressively Adding Controls
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Figure 3.18

Sensitivity Check: MMLs and Youth Male Violent Crime - Progressively Adding Controls
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Figure 3.19

Sensitivity Check: MMLs and Youth Simple Assault - Progressively Adding Controls
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Figure 3.20

Sensitivity Check: MMLs and Youth Violent Crime - Alternative Clustering
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Figure 3.21
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Sensitivity Check: MMLs and Youth Male Violent Crime - Alternative Clustering
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Figure 3.22 MMLs and Youth Simple Assault- Alternative Clustering

Sensitivity Check: MMLs and Youth Simple Assault - Alternative Clustering

Average Effect

Average Effect

A. Simple Assault, 13-15 Years Old

-4 -3 -2 -1 0 1 2 3 4
Periods Since the Event

C. Simple Assault, 18-20 Years Old

{ESEREREE

-4 -3 -2 -1 0 1 2 3 4
Periods Since the Event

B. Simple Assault, 16-17 Years Old

Average Effect
0
—e—i
—e—i
e

-4 -3 -2 -1 0 1 2 3 4
Periods Since the Event

D. Simple Assault, 21-24 Years Old
|

SRMINERE

Average Effect
0

|
|
|
-4 -3 -2 -1 0 1 2 3 4
Periods Since the Event

O Point Estimate

1 95% CI




133

References

AAA Foundation for Traffic Safety. (2016). Prevalence of Self-Reported Aggressive Driving
Behavior: United States, 2014 (Technical Report). Washington, D.C.: AAA Foundation
for Traffic Safety.

AAA Foundation for Traffic Safety. (2020). 2019 Traffic Safety Culture Index. Washington,
D.C.: AAA Foundation for Traffic Safety.

Abouk, R., & Adams, S. (2013). Texting Bans and Fatal Accidents on Roadways: Do They
Work Or Do Drivers Just React to Announcements of Bans. American Economic Journal:
Applied Economics, 5(2), 179-199.

Adda, J., McConnell, B., & Rasul, I. (2014). Crime and the Depenalization of Cannabis
Possession: Evidence from a Policing Experiment. Journal of Political Economy, 122(5),
1130-1202. https://doi.org/10.1086/676932

Aiello, M. F. (2020). Legitimacy invariance and campus crime: The impact of campus police
legitimacy in different reporting contexts. Police Practice and Research, 21(3), 297-312.
https://doi.org/10.1080/15614263.2019.1570849

Alexander, D., & Kern, W. (2009). The Impact of Athletic Performance on Tuition Rates.
International Journal of Sport Finance, 4(4), 240-254.

Allen, A. N. (2017). Do Campus Police Ruin College Students’ Fun? Deviant Behavior, 38(3),
334-344. https://doi.org/10.1080/01639625.2016.1197005

Allen, W. D. (2013). Self-protection against crime victimization: Theory and evidence from
university campuses. International Review of Law and Economics, 34, 21-33.

https://doi.org/10.1016/j.irle.2012.11.002



134

Allen, W. D. (2018). Self-protection against crime: What do schools do? Applied Economics,
50(1), 65-78. https://doi.org/10.1080/00036846.2017.1313955

Anderson, D. M. (2014). In School and Out of Trouble? The Minimum Dropout Age and
Juvenile Crime. The Review of Economics and Statistics, 96(2), 318-331.
https://doi.org/10.1162/REST _a_ 00360

Anderson, D. M., & Rees, D. 1. (2015). Per se drugged driving laws and traffic
fatalities. International Review of Law and Economics, 42, 122-134.

Anderson, D. M., & Rees, D. I. (2021). The Public Health Effects of Legalizing Marijuana.
SSRN Electronic Journal. https://doi.org/10.2139/ssrn.3819550

Anderson, D. M., Hansen, B., & Rees, D. I. (2013). Medical Marijuana Laws, Traffic Fatalities,
and Alcohol Consumption. 37.

Anderson, D. M., Hansen, B., & Rees, D. I. (2015). Medical Marijuana Laws and Teen
Marijuana Use. American Law and Economics Review, 17(2), 495-528.

Anderson, D. M., Matsuzawa, K., & Sabia, J. (2019). Marriage Equality Laws and Youth
Suicidal Behaviors (No. w26364; Issue w26364, p. w26364). National Bureau of
Economic Research. https://doi.org/10.3386/w26364

Anderson, D. M., Rees, D. I., & Tekin, E. (2018). Medical marijuana laws and workplace
fatalities in the United States. International Journal of Drug Policy, 60, 33-39.
https://doi.org/10.1016/j.drugpo.2018.07.008

Anderson, D. M., Rees, D. I., Sabia, J. J., & Safford, S. (2021). Association of Marijuana
Legalization With Marijuana Use Among US High School Students, 1993-2019. JAMA

Network Open, 4(9), e2124638. https://doi.org/10.1001/jamanetworkopen.2021.24638



135

Anderson, M. (2008). Safety for whom? The effects of light trucks on traffic fatalities. Journal of
Health Economics, 27(4), 973-989.

Arrigo, B. A., & Acheson, A. (2016). Concealed carry bans and the American college campus: A
law, social sciences, and policy perspective. Contemporary Justice Review, 19(1), 120—
141. https://doi.org/10.1080/10282580.2015.1101688

Auto Insurance Center (2016). #RoadRage — Instagram posts reveal America’s biggest
frustrations behind the wheel. Retrieved November 8, 2021, from

https://www.autoinsurancecenter.com/roadrage-instagram-posts.html.

Baker, A. C. (2022). How much should we trust staggered difference-in-differences estimates?
Journal of Financial Economics, 26.

Barr, J. (2017). The Evolution of Weapons Policies on College Campuses in the 21st Century. 3,
19.

BARTLEY, W. A, & COHEN, M. A. (1998). THE EFFECT OF CONCEALED WEAPONS
LAWS: AN EXTREME BOUND ANALYSIS. Economic Inquiry, 36(2), 258—265.
https://doi.org/10.1111/j.1465-7295.1998.tb01711.x

Bartula, A., & Bowen, K. (2015). University and College Officials’ Perceptions of Open Carry
on College Campus. 17.

Becker, G. S. (1968). Crime and punishment: An economic approach. In The economic
dimensions of crime (pp. 13-68). Palgrave Macmillan, London.

Beer Institute. (2019). 2021 Brewers Almanac. https://www.beerinstitute.org/member-

portal/2020-brewers-almanac/


https://www.autoinsurancecenter.com/roadrage-instagram-posts.html

136

Beggan, D. M. (2019). Texas Hold ‘Em: An Exploration of the Divergent Perspectives of
Texas’s Campus Carry Law. Community College Journal of Research and Practice,
43(1), 26-41. https://doi.org/10.1080/10668926.2017.1392906

Berkowitz, L., & LePage, A. (1967). Weapons as aggression-eliciting stimuli. Journal of
Personality and Social Psychology, 7(2p1), 202.

Bertrand, M., Duflo, E., & Mullainathan, S. (2004). How much should we trust differences-in-
differences estimates?. The Quarterly journal of economics, 119(1), 249-275.

