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in-di�erences analysis, di�erences existed between 
intervention and comparison states that could suggest 
di�erent suicide mortality trajectories in these states. 
The generalizability of the di�erence-in-di�erences 
analyses is also limited. In such analyses we focused 
on just four states with policy changes. West Virginia 
and Wyoming passed the age �� handgun sales policy 
and Missouri and South Carolina rescinded the age �� 

handgun sales policy. The populations of each state 
di�er substantially from those of the US population.

Conclusion
This study found that state policies setting the 
minimum age of handgun sales to �� years, such as 
those passed in Florida and Vermont in ���� and in 
Washington in ����, were associated with a reduction 
in suicides among adolescents aged �� to �� years. 
In a regression discontinuity analysis, minimum 
age �� handgun purchase policies were associated 
with an average ��� excess deaths from suicide 
among adolescents aged �� to �� years in each state 
between ���� and ����, relative to a minimum age 
of �� handgun purchase policies. In a di�erence-in-
di�erences analysis, restricting the age of handgun 
purchases to age �� or older were associated with an 
��% reduction in the suicide rate among adolescents, 
an e�ect estimate driven by increases in the suicide 
rate in Missouri and South Carolina after those states 
eliminated age �� handgun sales policies. Changing 
the age of handgun sales policies from �� to �� years 
across the country or in the �� states without such 
policies might reduce deaths from suicide among 
adolescents. Such a change is in keeping with public 
sentiment�in ����, ��% of American adults reported 
support for more policies regulating �rearms.��
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Fig�� | Event study estimates of suicide rates among adolescents aged �� to �� years 
old. Coe�cient estimates represent the estimated association between policy change 
and suicide rate in a given period relative to policy change. Estimated coe�cients are 
based on running the main regression with all covariates, and the main policy variable 
replaced with binary indicators for years before or a�er policy changes in intervention 
states, with comparison states set to zero. Separate event studies were conducted for 
states that (top panel) decreased and (bottom panel) increased the minimum age of 
handgun purchase. Estimates were binned by two year periods because suicide is a rare 
event and individual year trends are volatile. The period immediately before the policy 
change was used as the reference period. The thin lines are ��% con�dence intervals

Table�� | Results of di�erence-in-di�erences analysis on policies restricting the sale of handguns to age �� or older and suicides in adolescents

Variables

Suicide fatalities per ��� ��� adolescents (��% CI)

Total suicides Firearm suicides Non-�rearm suicides
Age �� handgun sales ��.��* (��.�� to ��.��) ��.��� (��.�� to ��.��) ��.�� (��.�� to �.��)
Per cent of �rearm related suicides among ages ��� years ��.�� (���.�� to ��.��) ��.�� (��.�� to �.��) ��.�� (���.�� to �.��)
Population density �.�� (��.�� to �.��) �.�� (��.�� to �.��) �.�� (��.�� to �.��)
Per cent of population of each race/ethnicity:
  Native American �.�� (��.�� to �.��) ��.�� (��.�� to ��.��) �.�� (�.�� to �.��)
  White �.�� (��.�� to �.��) �.�� (��.�� to �.��) �.�� (�.�� to �.��)
  Other Reference
Handgun permit policy ��.�� (��.�� to ��.��) ��.�� (��.�� to �.��) ��.�� (��.�� to �.��)
Universal background checks ��.�� (��.�� to �.��) �.�� (��.�� to �.��) ��.�� (��.�� to �.��)
Main e�ect estimates are in the top row. State and year �xed e�ects are also included adjusting for each state and year.
*Permutation adjusted P<�.��.
�Permutation adjusted P<�.�� for main e�ect estimates.
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Right-to-Carry Laws and Violent Crime:
A Comprehensive Assessment Using
Panel Data and a State-Level Synthetic
Control Analysis
John J. Donohue, Abhay Aneja, and Kyle D. Weber*

This article uses more complete state panel data (through 2014) and new statistical tech-
niques to estimate the impact on violent crime when states adopt right-to-carry (RTC)
concealed handgun laws. Our preferred panel data regression specification, unlike the sta-
tistical model of Lott and Mustard that had previously been offered as evidence of crime-
reducing RTC laws, both satisfies the parallel trends assumption and generates statistically
significant estimates showing RTC laws increase overall violent crime. Our synthetic control
approach also finds that RTC laws are associated with 13–15 percent higher aggregate vio-
lent crime rates 10 years after adoption. Using a consensus estimate of the elasticity of
crime with respect to incarceration of 0.15, the average RTC state would need to roughly
double its prison population to offset the increase in violent crime caused by RTC
adoption.

I. Introduction

For two decades, there has been a spirited academic debate over whether “shall-
issue” concealed carry laws (also known as right-to-carry or RTC laws) have an impor-
tant impact on crime. The “More Guns, Less Crime” hypothesis originally articulated
by John Lott and David Mustard (1997) claimed that RTC laws decreased violent
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1977–2014 in the states that have resisted the adoption of RTC laws is almost an order of
magnitude greater than in RTC-adopting states (a 42.3 percent drop vs. a 4.3 percent
drop), although a spartan panel data model with only state and year effects reduces the
differential to 20.2 percent. Section III discusses the panel data results, showing that the
DAW model indicates that RTC laws have increased violent and property crime, with wea-
ker evidence that RTC laws increased homicide (but not non-gun homicide) over our
entire data period, while both the DAW and the LM model provide statistically significant
evidence that RTC laws have increased murder in the postcrack period.

The remainder of the article shows that, using either the DAW or LM explanatory
variables, the synthetic control approach uniformly supports the conclusion that RTC
laws lead to substantial increases in violent crime. Section IV describes the details of our
implementation of the synthetic control approach and shows that the mean and median
estimates of the impact of RTC laws show greater than double-digit increases by the 10th
year after adoption. Section V provides aggregate synthetic control estimates of the
impact of RTC laws, and Section VI concludes.

II. The Impact of RTC Laws: Theoretical
Considerations and Simple Comparisons

A. Gun Carrying and Crime

1. Mechanisms of Crime Reduction

Allowing citizens to carry concealed handguns can influence violent crime in a number
of ways, some benign and some invidious. Violent crime can fall if criminals are deterred
by the prospect of meeting armed resistance, and potential victims or armed bystanders
may thwart or terminate attacks by either brandishing weapons or actually firing on the
potential assailants. For example, in 2012, a Pennsylvania concealed carry permit holder
became angry when he was asked to leave a bar because he was carrying a weapon and, in
the ensuing argument, he shot two men, killing one, before another permit holder shot
him (Kalinowski 2012). Two years later, a psychiatric patient in Pennsylvania killed his
caseworker, and grazed his psychiatrist before the doctor shot back with his own gun,
ending the assault by wounding the assailant (Associated Press 2014).

The impact of the Pennsylvania RTC law is somewhat ambiguous in both these
cases. In the bar shooting, it was a permit holder who started the killing and another who
ended it, so the RTC law may actually have increased crime. The case of the doctor’s use
of force is more clearly benign, although the RTC law may have made no difference: a
doctor who routinely deals with violent and deranged patients would typically be able to
secure a permit to carry a gun even under a may-issue regime. Only a statistical analysis
can reveal whether in aggregate extending gun carrying beyond those with a demon-
strated need and good character, as shall-issue laws do, imposes or reduces overall costs.

Some defensive gun uses can be socially costly and contentious even if they do avoid a
robbery or an assault. For example, in 1984, when four teens accosted Bernie Goetz on a
New York City subway, he prevented an anticipated robbery by shooting all four,
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permanently paralyzing one.5 In 2010, a Pennsylvania concealed carry holder argued that he
used a gun to thwart a beating. After a night out drinking, Gerald Ung, a 28-year-old Temple
University law student, shot a 23-year-old former star lacrosse player from Villanova, Eddie
DiDonato, when DiDonato rushed Ung angrily and aggressively after an altercation that
began when DiDonato was bumped while doing chin ups on scaffolding on the street in Phil-
adelphia. When prosecuted, Ung testified that he always carried his loaded gun when he
went out drinking. A video of the incident shows that Ung was belligerent and had to be
restrained by his friends before the dispute became more physical, which raises the question
of whether his gun carrying contributed to his belligerence, and hence was a factor that pre-
cipitated the confrontation. Ung, who shot DiDonato six times, leaving DiDonato partially
paralyzed with a bullet lodged in his spine, was acquitted of attempted murder, aggravated
assault, and possessing an instrument of crime (Slobodzian 2011). While Ung avoided crimi-
nal liability and a possible beating, he was still prosecuted and then hit with a major civil
action, and the incident did impose significant social costs, as shootings frequently do.6

In any event, the use of a gun by a concealed carry permit holder to thwart a crime
is a statistically rare phenomenon. Even with the enormous stock of guns in the United
States, the vast majority of the time that someone is threatened with violent crime no gun
will be wielded defensively. A five-year study of such violent victimizations in the United
States found that victims reported failing to defend or to threaten the criminal with a
gun 99.2 percent of the time—this in a country with 300 million guns in civilian hands
(Planty & Truman 2013). Adding 16 million permit holders who often dwell in low-crime
areas may not yield many opportunities for effective defensive use for the roughly 1 per-
cent of Americans who experience a violent crime in a given year, especially since crimi-
nals can attack in ways that preempt defensive measures.7

2. Mechanisms of Increasing Crime

Since the statistical evidence presented in this article suggests that the benign effects of
RTC laws are outweighed by the harmful effects, we consider five ways in which RTC laws
could increase crime: (a) elevated crime by RTC permit holders or by others, which can
be induced by the greater belligerence of permit holders that can attend gun carrying or
even through counterproductive attempts by permit holders to intervene protectively;
(b) increased crime by those who acquire the guns of permit holders via loss or theft;
(c) a change in culture induced by the hyper-vigilance about one’s rights and the need

5The injury to Darrell Cabey was so damaging that he remains confined to a wheelchair and functions with the
intellect of an eight-year-old, for which he received a judgment of $43 million against Goetz, albeit without satisfac-
tion (Biography.com 2016).

6According to the civil lawsuit brought by DiDonato, his injuries included “severe neurological impairment, inabil-
ity to control his bowels, depression and severe neurologic injuries” (Lat 2012).

7Even big city police officers rarely need to fire a weapon despite their far greater exposure to criminals. According
to a 2016 Pew Research Center survey of 7,917 sworn officers working in departments with 100 or more officers,
“only about a quarter (27%) of all officers say they have ever fired their service weapon while on the job” (Morin &
Mercer 2017).
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to avenge wrongs that the gun culture can nurture; (d) elevated harm as criminals
respond to the possibility of armed resistance by increasing their gun carrying and esca-
lating their level of violence; and (e) all of the above factors will either take up police
time or increase the risks the police face, thereby impairing the crime-fighting ability of
police in ways that can increase crime.

a. Crime committed or induced by permit holders: RTC laws can lead to an increase in violent
crime by increasing the likelihood a generally law-abiding citizen will commit a crime or increas-
ing the criminal behavior of others. Moreover, RTC laws may facilitate the criminal conduct of
those who generally have a criminal intent. We consider these two avenues below.

i. The pathway from the law-abiding citizen
Evidence from a nationally representative sample of 4,947 individuals indicates that Ameri-
cans tend to overestimate their gun-related abilities. For example, 82.6 percent believed
they were less likely than the average person to use a gun in anger. When asked about their
“ability to responsibly own a handgun,” 50 percent of the respondents deemed themselves
to be in the top 10 percent and 23 percent placed their ability within the top 1 percent of
the U.S. population. Such overconfidence has been found to increase risk taking and could
well lead to an array of socially harmful consequences ranging from criminal misconduct
and gun accidents to lost or stolen guns (Stark & Sachau 2016).

In a number of well-publicized cases, concealed carry permit holders have increased
the homicide toll by killing someone with whom they became angry over an insignificant
issue, ranging from merging on a highway and talking on a phone in a theater to playing
loud music at a gas station (Lozano 2017; Levenson 2017; Scherer 2016). In one particu-
larly tragic example in January 2019 at a bar in State College, Pennsylvania, a lawful permit
holder, Jordan Witmer, got into a fight with his girlfriend. When a father and son sitting at
the bar tried to intervene, Witmer killed both of them, shot his girlfriend in the chest, and
fled. When his car crashed, Witmer broke into a nearby house, killed the 82-year-old
homeowner, who was with his wife on their 60th wedding anniversary, and then killed him-
self (Sauro 2019). Another such example occurred in July 2018 when Michael Drejka
started to hassle a woman sitting in a car in a disabled parking spot while her husband and
five-year-old son ran into a store. When the husband emerged, he pushed Drejka to the
ground, who then killed him with a shot to the chest. The killing is caught on video and
Drejka is being prosecuted for manslaughter in Clearwater, Florida (Simon 2018).

When Philadelphia permit holder Louis Mockewich shot and killed a popular
youth football coach (another permit holder carrying his gun) over a dispute concerning
snow shoveling in January 2000, Mockewich’s car had an NRA bumper sticker reading
“Armed with Pride” (Gibbons & Moran 2000). An angry young man, with somewhat of a
paranoid streak, who has not yet been convicted of a crime or adjudicated as a “mental
defective,” may be encouraged to carry a gun if he resides in an RTC state.8 That such

8The Gun Control Act of 1968 prohibits gun possession by felons and adjudicated “mental defectives”
(18 U.S.C. 922(d)(4), 2016).
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mistake.16 Indeed, an FBI study of 160 active shooter incidents found that in almost half
(21 of 45) the situations in which police engaged the shooter to end the threat, law
enforcement suffered casualties, totaling nine killed and 28 wounded (Blair & Schweit
2014). One would assume the danger to an untrained permit holder trying to confront
an active shooter would be greater than that of a trained professional, which may in part
explain why effective intervention in such cases by permit holders to thwart crime is so
rare. Although the same FBI report found that in 21 of a total of 160 active shooter inci-
dents between 2000 and 2013, “the situation ended after unarmed citizens safely and suc-
cessfully restrained the shooter,” there was only one case—in a bar in Winnemucca,
Nevada in 2008—in which a private armed citizen other than an armed security guard
stopped a shooter, and that individual was an active-duty Marine (Holzel 2008).

ii. The pathway from those harboring criminal intent
Over the 10-year period from May 2007 through January 2017, the Violence Policy Center
(2017) lists 31 instances in which concealed carry permit holders killed three or more indi-
viduals in a single incident. Many of these episodes are disturbingly similar in that there was
substantial evidence of violent tendencies and/or serious mental illness, but no effort was
made to even revoke the carry permit, let alone take effective action to prevent access to
guns. For example, on January 6, 2017, concealed handgun permit holder Esteban Santiago,
26, killed five and wounded six others at the Fort Lauderdale-Hollywood Airport, before sit-
ting on the floor and waiting to be arrested as soon as he ran out of ammunition. In the year
prior to the shooting, police in Anchorage, Alaska, charged Santiago with domestic violence,
and visited the home five times for various other complaints (KTUU 2017). In November
2016, Santiago entered the Anchorage FBI office and spoke of “mind control” by the CIA
and having “terroristic thoughts” (Hopkins 2017). Although the police took his handgun at
the time, it was returned to him on December 7, 2016 after Santiago spent four days in a
mental health facility because, according to federal officials, “there was no mechanism in fed-
eral law for officers to permanently seize the weapon”17 (Boots 2017). Less than a month
later, Santiago flew with his gun to Florida and opened fire in the baggage claim area.18

In January 2018, the FBI charged Taylor Wilson, a 26-year-old Missouri concealed
carry permit holder, with terrorism on an Amtrak train when, while carrying a loaded

16In 2012, “a customer with a concealed handgun license … accidentally shot and killed a store clerk” during an
attempted robbery in Houston (MacDonald 2012). Similarly, in 2015, also in Houston, a bystander who drew his
weapon upon seeing a carjacking incident ended up shooting the victim in the head by accident (KHOU 2015).
An episode in June 2017 underscored that interventions even by well-trained individuals can complicate and exac-
erbate unfolding crime situations. An off-duty Saint Louis police officer with 11 years of service was inside his
home when he heard the police exchanging gunfire with some car thieves. Taking his police-issued weapon, he
went outside to help, but as he approached he was told by two officers to get on the ground and then shot in the
arm by a third officer who “feared for his safety” (Hauser 2017).

17Moreover, in 2012, Puerto Rican police confiscated Santiago’s handguns and held them for two years before
returning them to him in May 2014, after which he moved to Alaska (Clary et al. 2017).

18For a similar story of repeated gun violence and signs of mental illness by a concealed carry permit holder, see
the case of Aaron Alexis, who murdered 12 at the Washington Navy Yard in September 2013 (Carter et al. 2013).
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weapon, he tried to interfere with the brakes and controls of the moving train. According
to the FBI, Wilson had (1) previously joined an “alt-right” neo-Nazi group and traveled to
the Unite the Right rally in Charlottesville, Virginia in August 2017; (2) indicated his
interest in “killing black people” and was the perpetrator of a road-rage incident in which
he pointed a gun at a black woman for no apparent reason while driving on an interstate
highway in April 2016; and (3) possessed devices and weapons “to engage in criminal
offenses against the United States.” Research is needed to analyze whether having a per-
mit to legally carry weapons facilitates such criminal designs (Pilger 2018).

In June 2017, Milwaukee Police Chief Ed Flynn pointed out that criminal gangs have
taken advantage of RTC laws by having gang members with clean criminal records obtain
concealed carry permits and then hold the guns after they are used by the active criminals
(Officer.com 2017). Flynn was referring to so-called human holsters who have RTC permits
and hold guns for those barred from possession. For example, Wisconsin permit holder Darrail
Smith was stopped three times while carrying guns away from crime scenes before police finally
charged him with criminal conspiracy. In the second of these, Smith was “carrying three loaded
guns, including one that had been reported stolen,” but that was an insufficient basis to charge
him with a crime or revoke his RTC permit (DePrang 2015). Having a “designated permit
holder” along to take possession of the guns when confronted by police may be an attractive
benefit for criminal elements acting in concert (Fernandez et al. 2015; Luthern 2015).

b. Increased gun thefts: The most frequent occurrence each year involving crime and a
good guy with a gun is not self-defense but rather the theft of the good guy’s gun, which
occurs hundreds of thousands of times each year.19 Data from a nationally representative
web-based survey conducted in April 2015 of 3,949 subjects revealed that those who car-
ried guns outside the home had their guns stolen at a rate over 1 percent per year
(Hemenway et al. 2017). Given the current level of roughly 16 million permit holders, a
plausible estimate is that RTC laws result in permit holders furnishing more than 100,000
guns per year to criminals.20 As Phil Cook has noted, the relationship between gun theft
and crime is a complicated one for which few definitive data are currently available (Cook

19According to Larry Keane, senior vice president of the National Shooting Sports Foundation (a trade group that
represents firearms manufacturers): “There are more guns stolen every year than there are violent crimes commit-
ted with firearms.” More than 237,000 guns were reported stolen in the United States in 2016, according to the
FBI’s National Crime Information Center. The actual number of thefts is obviously much higher since many gun
thefts are never reported to police, and “many gun owners who report thefts do not know the serial numbers on
their firearms, data required to input weapons into the NCIC.” The best survey estimated 380,000 guns were stolen
annually in recent years, but given the upward trend in reports to police, that figure likely understates the current
level of gun thefts (Freskos 2017b). According to National Crime Information Center data, the number of guns
reported stolen nationally jumped 60 percent between 2007 and 2016 (Freskos 2018a).

20While the Hemenway et al. study is not large enough and detailed enough to provide precise estimates, it estab-
lishes that those who have carried guns in the last month are more likely to have them stolen. A recent Pew
Research Survey found that 26 percent of American gun owners say they carry a gun outside of their home “all or
most of the time” (Igielnik & Brown 2017, surveying 3,930 U.S. adults, including 1,269 gun owners). If 1 percent
of 16 million permit holders have guns stolen each year, that would suggest 160,000 guns were stolen. Only guns
stolen outside the home would be attributable to RTC laws, so a plausible estimate of guns stolen per year owing
to gun carrying outside the home might be 100,000.
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Of course, the permit holders whose guns are stolen are not the killers, but they
can be the but-for cause of the killings. Lost, forgotten, and misplaced guns are another
dangerous byproduct of RTC laws.24

c. Enhancing a culture of violence: The South has long had a higher rate of violent crime
than the rest of the country. For example, in 2012, while the South had about one-
quarter of the U.S. population, it had almost 41 percent of the violent crime reported to
police (Fuchs 2013). Social psychologists have argued that part of the reason the South
has a higher violent crime rate is that it has perpetuated a “subculture of violence” predi-
cated on an aggrandized sense of one’s rights and honor that responds negatively to per-
ceived insults. A famous experiment published in the Journal of Personality and Social
Psychology found that southern males were more likely than northern males to respond
aggressively to being bumped and insulted. This was confirmed by measurement of their
stress hormones and their frequency of engaging in aggressive or dominant behavior
after being insulted (Cohen et al. 1996). To the extent that RTC laws reflect and encour-
age this cultural response, they can promote violent crime not only by permit holders,
but by all those with or without guns who are influenced by this crime-inducing
worldview.

Even upstanding citizens, such as Donald Brown, a 56-year-old retired Hartford fire-
fighter with a distinguished record of service, can fall prey to the notion that resort to a law-
ful concealed weapon is a good response to a heated argument. Brown was sentenced to
seven years in prison in January 2018 by a Connecticut judge who cited his “poor judgment
on April 24, 2015, when he drew his licensed 9mm handgun and fired a round into the
abdomen of Lascelles Reid, 33.” The shooting was prompted by a dispute “over renovations
Reid was performing at a house Brown owns” (Owens 2018). Once again, we see that the
RTC permit was the pathway to serious violent crime by a previously law-abiding citizen.

d. Increasing violence by criminals: The argument for RTC laws is often predicated on the
supposition that they will encourage good guys to have guns, leading only to benign
effects on the behavior of bad guys. This is highly unlikely to be true.25 Indeed, the

24The growing TSA seizures in carry-on luggage are explained by the increase in the number of gun carriers who sim-
ply forget they have a gun in their luggage or briefcase (Williams & Waltrip 2004). A chemistry teacher at Marjory
Stoneman Douglas High School in Parkland, Florida, who had said he would be willing to carry a weapon to protect
students at the school, was criminally charged for leaving a loaded pistol in a public restroom. The teacher’s 9mm
Glock was discharged by an intoxicated homeless man who found it in the restroom (Stanglin 2018).

25Consider in this regard, David Friedman’s theoretical analysis of how right-to-carry laws will reduce violent crime: “Sup-
pose one little old lady in ten carries a gun. Suppose that one in ten of those, if attacked by a mugger, will succeed in kill-
ing the mugger instead of being killed by him—or shooting herself in the foot. On average, the mugger is much more
likely to win the encounter than the little old lady. But—also on average—every hundred muggings produce one dead
mugger. At those odds, mugging is a very unattractive profession—not many little old ladies carry enough money in their
purses to justify one chance in a hundred of being killed getting it. The number of muggers—and muggings—declines
drastically, not because all of the muggers have been killed but because they have, rationally, sought safer professions”
(Friedman 1990). There is certainly no empirical support for the conjecture that muggings will “decline drastically” in
the wake of RTC adoption. What Friedman’s analysis overlooks is that muggers can decide not to mug (which is what
Friedman posits) or they can decide to initiate their muggings by cracking the old ladies over the head or by being
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evidence that gun prevalence in a state is associated with higher rates of lethal force by
police (even controlling for homicide rates) suggests that police may be more fearful and
shoot quicker when they are more likely to interact with an armed individual (Nagin
forthcoming).26 Presumably, criminals would respond in a similar fashion, leading them
to arm themselves more frequently, attack more harshly, and shoot more quickly when
citizens are more likely to be armed. In one study, two-thirds of prisoners incarcerated
for gun offenses “reported that the chance of running into an armed victim was very or
somewhat important in their own choice to use a gun” (Cook et al. 2009). Such responses
by criminals will elevate the toll of the crimes that do occur.

Indeed, a panel data estimate over the years 1980 to 2016 reveals that the percentage
of robberies committed with a firearm rises by 18 percent in the wake of RTC adoption (t =
2.60).27 Our synthetic controls assessment similarly shows that the percentage of robberies
committed with a firearm increases by 35 percent over 10 years (t = 4.48).28 Moreover, there
is no evidence that RTC laws are reducing the overall level of robberies: the panel data anal-
ysis associates RTC laws with a 9 percent higher level of overall robberies (t = 1.85) and the
synthetic controls analysis suggests a 7 percent growth over 10 years (t = 1.19).

e. Impairing police effectiveness: According to an April 2016 report of the Council of Eco-
nomic Advisers: “Expanding resources for police has consistently been shown to reduce
crime; estimates from economic research suggests that a 10% increase in police size
decreases crime by 3 to 10%” (CEA 2016:4). In summarizing the evidence on fighting
crime in the Journal of Economic Literature, Aaron Chalfin and Justin McCrary note that
adding police manpower is almost twice as effective in reducing violent crime as it is in
reducing property crime (Chalfin & McCrary 2017). Therefore, anything that RTC laws do
to occupy police time, from processing permit applications to checking for permit validity
to dealing with gunshot victims, inadvertent gun discharges, and the staggering number of
stolen guns is likely to have an opportunity cost expressed in higher violent crime.

The presence of more guns on the street can complicate the job of police as they
confront (or shy away from) armed citizens. Daniel Nagin finds a pronounced positive
association between statewide prevalence of gun ownership and police use of lethal force
(Nagin forthcoming). A Minnesota police officer who stopped Philando Castile for a bro-
ken taillight shot him seven times only seconds after Castile indicated he had a permit to
carry a weapon because the officer feared the permit holder might be reaching for the

prepared to shoot them if they start reaching for a gun (or even wear body armor). Depending on the response of the
criminals to increased gun carrying by potential victims, the increased risk to the criminals may be small compared to the
increased risk to the victims. Only an empirical evaluation can answer this question.

26See footnotes 29–31 and accompanying text for examples of this pattern of police use of lethal force.

27The panel data model uses the DAW explanatory variables set forth in Table 2.

28The weighted average proportion of robberies committed by firearm in the year prior to RTC adoption (for
states that adopted RTC between 1981 and 2014) is 36 percent while the similar proportion in 2014 for the same
RTC states is 43 percent (and for non-RTC states is 29 percent).
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Everything that takes up added police time or complicates the job of law enforce-
ment will serve as a tax on police, rendering them less effective on the margin, and
thereby contributing to crime. Indeed, this may in part explain why RTC states tend to
increase the size of their police forces (relative to nonadopting states) after RTC laws are
passed, as shown in Table 1.33

B. A Simple Difference-in-Differences Analysis

We begin by showing how violent crime evolved over our 1977–2014 data period for RTC
and non-RTC states.34 Figure 1 depicts percentage changes in the violent crime rate over
our entire data period for three groups of states: those that never adopted RTC laws,
those that adopted RTC laws sometime between 1977 and before 2014, and those that
adopted RTC laws prior to 1977. It is noteworthy that the 42.3 percent drop in violent
crime in the nine states that never adopted RTC laws is almost an order of magnitude
greater than the 4.3 percent reduction experienced by states that adopted RTC laws dur-
ing our period of analysis.35

The NRC Report presented a “no-controls” estimate, which is just the coefficient
estimate on the variable indicating the date of adoption of a RTC law in a crime rate
panel data model with state and year fixed effects. According to the NRC Report: “Esti-
mating the model using data to 2000 shows that states adopting right-to-carry laws saw
12.9 percent increases in violent crime—and 21.2 percent increases in property crime—
relative to national crime patterns.” Estimating this same model using 14 additional years
of data (through 2014) and 11 additional adopting states (listed at the bottom of Appen-
dix Table C1) reveals that the average postpassage increase in violent crime was

Indiana was shot by her three-year-old daughter when the toddler’s father left the legal but loaded 9mm handgun
between the console and the front passenger seat after he exited the vehicle to go inside a store. The child
climbed over from the backseat and accidentally fired the gun, hitting her mother though the upper right part of
her torso. (Palmer 2018) See also Savitsky (2019) (country western singer Justin Carter dies when the gun in his
pocket discharges and hits him in the face); Schwarz (2014) (Idaho professor shoots himself in foot during class
two months after state legalizes guns on campuses); Murdock (2018) (man shoots himself in the groin with gun in
his waistband in the meat section of Walmart in Buckeye, Arizona); Barbash (2018) (California teacher demon-
strating gun safety accidentally discharges weapon in a high school classroom in March 2018, injuring one stu-
dent); Fortin (2018) (in February 2018, a Georgia teacher fired his gun while barricaded in his classroom); US
News (2018) (in April 2018, an Ohio woman with a valid concealed carry permit accidentally killed her two-year-
old daughter at an Ohio hotel while trying to turn on the gun’s safety); and Fox News (2016) (“the owner of an
Ohio gun shop was shot and killed when a student in a concealed carry permit class accidentally discharged a
weapon,” striking the owner in the neck in a different room after the bullet passed through a wall).

33See Adda et al. (2014), describing how local depenalization of cannabis enabled the police to reallocate
resources, thereby reducing violent crime.

34The FBI violent crime category includes murder, rape, robbery, and aggravated assault.

35Over the same 1977–2014 period, the states that avoided adopting RTC laws had substantially smaller increases
in their rates of incarceration and police employment. The nine never-adopting states increased their incarcera-
tion rate by 205 percent, while the incarceration rates in the adopting states rose by 262 and 259 percent, for those
adopting RTC laws before and after 1977, respectively. Similarly, the rate of police employment rose by 16 percent
in the never-adopting states and by 38 and 55 percent for those adopting before and after 1977, respectively.
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incarceration or total police employees after adopting their RTC laws that might explain
their comparatively poor postpassage crime performance.

III. A Panel Data Analysis of RTC Laws
A. Estimating Two Models on the Full Data Period 1977–2014

We have just seen that RTC law adoption is followed by higher rates of violent and prop-
erty crime (relative to national trends) and that the elevated crime levels after RTC law
adoption occur despite the fact that RTC states actually invested relatively more heavily in
prisons and police than non-RTC states. While the theoretical predictions about the
effect of RTC laws on crime are indeterminate, these two empirical facts based on the
actual patterns of crime and crime-fighting measures in RTC and non-RTC states suggest
that the most plausible working hypothesis is that RTC laws increase crime. The next step
in a panel data analysis of RTC laws would be to test this hypothesis by introducing an
appropriate set of explanatory variables that plausibly influence crime.

The choice of these variables is important because any variable that both influences
crime and is simultaneously correlated with RTC laws must be included if we are to gen-
erate unbiased estimates of the impact of RTC laws. At the same time, including irrele-
vant and/or highly collinear variables can also undermine efforts at valid estimation of
the impact of RTC laws. At the very least, it seems advisable to control for the levels of
police and incarceration because these have been the two most important criminal justice
policy instruments in the battle against crime.

1. The DAW Panel Data Model

In addition to the state and year fixed effects of the no-controls model and the identifier
for the presence of an RTC law, our preferred “DAW model” includes an array of other
factors that might be expected to influence crime, such as the levels of police and incar-
ceration, various income, poverty, and unemployment measures, and six demographic
controls designed to capture the presence of males in three racial categories (black,
white, other) in two high-crime age groupings (15–19 and 20–39). Table 2 lists the full

Table 1: Panel Data Estimates Showing Greater Increases in Incarceration and Police
Following RTC Adoption: State- and Year-Fixed Effects, and No Other Regressors,
1977–2014

Incarceration Police Employment per 100k Police Officers per 100k

(1) (2) (3)

Dummy variable model 6.78 (6.22) 8.39*** (3.15) 7.08** (2.76)

NOTE: OLS estimations include state- and year-fixed effects and are weighted by population. Robust standard errors
(clustered at the state level) are provided next to point estimates in parentheses. The police employment and
sworn police officer data are from the Uniform Crime Reports (UCR). The source of the incarceration rate is the
Bureau of Justice Statistics (2014). *p < 0.1; **p < 0.05; ***p < 0.01. All figures reported in percentage terms.
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increases firearm homicide rates in those restrictive states.”42 As a result, our panel data esti-
mates of the impact of RTC laws are downward biased by the amount that RTC laws induce
crime spillovers into non-RTC states.43 One police investigation revealed that of the 224 guns
a single gun trafficker in the DC area was known to have sold in just five months of 2015,
94 were later found at crime scenes from Virginia to New York (Hermann & Weiner 2019).

2. The LM Panel Data Model

Table 2’s recitation of the explanatory variables contained in the Lott and Mustard
(LM) panel data model reveals there are no controls for the levels of police and incarcer-
ation in each state, even though a substantial literature has found that these factors have
a large impact on crime. Indeed, as we saw in Table 1, both factors grew substantially and
statistically significantly after RTC law adoption. A Bayesian analysis of the impact of RTC
laws found that “the incarceration rate is a powerful predictor of future crime rates,” and
specifically faulted this omission from the Lott and Mustard model (Strnad 2007:201,
n.8). We have discussed an array of infirmities with the LM model in Aneja et al. (2014),
including their reliance on flawed pseudo-arrest rates, and highly collinear demographic
variables.

As noted in Aneja et al. (2014):

The Lott and Mustard arrest rates … are a ratio of arrests to crimes, which means that when
one person kills many, for example, the arrest rate falls, but when many people kill one person,
the arrest rate rises, since only one can be arrested in the first instance and many can in the sec-
ond. The bottom line is that this “arrest rate” is not a probability and is frequently greater than
one because of the multiple arrests per crime. For an extended discussion on the abundant
problems with this pseudo arrest rate, see Donohue and Wolfers (2009).

The LM arrest rates are also econometrically problematic since the denominator of the
arrest rate is the numerator of the dependent variable crime rate, improperly leaving the
dependent variable on both sides of the regression equation. We lag the arrest rates by
one year to reduce this problem of ratio bias.

Lott and Mustard’s use of 36 demographic variables is also a potential concern.
With so many enormously collinear variables, the high likelihood of introducing noise
into the estimation process is revealed by the wild fluctuations in the coefficient estimates
on these variables. For example, consider the LM explanatory variables “neither black
nor white male aged 30–39” and the identical corresponding female category. The LM
dummy variable model for violent crime suggests that the male group will significantly

42“Seventy-five percent of traceable guns recovered by authorities in New Jersey [a non-RTC state] are purchased
in states with weaker gun laws, according to … firearms trace data … compiled by the federal Bureau of Alcohol,
Tobacco, Firearms and Explosives … between 2012 and 2016” (Pugliese 2018). See also Freskos (2018b).

43Some of the guns stolen from RTC permit holders may also end up in foreign countries, which will stimulate
crime there but not bias our panel data estimates. For example, a recent analysis of guns seized by Brazilian police
found that 15 percent came from the United States. Since many of these were assault rifles, they were probably not
guns carried by American RTC permit holders (Paraguassu & Brito 2018).
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Table 4, Panel A shows the results of the LM panel data model estimated over the
period 1977–2014. As seen above, the DAW model generated estimates that RTC laws
raised violent and property crime (in the dummy model of Table 3), while the esti-
mated impact on murders was too imprecise to be informative. The LM model gener-
ates no statistically significant estimates, except for an apparent decline in non-firearm-
related murders. We can almost perfectly restore the DAW Table 3 findings, however,
by simply limiting the inclusion of 36 highly collinear demographic variables to the
more typical array used in the DAW regressions, as seen in Panel B of Table 4. This
modified LM dummy variable model suggests that RTC laws increase violent and prop-
erty crime, mimicking the DAW dummy variable model estimates, and this same finding
persists if we add in controls for police and incarceration, as seen in Panel C of
Table 4.

3. Testing the DAW and LM Models for the Parallel Trends Assumption

Many researchers are content to present panel data results such as those shown in
Tables 3 and 4 without establishing their econometric validity. This can be a serious
mistake. We have already registered concerns about the choice of controls included
in the LM model, but, as we will see, the LM model regressions in Panel A of
Table 4—including the spurious finding that RTC laws reduce non-firearm
homicides—uniformly violate the critical assumption of parallel trends. In sharp con-
trast, the DAW model illustrates nearly perfect parallel trends in the decade prior to
RTC adoption for violent crime and sufficiently satisfies this assumption in three of
the other four regressions in Table 3 (murder, non-firearm murder, and property
crime).

To implement this test and to provide more nuanced estimates of the impact of
RTC laws on crime than in the simple dummy models of Tables 3 and 4, we ran
regressions showing the values on yearly dummy variables for 10 years prior to RTC
adoption to 10 years after RTC adoption. If the key parallel trends assumption of
panel data analysis is valid, we should see values of the pre-adoption dummies that
show no trend and are close to zero. Figure 2 shows that the DAW violent crime
model performs extremely well: the pre-adoption dummies are virtually all zero (and
hence totally flat) for the eight years prior to adoption, and violent crime starts rising
in the year of adoption, showing statistically significant increases after the law has
been in effect for at least a full year. The upward trend in violent crime continues for
the entire decade after adoption. Figure 2 also highlights that the single dummy
models of Tables 3 and 4 (which implicitly assume an immediate and constant post-
adoption impact on crime) are mis-specified. Importantly, we can now see the exact
timing and pattern of the estimated impact on crime, which can, and in this case
does, provide further support for a causal interpretation of the estimated increase in
violent crime.

In contrast to the ideal performance of the DAW violent crime model, all of the
Table 4 regressions using the LM model perform extremely poorly. For example, con-
sider the LM model for firearm murder depicted in Figure 3, which shows that there is
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B. Summary of Panel Data Analysis

The uncertainty about the impact of RTC laws on crime expressed in the NRC Report
was based on an analysis of data only through 2000. The preceding evaluation of an
array of different specifications over the full data period from the late 1970s through
2014 as well as in the postcrack period has given consistent evidence that something
bad happened to murder and violent and property crime right at the time of RTC
adoption. The most statistically significant crime increases for the full period were
seen for DAW violent and property crime. For the postcrack period, the largest and
most highly statistically significant increases were seen for murder and firearm
murder.

Other work has also provided evidence that RTC laws increase murder and/or
overall violent crime—see Zimmerman (2014), examining postcrack-era data and the
recent work by Donohue (2017b) and Siegel et al. (2017) concluding that RTC laws
increase firearm and handgun homicide. Work by McElroy and Wang (2017) reinforces
this conclusion, with results from a dynamic model that accounts for forward-looking
behavior finding that violent crime would be one-third lower if RTC laws had not been
passed. We discuss other recent published studies finding that RTC laws increase violent
crime in Appendix C.

Despite the substantial panel data evidence in the post-NRC literature that supports
the finding of the pernicious influence of RTC laws on crime, the NRC suggestion that

Figure 4: The impact of RTC laws on murder, DAW model, 2000–2014
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new techniques should be employed to estimate the impact of these laws is fitting. The
important paper by Strnad (2007) used a Bayesian approach to argue that none of the
published models used in the RTC evaluation literature rated highly in his model selec-
tion protocol when applied to data from 1977–1999.

Durlauf et al. attempt to sort out the different specification choices in evaluating
RTC laws by using their own Bayesian model averaging approach using county data
from 1979–2000. Applying this technique, the authors find that in their preferred
spline (trend) model, RTC laws elevate violent crime in the three years after RTC
adoption: “As a result of the law being introduced, violent crime increases in the first
year and continues to increase afterwards” (2016:50). By the third year, their preferred
model suggests a 6.5 percent increase in violent crime. Since their paper only provides
estimates for three postpassage years, we cannot draw conclusions beyond this but
note that their finding that violent crime increases by over 2 percent per year owing
to RTC laws is a substantial crime increase. Moreover, the authors note: “For our esti-
mates, the effect on crime of introducing guns continues to grow over time”
(2016:50).46

Owing to the substantial challenges of estimating effects from observational data, it
will be useful to see if yet another statistical approach that has different attributes from
the panel data methodology can enhance our understanding of the impact of RTC laws.
The rest of this article will use this synthetic control approach, which has been deemed
“arguably the most important innovation in the policy evaluation literature in the last
15 years” (Athey & Imbens 2017).

IV. Estimating the Impact of RTC Laws Using Synthetic
Controls

The synthetic control methodology, which is becoming increasingly prominent in eco-
nomics and other social sciences, is a promising new statistical approach for addressing
the impact of RTC laws.47 While most synthetic control papers focus on a single

46While our analysis focused on crime at the state level, there is obviously heterogeneity in crime rates within
states, which is amalgamated into our population-weighted state average figures. A paper by Kovandzic et al.
(KMV) buttresses the view that our state-focused estimates are not giving a misleading impression of the impact of
RTC laws on violent crime. KMV limited their analysis to urban areas within each state, estimating the impact of
RTC laws on crime using a panel data analysis from 1980–2000 on 189 cities with a population of 100,000 or more
(Kovandzic et al. 2005). Although they did not estimate an overall violent crime effect, they did report that RTC
laws were associated with a highly statistically significant increase in the rate of aggravated assault, the largest single
component of violent crime. Their figures suggest that RTC laws led to a 20.1 percent increase in aggravated
assault in the 10 years following adoption.

47The synthetic control methodology has been deployed in a wide variety of fields, including health economics
(Nonnemaker et al. 2011), immigration economics (Bohn et al. 2014), political economy (Keele 2009), urban eco-
nomics (Ando 2015), the economics of natural resources (Mideksa 2013), and the dynamics of economic growth
(Cavallo et al. 2013).
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treatment in a single geographic region, we look at 33 RTC adoptions occurring over
three decades throughout the country. For each adopting (“treated”) state we will find a
weighted average of other states (“a synthetic control”) designed to serve as a good coun-
terfactual for the impact of RTC laws because it had a pattern of crime similar to that of
the adopting state prior to RTC adoption. By comparing what actually happened to crime
after RTC adoption to the crime performance of the synthetic control over the same
period, we generate estimates of the causal impact of RTC laws on crime.48

A. The Basics of the Synthetic Control Methodology

The synthetic control method attempts to generate representative counterfactual units by
comparing a treatment unit (i.e., a state adopting an RTC law) to a set of control units
across a set of explanatory variables over a preintervention period. The algorithm
searches for similarities between the treatment state of interest and the control states dur-
ing this period and then generates a synthetic counterfactual unit for the treatment state
that is a weighted combination of the component control states.49 Two conditions are
placed on these weights: they must be nonnegative and they must sum to 1. In general,
the matching process underlying the synthetic control technique uses pretreatment
values of both the outcome variable of interest (in our case, some measure of crime) and
other predictors believed to influence this outcome variable.50 For the reasons set forth
in Appendix K, we use every lag of the dependent variable as predictors in the DAW and
LM specifications. Once the synthetic counterfactual is generated and the weights associ-
ated with each control unit are assigned, the synth program then calculates values for the
outcome variable associated with this counterfactual and the root mean squared predic-
tion error (RMSPE) based on differences between the treatment and synthetic control
units in the pretreatment period. The effect of the treatment can then be estimated by
comparing the actual values of the dependent variable for the treatment unit to the
corresponding values of the synthetic control.

B. Generating Synthetic Controls for 33 States Adopting RTC Laws During Our Data Period

To illustrate the procedure outlined above, consider the case of Texas, whose RTC law
went into effect on January 1, 1996. The potential control group for each treatment state

48For a more detailed technical description of this method, we direct the reader to Abadie and Gardeazabal
(2003) and Abadie et al. (2010, 2014).

49Our analysis is done in Stata using the synth software package developed by Alberto Abadie, Alexis Diamond, and
Jens Hainmueller.

50Roughly speaking, the algorithm that we use finds W (the weights of the components of the synthetic control)
that minimizes

�����������������������������������������������������
X1 � X0Wð Þ0VðX1 � X0W

p
Þ, where V is a diagonal matrix incorporating information about the rel-

ative weights placed on different predictors, W is a vector of nonnegative weights that sum to 1, X1 is a vector con-
taining pretreatment information about the predictors associated with the treatment unit, and X0 is a matrix
containing pretreatment information about the predictors for all the control units.
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consists of all nine states with no RTC legislation as of the year 2014, as well as states that
pass RTC laws at least 10 years after the passage of the treatment state (e.g., in this case,
the five states passing RTC laws after 2006, such as Nebraska and Kansas, whose RTC laws
went into effect at the beginning of 2007). Since we estimate results for up to 10 years
postpassage,51 this restriction helps us avoid including states with their own permissive
concealed carry laws in the synthetically constructed unit (which would mar the control
comparison).

After entering the necessary specification information into the synth program
(e.g., treatment unit, list of control states, explanatory variables, etc.), the algorithm pro-
ceeds to construct the synthetic unit from the list of control states specific to Texas and
generates values of the dependent variable for the counterfactual for both the pre-
treatment and posttreatment periods. The rationale behind this methodology is that a
close fit in the prepassage time series of crime between the treatment state and the syn-
thetic control generates greater confidence in the accuracy of the constructed counter-
factual. Computing the posttreatment difference between the dependent variables of the
treatment state and the synthetic control unit provides the synthetic control estimate of
the treatment effect attributable to RTC adoption in that state.

1. Synthetic Control Estimates of Violent Crime in Two States

Figure 5 shows the synthetic control graph for violent crime in Texas over the period
from 1977 through 2006 (10 years after the adoption of Texas’s RTC law). The solid
black line shows the actual pattern of violent crime for Texas, and the vertical line indi-
cates when the RTC law went into effect. Implementing the synthetic control protocol
identifies three states that generate a good fit for the pattern of crime experienced by
Texas in the pre-1996 period. These states are California, which gets a weight of 57.7 per-
cent owing to its similar attributes compared to Texas, Nebraska with a weight of 9.7 per-
cent, and Wisconsin with a weight of 32.6 percent.

One of the advantages of the synthetic control methodology is that one can assess
how well the synthetic control (call it “synthetic Texas,” which is identified in Figure 5
by the dashed line) matches the pre-RTC-passage pattern of violent crime to see
whether the methodology is likely to generate a good fit in the 10 years of postpassage
data. Here the fit looks rather good in mimicking the rises and falls in Texas violent
crime from 1977–1995. This pattern increases our confidence that synthetic Texas will
provide a good prediction of what would have happened in Texas had it not adopted
an RTC law.

Looking at Figure 5, we see that while both Texas and synthetic Texas (the
weighted average violent crime performance of the three mentioned states) show
declining crime rates in the postpassage decade after 1996, the crime drop is

51Our choice of 10 years is informed by the tradeoffs associated with using a different timeframe. Tables 5 and 6
indicate that the increase in violent crime due to RTC laws is statistically significant at the .01 level for all years
after seven years post-adoption.
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effect on October 11, 1995. In this case, synthetic Pennsylvania is comprised of eight
states and the prepassage fit is nearly perfect. Following adoption of the RTC laws, syn-
thetic Pennsylvania shows substantially better crime performance than actual Pennsylva-
nia after the RTC law is extended to Philadelphia in late 1995, as illustrated by the
second vertical line at 1996. The synthetic control method estimates that RTC laws in
Pennsylvania increased its violent crime rate by 24.4 percent after 10 years.53

2. State-Specific Estimates Across All RTC States

Because we are projecting the violent crime experience of the synthetic control over a
10-year period, there will undoubtedly be a deviation from the “true” counterfactual and
our estimated counterfactual. If we were only estimating the impact of a legal change for
a single state, we would have an estimate marred by this purely stochastic aspect of chang-
ing crime. Since we are estimating an average effect across a large number of states, the

Figure 7: The effect of RTC laws on violent crime after 10 years, synthetic control esti-
mates for 31 states (1977–2014).

53In Appendix I, we include all 33 graphs showing the path of violent crime for the treatment states and the syn-
thetic controls, along with information about the composition of these synthetic controls, the dates of RTC adop-
tion (if any) for states included in these synthetic controls, and the estimated treatment effect (expressed in terms
of the percent change in a particular crime rate) 10 years after adoption (or seven years after adoption for two
states that adopted RTC laws in 2007, since our data end in 2014). The figures also document the discrepancy in
violent crime in the year of adoption between the actual and synthetic control values.
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stochastic variation will be diminished as the overestimates and underestimates will tend
to wash out in our mean treatment estimates. Figure 7 shows the synthetic control esti-
mates on violent crime for all 31 states for which we have 10 years of postpassage data.
For 23 of the 31 states adopting RTC laws, the increase in violent crime is noteworthy.54

Although three states were estimated to have crime reductions greater than the –1.6 per-
cent estimate of South Dakota, if one averages across all 31 states, the (population-
weighted) mean treatment effect after 10 years is a 14.3 percent increase in violent crime.
If one instead uses an (unweighted) median measure of central tendency, RTC laws are
seen to increase crime by 12.3 percent.

3. Less Effective Prepassage Matches

Section IV.B.1 provided two examples of synthetic controls that matched the crime of the
treatment states well in the prepassage period, but this does not always happen. For
example, we would have considerably less confidence in the quality of the synthetic con-
trol estimates for Maine, whose poor estimate is depicted in Appendix Figure I11. Maine
also happens to be the state showing the greatest reduction in violent crime following
RTC adoption, as indicated in Figure 7.

For Maine, one sees that the synthetic control and the state violent crime perfor-
mance diverged long before RTC adoption in 1986, and that, by the date of adoption,
Maine’s violent crime rate was already 37.9 percent below the synthetic control estimate.
The violent crime rate of actual Maine was trending down, while the synthetic control
estimate had been much higher and trending up in the immediate pre-adoption period.
The difficulty in generating good prepassage matches for states like Maine stems from
their unusually low violent crime in the prepassage period.

Appendix Figure D11 reproduces Figure 7 while leaving out the five states for
which the quality of prepassage fit is clearly lower than in the remaining 26 states.55

This knocks out North Dakota, South Dakota, Maine, Montana, and West Virginia,
thereby eliminating three of the five outlier estimates at both ends of the scale, and
leaving the mean and median effects of RTC laws relatively unchanged from Figure 7.
As Appendix Figure D11 shows, the (weighted) mean increase in crime across the
listed 26 RTC-adopting states is 13.7 percent while the (unweighted) median increase
is now 11.1 percent. Increases in violent crime of this magnitude are troubling.
Consensus estimates of the elasticity of crime with respect to incarceration hover
around 0.15 today, which suggests that to offset the increase in crime caused by RTC
adoption, the average RTC state would need to approximately double its prison
population.

54The smallest of these, Kentucky, had an increase of 4.6 percent.

55In particular, for these five states, the prepassage CVRMSPE—that is, the RMSPE transformed into a coefficient
of variation by dividing by the average prepassage crime rate—was 19 percent or greater. See note 61 for further
discussion of this statistic.
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V. Aggregation Analysis Using Synthetic Controls

A small but growing literature applies synthetic control techniques to the analysis of mul-
tiple treatments.56 We estimate the percentage difference in violent crime between each
treatment (RTC-adopting) state and the corresponding synthetic control in both the year
of the treatment and in the 10 years following it. This estimate of the treatment effect
percentage (TEP) obviously uses data from fewer posttreatment years for the two treat-
ment states57 in which RTC laws took effect less than 10 years before the end of our
sample.

We could use each of these 10 percentage differences as our estimated effects of
RTC laws on violent crime for the 10 postpassage years, but, as noted above, we make
one adjustment to these figures by subtracting from each the percentage difference in
violent crime in the adoption year between the treatment and synthetic control states. In
other words, if 10 years after adopting an RTC law, the violent crime rate for the state
was 440 and the violent crime rate for the synthetic control was 400, one estimate of the
effect of the RTC law could be 10 percent = 440 � 400

400

� �
. Rather than use this estimate, how-

ever, we have subtracted from this figure the percentage difference between the synthetic
and treatment states in the year of RTC adoption. If, say, the violent crime rate in the
treatment state that year was 2 percent higher than the synthetic control value, we would
subtract 2 from 10 to obtain an estimated 10th-year effect of RTC laws of 8 percent.58 We

56The closest paper to the present study is Arindrajit Dube and Ben Zipperer (2013), who introduce their own
methodology for aggregating multiple events into a single estimated treatment effect and calculating its signifi-
cance. Their study centers on the effect of increases in the minimum wage on employment outcomes, and, as we
do, the authors estimate the percentage difference between the treatment and the synthetic control in the post-
treatment period. While some papers analyze multiple treatments by aggregating the areas affected by these treat-
ments into a single unit, this approach is not well-equipped to deal with a case such as RTC law adoption where
treatments affect the majority of panel units and more than two decades separate the dates of the first and last
treatment under consideration, as highlighted in Figure 7.

57These two states are Kansas and Nebraska, which adopted RTC laws in 2007. See note 4 discussing the states for
which we cannot estimate the impact of RTC laws using synthetic controls.

58It is unclear ex ante whether one should implement this subtraction. The intuitive rationale for our choice of
outcome variable was that pretreatment differences between the treatment state and its synthetic control at the
time of RTC adoption likely reflected imperfections in the process of generating a synthetic control and should
not contribute to our estimated treatment effect if possible. In other words, if the treatment state had a crime
rate that was 5 percent greater than that of the synthetic control in both the pretreatment and posttreatment
period, it would arguably be misleading to ignore the pretreatment difference and declare that the treatment
increased crime rates by 5 percent. On the other hand, subtracting off the initial discrepancy might be adding
noise to the subsequent estimates.

We resolve this issue with the following test of our synthetic control protocol: we pretend that each RTC-
adopting state actually adopted its RTC law five years before it did. We then generate synthetic control estimates
of this phantom law over the next five years of actual pretreatment data. If our synthetic control approach is
working perfectly, it should simply replicate the violent crime pattern for the five pretreatment years. Conse-
quently, the estimated “effect” of the phantom law should be close to zero. Indeed, when we follow our subtrac-
tion protocol, the synthetic controls match the pretreatment years more closely than when we do not provide
this normalization. Specifically, with subtraction the estimated “effect” in the final pretreatment year is a wholly
insignificant 3.2 percent; without subtraction, it jumps to a statistically significant 5.3 percent. Consequently,
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then look across all the state-specific estimates of the impact of RTC laws on violent crime
for each of the 10 individual postpassage years and test whether they are significantly dif-
ferent from zero.59

A. RTC Laws Increase Violent Crime

We begin our analysis of the aggregated synthetic control results using predictors
derived from the DAW specification. Table 5 shows our results on the full sample
examining violent crime.60 Our estimates of the normalized average treatment effect
percentage (TEP) suggest that states that passed RTC laws experienced more deleteri-
ous changes in violent criminal activity than their synthetic controls in the 10 years
after adoption. On average, treatment states had aggregate violent crime rates that
were almost 7 percent higher than their synthetic controls five years after passage and
around 14 percent higher 10 years after passage. Table 5 suggests that the longer the
RTC law is in effect (up to the 10th year that we analyze), the greater the cost in
terms of increased violent crime.

As we saw in Figures 6 (Pennsylvania) and I11(Maine), the validity of using the
posttreatment difference between crime rates in the treatment state (the particular state
adopting an RTC law that we are analyzing) and its corresponding synthetic control as a
measure of the effect of the RTC law depends on the strength of the match between
these two time series in the pretreatment period. To generate an estimate of pre-
treatment fit that takes into account differences in pretreatment crime levels, we estimate
the coefficient of variation for the root mean squared prediction error (RMSPE), which

normalization is the preferred approach for violent crime. It should also be noted that our actual synthetic con-
trol estimates will be expected to perform better than this phantom RTC estimate since we will be able to derive
our synthetic controls from five additional years of data, thereby improving our pretreatment fit.

As it turns out, the choice we made to subtract off the initial-year crime discrepancy is a conservative one, in
that the estimated crime increases from RTC laws would be greater without subtraction. We provide synthetic con-
trol estimates for the DAW model without subtraction of the adoption-year percentage difference for violent
crime, murder, and property crime in Appendix F. Comparison of these Appendix F estimates with those in the
text (Table 5) reveals that our preferred method of subtracting yields more conservative results (i.e., a smaller
increase in violent crime due to RTC). In Table 5, we estimate the 10th-year TEP for violent crime as roughly
13.5 to 14.3 percent, while the comparable estimates without subtraction are roughly 17–18 percent, as seen in
Appendix Tables F1, F2, and F3. Indeed, without subtraction, every estimated impact would show RTC laws lead
to a statistically significant increase in every crime category we consider except non-firearm homicide, as seen in
Appendix F.

59This test is performed by regressing these differences in a model using only a constant term and examining
whether that constant is statistically significant. These regressions are weighted by the population of the treatment
state in the posttreatment year under consideration. Robust standard errors corrected for heteroskedasticity are
used in this analysis.

60We discuss the synthetic control estimates for murder and property crime in Section V.F.
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is the ratio of the synthetic control’s pretreatment RMSPE to the pretreatment average
level of the outcome variable for the treatment state.61

To evaluate the sensitivity of the aggregate synthetic control estimate of the crime
impact of RTC laws in Table 5, we consider two subsamples of treatment states: states
whose coefficients of variation are less than two times the average coefficient of varia-
tion for all 33 treatments and states whose coefficients of variation are less than this
average. We then rerun our synthetic control protocol using each of these two subsam-
ples to examine whether restricting our estimation of the average treatment effect to
states for which a relatively “better” synthetic control could be identified would mean-
ingfully change our findings.

All three samples yield roughly identical conclusions: RTC laws are consistently
shown to increase violent crime, with the 10th-year increase ranging from a low of 13.5
(when we remove the six states with above-average values of the CV RMSPE) to a high of
14.3 percent (Table 5).

