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ABSTRACT

| examine the effects of Good Samaritan laws (GSLs), drug-induced homicide laws (DIH
laws), and naloxone access laws (NALS) on opioid-related deaths. Using a fixed effects OLS and
Poisson approach similar to Rees et al. (2019), | find significant negative correlation early
adopting NAL states, but significant positive correlation among later states. Parsing timespans by
NAL enactment supports these results. DIH law coefficients are consistently positive and often
significant across models and timespans. GSLs, when interacted with DIH laws, have a negative
significant coefficient. When specifying GSLs to include only those states that have no DIH law,
significance and negative magnitude increase. This continues when specifying GSLs whereby
the bystander and victim are both protected and further when specified not to include GSLs
which provide parole or probation protections. Generally, DIH laws and NALSs are correlated

with an increase in opioid-related deaths while GSLs are correlated with a decrease.
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1. INTRODUCTION
1.1. Background
Since 1999, over 654,000 people in the US have died from opioid-related overdoses
(CDC, 2023b). In 2021, approximately 107,000 individuals died of drug overdoses in the US.
Nearly 75 percent of these fatalities were associated with opioid misuse (CDC, 2023b). The CDC
(2023Db) traces the beginning of widespread opioid misuse (and the origins of the opioid crisis) to
1999, in which as legally prescribed opioids and opioid-related overdoses concurrently
increased. These and other noteworthy trends are displayed in Figure 1.1
Figure 1

Opioid-Related Deaths, 1999-2019
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! Data used to compile Figure 1 is from the CDC’s Wonder Database.

1



Heroin deaths assumed an increasing role in raising opioid-related deaths in 2010. This is
largely attributed to the reformulation of OxyContin to reduce intravenous and insufflation abuse
and increased presence of prescription drug monitoring programs (hereafter PDMPs), which
tightened the supply of prescribed opioids (Beachler et al., 2022; Rees et al., 2019). These
changes led many addicts to use heroin as a substitute (Bennett et al., 2011; Erfanian et al., 2019;
Kim, 2021). In 2013, synthetic opioid-related deaths increased rapidly, and became the largest
cause of opioid-related deaths in 2016. While purchasing is difficult to quantify due to the illicit
nature of drug use, analysis of opioid-related deaths seems to reveal that synthetics have become
the most popular substitute for both heroin and prescription opioids. These synthetic opioids,
including fentanyl, can be manufactured at lower costs, have much higher strength than
prescribed opioids, and up to 50 times higher strength than heroin (CDC, 2023; O’Brien &
Wernau, 2023).

Hoping to reduce opioid-related fatalities and other adverse consequences of the opioid
epidemic, states enacted several forms of policies. Some newer policies include PDMPs and
naloxone access laws (hereafter NALs). PDMPs collect prescription information to reduce the
misuse of controlled medicines (PADPS, 2016). NALs allow licensed health care providers to
prescribe and distribute naloxone hydrochloride, which has the ability to reverse opioid
overdoses (PDAPS, 2022a).

States also adopted Good Samaritan Laws (hereafter GSLs) and drug-induced homicide
laws (hereafter DIH laws) in hopes of addressing the causes of opioid-related deaths. GSLs
provide immunity or legal protection for people who contact emergency services in the event of

an overdose (PDAPS, 2022b). DIH laws establish criminal liability for individuals who provide



controlled substances to someone else which results in death (PDAPS, 2019). Figure 2 shows the
total number of these laws passed by states over time.?

Figure 2

Law Enactment, 1999-2019
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In relation to the opioid epidemic, PDMPs exist to reduce prescribed opioids in hopes of
reducing the amount of supply available to be abused, thereby reducing overdoses. NALS exist to
prevent opioid overdoses from leading to death by allowing access to naloxone for reversing
overdoses. GSLs exist to encourage bystanders to call emergency services in the event of

witnessing an overdose so that medical care, like naloxone deployment, can prevent overdoses

2 This chart shows the total number of laws which have been enacted for at least half a year within each U.S. state
and D.C. Data was obtained from the Prescription Drug Abuse Policy System (PDAPS, 2019, 2022, 2023).
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from leading to death. DIH laws exist to provide greater levels of penalty for drug dealers, in
hopes that, as the risk of engaging in illicit activity increases, the number of drug dealers will
decrease, thereby decreasing the supply of illicit substances.
1.2. Objectives

This paper seeks to analyze the effects of GSLs, DIH laws, and NALs on opioid-related
deaths from 1999 to 2019.2 Following Rees et al. (2019), | perform fixed effects OLS and
Poisson regressions with an extended timespan, state-level DIH measures, and interaction terms.

My analysis finds that NALs lead to decreases in opioid-related deaths in early adopting
states, but in total, have since continued to show positive and significant effects on opioid-related
deaths. I also find strong evidence that DIH laws reduce the effects of GSLs. Specifically, when
DIH laws and GSLs are interacted, GSLs are associated with a 12 percent decrease in opioid-
related deaths and the interaction term is associated with a 1 percent increase. By creating one
term for GSLs in states with no DIH law, this combined term is associated with a 11 percent
decrease in opioid-related deaths. As heterogeneity is accounted for in GSLs in states with no
DIH law, those which protect victim and bystander are associated with a 13 percent decrease in
opioid-related deaths and those which do not provide additional protections for parole or
probation violations are associated with an 18 percent decrease in opioid-related deaths. DIH
laws tend to have a positive and statistically significant coefficient among many timespan

selections and models.

3 While some data is available through 2020, | do not extend my analysis to include years impacted by the Covid-19
pandemic due to state-level heterogeneity in pandemic responses.
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1.3. Organization
This paper proceeds as follows. Section 2 reviews the relevant public health and
economics literature on the evolution and effects of overdose-related laws, including PDMPs,
NALs, GSLs, and DIH laws. Section 3 reviews my data and empirical approach. Section 4

provides primary findings from the analysis. Section 5 concludes and provides suggestions for

future research.



2. LITERATURE REVIEW

In analyzing the effects of GSLs, DIH laws, and NALS, it’s necessary to account for
differences in the legal environment across the United States. Analyzing these laws and PDMPs
builds understanding of the changes of the opioid epidemic, state-level responses, and how these
laws might interact. Therefore, | review each of them in the subsections that follow.

2.1. PDMP and Opioid Use

Powell, et al. (2020), found A 10 percent increase in the opioid medical supply results in
a 7.1 percent increase in opioid-related deaths among Medicare-ineligible population. Kim
(2021) utilized difference-in-differences to determine that, after two years of implementation,
must-access PDMPs were associated with 0.9 more heroin deaths per 100,000, in half-year
periods above control states. Rees et al. (2019) agree with this finding that a tightening of the
supply of licit drugs through PDMPs may have led users to turn to illicit substances such as
heroin. Synthetic opioids may act as a more recent substitute drug. Since GSLs aim to protect
illicit drug users, this existing literature on PDMPs suggest that GSLs may be more effective in
the era of synthetic opioids.