Borusyak, K., Jaravel, X., & Spiess, J. (2021). Revisiting event study designs: Robust and
efficient estimation. arXiv preprint arXiv:2108.12419.

Borusyak, K., Jaravel, X., & Spiess, J. (2022). Revisiting Event Study Designs: Robust and
Efficient Estimation. ArXiv:2108.12419 [Econ]. http://arxiv.org/abs/2108.12419

Bouffard, J. A., Nobles, M. R., Wells, W., & Cavanaugh, M. R. (2012). How Many More Guns?:
Estimating the Effect of Allowing Licensed Concealed Handguns on a College Campus.
Journal of Interpersonal Violence, 27(2), 316-343.
https://doi.org/10.1177/0886260511416478

Bound, J., Braga, B., Khanna, G., & Turner, S. (2020). A Passage to America: University
Funding and International Students. American Economic Journal: Economic Policy,
12(1), 97-126. https://doi.org/10.1257/pol.20170620

Brands, J., Schwanen, T., & van Aalst, I. (2015). Fear of crime and affective ambiguities in the
night-time economy. Urban Studies, 52(3), 439-455.

https://doi.org/10.1177/0042098013505652



137

Brandt, J. R. (2016). Does concealed handgun carry make campus safer? A panel data analysis
of crime on college and university campuses [Thesis].
https://doi.org/10.15781/T23J3958G

Broman, C. L. (2016). The Availability of Substances in Adolescence: Influences in Emerging
Adulthood. Journal of Child & Adolescent Substance Abuse, 25(5), 487-495.
https://doi.org/10.1080/1067828X.2015.1103346

Bui, Q., & Sanger-katz, M. (2018, March 02). There's an Awful Lot We Still Don't Know About

Guns. Retrieved April 30, 2020, from https:/www.nytimes.com/interactive/2018/03/02/u

pshot/what-should-government-study-gun-research-funding.html

Burdick-Will, J. (2013). School Violent Crime and Academic Achievement in Chicago.
Sociology of Education, 86(4), 343-361. https://doi.org/10.1177/0038040713494225

Bushman, B., Kerwin, T., Whitlock, T., & Weisenberger, J. (2017). The weapons effect on
wheels: Motorists drive more aggressively when there is a gun in the vehicle. Journal of
Experimental Social Psychology, 73(C), 82-85.

Butz, A. M., Fix, M. P., & Mitchell, J. L. (2015). Policy Learning and the Diffusion of Stand-
Your-Ground Laws. Politics & Policy, 43(3), 347-377.

Cai, Z., & Heathcote, J. (2018). College Tuition and Income Inequality [Preprint]. Staff Report.
https://doi.org/10.21034/sr.569

Callaway, B., & Sant’Anna, P. H. C. (2021). Difference-in-Differences with multiple time
periods. Journal of Econometrics, 225(2), 200-230.

https://doi.org/10.1016/j.jeconom.2020.12.001


https://www.nytimes.com/interactive/2018/03/02/upshot/what-should-government-study-gun-research-funding.html
https://www.nytimes.com/interactive/2018/03/02/upshot/what-should-government-study-gun-research-funding.html

138

Cannonier, C., Burke, M. G., & Steward, K. (2019). Smoking, health and academic outcomes:
Evidence from a limited smoking campus policy. Health Economics, Policy and Law,
14(2), 205-230. https://doi.org/10.1017/S1744133118000245

Carlson, J. (2013). Clinging to their guns? The new politics of gun carry in everyday
life (Doctoral dissertation, UC Berkeley).

Carrico, B. A. (2016). The Effects of Students’ Perceptions of Campus Safety and Security on
Student Enrollment. 77.

Catalfamo, C. (2006). Stand your ground: Florida's castle doctrine for the twenty-first
century. Rutgers JL & Pub. Pol'y, 4, 504.

Caulkins, J. P., Kilmer, B., & Kleiman, M. A. R. (2016). Marijuana Legalization: What
Everyone Needs to Know®. Oxford University Press.

Cavanaugh, M. R., Bouffard, J. A., Wells, W., & Nobles, M. R. (2012). Student Attitudes
Toward Concealed Handguns on Campus at 2 Universities. American Journal of Public
Health, 102(12), 2245-2247. https://doi.org/10.2105/AJPH.2011.300473

Cengiz, D., Dube, A., Lindner, A., & Zipperer, B. (2019). The Effect of Minimum Wages on
Low-Wage Jobs. The Quarterly Journal of Economics, 134(3), 1405-1454.
https://doi.org/10.1093/qje/qjz014

Census, (2010). 2010 Census Urban and Rural Classification and Urban Area Criteria https://ww

w.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural/2010-urban-r

ural.html
Centers for Disease Control and Prevention, National Center for Health Statistics. Compressed
Mortality File 1979-1998. CDC WONDER On-line Database, compiled from

Compressed Mortality File CMF 1968-1988, Series 20, No. 2A, 2000 and CMF 1989-


https://www.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural/2010-urban-rural.html
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural/2010-urban-rural.html
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/urban-rural/2010-urban-rural.html

139

1998, Series 20, No. 2E, 2003. Accessed at http://wonder.cdc.gov/cmf-icd9.html on Sep
27,2021 11:27:01 PM

Centers for Disease Control and Prevention, National Center for Health Statistics. Compressed
Mortality File 1999-2016 on CDC WONDER Online Database, released June 2017. Data
are from the Compressed Mortality File 1999-2016 Series 20 No. 2U, 2016, as compiled
from data provided by the 57 vital statistics jurisdictions through the Vital Statistics
Cooperative Program. Accessed at http://wonder.cdc.gov/cmf-icd10.html on Sep 27,
2021 11:28:06 PM

Chaloupka, F., Saffer, H., & Grossman, M. (1993). Alcohol-Control Policies and Motor-Vehicle
Fatalities. The Journal of Legal Studies, 22(1), 161-186.

Chang, T. Y., & Jacobson, M. (2017). Going to pot? The impact of dispensary closures on crime.
Journal of Urban Economics, 100, 120-136. https://doi.org/10.1016/j.jue.2017.04.001

Cheng, C., & Hoekstra, M. (2013). Does Strengthening Self-Defense Law Deter Crime or
Escalate Violence?: Evidence from Expansions to Castle Doctrine. The Journal of Human
Resources, 48(3), 821-854.

Cherney, S., Morral, A. R., Schell, T. L., & Smucker, S. (2018). Development of the RAND State
Firearm Law Database and Supporting Materials. RAND.

Choo, E. K., Benz, M., Zaller, N., Warren, O., Rising, K. L., & McConnell, K. J. (2014). The
Impact of State Medical Marijuana Legislation on Adolescent Marijuana Use. Journal of
Adolescent Health, 55(2), 160-166. https://doi.org/10.1016/j.jadohealth.2014.02.018

Chu, Y.-W. L., & Townsend, W. (2019a). Joint culpability: The effects of medical marijuana
laws on crime. Journal of Economic Behavior & Organization, 159, 502-525.

https://doi.org/10.1016/j.jeb0.2018.07.003



140

Chu, Y.-W. L., & Townsend, W. (2019b). Joint culpability: The effects of medical marijuana
laws on crime. Journal of Economic Behavior & Organization, 159, 502-525.
https://doi.org/10.1016/j.jebo.2018.07.003

Cohen, Alma, & Einav, Liran. (2003). The Effects of Mandatory Seat Belt Laws on Driving
Behavior and Traffic Fatalities. Review of Economics and Statistics, 85(4), 828-843.