B. The Placebo Analysis

Our ability to make valid inferences from our synthetic control estimates depends on the
accuracy of our standard error estimation. To test the robustness of the standard errors
that we present under the first row of Table 5, we incorporate an analysis using placebo
treatment effects similar to Ando (2015).62 For this analysis, we generate 500 sets of ran-
domly generated RTC dates that are designed to resemble the distribution of actual RTC

61While the RMSPE is often used to assess this fit, we believe that the use of this measure is not ideal for comparing
fit across states, owing to the wide variation that exists in the average pretreatment crime rates among the 33 treat-
ment states that we consider. For example, the pretreatment RMPSE associated with our synthetic control analysis
using the DAW predictor variables and aggregate violent crime as the outcome variable is nearly identical for Texas
(37.1) and Maine (36.4), but the pretreatment levels of Texas’s aggregate violent crime rate are far greater than
Maine’s. To be more specific, Texas’s average violent crime rate prior to the implementation of its RTC law (from
1977 through 1995) was 617 violent crimes per 100,000 residents, while the corresponding figure for Maine was
186 violent crimes per 100,000 residents, less than one-third of Texas’s rate. The more discerning CV of the
RMSPE is 0.06 for Texas (with a year of adoption discrepancy of only 3.6 percent), while for Maine, the CV is a dra-
matically higher at 0.196 (with an initial year discrepancy of –37.9 percent). Accordingly, since the percentage
imprecision in our synthetic pretreatment match for Maine is so much greater than for Texas, we have greater con-
fidence in our estimates that in the 10th year, Texas’s RTC law had increased violent crime by 16.9 percent than
we do in an estimate that Maine’s law had decreased violent crime by 16.5 percent.

62Ando (2015) examines the impact of constructing nuclear plants on local real per capita taxable income in
Japan by generating a synthetic control for every coastal municipality that installed a nuclear plant. Although the
average treatment effect measured in our article differs from the one used by Ando, we follow Ando in repeatedly
estimating average placebo effects by randomly selecting different areas to serve as placebo treatments. (The sheer
number of treatments that we are considering in this analysis prevents us from limiting our placebo treatment
analysis to states that never adopt RTC laws, but this simply means that our placebo estimates will likely be biased
against finding a qualitatively significant effect of RTC laws on crime, since some of our placebo treatments will be
capturing the effect of the passage of RTC laws on crime rates.) Our estimated average treatment effect can then
be compared to the distribution of average placebo treatment effects. Heersink and Peterson (2016) and Cavallo
et al. (2013) also perform a similar randomization procedure to estimate the significance of their estimated aver-
age treatment effects, although the randomization procedure in the latter paper differs from ours by restricting
the timing of placebo treatments to the exact dates when actual treatments took place.
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passage dates that we use in our analysis.63 For each of the 500 sets of randomly gener-
ated RTC dates, we then use the synthetic control methodology and the DAW predictors
to estimate synthetic controls for each of the 33 states whose randomly generated adop-
tion year is between 1981 and 2010. We use these data to estimate the percentage differ-
ence between each placebo treatment and its corresponding synthetic control during
both the year of the treatment and each of the 10 posttreatment years (for which we have
data) that follow it. Using the methodology described in notes 52 and 58, we then test
whether the estimated treatment effect for each of the 10 posttreatment years is statisti-
cally significant.

To further assess the statistical significance of our results, we compare each of
the 10 coefficient estimates in Table 5 with the distribution of the 500 average pla-
cebo treatment effects that use the same crime rate, posttreatment year, and sample
as the given estimate. To assist in this comparison process, we report a pseudo p value
that is equal to the proportion of our placebo treatment effects whose absolute value
is greater than the absolute value of the given estimated treatment effect. This pseudo
p value provides another intuitive measure of whether our estimated average treatment
effects are qualitatively large compared to the distribution of placebo effects. Our con-
fidence that the treatment effect that we are measuring for RTC laws is real increases
if our estimated treatment effect is greater than the vast majority of our estimated
average placebo treatment effects. Examining our pseudo p values in Table 5, we see
that our violent crime results are always statistically significant in comparison to the
distribution of placebo coefficients at the 0.05 level eight years or more past RTC
adoption.

C. Synthetic Control Estimates Using LM’s Explanatory Variables

In our Section III panel data analysis, we saw that RTC laws were associated with signifi-
cantly higher rates of violent crime in the DAW model (Table 3), but not in the LM
model (Table 4, Panel A). Under the synthetic controls approach, however, we find that
the results are the same whether one uses the DAW or LM explanatory variables. This is
necessarily true when one uses yearly lags in implementing the synthetic controls – see
Kaul et al. (2016) -- but it is also true when we use three lags of the dependent variable in
our synthetic control protocol, as shown in Table 6. The detrimental effects of RTC laws
on violent crime rates are statistically significant at the 0.05 level starting three years after
the passage of an RTC law, and appear to increase over time. The treatment effects asso-
ciated with violent crime in Table 6 range from 9.6 percent in the seventh posttreatment
year to 12.8 percent in the 10th posttreatment year. Remarkably, the DAW and LM syn-
thetic control estimates of the impact of RTC laws on violent crime are nearly identical

63More specifically, we randomly choose eight states to never pass RTC laws, six states to pass RTC laws before
1981, 33 states to pass RTC laws between 1981 and 2010, and three states to pass their RTC laws between 2011 and
2014. (Washington, DC is not included in the placebo analysis since it is excluded from our main analysis.) These
figures were chosen to mirror the number of states in each of these categories in our actual data set.
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(compare Tables 6 and Appendix Table K1), and this is true even when we limit the sam-
ple of states in the manner described above.64

D. The Contributions of Donor States to the Synthetic Control Estimates: Evaluating Robustness

One of the key elements of the synthetic control approach is its selection among plausi-
ble control states. For each state adopting an RTC law in year X, the approach selects
among states that do not have RTC laws through at least ten years after X, including
never-adopting states. Appendix Figure D10 lists all the states that are eligible under this
criterion to serve as synthetic controls for one or more of the 33 adopting states, and
shows how often they are selected. The horizontal length of each bar tells us how much
that state contributes to our synthetic control violent crime estimates.65 As the figure indi-
cates, Hawaii appears most frequently—contributing to a synthetic control 18 of the
33 times it is eligible and averaging a 15.2 percent contribution—but California, a sub-
stantial contributor to multiple large states, edges it out for the largest average contribu-
tion (18.1 percent).

Hawaii’s relatively large contribution as a donor state in the synthetic control esti-
mates has some advantages but also raises concern that this small state might be unre-
presentative of the states for which it is used as a control. For example, note that the
largest share of Virginia’s synthetic control comes from Hawaii (27.9 percent), with
Rhode Island, Kansas, and Nebraska making up the lion’s share of the remaining syn-
thetic control. We had already mentioned one problem with the panel data analysis cau-
sed by the tendency of lax gun control states to serve as a source for guns that contribute
to crime in the non-RTC states, and Virginia has always been a major source of that inter-
state flow. Since Virginia’s guns are not likely to end up in Hawaii, the bias that the treat-
ment infects the control is reduced for that particular match. Nonetheless, one may be
concerned that Hawaii might be unduly skewing the estimates of the impact of RTC laws
on violent crime.

To address this, as well as the analogous concern for other potentially idiosyn-
cratic control states, we generated 18 additional TEP estimates, with each one gener-
ated by dropping a single one of the 18 states that appears as an element of our
synthetic control analysis (as identified in Appendix Figure D10). The results of this
exercise are presented in Appendix Figure D12, which shows that our estimated
increase in violent crime resulting from the adoption of an RTC law is extremely
robust: All 18 estimates remain statistically significant at the 0.01 percent level, and

64The 10th-year effect in the synthetic control analysis using the LM variables is 12.4 percent when we eliminate
the three states with more than twice the average CV of the RMSPE. Knocking out the seven states with above-
average values of this CV generates a similar 12.5 percent effect.

65In particular, it reflects the portion of each synthetic state it becomes part of, weighted by the treated state’s pop-
ulation. For example, Texas’s population is 13.6 percent of the total treated states’ population. As a result, a state
that made up 50 percent of synthetic Texas (but is not a donor for any other treatment state) would have a bar of
size 6.8 percent.
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the smallest TEP, which comes from dropping Illinois as a control state, is 12.0 per-
cent. Note in particular that dropping Hawaii from the list of potential donor states
slightly increases the estimate of the increase in violent crime caused by RTC laws. In
fact, when we dropped Hawaii completely as a potential control and repeated the pre-
vious protocol of dropping one state at a time, the estimated increase in violent crime
from RTC never fell below 12 percent (which was the value when New York was
dropped as well as Hawaii). Indeed, the synthetic control finding that RTC laws
increase violent crime is so robust that even if we drop California, New York, and
Hawaii from the pool of potential donor states, RTC laws still increase violent crime
by 8.9 percent after 10 years (p = 0.018).

E. Does Gun Prevalence Influence the Impact of RTC Laws?

The wide variation in the state-specific synthetic control estimates that was seen in
Figures 7 and D11 suggests that there is considerable noise in some of the outlier esti-
mates of a few individual states. For example, it is highly improbable that RTC laws led to
a 16.5 percent decrease in violent crime in Maine and an 80.2 percent increase in violent
crime in Montana, the two most extreme estimates seen in Figure 7. Since averaging
across a substantial number of states will tend to eliminate the noise in the estimates, one
should repose much greater confidence in the aggregated estimates than in any individ-
ual state estimate. Indeed, the fact that we can average across 33 separate RTC-adopting
states is what generates such convincing and robust estimates of the impact of RTC laws
on violent crime.

Another way to distill the signal from the noise in the state-specific estimates is to
consider whether there is a plausible factor that could explain underlying differences in
how RTC adoption influences violent crime. For example, RTC laws might influence
crime differently depending on the level of gun prevalence in the state.

Figure 8 shows the scatter diagram for 33 RTC-adopting states, and relates the esti-
mated impact on violent crime to a measure of gun prevalence in each RTC-adopting state.
The last line of the note below the figure provides the regression equation, which shows
that gun prevalence is positively related to the estimated increase in crime (t = 2.39).66

F. The Murder and Property Crime Assessments with Synthetic Controls

The synthetic control estimates of the impact of RTC laws on violent crime uniformly
generate statistically significant estimates, and our phantom RTC law synthetic control
estimates for the five pretreatment years (described in note 58) give us confidence that
the synthetic control approach is working well for our violent crime estimates, as illus-
trated in Appendix Table L1. Since the estimated increases in violent crime are

66The gun prevalence data were collected by the data analytics firm YouGov in a 2013 online survey (Kalesan et al.
2016); 4,486 people were initially surveyed, although only 4,000 results are used in the final data set. YouGov used
a proximity matching method to select the survey results for inclusion, matching respondents by race, age, gender,
and education to the demographic breakdown of the 2010 American Community Survey.
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robust results whether dropping selected donor states or states with poor fit, or using
either the DAW or LM models, we have greater confidence in and therefore highlight
our violent crime estimates. Accordingly, we consign our further discussion of the syn-
thetic control estimates of murder and property crime to Appendix E.

VI. Conclusion

The extensive array of panel data and synthetic control estimates of the impact of RTC
laws that we present uniformly undermine the “More Guns, Less Crime” hypothesis.
There is not even the slightest hint in the data from any econometrically sound regres-
sion that RTC laws reduce violent crime. Indeed, the weight of the evidence from the
panel data estimates as well as the synthetic control analysis best supports the view that
the adoption of RTC laws substantially raises overall violent crime in the 10 years after
adoption.

In our initial panel data analysis, our preferred DAW specification predicted that
RTC laws have led to statistically significant and substantial increases in violent crime. We
also presented both panel data and synthetic control estimates that RTC laws substantially
increase the percentage of robberies committed with a firearm, while having no
restraining effect on the overall number of robberies. Moreover, to the extent the massive
theft of guns from carrying guns outside the home generates crime spillovers to non-RTC
states, our estimated increases in violent crime are downward biased.

We then supplemented our panel data results using our synthetic control method-
ology, and the finding from our panel data analysis was strongly buttressed. Whether we
used the DAW or LM specifications, states that passed RTC laws experienced 13–15 per-
cent higher aggregate violent crime rates than their synthetic controls after 10 years
(results that were significant at either the 0.05 or 0.01 level after five years).

The synthetic control effects that we measure represent meaningful increases in
violent crime rates following the adoption of RTC laws, and this conclusion remained
unchanged after restricting the set of states considered based on model fit and after con-
sidering a large number of robustness checks. The consistency across different specifica-
tions and methodologies of the finding that RTC elevates violent crime enables far
stronger conclusions than were possible over a decade ago when the NRC Report was lim-
ited to analyzing data only through 2000 with the single tool of panel data evaluation.

The best available evidence using different statistical approaches—panel data
regression and synthetic control—with varying strengths and shortcomings and with dif-
ferent model specifications all suggest that the net effect of state adoption of RTC laws is
a substantial increase in violent crime.
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The  purpose  of the  present  study  is to determine  the  relationship  between  concealed  carry  (CCW)  laws
and  state-level  murder  rates.  Specifically,  this  study  will examine  the  impact  of  a  change  in  CCW  status
from  “prohibited”  to “shall  issue”  on  murder  rates.  Using  a  synthetic  control  method,  results  of the  present
study  suggest  that  only  in New  Mexico  did  the  move  from  “prohibited”  CCW status  to  “shall  issue”  CCW
status  result  in  an increase  in  murder  rates  and  gun  related  murder  rates.  For  the  remaining  states,  the
change  in  CCW  status  had  no effect  on  murder  rates.  As  a robustness  check  on  the results  found  using
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the  synthetic  control  method,  a fixed  effects  model  was  also  estimated.  These  results  indicate  that  states
that  changed  from  “prohibited”  to “shall  issue”  experienced  a  12.3%  increase  in  gun-related  murder  rates
and  a 4.9%  increase  in  overall  murder  rates.  It is important  to note  that  none  of  the  results  in the  present
study  indicate  that  a  move  from  “prohibited”  to  “shall  issue”  CCW  status  may  result  in  a  decline  in  murder
rates.

©  2018 Elsevier  Inc.  All  rights  reserved.

hall  issue

. Introduction

There is a common belief among gun rights proponents that
rearms should be readily available to the general public in order to
romote deterrence. According to this argument, criminals would
e less likely to commit crimes if they believed that their victims
r innocent bystanders may  be armed. This deterrent effect has
een discussed at great length in many prior studies (Kovandzic
nd Marvell, 2003; Kovandzic et al., 2005; Lott and Mustard, 1997).
un control proponents, however, believe that, by increasing the
upply and availability of firearms, the probability that a crime will
e committed also increases. Most gun control proponents fear that
inor altercations may  become violent and deadly if more people

re armed.
One of the more prevalent and important types of gun control

easures that may  affect the overall availability of firearms is the
oncealed carry law. Concealed carry (CCW) refers to the carrying of
rearms in a concealed fashion. Laws regulating the concealed carry
f firearms differ substantially between states and have changed
uite significantly over the past thirty years. There are no federal
aws regulating the concealed carry of firearms.
There are four broad types of state-level CCW laws (Barati, 2016;

onohue, 2003; Gius, 2014). The first is “unrestricted”; individuals

E-mail address: Mark.gius@quinnipiac.edu

ttps://doi.org/10.1016/j.irle.2018.10.005
144-8188/© 2018 Elsevier Inc. All rights reserved.
in states with unrestricted access do not need a permit to carry
a concealed handgun. For years, the only state that had no CCW
restrictions was Vermont. The next type of CCW law is “shall issue”.
In a “shall issue” state, a permit is required to carry a concealed
weapon, but state and local authorities must issue a permit to any
qualified applicant who  requests one. “Shall issue” and unrestricted
are considered to be permissive CCW laws.

The third type of CCW law is “may issue.” In a “may issue” state,
local and state authorities can deny requests for concealed carry
permits, even requests from qualified applicants. “May issue” laws
restrict the ability of citizens to carry concealed weapons. Finally,
the last category is “prohibited”; in years past, some states prohib-
ited the concealed carry of firearms. As of 2018, there are no states
that prohibit concealed carry.

Presently, the following nine states and the District of Columbia
require a permit to carry a concealed handgun and are “may issue”:
California, Connecticut (per statute; in practice “shall issue”),
Delaware, Hawaii, Maryland, Massachusetts, New Jersey, New York,
and Rhode Island (Barati, 2016; Donohue, 2003; Gius, 2014). The
following six states do not require a permit to carry a concealed
handgun: Alaska, Arizona, Kansas, Maine, Vermont, and Wyoming
(Barati, 2016; Donohue, 2003; Gius, 2014). All other states require
a permit and are “shall issue” (Barati, 2016; Donohue, 2003; Gius,

2014).

It is important to note that these four categories of CCW laws are
rather broad, and not all states within a given category are equally
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Table  1
Summary of Papers that Examined Effects of Concealed Carry Laws on Violent Crime
Rates.

Permissive
CCW Laws
Reduce Crime

Permissive
CCW Laws
Increase Crime

Insignificant
or  Mixed
Results

Ayers and Donohue, 2003 X
Barati,  2016 X
Bartley  and Cohen, 1998 X
Benson and Mast, 2001 X  (Model Specific)
Black  and Nagin, 1998 X
Blau  et al., 2016 X
Bronars  and Lott, 1998 X
Crifasi et al., 2016 X
Dezhbakhsh  and Rubin, 1998 X
Donohue,  2003 X
Duwe  et al., 2002 X
Ginwalla  et al., 2013 X
Gius,  2014 X
Helland and Tabarrok, 2004 X
Kleck  and Patterson, 1993 X
Kovandzic  and Marvell, 2003 X (Only Florida)
Kovandzic et al., 2005 X
Lott,  1998 X
Lott  and Mustard, 1997 X
Ludwig, 1998 X
Moody,  2001 X
Moody et al., 2014 X
Olson  and Maltz, 2001 X
Phillips et al., 2015 X
Plassman  and Tideman, 2001 X
Rubin  and Dezhbakhsh, 2003 X
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Shi  and Lee, 2017 X
Smith  and Petrocelli, 2018 X

estrictive. These broad categories are not definitive because the
ay in which a state not only interprets CCW statutes but also

nforces them has an impact on the actual restrictiveness of the
aw. In addition, some cities and counties have more restrictive
oncealed carry laws than their home states. Finally, it is impor-
ant to note that permits to carry concealed firearms are required
n both “shall issue” and “may issue” states. The only difference
etween these two types of CCW statutes is that, in “shall issue”
tates, the issuing authority must issue a CCW permit to any qual-
fied applicant. In a “may issue” state, the issuing authority may
eny a permit to anyone, even qualified applicants. Hence, the vast
ajority of states in the U.S. require a permit to carry a concealed
eapon.

Regarding CCW research, Table 1 summarizes the findings of
ost of the research in this area over the past 20 years. As can be

eem from this table, most studies found that permissive concealed
arry laws (“shall issue” or unrestricted) either reduce violent crime
r they have no significant effects on crime. Only two  studies
Ginwalla et al., 2013; Ludwig, 1998) found that permissive con-
ealed carry laws increase homicide rates. Some studies, such as
yers and Donohue (2003), Donohue (2003), and Kovandzic and
arvell (2003), found that states with more permissive concealed

arry laws had higher property crime rates. However, Devaraj and
atel (2018) found that property crime rates fell when Chicago went
rom “prohibited” CCW status to “shall issue”. Hence, most prior
esearch has found that permissive CCW laws either reduce violent
rime, or that they have no statistically significant effects on violent
rime.

In one of the earliest studies on CCW laws, Lott and Mustard
1997) found that states with “shall issue” concealed carry laws had
ower crime rates than states with more restrictive carry laws. They

ound that “shall issue” laws resulted in a 7.65% drop in murders and

 5% drop in rapes. Their research suggests that individuals would
e less likely to commit crimes if they knew that others may  be car-
ying concealed weapons. Much of the research that followed Lott
and Economics 57 (2019) 1–11

and  Mustard (1997) used the same type of model (log-linear) and
the same type of data (county-level). In addition, most of these stud-
ies used panel data estimation techniques, weighted observations,
and clustered standard error corrections.

One of the most recent studies on the relationship between
CCW laws and crime is Barati (2016). In this study, the author
used a difference-in-differences model in order to determine the
effects of a change in state-level CCW status on various crime rates.
Specifically, Barati (2016) attempted to determine if the effects of
a “shall issue” CCW law differed depending on what type of law
was in effect prior to the passage of the “shall issue” law. Using
data for the period 1991–2008, the author found that switching
from a “may issue” law to a “shall issue” law had no statistically-
significant effects on any of the crime rates examined. However,
when a state switched from prohibited to “shall issue”, then rob-
bery, burglary, and larceny rates all fell. The change from prohibited
to “shall issue” had no statistically-significant effects on motor
vehicle thefts, murders, or aggravated assaults. A similar approach
regarding the effects of a change in CCW status from “prohibited”
to “shall issue” is employed in the present study.

The purpose of the present study is to determine the relation-
ship between concealed carry laws and state-level murder rates.
Specifically, this study will examine the impact of the change in
CCW status from “prohibited” to “shall issue” on murder rates.
The reason why  this change is important is because, over the past
30 years, many states have loosened their CCW laws and have
changed from “prohibited” to “shall issue”. In addition, as noted
earlier, both “may issue” and “shall issue” states require permits
for concealed carry. Therefore, a change from “may issue” to “shall
issue” is not as significant nor as noteworthy as a change from “pro-
hibited” to “shall issue”. Also, very few states, even today, allow
unrestricted concealed carry. Hence, examining the impact of a
shift to “unrestricted” carry on crime would be somewhat prob-
lematic. Therefore, the present study will attempt to determine the
relationship between changes in CCW laws and state-level murder
rates.

Another important distinction of the present study is that a
synthetic control method will be used to examine the impact of
this change in CCW laws. In most prior studies on this topic, a
fixed effects model with panel data was used to estimate the
relationship between gun control laws and crime rates. Although
well-established in the area of policy analysis, fixed effects may
not be the most appropriate statistical method to use in the anal-
ysis of the effects of gun control measures on crime. The results
are highly dependent upon the time period being examined, and
misspecification of the model may  make it difficult to establish
causal relationships between gun control laws and crime (Donohue
et al., 2017). A superior and more appropriate statistical method
for this type of analysis may  be the synthetic control method. Only
one other study used the synthetic control method to examine the
impact of a change in CCW laws on crime rates (Donohue et al.,
2017).

Results of the present study suggest that only in New Mexico
did the move from “prohibited” to “shall issue” result in an increase
in murder rates and gun-related murder rates. For the remaining
states, the change in CCW status had no effects on murder rates or
the results were inconclusive. As a robustness check on the results
found using the synthetic control method, a fixed effects model was
also estimated. These results suggest that states that shifted from
“prohibited” to “shall issue” experienced a 12.3% increase in gun-
related murder rates and a 4.9% increase in overall murder rates.
It is important to note that neither the synthetic control method

nor the traditional fixed effects model found that a move to more
permissive CCW laws resulted in fewer murders.
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. Empirical technique and data

In order to determine if CCW laws are related to murder rates,
 synthetic control method (SCM) is used in the present study.
he synthetic control method (SCM) examines how a treatment
law) can affect a particular outcome (murder rates). In an SCM,
here is one individual or entity (state) that receives the treatment
treated group) and several entities that do not receive the treat-

ent (control group). The SCM then synthesizes a control from a
eighted sum of potential control entities. The outcome variable

or the treated group is then compared to the outcome variable for
he synthesized control group. If the outcome measure diverges in
he treatment period, then the treatment is assumed to have caused
he difference. If the outcome measures for the treated group and
ynthesized control group do not diverge, then it can be assumed
hat the treatment did not affect the outcome. Finally, the synthe-
ized control group’s outcome measure should match the treated
nit’s outcome measure during the pretreatment period.

The  advantages of using an SCM procedure over a fixed effects
rocedure or a case study method are numerous. First, a weighted
ombination of control states provides a much better comparison to
he treated state than a single control state (Abadie et al., 2010). Sec-
nd, the relative contribution of each state in the synthetic control
roup can be ascertained (Abadie et al., 2010). Third, in an SCM pro-
edure, it can be determined if there are differences with regards to
he intervention variable and the other predictor variables between
he treated state and the control group (Abadie et al., 2010). Due to
hese advantages, the SCM statistical procedure has been used in
everal studies examining the effects of public policies, laws, and
xogenous shocks on various outcome measures (Kreif et al., 2016;
badie et al., 2015, 2010; Abadie and Gardeazabal, 2003)

For  purposes of the present study, the “treatment” is considered
o be when a state changes its CCW laws from “prohibited” to “shall
ssue”. Hence, only those states that changed their CCW laws from
prohibited” to “shall issue” are in the treatment group. All other
tates are in the potential control group. From this set of possible
ontrols, a synthesized control group was created.

The outcome variables are the gun related murder rate (gun-
elated murders per 100,000 persons) and the murder rate
murders per 100,000 persons). The primary reason murder rates,
nstead of other crime rates, were used is because it is important
o differentiate between total murders and gun-related murders.
iven that the enactment of a permissive CCW law may  reduce gun-

elated murders, it is imperative that this type of outcome measure
s examined. In addition, state-level data on the incidence of other
ypes of gun related crimes are either non-existent or are unreliable.

The predictor variables used in this analysis were selected based
pon their use in prior research (Barati, 2016; Bartley and Cohen,
998; Gius, 2014; Lott and Mustard, 1997; Moody and Marvell,
009; Moody, 2001; Olson and Maltz, 2001). These variables

nclude the percentage of the state population that is African-
merican, per capita real income, percentage of population that is
ollege educated, unemployment rate, percentages of population
ged 18 to 24 and 25 to 34, population density, per capita alcohol
onsumption, the ratio of gun-related suicides to total suicides, and
he percentage of the state’s population that lives in large cities. The
tatistical software package R was used to conduct the SCM (Abadie
t al., 2011). States that had missing observations were excluded
rom the analyses. Eight states were in the treatment group, and 31
tates were in the potential control group.

Only one other study used the synthetic control method to
xamine the impact of a change in CCW laws on crime rates

453
Donohue et al., 2017). The present study differs from this prior
esearch in that the present study examines murder rates and
efines the treatment as a change in CCW laws from “prohibited”
o “shall issue”. Donohue et al. (2017) looked at violent crime rates,
and Economics 57 (2019) 1–11 3

and they only examined the repeal of the prohibition of concealed
carry.

In order to test the robustness of the results obtained from the
SCM analysis, a fixed effects model that controls for both state-level
and year fixed effects was also estimated. All observations were
weighted using state-level population (to correct for potential het-
eroscedasticity), standard errors were corrected using a clustering
method (standard errors were clustered at the state level), and a
log-linear functional form was  used. Given the above, the following
equation was estimated in the present study:

lnYi,t= �0+�i+� t+��X  + �i,t (1)

In  the above equation, Y denotes the murder rate or gun-related
murder rate, �i denotes the state-level effects, �t denotes the year
effects, and X denotes the vector of explanatory variables which
includes a concealed carry dummy  variable that denotes a change
from “prohibited” status to “shall issue” status. This model is very
similar to those used by other studies on this topic (Barati, 2016;
Bartley and Cohen, 1998; Gius, 2014; Lott and Mustard, 1997;
Moody and Marvell, 2009; Moody, 2001; Olson and Maltz, 2001).

In  order to determine if fixed or random effects was more appro-
priate in the present study, a Hausman Test was used. Results of the
test suggested that fixed effects was the more appropriate model.
Clustering standard errors was  necessary in order to account for
potentially nonrandom variations within certain groups. Although
there has been some criticism regarding the use of clustering to cor-
rect standard errors, most of this criticism was  directed at studies
that used too few clusters (Cameron et al., 2008). The present study
uses many state-level clusters, thus justifying the use of clustered
standard errors.

A  log-linear function was used because it corrects for nonlineari-
ties in the data. In order to test the appropriateness of the log-linear
functional form, both the extended projection test for non-nested
hypotheses (Davidson and MacKinnon, 1981) and the Ramsey test
(Ramsey, 1969) were used. Both tests indicated that the log-linear
model was more appropriate in the present study.

It  is important to note that, given that the functional form used
in the present study is log-linear, the coefficients on the dummy
variables must be transformed in order to be properly interpreted.
For example, if the coefficient on a dummy  variable is 0.2, then that
variable is associated with a 22% increase in the dependent variable
being examined (e0.2 = 1.22 or 22%).

In  order to determine the effect of a change in CCW status from
“prohibited” to “shall issue”, a CCW dummy variable was  created
that takes the value of one if the state changed their gun con-
trol laws from “prohibited” to “shall issue”; otherwise, the CCW
dummy  variable takes the value of zero. A state that changes from
“prohibited” to “shall issue” will only have a value of one for the
CCW dummy  variable when the state has a “shall issue” CCW law.
Although there has been some criticism in the past regarding the
use of binary variables to denote the status of gun control in a par-
ticular state, almost all prior studies use dummy variables in their
regression analyses. Some of the studies that used this approach are
Gius (2014), Rubin and Dezhbakhsh (2003), Dezhbakhsh and Rubin
(1998), Lott and Mustard (1997), and Kleck and Patterson (1993).

Another  issue with using a binary variable to denote the status
of gun control laws in a particular state is that a change in gun con-
trol laws may  be coincident with an exogenous change in the crime
rate, thus possibly resulting in a spurious correlation between gun
control and crime (Moody, 2001). One way  to test for this possi-
bility is to include as explanatory variables in the crime regression

both lags and leads of the CCW dummy  variable. If these variables
are insignificant, then this potential source of error does not exist
(Moody, 2001). In the present study, this error was  tested for by
including two lags and two leads of the CCW dummy variable.
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Table 2
Descriptive Statistics (Fixed Effects Data).

Variable Mean Standard Deviation

Gun-related murder rate (per 100,000 persons) 3.15 2.21
Murder rate (per 100,000 persons) 5.13 2.93
Percent of population that is African-American 0.099 0.095
Per capita real income $16,413 $2,999
Percent of population college educated 0.25 0.06
Unemployment rate 0.057 0.019
Gun-related suicide ratio 0.56 0.13
Percent population 18-24 0.099 0.009
Percent population 25-34 0.14 0.016
Population density 183.83 251.95
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esults of this test indicated that this type of spurious correlation
id not exist. Results of this test are available upon request.

In  addition to concealed carry laws, it is also assumed that mur-
er rates are dependent upon state demographics and various other
tate-level socioeconomic factors. The same explanatory variables
hat were used in the SCM analysis are used in the fixed effects
egressions. As noted earlier, these variables were selected based
pon their use in prior research (Barati, 2016; Bartley and Cohen,
998; Gius, 2014; Lott and Mustard, 1997; Moody and Marvell,
009; Moody, 2001; Olson and Maltz, 2001).

State-level data on murder and gun-related murder rates were
btained from the Supplementary Homicide Reports (1990–2014),
hich were provided by the Bureau of Justice Statistics, U.S. Depart-
ent of Justice. Unfortunately, some of the values for murders

ommitted were suspiciously low. In order to maintain the integrity
f the data, any suspicious observations were deleted. The method
y which suspicious data were identified was through a linear trend
f the gun murder rates at the state level. If a data point was iden-
ified as an outlier, then that observation was deleted. Using this

ethodology, only 18 observations were deleted from the data set.
iven that the final data set used in the fixed effects analysis had
203 observations, these deletions were not expected to have any
ppreciable effect on the results of the fixed effects analysis. In
ddition, there were 29 missing observations (murder rates) in the
riginal SHR data set. Hence, there were a grand total of 47 missing
bservations in the data used in the fixed effects regression.

It  is important to note that, in the fixed effects regressions, the
xistence of missing observations did not require that the entire
tate be eliminated from the data set. Only that year’s data in
hich there was a missing observation had to be deleted. Hence,

or the fixed effects models, an unbalanced panel data set was used
o estimate the regressions. In the SCM analysis, however, states
ad to have data for every year examined (1990–2014); no missing
bservations were allowed in the data. Hence, eleven states were
liminated from the original data in order to construct a data set
hat could be used in the SCM analysis.

Information on CCW laws were obtained from Gottlieb (1991),
ottlieb (1981), Henderson (2005), Henderson, (2000), Ludwig and
ook (2003), and the National Rifle Association. If the above ref-
rences contradicted one another, then the author examined the
riginal state law in order to determine the status of the CCW law

n a particular state. State-level data on total suicides and firearm-
elated suicides were obtained from the National Center for Injury
revention and Control, the Centers for Disease Control (CDC). The
ISQARS system is used to obtain the necessary data from the

DC website. Per capita alcohol consumption data were obtained
rom the National Institute on Alcohol Abuse and Alcoholism. All
ther state-level data were obtained from relevant Census Bureau
eports. Data used in the present study is for the years 1990-2014.
he sample size for the fixed effects model is 1203. Data used for the
CM analyses differ somewhat from the fixed effects model data in
hat there is only one treated state per SCM estimation. Hence, the
ample sizes of the eight data sets used for the SCM analyses were
00. Descriptive statistics for the fixed effects data set are presented
n Table 2.

.  Results

For the SCM analysis, the eight states that were in the treat-
ent group (changed from “prohibited” CCW to “shall issue”) are

s follows: Arkansas (1995), Missouri (2003), Nebraska (2006),

453
ew Mexico (2003), North Carolina (1995), Ohio (2004), Oklahoma
1995), and Texas (1995). Dates noted in parentheses are when
he states adopted “shall issue” CCW laws. Although several other
tates also switched from “prohibited” to “shall issue”, these states
Per capita alcohol consumption 2.32 0.49
Percent population in large cities 0.137 0.137

were not included due to missing observations and incomplete
data.

Although several states enacted “unrestricted” CCW laws (no
permit required for concealed carry) in the past several years, very
few states adopted such laws prior to 2014. Hence, this lack of data
precluded any analysis pertaining to the impact of “unrestricted”
concealed carry on murder rates.

An important aspect of the SCM analysis is that the actual
outcome measure for a treated state should be similar to the out-
come measure for the synthetic version of the treated state in the
pre-treatment period. In order to test the similarity between the
outcome measures for the treated state and the synthetic state,
two statistical measures were used. The first measure was the Mean
Squared Prediction Error (MSPE) in the pre-treatment period. The
larger the MSPE, the greater is the difference between the two
measures. Unfortunately, the MSPE is affected by the units of mea-
surement and the scale of the outcome measure.

The other statistical test that was used is the hypothesis test for
the difference between the means of the actual outcome measure
and the synthetic outcome measure. In the pre-treatment period,
this test should be statistically insignificant, thus indicating that
there is no statistical difference between the actual outcome mea-
sure and the synthetic outcome measure. Both the MSPE and the
pre-treatment period t-tests are presented on Table 3. As can be
seen from these results, several states have t-tests that are statis-
tically significant in the pre-treatment period, thus indicating that
the actual outcome measure differs from the synthetic outcome
measure; these states were excluded from the SCM analysis. After
excluding states that had significant t-tests in the pre-treatment
period, there were only four states that remained in the treated
state pool.

In  order to determine if the change in CCW law significantly
affected the murder rates in the post-treatment period, the hypoth-
esis test for the difference between the means of the actual outcome
measure and the synthetic outcome measure was once again
employed. In the post-treatment period, if the law had a significant
effect on the murder rates, then the t-test should be statistically
significant. These results are also reported on Table 3.

The  results of the SCM analyses on the four treated states are
presented on Chart 1 . The vertical line on the chart denotes the year
when a “shall issue” law was adopted. As can be seen from these
charts and from the post-treatment t-tests provided on Table 3, the
only state that experienced a consistent divergence in the outcome
variable post-treatment was  New Mexico (murder and gun-related
murder). The switch from “prohibited” CCW to “shall issue” CCW
resulted in an increase in both total murder rates and gun related
murder rates in New Mexico.
For  all other treated states, the switch from “prohibited” to “shall
issue” had no statistically significant effects on either gun-related
murder rates or total murder rates. Hence, according to the SCM
results, the overall impact of a loosening of concealed carry laws on
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Table  3
Treatment States MSPE and t-tests for Pre- and Post-Treatment Periods.

State MSPE Pre-Treatment t Test Statistic Post-Treatment t Test Statistic

Arkansas (gun murder)a 0.965 1.603* �1.413
Arkansas  (murder)a 3.115 3.33*** 0.0557
Missouri  (gun murder)a 1.195 2.128** 4.514***

Missouri (murder)a 2.719 2.6711*** 5.369***

Nebraska (gun murder) 0.400 �0.694 1.33
Nebraska  (murder) 1.166 �0.1514 �1.304
New  Mexico (gun murder) 0.542 0.295 2.816***

New Mexico (murder) 2.184 �0.0129 2.299**

North Carolina (gun murder)1 0.335 2.091** 0.381
North  Carolina (murder)a 1.386 3.347*** �0.436
Ohio  (gun murder)a 1.445 �3.548*** �3.028***

Ohio (murder) 0.4045 �0.0297 �0.767
Oklahoma  (gun murder) 0.1026 0.0148 0.1916
Oklahoma  (murder) 0.469 0.0110 1.33
Texas  (gun murder)a 2.595 2.133** �1.011
Texas  (murder)a 8.885 3.3675*** �2.558***

Notes.
MSPE denotes the Mean Squared Prediction Error for the pre-treatment period.
*10% significance; **5% significance; ***1% significance.

a The synthetic outcome was statistically significantly different from the actual outcome in the pre-treatment period. States that possess this attribute were not included
in the SCM analysis.

Chart 1. Nebraska SCM Results CCW Law Had No Effect on Gun-Related Murder Rate (Vertical line denotes year CCW law was  changed.).
Weights Given to Control States.
Connecticut = 2.2%.
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urder rates was somewhat mixed and inconclusive. These results
re not directly comparable to those found in Donohue et al. (2017)
rimarily because their study examined the effects of CCW laws on
iolent crime rates and not on murder rates. Nonetheless, Donohue
t al. (2017) found that the repeal of the prohibition of concealed
arry resulted in an increase in violent crime rates.

In  order to test the robustness of the synthetic control model
n this scenario, two placebo tests were conducted (Abadie et al.,
011). In this test, the SCM is applied to a control state that is similar
o the treated state but did not enact a change in its CCW law. It is
ssumed that the change in the similar control state occurred in the
ame year as that in the treated state. The only treated state tested

n this manner was New Mexico. For gun related murders, the most
imilar state was Arizona, and for murder rates, the most similar
tate was Mississippi. Results are presented on Charts 8 and 9. As
can be seen from these charts, the outcome trajectories for Arizona
and Mississippi and their synthetic counterparts are very similar.

Another  method that was  used to test the robustness of the SCM
results was a permutation test (Abadie et al., 2011). In this test, the
control states are subjected to the same synthetic control method
as was  the treated state. Then, the gaps between the synthetic out-
comes and the actual outcomes for each of the control states and
the treated state (New Mexico) are then plotted on a chart in order
to determine if the true synthetic control unit is different from
the other control units. Ideally, there should be small gaps prior
to the treatment and large gaps afterwards. Results are presented
on Charts 10 and 11. Please note that in New Mexico (the treated

state), the change in CCW laws occurred in 2003. As can be seen
from these charts, the outcome measures track very similarly pre-
treatment, but after 2003, there is much more of a divergence. This
denotes that the change in murder and gun related murder rates
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Chart 2. Nebraska SCM Results CCW Law Had No Effect on Murder Rate (Vertical line denotes year CCW law was  changed.).
Weights  Given to Control States.
Arizona = 12%.
South Dakota = 88%.
All Others = 0%.

Chart 3. New Mexico SCM Results CCW Law Significantly Increased Gun-Related Murder Rate (Vertical line denotes year CCW law was changed.).
Weights  Given to Control States.
Arizona = 47.6%West Virginia = 15%.
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annot be attributed to the change in CCW laws in the control states
Abadie et al., 2011).

In  the final test on the robustness of the results obtained from
he SCM analysis, a fixed effects model that controls for both state-
evel and year fixed effects was also estimated. Observations were

eighted using state-level population, standard errors were cor-
ected using a clustering method, and a log-linear functional form
as used. Results are presented on Tables 4 and 5.
These results suggest that states that switched from “pro-
ibited” CCW status to “shall issue” CCW status experienced an

ncrease in both the gun-related murder rate and the total murder
ate. According to these results, states that switched from “pro-
hibited”  to “shall issue” had gun-related murder rates that were
12.3% higher than other states, and they had total murder rates
that were 4.9% higher than other states. These results differ from
those found in Barati (2016) who found that a change from “pro-
hibited” CCW status to “shall issue” had no statistically significant
effects on murder rates.

4.  Conclusion
Even though murder rates are lower now than they have been
in decades, many individuals still believe that guns are needed for
self-defense, even in public settings. These individuals believe that
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Chart 4. New Mexico SCM Results CCW Law Significantly Increased Murder Rate (Vertical line denotes year CCW law was changed.).
Weights Given to Control States.
Alaska = 14.5%All Others = 0%.
Mississippi = 60.5%.
Nevada = 5%.
Wyoming = 20%.

Chart 5. Ohio SCM Results CCW Law Had No Effect on Murder Rate (Vertical line denotes year CCW law was changed.).
Weights  Given to Control States.
Indiana = 1.2% Maryland = 1.9% Pennsylvania = 16.2%.
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ll  Others = 12.2%.

llowing private citizens to carry guns would deter potential crim-
nals from committing criminal acts. Unfortunately, much of the
vidence to date suggests that permissive CCW laws have little to
o effect on crime. Nonetheless, many states over the past twenty
ears have loosened regulations regarding the concealed carry of
rearms.

Although there have been numerous studies examining CCW

aws since Lott and Mustard (1997), the present study takes a dif-
erent approach in examining the effects of CCW laws on crime.
irst, the present study looks at those states that changed their
CW laws from “prohibited” to “shall issue”. The only other study
that  specifically examined this type of shift in the legal status of
concealed weapons was  Barati (2016). Second, the present study is
the only published study that uses the synthetic control method to
determine the effects of a change in CCW laws on murder rates. As
noted earlier, most prior studies that examined the effects of CCW
laws on crime either used a fixed effects model or a difference-in-
differences model.
Using  SCM, it was found that only one of the four treated states
experienced an increase in murder rates when they switched from
“prohibited” CCW status to “shall issue” status.
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Chart 6. Oklahoma SCM Results CCW Law Had No Effect on Gun Related Murder Rate (Vertical line denotes year CCW law was  changed.).
Weights Given to Control States.
Arizona = 10%.
Oregon = 29.6%.
Tennessee = 56.5%.
Utah = 3.9%.
All Others = 0%.

Chart 7. Oklahoma SCM Results CCW Law Had No Effect on Murder Rate (Vertical line denotes year CCW law was changed.).
Weights  Given to Control States.
Arizona = 21.4% All Others = 0%.
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As a check on the robustness of the SCM results, a two-way fixed
ffects model was  also estimated, and it was found that states that
witched from “prohibited” to “shall issue” experienced a 12.3%
ncrease in gun-related murder rates and a 4.9% increase in overall

urder rates when compared to other states. These results hold
ven after controlling for important demographic variables such as

he percentage of state’s population that is African-American, gun
wnership (ratio of firearm suicides to total suicides), and alcohol
onsumption.
It is important to note that none of the results of the present
study suggest that a move from “prohibited” CCW status to “shall
issue” CCW is associated with a decline in murder rates. Hence, the
deterrent effects of permissive CCW laws that have been discussed
at great lengths in many prior studies do not appear to be supported
by the evidence found in this study (Kovandzic and Marvell, 2003;

Kovandzic et al., 2005; Lott and Mustard, 1997).

Although the fixed effects results suggest that a switch from
“prohibited” CCW status to “shall issue” status increases murder
rates on average, the results obtained from the SCM methodology
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Chart 8. Placebo Test: Trends in Gun Murder Rates: Arizona vs. synthetic Arizona.

Chart 9. Placebo Test: Trends in Murder Rates: Mississippi vs. synthetic Mississippi.

Chart 10. Permutation Test: Gun Murder Rates in New Mexico and Control States.
C

Chart 11. Permutation Test: Murder Rates in New Mexico and Control States.
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ontrol States: Arizona, West Virginia, Nevada, North Dakota, and South Dakota.
 Control  States: Alaska, Mississippi, Nevada, and Wyoming.
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Table  4
Fixed  Effects – Gun-Related Murder Rate.

Variable Coefficient Test Statistic

Constant �0.81 �1.78*

CCW dummy variable 0.116 3.21***>

Percent of population that is African-American 7.76 5.67***>

Per capita real income �0.000016 �1.39
Percent of population college educated �0.147 �0.49
Unemployment rate 0.753 0.85
Gun-related suicide ratio 0.92 2.96***>

Percent population 18-24 �2.12 �2.30**

Percent population 25-34 �2.42 �1.66*

Population density 0.0023 3.20***>

Per capita alcohol consumption 0.467 5.99***>

Percent population in large cities �0.93 �1.63

R2 = 0.87.
1%  p-value ***>; 5% p-value **; 10% p-value *.

Table 5
Fixed  Effects – Murder Rate.

Variable Coefficient Test Statistic

Constant 0.167 0.48
CCW dummy variable 0.048 1.74*

Percent of population that is African-American 6.71 6.44***>

Per capita real income �0.000019 �2.24**

Percent of population college educated �0.0492 �0.21
Unemployment rate 1.26 1.87*

Gun-related suicide ratio 0.548 2.31**

Percent population 18-24 �1.33 �1.90*

Percent population 25-34 �0.21 �0.19
Population density �0.000015 �0.03
Per capita alcohol consumption 0.457 7.69***>

Percent population in large cities �0.898 �2.06**
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levels on violence rates. J. Quant. Criminol. 9 (3), 249–287.
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= 0.871.
%  p-value ***>; 5% p-value **; 10% p-value *.

ndicate that these effects may  be more state-specific and may  not
e applicable to all states. In addition, the fixed effects methodol-
gy may  not be the most appropriate statistical technique to use to
valuate of the effects of CCW laws on crime rates. Donohue et al.
2017) note that “the problems posed by high-dimensional estima-
ion, misspecified models, and a lack of knowledge of the correct
et of explanatory variables” may  pose insurmountable problems
hen attempting to estimate the effects of any gun control legisla-

ion on crime (Donohue et al., 2017, p.16).
Another potential problem with the results found in the present

tudy is the uncertainty involved with any examination of the
ffects of concealed carry laws on crime over the past 30 years.
rime rates increased during the 1980s and early 1990s and then

ell to historic lows. During this period, however, there were
umerous changes in gun control laws, both at the state and Fed-
ral level. Most of the changes loosened existing statutes, but some
aws increased restrictions on various types of firearms. Hence,
here were changes in the regulation of firearms at the same time
hat there were societal changes that were resulting in lower crime
ates. Donohue (2003) believes that “. . . a disaggregated data push
oward a more-guns, more-crime conclusion. . .”  (pg. 324) and that
. . .crime swings that occurred in the late 1980s and 1990s hap-
ened to correlate with the passage of shall-issue laws, and the
anel data model seems unable to separate out the contribution of
he relatively minor influence of the shall issue law from the major
mpacts of these broad swings” (Donohue, 2003, pg. 325). There-
ore, even though some of the results of the present study suggest
hat concealed carry laws are significantly and positively related

o murder, it is reasonable to assume that various societal factors

ay have much greater effects on crime than any single gun control
tatute.
and Economics 57 (2019) 1–11

Finally, given the inconclusiveness of the SCM results, no pub-
lic policy proposals should be gleaned from this study. Some prior
studies have shown that crime rates are negatively affected by per-
missive CCW laws, while other studies have found that crime rates
are either unaffected or are positively related to CCW laws. This
inconclusiveness is no doubt due to the variety of CCW laws at the
state level and the uncertainty regarding the frequency with which
citizens avail themselves of the opportunity to defend themselves
from criminal acts. Given that one of the goals of CCW laws is deter-
rence, it is difficult to measure deterrence if it is unknown how
many persons are actually carrying concealed weapons on a reg-
ular basis. Binary variables denoting the legal status of concealed
carry laws are poor substitutes for this type of data.
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BACKGROUND: Firearm injuries are a major cause of
mortality in the USA. Few recent studies have simulta-
neously examined the impact of multiple state gun laws to
determine their independent association with homicide
and suicide rates.
OBJECTIVE: To examine the relationship between state
firearm laws and overall homicide and suicide rates at the
state level across all 50 states over a 26-year period.
DESIGN: Using a panel design, we analyzed the relation-
ship between 10 state firearm laws and total, age-
adjusted homicide and suicide rates from 1991 to 2016
in a difference-in-differences, fixed effects, multivariable
regression model. There were 1222 observations for ho-
micide analyses and 1300 observations for suicide
analyses.
PARTICIPANTS: Populations of all US states.
MAIN MEASURES: The outcome measures were the an-
nual age-adjusted rates of homicide and suicide in each
state during the period 1991–2016. We controlled for a
wide range of state-level factors.
KEY RESULTS: Universal background checks were asso-
ciated with a 14.9% (95% CI, 5.2–23.6%) reduction in
overall homicide rates, violent misdemeanor laws were
associated with a 18.1% (95% CI, 8.1–27.1%) reduction
in homicide, and Bshall issue^ laws were associated with a
9.0% (95% CI, 1.1–17.4%) increase in homicide. These
laws were significantly associated only with firearm-
related homicide rates, not non-firearm-related homicide
rates. None of the other laws examined were consistently
related to overall homicide or suicide rates.
CONCLUSIONS: We found a relationship between the en-
actment of two types of state firearm laws and reductions
in homicide over time. However, further research is nec-
essary to determine whether these associations are causal
ones.

KEY WORDS: community health; firearms; health policy; injury;
prevention; public health.

J Gen Intern Med 34(10):2021–8
DOI: 10.1007/s11606-019-04922-x
© Society of General Internal Medicine 2019

INTRODUCTION

From 1991 to 2016, the average annual firearm death rate in
the USA was 11.4 per 100,000 individuals.1 This amounts to
859,871 lives lost due to a single cause of preventable death
over a 26-year period.1 Although numerous studies have eval-
uated the impact of state firearm laws on homicide or suicide
rates (Online Supplemental Tables S1, S2), a major limitation
is that most examined the impact of only one type of policy.
Because states that enact one type of law are also more likely
to enact others,2 it is difficult to isolate the effect of one law
without considering the simultaneous impact of other policies.

To improve our ability to draw causal inferences, a stronger
study design would examine the relationship between the
enactment of multiple types of state firearm laws over time
and differences in fatality rates between states. However, we
are aware of only one multi-year panel study of homicide rates
that examined multiple laws and included data from the past
decade; this study was conducted at the level of urban
counties, and only 34 states were included.3 We are not aware
of any panel study at the state level that used data within the
past decade to assess simultaneously the effect of multiple
state firearm laws on homicide or suicide death rates.

One reason why many previous studies have focused on a
single type of law is the absence of a comprehensive national
database of state firearm laws. For most previous studies,
researchers had to track down the status of state firearm laws
by conducting their own legal research, a painstaking process
that precluded a single study of a large range of gun-related
policies. We recently created a novel database in which we
recorded, quantified, and classified the largest-to-date compi-
lation of firearm provisions by state over a 26-year period.2 In
this study, we examine the simultaneous impact of 10 different
types of state firearm laws on overall homicide and suicide
rates over a 26-year period using the same model specification.

METHODS

Data Sources

We ascertained the annual presence or absence of 10 state
firearm laws in all 50 states from 1991 to 2016 using the State
Firearm Law Database, which provides a panel of firearm-
related laws in each state, for each year.2 The database was

Electronic supplementary material The online version of this article
(https://doi.org/10.1007/s11606-019-04922-x) contains supplementary
material, which is available to authorized users.
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compiled using the Thompson Reuters Westlaw database of
state statutes and session laws and a database assembled by
Everytown for Gun Safety.4

We obtained homicide and suicide mortality data from the
Centers for Disease Control and Prevention Web-Based Injury
Statistics Query and Reporting System (WISQARS), which
are derived from the vital statistics death registry of the Na-
tional Center for Health Statistics.1 WISQARS reports annual
state-specific, age-adjusted fatality rates for homicide and
suicide.

Study Population

We assembled annual, state-specific age-adjusted total homi-
cide and suicide rates in each state from 1991 to 2016. We
excluded homicides due to legal intervention (1% of firearm
deaths), unintentional firearm fatalities (2.5% of firearm
deaths), and fatalities of undetermined intent (1% of firearm
deaths) from our analysis.

Outcome Measures

The main outcome measures were the annual, age-adjusted
homicide rate and age-adjusted suicide rate in each state over
the study period. Because there were 50 states and 26 years,
the total number of possible observations was 1300. However,
the CDC does not report death rates when the absolute number
of deaths in a state during a given year is less than 10. For this
reason, we did not have a complete panel of homicide data for
three states: North Dakota, Vermont, and Wyoming. We there-
fore excluded these states from the homicide analyses, yield-
ing a total of 1222 observations. There were no missing data
for suicide death rates, so there were 1300 observations for
analyses involving this outcome.

Main Predictor Variables

From the state law database, we selected 10 laws to analyze
based on several considerations: (1) laws that are currently being
considered by state legislatures; (2) laws that have been exam-
ined in prior research; and (3) laws that were enacted by at least
two states during the study period. We analyzed the following 10
laws (defined in detail in Table 1): (1) universal background
checks, either through point-of-purchase checks or a permit to
purchase requirement; (2) ban on handgun possession for people
convicted of a violent misdemeanor; (3) age 21 limit for handgun
possession; (4) Bshall issue^ laws; (5) permitless carry laws; (6)
prohibition against gun trafficking; (7) ban on Bjunk guns^; (8)
Bstand your ground^ laws; (9) assault weapons ban; and (10) ban
on large-capacity ammunition magazines. Laws were lagged by
1 year in the analysis; that is, we considered the potential effect of
a law only in the full first year after its enactment.

Data Analysis

Unlike many earlier analyses in the public health literature, we
employed a difference-in-differences approach to the analysis

of policy outcomes,5, 6 an approach that is widely used in the
econometric and criminology literature on the effect of state
firearm laws and was first introduced by Lott and Mustard in
their classic 1997 paper.7 Using multivariable linear regres-
sion, we evaluated the association between the firearm law
provisions in each state (which were time-varying) and the
homicide and suicide rates over the study period, while con-
trolling for several other time-varying state-level factors. We
included year and state fixed effects and estimated cluster-
robust standard errors, which account for the clustering of
observations, serial autocorrelation, and heteroskedasticity.8

By including state fixed effects, our analysis focuses on the
time series of observations within each state, comparing
changes in homicide or suicide rates within a state from before
to after the implementation of a particular firearm law, using
states without that law as controls. Because the outcome
variables are not normally distributed but skewed, we log-
transformed the homicide and suicide rates.

Our final model was as follows:

ln �stð Þ … � þ B�LAWstð Þ þ C�CONTROLstð Þ þ S þ T þ e;

where �st is the homicide or suicide rate in state s in year t,
LAWst is a dummy variable for the presence or absence of a
particular state firearm law in state s in year t, CONTROLst is a
vector of control variables, S represents state fixed effects, and
T represents year fixed effects.

We controlled for the following time-varying state-level
factors, chosen because of their association with homicide or
suicide rates in the published literature and their association
with both death rates and the adoption of firearm laws in our
data set: (1) the percent of the population that is black; (2) the
percent of population ages 15–29 that is male; (3) per capita
law enforcement officers; (4) the violent crime rate (excluding
homicide); (5) the divorce rate; (6) the unemployment rate; (7)
the poverty rate; (8) per capita alcohol consumption; (9) the
incarceration rate; (10) population density; (11) log of popu-
lation; and (12) household gun ownership percentage.

Because annual survey data of household gun ownership at
the state level are not available, most previous studies have
used the ratio of firearm suicides to all suicides (FS/S) as a
proxy for household firearm ownership.9 This proxy is highly
correlated (r = 0.80) with state-specific measures of firearm
ownership on a cross-sectional basis.10 Recently, we devel-
oped a new proxy measure that improves the correlation with
survey-measured gun ownership from 0.80 to 0.95.10 This
new proxy measure incorporates a state’s hunting license rate
in addition to FS/S.10 In this study, we used this new proxy.

Per capita law enforcement officers and violent crime rates
were obtained from the FBI Uniform Crime Reports;11 incar-
ceration rates were obtained from the Bureau of Justice Sta-
tistics;12 and per capita alcohol consumption was obtained
from the National Institute on Alcohol Abuse and Alcoholism
(NIAAA) for 1991–201513 and from Statistica14 for 2016.
Hunting licensing data were obtained from the U.S. Fish and
Wildlife Service.15 The remaining variables were obtained
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Several other limitations deserve mention. First, the firearm
ownership proxy has been validated with cross-sectional data,
but not with longitudinal data.36 It is not clear whether this
proxy is able to accurately measure changes in household gun
ownership over time.

Second, while we controlled for a range of state-level
factors associated with homicide death rates, there may be
unidentified omitted variables. For example, in the early
1990s, firearm homicide rates were very high in many cities,
seemingly related to the crack cocaine epidemic.37, 38 Never-
theless, when we restrict the analysis to the period 2000–2016,
our results remain essentially unchanged, although the preci-
sion of the estimates decreases.

Third, we accounted only for the presence or absence of
firearm law provisions, not for the implementation and en-
forcement of these laws. Fourth, trying to incorporate the most
important explanatory variables in a large regression almost
invariably leads to some multicollinearity. For example, when
we use all the other independent variables to explain variations
in the gun ownership proxy, the adjusted R2 is 0.69.

Finally, we do not disaggregate homicide rates by the age or
other characteristics of either the offender or victim, which could
mask the effect of laws intended to affect a particular subpopu-
lation. For example, age restrictions on gun possession would
only be expected to affect youth suicide rates, not adult rates.