2.2. NALs

Perhaps the earliest and most influential paper examining NALs, GSLs, and their effect
on opioid fatalities is Rees et al. (2019). This paper found the adoption of a NAL was associated
with a statistically significant 9-10 percent reduction in opioid-related deaths. However, this
effect is driven by states which passed NAL legislation prior to 2011 (Rees, et al., 2019).
Focusing on the effects of a naloxone distribution program, Bennet et al. (2011) find in a survey
that 89 of 426 individuals who were given and trained to use naloxone, reported that, of 249

overdose episodes in which naloxone was administered, 96 percent were reversed. While



Tabatabai et al. (2023) find NALs and GSLs to have a significant negative impact on synthetic
opioid overdose death rates, Doleac & Mukherjee (2022) find insignificant results.
2.3. GSLs and DIH Laws

Hamilton et al. (2021) find that opioid overdose death rate reduction from GSLs that have
been in effect for two years compared to states with no law using hierarchical Bayesian
spatiotemporal Poisson models. This paper concludes that GSLs with more expansive legal
protections are more effective at reducing opioid overdose deaths. Additionally, GSLs are made
more effective when paired with naloxone access laws and over time. The confidence intervals
for these results show statistical significance with all overdose deaths and have lower confidence
in opioid-specific overdose deaths. (Hamilton et al., 2021).

While insightful, both analyses have shortcomings. Rees et al. (2019) include GSLs as a
binary variable, and only examine state trends up to the year 2014. By 2014, the Network for
Public Health Law (2023a) finds only 23 states passed GSLs. Additionally, since the first GSL
was enacted in 2007 by New Mexico, this is a short time span. Currently, 47 states and
Washington DC passed GSLs (Lieberman & Davis, 2023a). Further, GSLs vary considerably in
their legal protection, application to potential overdoses, and other extenuating circumstances.
These factors make GSL effects potentially ill-suited to be captured by a binary variable.
Hamilton addresses the heterogeneity of GSLs, but only finds significance when lagged by two
years. Additionally, only the effects of GSLs with an active NAL were found, leaving GSL
uncertainty regarding the individual effect of GSLs.

| contribute to the previous literature examining the policy response effectiveness of
GSLs specifically and in addressing the opioid epidemic more broadly by assessing the

interaction of GSLs with DIH laws and by accounting for heterogeneity among GSLS’ protective



features. Because GSLs serve to reduce the risk of bystanders to contact emergency services, but
DIH laws increase penalties for illicit drug distribution, and thereby risk, I account for the
individual and joint effects of each.

Whether GSLs effectively reduce opioid overdose mortality rates or promulgate
unintended consequences largely depends on caller (Samaritan) comfortability with naloxone
use, calling 911, and first-responder awareness of GSLs—which are both empirical questions
(Seal et al., 2003).* Determining which aspects of GSLs are effective in reducing opioid-related
deaths further informs policymakers and researchers more broadly whether GSLs, and what

aspects of GSLs, serve their intended purpose.

4 Measurement of these effects is further complicated by limiting county data to show different effects of state law
by local demographic variables.



3. DATA AND EMPIRICAL STRATEGY

Individuals act in their own self-interest. Individuals are influenced by incentives. When
a bystander sees someone experiencing overdose symptoms, they will weigh the benefits and
cost, including risk, of calling 911. If there is no GSL or if a DIH has increased the perceived
risk of a potential caller, they may call on the victim’s phone and leave the premises. This puts
responders in a difficult situation trying to find the overdose victim. The reported address could
be incorrect or the exact location within an apartment may be difficult to find. If there is no one
present to respond to the knocking on the door from an EMT and it is locked, the victim likely
will not have naloxone administered to reverse the overdose (This American Life, 2023).

In these scenarios, the marginal cost to gain access to the door and administer naloxone is
low. But without someone present to open that door, victims are unable to have the overdose
reversed. The marginal benefit of whatever laws necessary to incentivize a bystander to stay may
often be human lives. The fear of prosecution which could lead the bystanders to leave the victim
increases the victim’s likelihood of death. If the bystander sold drugs or provided drugs to a
victim and the state has a DIH law, they may avoid calling 911 in fear of prosecution for
homicide should the overdose victim die (Beletsky, 2019). These individuals may not be
responsive to GSLs with high levels of protections due to the nullifying effect a DIH law may
have on a GSL. However, a GSL with a high level of protection, and no DIH law, should
incentivize more bystanders to call 911 due to the decrease in personal cost and risk.

To examine these considerations empirically, | follow the empirical approach used by
Rees et al. (2019) represented in Equation (1):

In(Opioid Mortality Ratey;) = By + B1GSLs; + BoDIHg + B3NALg: + X6 + vg + Wy + Uy

(1)



Here, In(Opioid Mortality Rateg,) represents the log of the opioid overdose rate per
100,000 persons in state s and year t. My variables of interest are GSL;, DIH,;, and NAL;
which represents the presence of a GSL, DIH law, or NAL for at least half a year with a value of
1 and absence with O at time t and in state s. State heteroskedasticity is mitigated with the
inclusion of a state fixed effects variable, v,. Shock effects and trend effects, such as the heroin
epidemic are mitigated with w, to account for time fixed effects. For the baseline regressions, |
include the natural log of state population and a population weight.

My recommended model is the Poisson regression due to the positive and discrete opioid
deaths variable which skews rightward, random event generating qualities of overdoses, and its
ability to accommaodate fixed effects without the incidental-parameters problem (Rees et al.,
2019). Additionally, unlike the OLS, Poisson regressions can represent nonlinear relationships
(Wooldridge, 2002). Each Poisson regression uses the count of opioid-related deaths, rather than
a rate per 100,000 as the dependent variable. My Poisson model is represented in Equation (2):

Opioid Deathsy; = Egcexp(ay + a1GSL + ay,DIHg + asNALg + X6 + v + wp + Ugt)
)

In Equations (1) and (2), the term X, represents the inclusion of control variables. The
baseline models exclude them. Control variables include an indicator for whether a PDMP was
enacted for at least half the year, an indicator for whether a medical marijuana was legal (MML)
for at least half the year, the natural log of sworn police officers per capita, the natural log of the
beer tax, the natural log of the cigarette tax, the natural log of the percentage of the state
population with a bachelor’s degree, the natural log of per capita income, the natural log of the
unemployment rate, and the natural log of the effective minimum wage. | used 2019 as a base

year to adjust for inflation for tax and income covariates. Like the baseline models, complete
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models also include the natural log of population and a population weight. Standard errors are
clustered to account for heteroskedasticity and serial correlation in the error term over time
(Bertrand et al., 2004; Rees et al., 2019).