Coker, A. L., Bush, H. M., Fisher, B. S., Swan, S. C., Williams, C. M., Clear, E. R., & DeGue, S.
(2017). Multi—College Bystander Intervention Evaluationon for Violence Prevention. 16.

Coley, R. L., Hawkins, S. S., Ghiani, M., Kruzik, C., & Baum, C. F. (2019). A quasi-
experimental evaluation of marijuana policies and youth marijuana use. The American
Journal of Drug and Alcohol Abuse, 45(3), 292-303.
https://doi.org/10.1080/00952990.2018.1559847

Coley, R. L., Kruzik, C., Ghiani, M., Carey, N., Hawkins, S. S., & Baum, C. F. (2021).
Recreational Marijuana Legalization and Adolescent Use of Marijuana, Tobacco, and
Alcohol. Journal of Adolescent Health, 69(1), 41-49.
https://doi.org/10.1016/j.jadohealth.2020.10.019

Cook, P. J., & Ludwig, J. (1997). Guns in America: national survey on private ownership and
use of firearms. US Department of Justice, Office of Justice Programs, National Institute
of Justice.

Cook, P. J., & Ludwig, J. (2002). The effects of gun prevalence on burglary: Deterrence vs
inducement.

Cook, P. J., & Ludwig, J. (2006). The social costs of gun ownership. Journal of Public

Economics, 90(1-2), 379-391.



141

Corman, H., Dave, D., Kalil, A., & Reichman, N. E. (2017). Effects of maternal work incentives
on youth crime. Labour Economics, 49, 128-144.
https://doi.org/10.1016/j.labeco.2017.09.005

Cotti, C., & Tefft, N. (2011). Decomposing the Relationship between Macroeconomic
Conditions and Fatal Car Crashes during the Great Recession: Alcohol- and Non-
Alcohol-Related Accidents

Cotti, C., & Walker, D. (2010). The impact of casinos on fatal alcohol-related traffic accidents in
the United States. Journal of Health Economics, 29(6), 788-796.

Covington, T. (2021, August 9). Road rage statistics in 2021. The Zebra. Retrieved November 8§,

2021, from https://www.thezebra.com/resources/research/road-rage-statistics/.

Cramer, C. E. (2014). Guns on Campus: A History. Academic Questions, 27(4), 411-425.
https://doi.org/10.1007/s12129-014-9451-2

Crifasi, C. K., Merrill-Francis, M., McCourt, A., Vernick, J. S., Wintemute, G. J., & Webster, D.
W. (2018). Association between firearm laws and homicide in urban counties. Journal of
urban health, 95(3), 383-390.

Cunningham, R. M., Carter, P. M., Ranney, M. L., Walton, M., Zeoli, A. M., Alpern, E. R.,
Branas, C., Beidas, R. S., Ehrlich, P. F., Goyal, M. K., Goldstick, J. E., Hemenway, D.,
Hargarten, S. W., King, C. A., Massey, L., Ngo, Q., Pizarro, J., Prosser, L., Rowhani-
Rahbar, A., ... Zimmerman, M. A. (2019). Prevention of Firearm Injuries Among
Children and Adolescents: Consensus-Driven Research Agenda from the Firearm Safety
Among Children and Teens (FACTS) Consortium. JAMA Pediatrics, 173(8), 780.

https://doi.org/10.1001/jamapediatrics.2019.1494


https://www.thezebra.com/resources/research/road-rage-statistics/

142

De Chaisemartin, C., & d'Haultfoeuille, X. (2020). Two-way fixed effects estimators with
heterogeneous treatment effects. American Economic Review, 110(9), 2964-96.

de Chaisemartin, C., & D’Haultfoeuille, X. (2022). Two-Way Fixed Effects and Differences-in-
Differences with Heterogeneous Treatment Effects: A Survey. ArXiv:2112.04565 [Econ].
http://arxiv.org/abs/2112.04565

DeAngelo, G., & Hansen, B. (2014). Life and death in the fast lane: Police enforcement and
traffic fatalities. American Economic Journal: Economic Policy, 6(2), 231-57.

Dee, T. (1999). State alcohol policies, teen drinking and traffic fatalities. Journal of Public
Economics, 72(2), 289-315.

Delaney, J. A., & Kearney, T. D. (2015). The impact of guaranteed tuition policies on
postsecondary tuition levels: A difference-in-difference approach. Economics of
Education Review, 47, 80-99. https://doi.org/10.1016/j.econedurev.2015.04.003

Dellazizzo, L., Potvin, S., Athanassiou, M., & Dumais, A. (2020). Violence and Cannabis Use: A
Focused Review of a Forgotten Aspect in the Era of Liberalizing Cannabis. Frontiers in
Psychiatry, 11. https://www.frontiersin.org/article/10.3389/fpsyt.2020.567887

Deshpande, M., & Li, Y. (2019). Who Is Screened Out? Application Costs and the Targeting of
Disability Programs. American Economic Journal: Economic Policy, 11(4), 213-248.
https://doi.org/10.1257/pol.20180076

Dills, A. (2010). Social host liability for minors and underage drunk-driving accidents. Journal of
Health Economics, 29(2), 241-249.

Dills, A. K., Goffard, S., & Miron, J. (2017). The Effects of Marijuana Liberalizations: Evidence
from Monitoring the Future (Working Paper No. 23779; Working Paper Series). National

Bureau of Economic Research. https://doi.org/10.3386/w23779



143

Donohue, J. J., & Ribeiro, I. C. (2012). Right-to-Carry Laws, Stand-Y our-Ground Laws, and
Justifiable Homicides-A Jurimetric Analysis. Available at SSRN 2097902.

Donohue, J. J., Aneja, A., & Weber, K. D. (2019). Right-to-Carry Laws and Violent Crime: A
Comprehensive Assessment Using Panel Data and a State-Level Synthetic Control
Analysis. Journal of Empirical Legal Studies, 16(2), 198-247.
https://doi.org/10.1111/jels.12219

Donohue, J. J., Aneja, A., & Weber, K. D. (2019). Right-to-carry laws and violent crime: A
comprehensive assessment using panel data and a state-level synthetic control
analysis. Journal of Empirical Legal Studies, 16(2), 198-247.

Dorman, J. (2017). Jacob Dorman: Why I’m resigning from KU. The Topeka Capital-Journal.
https://www.cjonline.com/story/opinion/columns/2017/05/05/jacob-dorman-why-i-m-
resigning-ku/16545204007/

Evans, L. (1991). Traffic Safety and the Driver. Solomon Islands: Van Nostrand Reinhold.

Everytown for Gun Safety Support Fund (2013), Shoot First: “Stand Your Ground” Laws and
Their Effect on Violent Crime and the Criminal Justice System.

Federal Bureau of Investigation (2013), Criminal Justice Information Services (CJIS) Division
Uniform Crime Reporting (UCR) Program Summary Reporting System (SRS) User
Manual. U.S. Department of Justice.