In conclusion, this study provides evidence that universal
background checks and laws prohibiting gun ownership by
people with a history of a violent misdemeanor are associated
with lower overall homicide rates, while laws that provide no

discretion to law enforcement officials in approving concealed
carry permits are associated with higher homicide rates. Fur-
ther research on the impact of state firearm laws is necessary to
assess causality and should rely upon detailed definitions of
each law.
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Abstract Laws related to the sale, use, and carrying of
firearms have been associated with differences in firearm
homicide rates at the state level. Right-to-carry (RTC) and
stand your ground (SYG) laws are associated with in-
creases in firearm homicide; permit-to-purchase (PTP)
laws and those prohibiting individuals convicted of vio-
lent misdemeanors (VM) have been associated with de-
creases in firearm homicide. Evidence for the effect of
comprehensive background checks (CBC) not tied to
PTP is inconclusive. Because firearm homicide tends to
concentrate in urban areas, this study was designed to test
the effects of firearm laws on homicide in large, urban
U.S. counties. We conducted a longitudinal study using
an interrupted time series design to evaluate the effect of
firearm laws on homicide in large, urban U.S. counties
from 1984 to 2015 (N = 136). We used mixed effects
Poisson regression models with random intercepts for
counties and year fixed effects to account for national
trends. Models also included county and state character-
istics associated with violence. Homicide was stratified
by firearm versus all other methods to test for specificity
of the laws’ effects. PTP laws were associated with a 14%
reduction in firearm homicide in large, urban counties

(IRR = 0.86, 95% CI 0.82–0.90). CBC-only, SYG, RTC,
and VM laws were all associated with increases in fire-
arm homicide. None of the laws were associated with
differences in non-firearm homicide rates. These findings
are consistent with prior research at the state level show-
ing PTP laws are associated with decreased firearm ho-
micide. Testing the effects of PTP laws specifically in
large, urban counties strengthens available evidence by
isolating the effects in the geographic locations in which
firearm homicides concentrate.

Keywords Gun policy . Firearm . Homicide

Introduction

In 2016, there were 14,415 firearm homicides in the
United States (U.S.), which accounted for nearly 75%
of all homicides [1]. Firearm homicides are not distribut-
ed equally across the U.S.; 63% occurred in large, urban
counties (classified as Large Central Metro and Large
Fringe Metro by the U.S. Census Bureau) which contain
56% of the U.S. population [2]. States have enacted
policies in response to firearm homicide, but the effect
of these policies specifically in urban areas is unknown.
In this study, we aim to evaluate the effect of five firearm-
related policies on homicide in large, urban counties:
comprehensive background checks, permit-to-purchase,
right-to-carry, stand your ground, and violent misde-
meanor prohibitions.

Weaknesses in federal law allow prohibited individ-
uals to obtain firearms through unregulated private
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sales. Currently, only nineteen1 states and the District of
Columbia have laws requiring point of sale background
checks be conducted when the seller is a private party.
These laws are often referred to as comprehensive back-
ground check (CBC) laws. CBC laws require all sellers,
both licensed retailers and private parties, to make fire-
arm transfers contingent on the purchaser passing a
background check. Private sales include those made at
gun shows, sales arranged between strangers online, and
transfers between friends and acquaintances. The most
recent estimate by Miller and colleagues suggests that
approximately 20% of guns are obtained without a
background check [3]. In the 13 states with the least
restrictive firearm laws, state prison inmates who were
incarcerated for a gun crime were more likely to report
obtaining that gun through an unregulated private sale
than from a licensed dealer [4]. Data on recovered crime
guns suggest more than 80% of criminals using firearms
to commit crime were not the purchaser of record [5].
There is inconclusive evidence on the effect of back-
ground checks for private sales on firearm homicide at
the state level.

Realizing that requiring background checks for pri-
vate sales may, by itself, not be sufficient, ten states and
the District of Columbia have an additional handgun
purchaser licensing requirement; often referred to as
permit-to-purchase (PTP) laws. PTP laws typically re-
quire that prospective handgun purchasers apply directly
to a state or local law enforcement agency, many require
applicants to submit fingerprints, for a purchase permit
prior to approaching a seller. PTP laws may include a
more thorough background check which law enforce-
ment can take 30 days or more to complete. Sellers, both
licensed and private, can only sell to someone with a
valid purchase permit which is valid for varying lengths.
States with longer duration permits may also require a
point of sale background check to ensure that the pur-
chaser has not become prohibited since the issuance of
the permit. Prior research has found that PTP laws are
associated with reductions in the diversion of guns to
criminals [6] and gun homicide [7, 8].

It is important to note the differences between CBC
and PTP laws because they are often conflated in re-
search when in fact they are implemented differently, in
ways that may influence their effectiveness. CBC laws
generally depend upon the use of the National Instant

Criminal Background Check System (NICS) that is also
used by licensed dealers; however, issues with the NICS
have been identified related to the which records are
reported to the system and the quality and timeliness of
records that are reported [9]. PTP laws provide a longer
period for law enforcement to conduct its background
check at the local level, and these checks may have
access to more records increasing the likelihood that
law enforcement can identify and screen out those with
a prohibiting condition.

Right-to-carry (RTC) laws require law enforcement
to issue concealed carry permits to any individual that
meets objective criteria or allow for permitless carry
(permitless carry allows for individuals who are not
otherwise prohibited from gun ownership to carry with-
out obtaining a permit). RTC laws make it easier for
individuals to carry loaded, concealed firearms in public
spaces, and may require little or no safety training or
demonstrations of competence and proficiency. Previ-
ous research suggests that RTC laws are associated with
increased rates of violence at the state level [10, 11].

Stand your ground (SYG) laws are those that give
individuals expanded protections for use of deadly force
in a response to a perceived threat with no duty to
retreat. These laws may make otherwise non-lethal en-
counters deadly if individuals are carrying loaded,
concealed firearms, and feel emboldened to use their
firearms in self-defense rather than leaving or de-
escalating a volatile situation. Research on SYG laws
shows they are associated with increases in rates of
state-level firearm homicide [12, 13].

Violent misdemeanor (VM) prohibitions extend crim-
inal prohibiting conditions for the purchase of a firearm to
those who have been convicted of a misdemeanor crime
of violence. States with these laws recognize that
prohibiting a broader pool of potentially risky firearm
owners may screen out individuals at risk of committing
violence but who have not yet been convicted of a felony
or domestic violence misdemeanor. Previous research
showed decreased risk of future gun crime among those
prohibited for a VM crime [14]. A recent study by Zeoli
et al. found lower rates of intimate partner homicide in
states with VM prohibitions [15].

Studies evaluating the effect of CBC, PTP, RTC,
SYG, and VM laws on firearm homicide have been
conducted at the state level. However, firearm homicide
occurs more frequently in urban areas, so evaluations at
the state level may underestimate the effectiveness of
these laws in the places where homicides predominate.

1 While Nevada passed a CBC law, there are implementation issues
related to how the law was written and whether it will be enforced.
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This study sought to explore the effects of these firearm
laws on homicide in large, urban counties where firearm
homicide is more likely to occur. We also sought to
separate out the effects of states with CBC-only laws
and those with PTP. Based on prior research, we hy-
pothesized that PTP and VM laws would be associated
with protective effects on homicide rates, CBC-only
laws would have no effect, and RTC and SYG would
be associated with harmful effects.

Methods

Design

We conducted a quasi-experimental longitudinal study
using an interrupted time series to evaluate the effect of
firearm laws on homicide in large, urban U.S. counties
from 1984 to 2015. Because these laws are related to
firearms, county-year counts of homicide were stratified
by firearm versus all other methods to test for specificity
of the laws’ effects.

Data and Measures

Based on previous research, we hypothesized that, due
to the specificity of the laws regarding firearms, changes
to these laws would affect only firearm homicides. The
primary outcome for the study was annual, county-level
counts of firearm homicide obtained from the Centers
for Disease Control and Prevention’s Wide-ranging ON-
line Data for Epidemiologic Research (WONDER) sys-
tem [16]. Because firearm homicide tends to concentrate
in urban areas, we restricted our analysis to counties
with U.S. Census urbanization codes of BLarge Central
Metro^ and BLarge Fringe Metro^ and populations
greater than 200,000 across the study period resulting
in a sample that contained 136 counties over 32 years for
a total of 4352 county-year observations.2

We accessed additional county-level variables
from WONDER including the percent of the popula-
tion who were African American males age 15–24
and county population. County-level percent poverty
was obtained from the U.S. Census and interpolated

between census years [17]. Average annual measures
of county-level unemployment were obtained from
the Bureau of Labor Statistics Local Area Unemploy-
ment Statistics [18]. State-level variables were used
for two covariates that were not readily available at
the county level: incarceration rates [19] and state law
enforcement expenditures [20].

We conducted legal research to identify the effective
dates for each state’s policies including month, day, and
year. Indicators for policy variables were generated
based on these effective dates. Policy indicators were
coded as 1 when a law was in effect and 0 otherwise. To
reduce measurement error, the policy indicators were
coded as a proportion for the number of days the policy
was in effect in the year in which a policy was first
implemented (see Table 1).

Exploratory data analysis revealed outliers for non-
firearm homicide counts for counties near New York
City in 2001 due to the attack at the World Trade Center;
nearly 3000 additional lives were lost due to non-
firearm homicide. For counties within approximately
50 miles of New York City, we excluded the counts of
non-firearm homicide for 2001 only.

Analytic Methods

We conducted an interrupted time series analysis to
estimate the effects of firearm laws on county-level
firearm homicide. We used non-firearm homicide as a
negative control to test for the specificity of the laws’
effects. We used mixed effects Poisson regression
models to account for repeated measures by county
and allow counties to have unique intercepts; the likeli-
hood ratio test for mixed effects versus a Poisson model
indicated the need for random intercepts (p < 0.001).

County-level percent poverty, unemployment, and
African American males age 15–24, state-level incar-
ceration rates, and law enforcement expenditures were
included in the final model. Year fixed effects were used
to account for national trends in homicide and county-
level population was included as an offset to generate
incident rate ratios (IRRs). Additionally, models were
run with and without a county-level proxy for firearm
ownership (the ratio of firearm suicide to all suicide).
Analyses were conducted using Stata IC v 14.2 [21].
This study was deemed to be Bnot human subjects
research^ by the Johns Hopkins Bloomberg School of
Public Health Institutional Review Board.

2 States with no counties that met the inclusion criteria: Alaska, Ar-
kansas, Hawaii, Idaho, Iowa, Maine, Mississippi, Montana, Nebraska,
New Mexico, North Dakota, South Carolina, South Dakota, Vermont,
West Virginia, and Wyoming
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Results

Table 1 presents the laws included in the study and the
associated effective dates by state for those states with
counties that met our inclusion criteria.

Table 2 presents the effects of the firearm policies we
examined on firearm homicide in large, urban counties
after controlling for identified covariates. PTP laws were
associated with a 14% reduction in firearm homicide
(IRR = 0.86, 95% CI 0.82–0.90). CBC-only laws were

Table 1 Firearm laws and effective dates by state

State (# of counties) Permit to
purchase

Comprehensive
background check only

Right to
carry

Stand your
ground

Violent
misdemeanor
restriction

Alabama (1) Pre-1984 6/1/06
Arizona (1) 4/13/94 4/24/06
California (12) 1/1/91 1/1/91
Colorado (4) 7/1/13 5/17/03
Connecticut (1) 10/1/95
Delaware (1) 7/1/13
Florida (9) 10/1/87 10/1/05
Georgia (4) 8/25/89 7/1/06
Illinois (7) Pre-1984 1/5/14 1/1/95
Indiana (2) Pre-1984–11/30/98 Pre-1984 7/1/06
Kansas (1) 1/1/07 5/26/06
Kentucky (1) 10/1/96 7/12/06
Louisiana (2) 4/19/96 8/1/06
Maryland (5) 10/1/13 10/1/96–10/1/13 10/1/03
Massachusetts (6) Pre-1984
Michigan (4) Pre-1984 7/1/01 10/1/06
Minnesota (4) 5/28/03 10/1/03
Missouri (3) Pre-1984–8/28/07 2/26/04 8/28/07
Nevada (1) 10/1/95 10/1/11
New Hampshire (1) Pre-1984 11/13/11
New Jersey (13) Pre-1984
New York (14) Pre-1984 Pre-1984
North Carolina (2) Pre-1984 12/1/95 12/1/11
Ohio (6) 4/8/04
Oklahoma (1) 1/1/96 11/1/06
Oregon (3) 8/9/2015 1/1/90
Pennsylvania (8) 10/11/95 6/17/89 8/29/11
Rhode Island (1) Pre-1984 Pre-1984
Tennessee (2) 5/10/94–11/1/98 10/1/96 5/22/07
Texas (6) 1/1/96 9/1/07
Utah (1) 5/1/95 3/1/94
Virginia (3) 5/5/95
Washington (4) 12/4/14 Pre-1984
Wisconsin (2) 11/1/11
Total states with law during study period

(total # of changes)
9 (3) 10 (9) 27 (22) 18 (18) 5 (4)
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associated with a 16% increase in firearm homicide
(IRR = 1.16, 95% CI 1.13–1.18). RTC laws were asso-
ciated with a 4% increase in firearm homicide (IRR =
1.04, 95% CI 1.02–1.06). SYG laws were associated
with a 7% increase in firearm homicide (IRR = 1.07,
95% CI 1.05–1.10). VM laws were associated with a
14% increase in firearm homicide (IRR = 1.16, 95% CI
1.12–1.17). When we included the proxy for county-
level firearm ownership, there were negligible differ-
ences in the point estimates; however, the firearm own-
ership proxy itself was associated with a 37% increase in
firearm homicide (IRR = 1.37, 95% CI 1.26–1.49).

Because of the IRR estimates for CBC-only and VM
laws were in the direction opposite to our hypotheses, we
also tested the effects of 1-, 2-, and 3-year leads and lags
of the laws. These estimates reveal firearm homicide rates
trending upward in the years immediately prior to CBC-
only (Fig. 1) and VM laws (Fig. 2) going into effect with
statistically significant increased firearm homicide rates
1 year prior to the laws’ introduction. The IRRs were
above 1.0 each year following the introduction of CBC-
only and VM laws, but leveled off for CBC-only and
were essentially the same as the 1-year lead for VM laws.

Table 3 presents the effects of the same set of firearm
policies on non-firearm homicide rates. None of the
firearm policy variables of interest were associated with
changes in non-firearm homicide, supporting the speci-
ficity of the laws’ effects. When we included the proxy
for county-level firearm ownership, there were

negligible differences in the point estimates; however,
the firearm ownership proxy itself was associated with
an 18% reduction in non-firearm homicide (IRR = 0.82,
95% CI 0.73–0.92).

Discussion

This study is the first study to our knowledge that
examines the impact of PTP laws in large, urban
counties where firearm homicide is more likely to occur.
Our study also is the first to separate the impacts of CBC
laws from PTP to understand how CBC laws affect
firearm homicide independent from a permitting mech-
anism. Our study also examined the effects of other
firearm-related policies on firearm homicide.

Our results are consistent with previous research find-
ing that PTP reduces firearm homicides without increas-
ing homicides by other means. However, we saw no
benefit of a CBC system without a PTP law. It is possible
that the application process required to obtain a permit,
which puts the purchaser directly in contact with law
enforcement, acts to hold potential purchasers more ac-
countable and reduces the likelihood of straw purchases
made on behalf of prohibited persons. The added time to
conduct the background check at the local level may also
make it easier to identify and screen out prohibited indi-
viduals who may be at increased risk of using that firearm
to commit a homicide. Additionally, the built-in waiting
period as part of the permitting process may prevent
impulsive firearms purchases.

Our study suggests an increased risk of firearm homi-
cide in large, urban counties associated with enactment of
RTC laws which is consistent with previous research
conducted at the state level. Counties in states with RTC
laws experienced a 4% increase in firearm homicide rela-
tive to counties in states with more restrictions on the
issuance of concealed carry weapons permits. Future re-
search should explore whether specific elements of RTC
laws, or lack thereof, have differential impacts on firearm
homicide. For example, some RTC states allow law en-
forcement to deny issuing a concealed carry permit based
on Bdangerousness,^ or require a demonstration of profi-
ciency. These differences can inform policy discussions
around which elements, if any, may mitigate the harmful
effects of expanded carrying of loaded, concealed firearms
by civilians.

Our findings related to the effects of SYG laws are
also consistent with previous research on the effects of

Table 2 Effects of firearm laws on firearm homicide in large,
urban U.S. counties, 1984–2015

IRRa 95% CIb

Permit to purchase 0.86 0.82–0.90
Comprehensive background check only 1.16 1.13–1.18
Right to carry 1.04 1.02–1.06
Stand your ground 1.07 1.05–1.10
Violent misdemeanor prohibitions 1.14 1.12–1.17
County-level % population African American

male youth
1.53 1.49–1.57

County-level poverty rate 1.00 1.00–1.00
County-level unemployment rate 1.00 1.00–1.01
State-level incarceration rate 1.00 1.00–1.00
State-level law enforcement expenditures 0.99 0.99–0.99

The model also included year fixed effects
a Incidence rate ratio
b 95% confidence interval
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these laws on state-level firearm homicide [12, 13].
Counties in states with SYG laws experienced a 7%
increase in firearm homicide. SYG laws are common
in states with RTC laws and a high prevalence of gun
ownership. Removing a duty to retreat in the context of
populations with many armed individuals appears to
increase firearm homicide.

In contrast to recent research finding protective ef-
fects of prohibitions for violent misdemeanants on inti-
mate partner homicide [15], our study found increased
risk of firearm homicide in counties of states with VM
laws. However, the increased IRR for firearm homicide
associated with VM laws in the year prior to the effec-
tive date suggests that the conditions influencing the
passage of VM laws may increase firearm homicides.
Identifying and controlling for such factors is necessary
to generate unbiased estimates of the VM law effects.
Future research should explore the effects of VM laws
on firearm homicide in suburban and rural counties.

The increase in firearm homicide associated with
CBC-only laws should be explored further. It is possible

that CBC-only laws are harmful; however, we have not
identified a plausible theory to explain how requiring a
prospective firearm purchaser to undergo a background
check would result in increased homicide rates. It is
possible that states experiencing historically high rates
of firearm homicide during the late 1980s and early
1990s were more likely to implement CBC-only laws
to reduce violence. If these states then experienced
slower declines in firearm homicide compared to states
that did not pass these laws, the CBC-only laws would
appear harmful in our analysis. The upward trend in the
IRRs for CBC-only laws in the 3 years prior to imple-
mentation, and the statistically significant increased rate
for CBC-only laws in the year prior, suggests there may
be an endogenous relationship between CBC-only laws
and firearm homicide such that states may have passed
these laws in response to increasing rates of firearm
homicide. The lack of any beneficial effect of CBC-
only laws could also reflect issues related to enforce-
ment of CBC-only laws. The enforceability challenges
associated with CBC-only laws are beginning to be
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documented.[22, 23] PTP laws may be easier to comply
with and enforce than CBC-only laws since sellers can
only transfer a firearm to someone who has a valid
permit. Future research should expand the inclusion
criteria for county population size and/or urbanization.
This may also allow for more states to be represented in
the data and produce more robust results. Within PTP
and CBC-only laws, there remain differences among
states, including standards for obtaining the permit,
duration of the permit, and whether a point-of-sale
background check is also required in PTP states. These
issues warrant additional research. Additionally, future
research should explore the effects of these laws on
firearm suicide at the county level.

There are some limitations to our study. As with all
observational studies, there is a risk of selection bias as
states choose whether to pass a policy or not. However,
we attempted to minimize this bias by including county-
level demographics and pre-law enactment data to esti-
mate baseline trends. Importantly, our assessment of the
effects of CBC-only and VM laws in the years prior to
the laws going into effect underscores the challenges of
studies of this type where omitted variables may bias
estimates of the laws’ impacts. This study only includes
counties classified as the most urban with populations of
200,000 or greater across the entire study period. These
counties may be different from those not included. Our
inclusion criteria also excluded counties that may have
had a population of 200,000 or more at some point

during the study period but did not maintain that popu-
lation level across the entire study period. However,
limiting our sample to large, urban counties where fire-
arm homicide is more likely to occur would give us
more reliable estimates of policy effects. Our study
relied on two covariates that were not readily available
at the county level. For example, law enforcement ex-
penditures were only available at the state level.

This study adds to the growing body of evidence that
PTP laws are associated with reductions in firearm
homicide. States that are considering a range of policies
related to the transfer of firearms should consider a
handgun purchaser licensing system through a PTP
law as a mechanism to reduce firearm homicide.
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ABSTRACT
Right-to-carry (RTC) laws allow the legal carrying of concealed �rearms for defense, in certain states in the
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shortcomings in previous studies such as conditioning away the e�ect, over�t and the inappropriate use of
county level measurements. Data and analysis code for this article are available online.
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1. Introduction

Lott and Mustard (1997) concluded that the introduction of
right-to-carry (RTC) laws in states in the United States decreases
violent crime. These laws allow the legal carrying of concealed
�rearms for self-defense. Since then, many studies (see Sec-
tion 5) have been conducted on this issue, with con�icting
results. For example, Donohue, Aneja, and Weber (2019) con-
cluded that RTC laws substantially increase violent crime. As
described in Lott and Mustard (1997), Lott (2010), and Dono-
hue, Aneja, and Weber (2019) RTC laws could simultaneously
both have a positive e�ect (e.g., by deterrence) and a negative
e�ect (e.g., by escalation or displacement) on crime.

The National Research Council (U.S.) (2004) concluded that
to reach a robust scienti�cally supported conclusion, new ana-
lytical approaches are needed. For example, as described in
Section 5, many methods typically used in previous studies can
su�er from adjusting away the e�ect, over�tting and inappro-
priate use of county level measurements, among others. In this
article, I attempt to address these de�ciencies using marginal
structural models (MSMs), a causal inference technique popular
in epidemiology (HernÆn, Brumback, and Robins 2000; Robins,
HernÆn, and Brumback 2000; HernÆn and Robins 2006a).

2. Background: Marginal Structural Models (MSMs)

MSMs are used in epidemiology to estimate the causal e�ect of a
treatment on a chosen outcome inmedical patients, from obser-
vational data (Robins, HernÆn, and Brumback 2000; HernÆn,
Brumback, and Robins 2000; HernÆn and Robins 2006a). I

CONTACT WillemM. Van Der Wal willem@vanderwalresearch.com vanderwalresearch.com, Zoetermeer, Netherlands.
Supplementary materials for this article are available. Please go towww.tandfonline.com/uspp.

introduce the theory of MSMs and illustrate their advantages
over standard models below.

MSMs are based on the concept of counterfactuals, also called
potential outcomes (Robins 1999; Hö�er 2005). Counterfactuals
are the outcomes that could have been observed, had a certain
exposure been applied to an observational unit. For instance,
the outcome a�er exposure to a medical treatment of patients,
or the outcome a�er the introduction of RTC laws in states in
the United States. Causal e�ects can then be de�ned as contrasts
between these potential outcomes (HernÆn 2004; HernÆn and
Robins 2006a).

For example, consider patients receiving either a medical
treatment or a placebo in a clinical trial. The outcomeY could be
survival (yes or no). With dichotomous exposure A, the poten-
tial outcome for individual i when receiving treatment level
0, the placebo is Yi,a=0. The potential outcome for individual
i when receiving treatment level 1, the medical treatment is
Yi,a=1. The causal e�ect of the medical treatment on survival,
as compared to the placebo, for individual i could then be
expressed as the di�erence between Yi,a=0 and Yi,a=1.

At the population level, the causal e�ect of a dichotomous
exposure A on an outcome Y can be de�ned as a contrast
between distributions of potential outcomes. The distribution
of outcomes when every observational unit would have received
exposure level 0 is f (ya=0). The distribution of outcomes when
every unit would have received exposure level 1 is f (ya=1).
The causal e�ect comparing these two distributions could be
expressed for instance as a di�erence or ratio of the survival
rates. Such a contrast is referred to as a marginal causal e�ect.
This is precisely the e�ect that is desired when estimating the

' 2022 The Author(s). Published with license by Taylor and Francis Group, LLC.
This is anOpenAccess article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work is properly cited. The moral rights of the named author(s) have been asserted. Exhibit D 
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causal e�ect of a speci�c action, treatment or policy, such as
when estimating the e�ect of RTC laws on crime (HernÆn 2004).

2.1. Marginal Structural Models (MSMs)

Using the counterfactual framework, the marginal causal
e�ect of an exposure on a chosen outcome can be described
quantitatively using a MSM (HernÆn, Brumback, and Robins
2000; Robins, HernÆn, and Brumback 2000; HernÆn and Robins
2006a). For example, the MSM

E(Ya) = �0 + �1a (1)

could describe the causal e�ect of a dichotomous exposure
A on a continuous outcome Y . The response variable Ya is
the potential outcome that would have been observed, when
every unit of observation would have received the same speci�c
treatment level a. Parameter �1 then quanti�es the causal e�ect
of A on Y . This parameter is equal to the di�erence in the
mean of Y between the distributions of the potential outcomes
corresponding to the two treatment levels of A, f (ya=0) and
f (ya=1). The parameters of such a MSM could be estimated by
�tting the standard regression model

E(Y) = �0 + �1A (2)

on observations{Yi,Ai} from a randomized experiment with no
selection bias. However, in observational studies bias due to
confounding is o�enpresent, as described in the next paragraph.

2.2. Confounding

Confounding occurs when one or more covariates have a causal
e�ect both on the exposure allocation and on the outcome
(Pearl 2009). Such covariates are referred to as �confounders.�
An example of a confounder in a medical setting is disease
progression in HIV positive individuals, when estimating the
e�ect of treatment on mortality. Disease progression could
both a�ect the start of treatment as well as mortality (HernÆn,
Brumback, and Robins 2000). Or, in the present study, for
example the composition of the state legislature could possibly
a�ect both the introduction of RTC laws as well as crime rates,
either directly or indirectly. Unadjusted e�ect estimators such
as Equation (2) are biased estimators of the causal e�ect when
confounding is present (Greenland and Morgenstern 2001).
Adjusting for confounding is possible using various methods.
I will describe both traditional �conditional� regression models
in which confounders are included as covariates, and inverse
probability weighting (IPW) to correct for confounding while
�tting a MSM.

2.3. Conditional Models and their Drawbacks

The most commonly used statistical method to adjust for
confounding is conditioning, as was indeed done in previous
studies on the e�ect of RTC laws on crime (Section 5).
Conditioning amounts to the pooling of associations, estimated
within strata de�ned by confounders. In this manner, an overall
adjusted e�ect estimate is obtained. Such a pooled estimate can
be obtained by using strati�cation methods, or by including

confounders as covariates in regression models (Fitzmaurice
2004; Ranstam 2008).

A drawback of conditioning is that e�ects can be adjusted
away, especially in a longitudinal setting. I will illustrate this
in the context of estimating the e�ect of RTC laws on crime. I
indicate time in years since a chosen baseline using j. Consider
the time-varying exposure Aj, the implementation of a RTC
law at the state level (0 = no, 1 = yes). Also, consider violent
crime rate Yj at the state level, and the composition of the state
legislature Lj. The e�ect of Aj on Yj could be confounded by
time-varying covariate Lj. I illustrate this temporal structure
at time points j and j � 1 in Figure 1 using a directed acyclic
graph (DAG) (HernÆn, HernÆndez-Díaz, and Robins 2004;
HernÆn and Robins 2006b). DAGs illustrate the assumed
causal structure between variables, with nodes representing
variables, and causal e�ects depicted by unidirectional edges
(arrows).

Suppose that state legislature composition Lj is a confounder
for the e�ect of Aj on Yj, assuming it has a causal e�ect on both
Aj and Yj, as indicated by �. Assuming that the implementation
of a RTC law at a given time point also has an e�ect on the
composition of the state legislature at a subsequent time point
(the e�ect of Aj�1 on Lj), Aj�1 has an indirect e�ect on Yj
through Lj, as indicated by ��. When �adjusting� for the state
legislature composition in the previous year by including it as a
covariate in a regression model, the indirect e�ect of RTC laws
on crime is adjusted away (Robins 1997; Robins, Greenland, and
Hu 1999).

The problem of adjusting away the e�ect will occur when
conditioning on any variable that is also intermediate for the
e�ect of the exposure. This can occur when estimating the e�ect
of RTC laws on crime, when including possible longitudinal
confounders in the regression model, as was done in previous
studies on this topic. The association will still be a biased esti-
mate of the true causal e�ect.

Other drawbacks of conditional regression models include
non-collapsibility and collider strati�cation, which can both
introduce more bias. Non-collapsibility entails that e�ect
estimates from conditional models are only true estimates of
marginal e�ects with a model that uses a linear or log-linear
link function (Greenland, Robins, and Pearl 1999). Collider
strati�cation is the introduction of bias by conditioning on a
common e�ect of two variables. This can also occur in the
longitudinal situation illustrated in Figure 1. For amore detailed
explanation I refer to the literature (Greenland 2003;Whitcomb
et al. 2009).

In this article, I use inverse probability weighting (IPW) to
address some of the limitations of conditional modeling, as
explained below.

2.4. Introduction to Inverse Probability Weighting (IPW)

The parameters of MSMs can be estimated using IPW to cor-
rect for confounding (Robins 1998). Fitting a MSM using IPW
amounts to weighting each observation by the inverse of the
probability of the observed exposure level, given the observed
value of the confounders. Subsequently, a MSM regressing the
outcome on the exposure is �tted on the weighted dataset. I
illustrate this in a point treatment study (i.e., at one speci�cExhibit D 
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Figure 1. Illustration of the temporal structure between a (possible) confounder such as state legislature composition L, RTC law implementation A and the crime rate Y
at two subsequent time points j � 1 and j. Confounding is indicated by �. By conditioning on L, the indirect e�ect of A on Y through L, as indicated by ��, is adjusted away.

time point) below, and generalize to a longitudinal setting in
Section 3.4.

Consider a point treatment settingwith a dichotomous expo-
sure A, outcome Y and a vector of possible confounders K
measured at a single time point. Using IPW, we can adjust for
confounders K by weighting each observation i by the inverse
probability weight

wi =
1

P(Ai = ai|K i = ki)
. (3)

I indicate the observed exposure and confounder status with
a and k, respectively. The denominator of Equation (3) con-
tains the probability of the observed exposure level given the
observed values of confounders K . The denominator can be
estimated from a model regressing P(A = 1) on K , either using
the predicted probability or oneminus the predicted probability,
for ai = 1 and ai = 0, respectively. Weighting by wi creates
a pseudo-population in which K no longer predicts A, but in
which the causal e�ect of A on Y is still present (Robins 1998).
Weighting observations i by wi one can then �t a model such as
Equation (2) to estimate the parameters of MSM Equation (1).

To increase statistical e�ciency and attain better coverage
of con�dence intervals, it is recommended to use stabilized
weights (HernÆn, Brumback, andRobins 2000;Cole andHernÆn
2008), for example,

swi =
P(Ai = ai)

P(Ai = ai|K i = ki)
. (4)

The numerator of Equation (4) contains the probability of the
observed exposure level, which can be estimated using the
observed proportions. To further stabilize the weights, one can
condition both in the numerator and in the denominator of
Equation (4) on a set of covariates V that are not confounders.

2.5. Assumptions

The following assumptions are made when �tting a MSM using
IPW (Cole and HernÆn 2008). The assumption of consistency
states that the counterfactual outcome corresponding to the
observed exposure level is precisely the observed outcome
(Robins, Greenland, and Hu 1999; Cole and HernÆn 2008).
This means that the exposure, the causal e�ect of which is to
be estimated, needs to be clearly de�ned. It is also necessary to
assume positivity, which means that every level of the exposure
of interest has a positive probability of being allocated in
every stratum de�ned by the measured confounders (Cole and

HernÆn 2008; Petersen et al. 2012). This assumption is also
known as the assumption of experimental treatment assignment
(ETA). The assumption of conditional exchangeability means
that within strata de�ned by the measured confounders,
potential outcomes are independent of the observed exposure
level (HernÆn and Robins 2006a). In practice, this holds when
there are no unmeasured confounders.

3. Methods

I have estimated the causal e�ect of the adoption of RTC laws in
states in the United States on crime rates with a MSM for each
crime type, correcting for confounding using IPW. I combined
this method with multiple imputation to deal with missing
values. Below I describe the details of this method. I have imple-
mented the described method in the R so�ware (R Core Team
2021), version 4.0.5. I have made the data and statistical code
available with this article, for full transparency and falsi�ability,
and to allow researcher to improve upon this analysis as they see
�t (see supplementary materials).

3.1. Data

Observational units i are all 50 states in the United States, with
measurements taken in calendar years Tj = 1959, 1960, . . . ,
2016, with j = 0, 1, . . . , 57 corresponding to those 58 calendar
years, respectively. I have chosen to start the follow up at 1959
since that is when the �rst RTC law was implemented, in New
Hampshire (Donohue, Aneja, and Weber 2019). I included the
following variables in the dataset:

Total reported numbers of crimes Yc
ij in each state i, at the end

of each year j, with c = 1, 2, . . . , 9 representing violent crime
total, murder/manslaughter, forcible rape, robbery, aggravated
assault, property crime total, burglary, larceny the� and motor
vehicle the�, respectively. These variables as well as total state
population Pij were obtained from Federal Bureau of Investiga-
tion (2019c) for 1960 up to 2014 for most states and for 1965 up
to 2014 for the state of New York. Yc

ij and Pij data for all states
in 2015 and 2016 were obtained from Federal Bureau of Inves-
tigation (2019a) and Federal Bureau of Investigation (2019b),
respectively. Corresponding crime rates can be computed from
Yc
ij and Pij. Measurements for these variables were missing for

the state of New York in 1959 up to 1964 and in 1959 for the
other states.

I have also used RTC law implementation Aij with 0 =
restrictive (no-issue or may-issue) and 1 = permissive (shall-Exhibit D 
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issue or unrestricted) according to Donohue, Aneja, andWeber
(2019). Aij = 1 for the years in which a RTC law was in e�ect
for the majority of that year, and Aij = 0 otherwise.

I have collected possible longitudinal confounders for the
e�ect of RTC laws on crime in vector Lij including the following.
I used the state violent crime rate and property crime rate per
100.000 people, as computed above, at the end of year j�2. Since
this variable is measured at the end of year, I have used a lag
of two years to satisfy proper temporal ordering, as illustrated
in Figure 1. This necessitated state level measurements of this
variable from1957 up to 2014.Measurements for these variables
were missing for the state of New York in 1957 up to 1964 and
in 1957, 1958, and 1959 for the other states.

I also included the state share of the total U.S. Gross Domestic
Product (GDP), at the end of year j�2 to satisfy proper temporal
ordering. This necessitated state level measurements for this
variable from 1957 up to 2014. I obtained measurements from
1963 up to 2014 for every state from Bureau of Economic Anal-
ysis (2019), therefore, the variable had missing values for 1957
up to 1962. To improve normality, I used a natural logarithm
transformation.

As possible confounders I also used various demographic
variables including the proportions of the population that is
female, white non-hispanic, and of age between 0�18, 19�39,
and 40�64 (with 65 and above redundant), respectively. Since
these variable are measured at the end of year, I employed a
lag of two years necessitating measurements from 1957 up to
2014. I computed these proportions from population counts
by sex, race and age obtained from di�erent tables including
US Census Bureau (2017a, 2017b, 2019a, 2019b, 2019c, 2019).
These population counts also included measurements for 1950
which I used to add further support to the multiple imputation
model described in Section 3.2. Values for 1957, 1958, 1959, and
1961 up to 1969 were missing.

I used Population density computed from the population
counts Pij and the state land areas in square miles obtained
fromUSCensus Bureau (2016). These were transformed using a
natural logarithm to improve normality, and lagged by two years
for similar reasons as the demographic variables.

As possible confounders I also included an indicator variable
indicating that the state legislation has a Republican majority,
measured at the beginning of the previous year, to satisfy tem-
poral ordering according to Figure 1. I used data from Klarner
(2013) and National Conference of State Legislatures (NCSL)
(2019), before and from 1978 onwards, respectively. And I also
used an indicator variable indicating that the state governor
is a Republican, measured at the beginning of the previous
year, to satisfy temporal ordering according to Figure 1. I used
data from Klarner (2013) and National Conference of State
Legislatures (NCSL) (2019), before and from 2009 onwards,
respectively. The interaction between the indicator variables
for the state legislation and state governor party was also
included.

I assumed that the above included criminological, economic,
political and demographic possible confounders all are likely to
a�ect both the implementation of a RTC law and crime rates,
just like variable L in Figure 1 with j representing follow-up time
in years. The temporal ordering in Figure 1 is always satis�ed
since I used a lag of one year for confounders measured at the

beginning of the year and a lag of two years for confounders
measured at the end of the year.

I have used natural splines (De Boor 2001) with three degrees
of freedom �tted on calendar time and follow-up time in the
imputation model (Section 3.2), the main MSM models (Sec-
tion 3.3) and the models for the implementation of a RTC law
(Section 3.4). A natural spline with three degrees of freedom has
two boundary knots and one interior knot, so that within two
distinct periods di�erent cubic trends can be �tted. I consider
this choice su�ciently �exible to model calendar year in the
context of crime rates and RTC law implementation, based on
the observed trend of an increase of crime rates from 1960
up to the �crack era� of the 1980s and 1990s, followed by a
decrease. I illustrate this trend in the longitudinal plots in the
supplementary materials. I assumed that the relatively limited
amount of data does not allow for a more complex model,
although I explore varying degrees of freedom in the sensitivity
analysis (Section 3.5).

I assessed the positivity assumption (see Section 2.5) graph-
ically, using scatterplots of the implementation of a RTC law
(yes/no) against each possible confounder, for each of themulti-
ple imputation datasets that were generated as described below
(see supplementary materials).

3.2. Multiple Imputation

To deal with the missing values in the data as described above I
performedmultiple imputation for multivariate, multilevel data
usingMarkov chainMonte Carlo (MCMC) according to Schafer
and Yucel (2002). I used a multivariate linear mixed-e�ects
model to impute the missing values. As dependent variables I
used the natural logarithm of the crime numbers, natural loga-
rithmof state population numbers, natural logarithmof the state
share of the total U.S. Gross Domestic Product (GDP), the pro-
portions of the population that is female, white non-hispanic,
and of age between 0�18, 19�39, and 40�64, respectively. As
independent predictors in this model I used the intercept, the
indicator forRTC law implementation, a natural spline (DeBoor
2001) with three degrees of freedom �tted on calendar year, and
a random intercept for each state.

Using 200 MCMC iterations a�er 5.000 burn-in iterations, I
generated 25 imputed datasets from this model. The number of
iterations and datasets was chosen based on technical feasibility
in the sensitivity analysis as described below.On each of these 25
imputed datasetsMSMs for the e�ect of RTC laws on crime rates
were �tted using IPW as described below. Estimates and stan-
dard errors were combined according to Rubin�s rules (Rubin
1987). A�er this, I performed a sensitivity analysis as described
in Section 3.5.

3.3. Marginal Structural Models

To model the causal e�ect of the implementation of RTC
laws on crime, for each of the crime types c I have estimated
the parameters of a separate generalized linear mixed model
(GLMM) (Wol�nger and O�connell 1993), with a quasi-Poisson
link function:

log

�
E(Yc

aij)

Pij

�

= � c0 + � c1aij + � c2f
1(Tj) + � ci . (5)
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These models convert the numbers of crimes for each type per
state and year Yc

ij to crime rates using the o�set Pij. The models
include the e�ect � c1 of the dummy variable for the RTC laws per
state, per year, aij. The function f 1(Tj) indicates a natural spline
(De Boor 2001) with three degrees of freedom, as a �exible
modeling of calendar time. � ci indicates a normally distributed
random intercept at the state level. This approach is somewhat
similar to the generalized estimating equation (GEE) model
described by eq (1b) in HernÆn, Brumback, and Robins (2002),
with the addition of the random intercept.

Compared to a standard Poisson link function, the quasi-
Poisson link function uses an additional scale parameter
allowing for under- or overdispersion of the error distribution
(Zeileis, Kleiber, and Jackman 2008). I have also incorporated
an autoregressive correlation structure of order one (AR1)
(Littell, Pendergast, and Natarajan 2000) between the repeated
outcomes of each state. I consider this structure an appropriate
choice for repeated measures over time, since the correlation
between measurements declines when those measurements
are spaced further apart in time (Littell, Pendergast, and
Natarajan 2000).While using IPW to correct for confounding as
described below, I performed two-sided signi�cance testing at a
signi�cance level of 5%, compared to 0 under the null hypothesis
for the main e�ects � c1.

The causal e�ects estimated by � c1 can be interpreted in the
following manner. The MSMs Equation (5) model for each
crime rate the contrast between two distributions of potential
outcomes: (a) the repeated measurements of the crime rates in
each state, when all states would never have implemented a RTC
law during follow-up, and (b) the repeated measurements of the
crime rates in each state, when all states would have always had
a RTC law implemented, during the complete follow-up. This
e�ect is quanti�ed by the parameters � c1, from which the risk
ratios e�

c
1 can be computed. When such a risk ratio would for

example, be equal to 1.1, that should be interpreted as the imple-
mentation of a RTC law increasing the corresponding crime rate
by 10%, while a risk ratio of 0.9 would equal a decrease by 10%.

3.4. Inverse Probability Weighting

I have �ttedmodel Equation (5) on the observed data, for each of
the crime types, correcting for confounding by the longitudinal
variables in Lij, using IPW. I have weighted each observation ij
by the stabilized weights swij, similarly to HernÆn, Brumback,
and Robins (2002):

swij =
j�

k=0

P(Aik = aik|Aik�1 = aik�1)
P(Aik = aik|Aik�1 = aik�1, Lik = lik)

. (6)

This weight is for each measurement j for each state i the
product over all previous time points of a ratio of probabili-
ties. The factors in the numerator contain the probability of
the observed exposure status at each time point, aij, given the
observed exposure history up to the previous time point aij�1 =
ai0, ai1, . . . , aij�1. The factors in the denominator contain the
probability of the observed exposure status at each time point,
aij, given the observed exposure history up to the previous time
and the observed history of the longitudinal confounders lij =
li0, li1, . . . , lij.

I have estimated the factors in Equation (6) as follows. The
introduction of a RTC law was never reversed in any state. I
assumed that a�er the �rst instance of having a RTC law within
follow up in a speci�c state, the elements P(Aik = aik| . . .) are
equal to one. In other words, a�er the �rst instance of having a
RTC lawwithin follow up, the probability of having a RTC law in
that state is always one. Using only the data up to and including
the �rst year inwhich a RTC lawwas implementedwithin follow
up, I have estimated the other elements in the denominator of
Equation (6) using the regression model

log(� log(1 � P(Aij = 1))) = �0 + �1f
2(j) + �2Lij. (7)

Model Equation (7) is similar to a Cox proportional hazards
model, butwith the outcomeobserved in discrete time, using the
complementary log-log link function (Prentice and Gloeckler
1978). I have included main e�ects of the longitudinal con-
founders L, including the interaction between state legislature
composition and governor party. The function f 2(j) indicates a
natural spline with three degrees of freedom �tted on follow up
time, as a �exible baseline hazard function. The elements in the
numerator of Equation (6) were estimated using a similarmodel
including only f 2(j) and the intercept.

As a robustness check, I computed Pearson correlation coef-
�cients between the measured predictors that were included in
the models �tted to estimate the weights. I regarded excessively
high correlations (i.e., > 0.8) as an indication of possibly prob-
lematic multicollinearity in these models. When computing
these correlations, I used only the data up to and including the
�rst year in which a RTC law was implemented within follow
up, to which these models were �tted, before imputation.

Note that exposure allocation model Equation (7) uses 16
parameters including the intercept. Given the 42 observed
�events� corresponding to the �rst instance of having a RTC law
implemented within follow up (see Section 4), I consider this
the maximum acceptable complexity of the model, based on the
simulation studies performed by Vittingho� and McCulloch
(2007).

3.5. Sensitivity Analysis

I have performed a sensitivity analysis to examine the robustness
of the results. I have �tted the following variations of the main
MSMs.

Variants 1�11 each subtract a speci�c component of the
model Equation (7): in variant (1) violent crime is dropped
from the model, in (2) property crime is dropped, in (3) GDP
share, (4) proportion female, (5) proportionwhite non-hispanic,
(6) the age variables, (7) population density, (8) the interaction
between the indicator that the state legislature has a Republican
majority and the indicator that the state governor is Republican,
(9) state legislature, (10) state governor and in (11) both the state
legislature and governor indicators are dropped.

In variant (12) I have added to the exposure allocationmodel
speci�ed by Equation (7) both the two-way interactions and the
three way interactions between the spline �tted on follow-up
time, the indicator that the state legislature has a Republican
majority and the indicator that the state governor is Republican.
In this manner, possible paradigm shi�s within the Democratic
and Republican party are captured. These paradigm shi�s couldExhibit D 
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modify the e�ect of these political variables on the probability
that a RTC law is implemented.

As explained in Cole and HernÆn (2008), the statistical e�-
ciency of an IPW estimator can be increased by truncating
the weights, at the cost of introducing a small amount of bias.
When truncating, weights below or above a chosen percentile
are set to that percentile, at the lower and upper end of the
distribution of the weights, respectively. That is, a one-sided
truncation proportion of 0.01 would indicate truncating at the
1st and 99th percentile. In the sensitivity analysis I have included
the following variants: (13) weights truncated at the 1st and 99th
percentile, (14) weights truncated at the 2nd and 98th percentile
and (15) weights truncated at the 5th and 95th percentile.

Both in the exposure allocation model Equation (7) and the
MSMs Equation (5) natural splines with three degrees of free-
dom are used on follow-up time and calendar time, respectively.
I examined the sensitivity of the main e�ect estimates to the
number of degrees of freedom. I �tted the following variants:
variant (16) with a spline with two degrees of freedom in the
exposure allocation model, variant (17) including a spline with
four degrees of freedom in the exposure allocation model, vari-
ant 18) using a spline with two degrees of freedom in the MSMs
and variant (19) using a spline with four degrees of freedom in
the MSMs.

According to Donohue, Aneja, and Weber (2019), while a
RTC law was implemented in 1989 in Pennsylvania, this only
came into e�ect in the capital Philadelphia in 1996. Therefore,
I examined the e�ect of changing the implementation year for
Pennsylvania from 1989 to 1996 in the sensitivity analysis in
variant 20).

In variant (21) I �tted GEE models for the causal e�ect of
RTC law implementation on crime, as an alternative to the
GLMM Equation (5). And similarly to Equation (5) these
models also used a Poisson link function with an additional
scale parameter and an AR1 correlation structure between the
repeated outcomes. In addition, these models used �xed e�ects
for each state and each year, resulting in relatively complex
models.

In the next three variants I examined changes to the impu-
tation model, while using the main MSMs. In variants (22) I
dropped the indicator for RTC law implementation from the
imputation model. In variants (23) I decreased the number of
degrees of freedom for the natural spline �tted on calendar time
to two. In variants (24) I increased this number of degrees of
freedom to four.

In addition to the above described variants of the main
MSMs, I have �tted two additional models, to compare the
results with. In variant (25) I �tted standard regression models
similar to Equation (5), but unweighted, and including the same
covariates as Equation (7) to adjust for confounding by condi-
tioning. In this manner, any e�ect of the implementation of a
RTC law on crime that is indirect through any of the included
covariates will be adjusted away, as described in Section 2.3.
In variant (26) I �tted standard regression models similar to
Equation (5), but unweighted, and without any other way of
correcting for confounding. Therefore, these models are unad-
justed.

Variants (27) were designed as MSMs similar to the main
MSMs, but using a selection of states and years that is similar to

the synthetic control approach of Donohue, Aneja, and Weber
(2019). As described by Donohue, Aneja, andWeber (2019), the
synthetic control approach estimated the e�ect of implemen-
tation of a RTC law for the 33 states that implemented a RTC
law during 1981�2007, while using follow-up data from 1977 to
2014. Synthetic controls where constructed for each of the 33
�treatment� states using states with either (a) no RTC legislation
as of the year 2014, or (b) states that passed RTC laws at least
10 years a�er the implementation in the speci�c treatment state
(Donohue, Aneja, and Weber 2019). To emulate this selection
I included any state where no RTC was implemented, or where
a RTC law was implemented in 1981 or later. This resulted in
using 44 states in total. I also used follow-up data from 1977 to
2014. Note that this selection precludes any le�-truncation in
the exposure allocation model Equation (7), since no switches
can occur before the start of follow-up by de�nition.

4. Results

4.1. Descriptive Statistics

The dataset contains 2900 years of total follow up. There were 42
states that had a RTC law implemented. This led to 1889 years of
follow up without and 1011 years with a RTC law implemented,
respectively. Table 1 presents basic descriptive statistics for the
state crime rates, including the % of missing measurements that
were imputed. Note that based on the minimum, there are no
zero crime rates for any of these crime types at the state level.
This precludes the occurrence of zero-in�ation. The occurrence
of zero-in�ation would be problematic when using Poisson
regression (He et al. 2014). Table 2 presents basic descriptive
statistics for the possible confounders for the e�ect of RTC laws
on crime, that were corrected for, using IPW as described in
Section 3.4. This table also includes the % of missing measure-
ments that were imputed, which is atmaximum20.7%. Absolute
Pearson correlations between predictors averaged 0.24, with an
interquartile range of 0.11 up to 0.32 and a maximum of 0.69.
This does not indicate any relevant amount ofmulti-collinearity.

4.2. Main Results

Main results are presented in Table 3. At the chosen 5% signi�-
cance level, RTC laws have a statistically signi�cant e�ect on all
crime rates except forcible rape. This includes 7.5%more violent
crime total, 5.7% more murder/manslaughter, 10.9% more rob-

Table 1. Descriptive statistics of state crime rates (recorded crimes per 100,000
population) measured in each state and year (1959�2016).

Crime rate
(/100,000 population) Mean SD Minimum Maximum %Missing

Violent crime total 372.8 226.0 9.5 1244.3 1.9%
Murder/manslaughter 6.0 3.6 0.2 20.3 1.9%
Forcible rape 28.2 15.1 0.8 102.2 1.9%
Robbery 110.8 90.9 1.9 684.0 1.9%
Aggravated assault 227.0 144.6 3.6 785.7 1.9%

Property crime total 3556.3 1365.0 573.1 7996.0 1.9%
Burglary 890.3 430.7 182.6 2906.7 1.9%
Larceny theft 2330.4 877.6 293.3 5106.1 1.9%
Motor vehicle theft 335.6 200.3 28.4 1571.1 1.9%

NOTE: Missing values were imputed as described in Section 3.2.Exhibit D 
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Table 2. Descriptive statistics of covariates: possible confounders for the e�ect of
RTC laws on crime.

Variable Mean SD Minimum Maximum %Missing

Violent crime rate 372.9 228.5 9.5 1244.3 5.3%
Property crime rate 3596.1 1368.8 573.1 7996.0 5.3%
State share of total

GDP (nat. log) �4.5 1.0 �6.2 �2.0 10.3%
Proportion female 0.51 0.01 0.43 0.53 20.7%
Proportion white

non-hispanic 0.80 0.15 0.23 1.00 20.7%
Proportion 0�18 0.29 0.04 0.21 0.45 20.7%
Proportion 19�39 0.31 0.03 0.23 0.44 20.7%
Proportion 40�64 0.28 0.04 0.19 0.38 20.7%
Population density

(nat. log) 4.25 1.46 �0.93 7.10 5.3%
State legislation

Republican1 0.29 0.45 0.00 1.00 0.0%
State governor party

Republican1 0.45 0.50 0.00 1.00 0.0%

NOTE: Missing values were imputed as described in Section 3.2.
1Dichotomous variable, therefore, the mean indicates a proportion.

Table 3. Main results: estimated e�ects of right-to-carry (RTC) laws on state crime
rates in the USA 1959�2016, change in crime rate (%) with 95% con�dence interval
and p-value.

Outcome E�ect (95% CI) Sig.

Violent crime total 7.5% (3.8%, 11.4%) 0.000
Murder/manslaughter 5.7% (0.5%, 11.1%) 0.032
Forcible rape 0.8% (�2.0%, 3.7%) 0.572
Robbery 10.9% (5.5%, 16.5%) 0.000
Aggravated assault 6.5% (2.5%, 10.7%) 0.001

Property crime total 6.1% (3.5%, 8.8%) 0.000
Burglary 7.5% (3.7%, 11.5%) 0.000
Larceny theft 5.7% (3.1%, 8.2%) 0.000
Motor vehicle theft 6.2% (2.8%, 9.7%) 0.000

bery, 6.5% more aggravated assault, 6.1% more property crime
total, 7.5% more burglary, 5.7% more larceny the� and 6.2%
more motor vehicle the�.

4.3. Exposure Allocation Model, IPW Weights and
Positivity

Table 4 contains e�ect estimates fromexposure allocationmodel
Equation (7), for numeric predictors (relative to a shi� of one
standard deviation) and binary predictors (relative to a one unit
shi�), respectively. These e�ects are summarized across the 25
multiple imputation datasets using the minimum, mean and
maximum. The e�ect estimates presented in Table 4 are not to
be interpreted as causal e�ects estimates, since they are obtained
from a conditional model which was �tted with prediction as
a goal. However, what can be concluded is that most of the
included variables seem to have an e�ect on the implementation
of a RTC law of a relevant magnitude. In addition, some of
the estimated e�ects seem (post hoc) to have a direction that
is quite logical. For example, when both the state legislature
majority and governor are Republican, it seems almost three
times more likely that a RTC law will be implemented. But it
must be stressed that when one is interested in the causal e�ects
of these variables, corresponding MSMs should be �tted.

I have included positivity plots for each multiple imputation
dataset in the supplementary materials. Across the observed
range of most predictors, there are bothmeasurements with and

Table 4. Estimated e�ects of numeric andbinary predictors on the implementation
of a right-to-carry (RTC) law, summarized across the 25 multiple imputation (MI)
datasets.

Variable Summary over
and type MI datasets

Relative risk:
e�ect of 1 SD

Numeric variable Min. Mean Max.

Violent crime rate 1.24 1.31 1.41
Property crime rate 0.64 0.69 0.75
State share of total GDP (nat. log) 0.88 0.94 1.02
Proportion female 0.87 1.24 1.62
Proportion white non-hispanic 0.98 1.14 1.24
Proportion 0�18 0.39 0.73 1.16
Proportion 19�39 0.70 0.99 1.45
Proportion 40�64 0.53 1.07 2.25
Population density (nat. log) 0.34 0.44 0.56

Relative risk:
e�ect of 1 unit

Binary variable Min. Mean Max.
State legislation Republican 1.11 1.21 1.34
State governor party Republican 0.67 0.68 0.71
State legislation Republican×
state governor Republican 2.57 2.85 3.12

without the implementation of a RTC law. This lends support
to the validity of the positivity assumption. In some ranges,
o�en with sparser data, either no measurements with or no
measurements without the implementation of a RTC law are
observed. However, these ranges are relatively small, and close
to the ranges with both outcomes observed. Since these are
continuous variables, a small amount of extrapolation will be
performedwhen computing theweights. The positivity assump-
tion seems to be appropriate, especially in light of the results
from the sensitivity analysis (Section 4.4) in which variables are
dropped from the analysis.

Descriptive statistics and boxplots for the IPW weights are
also presented in the supplementary materials. From these I
conclude that the mean is always close to one, and that the
variability of theweights is comparable to that ofHernÆn, Brum-
back, and Robins (2002).

4.4. Sensitivity Analysis Results

Table 5 contains the results of the sensitivity analysis. The vari-
ants 1 through 24 all produce results that are very similar to
the main results. These models all support the conclusion that
the implementation of a RTC law at the state level increases
both violent crime and property crime rates. The e�ect estimates
for total violent crime and total property crime were always
statistically signi�cant, at least at the 0.05 level or lower. The
e�ect estimates for total violent crime and total property crime
were always in the order of magnitude of an increase of 5%�
10% and 3%�7%, respectively. The e�ect estimates for the other
crime rates were also always similar to the main results, for
variants 1 through 24.

The sensitivity analysis indicates that the results are not
sensitive to dropping any variable or interaction term from
the model. By adding the two-way and three-way interactions
with time and the political variables, results similar to the main
MSMs are obtained. By progressively truncating the weights,Exhibit D 
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Table 5. Sensitivity analysis: estimated e�ects1 of right-to-carry (RTC) laws on state crime rates in the USA 1959�2016, change in crime rate (%) for di�erent model
variations.