The dependent variables, opioid death rate and opioid deaths were obtained using CDC
Wonder database (CDC, n.d.). GSLs, DIH laws, and NALSs were obtained from the Prescription
Drug Abuse Policy System (PDAPS, 2019, 2022, 2023). PDMPs were also obtained from the
Prescription Drug Abuse Policy System (PDAPS, 2016, 2017b). The only state without a
prescription drug monitoring program at the time of that database was Missouri, which has since
signed a program into law outside the time of study (Official Missouri State Website, 2021).
Medical marijuana law presence was obtained from the Prescription Drug Abuse Policy System
(2017a) and the National Conference of State Legislatures (2022). Sworn police officers per
capita was obtained from the Bureau of Justice Statistics (n.d.-a, n.d.-b). The beer tax was
obtained from Tax Policy Center (2023). The cigarette tax was obtained from the CDC (2023).
The percentage of the state population with a bachelor’s degree was obtained from the Census
Bureau from 1999 to 2005 (2023) and from FRED for 2006 to 2019 (n.d.). Per capita income
was obtained from the Bureau of Economic Analysis (2024). The unemployment rate was
obtained from State and Regional Unemployment tables from the Bureau of Labor Statistics
(2001, 2002, 2004, 2006, 2008, 2010, 2012, 2014, 2018). The effective minimum wage was
obtained from the U.S. Department of Labor (2024). Lastly, population estimates were obtained
from the U.S. Census Bureau (n.d.-a, n.d.-b, n.d.-d). Summary statistics are provided in Table 1.

It includes combined variables which are included in the results section.
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Table 1

Descriptive Statistics

Variable Mean  Std. Dev. Min Max
Ln(Opioid Mortality Rate) 1.866 0.792 -1.863 3.862
Opioid Deaths 481.12  598.571 1 4379
GSL 0.241 0.428 0 1
DIH 0.186 0.389 0 1
NAL 0.289 0.453 0 1
PDMP 0.489 0.500 0 1
MML 0.315 0.465 0 1
Ln(Police Per Capita) 0.797 0.248 0.046 1.926
Ln(Beer Tax) -1.405 0.814 -3.912 0.477
Ln(Cigarette Tax) -.046 0.900 -3.386 1.598
Ln(College Graduates) -1.281 0.210 -1.89 -0.504
Ln(Per Capita Income) 10.765 0.170 10.367  11.346
Ln(Unemployment Rate) 1.636 0.345 0.789 2.617
Ln(Minimum Wage) 2.085 0.126 1.849 2.639
Ln(Population) 15.103 1.034 13.106 17.49
GSL with Bystander and Victim Protections 0.227 0.419 0 1
GSL x Controlled Substance Possessions 0.217 0.412 0 1
GSL x Paraphernalia Possessions 0.140 0.347 0 1
GSL x Parole or Probation Protections 0.096 0.295 0 1
GSL x Mitigating Factors 0.135 0.341 0 1
GSL with no DIH 0.158 0.365 0 1
GSL with Bystander and Victim and no DIH 0.148 0.355 0 1
GSL with Bystander and Victim and no DIH 0.105 0.306 0 1

or Parole or Probation Protections
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4. RESULTS
Table 2 reports the baseline and complete estimates for Equations (1) and (2).

Table 2

OLS & Poisson, 1999-2019

OLS Baseline  Poisson Baseline OLS Poisson
GSL -0.023 -0.061 -0.050 -0.085
(0.086) (0.091) (0.087) (0.084)
DIH 0.173 0.253** 0.094 0.107*
(0.103) (0.104) (0.078) (0.057)
NAL -0.006 0.143*** -0.049 0.069
(0.049) (0.056) (0.051) (0.050)
PDMP 0.013 -0.091
(0.066) (0.063)
MML 0.148* 0.224***
(0.083) (0.063)
Ln(Police Per Capita) 0.267 -0.093
(0.397) (0.243)
Ln(Beer Tax) 0.082 0.059
(0.088) (0.066)
Ln(Cigarette Tax) 0.070 0.079
(0.055) (0.055)
Ln(College Graduates) -0.091 0.045
(0.248) (0.217)
Ln(Per Capita Income) -1.370 -2.320**
(0.969) (1.075)
Ln(Unemployment Rate) -0.076 -0.246
(0.165) (0.181)
Ln(Minimum Wage) -0.638** -0.357*
(0.249) (0.191)
Ln(Population) -3.701*** -3.204*** -3.574%** .2 499***
(0.647) (0.853) (0.634) (0.882)
Constant 56.831*** 53.408*** 70.318***  68.254***
(9.881) (13.043) (15.607) (20.581)
Observations 1,071 1,071 1,071 1,071
R-squared 0.838 0.849

Standard errors corrected for clustering at the state level in parentheses
*** n<0.01, ** p<0.05, * p<0.1
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Table 2 reveals a non-statistically significant relationship for NAL’s and GSL’s impact
on opioid overdose deaths for both the Poisson and OLS regressions. DIH laws show robust
results, usually showing significance regardless of year selection and a substantial positive
coefficient. This provides suggestive evidence that DIH Laws provide some understanding as to
why GSLs do not have significance from 1999 through 2019. Explanation for the lack of
significance for NALs is found in Tables 3 and 4.

Table 3

Early, Mid-, and Late Adopting NAL States, 1999-2019

OLS Poisson

Early adopting states (1999-2010) -0.410%*** -0.309***

(0.063) (0.060)
Mid-adopting states (2011-2012) 0.118 0.251***

(0.124) (0.055)
Late adopting states (2013-2019) 0.118 0.214***

(0.085) (0.062)
GSL -0.001 -0.031

(0.074) (0.072)
DIH 0.079 0.092**

(0.061) (0.042)
Observations 1,071 1,071
R-squared 0.864

Standard errors corrected for clustering at the state level in parentheses
*** n<0.01, ** p<0.05, * p<0.1

Table 3 replicates the early, mid-, and late adopting state selection of Rees et al. and
found consistent results. DIH laws continue to be significant with a positive coefficient, GSLs
are insignificant, and all NAL state selections are significant at 1 percent for all Poisson
regressions. In states which enacted a NAL prior to 2011, NALSs are associated with a 27 percent

decrease in opioid-related deaths (e™-3%° — 1 = —.266). While this percentage was larger and
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significant at 1 percent if New York’s NAL was classified as passing in 2014, as Rees et al.
specified, the early states still seem to decrease rates while others increase rates. States which
enacted a NAL in 2011 and 2012 are associated with a 29 percent increase in opioid-related
deaths (e2°* — 1 = .285). Similarly, states which enacted a NAL after 2012 are associated with
a 19 percent increase in opioid-related deaths (e?1* — 1 = .193). Therefore, regressing NAL

altogether reveals insignificant results, but both positive and negative coefficients when parsed.
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Table 4