Federal Bureau of Investigation (2021), Criminal Justice Information Services (CJIS) Division
Uniform Crime Reporting (UCR) Program 2021.1 National Incident-Based Reporting
System User Manual. U.S. Department of Justice.

Fisher, B., Daigle, L. E., & Cullen, F. T. (2010). Unsafe in the ivory tower: The sexual

victimization of college women. Sage Publications.



144

Fisher, M., & Eggen, D. (2012, April 7). Stand Your Ground laws coincide with jump in
Jjustifiable-homicide cases. The Washington Post. Retrieved November 7, 2021, from

http://www.washingtonpost.com/national/stand-your-ground-laws-coincide-with-jump-

in-justifiable-homicide-cases/2012/04/07/g1QAS2v51S print.html.

Freeman, D. G. (2007). Drunk driving legislation and traffic fatalities: new evidence on BAC 08
laws. Contemporary Economic Policy, 25(3), 293-308.

French, M., & Gumus, G. (2014). Macroeconomic fluctuations and motorcycle fatalities in the
US. Social Science & Medicine, 104, 187-193.

French, M., & Gumus, G. (2018). Watch for motorcycles! The effects of texting and handheld
bans on motorcyclist fatalities. Social Science & Medicine (1982), 216, 81-87.

Garcia-Estévez, J., & Duch-Brown, N. (2012). Student graduation: To what extent does
university expenditure matter? IDEAS Working Paper Series from RePEc.
http://search.proquest.com/docview/1698564183?pq-origsite=primo

Gavran, J. A. (2017). Concealed Handguns on Campus: A Multi-Year Study. Visions: The
Journal of Applied Research for the Association of Florida Colleges, 10.

Gavrilova, E., Kamada, T., & Zoutman, F. (2019). Is Legal Pot Crippling Mexican Drug
Trafficking Organisations? The Effect of Medical Marijuana Laws on US Crime. The
Economic Journal, 129(617), 375-407. https://doi.org/10.1111/eco0j.12521

Gius, M. (2016). The relationship between stand-your-ground laws and crime: a state-level
analysis. The Social Science Journal, 53(3), 329-338

Gius, M. (2019). Campus crime and concealed carry laws: Is arming students the answer? The

Social Science Journal, 56(1), 3-9. https://doi.org/10.1016/j.soscij.2018.04.004


http://www.washingtonpost.com/national/stand-your-ground-laws-coincide-with-jump-in-justifiable-homicide-cases/2012/04/07/gIQAS2v51S_print.html
http://www.washingtonpost.com/national/stand-your-ground-laws-coincide-with-jump-in-justifiable-homicide-cases/2012/04/07/gIQAS2v51S_print.html

145

Goodman-Bacon, A. (2021). Difference-in-differences with variation in treatment timing.
Journal of Econometrics, 225(2), 254-277.
https://doi.org/10.1016/j.jeconom.2021.03.014

Goodman-Bacon, A. (2021). Difference-in-differences with variation in treatment
timing. Journal of Econometrics.

Grant, D. (2010). Dead on arrival: Zero tolerance laws don't work. Economic Inquiry, 48(3),
756-770.

Grant, D., & Rutner, S. (2004). The effect of bicycle helmet legislation on bicycling
fatalities. Journal of Policy Analysis and Management, 23(3), 595-611.

Gross, A., (2016). Nearly 80 percent of drivers expressed significant anger, aggression, or road
rage. AAA Public Relations. https://newsroom.aaa.com/2016/07/nearly-80-percent-of-
drivers-express-significant-anger-aggression-or-road-rage/

Gunadi, C., & Shi, Y. (2022). Cannabis decriminalization and racial disparity in arrests for
cannabis possession. Social Science & Medicine, 293, 114672.
https://doi.org/10.1016/j.socscimed.2021.114672

Harper, S., Strumpf, E. C., & Kaufman, J. S. (2012). Do Medical Marijuana Laws Increase
Marijuana Use? Replication Study and Extension. Annals of Epidemiology, 22(3), 207—
212. https://doi.org/10.1016/j.annepidem.2011.12.002

Hassett, M. R., Kim, B., & Seo, C. (2020). Attitudes toward Concealed Carry of Firearms on
Campus: A Systematic Review of the Literature. Journal of School Violence, 19(1), 48—

61. https://doi.org/10.1080/15388220.2019.1703717


https://newsroom.aaa.com/2016/07/nearly-80-percent-of-drivers-express-significant-anger-aggression-or-road-rage/
https://newsroom.aaa.com/2016/07/nearly-80-percent-of-drivers-express-significant-anger-aggression-or-road-rage/

146

Havranek, T., Irsova, Z., & Zeynalova, O. (2018). Tuition Fees and University Enrolment: A
Meta-Regression Analysis. Oxford Bulletin of Economics and Statistics, 80(6), 1145—
1184. https://doi.org/10.1111/obes.12240

Heaton, P., Hunt, P., MacDonald, J., & Saunders, J. (2016). The Short- and Long-Run Effects of
Private Law Enforcement: Evidence from University Police. The Journal of Law and
Economics, 59(4), 889-912. https://doi.org/10.1086/690732

Hemenway, D., Vriniotis, M., & Miller, M. (2006). Is an armed society a polite society? Guns
and road rage. Accident Analysis and Prevention, 38(4), 687-695.

Heywood, J. S., & Weber, B. (2019). University-provided transit and crime in an urban
neighborhood. The Annals of Regional Science, 62(3), 467—495.
https://doi.org/10.1007/s00168-019-00904-3

Hill, J. A. (2015). Banks, marijuana, and federalism. Case Western Reserve Law Review, 65(3),
622-648.

Hollingsworth, A., Wing, C., & Bradford, A. (2020). Comparative Effects of Recreational and
Medical Marijuana Laws On Drug Use Among Adults and Adolescents (SSRN Scholarly
Paper No. 3400519). Social Science Research Network.
https://doi.org/10.2139/ssrn.3400519

Hoover, S. (2018). Concealed carry policy prompts professor to cancel office hours. The
University Daily Kansan. https://www.kansan.com/news/concealed-carry-policy-
prompts-professor-to-cancel-office-hours/article_45d0bfe0-b09f-11e8-8b95-

e3bd1f6ef2d7.html



147

Huber 111, A., Newman, R., & LaFave, D. (2016). Cannabis Control and Crime: Medicinal Use,
Depenalization and the War on Drugs. The B.E. Journal of Economic Analysis & Policy,
16(4), 20150167. https://doi.org/10.1515/bejeap-2015-0167

Humphreys, D. K., Gasparrini, A., & Wiebe, D. J. (2017). Evaluating the impact of Florida’s
“stand your ground” self-defense law on homicide and suicide by firearm: an interrupted
time series study. JAMA internal medicine, 177(1), 44-50.

Hyclak, T. (2011). Casinos and campus crime. Economics Letters, 112(1), 31-33.
https://doi.org/10.1016/j.econlet.2011.02.029

Iheadindu, U., Kline, D., Vetter, R., & Clark, U. (2019). Understanding Campus Crime with A
Multi-University Analytics System. Information Systems, 8.