Model (see Section 3.5) Violentcrim
e

M
urder/m

anslaughter

Forcible
rape

Robbery

Aggravated
assault

Propertycrim
e

Burglary

Larcenytheft

M
otorvehicle

theft

Main MSM results 7.5% 5.7% 0.8% 10.9% 6.5% 6.1% 7.5% 5.7% 6.2%
1) Drop violent crime 9.9% 7.5% 1.6% 13.0% 9.2% 7.0% 9.0% 6.4% 7.1%
2) Drop property crime 5.5% 4.8% �0.7% 8.7% 4.5% 3.8% 4.8% 3.4% 4.1%
3) Drop GDP share 7.5% 5.5% 0.7% 10.8% 6.6% 6.1% 7.5% 5.6% 6.2%
4) Drop female 7.0% 6.1% 0.9% 9.9% 6.2% 5.8% 7.1% 5.4% 5.7%
5) Drop white non-hispanic 7.7% 5.1% 1.0% 11.1% 6.7% 6.4% 7.9% 5.9% 6.4%
6) Drop age 8.4% 5.5% 1.0% 12.0% 7.4% 6.8% 8.7% 6.1% 6.7%
7) Drop population density 8.3% 6.9% 2.6% 10.1% 8.1% 6.8% 8.6% 6.4% 5.5%
8) Drop int. legislature×governor 5.4% 5.6% 0.4% 8.8% 4.1% 5.1% 6.2% 4.7% 5.8%
9) Drop state legislature 5.8% 6.6% 1.8% 8.2% 4.8% 5.6% 6.5% 5.1% 6.7%
10) Drop state governor 5.4% 5.6% 0.3% 8.7% 4.0% 5.1% 6.1% 4.6% 5.8%
11) Drop legislature and governor 5.8% 6.6% 1.8% 8.1% 4.7% 5.5% 6.5% 5.0% 6.7%
12) +interactions with time 9.0% 6.7% 0.6% 12.5% 8.2% 7.0% 8.7% 6.5% 7.3%
13) Weights truncated, 1st/99th% 6.9% 4.9% 2.2% 8.6% 6.5% 6.5% 8.0% 6.2% 5.5%
14) Weights truncated, 2nd/98th% 6.7% 4.8% 2.4% 8.2% 6.3% 6.5% 7.9% 6.2% 5.2%
15) Weights truncated, 5th/95th% 5.7% 4.3% 2.6% 7.0% 5.4% 5.9% 7.1% 5.8% 4.0%
16) df=2 spline in weights model 5.7% 4.2% �1.1% 9.3% 4.6% 4.9% 6.0% 4.4% 5.5%
17) df=4 spline in weights model 6.9% 4.7% 0.5% 9.8% 6.0% 6.0% 7.2% 5.6% 6.2%
18) df=2 spline in MSM 6.9% 4.7% 0.5% 9.5% 6.1% 5.5% 6.0% 5.2% 6.3%
19) df=4 spline in MSM 7.2% 5.3% 0.6% 10.6% 6.2% 6.1% 7.4% 5.6% 6.4%
20) RTC implemented 1996 in PA 8.1% 4.5% 0.7% 10.9% 7.5% 6.4% 8.2% 5.8% 5.9%
21) GEE �xed e�ects state and year 6.0% �1.9% 2.9% 11.1% 3.8% 5.0% 5.9% 4.5% 7.6%
22) Drop RTC from imputation model 7.8% 6.2% 0.9% 10.9% 7.0% 6.3% 7.8% 5.9% 5.9%
23) df=2 spline in imputation model 7.8% 6.0% 0.9% 10.9% 6.9% 6.1% 7.6% 5.7% 5.9%
24) df=4 spline in imputation model 7.9% 6.1% 1.0% 11.3% 7.0% 6.4% 7.9% 5.9% 6.2%
25) Conditional model 1.5% 0.1% 1.4% 2.5% 1.0% 3.6% 3.5% 3.8% 3.0%
26) Unadjusted model 1.2% �0.2% 1.3% 2.1% 0.7% 3.3% 3.3% 3.4% 2.6%
27) MSM, 1977�2014, 44 states2 2.8% 5.6% �1.3% 7.8% 0.9% 2.7% 2.5% 2.8% 2.1%

1Underlined estimates are signi�cant at the 0.05 level or lower.
2Similarly to Donohue, Aneja, and Weber (2019).

the results are more and more skewed in the negative direction,
indicating less adjustment for confounding. Changing the num-
ber of degrees of freedom in the models, or adjusting the RTC
implementation year for Pennsylvania from 1989 to 1996 does
not change the results in a relevant amount. The alternative GEE
models (variants 21) and variants 22 through 24 that examine
changes to the imputation model also produce results quite
similar to the main MSM results.

The conditional models (variants 25) always produce esti-
mates that are much smaller than the main results, and are far
less o�en statistically signi�cant. This con�rms the expectation
that using the conditional models, while adjusting for con-
founding, the e�ect of RTC laws on crime are at least partially
adjusted away by conditioning on one or more variables that
are intermediate for the e�ect of RTC laws. Estimates from the
unadjustedmodels (variants 26) are even smaller, indicating that
it is likely that confounding skews the estimates in the negative
direction.

The estimated e�ects from the MSMs that were �tted
on the period 1977�2014, similarly to Donohue, Aneja, and
Weber (2019) (variants 27), were in the same direction as the
main results except forcible rape (�1.3%). The e�ects were
somewhat smaller in magnitude. The e�ects from variants
(27) attained statistical signi�cance for total violent crime,
murder/manslaughter, robbery, total property crime and larceny

the�. I make a further comparison with the results of Donohue,
Aneja, and Weber (2019) in Section 5.4.

None of themodel variants in the sensitivity analysis support
the conclusion that RTC laws signi�cantly decrease any of the
crime rates.

5. Discussion and Conclusion

5.1. Discussion

The results from this study are very robust to variations inmodel
speci�cation, as investigated in Section 4.4. The assumptions
made by �tting a MSM using IPW (see Section 2.5) are valid.

I have demonstrated the validity of the positivity assump-
tion in Section 4.3. Regarding the assumption of conditional
exchangeability, I have minimized unmeasured confounding
by including a wide range of measured covariates, including
crime rates, an economic indicator, demographic and political
variables. The addition of new covariates could be tested in
follow-up studies, for example, by other researchers that will
have access to the data from this study asmade available through
the supplementary material.

Regarding the assumption of consistency, the speci�ed expo-
sure of the implementation of a RTC law at the state level is well-
de�ned. However, it is of interest to estimate the e�ect of RTCExhibit D 
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laws conditional on possible longitudinal e�ect modi�ers such
as changes in incarceration rates or law enforcements budgets.
To do so is not possible using a MSM, since it would lead
to adjusting away the e�ect. When su�cient data is available,
such an analysis could be done as a follow-up study using a
so called history-adjusted marginal structural model (Petersen
et al. 2007).

When drawing causal conclusions from a standard condi-
tional model, the above described assumptions are also implic-
itly made. In addition, in the speci�c longitudinal situation
described in this study, it would be necessary to assume that
there are no longitudinal covariates included that are also inter-
mediate to the e�ect of the exposure, as described in Section 2.3.

5.2. Comparison to Lott and Mustard (1997) and Lott
(2010)

While being groundbreaking in performing the �rst in-depth
statistical analysis on the e�ect of RTC laws on crime, both
the study by Lott and Mustard (1997) and the update Lott
(2010) have some methodological drawbacks. A concern is that
they use 36 highly collinear demographic variables, resulting
in unstable e�ect estimates, as noted by Donohue, Aneja, and
Weber (2019).

When examining Lott and Mustard (1997) and Lott (2010)
using the causal modeling framework of MSMs, I conclude that
by using standard regression models, e�ects can be adjusted
away, inducing biased estimates. Also, unlike the present study,
crime rates at a previous time point were not used as predictors
for the implementation of RTC laws. Other methodological
issues include that Lott and Mustard (1997) and Lott (2010) did
not properly adjust for zero in�ation which certainly occurs at
the county level, which is apparent when studying county-level
crime data (see e.g., United States Department of Justice/Federal
Bureau of Investigation 2014). The period examinedwas limited
in both studies. They did not correct for clustering at the state
level, whereas the present study uses random e�ects of state to
do so.

5.3. Comparison to Other Studies

Other previous studies have investigated the e�ect of RTC
laws on crime including Aneja, Donohue, and Zhang (2011),
Ayres and Donohue (2002), Bartley and Cohen (1998), Benson
and Mast (2001), Black and Nagin (1998), Donohue (2003),
Donohue and Ayres (1999), Donohue and Levitt (2001),
Duwe, Kovandzic, and Moody (2002), Helland and Tabarrok
(2004), Hepburn et al. (2004), Kovandzic and Marvell (2003),
Kovandzic, Marvell, and Vieraitis (2005), Ludwig (1998),
Moody andMarvell (2008), Olson andMaltz (2001), Plassmann
and Tideman (2001), Plassmann andWhitley (2003), Rosengart
(2005), and Rubin and Dezhbakhsh (2003).

These studies typically use standard conditional models, so
that e�ects can be adjusted away. Previous studies also have
never allowed for the possibility that crime rates at a previous
time point could be a confounder for the e�ect of RTC laws on
crime at a subsequent time point.

Many previous studies use a linear regression model with
a normal error distribution, which is less appropriate for

crime rates than Poisson models (Plassmann and Tideman
2001). Still, when using a Poisson link function, other stud-
ies do not take into account the possibility of under- or
overdispersion.

A common problem in these studies is that the assumption
of independence of measurements is made, when there is in
reality a clustering of measurements taken within the same
geographical unit (e.g., state or county). When dependence of
measurements within clusters is assumed, a common failure is
to not assume an appropriate correlation structure between the
longitudinal measurements.

Many studies have corrected for covariates measured at the
county level. Since RTC laws are implemented at the state level,
not the county level, confounding occurs only at the state level,
and it is su�cient to adjust only for state level variables. The use
of county level measurements introduces unnecessary complex-
ity and instability, in addition to having to deal with possible
zero-in�ation.

Many of these studies also su�er from over�t. Given the
amount of available data, overly complex models were �t, yield-
ing unstable results. Since there are only 50 states, and mea-
surements within states are highly correlated, with crime rates
which are very low proportions, I regard the available dataset as
relatively small. Therefore, I was conservative in the amount of
nuisance parameters that I used.

I could not �nd a previous study in which none of the above-
mentioned problems was present. In most of the cited studies
several of these problems persist. As mentioned in the introduc-
tion, the National Research Council (U.S.) (2004) indeed con-
cluded that to reach a robust scienti�cally supported conclusion,
new analytical approaches should be developed. The present
study is a response to that call for action, as was also done earlier
by Donohue, Aneja, andWeber (2019), as described in the next
paragraph.

5.4. Comparison to Donohue, Aneja, and Weber (2019)

The method of constructing state level synthetic controls in
Donohue, Aneja, and Weber (2019) is somewhat similar to the
G-computation algorithm described in Van derWal et al. (2009)
to �t a MSM, estimating a causal e�ect with panel data. The
present study andDonohue, Aneja, andWeber (2019) both esti-
mate a causal e�ect while adequately correcting for longitudinal
confounders, but using di�erent methods

The speci�c causal e�ects that were estimated are di�erent in
both studies. The present study estimated a risk ratio between
crime rates when all 50 states would never have implemented a
RTC law versus when all states would have always implemented
a RTC law, during the complete follow-up. Donohue, Aneja, and
Weber (2019) compared crime rates between having a RTC law
versus not having a RTC law, a�er the moment that a RTC law
was actually implemented, in the 33 states that did implement a
RTC law.

The choice of possible confounders that are adjusted for
is also not the same for Donohue, Aneja, and Weber (2019)
and the present study. Both studies use a broad selection of
possible criminological, economic, political and demographic
confounders which would suggest that confounding adjustment
is adequate in both studies. Given the limited amount of data, itExhibit D 
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is necessary to use parsimonious models. Both approaches are
comparable in complexity.

Donohue, Aneja, and Weber (2019) used follow-up from
1977 to 2014, while the present study has a much longer follow-
up, which is likely to yield more statistical power. Another
di�erence is that Donohue, Aneja, and Weber (2019) did not
incorporate an AR1 autoregressive correlation structure, while
the present study does.

Using the synthetic control approach, Donohue, Aneja, and
Weber (2019) mainly found a signi�cant e�ect of RTC law
implementation on violent crime rates. This e�ect was estimated
conditional on year a�er implementation of the RTC law, and
ranged from �0.117% a�er 1 year up to 14.344% a�er 10 years,
averaging 8.45%. The pseudo p-values of Donohue, Aneja, and
Weber (2019), taking full account of the uncertainty in the
estimate, indicate that the e�ect is signi�cant at the 0.05 level
only a�er 8 years. When �tting a MSM on a similar (but not
equal) selection of data in the sensitivity analysis (variant 27 in
Section 4.4), I have found a statistically signi�cant e�ect of RTC
laws on violent crime of 2.8. And while Donohue, Aneja, and
Weber (2019) found no convincing e�ect of RTC laws on mur-
der and property crimes, in variant 27 I have found signi�cant
increases of 5.6% for murder/manslaughter, 7.8% for robbery,
2.7% for total property crime and 2.8% for larceny the�. These
di�erences can be explained from the many methodological
di�erences described above. Furthermore, from the main MSM
encompassing all 50 states, I have found even larger e�ects of
RTC laws on crime, that where always statistically signi�cant
except for forcible rape. MymainMSM takes into account more
fully the development of crime rates over time in the states that
have not implemented a RTC law.

In addition to the main synthetic control approach, Dono-
hue, Aneja, and Weber (2019) also �tted standard conditional
regression models (referred to as �panel data estimates�), on
all states. They found signi�cant e�ects of 9.02% more violent
crime and 6.49% more property crime. Judging from my own
sensitivity analysis, these conditional estimates are likely to
underestimate the true e�ect, although the estimates of Dono-
hue, Aneja, andWeber (2019) are substantially larger than those
from variant 25 in Section 4.4. Donohue, Aneja, and Weber
(2019) also clearly demonstrated the instability that arises by
including the 36 demographic variables of Lott and Mustard
(1997) and Lott (2010).

Certainly, both from the present study and Donohue, Aneja,
andWeber (2019) can be concluded that the implementation of
a RTC law at the state level will cause a substantial increase in
violent crime.

5.5. Conclusion

This study demonstrates that marginal structural models
(MSMs), �tted by inverse probability weighting (IPW), are an
appropriate and convenient instrument for policy evaluation
in a longitudinal setting, comparing separate entities such as
states, cities or countries. This method allows for correction for
confounding variables, while avoiding the drawbacks of more
standard conditional models such as adjusting away the e�ect.
I have applied this method to this topic for the �rst time, while
addressing methodological shortcomings in previous studies.

The results from the present study support the conclusion
of Donohue, Aneja, and Weber (2019) that RTC laws increase
violent crime. However, while Donohue, Aneja, and Weber
(2019) estimated the e�ect of implementing aRTC lawonly in 33
states that did implement such a law using their novel synthetic
control approach, the present study estimates the di�erence in
having and not having a RTC law implemented in all 50 U.S.
states.

The results indicate that RTC laws cause a substantial
increase in both violent crime (7.5%) and property crime rates
(6.1%). In the 42 states with a RTC law in e�ect in 2016, the
increase corresponds to approximately 66.000 additional violent
crimes and 352.000 additional property crimes per year.
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The United States faces rapidly rising rates of violent crime committed with firearms. In this study, we sought
to estimate the impact of changes to laws that regulate the concealed carrying of weapons (concealed-carry
weapons (CCW) laws) on violent crimes committed with a firearm. We used augmented synthetic control models
and random-effects meta-analyses to estimate state-specific effects and the average effect of adopting shall-issue
CCW permitting laws on rates of 6 violent crimes: homicide with a gun, homicide by other means, aggravated
assault with a gun, aggravated assault with a knife, robbery with a gun, and robbery with a knife. The average
effects were stratified according to the presence or absence of several shall-issue permit provisions. Adoption of
a shall-issue CCW law was associated with a 9.5% increase in rates of assault with a firearm during the first 10
years after law adoption and was associated with an 8.8% increase in rates of homicide by other means. When
shall-issue laws allowed violent misdemeanants to acquire CCW permits, the laws were associated with higher
rates of gun assaults. It is likely that adoption of shall-issue CCW laws has increased rates of nonfatal violent
crime committed with firearms. Harmful effects of shall-issue laws are most clear when provisions intended to
reduce risks associated with civilian gun-carrying are absent.

concealed-carry laws; firearms; firearm violence; guns; gun violence; health policy evaluation; synthetic control
method; weapons

Abbreviations: ASCM, augmented synthetic control modeling; ASCM+FE, augmented synthetic control modeling with fixed
effects; ATT, average treatment effect in the treated; CCW, concealed-carry weapons; CDC, Centers for Disease Control and
Prevention; CI, confidence interval; REMA, random-effects meta-analysis; RMSE, root mean square error; SCM, synthetic control
modeling; SCM+FE, synthetic control modeling with fixed effects; UCR, Uniform Crime Reporting.

Editor�s note: An invited commentary on this article and
the authors� response will appear in an upcoming issue.

Though some states allow the open carrying of firearms,
laws that regulate the carrying of concealed firearms have
been intensely debated for the last few decades. During the
past 40 years, many states have removed restrictions on
concealed gun-carrying. In 1980, 21 states did not permit
civilians to carry a concealed firearm under any circum-
stances. In 2021, 21 states did not require any special vetting
or licensing of individuals who wished to carry concealed
firearms in public, referred to as �permitless� concealed-
carry weapons (CCW) laws, and an additional 21 states had

what is known as �shall-issue� CCW permitting laws, which
place relatively modest requirements on legal gun owners
for carrying their firearms concealed outside of the home.
The remaining 8 states and the District of Columbia had
�may-issue� CCW laws, which provide law enforcement
agencies with considerable discretion over who they issue
a license to carry weapons to and often require applicants
to prove that they have a �good cause� or special cause for
needing to carry a concealed gun. Although these 8 states
have maintained may-issue policies, many of these laws are
under scrutiny as part of ongoing litigation (1).

The changing landscape of state laws governing con-
cealed gun-carrying over the past 40 years has provided
researchers an opportunity to estimate the relationship
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between these laws and public safety. Indeed, no other type
of gun law has been studied as frequently with a wide array
of methods and findings (2). Early research on CCW laws
by Lott and Mustard (3) suggested that movement from no-
issue or may-issue laws to shall-issue laws led to reductions
in violent crime. The �more guns, less crime� hypothesis that
was foundational to this work posited that if more civilians
were legally carrying firearms in public, criminals would be
deterred from engaging in crime, as they would not know
whether a potential target was armed. The study, however,
contained serious flaws previously noted in the literature
(4, 5). Despite these flaws, this hypothesis and perceived
deterrent benefits have been used to argue for lowering
restrictions on concealed gun-carrying.

Recent research (2, 5�14) estimated the impacts of shall-
issue laws on violent crime outcomes, with additional years
of data and statistical techniques that addressed problems
present in Lott and Mustard�s research. Many studies that
sought to estimate the association between CCW laws and
violent crime have been described and critiqued elsewhere
(2). Findings have been somewhat mixed; however, many of
the most recent studies have found evidence that adopting
a right-to-carry law is associated with increases in violent
crime, including homicides (5�14). The majority of these
studies used panel regression to estimate the impact of right-
to-carry laws on violent outcomes as Lott and Mustard
did (3), and most addressed weaknesses in the above Lott
and Mustard study. Moreover, when studies examined the
relationship between CCW laws and violent crime, they
used total nonfatal violent crime as the outcome measure
rather than disaggregated violent crimes committed with
firearms.

Some shall-issue laws have certain restrictions or require-
ments for obtaining a license to carry a concealed firearm,
and these provisions have not been examined in prior stud-
ies. These provisions are likely to influence the number
of licenses issued, how well individuals with histories of
violence are screened out, and the ability of the person
applying for a license to carry to safely handle a firearm.
In this study, we estimated the association between violent
crime and moving from a may- or no-issue CCW law to
a shall-issue CCW law within strata defined by whether:
1) violent misdemeanants are ineligible to receive a license
to carry; 2) officials can deny applicants based on a history
of dangerous behavior; 3) the law has a �suitability� clause
that allows officials to deny a license to someone deemed to
be of questionable character; and 4) the law requires firearm
safety training that includes applicants� engaging in some
form of live-fire training. The first 3 restrictive provisions
could reduce the number of individuals at elevated risk for
committing acts of violence who can legally carry concealed
firearms, and the fourth could potentially prevent individu-
als who are insufficient at handling a firearm safely from
carrying a gun and reduce the overall number of people
licensed to carry, because the safety tests require time and
money (15).

The current study examined relationships between the
adoption of shall-issue laws and rates of disaggregated non-
fatal and fatal violent crime committed with a firearm and
other means. Further, we sought to understand whether

the impact of shall-issue law adoption varies based on the
presence or absence of provisions intended to limit risks
associated with civilian gun-carrying. We hypothesized that
moving to a shall-issue CCW law from a may-issue/no-issue
CCW law increased rates of fatal and nonfatal violent crime
at the individual state level and in the aggregate. Further,
we hypothesized that CCW permit provisions designed to
restrict CCW permits from being issued to risky gun pos-
sessors would attenuate violence-producing effects of shall-
issue laws.

METHODS

We used a quasi-experimental design to estimate the
association between shall-issue law adoption and annual
state-level counts of fatal and nonfatal violent crimes. We
estimated the average treatment effect in the treated (ATT)
for fatal and nonfatal violent crimes related to the changes
in CCW laws using a comparative time-series analysis.
We identified the average effect of laws weighting state-
specific effects based on the inverse of the standard error
using random-effects meta-analysis (REMA).

Variables and data sources

This study examined 6 separate outcomes: rates of
1) aggravated assault committed with a gun, 2) robbery com-
mitted with a gun, 3) homicide committed with a gun,
4) aggravated assault committed with a knife, 5) robbery
committed with a knife, and 6) homicide committed by other
means, excluding firearms (nongun homicides). Counts of
aggravated assaults and robberies committed with a gun or a
knife were ascertained from the Federal Bureau of Investiga-
tion�s Uniform Crime Reporting (UCR) Program (�Offenses
Known and Clearances by Arrest� files) (16). Counts of gun
and nongun homicides were obtained from the Centers for
Disease Control and Prevention�s (CDC) National Center
for Health Statistics. We defined firearm homicide using
International Classification of Diseases, Tenth Revision,
codes X93, X94, X95, and �U01.4. Nonfirearm homicides
(or homicides by all other means not involving a firearm)
were defined using International Classification of Diseases,
Tenth Revision, codes X85�X92, Y87.1, �U01(.0�.3, .5�.9),
and �U02. We accessed the yearly compressed mortality
files via data request to the CDC. We aggregated outcomes
to the state level and indexed them by year. We obtained
population counts by state from the CDC�s Web-based
Injury Statistics Query and Reporting System (WISQARS)
to generate violent crime rates per 100,000 population.

The following covariates were included in each of the
statistical models: percentage of the population living in
a Metropolitan Statistical Area, percentage of black males
aged 15�19 years, percentage of White males aged 15�19
years, percentage of the population living in poverty, and
percent unemployed, as well as personal income, rate of
ethanol consumption, rate of incarceration, and law enforce-
ment employment per capita (number of law enforcement
employees per 100,000 population indexed at the state-year
level). Rates of incarceration and police employment were
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extrapolated for 2019. Covariate data were acquired from
the US Census Bureau, the Bureau of Labor Statistics, the
Bureau of Justice Statistics, the UCR Program, and the
National Institute on Alcohol Abuse and Alcoholism. These
covariates were chosen on the basis of their demonstrated
relationship with violent crime, as described in the literature,
and theory: Sociodemographic variables capture factors,
including racism and concentrated disadvantage, that affect
the distribution of violence; other variables reflect the dis-
tribution of policing and incarceration, which affects crime
and crime reporting; and alcohol consumption was included
to account for the close relationship between alcohol use and
violence (7, 17�22).

State laws were identified through searches of each state�s
legal code. We determined effective dates (dates the law
went into effect) through review of each statute�s legislative
history. We compared our findings with public databases of
state gun laws and prior research on concealed-carry laws
(5, 23, 24). During our study period, 36 states adopted a
shall-issue CCW law as a change from a may-issue/no-
issue CCW law. Our analysis focused on evaluating tran-
sitions from no-issue or may-issue laws to shall-issue laws
and changes in key provisions relevant to reducing risk
associated with civilian gun-carrying. The following per-
mit provisions were identified: a live-fire training require-
ment, discretion to deny whenever an applicant was deemed
�unsuitable� (e.g., immoral, unstable), discretion to deny
if an applicant had a history of dangerousness, and pro-
hibition based on prior violent misdemeanor convictions.
Table 1 provides effective dates for the adoption or repeal
of each type of law and permit provision. Within our anal-
ysis, we analyzed the presence and absence of each shall-
issue law provision separately and analyzed the impact of
having no permit provisions and at least 1, 2, or 3 permit
provisions.

Analysis

We used a data-driven approach to examine the ATT of
adopting a shall-issue CCW law. We compared the perfor-
mance of 4 model specifications related to the synthetic con-
trol method, including synthetic control modeling (SCM),
SCM with fixed effects (SCM+FE), augmented synthetic
control modeling (ASCM), and ASCM with fixed effects
(ASCM+FE). The ASCM method is an extension of the syn-
thetic control method developed by Abadie and Gardeazabal
(25). The SCM creates a �synthetic state� for the outcome of
interest in the state, with the policy change based on a set of
weights among a donor pool of comparison states that were
�at risk� of the policy change. Weights are calculated using
lagged outcomes and covariate values from the donor states
and seek to minimize the error in predicting the observed
values of the outcome variable in the treated state during
the period prior to the policy change (25�27). The SCM
approach then uses those weights to forecast into the post�
policy-change period for the synthetic treatment state, allow-
ing a counterfactual comparison (25�28). Specifying fixed
effects demeans the lagged outcomes in the pretreatment
period prior to the creation of the weighted synthetic control
model.

The ASCM method is like the SCM method in that it
creates a weighted synthetic state. The synthetic control
state is then augmented using a linear regression model,
regressing the synthetic state on the treated state. The linear
regression model�s coefficients are estimated using a ridge
estimator, rather than ordinary least squares, introducing
the L2-norm penalty term. The use of the ridge estimator
can produce more precise standard errors around the true
effect value when data suffer from multicollinearity. The L2-
norm is fine-tuned using the constant �, which is selected
using leave-one-out cross-validation. This technique works
to minimize overfitting of the counterfactual in the pretreat-
ment period. The ridge estimator introduces potentiality for
negatively weighted donor states and improves the origi-
nally estimated synthetic control pretreatment fit. ASCM
has recently been used to examine opioid use (29), firearm
violence (30), and air pollution (31). The ASCM method
is notably useful when the pool of potential donor states is
small.

As part of our model evaluation, we considered the root
mean square error (RMSE) during the pretreatment period
as well as the RMSE in the 3 years prior to implementation.
These measures, and their relative distance from each other,
provide an estimation of overall synthetic control model
performance, as well as an estimation of how much the
synthetic control model diverges from the treatment trend
immediately prior to treatment. Synthetic controls with high
RMSE divergence in the years prior to implementation may
provide biased estimates of the ATT. The ATT is calculated
as the average difference between the treated state and the
augmented synthetic control state during the postimplemen-
tation period. We specified jackknife standard errors for
inference (32, 33). We used the R package �augsynth� (34).
For all models, the donor pool consisted of the 8 may-issue
states with unchanged CCW laws during the study period
(California, Connecticut, Delaware, Hawaii, Massachusetts,
Maryland, New Jersey, and New York) (Table 1). We did not
include late-adopting shall-issue states in our donor pool.

Prior research suggests that the impact of CCW law
changes peaks at around 10 years (35). Forecasting coun-
terfactuals for long periods increases risks of confounding
factors� biasing estimates of policy impacts. Therefore, each
model is restricted to 10 years post�law change. To ensure
that the most relevant and recent trends were used to con-
struct the policy counterfactuals, pretreatment training years
were restricted to the 10 years prior to law change. Alaska
removed its permit provision for carrying a concealed
weapon less than 10 years after adopting a shall-issue CCW
permitting system. We ended its posttreatment period in the
year before the permitless CCW system was enacted. We
include model specification data (SCM, SCM+FE, ASCM,
and ASCM+FE) for all models, including donor pool
weights, covariate balance, and, for ASCM and ASCM+FE,
lambda cross-validation.

A priori, we excluded Kansas and Missouri, as well as
Florida�s nonfatal outcomes, from our analysis due to issues
with data reporting and possible confounding. Examina-
tion of Florida�s participation in the UCR reporting system
showed that approximately 95% of law enforcement agen-
cies in the state reported data in the year prior to shall-issue
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Concealed-Carry Weapons Laws and Violent Crime Rates 345

Table 1. Legal Landscape Regarding Concealed-Carry Weapons Laws in the United States, 1980�2019a

State

Overall CCW Permitting Law Speci�c Permitting Requirements

May-Issue
Permit

Shall-Issue
Permitb

Permitless
Carry Live Fire Dangerousness Suitability

Any Violent
Misdemeanor
Prohibition for
CCW Permit

Alabama 2013c 2013 Pre-1980�2013 Pre-1980

Alaska 1994 2003 1994�2003 1994�2003

Arizona 1994 2010

Arkansas 1994c 1995�2021

California Pre-1980 Pre-1980 1991

Colorado 2003c 2003

Connecticut Pre-1980 Pre-1980 1994

Delaware Pre-1980 1998 Pre-1980

Florida 1987 2016 Pre-1980�1987 1987

Georgia 1989c Pre-1980 1983

Hawaii Pre-1980 1995d Pre-1980 1981

Idaho 1990 2016e 1990�2016

Illinois 2014c 2014 2014 1996

Indiana Pre-1980c Pre-1980

Iowa 2011c 2011 Pre-1980

Kansas 2007 2015e 2007�2015 2007�2015

Kentucky 1996 2019e 1996�2019 1997

Louisiana 1996 1996 1996

Maine 1981 2015e 1981�2015

Maryland Pre-1980 2013 1996

Massachusetts Pre-1980 Pre-1980 Pre-1980

Michigan 2001 2001 Pre-1980�2001 2001

Minnesota 2003c 2003 2003 2003

Mississippi 1991 2016e

Missouri 2004c 2017e 2004�2017 2004�2007 2004�2017

Montana 1991c 1991 Pre-1980 1991

Nebraska 2007 2007 2007

Nevada 1995 1995

New Hampshire Pre-1980c 2017f Pre-1980�2017

New Jersey Pre-1980 Pre-1980

New Mexico 2004 2004 Pre-1980 2004

New York Pre-1980 Pre-1980

North Carolina 1995 1995 1995

North Dakota 1985 2017d 1985�2017 2013�2017 1985

Ohio 2004 2004 2004

Oklahoma 1995 2019e 1995�2019 1995�2019

Oregon 1990c 1990 Pre-1980�1990 1991

Pennsylvania 1989c 1989 Pre-1980 1995

Rhode Island Pre-1980c Pre-1980 Pre-1980

South Carolina 1996 Pre-1980

South Dakota 1985 2019e 1985�2019 Pre-1980

Table continues
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Table 1. Continued

State

Overall CCW Permitting Law Speci�c Permitting Requirements

May-Issue
Permit

Shall-Issue
Permitb

Permitless
Carry Live Fire Dangerousness Suitability

Any Violent
Misdemeanor
Prohibition for
CCW Permit

Tennessee 1996 1989

Texas 1996 1996 1996

Utah 1995c 1995�2010 Pre-1980�2010 1986

Vermont Pre-1980

Virginia 1995c 1995 Pre-1980�1995 1995

Washington Pre-1980

West Virginia 1989�May
24, 2016

2016e Pre-1980�1989 2013�2016

Wisconsin 2011

Wyoming 1994c 2011 1994�2011 1983�1994

Abbreviation: CCW, concealed-carry weapons.
a A dash between years indicates that the law or provision was repealed.
b Alaska, Arizona, Arkansas, Illinois, Kansas, Kentucky, Louisiana, Mississippi, Missouri, Nebraska, New Mexico, North Carolina, North

Dakota, Ohio, Oklahoma, Tennessee, Texas, Wisconsin, and Wyoming were all considered no-issue CCW states prior to adopting a shall-issue
CCW permitting system.

c Some limited discretion was afforded to the issuing agency.
d Hawaii requires live-fire training for a license to possess a gun, which is a prerequisite for carrying a concealed weapon.
e Adoption of the law occurred in the second half of the year during the study period.
f Adoption of the law occurred in the first half of the year during the study period.

adoption, 0% of law enforcement agencies reported data
in 1988 (the first full year of shall-issue implementation),
and 63% of law enforcement agencies reported data in the
subsequent 5 years (36). Because the reductions in reporting
agency would probably manifest as reductions in reported
crime, we elected to remove Florida from our analysis.
Kansas passed a stand-your-ground law 1 year prior to
adopting a shall-issue CCW law, and Missouri repealed its
permit-to-purchase law within 3 years of adopting a shall-
issue CCW law, both of which are associated with increases
in firearm homicides and thus may present biased estimates
of effect related to shall-issue law adoption (37�41). Web
Table 1 provides law adoption dates for stand-your-ground
and permit-to-purchase laws.

To examine the average effect related to adopting a shall-
issue CCW law across states, and to understand whether
different shall-issue permit provisions affect the relationship
between shall-issue laws and violent crime, we calculated an
inverse standard error weighted average using a REMA. We
specified a random-effects model to account for difference in
implementation and context relevant to gun violence across
states and time. Random-effects models assume that there is
a distribution of true effect sizes, and the weighted average
represents the mean of the population of true effects. For
each outcome, we conducted stratified REMA according to
the presence of a given CCW permitting provision. We cal-
culated measures of I2 and T2 to understand heterogeneity of
effects. REMAs have been used previously to understand the

average impact of law changes related to firearm violence (6,
42). We used the R package �meta� for this analysis (43).

RESULTS

Figure 1 displays trendlines of fatal and nonfatal out-
comes from 1980 to 2019. We provide trend lines for may-
issue laws, shall-issue laws, and the national average. For
Figure 1, CCW laws are categorized on the basis of whether
states are never adopters or adopters. This implies that a late-
adopting shall-issue CCW law state is included in the �shall-
issue� trendline throughout the duration.

Examination of RMSE performance across model specifi-
cations indicated that ASCM+FE provided both the best and
most consistent RMSE in the pretreatment period (Figure 2).
Figure 2 shows the overall RMSE and the prior-3-years
RMSE for all shall-issue�adopting states across all 6 out-
comes. Note that, on average, the ASCM+FE models pro-
vide the lowest RMSE across model selections and that the
gap between the overall RMSE and prior-3-years RMSE
is smallest. In addition to RMSE performance, ASCM+FE
provided the best covariate balance, on average, comparing
treatment and synthetic control models (Web Figures 1�9).
Donor pool weights are also provided in Web Figures 10�
43. Web Figures 44�77 provide lambda cross-validation for
ASCM and ASCM+FE.
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Figure 1. Trends in fatal (A) and nonfatal (B) violent crime rates per 100,000 population according to type of concealed-carry weapons (CCW)
law, United States, 1980�2019.

Figure 3 shows a gap plot for the state of Alabama. In
the figure, columns represent the 4 model specifications
and rows represent the 6 violent crime outcomes. In this
image, we see a visual representation of the RMSE for the
full prelaw period and the RMSE for the 3 years prior to
shall-issue law adoption, as well as the ATT and the standard
error. Examining the model specifications for gun homicide
rates (row 1), we see that the difference between observed
rates and the synthetic control models prior to the shall-issue
law was closest to 0 for the 2 models with fixed effects in
the pretreatment period. This can also be seen in Figure 2;
examining gun homicide in Alabama, we note that the values
for ASCM+FE and SCM+FE are clustered together, with
the other RMSE values further away from 0. We also see that
there is large uncertainty in the non�fixed-effects models
(Figure 3). Web Figure 78 shows that the standard errors
are much larger for the ASCM and SCM models than for

the ASCM+FE and SCM+FE models for gun homicides in
Alabama (Web Figures 79�83 show the ATTs and standard
errors according to model specifications for the other violent
crime outcomes). Gap plots for every treatment state are
provided in Web Figures 84�116.

Violent crime, in general, trended upwards during the 10
years after shall-issue law implementation. Table 2 shows
the ATTs and standard errors for our violent crime outcomes
with an ASCM+FE model specification. Rates of gun and
nongun homicide were largely greater in the postimplemen-
tation period. Rates of gun assaults were largely increasing,
while rates of knife assaults decreased. Rates of gun robbery
and knife robbery did not show discernable trends.

Results of the REMA indicated that adopting a shall-
issue law was associated with an additional 5.31 gun assaults
per 100,000 population (95% confidence interval (CI): 1.19,
9.43) (Figure 4). This translates to a 9.5% increase in rates
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Figure 2. Root mean square errors (RMSEs) from 4 models of the relationship between concealed-carry weapons (CCW) laws and crime rates
per 100,000 population for 6 violent crime outcomes, United States, 1980�2019. A) Homicide with a gun; B) homicide by other means; C) assault
with a gun; D) robbery with a gun; E) assault with a knife; F) robbery with a knife. Circular points represent the overall RMSE, whereas triangular
points represent the RMSE for the 3 years prior to law adoption. Red represents values from augmented synthetic control modeling (ASCM),
green represents values from augmented synthetic control modeling with fixed effects (ASCM+FE), teal represents values from synthetic control
modeling (SCM), and purple represents values from synthetic control modeling with fixed effects (SCM+FE). AK, Alaska; AL, Alabama; AR,
Arkansas; AZ, Arizona; CO, Colorado; FL, Florida; GA, Georgia; IA, Iowa; ID, Idaho; IL, Illinois; KY, Kentucky; LA, Louisiana; MI, Michigan; MN,
Minnesota; MS, Mississippi; MT, Montana; NC, North Carolina; ND, North Dakota; NE, Nebraska; NM, New Mexico; NV, Nevada; OH, Ohio;
OK, Oklahoma; OR, Oregon; PA, Pennsylvania; SC, South Carolina; SD, South Dakota; TN, Tennessee; TX, Texas; UT, Utah; VA, Virginia; WI,
Wisconsin; WV, West Virginia; WY, Wyoming.
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Figure 3 Continues

of gun assaults above forecasted counterfactuals. Shall-issue
law adoption was associated with an additional 0.19 nongun
homicides per 100,000 population (95% CI: 0.07, 0.31), an
8.8% increase. The adoption of shall-issue laws was asso-
ciated with non�statistically significant increases in rates of
all other violent crimes. Heterogeneity of effect across states
was moderate to high for all outcomes except assaults and
robberies with a knife (Web Figure 117).

Differential associations related to the presence or
absence of shall-issue CCW-law permitting provisions
existed by and large for gun assaults and nongun homicides
(Web Figures 118�123). For gun assaults, states with violent
misdemeanor prohibition provisions saw a nonsignificant
increase of 2.81 crimes per 100,000 population (95% CI:
�1.51, 7.13). When states allowed violent misdemeanants
to obtain CCW permits, shall-issue laws were associated
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Figure 3. Gap plots comparing treated and synthetic control model outcomes for the relationship between concealed-carry weapons laws and
rates of 6 violent crimes, Alabama, 1980�2019. The 4 columns of data represent crime rates per 100,000 population for augmented synthetic
control modeling (ASCM) (red), augmented synthetic control modeling with fixed effects (ASCM+FE) (green), synthetic control modeling (SCM)
(teal), and synthetic control modeling with fixed effects (SCM+FE) (purple), respectively. Plots A�D, homicide with a gun; plots E�H, homicide
by other means; plots I�L, assault with a gun; plots M�P, assault with a knife; plots Q�T, robbery with a gun; plots U�X, robbery with a knife.

with a significant increase of 12.7 gun assaults per 100,000
population (95% CI: 0.97, 24.42). Shall-issue states with
live-fire training requirements and suitability provisions
displayed nonsignificant relationships with gun assaults,
while states without such provisions displayed significantly
greater rates. The same differential relationships existed for
nongun homicides.

Web Figures 118�123 also present differences in esti-
mates of shall-issue law effects based on the number of
provisions intended to reduce risks. States that adopted shall-
issue CCW laws without any provisions saw 10.26 (95% CI:
2.87, 17.65) additional gun assaults and 1.44 (95% CI: 0.44,
2.45) additional gun homicides per 100,000 population�
21.6% and 29.8% increases in rates above those expected,
respectively. Differential associations also existed for shall-
issue CCW law states with at least 2 and at least 3 permitting
provisions for rates of gun assault and nongun homicide. For
both outcomes, shall-issue states with at least 2 or at least 3
provisions displayed nonsignificant relationships, whereas
states without at least 2 or without at least 3 provisions
displayed significant increases in association.

DISCUSSION

There have been dramatic changes in state laws governing
civilian carrying of concealed firearms from the 1980s to

2021, resulting in large-scale deregulation. Consistent with
many recent studies (5�8, 14), we found that states that
moved from a may-issue CCW law to a less restrictive shall-
issue CCW law experienced increased rates of violent crime.
Specifically, shall-issue law adoption was associated with a
9.5% increase in rates of aggravated gun assault. Shall-issue
laws were also associated with an 8.8% increase in nongun
homicides.

Evidence of violence-generating effects of moving from
may-issue laws to shall-issue laws was most evident when
states allowed individuals with prior convictions for a violent
misdemeanor crime to obtain CCW permits. Under these
conditions, shall-issue laws were associated with significant
increases in gun assault rates. Shall-issue laws that prohib-
ited violent misdemeanants from obtaining CCW permits
were not associated with changes in gun-related violent
crime. Violent misdemeanants who are allowed to purchase
handguns legally subsequently commit violent and firearm-
related crimes at 7 times the rate at which handgun pur-
chasers without such convictions commit these crimes after
purchasing a handgun (43). Laws that prohibit violent mis-
demeanants from acquiring firearms are associated with
lower rates of violent and firearm-related crime (44). State-
level studies have also found firearm prohibitions for
violent misdemeanants to be associated with reduced rates
of intimate partner homicides (45), total homicides (12), and
firearm injuries treated in hospitals (46).
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Table 2. Average Treatment Effect in the Treateda (and Standard Errorb) for the Association Between Adoption of a Shall-Issue Concealed-
Carry Weapons Law and Violent Crime Outcomes, United States, 1980�2019

State
Homicide

Committed
With a Gun

Homicide
Committed by
Other Means

Assault
Committed
With a Gun

Assault
Committed
With a Knife

Robbery
Committed
With a Gun

Robbery
Committed
With a Knife

Alabama 1.62 (0.43)c �0.21 (0.18) 16.56 (7.87)c �19.26 (27.70) 13.10 (12.49) �2.19 (3.20)

Alaska �0.20 (0.50) 1.22 (0.64) 8.12 (21.48) 0.96 (17.30) �8.95 (25.38) �0.06 (6.09)

Arkansas 0.34 (1.11) 0.82 (0.74) 23.90 (23.17) �3.00 (19.03) 17.06 (38.14) 8.73 (12.99)

Arizona 2.44 (0.60)c 0.83 (0.22)c �1.60 (17.75) �8.91 (7.06) 1.69 (22.59) 6.73 (6.46)

Colorado �0.98 (0.61) 0.04 (0.14) 15.32 (9.30) �0.10 (6.03) �2.64 (9.04) �2.78 (3.37)

Florida �3.10 (0.39)c �0.41 (0.27)

Georgia �0.96 (0.82) �0.43 (0.19)c 4.52 (8.42) �6.32 (12.12) 7.54 (13.17) �2.25 (1.97)

Iowa 0.42 (0.19)c 0.19 (0.11) 8.34 (0.49)c 0.57 (14.68) 7.21 (9.14) 1.19 (1.39)

Idaho 0.33 (0.41) 0.50 (0.26) �1.78 (17.02) �0.61 (23.38) �19.36 (25.68) 3.06 (3.79)

Illinois 1.50 (0.20)c �0.06 (0.06) �3.28 (5.68) 0.87 (8.89) 5.59 (8.66) �0.76 (2.37)

Kentucky �0.06 (0.89) 1.05 (0.39)c 4.25 (16.34) �16.15 (24.01) 7.96 (23.12) 2.72 (6.26)

Louisiana 0.61 (2.43) 0.52 (0.32) 6.30 (15.04) 25.17 (35.77) 12.40 (31.22) 4.26 (13.92)

Michigan �0.70 (0.86) �0.31 (0.12)c 2.80 (9.70) �2.53 (8.63) 1.76 (9.19) �2.02 (3.68)

Minnesota �0.42 (0.74) �0.11 (0.21) �0.38 (11.05) �11.56 (14.29) �0.13 (10.55) �2.79 (3.48)

Mississippi 1.39 (0.67)c 1.22 (0.38)c 4.16 (18.99) �13.64 (20.14) 13.02 (25.71) 13.02 (7.09)

Montana �0.10 (0.30) 0.85 (0.46) �17.70 (14.99) �15.49 (18.74) �18.32 (21.53) 2.33 (4.03)

North Carolina �0.15 (1.06) 0.06 (0.37) 22.15 (23.64) �17.61 (18.80) 23.88 (28.56) 0.43 (10.52)

North Dakota �0.01 (0.40) 0.03 (0.14) �2.33 (7.20) �8.96 (12.43) 9.48 (13.27) 0.62 (7.14)

Nebraska 0.12 (0.43) 0.11 (0.08) 4.28 (9.34) �1.33 (9.73) �2.42 (1.59) �0.75 (0.35)c

New Mexico �0.42 (1.21) �0.22 (0.18) �10.38 (4.16)c �9.08 (11.47) �10.29 (3.68) �1.53 (1.64)

Nevada 1.56 (1.07) 0.18 (0.24) 8.90 (36.74)c 16.29 (9.21) �3.43 (29.01) �6.71 (8.84)

Ohio 0.41 (0.76) 0.41 (0.21) 8.66 (2.72)c 0.31 (5.56) 11.60 (4.02)c 0.38 (1.64)

Oklahoma �0.33 (0.48) 0.40 (0.29) 11.71 (19.50) 7.44 (10.96) �14.47 (31.71) 4.43 (7.28)

Oregon �0.01 (0.35) 0.19 (0.29) �6.34 (6.24) �5.84 (13.68) �31.58 (21.38) �5.35 (5.67)

Pennsylvania 1.65 (0.96) 0.33 (0.13)c 20.68 (17.02) 8.89 (6.27) 36.67 (10.82) 5.76 (2.73)

South Carolina 0.78 (0.70) 0.30 (0.27) 8.51 (24.75) �27.58 (38.45) 9.61 (44.87) �3.14 (11.67)

South Dakota �0.46 (0.50) �0.63 (1.02) 9.31 (9.85) 1.89 (8.92) 7.68 (15.75) �1.38 (8.55)

Tennessee 0.58 (0.70) 0.33 (0.37) 73.39 (14.34) 43.02 (11.91) 13.39 (20.98) 5.47 (4.11)

Texas �0.40 (2.98) 0.19 (0.10) 10.17 (16.21) �0.99 (12.94) �3.00 (48.64) 11.46 (8.45)

Utah 0.24 (0.60) 0.54 (0.26) 7.97 (16.37) 10.21 (11.87) 6.83 (14.21) 6.83 (4.33)

Virginia �0.55 (1.23) 0.46 (0.17)c �2.32 (27.95) �11.18 (14.35) �5.66 (39.48) �0.70 (7.23)

Wisconsin 0.83 (0.23)c �0.01 (0.08) 13.63 (4.31)c 17.40 (13.58) 7.97 (9.85) 1.65 (1.19)

West Virginia �0.48 (1.21) 0.96 (0.40)c �1.88 (9.76) 2.12 (14.57) �4.78 (24.88) 8.12 (3.73)

Wyoming 0.02 (0.47) 1.22 (0.29)c �22.50 (21.93) �16.65 (17.07) �28.23 (36.88) �1.40 (12.16)

a The augmented synthetic control method with fixed effects was used for model specifications. Each model also included jackknife standard
errors for inference.

b All standard errors were calculated using the jackknife method. Web material shows the pretreatment covariate balance (Web Figures 1�9),
donor pool contribution (Web Figures 10�43), and gap plots (Web Figures 84�116) for each of these synthetic control models.

c The 95% confidence interval did not include 0.

Assaults are the most common type of violent crime.
Increasing gun-carrying could increase the frequency with
which individuals use firearms inappropriately in response
to interpersonal conflicts, provocations, or situations that
they want to control by threat of deadly force. Berkowitz
and Lepage (47) found evidence of a �weapon effect� (48)

linking the presence of a firearm with increased aggressive
thoughts, perceptions of situations as hostile or dangerous,
and aggressive behavior. Most legal gun owners may be law-
abiding and not prone to violence; however, a small percent-
age may be at heightened risk of committing violent acts. For
example, between 2001 and 2003, the National Comorbidity

Am J Epidemiol. 2023;192(3):342�355

D
ow

nloaded from
 https://academ

ic.oup.com
/aje/article/192/3/342/6698676 by U

niversity of C
alifornia, Los A

ngeles user on 15 M
arch 2023

Exhibit D 
Page 159

Case 3:19-cv-01226-L-AHG   Document 134-8   Filed 03/15/24   PageID.14541   Page 234 of
453



352 Doucette et al.

Assault with a gun

Assault with a knife

Robbery with a gun

Robbery with a knife

Homicide with a gun

Homicide by other means

Type of Crime

—5 0 5 10

Average Treatment Effect in the Treated

ATT (95% CI)

5.31 (1.19, 9.43)

1.04 (—2.78, 4.86)

2.66 (—1.83, 7.15)

—0.35 (—0.92, 0.22)

0.20 (—0.19, 0.59)

0.19 (0.07, 0.31)

Figure 4. Impact of adoption of shall-issue concealed-carry weapons laws on violent crime outcomes in a random-effects meta-analysis,
United States, 1980�2019. Bars show 95% confidence intervals (CIs). The average treatment effect in the treated (ATT) represents the change
in the number of crimes per 100,000 population.

Survey Replication collected extensive data on a nationally
representative sample of adults. Swanson et al. (49) found
that nearly 1 in 20 men surveyed reported carrying a gun
outside the home and impulsive, angry behavior patterns.

As cultural norms regarding civilian gun-carrying shift
after shall-issue law adoption toward more individuals� being
armed with a concealed firearm, more hostile altercations
are likely to involve firearms, such as an argument over a
parking space (50, 51). There is also evidence that drivers
drive more aggressively when there is a gun in the vehicle
(52, 53), and one news report noted an uptick in road rage
incidents involving fatal shootings in recent years (54). In
a systematic review, Braga et al. (55) synthesized existing
literature on the instrumentality of firearms. They found
that the presence of firearms likely made otherwise nonfatal
altercations result in a fatality (55). Further, recent evidence
from Donohue et al. (56) found that adopting a right-to-
carry law was associated with a 35% increase in firearm
theft�meaning that adoption of these laws may introduce
thousands of guns into illegal gun markets and/or the hands
of criminals. Given this lethality, increased exposure to
firearms outside the home in response to legal and cultural
changes supporting more gun-carrying appears to increase
the likelihood of violence involving firearms.

Opponents of firearm regulations often argue that legal
gun owners prevent violent crime, especially if they are
allowed to carry concealed guns in public. However, many
states have relatively low standards for legal gun possession.
In those states, the greatest numbers of persons incarcerated
for firearm-related violent crimes were persons who legally
possessed a gun before using that gun to commit the crime
leading to their incarceration (57).

Shall-issue laws were associated with increases in nongun
homicides, but we did not find a significant link between
these laws and rates of knife assaults and knife robberies.
Many nongun homicides are due to domestic violence
involving family members or intimate partners and usually
occur in the home. The association between shall-issue
laws and these crimes is most likely due to confounding
with conditions more specific to domestic homicide than
to factors influencing violence outside the home, given the

null findings and point estimates near 0 in the aggregate
models for assaults and robberies committed with knives.
The strongest and most consistent association for shall-issue
laws was an increase in aggravated gun assaults.

Stratifying our REMA analysis by the absence or presence
of shall-issue permitting provisions produced differential
results. For aggravated gun assaults and nongun homicides,
states with shall-issue laws that required the permittee to
undergo live-fire training, allowed law enforcement offi-
cers limited discretion regarding a permittee�s suitability to
carry a concealed weapon, and/or prohibited violent mis-
demeanants from obtaining a permit did not experience
increased rates of violent crime in comparison with states
without such provisions. The cumulative impact of these
provisions was notable; states with shall-issue laws that had
at least 1, 2, or 3 of the provisions we examined had no
statistically significant relationship with rates of gun assault
or nongun homicide.

This study was not without limitations. Like other meth-
ods for estimating the impact of public policies, the ASCM
and SCM methods rest on several assumptions. The meth-
ods� ability to provide an accurate counterfactual on which
to make causal inference is based on the pretreatment fit
between treated states and their ASCMs. A strong pretreat-
ment fit is necessary to fulfill the parallel trend assump-
tion needed for causal inference. We assessed and reported
not only overall model fit but model fit for the 3-year
period leading up to shall-issue-law adoption to identify
potential biases. The literature is currently uncertain as to
what indicates �good� pretreatment fit. We defined strongly
performing models as having a pretreatment RMSE within
2 standard deviations of the mean RMSE and calculated our
inverse-standard-error�weighted averages excluding states
with poor treatment fit.

ASCM assumes no anticipation in effect and no spillover
from the donor pool. To examine no anticipation in effect,
we calculated the prior-3-years RMSE and compared it with
the overall RMSE as part of our model selection. Because of
our very small donor pool (n = 8), we had limited ability to
test the assumption of no spillover. It is likely that a citizen
in a shall-issue state with a CCW license could have carried
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their weapon unlawfully into a may-issue state�although,
to affect our model estimates, they would have needed to
commit a violent firearm-related crime. The likelihood that
this scenario happened frequently enough to impact state-
level rates of violent crime per 100,000 population is small.

The synthetic control method is also limited by its inabil-
ity to control for other state laws. As such, we excluded
Missouri and Kansas as treatment states a priori. We also
could not assess implementation and enforcement of law
provisions. Training practices or limited law enforcement
discretion, for example, may not be implemented in a way
that reflects statutory text. Future work should examine spe-
cific permitting standards using quantitative and qualitative
methods. However, our use of the REMA method did allow
us to understand whether the presence of certain CCW-law
permitting provisions confounded the relationship between
law adoption and violent crime rates.

Use of the Federal Bureau of Investigation�s �Offenses
Known and Clearances by Arrest� data had limitations. The
primary limitation is that this data set only includes crimes
reported to police, and many crimes go unreported. A 2008
National Crime Victimization Survey found that the per-
centages of personal crimes reported to police were highest
for aggravated assault with an injury (74.1%) and robbery
with an injury (72.7%) (58). Thus, the UCR Program is
likely to account for the most serious forms of violent
crime. Reporting data to the UCR Program is done on a
voluntary basis, and reporting practices may vary by state
and over time (59). The National Archive of Criminal Justice
Data, where these data are archived, imputes county-level
data when there is missingness and the imputed values are
aggregated at the state level (60). Imputation for problems
with state-level UCR data that are flagged on the UCR
�Methods� page reveal no connection between such prob-
lems and the states and years of shall-issue adoption (61).
The limitations surrounding underreporting and missingness
in UCR data probably contribute to measurement error, and
the direction of bias due to nondifferential misclassification
is hard to predict.

In conclusion, during the 10 years of postadoption time,
adoption of shall-issue CCW laws was associated with
increased rates of aggravated gun assault and nongun homi-
cide. It appears that restricting shall-issue CCW permits
from petitioners with violent misdemeanor convictions
mitigates some of the harmful impact of adopting a shall-
issue law, as does requiring live firearm training. Shall-
issue states should consider adopting a violent misdemeanor
prohibition or a live firearm training provision as part of
their CCW system. States that become shall-issue states in
the future should work to ensure that these provisions are
included in their CCW systems to lessen the negative health
impacts of the adoption of such laws.
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adoption not occurred. Lax laws regulating civilian 
carrying of concealed �rearms were associated with 
higher incidence of OIS. The increase in concealed 
gun carrying frequency associated with these laws 
may in�uence the perceived threat of danger faced 
by law enforcement. This could contribute to higher 
rates of OIS.

Introduction

In the mid-2010�s, several media and nonpro�t organ-
izations began collecting data on o�cer involved 
shooting (OIS) incidents using open-source data 
collection methods to better understand incident 
frequency. These sources, including The Counted, 
developed by The Guardian [1]; Fatal Force, devel-
oped by the Washington Post [2]; the Gun Violence 
Archive [3]; and others [4, 5] identify incidents more 
comprehensively than the Centers for Disease Control 
and Prevention (CDC), which often undercount or 
misclassify police involvement in homicides and pro-
vide no estimates of nonfatal shootings [6, 7]. These 
sources estimate around 1,000 fatal OIS per year 
[8] and have been recently validated against newer, 
national-level repositories (e.g., the National Violent 
Death Reporting System) with better, though incom-
plete, data [9].

Several studies have examined the relationship 
between �rearm prevalence and state-level laws 
and fatal OIS in the USA [8, 10]. Hemenway and 

Abstract  About 1,000 civilians are killed every 
year by a law enforcement o�cer in the USA, more 
than 90% by �rearms. Most civilians who are� shot 
are armed with a� �rearms. Higher rates of o�cer-
involved shootings (OIS) are positively associated 
with state-level �rearm ownership. Laws relaxing 
restrictions on civilians carrying concealed �rearms 
(CCW) have been associated with increased violent 
crime. This study examines associations between 
CCW laws and OIS. We accessed counts of fatal and 
nonfatal OIS from the Gun Violence Archive (GVA) 
from 2014�2020 and calculated rates using popula-
tion estimates. We conducted legal research to iden-
tify passage years of CCW laws. We used an aug-
mented synthetic control models with �xed e�ects to 
estimate the e�ect of Permitless CCW law adoption 
on OIS over fourteen biannual semesters. We cal-
culated an inverse variance weighted average of the 
overall e�ect. On average, Permitless CCW adopt-
ing states saw a 12.9% increase in the OIS victimi-
zation rate or an additional 4 OIS victimizations per 
year, compared to what would have happened had law 
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colleagues (2018) used data from the Washington 
Post’s Fatal Force database to examine fatal OIS 
across the USA; �nding rates of fatal OIS per 1 mil-
lion (M) population were signi�cantly associated 
with �rearm availability at the state level [8]. The 
authors hypothesized that the relationship between 
fatal OIS and gun ownership may be due to increases 
in both the likelihood of an o�cer encountering an 
armed person and o�cers� perceived risk of personal 
injury in an encounter where gun ownership is preva-
lent [8]. Nagin (2020) also found that fatal OIS rates 
were associated with �rearm availability at the state 
level [10]. Kivisto and colleagues (2017) examined 
whether state-level �rearm legislation impacted rates 
of fatal OIS. They identi�ed that states with stronger 
legislative strength scores had lower rates of fatal 
police shootings per 1�M population [11].