Poisson Across Timespans

1993-  2004-  1999-  2005- 1999- 2008-  1999-  2009- 1999- 2011-
2003 2019 2004 2019 2007 2019 2008 2019 2010 2019
GSL 0 -0.052 0 -0.043 0.115 -0.022 0114  -0.018  -0.223***  -0.002
() (0.072) () (0.071)  (0.150)  (0.060)  (0.134)  (0.061)  (0.080)  (0.056)
DIH 0058 0114 0123 0.116* 0.177*  0.110* 0121  0.101*  0.205%%  0.091*
(0.122)  (0.058) (0.077) (0.058)  (0.084)  (0.057) (0.081) (0.052)  (0.081)  (0.048)
NAL -0.284** 0.145%%* 0105 0.155%%* -0.244%** (227*%* -0.006 0.233*** -0.127**  0.199***
(0.122)  (0.051) (0.152) (0.053)  (0.079)  (0.078)  (0.043)  (0.071)  (0.055)  (0.074)
Obs. 255 816 306 765 459 612 510 561 612 459

Standard errors corrected for clustering at the state level in parentheses
*** p<0.01, ** p<0.05, * p<0.1



Table 4 provides further incite to the relationship of NAL effectiveness over time by
using a Poisson regression over many timespans. The first states to enact a NAL were New
Mexico (2001), Connecticut (2003), New York (2006), California (2008), Illinois (2010), and
Washington (2010). When using timespans which include years leading up to and the year of an
enactment of each law, results are often consistent and negative. Yet, when regressing years
following the enactment of laws through 2019, results have a large magnitude and 1 percent
significance. This provides further evidence that early estimates of negative NAL coefficients
were caused by early adopting states. These variations in timespan provide further confidence
that DIH laws increase opioid overdose mortalities due to the consistently positive and often
significant coefficient despite short and varying timespans.

Table 5 reports the OLS and Poisson coefficients for Equations (1) and (2) but replaces
the dummy, GSL,,, with five types of protections applied during the time in which a GSL was in

effect.
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Table 5

Heterogeneity of GSLs
OLS Poisson
GSL x Caller and Victim Protection -0.240 -0.207
(0.156) (0.134)
GSL x Controlled Substance Possessions 0.072 0.021
(0.126) (0.1412)
GSL x Paraphernalia Possessions 0.055 0.017
(0.109) (0.070)
GSL x Parole or Probation Protections 0.170 0.255***
(0.111) (0.066)
GSL x Mitigating Factors 0.052 0.059
(0.113) (0.068)
DIH 0.075 0.060
(0.076) (0.047)
NAL -0.057 0.057
(0.052) (0.050)
Constant 66.317*** 63.280***
(13.725) (17.638)
Observations 1,071 1,071
R-squared 0.853

Standard errors corrected for clustering at the state level in parentheses
*** p<0.01, ** p<0.05, * p<0.1

The only significant results are found in parole or probation protections. These
specifications were first enacted in 2013, and there are 114 values of 1, displaying their total
combined years and states of enactment for at least half a year. These results seem to indicate
that the primary specification for reducing opioid-related deaths would be protection for both the

caller and victim.
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Table 6 reports OLS and Poisson coefficients for Equations (1) and (2) with the addition
of an interaction term. Additionally, an alternative GSL,, term is added and interacted with DIH
which specifies GSL as only those including protections for both the overdose victim and
bystander.

Table 6

Interaction of GSLs and DIH Laws

GSL with Victim and

Standard GSL Bystander Protection

OLS Poisson OoLS Poisson

DIH 0.054 -0.017 0.017 -0.048
(0.101) (0.092) (0.112) (0.1012)

GSL -0.060 -0.108 -0.116 -0.130*
(0.091) (0.084) (0.091) (0.077)

GSL x DIH 0.058 0.024 0.027 0.010
(0.121) (0.1112) (0.128) (0.108)

NAL -0.054 0.058 -0.046 0.057

(0.050)  (0.048)  (0.048)  (0.046)

Constant 70.478%** 67.903%** 9.969*** 67.273%**
(15.598)  (20.110) (14.732)  (19.191)

Observations 1,071 1,071 1,071 1,071
R-squared 0.849 0.850

Standard errors corrected for clustering at the state level in parentheses
*** p<0.01, ** p<0.05, * p<0.1

While OLS results are insignificant, the Poisson yields the interesting result of DIH no
longer having a substantial magnitude or significance. Instead, only when accounting for
protection for both victim and bystander, GSL becomes 10 percent statistically significant,
correlating with a 12 percent decrease in opioid-related deaths (e™13° — 1 = —.122). The

coefficient of the interaction term in all models implies that the presence of a DIH law reduces

19



the amount by which a GSL decreases opioid-related deaths. The interaction indicates that a GSL
with no DIH law would only reduce rates by 11 percent (e~12° — 1 = —.113), while a GSL with
a DIH would reduce rates by 13 percent (e™1*° — 1 = —.131). This implies that a DIH law may
be leading to increased opioid-related deaths, in part, by reducing the effectiveness of GSLs.
Despite GSLs and NALs having a high correlation, this did not occur when interacting DIH with
NAL.> These results reflect economic intuition that protections for both bystander and victim
yield significant results when accounting for DIH laws due to the greater magnitude and
significant coefficient.

Figure 3 reveals the number of GSLs as specified for each state and D.C. from 1999 to
2019 that were in effect for at least half a year. The gradual passage of GSLs with probation or
parole protections provides confidence that the coefficients of these specified dummies on
opioid-related deaths reveals a true effect rather than the effect of other state heterogenous

factors, such as laws passed at similar times due to a legislative response to the opioid crisis.

5 Table A10 in the appendix shows these results. There was 1 percent significance for an increase in opioid-related
deaths with the NAL and DIH law interaction term.
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Figure 3

Total Number of Specified GSLs

b
i
|
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Total GLSs with Victim and Bystander with no DIH
————— Total GL5s with Victim and Bystander with no Parole or Probation or DIH

----------- Total GSLs with Parole or Probation Protections
Table 7 reports the OLS and Poisson coefficients for Equations (1) and (2) but replaces
the GSL,; term with a new specification of GSLs in which the state does not also have a DIH
law, GSLs in which the state does not also have a DIH law and provides protections to both the
victim and bystander, and GSLs in which the state does not have a DIH law, provides protections
to both the victim and bystander, and also does not provide protections related to probation or

parole.
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Table 7

Effective GSLs

OLS Poisson OoLS Poisson OLS Poisson

GSLswithno DIH Law  -0.083  -0.119**
(N=177) (0.069)  (0.049)

... and Caller and -0.126* -0.136***

Victim Protections (0.067)  (0.045)

(N =165)

... and without Parole -0.170** -0.195***
or Probation Protections (0.077)  (0.059)
(N =115)

Observations 1,071 1,071 1,071 1,071 1,071 1,071
R-squared 0.849 0.850 0.852

Note: Since these GSLs are coded with DIHs, no DIH dummy was included in this model. N
indicates the sum of laws active in all states from 1999 to 2019. In 2019, 26 states had parole
or probation protections. The first GSL with this aspect was enacted in 2012. Their increase
has been nearly linear.