Imrohoroglu, A., Merlo, A., & Rupert, P. (2004). What accounts for the decline in
crime?. International Economic Review, 45(3), 707-729.

Insurance Institute for Highway Safety. (2022, April). Marijuana laws by state. IIHS-HLDI
Crash Testing and Highway Safety. https://www.iihs.org/topics/alcohol-and-
drugs/marijuana-laws-table

Jacobs, J. (1961). The death and life of great American cities. Vintage Books.

Jansen, S., & Nugent-Borakove, M. E. (2016). Expansions to the castle doctrine: Implications for
policy and practice.

John R Lott & John Whitley. (2003). Measurement Error in County-Level UCR Data. Journal of
Quantitative Criminology, 19(2), 185-198.

Johnson, J., Hodgkin, D., & Harris, S. K. (2017). The design of medical marijuana laws and

adolescent use and heavy use of marijuana: Analysis of 45 states from 1991 to 2011.



148

Drug and Alcohol Dependence, 170, 1-8.
https://doi.org/10.1016/j.drugalcdep.2016.10.028

Johnson, J., Johnson, R., Hodgkin, D., Jones, A., Kritikos, A., Doonan, S., & Harris, S. (2021).
Medical marijuana laws (MMLs) and dispensary provisions not associated with higher
odds of adolescent marijuana or heavy marijuana use: A 46 State Analysis, 1991-2015.
Substance Abuse, 42, 1-5. https://doi.org/10.1080/08897077.2021.1900986

Kaestner, R., & Yarnoff, B. (2011). Long-Term Effects of Minimum Legal Drinking Age Laws
on Adult Alcohol Use and Driving Fatalities. The Journal of Law and Economics, 54(2),
325-363.

Kaplan, J. (2021). Uniform Crime Reporting (UCR) Program Data: A Practitioner’s Guide.
https://ucrbook.com

Kaplan, J., & Goh, L. S. (2022). Physical Harm Reduction in Domestic Violence: Does
Marijuana Make Assaults Safer? Journal of Interpersonal Violence, 37(7-8), NP5269—
NP5293. https://doi.org/10.1177/0886260520961876

Kaplan, Jacob. Jacob Kaplan’s Concatenated Files: National Incident-Based Reporting System
(NIBRS) Data, 1991-2019. Ann Arbor, MI: Inter-university Consortium for Political and

Social Research [distributor], 2021-07-10. https://doi.org/10.3886/E118281V4

Kaplan, Jacob. Jacob Kaplan’s Concatenated Files: Uniform Crime Reporting Program Data:
Offenses Known and Clearances by Arrest, 1960-2019. Ann Arbor, MI: Inter-university
Consortium for Political and Social Research [distributor], 2021-01-16.

https://doi.org/10.3886/E100707V16

Kim, K., & Lee, M. (2019). Difference in differences in reverse. Empirical Economics, 57(3),

705-725. https://doi.org/10.1007/s00181-018-1465-0


https://doi.org/10.3886/E118281V4
https://doi.org/10.3886/E100707V16

149

Kleck, G. (1997). Targeting guns: Firearms and their control. Transaction Publishers.

Kleck, G., Kovandzic, T., Saber, M., & Hauser, W. (2011). The effect of perceived risk and
victimization on plans to purchase a gun for self-protection. Journal of Criminal
Justice, 39(4), 312-319.

Kyriazis (2019). Do concealed carry laws affect police shootings?

La Valle, J. M., & Glover, T. C. (2011). Revisiting Licensed Handgun Carrying: Personal
Protection or Interpersonal Liability? American Journal of Criminal Justice, 37(4), 580—
601. https://doi.org/10.1007/s12103-011-9140-4

Lafortune, J., Rothstein, J., & Schanzenbach, D. W. (2018). School Finance Reform and the
Distribution of Student Achievement. American Economic Journal: Applied Economics,
10(2), 1-26. https://doi.org/10.1257/app.20160567

Lee, J. Y., & Solon, G. (2011). The fragility of estimated effects of unilateral divorce laws on
divorce rates. The BE Journal of Economic Analysis & Policy, 11(1).

Lindo, J. M., Marcotte, D. E., Palmer, J. E., & Swensen, I. D. (2019). Any press is good press?
The unanticipated effects of Title IX investigations on university outcomes. Economics of
Education Review, 73, 101934. https://doi.org/10.1016/j.econedurev.2019.101934

Lindo, J. M., Siminski, P., & Swensen, I. D. (2018). College Party Culture and Sexual Assault.
American Economic Journal: Applied Economics, 10(1), 236-265.
https://doi.org/10.1257/app.20160031

Lodos, R. (2017). Bulletproof professor: Kevin Willmott protesting concealed carry by wearing
vest in class. The University Daily Kansan. https://www.kansan.com/news/bulletproof-
professor-kevin-willmott-protesting-concealed-carry-by-wearing-vest-in-

class/article_d273e420-8d84-11e7-af3b-43d98e6df7e6.html



150

Loftin, C., & McDowall, D. (2010). The Use of Official Records to Measure Crime and
Delinquency. Journal of Quantitative Criminology, 26(4), 527-532.
https://doi.org/10.1007/s10940-010-9120-8

Lott, J. R. (2010). More guns, less crime: Understanding crime and gun-control laws (3rd ed.).
University of Chicago Press.

Lott, J., & Mustard, D. B. (1997). Crime, Deterrence, and Right-to-Carry Concealed Handguns.
The Journal of Legal Studies, 26(1), 1-68. https://doi.org/10.1086/467988

Maltz, M. D. (1999). Bridging Gaps in Police Crime Data. U.S. Department of Justice, 78.

Maltz, M. D. (2006). Analysis of Missingness in UCR Crime Data. U.S. Department of Justice,
21.

Marcus, M., & Sant’Anna, P. H. C. (2021). The Role of Parallel Trends in Event Study Settings:
An Application to Environmental Economics. Journal of the Association of
Environmental and Resource Economists, 8(2), 235-275. https://doi.org/10.1086/711509

Mark Anderson, D., Hansen, B., & Rees, D. 1. (2013). Medical Marijuana Laws, Traffic
Fatalities, and Alcohol Consumption. The Journal of Law & Economics, 56(2), 333-369.
https://doi.org/10.1086/668812

Mark Anderson, D., Hansen, B., & Rees, D. I. (2013). Medical marijuana laws, traffic fatalities,
and alcohol consumption. The Journal of Law and Economics, 56(2), 333-369.

Mast, B., Benson, B., & Rasmussen, D. (1999). Beer Taxation and Alcohol-Related Traffic
Fatalities. Southern Economic Journal, 66(2), 214-249.

Matthay, E. C., Kiang, M. V., Elser, H., Schmidt, L., & Humphreys, K. (2021). Evaluation of
State Cannabis Laws and Rates of Self-harm and Assault. JAMA Network Open, 4(3),

€211955. https://doi.org/10.1001/jamanetworkopen.2021.1955



151

Mayo Clinic. (2021, December 4). Medical Marijuana. Mayo Clinic.
https://www.mayoclinic.org/healthy-lifestyle/consumer-health/in-depth/medical-
marijuana/art-20137855

McClellan, C., & Tekin, E. (2017). Stand your ground laws, homicides, and injuries. Journal of
human resources, 52(3), 621-653.