A prior analysis of fatal OIS has found that most 
incidents occurred outside the home, and the major-
ity of victims were armed with a �rearm [12]. Over 
the past four decades, most states have implemented 
Shall Issue concealed carry weapons (CCW) laws 
or Permitless CCW laws which make public carry 
of a concealed weapon easier [13�16]. These laws, 
often referred to as right-to-carry (RTC) laws, can 
remove law enforcement discretion in issuing CCW 
permits (Shall Issue) or drop the need for a permit all 
together (Permitless) compared to states without RTC 
laws, which allow law enforcement broad discretion 
to deny permits (May Issue). A recent survey of gun 
owners found states with RTC laws have higher rates 
of self-reported public concealed gun carrying than 
that of states without [16]. As of 2021, there are 21 
states with Permitless carry, 21 states with some form 
of Shall Issue laws, and 8 states with May Issue laws.

The �uctuations in these state laws have pro-
vided researchers the opportunity to examine their 
impact on �rearm violence. Early research on CCW 
laws from Lott and Mustard (LM) found an associa-
tion between adopting a Shall Issue CCW law from a 
May or a No Issue CCW law and reductions in crime 
[17]. However, this research contained �aws includ-
ing measurement error in law adoption time, the use 
of an endogenous explanatory variable, inclusion of 
over 35 colinear covariates, and omission of variables 
shown to a�ect crime (police presence and incarcera-
tion rates) [18, 19]. More recent research examining 
the impact of these laws have addressed these meth-
odological issues [20]. While the �ndings have been 

somewhat mixed, a majority of recent studies have 
found evidence that RTC laws increase violent crime 
including homicides [13, 14, 19, 21�26]. As �rearm 
availability is associated with increased fatal OIS, 
Shall Issue and Permitless CCW laws could in�uence 
fatal and nonfatal rates of OIS; however, the impact 
of RTC laws on OIS is currently unknown.

Given the relationship between state-level �rearm 
availability and OIS, and the impact of RTC laws 
on public gun carrying, we sought to understand the 
impact of changes in CCW permitting laws on OIS. 
We hypothesized that removing the need for a permit 
to carry a concealed weapon in public would be asso-
ciated with increased incidence of OIS rates.

Methods

We conducted a comparative time-series analysis to 
evaluate the impact of Permitless CCW laws on rates 
of total (fatal + non-fatal) OIS violence using the Gun 
Violence Archive (GVA). The GVA is the only source 
that provides an accounting of both fatal and nonfatal 
�rearm injuries to civilians as part of an OIS incident.

Data and Measures

We accessed counts of total OIS violence from the 
GVA from 2014 to 2020. Counts of total, fatal, and 
nonfatal OIS violence are provided in Supplemental 
Table�1. The GVA, a nonpro�t organization, uses law 
enforcement, media, government, and commercial 
sources to provide a daily account of �rearm violence 
throughout the USA. We selected the GVA because it 
is the only source that attempts to capture both fatal 
and nonfatal data. The data is fully accessible and 
available for free to download. We used 2014 as our 
starting year as this was the �rst full year data were 
available [27]. Earlier studies have used the GVA to 
examine �rearm violence [28]. Other studies have 
used the GVA to validate other national databases 
as sources of data for police involved shootings [9]. 
GVA provides links to the news media reports it uses 
to provide gun violence frequency. GVA categorizes 
violence by several types of incidents (e.g., o�cer 
involved shooting, child involved incident, drive by 
etc.). Incident output has the following variables: inci-
dent state, day, address, number of persons killed, and 
number of persons injured. We downloaded all OIS 
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incidents from 2014 to 2020. We manually reviewed 
all OIS incidents from 2014 to 2020 to exclude law 
enforcement o�cers shot as part of an OIS incident 
or when an o�cer �red their weapon, but no one was 
wounded or killed. The GVA does not provide race/
ethnicity of victims. GVA was selected over other 
data sources as it is the only national source of fatal 
and nonfatal OIS.

Our analysis focused on the impact of adopt-
ing a Permitless CCW law from a Shall Issue CCW 
law or the impact of removing the permit require-
ment to carry a concealed weapon. We conducted 
legal research to identify implementation dates and 
Shall Issue CCW permit provisions for all 50 States. 
We collected these provisions from the Westlaw and 
HeinOnline legal research databases. To identify the 
relevant policies, we used a standard search strategy 
for each state for the years 1980�2020. We classi�ed 
states by whether they issued CCW permits on a May 
Issue basis, Shall Issue basis, or allowed for Permit-
less carry. All laws were operationalized dichoto-
mously, with �0� representing the absence of a law 
and �1� representing the presence of a law. No states 
moved from a May Issue CCW law to a Permitless 
CCW law. Table�1 provides the status of each state�s 
CCW law regime and the year of law adoption.

Analysis

To examine the relationship between CCW laws and 
OIS, we collapsed data to the semester-level or two 
time periods per year, giving us 14 time periods from 
2014 to 2020 over 50 states or 700 state-time indexes. 
Our outcome of interest was the total number of vic-
tims fatally and nonfatally shot by police indexed by 
state-year. We employed a comparative time-series 
analysis approach to explore the relationship between 
CCW permitting laws and rates of total OIS violence.

The following covariates were included in the 
study�s analyses: percent population living in MSA, 
black males 15�19, white males 15�19, unemployed, 
per capital alcohol consumption, rate of incarceration, 
and law enforcement o�cers per capita. The rates of 
incarceration and police employment were interpo-
lated for 2019 and 2020. All other variables were lin-
early extrapolated for 2020. Covariates were acquired 
from the US Census Bureau [29], the Bureau of Labor 
Statistics [30], the Bureau of Justice Statistics [31], 

the Uniform Crime Reports [32], and the National 
Institute on Alcohol Abuse and Alcoholism [33].

To look at the average treatment e�ect on the 
treated (ATT) of adopting a Permitless CCW system 
on OIS, we considered four potential model speci�ca-
tions related to the synthetic control method including 
synthetic control models (SCM) [34�36], SCM with 
�xed e�ects� (SCM� +� Fixed e�ects) [37�39], aug-
mented synthetic control models (ASCM) [37], and 
ASCM with �xed e�ects� (ASCM + Fixed e�ects)�  
[37�39]. The ASCM builds o� the SCM devel-
oped by Abadie and Gardeazabal (2003) [34�36]. 
The SCM, which creates a weighted synthetic state 
based on covariate values, referred to as the control 
state, reduces bias when estimating the e�ects of a 
new state policy. The method uses a pool of �non-
treated� states or states without the policy of interest, 
to identify a weighted combination of states that mir-
rors the treated state prior to the law change or pre-
law adoption period. This creates a control state with 
limited selection bias likely to satisfy the parallel line 
assumption necessary for causal inference and act as a 
counterfactual to compare what would have happened 
in the treated state had the law not been changed. 
Specifying a �xed e�ect, referred to as demeaning, 
subtracts the pre-treatment mean within the treatment 
and donor states from each outcome observation prior 
to identifying the weighted synthetic state [38, 39].

The ASCM method, developed by Ben-Michael, 
Feller, and Rothstein (2019), builds on the original 
SCM [37]. In the original SCM, the ability of the syn-
thetic control state to act as the treatment state�s coun-
terfactual is measured by the pre-treatment root mean 
square error (RMSE) or the how di�erent the treated 
state and control state are prior to the law change. For 
certain interventions, where the potential donor pool 
is small, or the pre-treatment RMSE �t is infeasible, 
the SCM may not act as an accurate counterfactual as 
the pre-adoption trend lines may diverge. The ASCM 
uses ridge regression as an outcome model and 
extends the SCM to policy settings where pre-treat-
ment RMSE �t is poor. The ridge regression outcome 
model estimates the bias arising from inadequate pre-
treatment RMSE �t and de-biases the synthetic con-
trol estimate [37]. In a traditional SCM, donor state 
weights are always nonnegative. ASCM with ridge 
regression produces donor state weights that can 
be negative as it seeks to minimize variance, which 
allows for improved pre-treatment RMSE �t. As part 
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Table 1   Legal landscape 
of concealed carry weapon 
laws

State Overall concealed carry permitting law

No Issue May Issue permits Shall Issue permits Permitless Carry

Alabama Pre-1980�8/1/13 8/1/13a

Alaska Pre-1980�10/1/94 10/1/94�9/9/03 9/9/03
Arizona Pre-1980�7/16/94 7/16/94�7/28/10 7/28/10
Arkansas Pre-1980�7/27/94 7/27/94a

California Pre-1980
Colorado Pre-1980�6/8/81 6/8/81�5/17/03 5/17/03a

Connecticut Pre-1980
Delaware Pre-1980
Florida Pre-1980�10/1/87 10/1/87
Georgia Pre-1980�8/25/89 8/25/89a

Hawaii Pre-1980
Idaho Pre-1980�7/1/90 7/1/90�7/1/16 7/1/16
Illinois Pre-1980�1/5/14 1/5/14a

Indiana Pre-1980a

Iowa Pre-1980�1/1/11 1/1/11a

Kansas Pre-1980�1/1/07 1/1/07�7/1/15 7/1/15
Kentucky Pre-1980�10/1/96 10/1/96�6/27/19 6/27/19
Louisiana Pre-1980�4/19/96 4/19/96
Maine Pre-1980�9/18/81 9/18/81�10/15/15 10/15/15
Maryland Pre-1980
Massachusetts Pre-1980
Michigan Pre-1980�7/1/01 7/1/01
Minnesota Pre-1980�5/28/03 5/28/03a

Mississippi Pre-1980�7/1/91 7/1/91�4/15/16 4/15/16
Missouri Pre-1980�2/26/04 2/26/04�1/1/17a 1/1/17
Montana Pre-1980�10/1/91 10/1/91a

Nebraska Pre-1980�1/1/07 1/1/07
Nevada Pre-1980�10/1/95 10/1/95
New Hampshire Pre-1980�2/22/17a 2/22/17
New Jersey Pre-1980
New Mexico Pre-1980�1/1/04 1/1/04
New York Pre-1980
North Carolina Pre-1980�12/1/95 12/1/95
North Dakota Pre-1980�8/1/85 8/1/85�8/1/17 8/1/17
Ohio Pre-1980�4/8/04 4/8/04
Oklahoma Pre-1980�9/1/95 9/1/95�11/1/19 11/1/19
Oregon Pre-1980�1/1/90 1/1/90a

Pennsylvania Pre-1980�6/17/89 6/17/89a

Rhode Island Pre-1980a

South Carolina Pre-1980�8/23/96 8/23/96
South Dakota Pre-1980�7/1/85 7/1/1985�7/1/19 7/1/19
Tennessee Pre-1980�11/1/89 11/1/89�10/1/96 10/1/96
Texas Pre-1980�1/1/96 1/1/96
Utah Pre-1980�5/1/95 5/1/95a

Vermont Pre-1980
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of the pre-treatment trend creation, the augmentation 
uses a leave-one-out cross-validation process to iden-
tify the value of �. This provides the optimal � value, 
2 standard deviations above the minimum � value, to 
protect against over�tting.

We used a data-driven approach in our model 
selection process. We evaluated the following diag-
nostics and present each below and in the supple-
mental material. First, we plotted the overall pre-
treatment RMSE and the divergent pre-treatment 
RMSE or the RMSE in the last two semesters of pre-
treatment period. Model speci�cations with similar 
overall and divergent pre-treatment RMSE indicate 
a well performing and consistent counterfactual. 
Models with disparate RMSE values would suggest 
�uctuations close to treatment adoption and thus a 
potentially biased ATT. Second, we inspected gap 
plots related to the four potential model selections 
to examine pre-treatment RMSE trends. This evalu-
ation provided a visual representation of the overall 
and divergent pre-treatment RMSE and thus how 
well the synthetic counterfactual could best mirror 
the treatment state had the policy not been adopted. 
All analyses were conducted using R 31ss with the 
package �augsynth� [41]. We provide pre-treatment 
donor weights for treated state across model speci-
�cations as well as pre-treatment mean covariate 
values for treated and synthetic states across each 
model speci�cation.

We examined the impact of adopting a Permitless 
CCW system from a Shall Issue CCW system using a 
three-semester moving average of OIS rates per 1 mil-
lion (M) population for 11 treatment states (Table�1). 
We compared each Permitless CCW adopting state to 
a donor pool of Shall Issue states that did not change 
their permitting system between 2014 and 2020 

(n = 26). The ATT for each Permitless CCW adopter 
was calculated as the average di�erence in mean OIS 
rate between the treated state and the augmented syn-
thetic control state in the post-implementation period. 
We speci�ed jackknife standard errors [42]. For each 
state, we divided the average population size by 1�M 
and multiplied by the ATT to understand how many 
OIS were associated with law adoption.

To understand the overall ATT across law adop-
ters, we calculated an inverse variance weighted 
average ATT in R using the package �meta,� [43] 
specifying random e�ects assuming a heterogenous 
treatment e�ect. These analyses excluded states with 
poor performing RMSE, de�ned as pre-treatment 
RMSE greater than 2 standard deviations above the 
mean. As a sensitivity analysis, we separately examined 
the rate of fatal and nonfatal OIS violence presenting 
the inverse variance weighted average ATT.

Results

Figure� 1 provides the median counts for total, fatal, 
and nonfatal OIS violence from 2014�2020. The 
median count for total OIS violence slightly �uctu-
ated during the 7-year study period starting slightly 
below 20 in the �rst semester of 2014 and ending 
slightly above 20 in the second semester of 2020. 
Notably, the disaggregated median counts of fatal 
and nonfatal OIS violence were similar across time. 
Figures� 2, 3, and 4 are diagnostic plots speci�c to 
Missouri. Diagnostic plots and tables for all other 
states are in the Supplemental Material. Figure� 2 
and Supplemental Figs.�1�10 provide the donor state 
weights that make up each of the synthetic controls. 
Supplemental Figs.�11�17 provide the mean value of 

a denotes some limited 
discretion a�orded the 
issuing agency

Table 1   (continued) State Overall concealed carry permitting law

No Issue May Issue permits Shall Issue permits Permitless Carry

Virginia Pre-1980�7/1/95 7/1/95a

Washington Pre-1980
West Virginia Pre-1980�7/7/89 7/7/89�5/24/16 5/24/16
Wisconsin Pre-1980�11/1/11 11/1/11
Wyoming Pre-1980�7/1/83 7/1/83�10/1/94 10/1/94�7/1/11a 7/1/11
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covariates for the treated and synthetic control states 
during the pre-treatment period across our four model 
speci�cations.

Figure�3 provides the overall and divergent RMSE 
in the pre-treatment period. Examining the overall 
RMSE, it appears the ASCM + Fixed e�ect model 

Fig. 1   Median counts of total, fatal, and nonfatal shootings in the USA, 2014�2020 Gun Violence Archive Data

Fig. 2   Comparison of 
donor weights across model 
speci�cations for Missouri, 
2014�2020 Gun Violence 
Archive data
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has the smallest RMSE in the pre-treatment period. 
The ASCM + Fixed e�ects, excluding Oklahoma, 
are all generally close to 0, indicating strong pre-
treatment �t. The ASCM model provides strong pre-
treatment �t for majority of states, excluding North 
Dakota, Oklahoma, and South Dakota. The SCM and 
SCM + Fixed� e�ect models indicate comparatively 
large RMSE considering the ASCM models. Exam-
ining the relationship between overall RMSE and 
divergent RMSE indicates that both the ASCM and 
ASCM + Fixed e�ects produced consistent RMSE, 
with limited divergence in the time periods imme-
diately preceding the treatment year. The SCM and 
SCM + Fixed e�ects displayed large RMSE diver-
gence within states. Overall and divergent RMSE 
performance can be visually seen in the gap plots 
presented in Fig.� 4 and Supplemental Figs.� 18�27, 
which display the di�erence between treatment and 
synthetic control across model speci�cations. Fig-
ure� 4 reveals that Missouri�s pre-treatment RMSE 

performance is the strongest for the ASCM + Fixed 
e�ect model.

Overall, adopting a Permitless CCW law from 
a Shall Issue law resulted in an additional 0.78 OIS 
victims per 1�M population per semester or an addi-
tional 2 OIS victims per semester than what we would 
have normally expected across all states that adopted 
Permitless carry (Fig.� 5). This represents a 12.9% 
increase in OIS victimization rate. We excluded Okla-
homa from this analysis as its overall RMSE was 
greater than 2 standard deviations above the aver-
age, indicating a poor counterfactual from which to 
draw inference. Idaho (ATT = 2.01; SE = 0.931), 
Mississippi (ATT = 0.88; SE = 0.304), Missouri 
(ATT = 2.08; SE = 0.529), and West Virginia 
(ATT = 1.59; SE = 0.514) had signi�cantly greater 
average rates of OIS in the post-law adoption period 
compared to the pre-law adoption period compared to 
their synthetic control states. In the post-law period, 
the results suggest that Idaho averaged an additional 

Fig. 3   Comparison of RMSE and pre-treatment RMSE divergence across model speci�cations
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3.53 OIS victims per semester, Mississippi averaged 
an additional 2.63 OIS victims per semester, Mis-
souri averaged an additional 12.76 OIS victims per 

semester, and West Virginia averaged an additional 
2.8 OIS victims per semester above what we would 
have normally expected had the law not changed (data 

Fig. 4   Gap plot comparison of model speci�cations related to the impact of permitless concealed carry weapons law adoption on 
o�cer involved shooting rates per 1 million in Missouri, 2014�2020 Gun Violence Archive data

Fig. 5   Impact of permitless 
concealed carry weapons 
law adoption on o�cer 
involved shooting rates per 
1 million, 2014�2020 Gun 
Violence Archive data
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not shown). Comparing the �ndings above from the 
ASCM + Fixed e�ect model to the other model speci-
�cations shows general agreement around the esti-
mated ATT and level of signi�cance for Idaho, Mis-
sissippi, Missouri, and West Virginia (Supplemental 
Table�28).

Supplemental Figs.�29 and 30 provide the overall 
ATT related to rates of nonfatal and fatal OIS vio-
lence separately. Notably, nonfatal and fatal violence 
displayed positive but nonsigni�cant relationships 
with Permitless CCW adoption. In addition, � cross-
validation �gures for ASCM and ASCM + Fixed 
e�ects models are provided in Supplemental material 
(Supplemental Figs.�31�41).

Discussion

This article is the �rst to examine the relationship 
between CCW laws and fatal and nonfatal OIS vio-
lence. Our research introduces several important 
�ndings. Using Shall Issue states to construct policy 
counterfactuals indicated that adopting a Permitless 
CCW law resulted in additional OIS victimization. 
Using our data-drive approach, the ASCM + Fixed 
e�ect models provided the best pre-treatment coun-
terfactuals to calculate the causal impact of Permit-
less CCW law adoption. These models displayed 
strong overall pre-treatment RMSE �t for 10 of the 
11 treatment states, and we calculated an average of 
the ATT inverse weighted by the size of each model�s 
jackknife standard error. We estimate that removing 
the need for a permit to carry a concealed weapon 
increased OIS victimization rates by 12.9%.

There has been much study of the impact of Shall 
Issue laws and RTC laws on �rearm-related crime 
[26]. However, this study is among the �rst to exam-
ine the impact of moving from a Shall Issue CCW 
law to a Permitless CCW law. There is a growing 
need to examine the impact of moving from a Shall 
Issue CCW law to a Permitless CCW law on �rearm-
related crime. Evidence found here suggests there is 
likely an increase in rates of total OIS violence after 
Permitless CCW law adoption.

Less restrictive CCW laws may prompt increases 
public civilian gun carrying. Removal of the need 
for a permit eliminates economic costs associated 
with the permitting process and removes oppor-
tunity cost associated with obtaining the permit 

(e.g., time �lling out paperwork, time spent at the 
police station, time on other requirements like live 
�re training, etc.). Those who found the economic 
cost and/or opportunity cost of obtaining a Shall 
Issue permit to high may choose to carry a con-
cealed weapon in the absence of such requirement. 
Law enforcement might internalize this potential 
behavior change and increase the perceived risk 
of meeting an armed suspect or increase the num-
ber of calls for service for weapons complaints. 
Given that between 75 and 95% of homicides of law 
enforcement o�cers are committed with a �rearm 
[44], it is plausible that less restrictive CCW laws 
can increase an o�cer�s perceived risk of personal 
injury in an encounter which may in turn increase 
the likelihood that deadly force is used [45]. Prior 
research has found a relationship between state-
level gun prevalence and OIS victimization [8]. 
Our �ndings are consistent with the theory that 
expanded access to �rearms through lower restric-
tions for concealed carry increases both fatal and 
nonfatal OIS incidents.

This study is not without limitations. First, we 
acknowledge the limitations associated with the use 
of GVA data. While GVA data has been con�rmed 
against other media-based data repositories of fatal 
OIS [9], and the use of media-based data collection 
for fatal OIS violence itself has been validated [46], 
the use of media reports to identify nonfatal shootings 
has not, and reporting of violence remains inherently 
biased. There is selection bias within the use of media 
reports in determining how much of a given outcome 
occurs due to publication bias. This is especially true 
for nonfatal shootings. A visual examination of Fig.�1 
suggests that the number of victims fatal and non-
fatal shot is similar from year to year. However, for 
violent crimes, particularly police involved violence, 
we hypothesize that the implicit �newsworthiness� of 
events is high; thus, we have reason to believe a rea-
sonable valid capture of OIS violence through GVA 
and other media-based data repositories. Our decision 
to use fatal and nonfatal data is important as fatal vio-
lence data does not tell a complete story [47]. While 
not signi�cant, it is notable that the direction of e�ect 
is similar when considering the disaggregated out-
comes of fatal and nonfatal OIS violence rates com-
pared to the total OIS violence rate direction. It may 
be that the use of fatal data alone is inadequate for 
examinations of potential policy determinants of OIS.
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Another limitation of the GVA is that race/ethnic-
ity is not readily available. While the inability to dis-
aggregate our outcome by race/ethnicity does not bias 
our study�s external validity to the population at large, 
it does pose additional questions about potential dif-
ferential e�ects. Research has shown African Ameri-
cans are disproportionately likely to be victims of a 
law enforcement o�cer involved shooting [48�51]. 
Due to our lack of data, we are unable to estimate 
whether the impact of CCW laws di�ers by the race/
ethnicity of victims.

The use of ASCM + Fixed e�ects supplied the best 
available estimate of e�ect related to removing the 
permit requirement for who can legally carry a con-
cealed weapon. However, the model�s ability to suc-
cessfully provide an accurate counterfactual is based 
on the likeness of donor pool states and pre-treatment 
�t between treated and control states. In the context 
of this study, we included 26 donor states that contin-
uously issued Shall Issue CCW permits between 2014 
and 2020. While the literature is currently unclear as 
to what quali�es as a �good� pre-treatment �t [52], 
the RMSE for 10 of the 11 states was small indicat-
ing the ATT produced from the comparison of the 
treated and synthetic states is valid (Fig.�5). Pre-treat-
ment covariate averages were similar for the states 
with good pre-treatment �t among the ASCM + Fixed 
e�ect models (Supplemental Tables� 2�13). Con-
sider in tandem, strong RMSE and covariate bal-
ance suggest the ATTs were calculated using valid 
counterfactuals.

A primary robustness check for the SCM includes 
backdating or in-time placebo testing [53]. We were 
unable to conduct rigorous robustness checks due 
to limited pre-treatment data availability. In some 
instances, such as Kansas and Maine, there were only 
4 pre-treatment periods, making in-time placebo test-
ing not possible. This is a limitation of the data. To 
combat this limitation, we examined the extent to 
which the RMSE in the last 2 semesters during the 
pre-treatment period diverged from the RMSE over-
all. We argue that states with similar overall and 
divergent RMSE imply a consistent counterfactual 
better able to predict what would have happened in 
the treatment group had the policy not been adopted. 
The ASCM + Fixed e�ect model speci�cation had 
strong overall RMSE with small divergence, indi-
cating a robust prediction ability that was consistent 
across the pre-treatment period.

Conclusion

From 2014 to 2020, moving from a Shall Issue CCW 
law to a Permitless CCW law was associated with a 
12.9% increase in the rate of OIS. Policy makers in 
Shall Issue CCW law states considering Permitless 
CCW law adoption and policy makers currently in 
Permitless CCW law states should consider the nega-
tive health consequences Permitless CCW laws.
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ABSTRACT
Although mass shootings have fueled calls for large-scale changes
in gun ownership and concealed carry legislation over the past
thirty years, few studies have evaluated whether permissive gun
policies actually deter mass shootings, and none have determined
if their effects are the same on firearms homicide in general. This
study examines the impact of household gun ownership and con-
cealed carry legislation on annual counts of mass shootings and
firearms homicides in the United States from 1991 to 2016.
Negative binomial regressions with fixed effects and generalized
estimating equations (GEE) indicate that mass shootings dispro-
portionately occur in states with higher levels of gun ownership,
while firearms homicide rates are higher in permissive concealed
carry states. As the two crimes do not respond to changes in gun
ownership and concealed carry legislation in the same way, law-
makers must contextualize mass shootings as a small, unique part
of overall gun violence when considering policy interventions.
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Introduction

Gun violence is a major public health crisis in the United States: nearly 40,000 resi-
dents die from suicide, homicide, and accidents involving firearms annually, making a
single year of gun-related deaths equivalent to casualties from the Korean War (Cook,
Moore, & Braga, 2011). In particular, firearms homicide accounted for 14,542 deaths in
2017 (Centers for Disease Control & Prevention, 2019), representing over 75% of all
homicides, and the United States’ firearms homicide rate is 25.2 times greater than
that of similar high-income nations (Grinshteyn & Hemenway, 2016).

Mass shootings represent the epitome of the firearms violence epidemic. Defined
as the killing of four or more individuals (excluding the offender) with a firearm within
24 hours, mass shootings occur 23 times a year on average and account for less than
1% of all homicides in the United States (Fridel, 2017; Krouse & Richardson, 2015).
Despite their rarity, mass shootings have fueled moral panics, inspired social move-
ments like March for Our Lives, and sparked calls for policy change on both sides of
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the political aisle. Nearly 80% of American adults experience stress related to mass
shootings, and approximately one third avoid certain places and events due to their
fear of victimization (American Psychological Association, 2019).

Despite the ubiquity of gun violence in the United States, widespread fear of mass
shootings in particular has disproportionately influenced the public discourse on fire-
arms ownership and legislation. Although household gun ownership has been declin-
ing since the early 1990s (Smith & Son, 2015), gun purchases and permit applications
spike dramatically in the wake of infamous mass shootings (Liu & Wiebe, 2019;
Wallace, 2015), especially among individuals with no history of firearms ownership
(Studdert, Zhang, Rodden, Hyndman, & Wintemute, 2017). In 2019 alone, 13% of
Americans surveyed purchased a weapon to protect themselves against mass shoot-
ings, with an additional 16% seriously considering the option (Brenan, 2019).

Aside from influencing individual gun-purchasing behavior, mass shootings are often
used to garner support for more restrictive or permissive firearms laws. For example,
one study found each incident increased the number of firearm bills introduced in any
given state’s legislature by 15% (Luca, Malhotra, & Poliquin, 2019). One of the most
widely discussed—and most widely implemented—policies to prevent mass shootings
is permissive concealed carry legislation. Suzanna Gratia Hupp famously called for fewer
restrictions on concealed carry, arguing that she could have stopped the 1991 massacre
at Luby’s cafeteria in Killeen, Texas if she were not legally obligated to leave her firearm
locked in her car (Hupp, 2009). Over twenty years later, Wayne LaPierre of the National
Rifle Association (NRA) pithily reiterated Hupp’s argument following the 2012 Sandy
Hook Elementary School shooting, stating “The only thing that stops a bad guy with a
gun is a good guy with a gun” (National Public Radio, 2012). Indeed, 56% of Americans
believe that increased gun-carrying in public makes the nation safer (Newport, 2015).
State laws have changed along with public opinion: while only 15 states maintained
permissive concealed carry policies in the early 1990s, that number increased to 41
states as of 2018 (Siegel, Pahn et al. 2017).

Despite these large-scale changes in gun purchasing and carrying behavior, it
remains unclear if these measures are an effective deterrent, as few studies have
empirically examined the impact of gun ownership and/or concealed carry legislation
on the frequency of mass shootings (Duwe, Kovandzic, & Moody, 2002; Lin, Fei,
Barzman, & Hossain, 2018; Lott & Landes, 2000; Reeping et al., 2019; Webster,
McCourt, Crifasi, Booty, & Stuart, 2020). Even further, research has yet to determine
whether the effects of gun ownership and concealed carry legislation vary for mass
shootings and firearms homicide. Doing so is critical, given that these extreme inci-
dents disproportionately shape the gun control policies that influence the thousands
of firearms homicides committed in the United States each year. Ultimately, broaden-
ing our understanding of the relationship between guns and homicide is crucial for
combating moral panics, developing effective crime control policies, and dispelling
public fear and old stereotypes. To address this gap in the literature, the present study
utilizes cross-sectional panel models and generalized estimating equations (GEE) to
compare the impact of household gun ownership and concealed carry legislation on
the incidence rate of mass shootings and firearms homicide in the 50 U.S. states from
1991 to 2016. The study begins with a discussion of previous empirical work on gun
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ownership, firearms homicide, and mass shootings before turning to the literature on
concealed carry legislation.

Literature review

Household gun ownership

Scholars have long debated the link between the homicide rate and prevalence of
gun ownership (Hepburn & Hemenway, 2004; Kleck, 1997; Kleck & Hogan, 1999). Some
argue that guns have a positive relationship with homicide as they are more lethal in
comparison to other weapons, increasing the likelihood of an assault becoming a mur-
der (Zimring, 1968, 1991, 1972). Due to their psychological association with power,
firearms may also subconsciously prime the individuals who wield them to act more
aggressively (Anderson, Benjamin, & Bartholow, 1998; Berkowitz & Lepage, 1967;
Bartholow, Sestir, & Davis, 2005; Killias & Haas, 2002; Bettencourt & Kernahan, 1997).
Guns can also serve as the great equalizer, emboldening smaller, weaker aggressors to
attack stronger victims whom they may not have been able to overpower otherwise
(Kleck & Hogan, 1999). Assailants may be more likely to use lethal force with a firearm
as they can be used at a distance, allowing offenders to be physically and psycho-
logically removed from their actions (Wolfgang, 1958).

In contrast, the relative lethality of firearms may serve as an effective deterrent to
homicide in certain situations. Perpetrators with a specific goal such as robbery may
employ guns to threaten their victims into compliance, thus decreasing the likelihood
of conflict. The threat of lethal force may also give pugnacious opponents a socially
acceptable means of retreat, deescalating the conflict. Merely wielding a gun may also
satisfy assailants who seek to establish dominance or control over their victims, pre-
cluding the need to use the weapon; armed attackers are automatically in a superior
position to their opponents, a goal that might be impossible in the absence of a gun
(Kleck & Hogan, 1999). Similarly, some studies have shown that the dire consequences
of gun usage serve to reduce aggression for both parties involved in a dispute
(Hindelang, 1976; Kleck, 1997). In this way, the presence of a gun reduces the situation
into an all-or-nothing scenario, with two extreme choices: kill or do not attack at all.
As most individuals involved in potentially lethal conflicts do not necessarily intend to
commit murder, firearms in the majority of such incidents would decrease the likeli-
hood of an attack (Kleck & Hogan, 1999). Particularly relevant to mass murder, poten-
tial offenders may also be less likely to attempt a crime when there is a possibility
their victim is armed with a firearm (Lott, 2000).

Despite these competing theoretical rationales, prior research has consistently
shown that gun ownership rates are positively associated with the firearms homicide
rate. Time series analysis of firearm availability at the city (Fisher, 1976; McDowall,
1991; Newton & Zimring, 1969), county (Duggan, 2001), state (Siegel, Ross, & King,
2013; Sorenson & Berk, 2001), and regional/national (Kleck, 1979; Miller, Azrael, &
Hemenway, 2002; Phillips, Votey, & Howell, 1976) levels in the United States show a
significant, positive relationship between gun ownership and homicide rates, a finding
replicated in most cross-sectional ecological studies across levels (Lester, 1988; Miller,
Hemenway, & Azrael, 2007; Seitz, 1972). Similarly, international comparisons utilizing
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multiple measures of firearms availability have repeatedly found significant positive
correlations between household gun ownership and both the gun and overall homi-
cide rate (Hemenway & Miller, 2000; Hemenway, Shinoda-Tagawa, & Miller, 2002;
Killias, 1993a, 1993b). Even at the individual level, studies have linked household gun
ownership to an increased risk of homicide victimization (Bailey et al., 1997;
Cummings, Koepsell, Grossman, Savarino, & Thompson, 1997) and offending (Kleck &
Hogan, 1999).

Although the majority of studies find support for this relationship (Hepburn &
Hemenway, 2004), some scholars question their methods, specifically related to the
measurement of firearms availability and the potential for reciprocal causation. As
detailed survey data are frequently unavailable for the desired time period and/or lev-
els of analysis, many researchers employ gun ownership proxies, including the propor-
tion of suicides committed with a firearm, subscriptions to gun magazines, guns per
capita, number of permits or licenses, accident rate, and registration rate (Kleck &
Hogan, 1999). Even more problematic is the inability of many studies to establish
causal direction, leading Kleck (1979, pp. 908) to argue “crime is a cause of gun own-
ership just as gun ownership is a cause of crime.” In most studies, it remains unclear if
there are more homicides in areas with more guns, or people obtain guns for self-pro-
tection because they live in dangerous areas. As a result, several studies have either
found no significant relationship between gun ownership and homicide (Magaddino &
Medoff, 1984), a positive relationship where homicide rates impact gun ownership but
not the reverse (Kleck, 1984; Kleck & Patterson, 1993), or even a negative association
where more guns decrease crime rates (Bordua, 1986; Lott, 2000). In response to these
criticisms, more recent studies have employed various measures of firearm availability
and examined the effect of gun ownership on non-firearm homicides, with the find-
ings remaining robust to these changes (Miller et al., 2007; Siegel et al., 2013). In sum,
most violence scholars agree with Cook’s (2013, pp. 49) summary of the literature:
“More guns, more homicides.”

While guns are often assumed to have a causal impact on the rate of mass shoot-
ings in the United States, thus far only a few studies have directly tested this assump-
tion, with mixed results. Using a time series analysis on 344 mass shootings from 1998
to 2015, Reeping and colleagues (2019) found that a 10% increase in household gun
ownership was associated with a 35% increase in the incidence rate of mass shootings
at the state level. The study has been criticized, however, for relying on the FBI’s
Supplementary Homicide Reports (SHR) to measure annual state mass shooting
counts. Prior research has consistently shown that the SHR: suffers from a high degree
of missing data (e.g., the state of Florida); utilizes multiple records for incidents with
more than 11 victims and/or offenders (thus artificially inflating counts); and creates
false positives via reporting errors (e.g., four single-victim homicides reported as one
quadruple homicide) (Loftin, McDowall, Curtis, & Fetzer, 2015; Rokaw, Mercy, & Smith,
1990; Wiersema, Loftin, & McDowall, 2000). To address some of these concerns,
Webster et al. (2020) removed duplicate records and supplemented the SHR data with
cases from the Gun Violence Archive and the Stanford Geospatial Center and Stanford
Libraries, finding that gun ownership did not significantly influence the mass shooting
incidence rate. Another analysis using data on mass shootings from Mother Jones
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similarly failed to find a relationship between gun ownership and mass shooting rates
(Lin et al., 2018).

Concealed carry legislation

The research regarding concealed carry legislation, firearms homicide, and mass shoot-
ings is even murkier than the literature on household gun ownership. The United
States has three types of concealed carry laws. The most permissive type of legislation
is permitless carry, where firearms owners do not need to apply for an additional per-
mit to carry a concealed weapon. In contrast, “shall-issue” states require individuals to
apply for a concealed carry permit, but law enforcement has minimal discretion in
whether to deny an applicant, as long as they meet certain requirements. The more
restrictive “may-issue” policy also requires an additional permit, but grants law
enforcement broad discretion in approving or denying an application, even if all pre-
requisites are fulfilled; individuals may be required to provide a heightened showing
or establish good cause as to why they need the permit, and may be denied without
being given a reason why. Although historically, most states maintained restrictive no-
issue or may-issue policies, the United States has experienced a dramatic shift towards
more permissive concealed carry legislation over the past thirty years. In the early
1990s, for example, 35 states were may-issue, 14 were shall-issue, and only Vermont
allowed permitless carry; in 2016, by contrast, only 9 states were may-issue, 29 were
shall-issue, and 12 were permitless carry. On average, 7% of the population has a con-
cealed carry permit, although this figure varies substantially by state (Lott, 2018).

Proponents of less restrictive right-to-carry laws argue that increased gun-carrying
by the public serves as general deterrent to violent crime (Lott, 2000). Potential
offenders may decide, for example, that the costs of crime outweigh the benefits if
they fear being mortally wounded. Wright and Rossi (1991) found that 39% of con-
victed felons refrained from committing a crime because they knew or believed that
their victim was armed. Even when an offender is not deterred from committing the
crime entirely, armed bystanders may be able to disrupt the attack and mitigate its
damage. The benefits of more permissive concealed carry legislation are hypothesized
to be even greater for mass public shootings in comparison to other homicides, as the
probability that at least one victim has a weapon increases dramatically with crowd
size (Lott & Landes, 2000).

In contrast, some scholars posit that more permissive concealed carry legislation is
an unlikely deterrent, and may actually increase homicide rates. Instead of refraining
from crime entirely, offenders may simply choose a more vulnerable victim, thus
resulting in a displacement rather than deterrent effect (Green, 1987; McDowall,
Lizotte, & Wiersema, 1991). In the same vein, perpetrators often have very limited
information about whether or not a potential victim is armed, and thus may not
include this factor in his or her decision-making process. Similarly, criminals may dis-
miss armed resistance as a minimal risk, given the element of surprise and relatively
low rate of gun-carrying among the general public (Duwe et al., 2002). Aside from fail-
ing to decrease the homicide rate, right-to-carry laws may inadvertently encourage
lethal violence. For example, more permissive concealed carry laws may inadvertently
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lead to an arms race between the public and criminals, as potential offenders increas-
ingly carry weapons to protect themselves. Most incarcerated felons cite protection as
the main reason they carried firearms, and 63% state that they fired their weapon dur-
ing the commission of the crime in self-defense (Cook, Ludwig, & Samaha, 2009;
McDowall, 1995; Wright & Rossi, 1991). Increased gun-carrying in public may also indir-
ectly contribute to violent crime by facilitating gun trafficking and straining police
resources. Carrying a concealed weapon outside the home increases the likelihood of
loss or theft, firearms which may subsequently be funneled to criminals via the illegal
gun market. Donohue and colleagues (2019) suggest that as many as 100,000 firearms
in the United States are accidently furnished to criminals by legal concealed carry permit
holders each year. In the same vein, permissive concealed carry laws may hamper crime
control efforts by the police, who waste valuable time differentiating legal and illegal
carriers and responding to gun-related accidents (Donohue, Aneja, & Weber, 2019).

Like the its theoretical underpinnings, the empirical literature examining the relation-
ship between more permissive concealed carry legislation and crime has been decidedly
mixed. In their widely-debated study, Lott and Mustard (1997) compared crime rates for
U.S. counties from 1977 to 1992 using a fixed effects model and found a deterrent
effect of shall-issue policies, arguing that up to 1,500 homicides could be prevented
annually by adopting the less stringent law in may-issue states. This study sparked a
flurry of replication studies, with some finding a decrease in homicides associated with
more permissive concealed carry (Bronars & Lott, 1998; Gius, 2014; Lott, 2000; Lott &
Whitley, 2001), an increase in homicides (Ludwig, 1998; McDowall, Loftin, & Wiersema,
1995; Rosengart et al., 2005), or no effect at all (Aneja, Donohue, & Zhang, 2011;
Hepburn, Miller, Azrael, & Hemenway, 2004; Kovandzic & Marvell, 2003; Zimmerman,
2014). In response, the National Research Council reviewed the literature and deter-
mined that “estimated effects are highly sensitive to seemingly minor changes in the
model specification and control variables … Thus, the committee concludes that with
the current evidence it is not possible to determine that there is a causal link between
the passage of right-to-carry laws and crime rates” (Wellford, Pepper, & Petrie, 2005, p.
150). More recent research utilizing a longer time period, more control variables, and
more advanced statistical methods, however, suggests that permissive concealed carry
laws significantly increase the homicide rate (Crifasi et al., 2018; Donohue et al., 2017;
Doucette, Crifasi, & Frattaroli, 2019; Siegel et al., 2017).

Despite the widespread belief that arming the public prevents mass shootings or
helps to save lives, only three studies have considered the impact of permissive con-
cealed carry legislation on these rare crimes. Lott and Landes (2000) used data from
23 states from 1977 to 1997 to evaluate the impact of right-to-carry laws on public
shootings in which two or more victims were killed or wounded. Employing a series of
Poisson regressions, the authors found that right-to-carry legislation significantly
decreased the combined number of killed/wounded victims by 78% and the overall
number of shooting incidents by 67%. Defining mass murder as the killing of four or
more victims, Duwe et al. (2002) and Webster et al. (2020) replicated these analyses
using different methodologies, yet found no evidence of a deterrent effect of right-to-
carry legislation on either the number of incidents or victims. While all three studies
represent important contributions to the literature, they suffer from several
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methodological limitations. Although pioneering at the time, the work of Lott and
Landes (2000) and Duwe et al. (2002) is over two decades old, uses small samples,
and only considers public mass shootings (which represent approximately 20% of all
incidents) (Fridel, 2017). Webster et al. (2020)’s work is similarly laudable for addressing
these concerns, yet remains limited by its utilization of a notoriously unreliable dataset
(the SHR) to measure the dependent variable.1

Current study

Despite the public’s widespread interest in gun ownership and concealed carry legisla-
tion in the wake of each massacre, little research has focused on the relationship
between these factors and the frequency of mass shootings in the United States. The
few pioneering studies that do directly examine this issue, however, reach opposite
conclusions and are limited by the lack of reliable data on these rare crimes. Most
importantly, prior work has failed to ask a crucial question: Do levels of household
gun ownership and concealed carry legislation impact mass shootings in the same
way as they do firearms homicide more generally? Implementing policy to address
rare events is myopic: arguably, the effects of gun policies on two dozen mass shoot-
ings are only relevant for lawmakers if they are representative of the other 12,000 fire-
arms homicides committed in the United States each year.

Addressing these gaps in the literature, the present study builds upon previous
work by: (1) addressing data quality concerns with a robust mass shooting dataset
validated by both official and media records; and (2) contextualizing the gun control
debate by comparing the impact of policies on both mass shootings and firearms
homicide. Using data from the Centers for Disease Control and Prevention (CDC) Web-
based Injury Statistics Query and Reporting System (WISQARS) and the expanded USA
TODAY mass murder database, the current study employs two cross-sectional negative
binomial regression models to examine the impact of household gun ownership and
concealed carry legislation on the incidence of mass shootings and firearms homicide
in the United States from 1991 to 2016.

Methods

Data and sample

This study utilized two separate cross-sectional panel models to predict counts of fire-
arm homicides and mass shootings in the 50 U.S. states from 1991 to 2016 (N … 1250
state-years). Data on firearm homicides were derived from the Centers for Disease
Control and Prevention (CDC) Web-based Injury Statistics Query and Reporting System
(WISQARS). WISQARS represents an ideal homicide data source as it extracts

1Notably, Webster and colleagues did try to address the gaps in the SHR by appending cases in the Gun Violence
Archive (GVA) and the Stanford Geospatial Center and Stanford Libraries. However, these data are equally
problematic, as both sources use different definitions than the one employed in the study (four or more shot yet
not necessarily killed for GVA, and three or more shot yet not necessarily killed for Stanford). Even further, GVA data
was only available for a fraction of the time period (2014-2017), and the Stanford data only included public
mass shootings.
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information from standardized death certificates directly and has a 99% reporting rate
across the U.S. (Centers for Disease Control & Prevention, 2019).

In comparison to homicide, there are no official data sources designed to count mass
shootings. WISQARS, for example, does not link multiple victims killed in the same inci-
dent, while the FBI’s SHR suffers from a high degree of missing data, multiple records
for incidents with large victim counts, and reporting errors. Crowd-sourced databases
are equally problematic as they often focus exclusively on public mass shootings, lack a
consistent definition, and are of questionable validity (Fridel, 2017). In order to address
these challenges, a unique dataset of all mass murders in the United States from 1991
to 2016 was created. First, a master list compiled all cases included by the SHR, the
Congressional Research Service (Krouse & Richardson, 2015), USA TODAY (Overberg
et al., 2016), Gun Violence Archive (GVA), Stanford Geospatial Center and Stanford
Libraries, Mother Jones, Everytown for Gun Safety, and the New York City Police
Department report on active shooters (Kelly, 2010). Media accounts, court documents,
academic journal articles, and available law enforcement records (provided by USA
TODAY’s Freedom of Information Act requests) were then utilized to validate each inci-
dent. Additional media searches were also conducted using Newspapers.com and
LexisNexis to identify missing cases not included in any of the other datasets. To date,
this represents the most comprehensive and accurate database available on mass shoot-
ing incidents in the United States, with a total sample size of 592 mass shootings during
the study period. The SHR, for example, missed 157 validated incidents (after excluding
the state of Florida and removing duplicate records) and included an additional 135
erroneous cases that could not be corroborated by other sources.

Annual state-level data on key independent and control variables were appended
from multiple sources (detailed in Table 1), including the: U.S. Census Bureau Current
Population Survey; U.S. Bureau of Labor Statistics; National Vital Statistics System; CDC’s
WISQARS and Wide-ranging Online Data for Epidemiological Research (WONDER);
National Institute of Alcoholism and Alcohol Abuse; U.S. Fish and Wildlife Service; FBI’s
Uniform Crime Reports (UCR); U.S. Bureau of Justice Statistics, National Prisoner Statistics
Data; and Henry J. Kaiser Family Foundation State Mental Health Agency (SMHA).
Information on firearms legislation over time was provided by the State Firearms Laws
Database, which used Thomson Reuters Westlaw to track the presence or absence of
more than 100 firearms provisions by state since 1991 (Siegel et al., 2017).

Measures

Study variables are described briefly in this section, while a more description of all
measures is provided in Table 1, including the definition, data source, and extent of
missing information for each variable. Table 2 shows descriptive statistics for all varia-
bles for may-issue states, shall-issue/permitless carry states, and the sample in totality.

Outcome and key independent variables
The current study examined two dependent variables, including annual state counts
of firearms homicide victims and mass shooting incidents. The CDC defines firearms
homicide as injuries inflicted by another person with intent to injure or kill with a
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firearm, excluding injuries due to legal intervention, operations of war, and justifiable
homicides. As WISQARS does not provide linkage information, firearms homicide was
measured as a count of victims rather than incidents. However, given that nearly 90% of
homicides are single-victim incidents (Federal Bureau of Investigation, 2017), this limitation
is not too serious. Consistent with prior work (Fridel, 2017; Ressler, Burgess, & Douglas,
1988), mass shootings are defined as the intentional killing of four or more persons
(excluding the offender and unborn children) with a firearm within a 24-hour period. Less
than 10% (N … 62) of incidents involved other weapons in addition to a firearm.

Household gun ownership and concealed carry legislation represented the two pri-
mary independent variables of interest in this study. Household gun ownership was
measured using a common proxy, the proportion of suicides committed with a fire-
arm. This measure has been extensively validated in the prior literature, correlates
highly with state-specific survey measures, and has been demonstrated as the best

Table 1. (Continued)

Variable Definition Data Source Notes

Percent aged 18-24 Percentage of the population
aged 18 to 24

CDC WONDER Bridged
Race
Population Estimates

Complete panel series

Alcohol consumption Per capita alcohol
consumption among
persons aged 14 years
and older

National Institute of
Alcoholism and
Alcohol Abuse

Data imputed for
Georgia (2000)

Hunting Number of paid hunting
licenses per 100 persons
aged 15 or older

US Fish and Wildlife
Service. Historical
hunting license data.

Complete panel series

Property crime rate Number of burglaries,
larcenies, and motor
vehicle thefts per
100,000 population

FBI, Uniform Crime
Reports (UCR)

Complete panel series

Violent crime rate Number of rapes, assaults,
and robberies per
100,000 population

FBI, Uniform Crime
Reports (UCR)

Complete panel series

Incarceration rate Number of sentenced
prisoners with a sentence
of at least one year per
10,000 population

BJS, National Prisoner
Statistics data series

Complete panel series

Non-firearm homicide
rate

Number of homicide victims
killed with a weapon other
than a firearm per
100,000 population

CDC WISQARS Complete panel series

Ethnic heterogeneity Blau’s (1977) index by
summing the squared
proportion of the
population in each racial/
ethnic group and then
subtracting this summation
from 1. The equation for
this measure is as follows:
1 – Rpi2, where pi is the
proportion of the
population in each racial/
ethnic group (White, Black,
Hispanic, Asian, and
American Indian).

CDC WONDER Bridged
Race
Population Estimates

Complete panel series

Region South, West, Northeast, or
Midwest, as defined by the
U.S. Census

U.S. Census Bureau Complete panel series
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available proxy (Azrael, Cook, & Miller, 2004; Cook & Ludwig, 2006; Kleck, 2004; Siegel
et al., 2013). Consistent with prior research, concealed carry legislation was operation-
alized as a binary measure, with shall-issue and permitless carry states coded as 1 and
may-issue states coded as 0 (Siegel et al., 2017). Laws were lagged by one year to
ensure that they were in effect when the homicide incidents occurred (Lott & Mustard,
1997; Siegel et al., 2017).

Control variables
The analysis also controlled for a variety of predictors that previous work has shown
to be significantly related to homicide rates, including: socioeconomic advantage,
racial/ethnic heterogeneity, unemployment rate, divorce rate, property crime rate, vio-
lent crime rate (excluding homicide), incarceration rate, non-firearm homicide rate,
mental health expenditures per capita, alcohol consumption per capita, number of
hunting licenses per capita, percent male, percent aged 18 to 29, and census region.
Missing data on mental health expenditures per capita, alcohol consumption per cap-
ita, and the divorce rate were imputed in STATA 15 with chained equations (N … 10
imputations).

Analytical strategy

This analysis used a cross-sectional panel design to examine the impact of changing
firearms legislation and ownership over time on both firearms homicide and mass
shootings. Due to the rarity of mass shooting incidents, both outcomes were meas-
ured as counts, as often recommended for studying crimes with low base rates
(Hepburn et al., 2004; Plassmann & Tideman, 2001; Siegel et al., 2017). Overdispersed
data required the use of negative binomial regression models for both firearms homi-
cide and mass shootings. The total population of the state was included as an expos-
ure variable for both models.

The model also accounted for clustering by year and by state. Year fixed effects (in
the form of a dummy variable for each cross section from 1991 to 2016 minus one)
were included to purge the model of cross-sectional bias. Following prior work (Miller
et al., 2002; Siegel et al., 2017), generalized estimating equations (GEE) was utilized to
control for clustering within states over time. GEE is a semiparametric, population-
averaged or marginal approach that treats dependence as a nuisance feature of the
data (Liang & Zeger, 1986). As GEE requires no assumptions about the distribution, it
is robust to misspecification of the working correlation matrix, reducing the potential
for omitted variable bias. Considering that sensitivity to model misspecification was
one of the National Research Council’s major criticisms of the concealed carry litera-
ture, GEE is well-suited for this study. An exchangeable (compound symmetry) working
correlation matrix and robust (Huber-White sandwich estimators) standard errors were
used to produce consistent point estimates and standard errors even if the working
correlation matrix is misspecified (Liang & Zeger, 1986).

Given the large number of related predictor variables, several tests for potential
multicollinearity were conducted. First, all variance inflation factors (VIF) were under 4,
well below the traditional threshold of 10, as well as the more rigorous cutoff of 5
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10.8% (CI … 1.026–1.196) in shall-issue or permitless carry states in comparison to their
may-issue counterparts; this point estimate is within the 95% confidence interval pre-
sented by Siegel et al. (2017), and thus confirmed their findings. In addition, for every
one standard deviation increase in racial/ethnic heterogeneity and the property crime
rate, the firearms homicide incidence rate respectively increased by 29.0% and 17.4%.
Consistent with the Southern culture of violence hypothesis (Cohen & Nisbett, 1994;
Nisbett & Cohen, 1996), firearms homicide rates were 44.7% lower in the Northeast
and 55.2% lower in the West in comparison to the South.

Figure 1 contextualizes the impact of more permissive concealed carry legislation
by presenting predicted annual firearm homicide counts for shall-issue/permitless carry
and may-issue states across levels of household gun ownership. An average state in
an average year experienced an additional 16 to 22 firearms homicides annually in
states with more permissive concealed carry laws, an effect that is relatively consistent
across all levels of gun ownership (tests for an interaction between gun ownership
and concealed carry legislation were not significant; results available upon request). It
is interesting to note that although gun ownership was not a significant predictor of
firearms homicide in the full model (IRR … 1.046, CI … 0.978–1.119), it was positively
associated with firearms homicide in models (not shown) excluding concealed carry
legislation (IRR … 1.063, CI … 1.002–1.128). This suggests that the concealed carry legis-
lation variable may suppress the effects of gun ownership frequently found in previ-
ous work (results available upon request) (Siegel et al., 2013).

In comparison to firearms homicide, only one state-level correlate significantly pre-
dicted mass shootings: gun ownership. Specifically, every one standard deviation
increase in gun ownership increased the incidence rate of mass shootings by 53.5%
(CI … 1.199–1.940). Contrary to the common “good guy with a gun” argument, mass
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Figure 1. Predicted Annual Firearms Homicide Counts in May-Issue and Shall-Issue/Permitless Carry
States by Household Gun Ownership: 50 U.S. States, 1991–2016.
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shootings were no more or less likely to occur in areas with more permissive con-
cealed carry laws (IRR … 0.881, CI … 0.696–1.115).

To illustrate this finding, Figure 2 presents the predicted number of years between
mass shootings for states with different levels of household gun ownership (calculated
as one divided by the predicted annual number of incidents). States with average lev-
els of gun ownership experienced a mass shooting every 2.41 years; states with the
highest levels of gun ownership experienced a mass shooting nearly twice as fre-
quently—every 1.25 years; and states with the lowest levels of gun ownership experi-
enced a mass shooting almost two times less often—every 4.66 years.2

Sensitivity analyses

Various sensitivity analyses were conducted to ensure the validity of the results.
Findings remained substantively unchanged when: (1) fixed effects for state were
employed instead of GEE; (2) outcome variables were modeled as rates per 100,000
population; (3) mass murders were measured as number of victims instead of inci-
dents; (4) all independent variables were lagged by one year; (5) additional control
variables were added, including the lagged firearm homicide rate, a binary measure of
the assault weapons ban (1994-2004), and other “common sense” gun laws often pro-
posed in the wake of mass shootings (i.e., universal background checks, universal per-
miting, mandatory waiting periods, prohibitions for violent misdemeanors and
domestic violence restraining orders, high capacity magazine bans, and the total
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Figure 2. Predicted Number of Years Between Mass Shootings By Levels of Household Gun
Ownership, 50 U.S. States, 1991–2016.
Note: An average level of household gun ownership is zero standard deviations from the mean;
lowest and highest levels are 2 standard deviations below and above the mean, respectively; and
low and high levels are 1 standard deviation below and above the mean, respectively.

2The predicted annual counts of mass shootings were 0.21, 0.30, 0.41, 0.58, and 0.80 for states with the lowest, low,
average, high, and highest levels of gun ownership, respectively.
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number of firearms laws). Models using non-firearm homicides and mass murders as
the outcome found no significant findings in terms of firearm variables, lending cre-
dence to the results.

Discussion

Using a novel dataset, this study represents the first to compare the impact of house-
hold gun ownership and concealed carry legislation on both firearm homicides and
mass shootings. More permissive concealed carry legislation was associated with a
10.8% increase in the firearms homicide incidence rate, yet had no significant effect
on mass shootings. Similarly, household gun ownership was associated with a 53.5%
increase in the mass shooting incidence rate, yet has a minimal impact on firearm
homicides when accounting for concealed carry legislation.

These findings are not without certain empirical limitations. The low base rate of
mass shootings: (1) required a count model approach instead of the typical modeling
of homicide rates; (2) reduced variation in the outcome, as over 70% of state-years
experienced no incidents; and (3) prevented the examination of specific types of inci-
dents (e.g., public mass shootings) most likely to be impacted by concealed carry
legislation. Additionally, using the semi-parametric approach of GEE lowers the model
power which, in combination with the reduced variation in the number of mass shoot-
ings, indicates that these results are relatively conservative. Due to the small number
of permitless carry states, particularly in earlier years, it was not possible to examine
differences between shall-issue and permitless carry policies (Siegel et al., 2017).