Standard errors corrected for clustering at the state level in parentheses
*** n<0.01, ** p<0.05, * p<0.1

While probation and parole specifications may warrant further attention in additional
research due to their apparent moral hazard of providing additional protection to individuals who
may previously have drug-related charges, the main finding of my research can be seen in the
significant negative coefficients for GSLs in which there is no DIH law and both bystander and
victim are protected. According to the Poisson regression, GSLs in states with no DIH law are
associated with an 11 percent decrease in opioid-related deaths (e~ — 1 = —.112) at5
percent significance. In the Poisson, GSLs in states with no DIH law that also provide protection
for both victim and bystander are associated with a 13 percent decrease in opioid-related deaths
(e™13¢ — 1 = —.127) at 1 percent significance with a slightly lower but 5 percent significant

OLS estimate. In the Poisson, GSLs in states with no DIH law that provide protection for both
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victim and bystander while not providing parole or probation protections are associated with an
18 percent decrease in opioid-related deaths (e~1%° — 1 = —.177) at 1 percent significance, with
a slightly lower but 5 percent significant OLS estimate. As the GSL was specified to become

specific to what intuitively follows in effectiveness, the R-value increased.
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5. CONCLUSION

Opioid-related deaths in the United States continue to rise annually. This epidemic
continues to evolve. The first wave, 1999-2009, was characterized by increased prescription
opioids. The second wave, 2010-2012, was characterized by increased heroin use as a substitute
to tightened prescription supplies. The third wave, beginning in 2013 with the rise in synthetic
opioids, but not overtaking heroin or prescription opioids until 2016, has continued to
characterize the crisis until recently.

The effects of GSLs, DIH laws, and NALs differ. While all these laws have the intended
purpose of reducing opioid-related deaths, in practice, they have unknown or mixed results.
When considering the waves of the opioid epidemic, it follows that effects of each law would
change over time. Contrary to current medical efforts to make naloxone more available, it seems
naloxone access laws have led to increases opioid overdose mortalities since 2004 or when
excluding early adopting states. GSLs seem insignificant on their own. However, upon
interacting GSLs with drug-induced homicide laws, I find that they are effective in reducing
opioid overdose mortalities. Drug-induced homicide laws, while receiving little attention, show
robust results in increasing opioid overdose mortalities.

Good Samaritan laws, while insignificant on their own, prove significant with negative
coefficients when interacted with DIH laws. Further, specifying GSLs by aspects leads to greater
significance and levels of reduction of opioid overdose deaths. Except for the specification of
parole and probation protections seem to be the only protection which actually increases opioid
overdose mortalities, greater protections effectively incentivize individuals to contact emergency
services to reduce opioid-related deaths. When DIH laws are present, they reduce the perceived

legal safety that bystanders may have. As more individuals hear of family members or friends
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who have been heavily prosecuted resulting from an overdose death, their willingness to rely on
the legal protections provided by GSLs decreases.

Lastly, Drug-induced homicide laws, interacted with GSLs or not, increase opioid
overdose mortalities. Across models and timespans, DIH laws seem to be heavily correlated with
increases in opioid overdose mortalities. While part of the justification of DIH laws would be to
reduce the amount of illegal activity in the long run, the opposite proves true. Table A5, in the
appendix, shows that 3 or more years after a DIH law is enacted these laws are correlated at 1
percent significance with a 59 percent increase in opioid-related deaths.® The event studies,
represented in Table A5 and Figures A1, A2, and A3 echo my findings that NALs and GSLs are
correlated with increases opioid-related deaths while GSLs are correlated with decreases.

Tables 6 and 7 further confirm GSLs are correlated with decreases in opioid-related
deaths, but are nullified by the inclusion of a DIH law. Additional research should continue to
focus on the effects of naloxone and whether moral hazard provides complications for NALS
under specific scenarios. Since DIH laws have robustly shown to be associated with increased
opioid-related deaths, states should look to halt, repeal, or provide further analysis towards their
effects. GSLs, which seem to have no moral hazard effects, should again be embraced by states,
specified to protect both victim and bystander, and promoted by state health agencies.

Policymakers need to reconsider their approach to the opioid crisis. Naloxone is effective
at reversing opioid overdoses, but it cannot reverse overdoses of non-opioids. There is growing
prevalence of polydrug use, when victims use stimulants, such as methamphetamines or cocaine,

or sedatives, such as xylazine, in addition to an opioid (CDC & National Center for Injury

& Figures 1-3 in the appendix show the event studies of these three laws over time.
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Prevention and Control, 2024). Growing stimulant use with opioids has distinguished the “Fourth
Wave” of the crisis (Ciccarone, 2021). However, most state-level efforts primarily emphasize
increasing naloxone access. Similarly, states continue to enact DIH laws despite preliminary
evidence against their effectiveness in reducing opioid death rates.

GSLs garner comparatively little attention despite their consistent negative correlation
with opioid-related deaths when accounting for DIH laws. The provision of protection for both
victim and bystander is key to their effectiveness. Protections for parole and probation offenses,
while more limited in number, seem to decrease their effectiveness or even increase opioid-
related deaths. Overall, my findings strongly suggest states might consider refining their

approach to the crisis to include such GSLs and remove DIH laws.
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APPENDIX

Some differences exist with updated data to that of Rees et al. (2019). The variable with
the least amount of correlation is PDMPs. However, using updated data or Rees’s variables with
my data did not notably change the results of any replications. In replicating these regressions, |
was able to analyze the effects of GSLs, DIH laws, and NALS, various specifications of these
laws, and their interactions, across various timespans. Importantly, | extended the models to
include the years 2015-2019. This is especially important as synthetic opioids became the
leading driver of ever-increasing opioid overdose mortalities.