McCrary, J., & Lee, D. S. (2009). The deterrence effect of prison: Dynamic theory and evidence.

https://escholarship.org/content/qt2gh1r30h/qt2eh 1r30h.pdf

Meer, J., & West, J. (2016). Effects of the minimum wage on employment dynamics. Journal of
Human Resources, 51(2), 500-522.

Miller, M., Azrael, D., Hemenway, D., & Solop, F. (2002). ‘Road rage’ in Arizona: Armed and
dangerous. Accident; Analysis and Prevention, 34(6), 807-814.

Miron, J. A., & Tetelbaum, E. (2009). Does the minimum legal drinking age save
lives?. Economic inquiry, 47(2), 317-336.

Moody, C. E., & Marvell, T. B. (2003). Pitfalls of using proxy variables in studies of guns and
crime. Available at SSRN 473661.

Morris, R. G., TenEyck, M., Barnes, J. C., & Kovandzic, T. V. (2014). The Effect of Medical
Marijuana Laws on Crime: Evidence from State Panel Data, 1990-2006. PLoS ONE, 9(3),
€92816. https://doi.org/10.1371/journal.pone.0092816

Munasib, A., Kostandini, G., & Jordan, J. L. (2018). Impact of the stand your ground law on gun
deaths: evidence of a rural urban dichotomy. European Journal of Law and

Economics, 45(3), 527-554.


https://escholarship.org/content/qt2gh1r30h/qt2gh1r30h.pdf

152

National Center for Statistics and Analysis. (2021, February (Revised)). Fatality Analysis
Reporting System (FARS) analytical user’s manual, 1975-2019 (Report No. DOT HS 813
023). National Highway Traftfic Safety Administration.

National Conference of State Legislatures. (2022, April 19). State Medical Cannabis Laws.
National Conference of State Legislatures. https://www.ncsl.org/research/health/state-
medical-marijuana-laws.aspx

National Institute on Drug Abuse. (2020, July). Is marijuana a gateway drug? National Institute
on Drug Abuse. https://nida.nih.gov/publications/research-reports/marijuana/marijuana-
gateway-drug

National Institutes of Health. (2012, August 3). Marijuana. National Institute on Drug Abuse.
https://teens.drugabuse.gov/drug-facts/marijuana

National Institutes of Health. (2020, July). Is marijuana safe and effective as medicine? National
Institute on Drug Abuse. https://nida.nih.gov/publications/research-
reports/marijuana/marijuana-safe-effective-medicine

Neeley, G. W., & Richardson, L. E. (2022). Marijuana Policy Bundles in the American States
Over Time and Their Impact on the Use of Marijuana and Other Drugs. Evaluation
Review, 46(2), 165-199. https://doi.org/10.1177/0193841X221077795

Neumark, D., Salas, J. 1., & Wascher, W. (2014). Revisiting the minimum wage—Employment
debate: Throwing out the baby with the bathwater?. /lr Review, 67(3 suppl), 608-648.

Newton, G. D., & Zimring, F. E. (1969). Firearms and violence in American life (No. 7).
Washington, DC: National Commission on the Causes and Prevention of Violence.

Pacula, R. L., Powell, D., Heaton, P., & Sevigny, E. L. (2015). Assessing the Effects of Medical

Marijuana Laws on Marijuana Use: The Devil is in the Details. Journal of Policy



153

Analysis and Management : [The Journal of the Association for Public Policy Analysis
and Management], 34(1), 7-31.

Plunk, A. D., Agrawal, A., Harrell, P. T., Tate, W. F., Will, K. E., Mellor, J. M., & Grucza, R. A.
(2016). The impact of adolescent exposure to medical marijuana laws on high school
completion, college enrollment and college degree completion. Drug and Alcohol
Dependence, 168, 320-327. https://doi.org/10.1016/j.drugalcdep.2016.09.002

Polinsky, A. M., & Shavell, S. (1979). The optimal tradeoff between the probability and
magnitude of fines. The American Economic Review, 69(5), 880-891.

Ponomarova, A. (2019) What crimes are associated with ‘road rage’? Esfandi Law Group.

Retrieved November 8, 2021, from https://esfandilawfirm.com/road-rage-crimes-

associated-california/

Rebellon, C. J., & Van Gundy, K. (2005). Can Control Theory Explain the Link Between
Parental Physical Abuse and Delinquency? A Longitudinal Analysis. Journal of Research
in Crime and Delinquency, 42(3), 247-274. https://doi.org/10.1177/0022427804271926

Rocco, L., & Sampaio, B. (2016). Are handheld cell phone and texting bans really effective in
reducing fatalities? Empirical Economics, 51(2), 853-876.

Rooney, P., & Smith, J. (2019). THE IMPACT OF HIGHLY PUBLICIZED CAMPUS
SCANDALS ON COLLEGE OUTCOMES. Contemporary Economic Policy, 37(3),
492-508. https://doi.org/10.1111/coep.12427

Roth, J., Sant’Anna, P. H. C., Bilinski, A., & Poe, J. (2022). What’s Trending in Difference-in-
Differences? A Synthesis of the Recent Econometrics Literature. ArXiv:2201.01194

[Econ, Stat]. http://arxiv.org/abs/2201.01194


https://esfandilawfirm.com/road-rage-crimes-associated-california/
https://esfandilawfirm.com/road-rage-crimes-associated-california/

154

Ruhm, C. (1996). Alcohol policies and highway vehicle fatalities. Journal of Health
Economics, 15(4), 435-454.

Ruhm, C. (2000). Are Recessions Good for Your Health? The Quarterly Journal of
Economics, 115(2), 617-650.

Ruhm, C. J., & Mathur, N. K. (2022). Marijuana Legalization and Opioid Deaths.
https://doi.org/10.3386/w29802

Sabia, J. J., & Nguyen, T. T. (2018). The Effect of Medical Marijuana Laws on Labor Market
Outcomes. 36.

Sabia, J., Pitts, M., & Argys, L. (2018). Are Minimum Wages a Silent Killer? New Evidence on
Drunk Driving Fatalities. The Review of Economics and Statistics, The Review of
Economics and Statistics, 07/16/2018.

Saffer, H. (1997). Alcohol Advertising and Motor Vehicle Fatalities. Review of Economics and
Statistics, 79(3), 431-442.

Sansone, R. A., & Sansone, L. A. (2010). Road rage: What’s driving it?. Psychiatry
(Edgmont), 7(7), 14.

Santaella-Tenorio, J., Mauro, C. M., Wall, M. M., Kim, J. H., Cerd4, M., Keyes, K. M., ... &
Martins, S. S. (2017). US traffic fatalities, 1985-2014, and their relationship to medical
marijuana laws. American journal of public health, 107(2), 336-342.

Sarvet, A. L., Wall, M. M., Fink, D. S., Greene, E., Le, A., Boustead, A. E., Pacula, R. L., Keyes,
K. M., Cerda, M., Galea, S., & Hasin, D. S. (2018). Medical marijuana laws and
adolescent marijuana use in the United States: A systematic review and meta-analysis.