Finally, although the percentage of suicides committed with a firearm has been vig-
orously validated as a proxy, this measure does not distinguish between legal and
illegal gun ownership, which may have disparate effects on violent crime (Stolzenberg
& D’Alessio, 2000; Dierenfeldt, Brown, & Roles, 2017). The empirical literature remains
divided as to the relationship between homicide and gun ownership, with scholars
finding a positive effect of both legal (Semenza, Stansfield, & Link, 2020; Steidley,
Ramey, & Shrider, 2017) and illegal gun availability (Stolzenberg & D’Alessio, 2000;
Dierenfeldt et al., 2017) on violent crime rates. As Kleck (1997, p. 215) summarizes, “it
is possible that gun possession among prospective aggressors [illegal ownership]
increases lethal violence, while gun possession among prospective victims [legal own-
ership] reduces it, with no net effect of overall gun ownership levels on violence
rates.” In this way, the inability to separate legal and illegal gun ownership may par-
tially explain why gun ownership was not a significant predictor of firearms homicide,
despite widespread support for this relationship in the literature. Future research
should attempt to disentangle the effects of legal and illegal gun ownership on fire-
arms homicide and mass shootings, though the lack of sufficient data on illegal gun
ownership represents a challenge in this regard (Azrael, Hepburn, Hemenway, &
Miller, 2017).

Despite these limitations, this study has important implications for both research
and policy. First, consistent with some prior work (Reeping et al., 2019), household
gun ownership is strongly associated with mass shootings at the state level. Equally
important to note is that other factors often cited in the wake of mass shootings, such
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as access to mental healthcare, do not significantly influence the rate of these crimes.
The fact that gun ownership was the only significant macro-level predictor of mass
shootings provides evidence that guns represent a fruitful target for intervention cur-
rently validated by research. There are several explanations for the strong relationship
between levels of gun ownership and mass shooting rates. Guns are incontrovertibly
quicker and more lethal than most other personal weapons, and therefore increase
the likelihood of multiple deaths during an assault (Zimring, 1968, 1972, 1991).
Firearms are also psychologically associated with power and aggression, and thus their
presence in an argument can trigger aggressive behavior due to this learned associ-
ation (Anderson et al., 1998; Bartholow et al., 2005; Berkowitz & Lepage, 1967;
Bettencourt & Kernahan, 1997; Killias & Haas, 2002). Considering that two-thirds of
mass shootings occur in private residences (Fridel, 2016), easy access to firearms dur-
ing domestic disputes may facilitate impulsive or unplanned family massacres. Indeed,
prior research has shown that the risk of dying from homicide or suicide in the home
is dramatically increased in households with firearms, regardless of gun storage and
safety practices (Cummings et al., 1997; Dahlberg, Ikeda, & Kresnow, 2004). High levels
of community gun ownership may also facilitate mass shootings outside the home.
Approximately three-quarters of school shootings, for example, involve guns stolen
from the home or from another relative (National Threat Assessment Center, 2019).
Easy access to weapons stored in cars may similarly provide opportunities for impul-
sive workplace massacres, like the 2003 shooting at the Lockheed Martin plant in
Meridian, Mississippi. The greater prevalence of firearms may also indirectly facilitate
felony-related mass shootings linked to robberies, gang warfare, and drug trafficking,
which often involve illegally obtained weapons. Criminals otherwise prohibited from
purchasing firearms are more easily able to steal or obtain guns in communities with
many gun owners (Duggan, 2001). Areas in which guns are prevalent also tend to
have a robust secondhand market and host gun shows, both of which are much less
regulated than federally licensed dealers.

Second, there is no evidence that permissive concealed carry laws prevent mass
shootings or mitigate their damage. The lack of a deterrent effect is hardly surprising,
considering that the vast majority of armed victims fail to defend themselves or
threaten their attacker during other, more common crimes (Planty & Truman, 2013).
One study examining homicides in Sweden over a twenty-year period found that only
0.2% were committed by legal gun owners in self-defense (Killias & Markwalder, 2012).
In addition, over 60% of mass murders are family killings, and so the majority of vic-
tims in these cases trust and are not threatened by their attacker (Fridel, 2017). Even
so, mass shooters who act in public spaces often extensively plan their attacks, pre-
cluding the impulsive use of a concealed weapon during an argument. Furthermore,
over one-third commit suicide or suicide-by-cop during the assault, indicating that the
“good guy with a gun” is unlikely an effective deterrent, and may even be appealing
for those who want to engage in a firefight (Fridel, 2017). Anecdotal evidence similarly
suggests that armed citizens rarely stop or prevent mass shootings, as only one active
shooter incident in the United States from 2000 to 2013 was resolved by an armed
private citizen (excluding security guards and off-duty law enforcement officers), who
was notably an active-duty marine; in contrast, 21 incidents were stopped by unarmed
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citizens without such training during the same time period (Blair & Schweit, 2014).
Given that nearly half of incidents in which law enforcement officers confronted active
shooters resulted in police casualties, the “good guy with a gun” is more likely to be
wounded himself or accidentally kill an innocent bystander than successfully stop a
mass shooting (Donohue et al., 2017).

Although permissive concealed carry laws do not impact mass shootings, they sig-
nificantly increase the firearms homicide rate. Even assuming permit holders are gen-
erally law-abiding citizens (Lott, 2018), increased gun-carrying in public may indirectly
contribute to violence through several distinct pathways. Some scholars have sug-
gested that offenders may use guns more often in states with permissive concealed
carry laws in order to protect themselves against potentially armed victims. For
example, Cook and colleagues (2009) found that two-thirds of prisoners incarcerated
for gun offenses considered the armed status of potential victims as very or somewhat
important in their choice to use a gun themselves. Increased gun-carrying in public
also elevates the likelihood of loss or theft, in turn contributing to trafficking and the
illegal gun market. Approximately 1% of individuals who carry firearms outside the
home have their weapons stolen (Hemenway et al., 2017), leading to an estimated
100,000 guns being funneled from concealed carry permit holders to criminals each
year in the United States (Donohue et al., 2017). Finally, permissive concealed carry
laws may increase crime by wasting valuable police time and resources as they differ-
entiate illegal and legal carriers and respond to gun-related accidents; the size of
police forces in permissive states has increased significantly in comparison to their
more restrictive counterparts, potentially due to the increased demands on law
enforcement (Donohue et al., 2017).

Regardless of the precise mechanism underlying its association with increased fire-
arm homicide rates, the national trend towards more permissive concealed carry is
deeply troubling. Since 2007, the number of concealed handgun permits has skyrock-
eted by 273%, a figure that does not even count those with concealed firearms in per-
mitless carry states (Lott, 2018). The public health implications are clear: permissive
concealed carry legislation is a significant contributor to the gun violence epidemic in
the United States.

Perhaps the most important finding of this study, however, is that gun ownership
and legislation do not impact mass shootings and firearms homicides in the same
way. As a result, policymakers likely need to enact distinct prevention initiatives in
order to address different types of gun violence. The results of the current study, for
example, indicate that reducing gun ownership (potentially through universal back-
ground checks and permit requirements) benefits mass shooting prevention efforts,
while reinstating more restrictive concealed carry legislation decreases the overall fire-
arms homicide rate. The fact that neither intervention appears to have a deleterious
effect on the other crime (e.g., higher levels of gun ownership do not reduce the fire-
arms homicide rate, and more permissive concealed carry legislation is not associated
with a reduction in mass shootings) suggests that a two-pronged approach would be
most beneficial in combating both mass shootings and firearms homicide. Considering
that other policies not considered here may prevent one type of gun violence while
promoting another, it is imperative that legislators recognize the distinct correlates of

JUSTICE QUARTERLY 909

Exhibit D 
Page 201

Case 3:19-cv-01226-L-AHG   Document 134-8   Filed 03/15/24   PageID.14583   Page 276 of
453

Emma Fridel

Emma Fridel



mass shootings and firearms homicide and consider potential collateral consequences
before enacting an intervention.

Conclusion

In viewing mass shootings as the epitome of gun violence in the United States, policy-
makers on both sides of the gun control debate fundamentally assume that mass
shootings are representative of firearms homicide more generally, and therefore that
strategies to prevent mass shootings will also reduce gun violence overall. The present
study examines two such interventions—levels of household gun ownership and per-
missive concealed carry legislation—and finds evidence that mass shootings are poor
proxies of gun violence more generally. It is imperative that policymakers enact legis-
lation that will help reduce the thousands of firearms homicides occurring in the
United States each year, rather than focusing on the rare mass shooting, however tra-
gic such incidents may be. It is essential that lawmakers and researchers alike properly
contextualize mass shootings as a small part of the gun violence epidemic, or else risk
missing the forest for the trees.
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ABSTRACT
In response to my recent article on guns, firearms homicide, and
mass shootings, Kleck questions the reliability of my findings and
cited concerns related to spuriousness, invalid measurement, and
causal ordering. Most of the points raised by Kleck were addressed
as sensitivity analyses in the original manuscript; the remaining
issues reflect challenges that face the field of firearms research as a
whole, including Kleck’s own work. Rebutting his critiques and
defending the literature more broadly, this response elaborates on
the modeling strategy utilized in the original article, provides add-
itional sensitivity analyses validating these decisions, and discusses
the futility of shooting down strawman arguments that fail to
advance scholarship.
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Background

In a recent article titled “Comparing the impact of household gun ownership
and concealed carry legislation on the frequency of mass shootings and firearms
homicide,” Fridel (2020) found that firearms homicide rates are elevated in states
with permissive concealed carry legislation, while mass shootings disproportionately
occur in states with higher levels of gun ownership. Kleck (2020) discusses five
methodological concerns regarding this study, including: analyzing firearms homicide
instead of total homicide rates; failing to control for other gun laws; failing to control
for other confounders; using a proxy for household gun ownership in longitudinal
analysis; and failing to address reverse causation. In addition, Kleck (2020) questions
the article’s characterization of previous literature, contending that only the weakest
studies were included.

Curiously, Kleck’s critique is not specific to the study in question, and blatantly
overlooks sensitivity analyses in the original article (see pages 15–16) that Kleck (2020)
directly addressed at least three of his five main points. As Kleck’s critique recycles
concerns that he has expressed over the past forty years (see Kleck, 1979, 2004, 2015;
Kleck, Kovandzic, & Bellows, 2016; Kovandzic, Schaffer, & Kleck, 2013), Kleck’s critique
is more of a condemnation of the field of firearms research as a whole, rather than
of my study in particular. Nevertheless, Kleck and I agree on several important
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methodological challenges facing both my study and gun violence research more
broadly. As such, the purpose of this response is twofold: first, to refute Kleck’s mis-
characterization of my recent work and its methodological rigor; and second, to high-
light the concerns that we share in this line of inquiry. In doing so, this academic
discourse contributes to the literature by clarifying common misconceptions, discus-
sing challenges confronting firearms researchers, and highlighting directions for future
work seeking to disentangle the controversial relationship between guns and violence.

Response to methodological concerns

Spuriousness and confounding variables

Kleck highlights several potential sources of spuriousness in the study results,
including: analyzing firearms homicide instead of total homicide rates; failing to
control for alternate gun laws and other potential confounders; and failing to control
for time-invariant differences across states via fixed effects. I agree that these concerns
are valid, so much so that the original article included a stand-alone sensitivity analysis
section testing and refuting each potential issue (see pages 15–16 of the original
manuscript). Although this discussion should have been sufficient to satisfy Kleck had
he carefully reviewed it, I begin by reiterating the rationale for each of these modeling
decisions in depth before presenting additional analyses to validate them.

Firearms homicide and total homicide
First, Kleck contends that the study should have used the total number of homicides
and mass murders as dependent variables, rather than focusing on firearms-related
deaths. This argument is related to a potential displacement effect, as offenders who
would have killed with a gun may simply choose an alternate weapon, resulting in no
net effect on the number of murders. From a theoretical standpoint, it seems
implausible that the vast majority of offenders—many of whom act impulsively during a
quarrel—would both: (1) choose to continue with a less deadly and convenient weapon
and (2) still succeed in killing the victim(s). Nevertheless, the original article noted that gun
ownership and concealed carry legislation have no significant effects on the number of
non-gun homicides (IRR … 1.036, p … 0.383 for gun ownership and IRR … 0.980, p … 0.593
for shall-issue/permitless carry laws) and mass murders (IRR … 0.958, p … 0.831; IRR … 0.825,
p … 0.499 for shall-issue/permitless carry laws). Even if both of these models committed
a rather unlikely Type II error as indicated by Kleck, the coefficients are in the opposite
direction of a displacement effect, consistent with some previous work (Miller, Azrael, &
Hemenway, 2002). When accompanied by this type of sensitivity analysis, modeling
firearms homicides is essentially equivalent to analyzing all homicides, with the additional
benefit of focusing on the types of incidents most likely to be impacted by gun ownership
and legislation (Siegel, Ross, & King, 2013).

Confounding variables
Second, Kleck questions whether the original results represent spurious relationships
due to potential omitted variable bias. Specifically, he recommends including add-
itional gun laws and structural characteristics known to be correlated with homicide
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and/or mass murder. While omitted variable bias is a limitation of all research, Kleck is
particularly concerned due to the small number of statistically significant control varia-
bles in both models. Once again, Kleck overlooks or intentionally disregards sensitivity
analyses in the original article that address these very issues.

For example, the sensitivity analyses reported in the original manuscript
included measures of the total number of gun laws, universal background checks,
universal permitting, high-capacity magazine bans, prohibitions for violent misde-
meanors, prohibitions for domestic violence (DVRO), mandatory waiting periods,
and the Brady assault weapons ban simultaneously along with the other predic-
tors; these results were substantively similar to the models presented in the
manuscript. Moving beyond additional gun control measures, the original analysis
also controlled for structural factors that have repeatedly been shown to impact
homicide rates, including socioeconomic (dis)advantage, population age structure,
and familial disruption (Land, McCall, & Cohen, 1990; Morenoff, Sampson, &
Raudenbush, 2001; Sampson, 1987; Tcherni, 2011). Therefore, while many of the
control variables were not statistically significant in this particular analysis, they
remain key theoretical correlates of homicide that cannot be ignored (Alba &
Messner, 1995a). Indeed, several of these variables were statistically significant in
various sensitivity analyses not shown in the original manuscript due to space
constraints (but see Tables 1 and 2 below). As the goal of the study was to be
as conservative and parsimonious as possible, maximizing the total number
of significant control variables was not prioritized when choosing the final models
to be presented for publication.

Regardless, Kleck recommends controlling for other potential confounders, including
poverty, percent black, percent elderly, income inequality, population density, percent
single-parent households, total homicide rates, and “pro-violent culture.” This comment is
perplexing, as: (1) most of these variables were already included in the main analysis; and
(2) several of the recommended covariates represent outdated measures that are
theoretically and operationally inconsistent with more recent research. In order to control
for the age structure of the population, for example, the models included the proportion of
residents most likely to commit homicide (percent aged 18–24), rather than the proportion
least likely to commit homicide (percent elderly). Similarly, measures like poverty and
percent black—while traditionally used in decades past—have more recently been meas-
ured as part of a (dis)advantage index (Land et al., 1990) and Blau’s (1977) index for racial/
ethnic heterogeneity (Sampson & Groves, 1989), both of which were included in the study.
As suggested, the total homicide rate (lagged by one year) was also included as part of the
sensitivity analyses (see page 15 in the original manuscript). The remaining confounders
recommended by Kleck were either too nebulous to operationalize (e.g., “pro-violent
culture”1) or were not available annually at the state level for the study period (including
percent single-parent households, income inequality, and population density). While this
is certainly a limitation, omitted variable bias is an omnipresent issue that pervades
all empirical research.

1“Pro-violent culture” has often been included in the form of regional controls for the Southern culture of violence
hypothesis (Gastil, 1971; Loftin & Hill, 1974). Regional dummies were included in the original models, so it remains
unclear what other measures of “pro-violent culture” should have been included.
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of the working correlation matrix (see Liang & Zeger, 1986 for an overview).
Essentially, GEE has the benefits of a random effects model (assuming constant within-
unit marginal covariance), without the often problematic assumption that any unit
heterogeneity is orthogonal to the explanatory variables (Wawro, 2009).2 In other
words, GEE captures both between- and within-state variation and thus examines the
average response over the population as a whole; in contrast, fixed-effects models
focus exclusively on within-unit change, and thus are optimal for estimating state-spe-
cific means. As a result, GEE is better suited to address the original study’s goal: exam-
ining the impact of household gun ownership and concealed carry legislation on
homicide and mass murder in the United States as a whole. As Bell, Fairbrother, and
Jones (2019, pages 1054–1055) summarize, “Social science is concerned with under-
standing the world as it exists, not just dynamic changes within it. Thus with a panel
dataset, for example, it will often be worth modelling associations at the higher level
in order to understand the ways in which individuals differ—not just the ways in
which they change over time.” Considering that gun ownership varies widely between
(but not as much within) states and concealed carry legislation varies both between
and within states,3 capturing both sources of variation is crucial for understanding the
full picture of gun violence in America.

GEE also has several other advantages relative to the traditional fixed-effects
approach. Because it is robust to the misspecification of the working correlation
matrix, GEE reduces the potential for omitted variable bias, one of Kleck’s main con-
cerns. In addition, GEE tends to be quite conservative in comparison to fixed-effects
models due to its semiparametric approach, which may explain why so few control
variables were significant when using this type of analysis. Finally, GEE is essentially
the only option for modeling rare event panel data, such as mass murder. States that
did not experience an incident during the time period, for example, have no overlap
between the fixed effects and the outcome (e.g., separation). As a result of the lack of
variation in the dependent variable, these states are excluded from the model, and
the parameter estimates are only calculated using states that experienced at least one
incident (see Cook et al., 2020 for an overview of this issue). This produces an inaccur-
ate estimate of the baseline event risk by introducing sample selection bias, leading
some researchers to argue that fixed effects should rarely—if ever—be used with rare
event cross-sectional panel data (Beck & Katz, 2001; Nel & Righarts, 2008; Wright,
2009).4 GEE was thus necessary to facilitate comparison across the homicide and mass
murder models, the primary goal of the original study.

Additional sensitivity analyses
Explanations for these modeling decisions notwithstanding, I conducted a series of
additional sensitivity analyses to further assuage Kleck’s concerns. Table 1 presents the

2This is the case when an exchangeable correlation matrix is specified, as was done in the original study.
3During the original study period, for example, 26 states changed from may-issue to shall-issue or permitless carry
laws (within-unit variation). In 1991, 15 states were shall-issue or permitless carry, yet by 2016 41 states had
adopted these policies (between-unit variation).
4It is important to note that these researchers were specifically analyzing binary dependent variables. Although mass
murders are operationalized here as a count variable (to facilitate comparison with homicide), they are so rare as to
be essentially a binary. Indeed, only 13% of the state-years in the sample experienced more than one mass murder.
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results of three separate negative binomial regression models on homicide. The first
column displays the original study results (using GEE to examine firearms homicide during
the full study period, 1991–2016), showing that the incidence rate of firearms homicide is
10.8% higher in shall-issue or permitless carry states than in their may-issue counterparts
(IRR … 1.108; 95% CI … 1.026, 1.196). Following Kleck’s advice, the second model: uses all
homicide counts as the dependent variable; includes various additional confounders; and
employs fixed effects for year and state instead of GEE. As some of the recommended pre-
dictors were not available for the entire study period, the third model appends data on
the Gini coefficient of income inequality, the percentage of single female-headed house-
holds with children, and population density from the American Community Survey (ACS),
at the cost of restricting the analysis to 2006–2016. Consistent with the study results, shall-
issue and permitless carry states have significantly higher homicide incidence rates than
may-issue states in both the full (IRR … 1.048; 95% CI … 1.016, 1.081) and truncated time
periods (IRR … 1.095; 95% CI … 1.035, 1.159). As expected given the greater power of the
fixed effects approach, several additional control variables are statistically significant in the
two new models, exceeding the arbitrary threshold of five or more confounders estab-
lished by Kleck (2015).

Table 2 replicates these three models with mass murder, employing GEE with fixed
effects for year instead of a full fixed effects design for reasons explained above (Beck
& Katz, 2001). As shown in the first column, the original model finds that the incidence
rate of mass shootings is increased by 52.5% for every one standard deviation increase
in household gun ownership (IRR … 1.525; 95% CI … 1.199, 1.940). This result is substan-
tively unchanged when analyzing all mass murders and controlling for additional con-
founders, both in the full (IRR … 1.420; 95% CI … 1.106, 1.823) and truncated time
periods (IRR … 1.599; 95% CI … 1.001, 2.565).5 As with homicide in general, several add-
itional predictors are significant, again meeting Kleck’s (2015) spuriousness threshold.
Taken together, these analyses suggest that Kleck’s concerns are largely unfounded, as
the key findings remain remarkably robust to changes in: the measurement of the
dependent variable; the inclusion of control variables, and the analytical strategy.

Measurement validity

Kleck also questions the validity of the proxy used to measure household gun owner-
ship, the percentage of suicides committed with a firearm (FS/S). Specifically, while he
agrees that the measure is the best available proxy for cross-sectional data, he con-
tends that FS/S is not valid longitudinally (Kleck, 2004; Kovandzic et al., 2013) despite
its frequent usage in time series or panel studies (Azrael, Cook, & Miller, 2004; Cook &
Ludwig, 2006; Miller et al., 2002; Siegel et al., 2013, 2017). In fact, Kleck (2004, p. 3)
goes so far as to argue that all longitudinal research involving household gun

5It is important to note that the third model presented in Table 2 is relatively unstable due to the truncated time
frame and more importantly, the reduced variation in the dependent variable. For example, Delaware, Hawaii,
Mississippi, Rhode Island, and New Hampshire have not experienced a single mass murder since 2006.
Compounding these issues are the larger number of covariates and high levels of multicollinearity (VIF > 10)
introduced by including theoretical similar variables (e.g., poverty, median income, and percent single female-
headed households). As a result, this model should be interpreted with caution, and is presented for exploratory
purposes only.
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ownership is “impossible” because there are no known measures that are valid indica-
tors of firearms prevalence over time.

What Kleck fails to mention, however, is that validating a proxy longitudinally requires
comparison with an established criterion (typically survey data) measured over a rela-
tively long period of time. This is the unfortunate Catch-22 of gun research: It is impos-
sible to adequately evaluate FS/S as a longitudinal proxy of gun ownership because there
are no valid annual, state-level survey data on gun ownership. If such data existed, it
would be unnecessary to use FS/S longitudinally in the first place! As a result, attempts
to resolve this paradox have been inherently flawed. Kovandzic et al. (2013, pages 486),
for example, asserted that FS/S is an “abysmal” proxy over time by comparing it to
changes in the percentage of households with a gun from the General Social Survey
(GSS) between 1980 and 1998 (with gaps6) at the state level. The researchers themselves
acknowledge, however, that this test has major shortcomings because the GSS was not
designed to be representative at the state level, and only samples an average of 30 indi-
viduals per state per year. Therefore, it is hardly surprising that the GSS firearms preva-
lence estimates were uncorrelated with FS/S, considering the underlying noise in the
data. When similar analyses are conducted with census divisions instead of states (a level
of analysis for which the GSS is representative and has an adequate sample size), FS/S
and household gun ownership have a significant, positive intertemporal correlation (see
Azrael et al., 2004). Kovandzic et al. (2013) justify their conclusions, however, by compar-
ing changes in FS/S over time with data on firearms ownership from the CDC’s
Behavioral Risk Factor Surveillance System (BRFSS), a telephone survey with a substan-
tially larger sample size per state. However, the BRFSS only contains data for three, non-
consecutive years (2001, 2002, and 2004) nearly two decades ago, hardly a long enough
period to effectively examine changes in FS/S over time. Further complicating the matter
is the fact that surveys are not infallible measures—as Kleck (2004, p. 4) notes, “Surveys
themselves are subject to errors and probably underestimate gun ownership, perhaps by
5 percent to 13 percent (Kleck, 1997, pages 65–69).”

Therefore, while Kleck is correct in asserting that FS/S has not been validated longi-
tudinally, his claim that “the research record is clear” that the proxy is actually invalid
is certainly not. In addition, Kleck provides minimal theoretical justification, either here
or elsewhere (Kleck, 2004; Kovandzic et al., 2013), as to why FS/S would be correlated
with gun ownership across areas, but not over time. The one potential explanation he
proffers is that gun ownership does not vary as much within states over time as it
does between states. For example, Kleck (1997, 2015) notes that national household
gun ownership rates remained relatively steady from 1959 to 1993. This argument is
relatively weak, however, for two reasons: (1) the fact that there is relatively less tem-
poral variation does not necessarily suggest that there is none at all; and (2) much has
changed over the past thirty years, with rates of household gun ownership experienc-
ing a dramatic decline nationwide. Figure 1 shows the national percentage of house-
holds with guns from the GSS from 1973 to 2018. While nearly half of all Americans
lived in residences with guns in the 1970s, less than a third do so today. Over the
period of the original study (1991–2016), national household gun ownership rates

6Data are not available for 1983, 1986, 1992, 1995, and 1997, as the GSS was not fielded or did not include the
relevant questions during these years.
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experienced a 22% decline. With smaller units of analysis like the state, there is likely
to be even more variation. Alternatively, some researchers have suggested that FS/S
may be a valid longitudinal proxy that is artificially undermined by widespread
sampling error and systematic underreporting in survey estimates (Azrael et al., 2004).

In sum, there is no compelling empirical or theoretical evidence to conclusively
validate or invalidate FS/S as a longitudinal proxy of household gun ownership. Until
annual state-level estimates are available, researchers can either use the best cross-
sectional proxy for gun ownership as I and many others have done (Cook & Ludwig,
2006; Duggan, 2001; Miller et al., 2002; Moody & Marvell, 2005; Siegel et al., 2013,
2017) or follow Kleck and eschew longitudinal research altogether. In the absence
of better data, it is impossible to determine which is the better approach.

Reverse causation

Kleck’s final methodological critique touches on one of the most disputed questions in
firearms research: do more guns cause more crime, or does more crime cause people
to buy more guns? Specifically, he suggests that the original results could also indicate
that mass shootings and higher firearms homicide rates motivate individuals to buy
guns for protection, which in turn promotes the enactment of more permissive
concealed carry legislation. I agree that disentangling the guns-crime nexus is an
important yet difficult task, and therefore included a sensitivity analysis lagging all
predictors by one year in the original article to address the issue as much as possible
within the same modeling framework. Nevertheless, I concede that this does not fully
resolve the causal ordering issue, a problem that pervades the vast majority
of firearms research. However, Kleck’s claim that all longitudinal research on guns and
violence is invalid is deeply misleading and ignores equally problematic limitations
with cross-sectional techniques. Therefore, it is important to briefly clarify the
strengths and weaknesses of both approaches, rather than prematurely dismissing
an entire set of valuable methods.
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Figure 1. Household gun ownership in the United States, 1973–2018 (General Social Survey).
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The longitudinal strategy to establish causality takes advantage of temporal order-
ing by including both x and y as lagged predictors in a panel model (Finkel, 2011);
this was the strategy employed by the original study. Aside from decisively establish-
ing that x comes before y, this approach offers several advantages over its cross-
sectional counterpart. The quasi-experimental design is second only to the true
experiment in methodological rigor, and the inclusion of multiple waves of data allows
for the examination of changes over time (naturally crucial when exploring the effects
of gun control legislation). Even further, such models are flexible as to the length
of the lag, depending on the theoretical mechanisms at play. Aside from potential
measurement issues using the FS/S proxy over time (see above), the panel approach
has two major limitations. First, the appropriate length of the lag is often unknown,
and the contemporaneous measure of x cannot be included due to multicollinearity.
As a result, the model implicitly assumes that x has no immediate effect on y, which
may or may not be the case. Second, if gun ownership is endogenous to violence,
it (and to a lesser extent, its lag) will be correlated with the error term.

As a partial test for reverse causation, I conducted additional sensitivity analyses
using homicide and mass murder to predict household gun ownership in the United
States from 1991 to 2016. Table 3 displays the results of these OLS regression models,
which all utilize fixed effects for year and state and include the various control
variables previously mentioned, consistent with Kleck’s recommendations as discussed
above. In the first model, no predictors are lagged; thereafter, each model lags all
predictors by one to five years. Neither homicide nor mass murder is a statistically
significant predictor of gun ownership at the state level, either contemporaneously
or over a five-year period. With regards to mass murder, these results are hardly
surprising—the vast majority of incidents receive little media coverage, and thus are
unlikely to significantly impact gun-purchasing behavior (Duwe, 2000). Although
this sensitivity analysis cannot completely resolve the causal order problem, the results
once again cast doubt on the reverse causation hypothesis.

The alternative to panel data is to use a cross-sectional instrumental variable approach,
which utilizes variables that are strongly correlated with the endogenous explanatory
variable, yet are not correlated with the error term (i.e., are exogenous); this is the tactic
often employed by Kleck (see Kleck et al., 2016; Kleck & Patterson, 1993; Kovandzic et al.,
2013). While this strategy effectively controls for reciprocal or simultaneous causation, it is
inherently incapable of measuring change over time. Even further, the instrumental
variable approach depends entirely on the validity of the exogenous instruments.
Unfortunately, finding instruments that are both highly correlated with x and unrelated to
y is a difficult task, and in some cases, “the best we can do is rely on a priori reasoning”
rather than empirical evidence (Kovandzic et al., 2013, p. 498).

While several instruments have been validated using data from 30 years ago,
large-scale cultural and demographic shifts in the United States make the use of these
variables questionable at best. Prior work, for example, has utilized subscriptions
to outdoor and/or firearms magazines, the state hunting license rate, percent military
veterans, and percent voting Republican in the most recent presidential election as
instruments for gun ownership (Kleck et al., 2016; Kleck & Patterson, 1993; Kovandzic
et al., 2013), despite criticisms regarding their shaky theoretical grounding, lack
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of statistical significance, and small effect sizes (Alba & Messner, 1995a, 1995b). While
this may have been reasonable in 1990, magazine readership levels have plummeted
in the internet era, with only 7% regularly reading news magazines, and 3% reading
specialty magazines (Pew Research Center, 2012). Guns & Ammo, one of the premiere
firearms magazines in the United States, only had a circulation of 364,272 in 2020
(Guns & Ammo, 2020). In the same vein, fewer Americans report hunting than ever
before—while over 30% of Americans reported that they or their spouse hunted in
1977, only 17% did so in 2014 (Smith & Son, 2019). Participation in the military has
also dramatically declined over the past forty years with the end of the draft, from
18% in 1980 to 7% in 2016; VA projections suggest that by 2045, the number of veter-
ans will decline another 40%, making this instrumental variable less and less feasible
(Bialik, 2017). The fact some researchers specifically utilize the percentage of Vietnam
veterans only exacerbates the issue as this population continues to age. As magazine
subscriptions, hunting, and military participation become more and more uncommon,
adequately sampling these rare populations becomes increasingly challenging, leading
to a greater risk of sampling bias (especially at lower levels of analysis, such as the
city or county). The only proposed instrumental variable that has remained relatively
prevalent over time and is based on a large portion of the population is the percent
voting Republican. This variable, however, is at least partially endogenous due to the
association between political conservatism and socioeconomic status, which in turn
directly impacts crime (Ayres & Donohue, 2003).

How then should the endogeneity issue between guns and crime be resolved?
Researchers are forced to choose between the Scylla of panel analysis and the
Charybdis of instrumental variables, and it remains unclear which—if either—is the
optimal approach. Currently, the only way to avoid these pitfalls is to simply refrain
from conducting research in this area entirely.

Evaluating past research

Perhaps Kleck’s most concerning critique is not related to the original article at all, but
rather the literature upon which the study is based. He states the vast majority of
cited studies were “of the lowest methodological quality” (pages 9) with all but one
scoring a zero or one out of three in his recent systematic review. Kleck (2015) eval-
uated 40 studies7 on gun ownership and homicide from 1932 to 2014, scoring each
based on the validity of the gun ownership measure, inclusion of various confounders,
and controls for reciprocal causation. In order to obtain the highest possible score
(three), a study must: (1) utilize the FS/S proxy cross-sectionally; (2) meet a threshold
of five or more significant control variables; and (3) utilize the instrumental variable
approach with the specific instruments described above. Studies that deviate even
slightly from Kleck’s recommendations are equally condemned—Cook and Ludwig
(2003), for example, utilized the suggested instrumental variable approach, but
received no credit due to their use of an unapproved instrument (percent rural). Aside

7Although Kleck (2015) considers Kovandzic, Schaffer, and Kleck (2012) and Kovandzic et al. (2013) to be separate
publications, I regard the latter as an updated version of the former. Both publications have the same authors, and
use the same data/sample and a similar method to examine the same research question.
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from their somewhat arbitrary nature, these requirements ignore fundamental limita-
tions of firearms data in the United States and preclude investigation of the most
pressing research questions. Even further, all other methodological concerns are
ignored in this rating system, including sample size, sampling bias, unit of analysis,
treatment of missing data, recency, and multicollinearity. For example, only 13 of the
40 studies examined by Kleck (2015) were published since 2000, and only 3 were pub-
lished since 2010, suggesting that the most recent (and thus most relevant) research
has largely been ignored. In other words, there is no “gold standard” among research
methods, and trying to rank studies in this sort of hierarchy without considering the
exact data and research question involved is a pointless endeavor (see
Sampson, 2010).

Given Kleck’s extremely restrictive and oddly specific view of methodological
quality, it is hardly surprising that almost no prior work meets the mark—except his
own. In fact, Kleck (2015) suggests that only two studies over the past 80 years have
used rigorous methods (scoring two or three): Both are co-authored by Kleck himself,
and both use data that is at least thirty years old (Kleck & Patterson, 1993; Kovandzic
et al., 2013). It seems implausible that nearly a century of firearms research has
produced low-quality and unreliable results in all but two studies. Therefore,
while Kleck is correct that the vast majority of previous work discussed in the original
article received a low score in his review, he fails to clarify the reason why: with the
exception of a single, omitted article (Kovandzic et al., 2013), there is simply nothing
else left to cite.

Discussion

Summary

In response to my recently published study on firearms homicide and mass shootings
(Fridel, 2020), Kleck (2020) identifies five methodological “errors,” including concerns
related to spuriousness, measurement validity, and proper causal ordering. All of these
critiques were either already addressed in the original manuscript or represent funda-
mental limitations that plague nearly all firearms research. Specifically, the first three
claims regarding spurious effects are simply unfounded, as demonstrated by sensitivity
analyses presented in the original manuscript and discussed at length here. In
particular, the findings remain robust when: the dependent variable is operationalized
as the total number of homicides or mass murders; alternate control variables
(including eight distinct gun control laws) are included; and fixed effects are utilized
instead of GEE as a modeling strategy.

Kleck’s (2020) remaining two critiques on longitudinal analysis highlight key
challenges confronting the field of firearms research as a whole, including measuring
gun ownership over time and accounting for potential reverse causation. We disagree
not on the importance of these issues, but rather on the best way to address them.
While I contend that there is no perfect way to disentangle the relationship between
guns and crime, Kleck (2020) sets up and shoots down a series of strawman
arguments against the use of any longitudinal methods in firearms research. Although
he nonchalantly claims that “normal science would be enough” to address both
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measurement and causal ordering issues, the fact that only a handful of studies con-
ducted in the past century have (partially) done so according to Kleck (2015) himself
strongly suggests otherwise. If longitudinal research is limited—which it undoubtedly
is—what real alternatives do gun researchers have? Cross-sectional approaches face
distinct yet equally problematic issues, as they are unable to address change over
time and rely on instruments of questionable validity. Kleck provides no viable solu-
tion to this problem, instead suggesting that researchers either: (1) assume that his
findings from decades past are equally relevant today; (2) replicate his cross-sectional
approach exactly (despite its limitations); or (3) simply refrain from conducting new
research in this area at all. Reducing complex methodological issues to strawmen
arguments without providing realistic alternatives is a futile endeavor that does not
advance scholarship.

Future directions for firearms research

Reading Kleck’s critique and this response thus begs the question: where do we go
from here? While at first blush it may seem that Kleck and I are diametrically opposed,
in reality we are equally concerned about several challenges that face the field as a
whole. Methodological preferences aside, we can both agree on two main areas cru-
cial to the future of firearms research, including the adequate measurement of gun
prevalence and an emphasis on policy-oriented research.

First, as discussed at length here and in much of Kleck’s work (Kleck, 2004, 2015;
Kleck et al., 2016; Kovandzic et al., 2013), gun research has essentially been crippled
by a lack of high-quality, annual survey data that is representative at the state level.
No matter how one chooses to address the issue, the fact remains that almost all fire-
arms research relies upon proxies for estimates of gun ownership. While the percent-
age of suicides committed with a firearm (FS/S) is the best known substitute for legal
gun ownership, it has many limitations—it cannot be validated longitudinally, does
not necessarily account for illegal gun ownership and/or trafficking, and is of limited
utility at smaller units of analysis.8 Adequate measurement of gun ownership remains
the sword of Damocles hanging over firearms research, and it will take years of data
collection, advocacy work, and ultimately federal funding to cut the thread.

Second, when nearly 40,000 Americans die from gun violence each year, firearms
researchers cannot ignore the policy implications of their work (Centers for Disease
Control & Prevention, 2019). Many studies are theoretically interesting and methodo-
logically advanced, yet remain largely irrelevant outside the ivory tower due to their
reliance on data from decades past. In other words, finding out what worked thirty
years ago does not necessarily help policymakers combating gun violence today, the
primary goal of research in this area. Ignoring the massive demographic and social
shifts in the United States over the past few decades is at best unrealistic, and at
worst promotes policies that may exacerbate the issue. Prior work on concealed carry
legislation, for example, has shown how dramatically policy recommendations can
change depending on the time period considered. While Lott and Mustard (1997)

8Small cities and counties with few suicides overall, for example, will yield unstable FS/S estimates.
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found that more permissive concealed carry laws significantly decreased various types
of violent crime from 1977 to 1992, an exact replication extending the analysis to
2000 resulted in a near complete reversal, with shall-issue laws significantly increasing
most forms of violent crime except homicide (Wellford, Pepper, & Petrie, 2005). Even
more recent work, however, suggests that permissive concealed carry laws significantly
increase the homicide rate as well (Crifasi et al., 2018; Donohue, Aneja, & Weber, 2019;
Doucette, Crifasi, & Frattaroli, 2019; Siegel et al., 2017). Unfortunately, an additional 12
states have adopted shall-issue or permitless carry laws since Lott and Mustard’s
(1997) highly-publicized study (Siegel, 2020). As this example demonstrates, it is
imperative that firearms research prioritizes the use of contemporary data and meth-
ods to shape policies for contemporary problems.

Navigating the methodological minefield of firearms research is undoubtedly chal-
lenging because of these and many other issues, but ultimately the goal is to shoot
for the best using the data and tools currently available. While we wait for better data
and analytical techniques, the one thing upon which we all can agree is that firearms
research continues to be vital, flaws and all.
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�e Impact of State Firearm Laws on Homicide
Rates among Black and White Populations in

the United States, 1991�2016
Anita Knopov, Michael Siegel, Ziming Xuan, Emily F. Rothman, Shea W. Cronin, and

David Hemenway

This study aimed to investigate the potential di�erential e�ects of state-level �rearm laws
on black and white populations. Using a panel design, authors examined the relationship
between state �rearm laws and homicide victimization rates among white people and black
people in 39 states during the period between 1991 and 2016. Authors modeled homicide
rates using linear regression with year and state �xed e�ects and controlled for a range of
time-varying, state-level factors. Results showed that universal background check laws and
permit requirement laws were associated with lower homicide rates among both white and
black populations, and �shall issue� laws were associated with higher homicide rates among
both white and black populations. Laws that prohibit �rearm possession among people
convicted of a violent misdemeanor or require relinquishment of �rearms by people with
a domestic violence restraining order were associated with lower black homicide rates, but
not with white homicide rates. Author identi�cation of heterogeneity in the associations
between state �rearm laws and homicide rates among di�erent racial groups has implications
for reducing racial health disparities.

KEY WORDS: �rearms; homicide; racial groups; violence prevention

Although �rearm violence a�ects people
in all countries, 82 percent of all �rearm
homicides in high-income countries oc-

cur in the United States (Grinshteyn &Hemenway,
2016). In 2016, there were 14,415 �rearm-related
homicide deaths in the United States (Centers
for Disease Control and Prevention [CDC], 2018).
The risk of firearm-related homicide victimization
is elevated for black individuals as compared with
white individuals (CDC, 2018; Light & Ulmer,
2016; Phillips, 1997; Ulmer, Harris, & Steffensmeier,
2012). Black men ages 15 through 34 are six times
more likely to die from homicide than white men
of the same age, and 91 percent of homicides of
black men are the result of gun violence (Hen-
nekens,Drowos,& Levine, 2013). In 2016, the rate
of �rearm homicide victimization among black
individuals in the United States (18.6 per 100,000)
was more than eight times higher than among
non-Hispanic white individuals (2.2 per 100,000)
(CDC, 2018). Despite constituting only 14 per-
cent of the U.S population, black people comprise
59 percent of �rearm homicide victims (CDC,
2018).

Engaging in the promotion of evidence-based
policies, in particular those that address racial dis-
parities in �rearm violence, is a critical focus of
social work practice (National Association of So-
cial Workers [NASW], 2018; Social Work Policy
Institute, 2017;Van Soest & Bryant, 1995).NASW
has issued a call for �rearm violence to be declared
a public health epidemic (Arp,Gonzalez,Herstand,
& Wilson, 2017). In addition, NASW (2018) has
implored public health social workers to promote
e�ective �rearm policies:

The National Association of Social Workers
stands by our previous statements that call for
declaring all forms of gun violence�including
mass shootings�to be declared a public health
epidemic.

Accordingly, we continue to urge public
health o�cials to mobilize federal and state re-
sources to prevent gun violence. NASW also
continues to implore politicians to enact rea-
sonable and e�ective gun laws, which would
greatly reduce gun-related fatalities and inju-
ries. (paras. 4�5)
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Many states have addressed the problem of �re-
arm-related homicide by enacting �rearm laws.
Although numerous studies have examined the
impact of state �rearm laws on overall homicide
rates, we are aware of only one study (McClellan
& Tekin, 2012) that explored whether there may
be a di�erential impact of individual �rearm laws
on black people compared with white people, and
this study examined only a single type of �rearm
law (�stand your ground� laws). It is important to
understand whether particular laws have a di�er-
ential impact on the white versus black popula-
tion to ensure that our laws not only reduce over-
all homicide, but also address the racial disparity in
�rearm homicides. Reducing the racial disparity
in health outcomes is a stated objective of Healthy
People 2020, which declares the following goal:
�to achieve health equity, eliminate disparities, and
improve the health of all groups� (Healthy People
2020, n.d., para. 3).
Two previous articles examined the relation-

ship between the total number of laws and the
black versus the white �rearm homicide rates by
state (Phillips, 2002;Resnick & Randi, 2017).One
found that the total number of laws was signi�-
cantly related only to the white �rearm homicide
rate, whereas the total number of laws had no ef-
fect on the black �rearm homicide rate (Resnick &
Randi, 2017). The other study failed to �nd a sig-
ni�cant relationship between the �rearm law index
and either white or black homicide rates (Phillips,
2002).Although they advance the �eld, these stud-
ies do not help us identify which speci�c laws may
be a�ecting homicide rates, so their implications
for public policy are limited.
There are a number of reasons to believe that

�rearm laws may have a di�erential e�ect on black
and white people. First, the patterns of homi-
cide victimization between white people and black
people are strikingly di�erent, suggesting di�erent
precursors (Cooper & Smith, 2011). If the under-
lying causes of �rearm homicide di�er by race,
then so may the impact of �rearm policies. Sec-
ond,there is evidence that the use of illegal �rearms
in homicides with black victims may be substan-
tially higher than in homicides with white victims,
especially in street crimes in urban areas (Kamm,
2014;Kennedy, Piehl,& Braga, 1996; Leovy, 2015).
Third, existing literature reports a racial disparity
in estimated household �rearm ownership, with
black people only half as likely as white people to

report having a �rearm in their household (Pew
Research Center, 2016). Fourth, there is prelimi-
nary evidence of a di�erential impact of �rearm
legislation on white homicide rates compared with
black homicide rates (McClellan & Tekin, 2012).
McClellan & Tekin (2012) reported that �stand
your ground� laws�that is, laws allowing people
who perceive a threat of bodily harm to use deadly
force without a duty to retreat�were associated
with a signi�cant increase in homicides among
white individuals, but no change in homicides
among black individuals.
Our article aims to evaluate the potential di�er-

ential e�ects of individual state-level �rearm laws
on the black and white populations. Identifying
heterogeneity in the e�ects of these laws on two
racial groups may have implications for reducing
existing racial disparities.We explore the relation-
ship between multiple state �rearm laws and black
and white homicide rates across 39 states during
the period between 1991 and 2016.
Previous studies tended to explore the impact of

only a single law at a time because of the lack of
a consistent data source that tracked state �rearm
laws over time.This is problematic because �rearm
laws tend to be enacted together and one cannot
be certain that the observed relationship between
one law and an outcome is not due to the simulta-
neous presence of another law.We took advantage
of a new state �rearm law database (http://www
.state�rearmlaws.org) that allowed us to assess the
independent e�ect of a law while controlling for
the presence of other laws.

METHOD
Design Overview
Using a panel design, we analyzed serial cross-
sectional data for the 26-year period between
1991 and 2016. This design allowed us to take
advantage of changes in state laws over time to
explore the relationship between speci�c types of
laws (see Table 1) and homicide victimization rates
among white people and black people. We mod-
eled homicide rates using linear regression with
log-transformed homicide rates as the outcome
variable. We included year and state �xed e�ects.
We also controlled for a range of time-varying,
state-level factors and for race-speci�c measures of
absolute deprivation in education, economic sta-
tus, employment, and housing.

K����� �� 	
. / �e Impact of State Firearm Laws on Homicide Rates among Black and White Populations 233

D
ow

nloaded from
 https://academ

ic.oup.com
/hsw

/article-abstract/44/4/232/5610107 by 81695661,  O
U

P
 on 30 N

ovem
ber 2019

Exhibit D 
Page 299
Exhibit D 
Page 227

Case 3:19-cv-01226-L-AHG   Document 134-8   Filed 03/15/24   PageID.14609   Page 302 of
453

http://www.statefirearmlaws.org


Table 1: Laws Analyzed, Detailed Descriptions, and Law Changes during Study Period
Number of States
with Law in Effect State (Year) When Law

Law Description 1991 2016 Took Effect

Universal background
checks

Universal background checks are
required for all �rearm sales

2 8 CO (2013), CT (1999), DE (2013),
NY (2013), OR (2015),WA (2014)

Permit-to-purchase
requirement

Permits are required to obtain all
�rearms

5 7 CA (2015), CT (2014)

Prohibitions for
violent o�enders

Law prohibits handgun possession
by people convicted of a violent
misdemeanor crime or people
who are subject to a domestic
violence restraining order (and
requires surrender of �rearms)

2 15 CO (2013), CT (1994), IL (1995),
IA (2010),MD (2009),MA (1994),
MN (2014), NH (2000), NY (1996),
NC (2003), TN (2009),WA (1994),
WI (1996)

�Shall issue� Law provides authorities with no
discretion in deciding whether
to grant a concealed carry
permit

14 32 AL (2013), AK (1994), AZ (1994),
AR (1995), CO (2003), IL (2013),
IA (2011), KS (2007), KY (1996),
LA (1996),MI (2001),MN (2003),
MO (2003), NE (2007), NV (1995),
NM (2001), NC (1995), OH (2004),
OK (1995), SC (1996), TN (1994),
TX (1995), UT (1995), VA (1995),
WV (2016),WI (2011),WY (1994)

�Permitless carry� No permit is required to carry a
concealed handgun

1 9 AK (2003), AZ (2010), ID (2016),
KS (2015),ME (2015),MS (2015),
WV (2016),WY (2011)

�Stand your ground�
law in place

State has a law that allows use of
deadly force without a duty to
retreat when threatened

0 24 AL (2006), AK (2013), AZ (2010),
FL (2005), GA (2006), IN (2006),
KS (2006), KY (2006), LA (2006),
MI (2006),MS (2006),MO (2016),
MT (2009), NV (2011), NH (2011),
NC (2011), OK (2006), PA (2011),
SC (2006), SD (2006), TN (2007),
TX (2007), UT (1994),WV (2008)

Tra�cking prohibited No person may purchase a �rearm
with the intent to resell to a
person who is prohibited from
buying or possessing a �rearm

5 13 CA (1994), CO (2000), CT (1993),
DE (1994), IL (2000),MN (2015),
NY (2000), UT (1994)

Notes: Laws analyzed in this research study. A description of each law is provided as well as the total number of states that had the respective law in 1991 and the total number
of states that had the respective law in 2016. Also shown are the states that implemented the law during the study period and the year the law change took effect.

Variable and Data Sources
Outcome Variables. The main outcome variable
was the age-adjusted homicide rate in each year,
strati�ed by race (white or black),without regard to
ethnicity. Homicide rates were obtained from the
CDC�s (2018) Web-based Injury Statistics Query
and Reporting Systems database. Rates were age-
standardized to the 2000 national population. Be-
cause the CDC does not report rates when there
are fewer than 10 homicides in a given year and
because of the small black population in cer-
tain states, there were insu�cient data on black
homicide rates in 11 states (Alaska, Idaho, Maine,
Montana,New Hampshire,North Dakota,Rhode

Island, South Dakota, Utah, Vermont, and Wyo-
ming). Therefore, our analyses are based on data
from 39 states.

Main Predictor Variable. We created a database
representing the presence or absence of 133 pro-
visions of �rearm laws covering 14 categories in
each state during the period between 1991 and
2016 using historical state statutes and session laws
through Thomson Reuters Westlaw (the code-
book is available online at http://www.state�rearm
laws.org).The impact of laws was assessed starting
in the �rst full year they were in e�ect, following
the approach of Lott and Mustard (1997). In other
words, we lagged the state laws by one year. This
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Table 2: Loadings from Principal Components Analysis Used to Derive Uncorrelated
Composite Measures of Race-Speci�c Deprivation Variables

Variable Component 1 Loadings Component 2 Loadings Component 3 Loadings

Incarceration rate .50 �.13 �.03
Single-parent households .47 .01 .09
Unemployment rate .46 �.03 .13
Rental housing .45 .06 �.37
Poverty rate .35 .16 .17
Median income .02 �.72 .04
No college degree .01 .66 .04
Labor nonparticipation .02 .00 .89
Eigenvalue 3.92 1.97 1.19

Notes: Total variance explained: 88.4 percent. Boldface values indicate variables whose loadings are most clearly associated with each of the components.

ensured that any impact of the law was assessed
after its implementation.
Although we coded 133 provisions, most of

these were detailed operative provisions within a
single type of law, such as an assault weapon ban or
background check law. We selected laws for anal-
ysis by considering laws that might be expected to
a�ect overall homicide rates or that have been stud-
ied in previous research and choosing only laws
for which there is enough variation over time to
make analysis meaningful. Based on these crite-
ria, we selected seven laws for analysis: (1) univer-
sal background checks for all �rearms, (2) permits
required to purchase all �rearms, (3) prohibition of
�rearm possession by people with a history of a
violent misdemeanor crime or relinquishment of
�rearms by people who are subject to a domestic
violence restraining order, (4) �shall issue� laws; (5)
�permitless carry� laws, (6) �stand your ground�
laws, and (7) laws that prohibit �rearm tra�cking
(see Table 1).

Control Variables. We controlled for nine state-
level factors: percentage population that was black,
percentage population that was Hispanic, percent-
age of young adult men (ages 18 through 29), total
population, population density, per capita alcohol
consumption, the nonhomicide violent crime rate
(aggravated assault, robbery, and forcible rape), per
capita number of law enforcement o�cers, and
household �rearm ownership, estimated using a
well-established proxy�the proportion of suicides
committed with a �rearm�that has been validated
for use at the state level (Azrael, Cook, & Miller,
2004). Note that although this proxy has been
validated for cross-sectional analysis, no validated
measure exists for time series analysis. We also
included the lagged independent variable (the lag

of the appropriate homicide rate). These variables
were obtained from the U.S.Census Bureau (pop-
ulation and demographics), National Institute on
Alcohol Abuse and Alcoholism (alcohol consump-
tion), Uniform Crime Reports (crime rates and
law enforcement o�cers), and the CDC (�rearm
ownership proxy).
In addition,we controlled for eight race-speci�c

socioeconomic factors: incarceration rates, lack of
a college degree, poverty rates, labor force non-
participation rates, proportion of children living
in single-parent households, percentage of the
population in rental housing, median household
income, and unemployment rates.Because of mul-
ticollinearity among these variables, we could not
include all eight of them in the regressions.There-
fore, we used principal components analysis to
create composite measures consisting of a smaller
number of uncorrelated components that captured
the maximum amount of the variance in the eight
variables. Using the criterion of achieving eigen-
values above 1.0, we retained the �rst three com-
ponents, obtained after orthogonal rotation. The
variables that loaded most heavily on each com-
ponent were component 1 (poverty, incarceration,
unemployment, rental housing, and single-parent
households), component 2 (income and educa-
tion), and component 3 (labor nonparticipation)
(see Table 2). These three component scores were
entered into the model to control for race levels of
speci�c deprivation.

Analysis
As homicide victimization rates are not normally
distributed, but skewed and overdispersed, we
modeled the log-transformed homicide rates fol-
lowing the approach taken in previous work
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Table 3: Final Model: Association of State Firearm Laws with Race-Speci�c Total
Homicide Rates

Percentage Change in Homicide Rate and 95% CI
Variable White Black Overall

Lagged �rearm homicide rate 5.5� [3.1, 8.0] 1.3� [0.8 1.9]
Population (per 1 million) �1.2 [�3.3, 0.9] �4.2� [�6.9, �1.4]
Population density (per 10 square miles) 1.2 [�0.3, 2.6] 3.8� [1.0, 6.6]
Percent black �1.0 [�4.4, 2.4]
Percent Hispanic �0.3 [�1.0, 0.4] �0.6 [�1.7, 0.5]
Percent young male 1.6 [�0.4, 3.7] �3.1� [�6.0, �0.0]
Per capita alcohol consumption 10.9 [�3.0, 27.4]
Violent crime rate 4.2� [2.0, 6.4] 1.4 [�1.0, 3.9]
Per capita law enforcement �5.2� [�9.8, �0.3]
Household �rearm ownership 0.0 [�0.3, 0.3]
Socioeconomic deprivation component 1 1.5 [�1.0, 4.2] �3.2 [�6.9, 0.7]
Socioeconomic deprivation component 2 2.1 [�1.9, 6.2]
Socioeconomic deprivation component 3 �4.9 [�10.0, 0.7] 3.5 [�0.5, 7.6]
Universal background checks (all �rearms) �11.2� [�19.0, �2.8]
Permit-to-purchase requirement �11.3� [�20.0, �1.5]
Prohibitions for violent o�enders �3.2 [�8.4, 2.3] �12.8� [�19.4, �5.6]
�Shall issue� laws 5.7� [0.4, 11.3]
�Permitless carry� laws �6.3 [�14.3, 2.4]
�Stand your ground� laws 2.9 [�3.2, 9.3]
Tra�cking prohibited �5.4� [�10.4, �0.1] 3.4 [�5.9, 13.7]
R2 0.98

Note: All models controlled for the variables listed above.
�p < .05.

(Siegel et al., 2017). Because we had multiple ob-
servations for each state, there was a correlation be-
tween these observations over time. To control for
this clustering we entered year and state as �xed
e�ects in the regression models. We used cluster
robust standard errors that account for the cluster-
ing of observations within states, serial autocorre-
lation, and heteroscedasticity (White, 1980).
Because our primary aim was to assess possi-

ble di�erences in the relationship between �rearm
laws and homicide victimization rates by white
versus black race,we used dummy variables to cre-
ate interaction terms that allowed the regression
coe�cients for white and black homicide rates
to be compared within a single model (Gujarti,
1970; Weaver & Wuensch, 2013). We created an
indicator variable, �, that was 0 for white homi-
cide rates and 1 for black homicide rates.We used
this indicator variable to create a series of inter-
action terms whereby each of the predictor vari-
ables was multiplied by �. These interaction terms
allowed us to estimate separate regression coe�-
cients for each predictor variable for white and
black homicide rates and to test the statistical sig-

ni�cance of di�erences in these coe�cients. The
coe�cients of primary interest were the interac-
tion term for the law variables. For example, the
interaction term for universal background checks
(UBCs) was � × UBC where UBC = 1 if a
UBC law was present and UBC = 0 if such a law
was not in e�ect. The statistical signi�cance of the
coe�cient for this interaction term was used to
assess whether or not the regression coe�cients for
UBC for white versus black homicide rates were
statistically di�erent. We developed a �nal model
in which we included only those interaction terms
that were statistically signi�cant at the .10 level.We
simultaneously included all of the law variables in
this �nal model to estimate the independent asso-
ciation of each law with the homicide rate.
Because we de�ned the interaction term as

being 1 for black homicide rates and 0 for white
homicide rates, the race-speci�c association of each
variable and the white homicide rate was sim-
ply the regression coe�cient for the variable itself
(without the interaction term). The association of
each variable and the black homicide rate was the
sum of the regression coe�cient for the variable
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Figure 1: Percentage Change in Homicide Rate Associated with State Firearm Laws, by
Race (Fully Adjusted Results)

itself and the regression coe�cient for the interac-
tion term.
Because the outcome variable was log-trans-

formed, to generate estimates of the percentage
change in the homicide rate associated with a law,
we �rst exponentiated the regression coe�cient
for that law, then subtracted 1, and �nally, mul-
tiplied by 100. Thus, the regression coe�cients
are reported as the percentage di�erence in homi-
cide rate for states with a particular law compared
with states without that law.We conducted analy-
ses using STATA version 15.