Rees et al. seem to use the presence of any naloxone access law enactment date as their
data for the naloxone dummy variable except in the case of New York. New York first had
enacted a NAL on April 1, 2006. Yet, Rees et al. use the date June 24, 2014, which was when a
more specified law was enacted. It includes a change from an earlier enacted February 2007.
This change allowed for prescriptions of naloxone to be authorized to third parties. On June 24,
2014, other changes included provisions that allowed pharmacists to dispense or distribute
naloxone without a patient-specific prescription from another medical professional, a standing
order dispensing method, layperson immunity from criminal liability when administering
naloxone, and layperson immunity from civil liability when administering naloxone. It does
seem that none of these provisions’ presence or absence was a rule used by Rees for selecting
other law enactment dates. For instance, Maine has an original enactment date of April 29th,
2014. Yet, there is no civil or criminal immunity for layperson administration of naloxone. Both
protections are enacted July 29th, 2016, but Rees et al. use the earlier date. In fact, the only
protection specified from the early May 2014 enactment date is that prescriptions of naloxone are

authorized to third parties. So, there doesn’t appear to be any concrete and consistent rule that
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determines New York’s enactment be the later 2014 law. Yet, with the vagueness of New York’s
2006 law contrasted to the greater protections of the 2014 law, it is justified that Rees et al. select
June 24, 2014 as the initial date of a NAL in New York (PDAPS, 2022).

Correlations of variables used for replication Tables A2 and A3 are shown in Table Al.

Table Al

Updated Data Correlation with Rees Data

Variables Correlation
Opioid Deaths 0.999
Ln(Opioid Mortality Rate) 0.998
NAL 1.000
GSL 0.992
Ln(Population) 1.000
PDMP 0.776
Ln(Police Per Capita) 0.932
MML 0.997
Ln(Beer Tax) 0.983
Ln(Cigarette Tax) 0.988
Ln(College Graduates) 0.949
Ln(Per Capita Income) 0.994
Ln(Unemployment Rate) 0.995
Ln(Minimum Wage) 0.973

Table A2 reports the OLS estimates of Equation (1) using Rees’s data, my data, and my
data with an updated specification of GSL with the addition of a DIH law variable. For the
replications, Table A2 and A3, fractions were used to calculate the number of days in which a
law was enacted as a percentage of the days of the year. This applies to NALs, GSLs, DIH laws,

PDMPs, and MMLs.
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Table A2

OLS Replication with Updated Data, 1999-2014

Ree_s Feir Rees Feir Updated GSL
Baseline  Baseline and DIH
NAL -0.166**  -0.170**  -0.240*** -0.253*** -0.232***
(0.067) (0.065) (0.077) (0.080) (0.082)
GSL -0.146 -0.140 -0.158* -0.133 -0.130
(0.094) (0.092) (0.086) (0.092) (0.094)
DIH 0.196**
(0.091)
PDMP 0.045 0.056 0.036
(0.063) (0.066) (0.066)
MML 0.769* 0.558 0.580
(0.425) (0.420) (0.419)
Ln(Police Per Capita) 0.045 0.029 -0.022
(0.092) (0.079) (0.072)
Ln(Beer Tax) 0.233** 0.088 0.067
(0.091) (0.115) (0.110)
Ln(Cigarette Tax) 0.024 0.032 0.036
(0.056) (0.054) (0.054)
Ln(College Graduates) -0.662 -0.302 -0.307
(0.581) (0.201) (0.196)
Ln(Per Capita Income) -1.046 -0.399 -0.176
(0.931) (0.878) (0.900)
Ln(Unemployment Rate) 0.089 0.168 0.160
(0.175) (0.179) (0.176)
Ln(Minimum Wage) -0.634**  -0.853*** -0.884***
(0.262) (0.228) (0.241)
Ln(Population) -2.676%**  -2.627***  -3.324***  -2.046%** -2.867***
(0.725) (0.719) (0.588) (0.645) (0.689)
Constant 40.995%**  40.323*** §1.222*** 49.898*** 46.421%**
(11.055)  (10.959)  (15.786)  (15.179) (16.039)
Observations 816 816 816 816 816
R-squared 0.816 0.811 0.832 0.825 0.828

Clustered standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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All OLS coefficients for NAL have substantial magnitude, are significant, and
consistently negative. The significance of GSL diminished with updated data. With the
adjustment of GSL to include all GSLs rather than the specification of Rees et al., and with the
inclusion of DIH, the coefficient of DIH is substantial in magnitude, statistically significant, and
positive.

Table A3, a replication of the Poisson, reveals more moderate effects of NAL from 1999-
2014, statistical significance for GSL with updated data, and a similar coefficient for DIH, but
with only 10 percent significance. Both of these tables show clear decreases for NALs given this

timespan, low results of significance for GSLs, and consistent results for DIH laws.
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Table A3

Poisson Replication with Updated Data, 1999-2014

Ree_s Feir Rees Feir Updated GSL
Baseline  Baseline and DIH
NAL -0.108*  -0.115**  -0.095**  -0.118*** -0.099**
(0.058) (0.057) (0.039) (0.040) (0.041)
GSL -0.136 -0.137 -0.138 -0.158* -0.163*
(0.109) (0.107) (0.089) (0.088) (0.089)
DIH 0.174*
(0.096)
PDMP -0.069* -0.085 -0.100*
(0.041) (0.056) (0.056)
MML 0.536** 0.257 0.256
(0.226) (0.232) (0.230)
Ln(Police Per Capita) 0.078 0.072 0.032
(0.091) (0.089) (0.079)
Ln(Beer Tax) 0.155** 0.086 0.067
(0.075) (0.067) (0.066)
Ln(Cigarette Tax) 0.053 0.065 0.069
(0.054) (0.055) (0.054)
Ln(College Graduates) -0.356 -0.193 -0.194
(0.683) (0.167) (0.162)
Ln(Per Capita Income) -0.737 -0.423 -0.213
(1.174) (1.145) (1.186)
Ln(Unemployment Rate) 0.054 0.088 0.096
(0.202) (0.223) (0.222)
Ln(Minimum Wage) -0.070 -0.480** -0.485**
(0.259) (0.202) (0.210)
Ln(Population) -2.387*** 2. 248*** D BEGx**k D 074** -2.025**
(0.695) (0.689) (0.849) (0.849) (0.887)
Constant 40.728*** 38.666*** 50.101**  40.815* 37.888*
(10.602)  (10.495)  (21.377)  (21.323) (22.536)
Observations 816 816 816 816 816