Addiction (Abingdon, England), 113(6), 1003-1016. https://doi.org/10.1111/add.14136



155

Schell, T. L., Peterson, S., Vegetabile, B. G., Scherling, A., Smart, R., & Morral, A. R.

(2020). State-level estimates of household firearm ownership. Santa Monica, CA: RAND.

Secades-Villa, R., Garcia-Rodriguez, O., Jin, C., J., Wang, S., & Blanco, C. (2015). Probability
and predictors of the cannabis gateway effect: A national study. The International
Journal on Drug Policy, 26(2), 135-142. https://doi.org/10.1016/j.drugpo.2014.07.011

Smart, R. (2015). The Kids Aren’t Alright but Older Adults Are Just Fine: Effects of Medical
Marijuana Market Growth on Substance Use and Abuse. 48.
http://dx.doi.org/10.2139/ssrn.2574915

Smart, R. G., Asbridge, M., Mann, R. E., & Adlaf, E. M. (2003). Psychiatric distress among road
rage victims and perpetrators. The Canadian Journal of Psychiatry, 48(10), 681-688.

Smart, R., Morral, A. R., Smucker, S., Cherney, S., Schell, T. L., Peterson, S., Ahluwalia, S. C.,
Xenakis, L., Ramchand, R., & Gresenz, C. R. (2020). The science of gun policy: A
Critical synthesis of research evidence on the effects of gun policies in the United States.
RAND Corporation.

Smith, D. A., & Uchida, C. D. (1988). The social organization of self-help: A study of defensive
weapon ownership. American Sociological Review, 94-102.

Stohr, M. K., Willits, D. W., Makin, D. A., Hemmens, C., Lovrich, N. P., Stanton, D., & Meize,
M. (2020). Effects of Marijuana Legalization on Law Enforcement and Crime: Final
Report. Final Report, 158.

Stuster, J. (2004). Aggressive driving enforcement: evaluations of two demonstration programs.
US Department of Transportation, National Highway Traffic Safety Administration.

Sun, L., & Abraham, S. (2020). Estimating dynamic treatment effects in event studies with

heterogeneous treatment effects. Journal of Econometrics.



156

Sun, L., & Abraham, S. (2021). Estimating dynamic treatment effects in event studies with
heterogeneous treatment effects. Journal of Econometrics, 225(2), 175-199.
https://doi.org/10.1016/j.jeconom.2020.09.006

Tobias, S. P. (2017). Professor fears for her safety with guns on campus, quits her job. Fort
Worth Star-Telegram. https://www.star-telegram.com/news/nation-
world/national/article154870904.html

Ullman, D. F. (2017). The Effect of Medical Marijuana on Sickness Absence. Health Economics,
26(10), 1322-1327. https://doi.org/10.1002/hec.3390

University of Kentucky Center for Poverty Research. (2022). UKCPR National Welfare Data,
1980-2020. http://ukcpr.org/resources/national-welfare-data

Voas, R., Tippetts, A., & Fell, J. (2003). Assessing the effectiveness of minimum legal drinking
age and zero tolerance laws in the United States. Accident Analysis and
Prevention, 35(4), 579-587.

W. Webster, D., J. Donohue, J., Klarevas, L., K. Crifasi, C., S. Vernick, J., Jernigan, D., C.
Wilcox, H., B. Johnson, S., Greenberg, S., & E. McGinty, E. (2016). Firearms on
College Campuses: Research Evidence and Policy Implications. Johns Hopkins
Bllomberg School of Public Health. https://www.jhsph.edu/research/centers-and-
institutes/johns-hopkins-center-for-gun-violence-prevention-and-policy/_archive-
2019/ pdfs/GunsOnCampus.pdf

Weaver, Z. L. (2008). Florida's Stand Your Ground Law: The Actual Effects and the Need for
Clarification. U. Miami L. Rev., 63, 395.

Webber, D. A., & Ehrenberg, R. G. (2010). Do expenditures other than instructional

expenditures affect graduation and persistence rates in American higher education?



157

Economics of Education Review, 29(6), 947-958.
https://doi.org/10.1016/j.econedurev.2010.04.006

Wen, H., Hockenberry, J. M., & Cummings, J. R. (2015). The effect of medical marijuana laws
on adolescent and adult use of marijuana, alcohol, and other substances. Journal of
Health Economics, 42, 64-80. https://doi.org/10.1016/j.jhealeco.2015.03.007

Williams, M. R. (2020, October 24). After concealed carry allowed on campus, KU hired more
safety officers and crime fell. Kansascity.
https://www.kansascity.com/news/article203516929.html

Wing, C. (2021). Statistical Inference For Stacked Difference in Differences and Stacked Event
Studies. https://scholarworks.iu.edu/dspace/handle/2022/26875

Wolfers, J. (2006). Did unilateral divorce laws raise divorce rates? A reconciliation and new
results. American Economic Review, 96(5), 1802-1820.

Wooldridge, J. M. (2021). Two-Way Fixed Effects, the Two-Way Mundlak Regression, and
Difference-in-Differences Estimators (SSRN Scholarly Paper No. 3906345). Social
Science Research Network. https://doi.org/10.2139/ssrn.3906345

Young, D., & Bielinska-Kwapisz, A. (2006). Alcohol Prices, Consumption, and Traffic
Fatalities. Southern Economic Journal, 72(3), 690-703. doi:10.2307/20111841

Young, D., & Likens, T. (2000). Alcohol Regulation and Auto Fatalities. International Review of
Law and Economics, 20(1), 107-126.

Yu, J., Evans, P. C., & Perfetti, L. (2004). Road aggression among drinking drivers: Alcohol and
non-alcohol effects on aggressive driving and road rage. Journal of Criminal

Justice, 32(5), 421-430.



158

Yung, C. R. (2015). Concealing Campus Sexual Assault: An Empirical Examination.

Psychology, Public Policy, and Law, 21(1), 1-9. https://doi.org/10.1037/law0000037



159

Appendix A:

Chapter 1 Descriptions for Reduced Form Regressions’ Outcome Variables

2003 2006

2009 2012

2015 2018

Non-8Y G State - S5YG State




Appendix B:

160

Chapter 1 Descriptions for Reduced Form Regressions’ Outcome Variables

Outcome L

vVariables Mean All Description

Total Fatalities (1536643 Traffic fatalities (per 100,000 state population)

Aggressive 6.49 (2.77) Traffic fatailties for incidences related to factors that potentially implicate

Driving ' ' aggressive driving behavior (per 100,000 state population)

Speeding 42 (2.11) Traffic fatalltles for incidences related to speeding (per 100,000 state

population)

No Alcohol Traffic fatalities for incidences does not involve alcohol (per 100,000 state
9.25 (3.4) .