Validity Check
If the association between a law and lower overall
homicide resulted from a true e�ect of the law,then
one would expect that relationship to be driven
by a lowering of the �rearm homicide rate, not
the non�rearm homicide rate. For laws that we
found to be associated with overall homicide rates,
we examined their relationship with �rearm and
non�rearm homicide rates as a validity check, as
we would not expect these laws to decrease non-
�rearm homicide rates. The �nding of such a rela-
tionship would lead us to question the validity of an
observed relationship between a law and the over-
all homicide rate.

RESULTS
An important �rst �nding was that within states,
the presence or absence of particular �rearm laws
varied over time (see Table 1). For example, in
1991 no states had a �stand your ground� law. In
2016, 24 states had adopted this law.
In the regression analysis, two laws were sig-

ni�cantly associated with lower homicide rates
among both white and black populations:universal
background checks (rate di�erence percent [RD]:
�11.2; 95% con�dence interval [CI]: �19.0, �2.8)
and permit-to-purchase requirements (RD: �11.3;
95% CI: �20.0, �1.5) (see Table 3) (fully adjusted
results displayed in Figure 1). �Shall issue� laws
were signi�cantly associated with higher homi-
cide rates among both white and black populations
(RD: 5.7; 95% CI: 0.4, 11.3).
Two laws had signi�cantly di�erent associations

with white compared with black homicide rates.
Prohibitions for violent o�enders were negatively
related to black homicide rates (RD: �12.8; 95%
CI: �19.4, �5.6), but not to white homicide rates.
Laws prohibiting �rearm tra�cking were nega-
tively related to white homicide rates (RD: �5.4;
95% CI: �10.4, 0.1), but not black homicide rates.
�Permitless carry� laws and �stand your ground�
laws were not associated with homicide rates
among either the white or the black population.
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Table 4: Association of State Firearm Laws with Race-Speci�c Firearm and Non�rearm
Homicide Rates

Percentage Change in Homicide Rate
Firearm Non�rearm

Variable White Black Overall White Black Overall

Universal background checks (all �rearms) �14.2� �5.0
Permit-to-purchase requirement �18.4� 6.4
Prohibitions for violent o�enders �5.2 �12.2� �3.8 �3.7
�Shall issue� laws 6.8� 1.1
�Permitless carry� laws �4.3 �1.9
�Stand your ground� laws 3.7 1.0
Tra�cking prohibited �5.3 �0.6 0.2 �5.7

Note: All models controlled for the lagged �rearm homicide rate, population, population density, percent black, percent Hispanic, percent young male, per capita alcohol con-
sumption, violent crime rate, per capita law enforcement, household �rearm ownership, and the three socioeconomic deprivation component scores.
�p < .05.

In the validity check, universal background
checks, permit requirements, and prohibitions on
�rearm possession by violent o�enders were all sig-
ni�cantly associated only with the �rearm homi-
cide rate, not the non�rearm homicide rate (see
Table 4). However, �rearm tra�cking prohibition
laws were not signi�cantly associated with �rearm
homicide rates.

DISCUSSION
This article is one of the �rst to examine the
extent to which speci�c �rearm provisions a�ect
race-speci�c homicide rates in an e�ort to inform
policy development and the understanding of dis-
parities in violence. Our research introduces sev-
eral important �ndings.
First, most speci�c �rearms laws examined here

show no di�erential association with black and
white homicide rates, suggesting that they pro-
vide uniform violence reduction bene�ts or harms.
Provisions for universal background check laws,
permit-to-purchase laws, and �shall issue� laws
demonstrated consistent associations with homi-
cide rates. The negative association between uni-
versal background check laws and homicide rates
observed here con�rms prior research demon-
strating reductions in homicide outcomes (Rud-
dell & Mays, 2005; Sumner, Layde, & Guse, 2008)
and adds that these associations are present across
racial groups. The �nding that states with �shall
issue� provisions, compared with the more restric-
tive �may issue�provisions,had signi�cantly higher
black and white homicide rates is consistent with
prior research (Kennedy et al., 1996), adding that
this association is not race-speci�c.

One legal provision has a di�erential association
with homicide rates when disaggregated by race.
Speci�cally, laws containing provisions requiring
relinquishment of weapons by people subject to
domestic violence restraining orders or prohibit-
ing �rearm possession among all people convicted
of a violent misdemeanor had a greater magnitude
of association with the black �rearm homicide rate
than the white �rearm homicide rate. These �nd-
ings add to previous research reporting that laws
prohibiting �rearm possession by people convicted
of a violent misdemeanor were associated with
decreased overall homicide rates (Frattaroli & Teret,
2016;Wintemute,Frattaroli,Claire,Vittes,&Web-
ster, 2014; Zeoli et al., 2018) by suggesting that
these laws may have a stronger relationship with the
black homicide rate than the white homicide rate.
As a result, it appears that policy innovation that is
grounded on the principle of keeping �rearms out
of the hands of people who have been convicted
of violent crimes may be especially protective for
the black population, although the reason for this
is not clear.
One possible explanation for the di�erential re-

lationships observed here with regard to laws that
require relinquishment of weapons by people sub-
ject to restraining orders or convicted of violent
misdemeanors may have more to do with racial
inequities in the criminal justice system than with
the legal provision itself. There is reason to suspect
that when a person of color is accused of a violent
misdemeanor, there is a greater likelihood of both
arrest and conviction than when a person is white.
Stevenson and Mayson (2018) reported a pro-
found racial disparity in arrests for misdemeanor
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crimes, exactly the ones that are prohibiting for
�rearm possession in the laws we found to be asso-
ciated with lower black homicide rates. Harris,
Ste�ensmeier, Ulmer, and Painter-Davis (2009)
found that white defendants are signi�cantly less
likely to be convicted after an arrest for aggra-
vated assault than defendants who are black. Thus,
it is possible that laws that keep �rearms out of
the hands of people convicted of a violent misde-
meanor are more e�ective in reducing black homi-
cide rates because black perpetrators of violent
misdemeanors are more likely than white perpe-
trators to be convicted and therefore subject to the
�rearm prohibition.
Although we found a relationship between �re-

arm tra�cking laws and lower overall homicide
rates, this �nding failed the validity check, as these
laws were not signi�cantly associated with �rearm
homicide rates. This is not surprising, as a state�s
tra�cking laws would be more likely to reduce the
tra�cking of guns out of that state.
Finally, our �ndings failed to con�rm those of

McClellan and Tekin (2012), who reported that
�stand your ground� laws signi�cantly increase
homicides among white, but not black people.
Here, we �nd no association between �stand your
ground� laws and �rearm homicide rates among
either the white or the black population.One pos-
sible reason for this di�erence in �ndings is that the
previous study examined only the decade of 2000�
2010, during which the early �stand your ground�
laws were enacted. When we restrict our analy-
sis to the period prior to 2007, we obtain similar
results. It may be that the early �stand your ground�
laws had a greater impact than more recent ones
because they received widespread publicity, unlike
more recent laws that were enacted under the radar
of most of the public.

Limitations
This study has several limitations. First, the study
does not consider the di�erential e�ect of legal
provisions on Hispanic or Latino homicide rates.
Second, the study tests the relationships using state-
level data. Considering how legal provisions inter-
sect with city or neighborhood context in which
homicide occurs should be explored by future
research more directly. Third, the study does not
seek to disaggregate further by other characteris-
tics of the homicide event (for example, victim�
o�ender relationship, motivation, gender). To the

extent that these characteristics di�er by race, they
may confound the �ndings observed here and
would be important to consider in their own right.
Finally, the proxy used for household �rearm own-
ership has not been validated for use in time series
analysis, which may help explain why gun owner-
ship was not found to be related to homicide rates
in our analysis.

Public Health Social Work Implications
In evaluating public policy, it is important to de-
termine not only what works but what works
for whom. Our article demonstrates that for one
law there are di�erential relationships with �rearm
homicide rates based on race. Although not sig-
ni�cantly associated with white �rearm homicide
rates, violent misdemeanor laws are associated with
reduced black �rearm homicide rates. Univer-
sal background checks, permit requirements, and
�shall issue� laws are associated with both white
and black homicide rates.
Reducing racial disparities in health is a rec-

ognized priority for public health social work-
ers (Keefe, 2010). Social workers should promote
�rearm laws that are associated with reduced risk
of death for the entire population, but should be
particularly mindful that one strategy for reduc-
ing disproportionate black homicide victimization
may be advocating for provisions that prevent those
subject to domestic violence restraining orders,
or who have been convicted of violent misde-
meanors, from having access to �rearms. Public
health social workers can play a critical role in pro-
moting evidence-based �rearm policies to reduce
overall rates of �rearm violence and to lessen the
enormous racial gap in these rates. HSW
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Smoking Gun? Linking Gun
Ownership to Crime Victimization
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Abstract

Using linked individual data on concealed handgun permits (CHP), reported crimes and
arrests, I examine the dynamics of gun-ownership and criminal victimization. I initially
show that being male, Republican, older, born in-state and a recent crime victim increases
the probability that an adult obtains a CHP. Getting a CHP increases property crime
victimization by 46% with the largest impact on having a �rearm stolen. Individual CHP
holders see no change in violent crime victimization thus dispelling any bene�ts in terms
of protection. Obtaining a CHP has a small (2%) e�ect on total crime and a larger e�ect
on violent crime using a gun (8%) within the CHP holders neighborhood. Results suggest
stolen guns spillover to neighborhood crime which is an important component of the
larger social costs of gun ownership.

*Leeds School of Business, University of Colorado, 995 Regents Drive, Boulder, CO 80309 (email:
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1. Introduction

The tragedy of gun violence is revisited with great regularity and each high pro�le
shooting renews debates about the role of guns in US society. Even after shooting events
such as Columbine High School in 1999, Rep. Gabrielle Gi�ords in 2011, Sandy Hook
Elementary School in 2012, San Bernardino in 2015 and Parkland High School in 2018,
national gun legislation was unchanged and only with the recent Robb Elementary School
shooting in 2022 was there a modi�cation to national gun laws.2 Furthermore, following
each shooting and COVID-19, we saw large increases in gun purchases.3 Local gun laws
and enforcement did react to these high pro�le events with a number of subsequent
changes (both more and less restrictive) to gun accessibility and permitting (Yourish
et al. (2013)). These local policy changes have been incorporated into recent research
which consistently �nds a positive relationship between gun availability and crime.4

Unfortunately, how gun policy and availability translates into criminal outcomes is
less clear and complicated by limited data on gun ownership as well as a diverse set of
channels through which legal guns end up in the hands of criminals.

At the crux of this policy debate is how are legal guns obtained and used by crimi-
nals? Gun tracing data highlights a role for interstate tra�cking or larger scale straw
purchasing within jurisdictions that have limited supply and typically more regulated
gun access (Cook et al. (2015) , Collins et al. (2017)).5 Research also supports a substan-
tial role for informal and local social connections to transfer guns between legal and
illegal purchasers (Braga et al. (2010) , Papachristos (2009) , Papachristos et al. (2015) ,
Papachristos and Wildeman (2014) , Miller et al. (2017) ) as well as evidence of a robust
market for individuals to steal guns from homes, cars and persons and sell to criminals
(Kleck and Wang (2008) , Khalil (2017)). Finally, there is even reason to suspect that
licensed gun dealers may be providing guns to individuals that later use them in criminal
acts (Cook (2018), Cook et al. (2015) ).

Even with evidence supporting a diverse set of channels through which criminals
obtain guns, there are some drawbacks to this literature. First, the decision to obtain a
legal gun as well as how it is stored and used is endogenous to both individual as well as
neighborhood crime risk. This endogeneity may be re�ected in both the use of a legal
gun as well as how a gun may enter the illegal market as underlying crime risk impacts

2Luca et al. (2020) provides evidence that mass shootings lead to a 15% increase in gun legislative
discussions but no actual changes in the law.

3Levine and McKnight (2017) �nd approximately a 60% increase in gun purchases after Sandy Hook.
4Cook and Donohue (2017) and Cook and Ludwig (2019) provide a review of this literature.
5A straw purchaser is de�ned as anyone who legally obtains a gun on behalf of another individual who

is unable to obtain the gun legally.
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both the demand and supply of guns.6 Second, this literature is often based on surveys of
inmates, small samples of recovered guns or aggregated measures of gun availability and
crime. Given data scarcity, there is limited revealed preference data on guns and crime at
the individual or even neighborhood level. This type of data may help disentangle some
of the various �ndings in the literature. For example, if individual gun owners are later
arrested for crimes or become victims of crime, it reveals quite di�erent dynamics of
how legal guns are being obtained for criminal acts. Disaggregated details about crimes
also reveal how guns may enter illegal networks as one can use the location and timing
of events like a stolen gun and look at subsequent crimes using guns.

The paper presented here provides two main contributions to understanding how
local gun ownership impacts crime. First, I provide evidence on criminal victimization
and arrests for individuals who obtain concealed handgun permits (CHPs). This evidence
is compelling since my dataset allows for a rich description of the timing, location and
details of victimization and arrests and thus can leverage temporal variation at the
individual level while controlling for a rich set of confounding neighborhood factors.
Individual analysis is rare in the guns and crime literature more broadly and is a yet an
unexplored determinant of crime victimization. Second, I provide evidence that individual
gun ownership spills over onto broader neighborhood crime and thus can provide an
estimate of the local social costs of crime.

My analysis begins with the creation of a unique individual panel dataset that links
registered voters to concealed handgun permits (CHPs) and reported crime victims from
2007 through 2011 in Charlotte, NC.7 All of these datasets are linkable by full name, birth
year and residential address. CHP holders are typically white, age 30 and older, male,
politically more Republican and more likely to have been a crime victim.

I incorporate a stacked di�erence-in-di�erence model to estimate the impact of
getting a CHP on individual crime victimization. This model avoids concerns regarding
two-way �xed e�ects panel models with di�erential timing (Roth et al. (2022), Goodman-
Bacon (2021)). Speci�cally, I create a control group by doing an exact match between CHP
and non-CHP holders based on voter attributes, voter victimization history, neighborhood
of residence and the month that a new CHP is issued and estimate a di�erence-in-
di�erence model with matched group by time and individual �xed e�ects. To limit
concerns about unobserved crime risk, I show that results are robust to limiting the sample

6For example, higher crime in my neighborhood may lead more criminals to demand guns or obtain
guns through theft while at the same time inducing an increase in the supply of legal guns obtained
for personal protection.

7Approximately 86% of CHP holders are also registered voters making them representative of the main
population of potential gun owners. In comparison, about 75% of the 18+ population in Charlotte are
registered voters.
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to only those permits issued during shocks to gun demand following the inauguration of
Barack Obama and the shooting of Rep. Gabrielle Gi�ords. I also provide models that
only focus on crime victims where the o�ender is unknown to the victim. Individual
analysis highlights that getting a CHP increases overall victimization by 46%, but e�ects
are limited to non-violent crimes.8

Spillovers to broader neighborhood crime represent an important social cost of
gun ownership, especially since CHP holders are more likely to be victims of a �rearm
being stolen. Given the scale of my data and a robust literature on the typical distance
an o�ender travels to commit a criminal act, I test for neighborhood spillovers up to
the Census Block Group (CBG) 2000 de�nition of neighborhoods.9 I adopt the same
methodology as the individual analysis but restrict matched CHP with non-CHP holders
to be living in di�erent neighborhoods in the same census tract and then make the
outcome the number of reported crimes for varying distances from the CHP and matched
CHP control individuals. Results highlight a 2% increase in total neighborhood crimes.

In order to highlight a more direct role of guns in criminal outcomes, I estimate
models on three hypothesized e�ect of more legal guns for both CHP holders and
neighborhood spillovers: 1) guns o�er personal protection and in�uence the quantity
and severity (injuries and death) of violent encounters between individuals (no e�ects);
2) guns increase the payo� from property crimes (CHP holders experience a 69% increase
in burglaries and a 268% increase in having a �rearm stolen); 3) legal guns end up in
illegal markets and are more likely to become part of crimes in the future (7.7% increase
in neighborhood violent crimes using a gun). I also show limited changes in 911 calls,
but a decrease in violent crime clearance in the neighborhood of a new CHP. Putting all
the results together complements recent work by Donohue et al. (2022), where stolen
guns lead to an increase in violent crimes that is compounded by less e�ective policing.
To put my results in terms of actual costs, I take estimates on the costs of crime from
McCollister et al. (2010) and estimate crime category speci�c models to generate a per
capita social cost of crime. Each additional CHP and its associated guns generate a social
cost of crime of $17.14 per person.

Subsequent analysis that examines speci�c crime categories, as well as incorporates
a sample of The Trace data for Charlotte suggests a limited role of interstate trade in guns
or large-scale arms dealers, but rather a narrative that property crimes are yielding more

8Each additional CHP coincides with multiple guns (based on Brauer et al. (2013)), so e�ects could be
interpreted as about 4.4 guns leading to these estimated impacts.

9A sizable literature (Phillips (1980) , Gabor and Gottheil (1984) , Rhodes and Conly (1981) , Repetto
(1974) , Barker (2000) and Capone and Nichols Jr (1976) ) in criminology �nds the distance between an
arrestee’s home address and the location of reported crimes to be on average between 0.35 and 2.41
miles across a range of urban settings, which is about the size of a CBG in my data.
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guns as CHPs increase.10 These stolen guns coincide with a range of criminal activity in
the neighborhood such as violent crime using a gun (robbery) as well as theft from auto
and burglary. I am unable to rule out criminals acquiring guns through social networks
or illegal dealers, but do �nd evidence that CHP holders are no more likely to be subject
to arrest after acquiring a CHP and if anything become more law abiding. This fact could
suggest the presence of straw purchasers who need to avoid criminal detection, but the
fact that these individuals are not being arrested more often for weapons crimes does
limit the scale of this underlying channel.

The localized nature of my results indicates that policies such as Child Access
Prevention and gun storage laws may limit their theft and thus prevent future neigh-
borhood crimes. Even more promising for thwarting this mechanism of stolen guns are
biometric recognition devices that limit gun use to only registered owners ((Cook and
Goss 2020)). These policy implications are not in contradiction to existing �ndings of a
larger role of straw purchasers and interstate commerce for guns in places like Chicago
(Cook et al. (2015) , Collins et al. (2017)) since the regulatory environment and supply of
guns in southern cities like Charlotte may be more conducive to a local supply of guns
through theft.11 In the end, my conclusions are speci�c to CHP holders and thus may
not re�ect the speci�c impacts of other legal handgun purchases such as through pistol
purchase permits (PPP) or gun shows.12

This paper contributes to a larger literature on the social costs of gun ownership.
This literature does provide consistent evidence that more guns or easier access to guns
in the home lead to higher rates of accidental shootings (e.g. Levine and McKnight (2017)
, Grossman et al. (2012), DeSimone et al. (2013) ,Wiebe (2003a) , Hemenway (2011) ,
Morrow and Hudson (1986) ) and higher rates of suicide ( e.g. Anestis and Houtsma
(2018) , Lang (2013) , Miller et al. (2006), Miller et al. (2007), Ghiani et al. (2019) and Wiebe
(2003b), Miller et al. (2022), Wintemute et al. (1999), Studdert et al. (2020)). The research
on the impact of legal guns on crime often focuses on Right To Carry (RTC) concealed
handgum laws and recent work (Donohue et al. (2019), Donohue et al. (2022) and McElroy
and Wang (2017)) provides more conclusive panel evidence that less restrictive RTC
handgun laws increase violent crime. There are also a number of papers that use non-RTC
variation in gun access to �nd more guns are often associated with an increase in gun

10The Trace data collects administrative police data which provides individual observations linking
original purchasing jurisdiction to where the gun is later recovered as part of a criminal investigation.
This data is available for download at https://www.thetrace.org/missing-pieces-data/ .

11Collins et al. (2017) does �nd stronger support for the stolen gun channel in New Orleans and Prince
George’s County, MD based on inmate interviews.

12The fact that I do later provide evidence that the number of CHP holders in a neighborhood has an
almost one to one relationship with the number of PPP holders is suggestive that these e�ects may
hold across other types of gun purchases.
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homicides (Duggan (2001), Cheng and Hoekstra (2013), Williams Jr (2017) and McClellan
and Tekin (2017) ). Across this literature, lowering the psychological (e.g. "stand your
ground laws") or transaction costs (e.g. permits, background checks) of obtaining a gun
appears to increase gun related violence.

The relationship between guns and crime victimization also contributes to a
growing literature on the determinants of crime victimization. This literature spans
a number of contexts but provides evidence of how policies, private actions and individual
attributes impact criminal victimization. For example, Ayres and Levitt (1998) and Gonzalez-
Navarro (2013) show that the adoption of Lojack anti-auto theft devices deterred auto
theft more broadly. Vollaard and Van Ours (2011) show that a policy to require burglary
proof windows and doors for new homes in the Netherlands decreased burglaries by
26% and Van Ours and Vollaard (2016) show that a European Union policy that required
automatic engine immobilizers decreases auto theft by 40%. Actions, such as alcohol
consumption, may directly contribute to higher and lower victimization rates ( Chal�n
et al. (2019) , Randi Hjalmarsson and Mitrut (2021)). More broadly, papers (Jensen and
Brown�eld (1986), Mayhew and Elliott (1990) ,Sampson and Lauritsen (1990), Wittebrood
and Nieuwbeerta (1999), Pedersen (2001) ) in criminal justice show that routine activity
or life style theory explains the positive association between being both a victim and
o�ender.

The paper continues with a description on gum permitting in North Carolina
(Section 2), details on the individual dataset incorporated into my analysis (Section 3) as
well as speci�cs on the estimation model and individual results in Section 4. I estimate
neighborhood spillovers in Section 5. Section 6 provides a discussion of mechanisms and
an estimate of the local social costs from each additional CHP.

2. Gun Permi�ing in North Carolina

Before providing details on data and estimation, one needs to understand how individuals
obtain handguns in NC and the role of gun-permitting in generating my main measure
of gun ownership. In 1995, North Carolina changed from a "no issue" to a "shall issue"
state, which meant that prior to 1996, concealed handguns were not allowed and starting
in 1996, residents could conceal carry if issued a permit by the state. North Carolina
also requires a pistol purchase permit (PPP) to buy a handgun and NC Gen. Stat. 14-
402 states that all sales of handguns (private or licensed gun dealers) must only be to
permitted buyers. Speci�cally, a Concealed Handgun Permit (CHP) is needed to be able
to carry a handgun under clothing or in other ways concealed into almost any structure
or outside. There are some restrictions on carrying guns in government buildings as
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well as institutions that serve alcohol, but the latter has been allowed in subsequent
legislative sessions. A person must be 21 years old, a resident of North Carolina for at
least 30 days, have a valid driver’s license, undergo a mental health medical background
check (this requirement was removed in 2015), undergo a criminal background check
and participate in a �rearm safety course to obtain a CHP.

The background check does provide some discretion since a CHP may be approved
or denied based on "good moral character" which is loosely de�ned as "honesty, fairness,
and respect for the rights of others and for the laws of the State and nation" (Supreme
Court of NC. Willis, 288 N.C. 1,10 (1975)). There is some evidence of individuals with
previous arrests receiving CHPs and based on my analysis, about 1.8% of new CHP
holders between 2007 and 2011 had at least one previous arrest and 0.3% had a felony
arrest in the previous 5 years.13 In practice, only a felony conviction would disqualify an
individual from obtaining a CHP. An application for a CHP costs $90 and allows a person
to purchase unlimited guns without any additional background checks. The process for
obtaining a CHP typically takes about 45 days, but can be longer or shorter depending
on the number of applications.

The choice of a CHP versus simply purchasing a gun (pistol purchase permit (PPP))
is based on two main di�erences between these two types of ownership: 1) A CHP allows
for multiple gun purchases for up to �ve years while a PPP allows for only one gun to be
purchased. 2) A CHP allows for concealed carry while a PPP is more limited in the usage
and carrying options for prospective gun owners. The exact reasons for choosing a CHP
versus a PPP are not well documented, but CHPs are more amendable to individuals that
want to regularly carry a gun outside the home for protection.14 Alternatively, one could
purchase a handgun from a private owner or gun show, or one could purchase a long
gun which does not require a permit. These alternative methods of gun ownership are
universally di�cult to measure.

3. Data

In order to examine the impact of the supply of legal guns on individual crime victim-
ization and arrest, one requires rich and spatially disaggregate data on reported crimes,
arrests and permitted gun ownership. The requirements of such data limits national
analysis but does allow for speci�c jurisdictions that have publicly available reported

13For the general population of voters, 8.3% had any arrests and 0.8% had a felony arrest in the previous
�ve years.

14According to a 2017 Pew Research survey on gun ownership (Igielnik and Brown (2017)), 67% of gun
owners cited protection as a major reason for getting a gun and 26% of gun owners say they regularly
carry a gun outside of the home.
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crime data as well as concealed handgun or purchase permit microdata. In my case, the
city of Charlotte and speci�cally Mecklenburg County which encompass the city of
Charlotte, NC plus a few smaller towns has made this data available. My main measure
of gun ownership is from a 2012 snapshot of the registry of concealed handgun permits
which details individuals who received a CHP in the previous �ve years and I focus on
new permits and not permit renewals. Prior to 2014, Mecklenburg County, NC provided
data on individuals with concealed handgun permits (CHPs). This data contains identi�-
able information such as full name, date-of-birth, residential address, date permit issued
and if this is a new permit or a renewed permit for the universe of active permit holders.
Few permits expire (10%) and even fewer permit application are denied (1%) during my
study period of 2007 through 2011.

I am limited to examining CHPs since pistol purchase permits (PPP) data does not
contain the pistol permit issuance date and has more limited individual information.
North Carolina changed public access laws to exclude gun permits in 2014 thus limiting
the time frame for which I am able to directly incorporate this data to 2007 through
the end of 2011, given the data was originally requested in 2012. Figure 1 provides the
frequency of new CHPs over time.15 Two things to note: 1) the initial spike in CHPs due
to the introduction of CHPs in 1996 and the large spike in CHPs after the inauguration
of Barack Obama in early 2009. The inauguration of Obama generated a large spike
in the demand for guns as individuals feared that the federal government would pass
policies limiting gun purchases or even the creation of a national registry of new gun
owners.16 The shooting of US Representative Gabrielle Gi�ords in January 2011 produces
a noticeable uptick in CHPs as legislation was introduced to expand background checks
and additional gun restrictions.17 These spikes become even more pronounced after the
end of my CHP dataset with events such as the mass shooting at Sandy Hook Elementary
in 2012.

To better understand how the number of CHPs compares to background checks
for most �rearms, I incorporate data from the National Instant Criminal Background
Check System (NICS). This database provides the number of background checks by state
and month since 1998 for handguns and long guns. I focus on handgun background
checks and those associated with permits and purchases. Figure A2 provides the number
15Throughout this paper, I will de�ne the date of a CHP based on when the permit is issued, not the

application date. This measure of CHP will better match when an individual is able to purchase a new
gun.

16See Depetris-Chauvin (2015) for an in-depth study of gun purchases around the inauguration of Barack
Obama in 2009.

17Appendix Figure A1 con�rms that the narrative around gun bans/restrictions and legislative actions on
guns spiked around the same time as the upticks in CHPs by examining Google trends for searches that
include gun bans. The spike in searches for Obama occurred closer to the election then the subsequent
inauguration seen in the CHPs, but is still consistent with this narrative.
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of monthly CHPs and NICS background checks for handguns in Mecklenburg County
over my study period.18 This �gure has two purposes. First, this �gure shows us that
background checks correspond well with the timing of CHPs and are often conducted just
prior to a CHP being issued.19 In some cases, the NICS background checks may precede
the timing of CHPs as the background check can occur weeks or even months before the
CHP is actually issued. Second, I can later use this �gure to scale up the number of CHPs
to estimate the number of total background checks which provides an estimate of total
guns. From this �gure, one would expect roughly 4 background checks for every CHP
and based on survey estimates of gun sellers (Brauer et al. (2013)) , these 4 background
checks would correspond to about 4.4 new guns.

In order to further explore the relationship between CHP holders and other gun
purchasers, I can leverage a dataset on pistol purchase permit (PPP) holders over this
time period.20 This data provides enough information to assign individuals who received
PPPs between 2008 and 2012 to neighborhoods of residence and represents the main
avenue for purchasing legal guns, outside of CHPs and private/gun show purchases,
in Charlotte. Figure 2 provides the correlation between PPPs and CHPs across Census
Block Group (CBG) neighborhoods. Results highlight a consistent and almost one-to-one
positive relationship between the number of CHPs and PPPs in a neighborhood. The
similarity in neighborhoods for CHP and PPP holders as well as similar timing of CHPs
and background checks in Figure A2 is reassuring that CHPs holders are representative
of gun-buyers more broadly.

The primary dataset to link the underlying adult population to CHP holders and
neighborhoods is the universe of registered voters based on annual snapshots from
2005-2013. This publicly available dataset provides annual snapshots of registered voters
and contains a number of useful details including full name, residential address, birth
year, political a�liation, race, age and gender. I exclude any voters that has been labeled
removed. This dataset allows one to create a panel of registered voters including neigh-
borhood of residence. These snapshots are typically taken right around annual elections
in October and November and thus individuals who are politically active will have
updated any new residence by the time of the snapshot if they were planning to vote in
the upcoming election.21 The process for updating voter registrations and voting more

18Since, NCIS is only available at the state level, I use a general population share to scale down NICS
counts for the state in order to indicate the total for Mecklenburg County (Charlotte, NC).

19The two time series in this �gure generate a correlation of 0:34.
20Pistol Purchase Permit (PPP) data was provided from the reporters in O� and Henderson (May 12, 2013)

and provides individual information on anyone who obtained a PPP in the last 5 years but no info on
the timing of purchase.

21Any concerns about updated voter registration information is partially mitigated by the fact that I attempt
to merge unmatched individuals across any year of voter registration records using the uniqueness of
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broadly during this time period is not onerous even though more recently (after my study
period) there were a number of state legislative changes that required voter identi�cation
as well as restrictions on early voting.

The main crime dataset incorporated into my analysis is the universe of reported
crimes from the Charlotte-Mecklenburg Police Department (CMPD) which contains exact
latitudes and longitudes of reported crimes, whether a crime was cleared by arrest, details
about the type of crime and even details about crime victims (including names, date-
of-birth, address of crime victims). This dataset of reported crimes spans 2005 through
2013 and allows the creation of detailed crime outcomes that can be gun-speci�c such as
violent crime using a �rearm as well as if speci�c CHP holders are later crime victims
or arrested for any crime. The detailed nature of the dataset allows me to link up crime
victims to registered voters even if a victim changed residences.

Given the individual nature of my data, I create an annual panel dataset of registered
voters linked up to CHPs based on full name, birth year and address.22 Approximately 86%
of CHP holders can be directly merged to registered voters based on name, age and address.
This high match rate indicates that almost all gun owners are registered voters and have
a number of demographic attributes that correlate with political participation.23 I lose
approximately 4% of the original voter data due to missing or incomplete geographical
information. Since my focus is on the impacts of legal handgun ownership (which requires
no felony convictions) on crimes, I am less concerned with other scholars (Uggen and
Manza (2002), Hjalmarsson and Lopez (2010) ) �nding that criminals are less likely to be
registered voters.

Table 1 provides summary statistics for a monthly dataset of registered voters
merged with CHP, crime and property data. This table highlights a couple interesting
di�erences between individuals who have new CHPs (N=8,555) and those that do not
(N=739,990). First, CHP holders are more likely to be male, white, Republican and older.
These permit holders also tend to have been registered voters for a longer time period
(likely lived in NC longer) and have slightly higher levels of individual crime victimization
and lower levels of arrest, but live in neighborhoods with lower levels of reported crimes.

Figure 3 highlights the general trends on crime victimization and CHPs that exist
in this data.24 I include victimization rates separately for individuals that ever held a
CHP versus did not have a CHP during the 2007-2011 time period. The bars provide the

full name and birth year. Additionally, the high match rates using my primary matching algorithm of
unique full names, age and residential address limits this concern.

22See Appendix A1 for details on data merging
23Registered voters in Mecklenburg County, NC represent about 75% of the population aged 18 and above.
24I have historic monthly counts of CHPs issued but there is no identifying information for CHPs prior to

2007 in my dataset.
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monthly number of new CHPs. The general trend in crime from 2007 through the end of
2011 is a decline in crimes while there is a general increase in CHPs. These crime trends
hold for violent and property crimes as well as other crimes in aggregate.25

4. CHPs and Individual Crime

There are a number of threats to the validity of estimating the e�ect of obtaining a CHP on
crime victimization including omitted individual and neighborhood attributes, of which
some can be included as controls. For unobserved attributes such as risk preferences,
law-abiding beliefs and impulse control we have to rely on �xed e�ects for individuals
and neighborhoods and assume that these attributes are unchanged during the time
period under examination. The remaining threats to validity relate to time varying
unobservables such as an individual is fearful of being a crime victim which correlates
with obtaining a gun and future victimization.26 There are three methods incorporated
into my analysis to address this concern. First, I will incorporate rich information of
prior victimizations, which is the best measure of current crime risk available. Second, I
run some of my analysis based only on gun permits obtained during exogenous shocks
to gun demand (the inauguration of Obama and shooting of Rep. Gi�ords). Third, I
examine outcomes for only crime victimizations where the o�ender was unknown thus
minimizing sources of crime risk known to a victim.

4.1. Predictors of Ge�ing a CHP

To explore the role of individual attributes and crime risk in obtaining a CHP, I present
two sets of results using linear probability models to predict getting a CHP. Table 2
provides some initial analysis to formalize the di�erences between CHP and non-CHP
holders using a cross-section of my dataset based on the January 2007 voter snapshot. This
table provides OLS analysis based on a dependent variable equal to 100 if an individual
ever obtained a new permit between 2007 and 2011 and a zero otherwise. In Column
1, I examine what factors explain ever getting a new CHP with column 2 including
neighborhood (Census Block Group 2000) �xed e�ects. Across all models, individuals

25I de�ne violent crimes as arson, (aggravated and simple) assault, manslaughter, rape, robbery and
de�ne property crimes as auto theft, burglary, forgery/fraud , hit and run, larceny, stolen property
and vandalism. These de�nitions expand FBI violent or property indexed crime categories to include a
larger set of crimes that are often reported to local police and likely incur social costs. Later results
would be quite similar with the more narrow FBI de�nitions.

26The literature provides some evidence of this concern with Depew and Swensen (2019) , Tannenbaum
(2020) and Costanza et al. (2013) showing positive impacts of crime on permitting activity in smaller
cities in NC as well as Connecticut and New York.
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that are male, white, Republican, older and born in NC are more likely to get a CHP.27 In
terms of neighborhood attributes highlighted in Column 1, those neighborhoods that
have higher population density, higher poverty rates and more neighborhood property
crime in the previous year tend to have fewer people obtain CHPs, but the magnitude of
these e�ects are small and the model is low in explanatory power. Across columns, being
a male and Republican have the largest magnitude of impacts on getting a new CHP.

Table 3 provides estimates of how dynamics factors impact getting a CHP. These
results are based on my main dataset that uses annual data for voter attributes and
residential information but allows CHPs and crime to be observed at the monthly time
period. I only include individuals that ever obtained a new CHP in this table and drop
observations for an individual after they obtain a CHP since I code the dependent variable
as equal to 100 only in the month of obtaining a CHP. Table 3 provides the impact of
if this is an individual’s �rst year in their current neighborhood, neighborhood crimes,
number of CHPs issued in the neighborhood and if the individual was a crime victim over
the last 12 months. Results highlight that once one controls for both neighborhood (CBG)
and individual �xed e�ects, neighborhood crime does not explain getting a CHP but
being a crime victim matters. Variables for neighborhood crime and CHPs are normalized
to be mean zero and standard deviation one so that e�ect sizes for neighborhood CHPs
in column 3 indicate that a one standard deviation increase in neighborhoods CHPs in
the last year (14.9) increase an individual’s probability of getting a CHP by about 0.097
p.p. or 45%. Being a victim of a property crime increase the probability of getting a CHP
by 0.044 p.p. or 21% , while being a victim of a violent crime increased CHPs by 0.062
p.p. or 29%. Given the predictive nature of neighborhood attributes and individual crime
victimization, individual analysis will control for these factors.

4.2. CHPs and Crime Victimization

As an initial analysis of the impacts of obtaining a CHP on individual crime victimization,
I estimate the following Equation 1 where �1 represents the coe�cient of interest for
the time period (Postt) after which an individual i obtained a new CHP. 
i indicates an
individual �xed e�ect; �nt indicates a CBG j by month t �xed e�ect; Xint-1 provides
individual and neighborhood attributes that can vary over time and includes the variables
listed in Table 2 for previous time period t- 1; and Yint is equal to 100 if individual i in
neighborhood n is a crime victim. in month t.

27These attributes are consistent with existing research ( Glaeser and Glendon (1998) , Costanza et al.
(2013) , Thompson and Stidham (2010)) which highlights that being Republican, white, older and male
correlate with gun ownership survey data.
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Yint = �+ �1Postt � CHPi + �2CHPi + Xint + 
i + �nt + �int (1)

Table 4 provides results from Equation 1 with models that include various �xed
e�ects. The model in column 4 represents a standard two-way �xed e�ect model and
indicates that obtaining a new CHP generates a 15% (0.061/0.398) increase in any crime
victimization relative to the mean crime victimization rate. Given the recent literature
that highlights a number of issues in implementing standard two-way �xed e�ects model
in the presence of heterogeneous treatment and di�erential timing (Roth et al. (2022)), I
implement a stacked di�erence-in-di�erence model in subsequent results in columns
5 through 7 of Table 4. As discussed by Goodman-Bacon (2021), creating cohorts of
matched treatment and control groups allows implementation of di�erence-in-di�erence
models that avoid sources of bias when treatment is staggered.

To estimate my stacked di�erence-in-di�erence model, I take all individuals who
ever obtain a new CHP between 2007 and 2011 and match up to 10 non-CHP holders
based on exactly matching all the individuals attributes given in Table 1 as well as the
CBG neighborhood of residence in the month for which the CHP holder received a new
a CHP. Matching is done with replacement such that a non-CHP holder may be matched
to multiple CHP holders. This month of matching provides the timing of treatment for
later event study plots and di�erence-in-di�erence estimates. I further match exactly
on the total number of previous crime victimizations an individual was subject to up to
�ve years prior to the month of treatment.28 This �nal matching dimension is the best
available measure of crime risk.

In the end, I am able to match 8,420 new CHP holders to an average of 5.2 control
observations.29 I observe these matched groups of CHP and non-CHP holders for the 12
months prior and following the timing of when a CHP is issued to allow me to observe
criminal victimization outcomes for a full year pre/post treatment. I estimate a two period
di�erence-in-di�erence estimator given by Equation 2 where �1 is the main coe�cient
of interest and Postt is equal to one for the month and subsequent 12 months after a
CHP is issued to group j. In order to limit comparisons between treatment and matched
control observations in the same time period relative to treatment, I include matched
group by month �xed e�ect �njt. CHPi is my measure of treatment and indicates if an
individual ever obtained a new CHP. I cluster standard errors at the level of the matched

28Since my crime victimization data begins in 2005, individuals contain at least 2 years of victimization
data.

29For later arrest outcomes the average number of control observation increases to 5.4 control observations.
I lose 135 CHP holders that do not have any valid control matches for victimization and arrest models.
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group as well as at the individual level.

yinjt = �+ �1Postt � CHPi + �2CHPi + 
i + �njt + �injt (2)

In order to highlight the validity of the parallel pre-trends assumption in this stacked
di�erence-in-di�erence estimation, I estimate a series of �gures that provide coe�cients
for each month pre/post treatment for di�erent crime categories using Equation 3.

yinjt = �+ �12
t=-12�tDnjt � CHPi + 
i + �njt + �injt (3)

where yinjt represents criminal victimization outcomes, �t indicates the main
coe�cients of interest and highlights the additional e�ect on victimizations for CHP
holders in the 12 month period prior to and after obtaining a CHP in time t=0. Dnjt

is a dummy for the month t for group j in CBG neighborhood n and I omit t-1 as the
reference time period.

Result of this estimation for the full sample of matched CHP and non-CHP individ-
uals is provided in Figure 4. This �gure highlights no presence of pre-trends in crime
victimization as well as elevated crime victimization after a CHP for property crimes, but
not for violent crimes. E�ects for property crimes occur immediately as well as throughout
the year following the new CHP and the largest e�ects occur for a stolen �rearm. Results
implementing this stacked di�erence-in-di�erence across crime categories with a focus
on crimes that involves guns are presented in Table 5. Getting a new CHP is associated
with a 46% (0.173/0.379) increase in being a crime victim relative to mean crime victim-
ization rates. In terms of gun speci�c crimes, a new gun owner is 268% (0.051/0.019) more
likely to have a gun stolen.30 All together, these results suggest getting a CHP increases
property crime victimization with additional victimization for gun-speci�c crimes.

Given concerns about unobserved crime risk impacting obtaining a CHP as well as
future victimization, I estimate a version of Table 5 where I only include in the dependent
variable victimizations where the victim does not know the o�ender (80% of crimes with
victimizations). Appendix Table A1 shows results are quite similar when focusing on
crimes with unknown o�enders. Unknown o�enders would be more consistent with
unexpected or unknown crime risk. Appendix Table A2 provides results for a number of
crime categories and shows that consistent with results for stolen property, only crime
victimizations classi�ed as burglaries increase for CHP holders.

30These results compare well with Hemenway et al. (2017) who �nds a 2.4% 5-year victimization rate for
gun theft. The comparable 5 year stolen gun victimization rate for my sample of CHPs is 2.9%
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The lack of any e�ects on violent crime victimization is important since it rejects the
widespread belief that carrying a gun is an e�ective form of protection from victimization.
The overall magnitude of property crimes indicates a number of additional property
crimes beyond simply stealing a gun. This increase in property crimes may relate to
behavioral changes by the gun owner who may become more careless about protecting
their property. Broader increases in property victimization by new CHP holders could
also be a result of targeting victims with high valued items. To explore this further,
Appendix Table A3 reports models that examine commonly stolen items that are high
value. Speci�cally, I �nd results for any property being stolen (47% increase) with the
earlier increase in �rearms stolen and other categories are positive, but not statistically
signi�cant. Table 6 disaggregates stolen gun outcomes into if the gun was stolen from
home, automobile or other locations. Results highlight that guns are stolen from both
homes and automobiles but not from other locations. The fact that results for multiple
guns stolen indicate even smaller e�ects as a percentage of the mean than any �rearms
stolen is inconsistent with straw purchasers obtaining legal guns to sell illegally. This
conclusion is based on the assumption that using a CHP to purchase a large number of
guns increases your likelihood of being a victim of multiple stolen guns.31 I explore the
role of straw purchasers and illegal dealers in Section 6.

4.3. CHPs and Arrest

In order to highlight the potential of CHP holders being involved in transferring guns to
criminals or using guns for criminal activities, I provide results for estimating Equation
2 by simply replacing the outcome to being arrested and re�ning matching to be based
on prior arrests.32 Matching for the arrest sample does generate more observations of
matched CHP holders and control non-CHP holders since prior arrests are less common
than prior victimizations for CHP holders and the general population of registered voters.
The results in Table 7 indicate that individuals who obtain a CHP are less likely to
be arrested, but results are imprecise and insigni�cant for a number of arrest types.33

Appendix Figure A3 con�rms no pre-trends in arrests across arrest categories. The fact

31It is unclear if straw purchasers would report stolen guns. One could imagine a straw purchaser
buying a large number of guns to sell for pro�t and then reporting these guns as stolen to avoid legal
repercussions as these illegal guns are used in later criminal acts. It also likely that straw purchasers
do not want to be involved with the police and thus may never report stolen guns.

32Appendix Table A4 provides results for standard two-way �xed e�ects analogous to Table 4 for crime
victimizations. Results vary more across these arrest models than for victimizations and are consistent
with the noisy results related to arrest more broadly.

33I classify arrests as likely felonies, misdemeanors or technical arrests based on the nature of crime
classi�cations. Felonies include FBI Indexed Property and Violent crimes, while Misdemeanors include
other arrests linked to reported crimes. Technical arrests contain arrests without a reported crime and
are typically vehicle or court violations.
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that CHP holders are, if anything, less likely to be arrested is suggestive of a general
narrative that individuals who legally obtain a gun may be more law abiding individuals
and this only increases after getting a CHP. This result does not dispel the presence of
straw purchasers since individuals who legally obtain guns to sell may take e�ort to
avoid criminal detection and thus obtain fewer arrests. Overall, these results do suggest
that any concern about selection on unobservables for obtaining a CHP indicate that they
would be along the dimensions of law abiding behavior. These results would correlate
with behavior that leads to less crime victimization as CHP holders likely avoid situations
involving criminal activities.34

5. Neighborhood Spillovers from CHPs

Since the largest impact of obtaining a CHP is on stolen �rearm victimization, there
is a large scope for impacts beyond the individual CHP holder. Therefore, this section
provides an analysis of larger neighborhood e�ects of an individual obtaining a CHP.
The goal to estimate crime spillovers that may be a result of more legal guns in the
neighborhood, actions of the original CHP holder or actions by the various agents that
may obtain a �rearm once it has been stolen. In this neighborhood analysis, impacts
will be limited to the Census Block Group (CBG) of each CHP and matched control
individual. The initial choice of CBG neighborhoods is justi�ed for looking at crime
outcomes because the CBG size encompasses the typical distance upon which a criminal
travels from their home. The average distance traveled is similar to the average diameter
of a CBG neighborhood in my study area.35 Additionally, Appendix Figure A4 shows that
distance between an arrested individual’s home and the corresponding reported crime
that led to arrest for all crimes as well as violent crimes and just stolen gun reported
crimes. The median distance from an arrestee’s home address and the reported crime
location that led to arrest is 1.9 miles for all crimes, 0.38 miles for violent crimes and 1.25
miles for stolen �rearms.36

To estimate neighborhood spillovers, I estimate a version of the main model for
individual crime victimization with two changes to the model. First, I no longer match on

34A simple correlation between being a crime victim and arrested for a crime indicates a positive relation-
ship of 0.08 for all crimes and 0.09 for violent crimes.

35A back on the envelope calculation weighted by the population of registered voters �nds the average
CBG to be 2.4 square miles or a diameter of 1.5 miles which corresponds well with the distance to
crime literature (Townsley and Sidebottom (2010)).

36Given these distances are calculated based on arrested individuals, one could imagine non-cleared
reported crimes could be be shorter or longer distances. Friends and neighborhoods could be less
cooperative with the police for short Journey to Crime (JTC) thus under-sampling short distances, but
criminals that travel further may make it more di�cult for the police to �nd the o�ender.
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CBG of residence but rather a di�erent CBG in the same Census tract of residence. This
change in matching criteria generates a small increase in the main crime victimization
results (for Table 5, column 1 the coe�cient increases from 0.173 to 0.219). Second, I
modify the dependent variable (yindjt) to represent the aggregate number of crimes
in CBG n for individual i in month t at distance d. In some models, I simply include
the entire CBG as distance d, but in other models I will speci�c distance bands from
individual i. I exclude any crime victimizations for individual i in estimating spillovers.

yindjt = �+ �1Postt � CHPi + �2CHPi + 
i + �njt + �injt (4)

In order to get a sense of the spatial decay in e�ects for the main crime outcomes
explored previously, I report the coe�cients for all crimes as well as property, violent,
violent crime injuries, �rearms stolen and violent crimes using guns for four di�erent
distances up to the entire CBG. Figure 5 presents results for less than 1/10 mile which
is equivalent to the same building as well as neighboring buildings for individual i.37

Results for other distance bands highlight quite immediate neighbors up to 1 mile which
is still smaller than a typical CBG. These �gures show positive impacts for both property
and violent crimes that decay with distance. Focusing on gun-related crimes, one sees
some small positive impacts for violent crime using a gun that decays with distance. To
formalize neighborhood spillovers and generate estimates for the entire CBG, Table 8
provides results for the main crime outcomes and highlights an increase in total crimes
of 2% when an individual gets a new CHP as well as a 8% increase in violent crimes using
guns.

A common concern in any study of neighborhood crime is the role of policing
behavior or changes in reporting of crimes by victims. Policing behavior may shift to
gun-related crimes as o�cers are concerned about the increased number of new legal
guns shifting to illegal activity which may impact both the reporting as well as clearance
of crimes. For a subset of my study period (prior to 2010), Appendix Table A5 shows
that there is almost no changes in calls for service in the neighborhood of a new CHP
holder which is suggestive of no systematic change in how residents are reporting illegal
activity to the police. The other aspect of policing would be how does law enforcement
investigate and clear reported crime? As discussed by Donohue et al. (2022), increases in
concealed handguns through changes in RTC laws led to more stolen guns and lower
rates of violent crime clearance by police. Table 8 investigates if crime clearance changed
in my di�erence-in-di�erence model at the neighborhood level and �nds small and
37Models focusing only on likely family members were too underpowered to provide any additional

insight given the fuzzy matching that is needed to match on last name instead of full name and age.
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insigni�cant e�ects on crime clearance with the exception of violent crimes that see a
decrease in clearance rates consistent with Donohue et al. (2022).38 These two sets of
results are consistent with limited changes in crime reporting but that changes in policing
behavior may be contributing to my main results through lowering the probability of
being caught for potential criminals.

6. Mechanisms and Social Costs

As discussed earlier, there are a number of mechanisms that may generate a positive
relationship between new CHPs and crime including interstate tra�cking and large scale
straw purchasing, informal transfer of guns to criminals based on social connections,
stolen guns and even licensed gun dealers acting outside of the law. The nature of my
results does provide some limits to interstate tra�cking and large scale straw purchasing
as the immediate e�ects of CHPs on neighborhood crime is too soon to be a result of
larger-scale distribution to criminals. Nonetheless, to test for guns �owing in/out of my
study area, I obtained additional data from the gun tracing database (thetrace.org) and
calculated the number of guns originating in Charlotte that were later traced to crimes
outside of Charlotte from 2010 to 2012 and found less than 3% of guns left the city as
well as calculated that only 3% of guns recovered in Charlotte were from outside of the
city.39 This data does not support large �ows of guns between Charlotte and other cities
being the main driver of gun related upticks in crime.

The role of local straw purchases may still be important as people buy legal guns
and sell/transfer to other people. There is really no way to highlight if legal gun buyers
are providing guns through informal networks, especially if these transfers involve small
quantities of guns. One could even imagine that straw purchasers may be less likely to
get arrested in order to continue their business of selling legally obtained guns. Of course,
the sale of illegal guns does generate increased risk of weapons arrest. Earlier results
suggest that gun buyers are largely law-abiding in general and this does not change
after obtaining a CHP. This result does provide limits to the scale upon which CHPs
holders are doing illegal activities such as transferring guns to friends or selling guns to
people otherwise one would see an increase in arrests after obtaining a CHP (especially
for weapons arrests).

38Crime clearance outcomes in Columns 7-9 include controls for the number of reported crimes by speci�c
crime categories in order to control for any changes in crime composition which can impact clearance
rates.

39These percentages (3%) are calculated from a total of 361 guns recovered and 363 guns reported stolen
in Charlotte. These percentages of guns leaving Charlotte as well as ended up in Charlotte are quite
low relative to other locations. For example, this dataset �nds substantially larger (37%) percentages of
guns originating from other locations that are eventually recovered in Chicago.
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The �nal and most consistent mechanism highlighted in my analysis is the role
of stolen guns. Results at the individual level provide strong evidence that increases in
CHPs coincide with large increases in stolen guns and in general CHP holders are only
victims of property crimes. Moving to the neighborhood spillovers highlights an increase
in violent crimes using guns. This result is consistent with a mechanism of stolen guns
being transferred to criminals that are using guns to commit violent crimes.

To put my results in terms of actual social costs, I estimate the impacts of CHPs on
CBG neighborhood crime for speci�c crime categories and combine these estimates with
the costs of crime from McCollister et al. (2010) to generate a estimated impact of the
neighborhood social costs of the additional crime created by an expansion in CHPs.40

Under a number of assumptions such as linear marginal e�ects and that the time window
for outcomes as well as de�nition of neighborhoods capture the full impacts of CHPs, one
could estimate the aggregate impacts of new CHPs on crime and compute a social cost.
As shown in Table 9, each additional CHP would predict 6.1 additional annual crimes in
a neighborhood for a social cost of $42,835 per neighborhood which equates to about
$ 17.14 per person.41 The presence of some signi�cant e�ects on neighborhood crimes
that are not directly related to guns (e.g. auto theft, theft from auto and vandalism) is
still consistent with an increase in property crimes due to a higher payo� from crimes
that may yield more guns after more CHPs are issued. Since gun owners are more likely
to be property crime victims, property crime costs which equate to $12.76 per person
likely encompass some private costs, but may also incur social costs as gun availability
may increase neighborhood criminality (which include more property crimes in general).
The remaining $4.38 in violent crime costs per person are often born by other residents
from earlier analysis and thus is a primarily a external cost that is not incorporated into
gun ownership decisions.

Directly comparing these cost estimates to existing literature is not easy, but Cook
and Ludwig (2006) �nd marginal social costs of between $100 and $1800 for an additional
gun. Cook et al. (2000) put gun assaults at $80 Billion and $20 Billion for accidental
shootings/suicides. That would translate to about $285 per person for gun-related crimes
($80B/280M).42 The best comparison to my results would be if one were to eliminate all
new CHPs over the study period and calculate how much social costs decreased in Table
9. Eliminating all new CHPs in my dataset would be equivalent to removing 24.3 CHPs

40Speci�cally, I estimate my main neighborhood spillover model (Equation 4) with the inclusion of the
individual CHP holders and matched non-CHP holders and report those estimate in column 3 of Table
9

41The fact that one additional CHP generates 6 additional crimes re�ects the fact that on average each
CHP corresponds with multiple background checks and gun purchases and that one gun that moves
to the illegal market may be used for multiple crimes and transferred across multiple criminals.

42There were approximately 280 million people in the US in 2000.
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from each neighborhood which would reduce social costs by about $416 ($17.14 * 24.3)
per capita which is not that far out of line with the existing estimates mentioned above.
My estimates may be larger because I account for a larger number of crime categories
than existing estimates, but I may also underestimate the social costs of a gun that is
used for crimes outside my de�nition of neighborhoods.

7. Conclusions

Together, results highlight that gun owners are 46% more likely to be crime victims
and victimization often involves having a gun stolen. There is no evidence that legal
gun owners are committing crimes themselves and CHP holders are more broadly law
abiding. Analysis of neighborhood spillovers from CHPs �nds increases in total crimes
of about 2% and violent crimes using a gun of 8%. Additional analysis using a sample
of gun tracing data over this time period as well as further explorations of stolen gun
crimes and other crime categories highlight a narrative of new CHP holders being a
victim of stolen guns that are then used locally in a range of criminal activities.

Context and local gun restrictions may help explain while I �nd a large role for
stolen guns, while some other scholars (e.g. Cook et al. (2015) , Collins et al. (2017)) stress
a large role for straw purchase and transfer of guns from illegal dealers. For example,
a place like Charlotte with moderate restrictions on obtaining legal guns is quite ripe
for having stolen guns as a large supplier of illegal guns. Whereas a place like Chicago,
which has high demand for guns in general and some of the strictest gun laws in the US,
makes obtaining guns via theft more costly thus generating large incentives to bring in
guns from outside the city and state. A place like Chicago also provides a larger potential
return to more established arm dealers within a large city to purchase illegal guns. This
di�erence in context is important in thinking more broadly about gun policy since it
suggests that di�erent gun restrictions lend themselves to di�erent mechanisms through
which guns can be used by criminals.