Clustered standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table A4

Correlation Matrix

Ln(Opioid
Mortality Opioid

Rate) Deaths  NAL GSL DIH PDMP
Ln(Opioid Mortality Rate) 1
Opioid Deaths 0.450 1
NAL 0.505 0.412 1
GSL 0.489 0.394  0.793 1
DIH 0.326 0.081 0.231 0.231 1
PDMP 0.395 0.133 0420 0.370 0.200 1
MML 0.400 0.206 0.376 0.422 0.235 0.210
Ln(Police Per Capita) -0.004 0.075  -0.047 -0.029 -0.072 -0.276
Ln(Beer Tax) -0.17 -0.088 -0.034 -0.007 -0.232 0.032
Ln(Cigarette Tax) 0.411 0.221 0.295 0.317 0.258 0.155
Ln(College Graduates) 0.349 0.236 0.361 0.361 0.102 -0.011
Ln(Per Capita Income) 0.347 0.272 0349 0.359 0.133 -0.002
Ln(Unemployment Rate) 0.140 0.089 -0.198 -0.159 0.008 0.000
Ln(Minimum Wage) 0.343 0.248 0.362 0.354 0.174 0.125
Ln(Population) 0.050 0.661 0.085 0.066 -0.098 -0.064
GSL with Bystander and
Victim Protections 0.479 0.393 0.762 0.962 0.228 0.344
GSL with Controlled
Substance Protections 0.466 0.405 0.786 0.933 0.267 0.356
GSL with Paraphernalia
Protections 0.330 0.310 0.610 0.716 0.215 0.251
GSL with Parole or Probation
Protections 0.325 0.214 0505 0579 0.308 0.245
GSL with Mitigating
Circumstances Provisions 0.370 0.233 0.522 0.700 0.185 0.227
GSL with no DIH 0.306 0.310 0572 0.768 -0.207 0.273
GSL with Bystander and
Victim Protections and no DIH 0.298 0.310 0549 0.738 -0.199 0.251
GSL with Bystander and
Victim Protections and no DIH
or Parole or Probation
Protections 0.259 0.267 0.422 0.607 -0.163 0.160
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Table A4

Correlation Matrix (continued)

Ln(Polic Ln(Per
e Per Ln(Beer Ln(Cigarette Ln(College Capita
MML  Capita) Tax) Tax) Graduates) Income)
MML 1
Ln(Police Per Capita) -0.179 1
Ln(Beer Tax) -0.026 -0.130 1
Ln(Cigarette Tax) 0.504 0.033 -0.165 1
Ln(College
Graduates) 0.368 0.267 -0.200 0.486 1
Ln(Per Capita
Income) 0.320 0.356 -0.316 0.523 0.803 1
Ln(Unemployment
Rate) 0.068 0.072 -0.003 0.117 -0.096 -0.120
Ln(Minimum Wage) 0.534 0.009 -0.109 0.483 0.493 0.492
Ln(Population) -0.113 0.078 0.025 -0.043 0.015 0.003
GSL with Bystander
and Victim
Protections 0.449 -0.024 -0.007 0.317 0.377 0.372
GSL with Controlled
Substance Protections  0.439 0.016 -0.027 0.307 0.328 0.332
GSL with
Paraphernalia
Protections 0.271 0.074 -0.098 0.199 0.300 0.297
GSL with Parole or
Probation Protections  0.284 0.050 -0.057 0.189 0.229 0.204
GSL with Mitigating
Circumstances
Provisions 0.352 -0.035 0.041 0.348 0.284 0.276
GSL with no DIH 0.247 -0.068 0.066 0.180 0.238 0.226
GSL with Bystander
and Victim
Protections and no
DIH 0.274 -0.062 0.057 0.189 0.256 0.242
GSL with Bystander
and Victim
Protections and no
DIH or Parole or
Probation Protections  0.222 -0.058 0.058 0.189 0.235 0.246
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Table A4

Correlation Matrix (continued)

Ln(Un-

emplo-
yment
Rate)

Ln(Mini-
mum
Wage)

Ln(Po-
pulati-
on)

GSL with
Bystander
and Victim
Protections

GSL with
Controlled
Substance
Protections

GSL with
Paraphern-
alia
Protections

Ln(Unemploymen
t Rate)
Ln(Minimum
Wage)
Ln(Population)
GSL with

Bystander and
Victim Protections

GSL with
Controlled
Substance
Protections

GSL with
Paraphernalia
Protections

GSL with Parole
or Probation
Protections

GSL with
Mitigating
Circumstances
Provisions

GSL with no DIH

GSL with
Bystander and
Victim Protections
and no DIH

GSL with
Bystander and
Victim Protections
and no DIH or
Parole or
Probation
Protections

1

0.187
0.216

-0.145

-0.150

-0.152

-0.175

-0.060
-0.088

-0.076

0.002

-0.026

0.377

0.375

0.237

0.233

0.343
0.229

0.250

0.197

0.054

0.076

0.089

-0.034

-0.029
0.096

0.086

0.089

0.900

0.661

0.602

0.688
0.732

0.768

0.631

0.767

0.605

0.610
0.661

0.638

0.487

0.598

0.314
0.497

0.454

0.275
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Table A4

Correlation Matrix (continued)

GSL with
Bystander
GSL with and Victim
Bystander  Protections
GSL with GSL with GSL and Victim and no DIH
Parole or Mitigating with  Protections or Parole or
Probation  Circumstances no and no Probation
Protections Provisions DIH DIH Protections
GSL with Parole or
Probation Protections 1
GSL with Mitigating
Circumstances
Provisions 0.382 1
GSL with no DIH 0.258 0.513 1
GSL with Bystander and
Victim Protections and
no DIH 0.275 0.492 0.961 1
GSL with Bystander and
Victim Protections and
no DIH or Parole or
Probation Protections -0.111 0.482 0.790 0.821 1
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Table A5 reports the OLS and Poisson coefficients of lead and lag variables, as an event
study with logged population as the only covariate of each dummy regression.

Table A5

Leads and Lags of GSLs, NALs, and DIH Laws

GSL GSL DIH DIH NAL NAL
OLS Poisson OLS Poisson OLS Poisson
3 Years before -0.049 -0.038 0.011 0.041 -0.069* 0.053
(0.033) (0.039) (0.072) (0.096) (0.039) (0.058)
2 Years before -0.084* -0.070 0.111 0.187 -0.069 0.083
(0.049) (0.049) (0.093) (0.137) (0.044) (0.053)
1 Year before -0.077 -0.056 0.130 0.241 -0.051 0.135**
(0.072) (0.073) (0.107) (0.152) (0.056) (0.063)
Year 0 -0.069 -0.018 0.118 0.243 -0.063 0.169**
(0.087) (0.084) (0.115) (0.150) (0.070) (0.085)
1 Year after -0.076 -0.075 0.107 0.281* -0.025 0.263**
(0.116) (0.132) (0.131) (0.161) (0.091) (0.112)
2 Years after -0.101 -0.144 0.185 0.329* -0.027 0.300***
(0.140) (0.175) (0.148) (0.199) (0.085) (0.110)
3+ Years after -0.129 -0.187 0.309* 0.490**  -0.216** 0.153*

(0.209)  (0.272)  (0.166)  (0.202)  (0.103)  (0.093)

Constant 58.481%** 54.734*** 55875%** 52 B71*** G8E0*** 53 27Gkk
(10.36)  (15.91)  (9.687)  (12.58)  (9.573)  (12.57)

Observations 1,071 1,071 1,071 1,071 1,071 1,071
R-squared 0.836 0.840 0.838

Clustered standard errors in parentheses

*** n<0.01, ** p<0.05, * p<0.1

This reveals that there is some concern of reverse causality for NALSs as there is 5 percent
significance and a positive coefficient for one lead with a Poisson regression. Should there be

reverse causality, the strict exogeneity assumption is violated for both the OLS and Poisson
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regressions. However, this would mean that the positive coefficients for mid- and late adopting
states are in question, but not the early adopting as such a correlation would raise coefficients.