Involved population)

Alcohol Involved 3.7 (1.72) Traffic fatalities for incidences with at least one driver tested a blood alcohol

(BAC=>0) T concentration (BAC) >0 (per 100,000 state population)

Alcohol Involved 3.01 (1.46) Traffic fatalities for incidence with at least one driver tested a BAC > 0.08

(BAC >.08) ' ' (per 100,000 state population)

Alcohol Involved 2.9 (1.41) Traffic fatalities for incidences with at least one driver tested a BAC > 0.10

(BAC=.1) A (per 100,000 state population)

Rural 7.71 (4.72) Traffic fatalities in rural area (per 100,000 state population)

Urban 5.89 (2.08) Traffic fatalities in urban area (per 100,000 state population)

Daytime 6.58 (2.55) Traffic fatalities in the daytime (per 100,000 state population)

Nighttime 6.97 (2.62) Traffic fatalities in the nighttime (per 100,000 state population)

Weekday 7.83(2.86) Traffic fatalities on weekdays (per 100,000 state population)

Weekend 5.8 (2.24)  Traffic fatalities on weekends (per 100,000 state population)

Male (1796233; Traffic fatalities, males (per 100,000 state population, males)

Female 8.28 (3.27)  Traffic fatalities, females (per 100,000 state population, females)

Ages 15-19 (igg% Traffic fatalities, ages 15-19 (per 100,000 state population, ages 20-29)

Ages 20-29 21.8(8.32) Traffic fatalities, ages 20-29 (per 100,000 state population, ages 20-29)

Ages 30-39 (164 '3636) Traffic fatalities, ages 30-39 (per 100,000 state population, ages 30-39)

Ages 40-49 13.38 (5.5) Traffic fatalities, ages 40-49 (per 100,000 state population, ages 40-49)

Ages 50-64 (1 42;5997) Traffic fatalities, ages 50-64 (per 100,000 state population, ages 50-64)

Ages 65+ 1731 Traffic fatalities, ages 65+ (per 100,000 state population, ages 65+)

(5.71)
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Chapter 1 Descriptions for Outcomes for Regressions Testing Mechanisms

Outcome Variables

Mean All

Description

Gun Ownership Proxies
Rand Estimates

Firearm Suicide Rate
Crime

Murder

Aggravated Assault

Road Rage Crime Proxies

Firearm Involved
Vehicle Involved

Other Weapon Involved

Vehicle Miles Traveled
Rural Vehicle Miles Traveled
Urban Vehicle Miles Traveled
Total Vehicle Miles Traveled

36.23 (12.95)
52.72 (12.31)

6.61 (3.57)
1286 (480)

2.29 (1.62)
1.69 (1.15)

3.91 (2.42)

498 (254)
914 (187)
1412 (207)

Percentage of adults living in a household with a firearm
(Schell et al., 2020).
Percentage of suicide committed by a firearm.

Murder rate (per 100,000 state population)
Aggravated assult rate (per 100,000 state population)

Possible road rage cases involved firearms (per 100,000
agency reported population)

Possible road rage cases involved vehicles (per 100,000
agency reported population)

Possible road rage cases involved other weapons (per
100,000 agency reported population)

Rural vehicle miles traveled (per 100,000 licensed driver)
Urban vehicle miles traveled (per 100,000 licensed driver)
Vehicle miles traveled (per 100,000 licensed driver)
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Appendix D:

Chapter 1 Independent variables

Variables Mean Description
Stand-Your-Ground Laws 0.22 (0.41) Dummy variable for stand-your-ground laws.
Right-to-Carry Laws 0.56 (0.49)  Dummy variable for right-to-carry laws.

336.79 Lagged police population (per 100,000 agency-reported

Police Employment (76.75) population)

Incarceration Rate (ial,ggg) Prisoner populaiton (per 100,000 state populaiton)
Personal Income (1371%212667:; Real personal income (1982$ per 100,000 state populaiton)
76.22 Real unemployment insurance compensation (1982$ per

Unemployment Insurance (57.39) 100,000 state populaiton)

287.81 Real income maintenance benefits (1982$ per 100,000 state
(85.72) populaiton)
17838.48 Real retirement payments (1982$ per 100,000 state populaiton
(3407.3) over 65)

Income Maintenance

Retirement Payments

Unemployment Rate 5.93(1.91)  State unemployment rate (1982$ per 100 state populaiton)
State Minium Wage 3.06 (0.46)  Real state minimum wage (1982%)

Poverty Rate 13.35(3.09) Population in poverty (per 100 state populaiton)

Beer Tax 0.13(0.11)  Real beer tax, (1982% per gallon)

Primary Seat Belt Laws 0.54 (0.49)  Dummy variable for seat belt laws with primary enforcement.
Secondary Seat Belt Laws 0.98 (0.14)  Dummy variable for seat belt laws with secondary enforcement.
E;S\?Suated Driver Licensing 0.13(0.33) Dummy variable for graduated driver licensing laws.

Zero Tolerance Laws 0.81(0.39) Dummy variable for zero tolerance laws.

Hands-free Laws 0.14 (0.34) Dummy variable for hands-free laws.

Medical Marijuana Laws 0.2 (0.4) Dummy variable for medical marijuana laws.

Population in Metropolitan 82.17 L . .
Statistical Areas (14.34) Population in MSA counties (per 100 state population)

White Population 81.1(7.74)  White population (per 100 state populaiton)
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Variables Years Source
Traffic Fatalities 1989- : . .
2018 Fatality Analysis Reporting System (FARS)
. . 1989-
Gun Ownership Proxies-Rand 2016 Schell et al. (2020)
Gun Ownership Proxies-Suicde 1989-
Rate 2016 CDC Compressed Mortality File
. 1989-
Overall Crime Rate 2018 Uniform Crime Reporting Program
. . 2001-
Road Rage Crime Proxies 2018 National Incident-Based Reporting System
. . 1989-
Vehicle Miles Traveled 2018 Highway Statistics
. . . 1989-
Licensed Driver Population 2018 Highway Statistics
. 1989-
SYG variables 2018  Cherney etal. (2018)
. 1989-
RTC variables 2018 Donohue et al. (2019)
Police Employment 1989- . . .
2018 Uniform Crime Reporting Program
Personal Income and Transfer 1989- . .
Payments 2018 U.S. Bureau of Economic Analysis
Unemployment rate 1989-
2018 U.S. Bureau of Labor Statistics
- 1989-
State Minimum Wage 2018 University of Kentucky Center for Poverty Research
Poverty rate 1989-
y 2018 Census Bureau
Beer tax 1989-
2018 Silver and Macinko (2014); Beer Institute
Consumer price index 1989-
2018 U.S. Bureau of Labor Statistics
Seat belt laws 1989- : .
2018 Insurance Institute for Highway Safety
. . . 1989- Gilpin (2019); Deza (2019); Dee et al. (2005); Srinivasan
Graudated Driver Licensing Laws 2018 and Kishnani (2002); Insurance Institute for Highway Safety
Zero Tolerance Laws 1989- Heinonline; Hingson et al. (1994); Digest of Impaired
2018 Driving and Selected Beverage Control Laws;
Hands-free Laws 1989- . .
2018 Insurance Institute for Highway Safety
Medical Marijuana laws 1989-
2018 Anderson and Rees (2021)
Population 1989- National Cancer Institute's Surveillance, Epidemiology, and
P 2018 End Results Program
Population in metropolitan 1989- Donohue et al. (2019); Federal Bureau of Investigation's
statistical areas 2018 Uniform Crime Reporting Program
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