My results suggest that policies that target gun security and storage may have
substantial bene�ts beyond limiting the theft of guns including the prevention of future
neighborhood violent crimes. Policies such as Child Access Prevention laws legally
mandate safe and secure storage for homes with children and have been shown to
decrease child access to guns and decrease injuries (Anderson and Sabia (2018) , DeSimone
et al. (2013) , Webster et al. (2004) ). Safe storage laws are e�ective in limiting accidental
deaths and suicides (Fleegler et al. (2013), Grossman et al. (2005) ). For both of these
commonly used policies to promote the secure storage of guns, my results indicate that
the bene�ts of these policies may be understated as they also prevent gun theft more
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broadly and associated spillovers to nearby violent crime. It is unlikely that federal gun
policy will ever meaningfully limit gun ownership more broadly, but stronger policies
that limit gun theft may have substantial bene�ts on local crime and thus something
that may appeal to state and county policymakers and policing agencies.
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Figure 1: New Concealed Handgun Permit Holders
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This �gure provides the frequency of new CHPs issued from 1996-2011. Month of CHP is based on the date
the permit was issued to an individual, which in some cases may be months after the initial application
for a new CHP.
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Figure 2: Concealed Handgun Permit Holders vs. Pistol Purchase Permit Holders
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This �gure provides the distribution of Concealed Handgun Permits (CHPs) per Census Block Group (CBG)
neighborhood issued 2007-2011 relative to Pistol Purchase Permits (PPPs) per CBG neighborhood issued
from 2008-2012. Since I cannot distinguish if an individual has previously obtained a PPP, I include all CHP
holders regardless if they are new or renewing. There are a total of 14,468 CHPs issued and approximately
20,749 PPPs issued over the �ve year time period. This �gure highlights that the population of PPP holders
live in similar neighborhoods as CHP holders.
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Figure 3: Victimization Rates and CHPs
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The �gure plots monthly crime victimization rates separately for individuals that received a new Concealed
Handgun Permit (CHP) at some point in 2007-2011 and non-CHP holders (2007-2011). The bars provide
the monthly number of new CHPs.
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Figure 4: Temporal Impacts of New CHPs on Crime Victimization
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Di�erence-in-di�erence model based on pre-CHP matched individuals on observables and speci�ed as
Equation 3. I de�ne violent crimes as arson, (aggravated and simple) assault, manslaughter, rape, robbery
and de�ne property crimes as auto theft, burglary, forgery/fraud , hit and run, larceny, stolen property and
vandalism. Firearm stolen is any crime that involves a �rearm in the list of items reported stolen. Serious
Injury indicates any crime where the victim reports an injury other than a minor injury. Violent Crime
Using Gun indicates any reported violent crimes where a �rearm was included as part of the crime report.
All models include �xed e�ects for each matching group by time as well as individual. Standard errors are
clustered by matching group as well as by individual.
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Preliminary Draft : January 6, 2023

Table 1: Monthly Summary Statistics
Registered Voters - No CHP Registered Voters - w/ CHP
Mean Std Dev Mean Std Dev

Individual Attributes
Male 0.44 (0.50) 0.75 (0.43)
Democrat 0.45 (0.50) 0.27 (0.44)
Republican 0.29 (0.45) 0.49 (0.50)
Black 0.30 (0.46) 0.18 (0.38)
Hispanic 0.02 (0.13) 0.01 (0.10)
age 30-50 0.49 (0.50) 0.50 (0.50)
age 51+ 0.33 (0.47) 0.37 (0.48)
Registered in NC > 5 years 0.63 (0.48) 0.67 (0.47)
Born Out-of-State 0.69 (0.46) 0.68 (0.47)

Crime Victim (p.p.)
Victim - Prop Crime 0.28 (5.25) 0.39 (6.27)
Victim - Vio Crime 0.08 (2.79) 0.05 (2.32)
Victim - Tot Crime 0.40 (6.52) 0.49 (7.12)
Arrested - Any Crime 0.17 (4.19) 0.06 (2.59)

Neigh Crimes
Prop Crimes in Neigh 16.1 (19.5) 14.1 (18.7)
Vio Crimes in Neigh 3.8 (4.7) 3.1 (4.1)
Tot Crimes in Neigh 24.4 (27.5) 20.9 (26.2)

Summary Statistics are based on monthly data for individual registered voters constructed from annual snapshots
(2007-2011) merged with concealed handgun permits (CHP) in Mecklenburg County (Charlotte), NC. Criminal justice
data is based on individual reported crime victimizations and arrests merged with each individual. Datasets are
merged primarily based on full name, birth year and address. Neigh is de�ned as Census Block Group 2000 in
all models unless otherwise stated. Crime Victimizations and Arrest are reported in percentage points and thus
are scale to be 0 or 100 for a monthly victimization or arrest. Al individual attributes are binary variables.

I de�ne violent crimes as arson, (aggravated and simple) assault, manslaughter, rape, robbery and de�ne property crimes
as auto theft, burglary, forgery/fraud , hit and run, larceny, stolen property and vandalism. Observations equal to
34,651,212 for individual that never obtained a CHP 2007-2011 and equal to 475,800 for new CHP holders 2007-2011.
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Preliminary Draft : January 6, 2023

Figure 5: Impact of New CHPs on Neighbor Crime
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Di�erence-in-di�erence model based on pre-CHP matched individuals on observables and speci�ed as
Equation 4. I de�ne violent crimes as arson, (aggravated and simple) assault, manslaughter, rape, robbery
and de�ne property crimes as auto theft, burglary, forgery/fraud , hit and run, larceny, stolen property and
vandalism. Firearm stolen is any crime that involves a �rearm in the list of items reported stolen. Serious
Injury indicates any crime where the victim reports an injury other than a minor injury. Violent Crime
Using Gun indicates any reported violent crimes where a �rearm was included as part of the crime report.
Dependent variable indicates the number of crimes in a given distance band and month for the speci�ed
category. Given the di�ering spatial extent of areas covered by each distance interval, I scale results to be
percent e�ects (coe�cient/mean of dependent variable.). Standard errors are clustered by matching group
as well as by individual.
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Preliminary Draft : January 6, 2023

Table 2: Individual Attributes and New CHPs
(1) (2)

Ever
New CHP

Ever
New CHP

Individual Att.
Homebuyer’s Income ($ 10k) 0.007 0.007

(0.004) (0.004)
Male 1.514*** 1.519***

(0.052) (0.052)
Democrat =0.221*** =0.229***

(0.041) (0.042)
Republican 0.681*** 0.672***

(0.051) (0.050)
Black 0.038 =0.011

(0.047) (0.049)
Hispanic =0.206 =0.202

(0.132) (0.134)
age 30-50 0.108** 0.113**

(0.051) (0.050)
age 51+ 0.144** 0.155***

(0.056) (0.056)
Born Out-of-State =0.319*** =0.283***

(0.049) (0.047)
Registered in NC > 5 years 0.059 0.046

(0.039) (0.040)
Homebuyer’s Income Missing 0.103 0.139**

(0.065) (0.065)
Neigh Vars.
CBG Black (%) =0.052

(0.141)
CBG Hispanic (%) 0.737

(0.469)
CBG Pop Density (00s pop/sq mi) =0.017***

(0.002)
CBG Median HH Income (00s) 0.000

(0.000)
HHs in Poverty (%) =0.382***

(0.111)
Neigh Prop Crime (t-1) =0.100***

(0.038)
Neigh Vio Crime (t-1) 0.035

(0.039)

CBG FEs X
R-squared 0.01 0.01
Dep. Var. (mean) 1.278 1.278
Observations 505,812 505,812

Dataset is based on a 2007 annual snapshot of individual registered voters merged with each concealed handgun permits (CHP) in
Mecklenburg County (Charlotte), NC. Neighborhood crime is based on individual reported crimes in 2006 and scaled to be mean
zero and standard deviation one one across CBGs. Datasets are merged primarily based on full name, birth year and address.
Neighborhood is de�ned as Census Block Group 2000 in all models unless otherwise stated. Observation counts are smaller
than the total number of individuals given the focus only on individuals that are present in 2007 voter registration records.

* p < 0.1, ** p < 0.05, *** p < 0.01. I de�ne violent crimes as arson, (aggravated and simple) assault, manslaughter, rape, robbery and
de�ne property crimes as auto theft, burglary, forgery/fraud , hit and run, larceny, stolen property and vandalism. Model is
based on a dependent variable equal to 100 if an individual ever gets a new CHP 2007-2011.
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Preliminary Draft : January 6, 2023

Table 3: Crime Risk and New CHPs
(1) (2) (3)

New
CHP

New
CHP

New
CHP

New to Neighborhood =0.078*** =0.022** =0.017
(0.009) (0.011) (0.011)

Neigh Prop Crime (last year) =0.001 0.086** =0.008
(0.032) (0.040) (0.032)

Neigh Vio Crime (last year) =0.009 0.003 =0.008
(0.015) (0.020) (0.015)

Neigh CHPs (last year) 0.097*** 0.097*** 0.097***
(0.012) (0.008) (0.012)

Prop Crime Victim (last year) 0.033*** 0.045*** 0.044***
(0.008) (0.009) (0.010)

Vio Crime Victim (last year) 0.046** 0.062** 0.062**
(0.021) (0.026) (0.027)

CBG FEs X X
Individual FEs X X
R-squared 0.040 0.056 0.065
Dep. Var. (mean) 0.214 0.214 0.214
Observations 475,800 475,800 475,800

Dataset is based on a 2007-2011 monthly panel created from annual snapshot of individual registered voters merged with each
concealed handgun permits (CHP) in Mecklenburg County (Charlotte), NC. Neighborhood crime is based on individual reported
crimes in 2006-2011. Datasets are merged primarily based on full name, birth year and address. Neighborhood is de�ned as
Census Block Group 2000 in all models unless otherwise stated.

* p < 0.1, ** p < 0.05, *** p < 0.01. I de�ne violent crimes as arson, (aggravated and simple) assault, manslaughter, rape, robbery and
de�ne property crimes as auto theft, burglary, forgery/fraud , hit and run, larceny, stolen property and vandalism. Model is
based on a dependent variable equal to 100 if an individual ever gets a new CHP in a given month. I only include individuals
that ever get a new CHP in this model and drop observations for months after an individual gets a new CHP.
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Preliminary Draft : January 6, 2023

Table 4: Any Crime Victimization and CHPs
(1) (2) (3) (4) (5) (6) (7)

Any
Crime
Victim

Any
Crime
Victim

Any
Crime
Victim

Any
Crime
Victim

Any
Crime
Victim

Any
Crime
Victim

Any
Crime
Victim

Obama &
Gi�ord
Shocks

New CHP 0.091*** 0.105*** 0.105*** 0.061** 0.093*** 0.173*** 0.234***
(0.014) (0.014) (0.014) (0.027) (0.035) (0.043) (0.076)

Covs. Individual X X X X
Covs. CBG X
CBG by month FEs X X
Individual FEs X X X
Matched Group by Month FEs X X X
Dep. Var. (mean) 0.398 0.398 0.398 0.398 0.379 0.379 0.236
Observations 35,127,012 35,127,012 35,127,012 35,127,012 1,786,079 1,786,079 421,071

* p < 0.1, ** p < 0.05, *** p < 0.01. Cols 1 through 4 incorporated a standard panel model based on Equation 1 and cols 5 through 7
incorporate di�erence-in-di�erence monthly models based on pre-CHP matched individuals on observables and speci�ed as
Equation 2. I de�ne violent crimes as arson, (aggravated and simple) assault, manslaughter, rape, robbery and de�ne property
crimes as auto theft, burglary, forgery/fraud , hit and run, larceny, stolen property and vandalism. Standard errors are clustered
at CBG by month in columns 1-3; at CBG by month and individual in column 4; at matching group in column 5; at matching
group and individual in column 6-7. Columns 5-7 weight models by the inverse of the number of matched control individuals
for a given CHP holder. Columns one and two include month �xed e�ects. Column 7 limits my analysis to only permits and
matched controls obtained Jan.-June 2009 and Jan.-June 2011, which corresponds with the large uptick in CHPs following the
election and inauguration of Barack Obama and the shooting of Gabrielle Gi�ords.

Table 5: Crime Victimization and CHPs
(1) (2) (3) (4) (5) (6)

Any
Crime
Victim

Vio
Crime
Victim

Prop
Crime
Victim

Injury
Victim

Gun
Stolen
Victim

Vio Crime
Using Gun

Victim

New CHP Holder*Post 0.173*** 0.011 0.135*** 0.002 0.051*** 0.005
(0.043) (0.015) (0.038) (0.006) (0.013) (0.009)

Dep. Var. (mean) p.p. 0.379 0.050 0.292 0.008 0.019 0.016
Observations 1,786,079 1,786,079 1,786,079 1,786,079 1,786,079 1,786,079

* p < 0.1, ** p < 0.05, *** p < 0.01. All columns include a di�erence-in-di�erence monthly model based on pre-CHP matched individ-
uals on observables and speci�ed as Equation 2. I de�ne violent crimes as arson, (aggravated and simple) assault, manslaughter,
rape, robbery and de�ne property crimes as auto theft, burglary, forgery/fraud , hit and run, larceny, stolen property and
vandalism. All models include �xed e�ects for each matching group by time period as well as individual. I weight models by
the inverse of the number of matched control individuals for a given CHP holder. Standard errors are clustered by matching
group as well as by individual.
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Preliminary Draft : January 6, 2023

Table 6: Stolen Gun Victimizations and CHPs
(1) (2) (3) (4) (5)

Firearm
Stolen

Multi Guns
Stolen

Firearm
Stolen

from Car

Firearm
Stolen

from Home

Firearm
Stolen

from Other

New CHP Holder*Post 0.051*** 0.006 0.017** 0.036*** 0.004
(0.013) (0.005) (0.008) (0.011) (0.004)

Dep. Var. (mean) p.p. 0.019 0.004 0.005 0.014 0.002
Observations 1,786,079 1,786,079 1,786,079 1,786,079 1,786,079

* p < 0.1, ** p < 0.05, *** p < 0.01. All columns include a di�erence-in-di�erence monthly model based on pre-CHP matched individ-
uals on observables and speci�ed as Equation 2. I weight models by the inverse of the number of matched control individuals
for a given CHP holder. All models include �xed e�ects for each matching group by time as well as individual. Standard errors
are clustered by matching group as well as by individual.

Table 7: Arrests and CHPs
(1) (2) (3) (4) (5)

Any
Arrest

Misdemeanor
Arrest

Felony
Arrest

Weapons
Arrest

Technical
Arrest

New CHP Holder*Post =0.023* =0.018 =0.002 0.001 =0.010
(0.013) (0.012) (0.005) (0.002) (0.011)

Dep. Var. (mean) p.p. 0.064 0.045 0.014 0.002 0.040
Observations 1,962,041 1,962,041 1,962,041 1,962,041 1,962,041

* p < 0.1, ** p < 0.05, *** p < 0.01. All columns include a di�erence-in-di�erence monthly model based on pre-CHP matched individ-
uals on observables and speci�ed as Equation 2. Felonies include FBI Indexed Property and Violent crimes (arson, assault,
manslaughter, rape, robbery, auto theft and burglary), while Misdemeanors include arrests linked to non-felony reported crimes.
Technical arrests contain arrests without a reported crime and are typically vehicle or court violations. I weight models by the
inverse of the number of matched control individuals for a given CHP holder. All model include �xed e�ects for matching
group by time and individual. Standard errors are clustered by matching group as well as by individual.
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Preliminary Draft : January 6, 2023

Table 8: Neighborhood Spillovers in Crime
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Neigh
Any

Crime

Neigh
Vio

Crime

Neigh
Prop

Crime

Neigh
Injury
Crime

Neigh
Gun

Stolen

Neigh
Vio

Crime
Using
Gun

Neigh
Crimes
Clear
Rate
(p.p.)

Neigh
Clear
Vio

Crimes
(p.p.)

Neigh
Clear

Crimes
Using
Gun
(p.p.)

New CHP*Post 0.511* 0.044 0.486** =0.004 0.009 0.043*** =0.160 =0.789** =0.180
(0.269) (0.042) (0.191) (0.006) (0.008) (0.010) (0.190) (0.400) (0.806)

Dep. Var. (mean) 26.365 3.706 18.032 0.336 0.462 0.555 32.825 64.097 31.994
Observations 1,646,655 1,646,655 1,646,655 1,646,655 1,646,655 1,646,655 1,242,747 933,169 527,494

* p < 0.1, ** p < 0.05, *** p < 0.01. All columns include a di�erence-in-di�erence monthly model based on pre-CHP matched individ-
uals on observables and speci�ed as Equation 4. I de�ne violent crimes as arson, (aggravated and simple) assault, manslaughter,
rape, robbery and de�ne property crimes as auto theft, burglary, forgery/fraud , hit and run, larceny, stolen property and
vandalism. Dependent variable indicates the number of crimes in the CBG neighborhood in a given month for the speci�ed
category. The number of observations di�ers from other models since I have fewer matched control observations here given
the need to match to individuals in di�erent neighborhoods. I omit any reported crimes directly linked to a given CHP or
matched non-CHP holder. I weight models by the inverse of the number of matched control individuals for a given CHP holder.
Observation counts are lower for crime clearances since neighborhoods by months without a reported crime are excluded.
Standard errors are clustered by matching group as well as by individual.

Table 9: Social Costs of Gun Ownership

Crime Category
Mean Ann.

Neigh
Tot Crime

Est. Ann.
Increase in

Crime per CHP

Costs
Estimates

McCollister et al. (2010)

Neigh Social
Cost for add.

CHP

Per Capita
Social

Cost of
add. CHP

Assaults 32.0 0.00 19,537 $94
Auto Theft 10.7 1.51*** 10,534 $15,906
Burglary 25.8 0.81* 6,170 $4,998
Drugs 13.6 -0.03 8,347 $(250)
Forgery 12.1 -0.54* 5,265 $(2,843)
Hit and Run 10.0 0.11 8,347 $922
Larceny 35.7 -0.99 3,523 $(3,479)
Murder 0.1 0.00 1,278,424 $(1,227)
Other 30.7 -0.28 8,347 $(2,364)
Robbery 6.0 0.41*** 21,398 $8,773
Sex O�enses 1.4 0.08 41,247 $3,300
Stolen Property 0.9 0.01 7,974 $48
Theft from Auto 34.0 4.14*** 3,523 $14,585
Vandalism 19.6 0.90** 4,860 $4,374 $17.14
Total 232.5 6.13* $42,835

In order to generate estimates, I simply scale up monthly estimates using Equation 4 with the dependent variable equal to the
number of monthly crimes within the CBG neighborhood of a CHP or non-CHP holder classi�ed by row heading. If cost estimates
from MFF (2010) are not available , I use the weighted average of social costs across all crime categories with costs ($8,347)
estimates. Given the time period of analysis and cost estimates, costs are roughly based on 2010 ($s) . I include all reported
crimes even if they represent a victimization of a given CHP or matched non-CHP holder.
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Preliminary Draft : January 6, 2023

A. Online Appendix

A.1. Master Dataset Creation - Individuals

This section provides some more details on the merging on datasets using individual
information. The base dataset for the creation of the master dataset used in all analysis
is annual snapshots of voter registration records from the state of North Carolina for
2005 through 2013 (https://dl.ncsbe.gov/index.html?pre�x=data/). The main dataset that
provides individual level data on Concealed Handgun Permit (CHP) holders is from the NC
Department of Public Safety. This data was requested in 2012 and contains information
on full name, residential address and date of birth. In 2014, state senate bill 226 removed
the public record element of gun permit data and thus this data is no longer available
for public request and thus my analysis is limited to the data previously requested that
contained 2007 through the end of 2011. The �nal main dataset merged with voter
registration records is incident level data for reported crimes in Charlotte/Mecklenburg
County for 2005 through 2013. Some unique elements of this crime dataset include
identifying individual data on crime victimization, lots of speci�c details on the location
and crime categories of a reported crime, date and time of incident.

Voter registration data is merged with CHP data primarily based on full name,
birth year and address. In some cases, data is merged based on full names and birth
year that are unique in the voter registration dataset. The merging of CHP data to voter
registration data was conducted in three stages. First, I match each CHP to all unique
voters based on full name and home address. This matching algorithm does a good job of
linking up individuals with 91% of matcheable CHPs merged using this method. Second,
I match each CHP to unique voters based on age, full name and address. This method
matches about 8% of matcheable CHPs and deals with multigenerational families such
as fathers and sons of the same name living together. Third, I attempted to match based
on full name and age or fuzzy versions of the �rst two matching algorithms. These fuzzy
merges provided less than 1% of matcheable observations. In the end, approximately 86%
of CHPs can be directly merged to a registered voter based on full name, age and address.
Registered voters in Mecklenburg County, NC represent about 75% of the population
aged 18 and above. I lose approximately 4% of the original voter registration data due to
missing or incomplete geographical information. Crime victimization data is merged
to registered voters based on full name, birth year and address or unique full name and
birth year. In general there is not a metric to determine the quality of matching across
these datasets since they do not contain the same variables other than match variables.
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Preliminary Draft : January 6, 2023

A.2. Appendix Tables and Figures

Figure A1: Google Trends around Obama Spike and Gi�ords Shooting
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This �gure provides the Google trends �gure for my study period for the terms "Gun Ban AND Obama"
and "Gun Ban AND Congress". The y-scale is normalized to 100 for the most popular week upon which
this search terms was used in the US.
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Preliminary Draft : January 6, 2023

Figure A2: New Concealed Handgun Permit Holders vs. NICS Handgun Background
Checks
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This �gure provides the frequency of new CHPs issued versus estimated NICS handgun background checks
for gun permits for Mecklenburg County, NC. NICS background checks for gun purchases are provided
monthly at the state level, so I estimate for Mecklenburg County by taking the share of NC population in
Mecklenburg County and multiplying it with the total NICS handgun background checks for the state. In
some cases, the NICS background checks may precede the timing of CHPs as the background check can
occur weeks or even months before the CHP is actually issued. These two time series have a correlation of
0.34.
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Preliminary Draft : January 6, 2023

Figure A3: Temporal Impacts of New CHPs on Criminal Arrest

A. Any Arrest
-.

08
-.

06
-.

04
-.

02
0

.0
2

C
oe

f.

t-1
0 

to
 t-

12

t-7
 to

 t-
9

t-4
 to

 t-
6

t-1
 to

 t-
3

t t
o 

t+
2

t+
3 

to
 t+

5

t+
6 

to
 t+

8

t+
9 

to
 t+

11

Time Period (monthly)

NewCHP*time_period

B. Felony Crime

-.
02

-.
01

0
.0

1
.0

2
.0

3
C

oe
f.

t-1
0 

to
 t-

12

t-7
 to

 t-
9

t-4
 to

 t-
6

t-1
 to

 t-
3

t t
o 

t+
2

t+
3 

to
 t+

5

t+
6 

to
 t+

8

t+
9 

to
 t+

11

Time Period (monthly)

NewCHP*time_period

C. Misdemeanor Crime

-.
05

0
.0

5
C

oe
f.

t-1
0 

to
 t-

12

t-7
 to

 t-
9

t-4
 to

 t-
6

t-1
 to

 t-
3

t t
o 

t+
2

t+
3 

to
 t+

5

t+
6 

to
 t+

8

t+
9 

to
 t+

11

Time Period (monthly)

NewCHP*time_period

D. Technical

-.
04

-.
02

0
.0

2
.0

4
C

oe
f.

t-1
0 

to
 t-

12

t-7
 to

 t-
9

t-4
 to

 t-
6

t-1
 to

 t-
3

t t
o 

t+
2

t+
3 

to
 t+

5

t+
6 

to
 t+

8

t+
9 

to
 t+

11

Time Period (monthly)

NewCHP*time_period

E. Weapon

-.
01

-.
00

5
0

.0
05

.0
1

.0
15

C
oe

f.

t-1
0 

to
 t-

12

t-7
 to

 t-
9

t-4
 to

 t-
6

t-1
 to

 t-
3

t t
o 

t+
2

t+
3 

to
 t+

5

t+
6 

to
 t+

8

t+
9 

to
 t+

11

Time Period (monthly)

NewCHP*time_period

Di�erence-in-di�erence model based on pre-CHP matched individuals on observables and speci�ed as a
quarterly version of Equation 3. These models aggregate months to quarters in specifying time periods
interacted with being in the treatment group given the low frequency of arrests. All model include �xed
e�ects for matching group and individual. I weight models by the inverse of the number of matched
control individuals for a given CHP holder. Standard errors are clustered by matching group by month as
well as by individual. I classify arrests as likely felonies, misdemeanors or technical arrests based on the
nature of crime classi�cations. Felonies include FBI Indexed Property and Violent crimes (arson, assault,
manslaughter, rape, robbery, auto theft and burglary), while Misdemeanors include arrests linked to non
felony reported crimes. Technical arrests contain arrests without a reported crime and are typically vehicle
or court violations.
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Preliminary Draft : January 6, 2023

Figure A4: Journey to Crime
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This �gure provides the distance between an arrested individual’s home address and the location of the
reported crime linked to the arrest. I conduct this analysis for all reported crimes with linked arrests from
2007-2011 in Mecklenburg County, NC. This data was collected as part of a larger e�ort by the Charlotte
Mecklenburg Police Department (CMPD) to better track crime clearance and pro�le potential o�enders
for non-cleared reported crimes. I limit analysis to up to 10 miles apart since less than 5% of observations
register a longer journey to crime.
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Preliminary Draft : January 6, 2023

Table A1: Crime Victimizations and CHPs - Unknown O�enders
(1) (2) (3) (4) (5) (6)

Any
Crime
Victim

Vio
Crime
Victim

Prop
Crime
Victim

Injury
Victim

Gun
Stolen
Victim

Vio Crime
Using Gun

Victim

New CHP Holder*Post 0.128*** 0.005 0.109*** 0.002 0.047*** =0.001
(0.039) (0.011) (0.036) (0.005) (0.012) (0.008)

Dep. Var. (mean) p.p. 0.319 0.023 0.270 0.006 0.017 0.014
Observations 1,786,079 1,786,079 1,786,079 1,786,079 1,786,079 1,786,079

Dataset is based on a monthly panel of individual registered voters from 2007-2011 merged with each concealed handgun permits
(CHP) in Mecklenburg County (Charlotte), NC. Criminal justice data is based on individual reported crimes and arrests from
2005-2013. Datasets are merged primarily based on full name, birth year and address. Neigh is de�ned as Census Block Group
2000 in all models unless otherwise stated.

* p < 0.1, ** p < 0.05, *** p < 0.01. All columns include di�erence-in-di�erence monthly model based on pre-CHP matched individuals
on observables and speci�ed as Equation 2. I de�ne violent crimes as arson, (aggravated and simple) assault, manslaughter, rape,
robbery and de�ne property crimes as auto theft, burglary, forgery/fraud , hit and run, larceny, stolen property and vandalism.
All models include �xed e�ects for each matching group by time as well as individual. I weight models by the inverse of the
number of matched control individuals for a given CHP holder.Standard errors are clustered by matching group as well as by
individual. This table limits results to only crime victimization where the o�ender is unknown to the victim.
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Preliminary Draft : January 6, 2023

Table A2: Other Crime Victimizations and CHPs
(1) (2) (3) (4) (5) (6) (7) (8)

Assault
Victim

Burglary
Victim

Fraud/Forgery
Victim

Larceny
Victim

Robbery
Victim

Theft from
Auto

Victim

Vandalism
Victim

Other
Victim

New CHP Holder*Post 0.002 0.044*** 0.005 0.017 0.001 0.019 0.001 =0.002
(0.013) (0.016) (0.011) (0.014) (0.006) (0.020) (0.014) (0.012)

Dep. Var. (mean) p.p. 0.038 0.064 0.019 0.037 0.012 0.097 0.036 0.036
Observations 1,786,079 1,786,079 1,786,079 1,786,079 1,786,079 1,786,079 1,786,079 1,786,079

Dataset is based on a monthly panel of individual registered voters from 2007-2011 merged with each concealed handgun permits
(CHP) in Mecklenburg County (Charlotte), NC. Criminal justice data is based on individual reported crimes and arrests from
2005-2013. Datasets are merged primarily based on full name, birth year and address. Neigh is de�ned as Census Block Group
2000 in all models unless otherwise stated.

* p < 0.1, ** p < 0.05, *** p < 0.01. All columns include di�erence-in-di�erence monthly model based on pre-CHP matched individ-
uals on observables and speci�ed as Equation 2. I weight models by the inverse of the number of matched control individuals
for a given CHP holder. I de�ne crimes based on NIBRS classi�cations. All models include �xed e�ects for each matching group
by time as well as individual. Standard errors are clustered by matching group as well as by individual.
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Preliminary Draft : January 6, 2023

Table A3: Stolen Items and CHPs
(1) (2) (3) (4) (5) (6) (7) (8)

Any
Prop

Stolen

Firearm
Stolen

TV
Stolen

Computer
Stolen

Other
Electronic

Stolen

Jewelry
Stolen

Money
Stolen

Prop Value
$(000s)

New CHP Holder*Post 0.146*** 0.051*** 0.008 0.010 0.005 0.007 0.009 1.572
(0.039) (0.013) (0.011) (0.014) (0.010) (0.011) (0.015) (1.704)

Dep. Var. (mean) p.p. 0.309 0.019 0.021 0.036 0.024 0.020 0.044 5.030
Observations 1,786,079 1,786,079 1,786,079 1,786,079 1,786,079 1,786,079 1,786,079 1,786,079

* p < 0.1, ** p < 0.05, *** p < 0.01. All columns include a di�erence-in-di�erence monthly model based on pre-CHP matched individ-
uals on observables and speci�ed as Equation 2. I weight models by the inverse of the number of matched control individuals
for a given CHP holder. All models include �xed e�ects for each matching group by time as well as individual. Standard errors
are clustered by matching group as well as by individual.
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Preliminary Draft : January 6, 2023

Table A4: Any Arrests and CHPs
(1) (2) (3) (4) (5) (6) (7)

Any
Arrest

Any
Arrest

Any
Arrest

Any
Arrest

Any
Arrest

Any
Arrest

Any
Crime
Victim

Obama &
Gi�ord
Shocks

New CHP =0.023*** =0.019** =0.021** =0.015 =0.017* =0.023* 0.022
(0.009) (0.009) (0.009) (0.011) (0.009) (0.013) (0.030)

Covs. Individual X X X X
Covs. CBG X
CBG by month FEs X X
Individual FEs X X X
Matched Group X Time FEs X X X
Dep. Var. (mean) 0.170 0.170 0.170 0.170 0.064 0.064 0.051
Observations 35,127,012 35,127,012 35,127,012 35,127,012 1,962,041 1,962,041 473,395

* p < 0.1, ** p < 0.05, *** p < 0.01. Cols 1 through 4 incorporated a standard panel model based on Equation 1 and cols 5 through 7
incorporate di�erence-in-di�erence monthly models based on pre-CHP matched individuals on observables and speci�ed as
Equation 2. I de�ne felony crime arrests as arson, (aggravated and simple) assault, manslaughter, rape, robbery, auto theft and
burglary. I de�ne misdemeanor crime arrests as forgery/fraud , hit and run, larceny, stolen property and vandalism. Technical
arrests involve arrests for tra�c or other violations not captured in felony or misdemeanor categories. Standard errors are
clustered at CBG by month in columns 1-3; at CBG by month and individual in column 4; at matching group in column 5; at
matching group and individual in column 6-7. Columns 5-7 weight models by the inverse of the number of matched control
individuals for a given CHP holder. Columns one and two include month �xed e�ects. Column 7 limits my analysis to only
permits and matched controls obtained Jan.-June 2009 and Jan.-June 2011, which corresponds with the large uptick in CHPs
following the election and inauguration of Barack Obama and the shooting of Gabrielle Gi�ords.
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Preliminary Draft : January 6, 2023

Table A5: Calls for Service and CHPs
(1) (2) (3) (4) (5) (6)

Any
Call for
Service

Alarm
Call

Susp.
Person

Call

Gun
Related

Call

Domestic
Disturb.

Call

Car
Accident

Call

New CHP Holder*Post =0.186* 0.042* =0.014 =0.008 =0.014 =0.014
(0.109) (0.024) (0.016) (0.008) (0.016) (0.017)

Dep. Var. (mean) 68.484 7.820 3.426 0.823 3.500 4.237
Observations 968,295 968,295 968,295 968,295 968,295 968,295

* p < 0.1, ** p < 0.05, *** p < 0.01. All columns include di�erence-in-di�erence monthly model based on pre-CHP matched individ-
uals on observables and speci�ed as Equation 2. I am limited to 2007-2009 given data availability and include all calls for service
within 1 mile of the focal individual. I weight models by the inverse of the number of matched control individuals for a given
CHP holder. I de�ne violent crimes as arson, (aggravated and simple) assault, manslaughter, rape, robbery and de�ne property
crimes as auto theft, burglary, forgery/fraud , hit and run, larceny, stolen property and vandalism. Standard errors are clustered
by matching group as well as by individual.
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shootings have risen throughout many parts of the 
country.

All states in the US allow persons to carry con-
cealed handguns under varying conditions, with three 
broad categories of permitting in use [1]. As of the 
start of 2023, there are 26 �permitless carry� states, 
where no permit is necessary to carry a concealed 
handgun outside the home (although other state and 
federal regulations governing legal ownership still 
apply). There are currently eight states that allow a 
resident to apply for a permit for a concealed carry 
weapon (CCW), but license approval is not guar-
anteed. Law enforcement �may� issue the permit 
depending on if a resident meets all requirements and 
can justify need for a CCW. The remaining 18 states 
are considered �shall-issue� states, whereby residents 
that complete all local requirements can receive a 
concealed carry permit without the need for addi-
tional justi�cation or approval. In the past 7 years, the 
number of permitless carry states has tripled, pulling 
into focus a need to examine the implications of ris-
ing gun carrying in public.

Many researchers argue laws that enable more peo-
ple to carry guns in public will increase shootings 
[1�4] and crimes committed with a �rearm [5, 6]. In 
opposition, others claim concealed carry laws enable 
citizens to defend themselves or other citizens against 
potential attacks [7�9]. Despite substantial scholarly 
attention to the issue of how concealed carry in�u-
ences �rearm violence, there are several limitations 
to past research. First, most studies that examine 
how concealed carry impacts rates of �rearm vio-
lence rely on measurements that codify the presence 
of particular state policies related to concealed carry 
[2�6] or self-report surveys of carrying behaviors 
[10]. Although these studies are informative, there 
is a need for research that leverages objective data 
about both concealed carrying behaviors (e.g., permit 
applications, licenses issued) and �rearm violence 
(e.g., standardized homicide data). For example, dif-
ferent state provisions in their permitting policy may 
alter the speci�c number of licenses issued, such that 
no two shall-issue states, or may-issue states, may 
be alike [5]. Second, few studies have incorporated 
longitudinal data to analyze the reciprocal relation-
ship between concealed carry and rates of �rearm 
violence. Firearm violence may in�uence the number 
of concealed carry licenses if people are concerned 
about high crime rates and want to protect themselves 

[3]. We leverage a series of longitudinal, reciprocal 
models to assess the association between concealed 
carry permitting and total �rearm homicide rates.

Concealed Carry and�Crime Research

After several states enacted laws expanding the right 
to carry concealed weapons in public, academic lit-
erature emerged to suggest that violent crime, espe-
cially homicide, may be reduced due to the deterrent 
e�ect of more bystanders being armed [7, 10]. In 
general, these researchers reasoned that more peo-
ple with access to a gun in public would be able to 
defend themselves from an attack or step in to stop a 
violent crime from taking place between others. Sev-
eral studies reported signi�cant decreases in violent 
crime because of shall-issue concealed carry laws [7, 
11], although much of this work has been questioned 
due to the use of improper methods and statistically 
improbable estimates of defensive use prevalence 
[12]. Additionally, self-defensive �rearm use appears 
to be remarkably rare and is often not socially bene�-
cial such that it protects most members of society [13, 
14]. Furthermore, incidents of self-defensive �rearm 
use can result in collateral injuries or deaths to parties 
not involved in the dispute at all [15].

Reviving this line of thinking, Lott and colleagues 
recently detailed exponential growth in the number 
of permit holders in the US, alongside general linear 
declines in murder and violent crime rates over the 
past two decades [8, 9]. Critical of recent studies of 
right-to-carry laws, Moody and Lott point out that 
many studies erroneously assume that less restrictive 
laws instantly cause more people to apply for licenses 
and carry concealed handguns [8]. They also note 
that states who have adopted shall-issue or permitless 
carry laws recently tend to still have higher restric-
tions in the form of fees or training requirements. In 
distinguishing between early- and late-adopting right-
to-carry law states, they conducted a state-level anal-
ysis between 1970 and 2014 to document that right-
to-carry states experienced lower murder rates than 
states that did not adopt. They suggest that because 
early-adopting states issue more permits than late-
adopting states, this creates more of a risk for would-
be criminals, and therefore, murder has declined 
further.
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Most recent public health literature supports the 
notion that more �rearms in public result in more 
shootings and deaths given the higher mortality asso-
ciated with intentional �rearm use in contrast to other 
weapons [1�5]. For example, a recent study found that 
moving from a may-issue to a shall-issue law over time 
was associated with an additional 5.3 gun assaults per 
100,000 people on average above forecasted counter-
factuals [5]. In the study, violence-generating e�ects 
were particularly noticeable when states allowed 
people with prior misdemeanor violent convictions 
to obtain CCW permits [5]. These �ndings are sup-
ported by criminological literature demonstrating that 
more guns make situations inherently more lethal [16]. 
These �ndings suggest that any increase in the num-
ber of �rearms legally obtained or carried by people 
should increase the overall homicide rate, even if levels 
of other violent crimes remain unchanged [17].

The impacts of �rearm carrying in public extend 
beyond the individual carrier to criminal behavior 
and policing more broadly. In one of the few city-
level studies of right-to-carry policies, Donahue and 
colleagues analyzed a sample of 47 large US cities 
to document approximately 30% increases in violent 
crime and robbery associated with the introduction of 
right-to-carry laws [3]. Extending prior research, the 
authors found support for two potential mechanisms 
driving this relationship. First, they found that expan-
sion of right-to-carry laws were associated with a 35% 
increase in the stolen gun rate, thereby also increas-
ing illegal �rearm availability at large. The research-
ers also found that crime increased via diminished 
police e�ectiveness. The authors suggest that police 
e�ectiveness is likely diminished broadly by right-to-
carry laws for numerous reasons including diverting 
police time to activities related to checking �rearm 
permits, responding to gun thefts, and responding to 
accidental discharges. Law enforcement organizations 
similarly raise concerns about weakening concealed 
carry requirements [18]. The authors� main conclu-
sion is stark, suggesting that any crime-inhibiting 
bene�ts from increased �rearm carrying are swamped 
by crime-stimulating impacts.

Current Study

The review of the literature described above reveals 
ample theoretical and empirical reason to expect that 

recent expansions in right-to-carry laws may have 
profound implications for public safety. We seek to 
assess the impact of change in the number of licenses 
issued (as a di�erent proxy for expanded public �re-
arm carrying [9]) on �rearm homicide, while simulta-
neously accounting for potential reciprocity between 
homicide and local �rearm carrying. Additionally, we 
control for other potential indicators of gun availabil-
ity, including the number of gun stores in local areas 
and the percentage of suicides commited with a��re-
arm, in addition to commonly used macro-level cor-
relates of homicide [19, 20].

Most of the research described herein focused on 
state-level laws related to conceal carry rather than 
the actual number of licenses issued at the local level. 
This involves using a treatment variable, where a 0 
indicates times and places where concealed carrying 
is prohibited (or a may-issue law is in place) and a 1 is 
used for the times and places where a shall-issue law 
goes into e�ect [3, 5, 7]. A limited number of studies 
have alternatively assessed the impact of concealed 
carry permitting on crime using a measure of the 
number of licenses issued. Using a county-level anal-
ysis for four states, namely Florida, Michigan, Penn-
sylvania, and Texas, Phillips and colleagues found 
no relationship between lagged licensing rates and 
crime rates [21]. In another study of Florida counties, 
Carter and Binder examined the association between 
�rearm violence and concealed gun applications and 
permits [22]. In their diagnostic testing, they found 
that concealed carry applications in the previous 
year had no e�ect on armed violent crime. Notably, 
however, these studies are limited in time frame and 
geographic coverage. We utilize a unique longitudinal 
dataset with annual counts of the licenses issued for 
each county in a sample of eleven states.

The issue of reciprocal relationships was one of 
the major methodological problems highlighted by 
the National Research Council in its review of stud-
ies examining the e�ects of gun laws and �rearm 
availability on �rearm violence [23]. The potential 
for changes in violent crime to be reciprocally related 
to the passing of shall-issue laws and license applica-
tions has been discussed in many of the studies men-
tioned above [24]. Scholars have suggested that pro-
tective gun ownership and carrying may be driven by 
a fear of crime in a person�s community [22]. Recent 
Pew Research data suggest that protection tops the 
reasons for people owning a gun in the US, where 
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over two-thirds cite protection as the primary reason 
[25]. Failure to account for reciprocal causation could 
result in inconsistent and biased estimates of �rearm 
licensing or legislation on crime [23, 26].

While some studies have attempted to address 
these concerns in studies of licensing and violent 
crime [27, 28], they have largely documented e�ects 
from a policy change in a single state or over short 
periods of time, whereas many other state or local fac-
tors may explain crime changes in states with a con-
cealed carry law change. We hope to overcome some 
methodological concerns of prior studies on this topic 
by using a cross-lagged panel modeling approach that 
accounts for the reciprocal e�ects over time between 
�rearm�homicide and the number of concealed carry 
licenses issued over a 10-year time period. We spe-
ci�cally test the following two hypotheses:

H1. Increased change in the number of concealed 
carry licenses issued will be associated with increased 
changes in �rearm homicide.

H2. Increased change in the number of �rearm 
homicides will be associated with increases in the 
number of concealed carry licenses issued.

Data and�Methods

Data for our dependent variable, the count of �rearm 
homicides per county-year, come from the Center 
for Disease Control and Prevention (CDC) Multiple 
Cause of Death data. These county-level mortality 
data are based on death certi�cates for US residents 
and provided to the National Center for Health Sta-
tistics (NCHS). We de�ned gun homicide using ICD-
10 codes X93 (assault by handgun discharge), X94 
(assault by ri�e, shotgun, and larger �rearm discharge), 
and X95 (assault by other and unspeci�ed �rearm dis-
charges). All deaths caused by a homicide with a �re-
arm were counted per the county-year of the victim�s 
place of death. These data were advantageous given 
that the NCHS combines detailed information from 
death certi�cate data with information from autopsy 
reports and police records, providing a more com-
plete picture of the incident, including distinguishing 
between �rearm and non-�rearm homicides. These 
data are also advantageous because they are more 

complete and more accurate than other o�cial data 
sources, such as the Uniform Crime Reports (UCR) or 
NIBRS, concerns about which have been extensively 
documented [29].

The current study only utilizes data from the eleven 
states for which the numbers of concealed carry 
licenses issued were also available for all counties dur-
ing the time period of our study, 2010�2019 (Colorado, 
Iowa, Kansas, Michigan, Minnesota, New Mexico, 
North Carolina, Ohio, Oklahoma, Pennsylvania, and 
Utah). States including Iowa, Ohio, Oklahoma, and 
Utah have since passed laws allowing residents to carry 
concealed weapons without a permit, although these 
laws were not in e�ect during the time period of this 
study. As such, changes in licensing between 2010 
and 2019 should re�ect changes in the ability of peo-
ple to publicly carry in these states. Kansas did allow 
permitless carry beginning in 2015. Observations for 
Kansas counties after 2015 were excluded as a result. 
These eleven states combine for 832 counties available 
for analysis. Table� 1 reveals that the average number 
of �rearm homicides per county in our sample ranged 
from 2.27 per year in 2010 to 3.53 in 2019. Homicide 
is a rare outcome to study at the county level per year, 
especially for smaller, more rural counties. In part, this 
is why many prior studies of �rearm availability and 
homicide either conduct research at the state level or 
pool county homicides over several years. We discuss 
this further in the analytical strategy, below.

Licenses Issued

We obtained the number of concealed carry licenses 
issued for each county from Trent Steidley�s con-
cealed carry weapons licenses database, a longi-
tudinal collection of county-level data on weapons 
licenses [30]. Data on license applications and issu-
ances were collected from a series of freedom of 
information requests sent to state governments, with 
funding support from the Center on American Poli-
tics at the University of Denver. Not all states pro-
vide information on the number of licenses issued 
at the county level, and there is some variation in 
measurement across states. Data for the eleven states 
used in our analysis were standardized so that we 
measure the annual number of new licenses issued 
per county for the years 2010�2019.
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Analytic Strategy

A four-part analytic plan was developed for the cur-
rent study. First, descriptive statistics were produced 
(Table�1). Second, the reciprocal association between 
�rearm homicide (2010�2019) and number of CCWs 
(2010�2019) was evaluated through the employment 
of a random intercept cross-lagged panel model (RI-
CLPM) [31, 32]. A RI-CLPM is a longitudinal path 

model that permits the estimation of the reciprocal 
association between two or more constructs while 
adjusting for the mean trend of a construct across 
all observations. The reciprocal association can be 
simultaneously estimated by predicting variation in 
the lagged observations with prior observations of 
both constructs.

In the context of the current study, the reciprocal 
e�ects were examined by (1) regressing the number of 
CCWs at a subsequent time period (e.g., 2011) on the 
number of CCWs at the preceding time period (e.g., 
2010) and total �rearm homicide during the preced-
ing time period (e.g., 2010), while simultaneously (2) 
regressing �rearm homicide at a subsequent time period 
(e.g., 2011) on the number of CCWs at the preceding 
time period (e.g., 2010) and �rearm homicide during the 
preceding time period (e.g., 2010). Latent random inter-
cepts for �rearm homicide (2011�2019) and the number 
of CCWs issued (2011�2019) were estimated by �xing 
the factor loadings across all observations to 1 and speci-
fying a residual covariance between the latent intercepts 
[32].

Similar to a random intercept model, RI-CLPM per-
mits the estimation of the e�ects of one construct on 
another construct independent of the variation associ-
ated with prior observations [31, 32. Nevertheless, dis-
tinct from traditional random intercept model, a cross-
lagged panel model can simultaneously evaluate the 
e�ects of the number of CCWs on �rearm homicide 
and the e�ects of �rearm homicide on the number of 
CCWs while adjusting for the continuity within a con-
struct over time [32]. The ability to simultaneously 
examine these reciprocal processes addresses a notable 
limitation in the extant literature [26].

Two iterations of the RI-CLPM were estimated, 
where the �rst model adjusted for several basic demo-
graphic and economic characteristics of the counties: 
the average population from 2010 to 2019, average 
percent males in college from 2010 to 2019, aver-
age percent divorce from 2010 to 2019, the average 
female to male income ratio from 2010 to 2019, the 
average percent black from 2010 to 2019, and aver-
age percent in poverty from 2010 to 2019 within all 
the estimated regression equations. The second model 
adjusted for these same demographic measures, but 
also accounted for other proxies of gun ownership 
and availability in the county, including the aver-
age percent of suicides committed with a �rearm 
from 2010 to 2019, the average number of licensed 

Table 1   Descriptive statistics of concealed carry licenses 
issued (CCWs) and homicides, 2010�2019

N = 832 counties. SD, standard deviation

Variable Mean SD

No. of CCWs issued
  2010 524.28 1.02
  2011 737.55 1.23
  2012 800.20 1.55
  2013 1311.62 2.12
  2014 988.57 1.77
  2015 1002.91 1.80
  2016 1465.17 2.36
  2017 1247.58 2.17
  2018 1336.27 2.12
  2019 1258.36 1.97
Total �rearm homicides
  2010 2.27 5.61
  2011 3.18 8.92
  2012 3.23 9.15
  2013 3.17 9.37
  2014 3.36 14.59
  2015 2.66 12.55
  2016 3.47 15.91
  2017 3.50 15.37
  2018 3.37 16.09
  2019 3.53 16.40
Time invariant covariates
  Total population (2010�2019) 83992.27 177542.95
  Percent male in college (2010�2019) 20.74 9.22
  Percent divorce (2010�2019) 10.74 2.27
  Percent black (2010�2019) 5.25 9.00
  Percent in poverty (2010�2019) 10.05 3.97
  Female male income ratio (2010�

2019)
0.61 0.08

  Percent �rearm suicides (2010�
2019)

58.44 10.41

  Number of gun stores (2010�2019) 21.18 24.14
  Non-gun homicides (2010�2019) 0.96 2.68
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gun stores from 2010 to 2019, and average number 
of homicides perpetrated without a gun from 2010 
to 2019, within all of the estimated regression equa-
tions. This second modeling allowed us to assess the 
association between licensing and �rearm homicide, 
net of gun availability, and violence more broadly.

Given the existence of missing license issuing data 
in some counties, we employed the full information 
maximum likelihood estimator in the Lavaan package 
in R to estimate the main models [33]. Importantly, 
due to the large variance of the number of CCWs 
issued between counties, the construct was transformed 
by multiplying the number of CCWs issued by .0001. 
This transformation maintains the interpretability of 
the unstandardized estimates, where a 1 unit change in 
no. of CCWs issued represents 1000 concealed carry 
licenses issued within a county. Finally, we note that 
the global �t statistics of the model could potentially 
become biased due to the rarity of homicide estimated 
in the model. We evaluated the �t of the data using R2 
values for each endogenous variable and plotted trajec-
tories to con�rm appropriate model �t [34].

Results

Figure�1 illustrates the RI-CLPM examining the recipro-
cal e�ects of �rearm homicide on the number of CCWs 
issued with limited control variables. The estimates pre-
sented in Fig.�1 represent the unstandardized regression 
coe�cients (single-headed arrows) and the unstandard-
ized residual covariances (double-headed arrows). Focus-
ing on the between-construct regression coe�cients, 

increases in the number of CCWs issued in 2010�2015 
and 2017 were statistically associated with increases in 
�rearm homicide in 2011�2016 and 2018, respectively. 
Speci�cally, a one thousand license increase in the num-
ber of CCWs issued was associated with between a .266 
and a 1.898 increase in total �rearm homicide. Alterna-
tively, increases in �rearm homicide in 2010 and 2018 
were associated with increases in the number of CCWs 
issued in 2011 and 2019, but increases in �rearm homi-
cide in 2012, 2015, 2016, and 2017 were associated with 
decreases in the number of CCWs issued in 2013, 2016, 
2017, and 2018.

Figure� 2 provides the RI-CLPM examining the 
reciprocal e�ects of total gun homicide on the num-
ber of CCWs issued with all of the control variables. 
The results of the second RI-CLPM support the �nd-
ings of the �rst RI-CLPM. In particular, increases in 
the number of CCWs in 2010�2017 were statisti-
cally associated with increases in �rearm homicide 
in 2011�2018. The estimates suggest that a one 
thousand license increase in the number of CCWs 
issued was associated with between a .385 and 
2.128 increase in total �rearm homicide. Regarding 
the reciprocal pathway, it appeared that increases 
in �rearm homicide in 2010, 2011, and 2013 were 
associated with increases in the number of CCWs 
issued in 2011, 2012, and 2014. Taken together, the 
models suggest that the number of CCWs issued the 
previous year was associated with increases in total 
�rearm homicide the subsequent year. On the other 
hand, �rearm homicide the previous year had lim-
ited little impact on the number of CCWs the subse-
quent year.

Fig. 1   Random intercept cross-lagged panel model examin-
ing the reciprocal association between total �rearm homicide 
(2010�2019) and conceal carry licenses issued (limited con-
trols). Notes: FH, �rearm homicide; # of CCWs issued, num-
ber of concealed carry licenses issued. The cross-lagged panel 
model was estimated using the full information maximum like-
lihood (FIML) estimator in Lavaan. All estimates on single-
headed arrows represent the unstandardized regression coe�-

cients, while all estimates on double-headed arrows represent 
the unstandardized covariance. The estimates adjust for the 
in�uence of the average population from 2010 to 2019, average 
percent males in college from 2010 to 2019, average percent 
divorce from 2010 to 2019, average percent black from 2010 to 
2019, and average percent in poverty from 2010 to 2019. A 1 
unit change in no. of CCWs issued represents 1000 concealed 
carry licenses issued. *p < .05
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Discussion

The current study revisited the relationship between 
concealed carry and �rearm homicide, an often stud-
ied and debated topic with signi�cant implications for 
public safety and gun violence prevention. One pri-
mary conclusion emerged. Increases in the number 
of licenses issued generally increased �rearm� homi-
cides in subsequent years. Conversely, our models did 
not o�er evidence that �rearm homicide decreased 
because of CCW licenses issued. The �ndings are 
diametrically opposed to suggestions that more legal 
carrying would broadly reduce gun violence via self- 
or bystander-facilitated defense. Additionally, we 
found some limited evidence to suggest that increases 
in CCWs issued follow increases in �rearm homicide. 
This relationship waned over time, however.

With nuanced evidence of an association between 
CCW licenses and homicide, it is imperative that dis-
course on the topic of gun violence avoids simpli�ed 
notions such as �good guy with a gun� or �bad guy 
with a gun.� Such depictions obscure the everyday 
interactions and disputes between ordinary people 
that can boil over into violence and the lethal poten-
tial of access to a �rearm in such a context. Instead of 
considering good guys and bad guys with guns, it is 
far more productive to focus on a broader harm reduc-
tion framework that does not rely on an oppositional 
�us versus them� framework. More guns in public 
can create signi�cant harm in everyday interactions, 
whether through accidental shootings, road rage inci-
dents, or domestic incidents between people that are 

estranged. And a move towards shall-issue and per-
mitless carry policies may increase the likelihood of 
prohibited buyers and persons with prior violent his-
tory obtaining guns [35]. The adoption of shall-issue 
laws is particularly risky for future violence when 
states allowed people with prior misdemeanor vio-
lent convictions to obtain a CCW [5]. These �ndings 
together speak to the instrumentality e�ect of �re-
arms, with mounting evidence that increases in guns 
contribute to fatalities that would otherwise have 
been non-fatal assaults [16].

Therefore, the �rst major policy implication is to 
ensure guns do not end up in the wrong hands. In 
response to the Bruen decision, some States includ-
ing New Jersey submitted legislation to strengthen 
background checks and ensuring permits could only 
be obtained after extensive review and gun safety 
training. This is not a policy to limit the right to gun 
ownership, but part of a broad standard that gun own-
ers and non-owners alike support [36]. Data suggest 
that an increasing majority of gun owners and people 
identifying as either Democrat or Republican support 
universal background checks, stronger regulations of 
gun dealers, and requiring tests of safe handling prac-
tices prior to carrying a concealed weapon [36]. This 
public sentiment is echoed in recent iterations of the 
National Survey of Gun Policy [37], revealing high 
support among gun owners for conceal carry appli-
cants to demonstrate competence in safe and lawful 
gun use. While public support exists, however, ordi-
nary citizens may need to be more activated to dis-
cuss these policies with their elected representatives.

Fig. 2   Random intercept cross-lagged panel model examining 
the reciprocal association between �rearm homicide (2010�
2019) and conceal carry licenses issued (full controls). Notes: 
FH, �rearm homicide; # of CCWs issued, number of concealed 
carry licenses issued. The cross-lagged panel model was esti-
mated using the full information maximum likelihood (FIML) 
estimator in Lavaan. All estimates on single-headed arrows 
represent the unstandardized regression coe�cients, while all 
estimates on double-headed arrows represent the unstandard-
ized covariance. The estimates adjust for the in�uence of the 

average population from 2010 to 2019, average percent males 
in college from 2010 to 2019, average percent divorce from 
2010 to 2019, average percent black from 2010 to 2019, and 
average percent in poverty from 2010 to 2019, average per-
cent of �rearm suicides from 2010 to 2019, average number of 
gun stores from 2010 to 2019, average number of homicides 
without a gun from 2010 to 2019, and average female to male 
income ratio from 2010 to 2019. A 1 unit change in # of CCWs 
issued represents 1000 concealed carry licenses issued. *p < 
.05
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In addition to strengthening standards at the point of 
purchase and demonstrating responsible gun ownership, 
concealed carry also needs some guard rails control-
ling the carrying of handguns in public places, such as 
schools, alcohol serving outlets, sports arenas, and other 
highly populated public spaces. The National Survey on 
Gun Policy in 2019 and 2021 also revealed broad declin-
ing support for expanding the locations for civilian gun 
carrying [37]. Yet recent reports have detailed upticks in 
the number of guns carried into airports in the US [38]. 
And several recent studies reveal double digit increases 
in homicide as a result of weakening carry laws and 
expanding carrying in public [1, 3�5], including a 29% 
increase in �rearm workplace homicides [4]. Thus, 
restricting customer and employee �rearm access in 
the workplace and allowing private business and public 
buildings to enforce these restrictions may help to reduce 
lethal escalation. Colleges and universities have had 
some success in prohibiting legal gun owners from car-
rying weapons on to campus. But policies allowing gun 
carrying on campus have increased the risk of assault, 
self-harm, and lethality [39].

There are several limitations to the present study that 
provide opportunity for additional research. First, our 
analysis is limited to fatal �rearm violence (homicides) 
and does not include non-fatal shootings. Non-fatal shoot-
ings make up the vast majority of interpersonal �rearm 
assaults in the US, occurring roughly four times as fre-
quently as homicides. Although there remains no o�-
cial, national-level data repository that tracks non-fatal 
shootings, it is imperative that subsequent studies test the 
reciprocal relationships explored in this study using non-
fatal data where feasible. Second, our study is limited to 
the timeframe where data from all sources were available 
(2010�2019). This time period includes years of relatively 
low homicide rates compared to other decades, although 
homicide rates did begin to slowly increase during this 
period starting in 2014. Additionally, we were unable to 
examine the impact of conceal carry on discrete homicide 
types. Our �ndings could be more muted if assessing the 
relationship between CCW and gun violence related to 
gang-related activity, drug markets, robbery, or other inci-
dents less likely to rely on legal �rearms acquisition. Sto-
len guns, straw purchases, and guns tra�cked from states 
with softer gun regulations often facilitate gun violence in 
many of America�s largest cities with a higher prevalence 
of gang and drug market activity [16].

Finally, we are mindful of the generalizability of our 
�ndings. Concealed carry licenses are not required in 

permitless carry states, making it more di�cult to ascer-
tain numbers of people carrying �rearms in public in 
those states. But by using data on licenses prior to the 
rapid expansion in permitless carry policies, we highlight 
the need for research to consider the role that increased 
numbers of guns in public can play in creating additional 
harm. It is clear that study of the dynamics between legal 
�rearm availability, right to carry legislation, and the 
extent of gun violence is far from over. Instead, research-
ers moving forward must consider how increases in carry-
ing of �rearms can impact certain types of gun violence, 
for certain groups, and in certain contexts. These inquiries 
will likely lead to more consistent conclusions around the 
harm generated by increases in �rearms in public.
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