Table A6 includes the results of a Granger causality test, in which the righthand side
variable was number of individuals under a given law regressed against a logged opioid overdose
mortality rate, provides additional evidence that there is concern for reverse causality for NALS.
It provides some evidence of reverse causality for GSLs as well. There is no evidence for reverse
causality for DIH laws. Given these concerns, the sign of the coefficients and economic intuition
helps interpret whether reverse causality poses an issue. Firstly, it does pose an issue in assuming
NALs have led to increases in opioid overdose mortalities in recent years. It also poses an issue
in assuming that mid- and late-adopting states have increased opioid overdose mortalities by
passing NALSs. Since opioid overdose deaths cause a greater number of people to live under a
NAL, it seems legislators have responded to surges in deaths by passing NALs. Yet, more
individuals living under a NAL do not significantly cause change for opioid overdose rates
according to the Granger causality test. Table A6 indicates they do. As a result, the positive
coefficient from mid- and late-adopting states may, in part, signify reverse causality, that NALs
were passed in response to surging opioid overdose deaths in those states. | therefore conclude
that early-adopting states have decreased opioid overdose rates and am unsure of the effect of
mid- and late-adopting states in decreasing opioid overdose rates.

Reverse causality doesn't pose a problem for the interpretation of GSLs or DIH laws.
Since GSLs without a DIH present, or interacted with a DIH, have a negative coefficient, it
indicates that these laws reduce opioid overdose mortalities. If that were not the case, | would
need to assume lawmakers are responding to lower rates of overdoses with the passage of these

laws. Over time, rates have only increased, along with the passage of these laws, so | conclude
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that the passage of laws are reducing rates in those states in comparison to other states without
such laws. If there is reverse causality present for GSLs, that would indicate that their effect in
reducing opioid-related deaths is greater than was found by my models. DIH laws do seem to
increase opioid overdose rates as there is only 10 percent significance for granger causality with
two lags that overdose rates cause DIH laws. Yet, there is 1 percent significance for all lags that
DIH laws cause opioid overdose rates. Since these coefficients are consistently positive and
statistically significant, | assume that DIH laws increase opioid overdose deaths. Therefore, |
have further confidence that these laws do diminish the ability of GSLs to reduce opioid

overdose deaths.
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Table A6

Granger Causality

Question and Lags Answer  Significance
Do GSLs cause deaths?
1 lag No
2 lags No
3 lags No
4 lags No
Do deaths cause GSLs?
1 lag Yes 1%
2 lags Yes 5%
3 lags Yes 5%
4 lags Yes 1%
Do DIH laws cause deaths?
1 lag Yes 1%
2 lags Yes 5%
3 lags Yes 1%
4 lags Yes 5%
Do deaths cause DIH laws?
1 lag No
2 lags No
3 lags No
4 lags No
Do NALs cause deaths?
1 lag No
2 lags No
3 lags No
4 lags No
Do deaths cause NALS?
1 lag Yes 1%
2 lags Yes 1%
3 lags Yes 1%
4 lags Yes 5%
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Figure Al
Event Study Analysis of GSLs on Opioid-Related Deaths
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Figure A2
Event Study Analysis of DIH Laws on Opioid-Related Deaths
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Figure A3

Event Study Analysis of NALs on Opioid-Related Deaths
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Appendix Tables A7, A8, and A9 correspond to Tables 5, 6, and 7, which are my main
results relating to GSLs and their relationship with DIHs. In the appendix tables, NALs were
excluded. This was because there is concern of endogeneity among NALs and GSLs. Yet, aside
from GSL becoming slightly insignificant in Appendix Table A8, there is little difference when

excluding NALs. This mitigates concern for their endogeneity for the tables included in the

paper.
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Table A7

Heterogeneity of GSLs Excluding NALs

OLS Poisson
GSL x Caller and -0.241 -0.210
Victim Protection (0.155) (0.133)
GSL x Controlled 0.063 0.023
Substance Possessions  (0.125) (0.141)
GSL x Paraphernalia 0.055 0.022

Possessions

GSL x Parole or
Probation Protections

GSL x Mitigating
Factors

DIH

Constant

Observations
R-squared

(0.109)  (0.070)
0.167  0.257***
(0.109)  (0.067)

0.046 0.072
(0.110)  (0.066)
0.080 0.053

(0.076)  (0.050)

65.608%** 64.638%***
(13.539)  (18.001)

1,071 1,071
0.853

Clustered standard errors in parentheses
*** n<0.01, ** p<0.05, * p<0.1
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Table A8

Interaction of GSLs and DIH Laws Excluding NALs

GSL with Victim and

Standard GSL Bystander Protection
OLS Poisson OLS
DIH 0.063 -0.033 0.025 -0.063
(0.099) (0.010) (0.110) (0.107)
GSL -0.072 -0.103 -0.125 -0.127
(0.086) (0.086) (0.088) (0.079)
GSL x DIH 0.047 0.024 0.019 0.010

(0.119)  (0.113)  (0.126)  (0.110)

Constant 69.854%** 69.016*** 69.300%** 68.431***
(15.391)  (20.354) (14.483)  (19.324)

Observations 1,071 1,071 1,071 1,071
R-squared 0.849 0.850

Clustered standard errors in parentheses
*** n<0.01, ** p<0.05, * p<0.1
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Table A9

Effective GSLs Excluding NALs

OLS Poisson OLS Poisson OLS Poisson

GSLs with no DIH Law -0.090 -0.115**

(N=177) (0.066) (0.051)

... and Caller and Victim -0.132* -0.132***

Protections (0.066)  (0.048)

(N =165)

... and without Parole or -0.175** -0.190***
Probation Protections (0.076)  (0.060)
(N =115)

Observations 1,071 1,071 1,071 1,071 1,071 1,071
R-squared 0.849 0.850 0.852

Clustered standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table A10

Interaction of NALs and DIH Laws

OLS Poisson
GSL -0.051 -0.089
(0.088) (0.082)
DIH 0.086 0.022
(0.103) (0.098)
NAL -0.051 0.056
(0.052) (0.051)
NAL x DIH 0.047 0.175***

(0.101)  (0.059)

Constant 70.301*** 67.733***
(15.602) (20.556)

Observations 1,071 1,071
R-squared 0.849

Clustered standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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