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Essays on the Economics of Increasing Public Naloxone Availability to Reduce Overdose
Deaths

William N. Dowd

Abstract

Between 2013 and 2022, the opioid overdose mortality rate in the United States more than
tripled from 7.9 to 25.0 deaths per 100,000, claiming 500,000 lives. This thesis is concerned with
one intervention used to address this crisis: naloxone distribution to the public (i.e., non-medical
professionals). Naloxone is a medication that reverses the dangerous effects of an opioid
overdose. However, some theoretical and empirical evidence suggests that the protective effect
of naloxone might increase risk-taking related to opioid use. The thesis begins with a meta-
analysis of studies that estimated the effect of naloxone distribution on fatal overdoses by
exploiting variation in state laws designed to strengthen naloxone distribution (Chapter 2).
Findings indicate that laws providing immunity to prescribers and dispensers had a statistically
significant, reductive effect on fatal overdoses, while laws that protected recipients of naloxone
or facilitated its distribution through pharmacies had no significant effect. The thesis then
estimates the effectiveness of naloxone distribution based on two large-scale naloxone
giveaway events held in Pennsylvania (Chapter 3). Difference-in-differences analyses revealed a
large and statistically significant decrease in fatal overdoses immediately following the first
giveaway but an increase following the second. The seemingly contradictory findings are
explained by the changing composition of the opioid supply between the giveaways, specifically
the presence of xylazine—a non-opioid tranquilizer for which naloxone is ineffective. Finally, an
economic evaluation of Pennsylvania’s naloxone giveaways revealed that giveaways were cost-
effective from a limited healthcare perspective and cost-saving from a broader societal
perspective, but that cost-effectiveness was sensitive to increases in overdose risk (Chapter 4).
Taken together, these findings suggest that naloxone distribution is a valuable tool to reduce
opioid overdose deaths, but that policymakers must be aware of contextual factors (e.g., opioid
supply composition) and should combine naloxone distribution with educational initiatives to

prevent riskier opioid use.
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1 Introduction

1.1 Background and Motivation

Opioids have been consumed for their analgesic and euphoric effects throughout the span of
human civilization. Evidence suggests that the Sumerian civilization extracted opium from the
poppy flower as least as early as the third millennium B.C.E., and written records describing the
use of opium in Europe, Asia, and Africa have been found from the classical period through the
renaissance (Brownstein, 1993). Although opium was used across disparate civilizations for
several millennia, understanding of the substance was limited until its active ingredient—
morphine—was first isolated and described in the scientific literature in 1805. As with many
innovations during this period, a rapid process of development followed, leading to a
proliferation of commercial products containing morphine (Brook et al., 2017). As the use of
morphine expanded, so too did opioid addiction, which led to limitations on the import and sale
of opium and morphine products for non-medical use in the United States and elsewhere (Brook

etal., 2017).

Throughout the late nineteenth and into the twentieth century, scientists sought to develop
novel opioids, in part to produce a formula that would be safer and less prone to abuse than
morphine or opium (Brownstein, 1993). This led to the development of heroin in 1894, and later
fully synthetic opioids such as methadone in 1937 (Boysen et al., 2023). Over the next several
decades, increasingly potent synthetic opioids such as fentanyl were developed. Fentanyl has
considerable utility as an analgesic, but the risks inherent in its potency were immediately
evident to scientists and physicians as its approval in the United States was delayed in the face
of opposition driven by concerns that it was too potent and had considerable potential for abuse
(Boysen et al., 2023). Fentanyl was approved for medical use in the United States in 1968, but
efforts were made to limit its appeal for recreational use by only allowing it to be distributed
mixed with another substance known to reduce its euphoric effects (Stanley, 2014). Despite
these efforts, fentanyl entered the illicit drug supply and was identified as a contributing cause
of overdose deaths as early as 1979, but was not widespread until the second decade of the

twenty-first century (Han et al., 2019).

The current epidemic of overdose deaths is contributing to more than 100,000 deaths per year,
more than 75% of which involve a synthetic opioid such as fentanyl (Ahmad et al., 2024).
Although prescription opioid pills and later heroin initially drove increases in drug overdose
death rates in the late 1990s through around 2013 (Ciccarone, 2019), synthetic opioids such as

fentanyl have contributed to an acceleration of deaths over the past decade. Given that non-



medical use of opioids has occurred for thousands of years, and opioid addiction has been
documented for several centuries, it is the potency of opioids currently available that

characterizes the unique challenges posed by opioids today.

Policymakers and others who aim to reduce deaths and other consequences of opioid use can
intervene in three main ways. First, they can attempt to prevent non-medical opioid use though
efforts to educate people of the risks or by limiting the supply of opioids (both as prescribed and
through the illicit market). Second, they can encourage people who are currently addicted to
opioids to stop use though treatment such as the provision of medications for opioid use
disorder (MOUD). Finally, they can attempt to limit the negative consequences of drug use by
engaging in harm reduction. Harm reduction interventions related to opioid use include those
designed to limit the spread of bloodborne illnesses such as syringe services programs (Adams,
2020; Packham, 2022), those designed to provide information to someone about the nature of
their drug supply which make an overdose less likely (e.g., drug checking services; Maghsoudi et
al., 2022), and those designed to prevent an overdose from resulting in death, such as the
provision of naloxone (McDonald et al., 2017). Given the potency of opioids currently available
to people who use them non-medically, interventions designed to reduce overdoses—or the
mortality associated with overdoses—are particularly important tools. This thesis is concerned
with the question of the effectiveness and cost-effectiveness of one such intervention:
increasing naloxone availability to prevent overdose deaths. To consider this question, this
thesis comprises a systematic review and meta-analysis of studies that examines the
effectiveness of naloxone to reduce fatal overdoses (Chapter 2), an empirical examination of the
effectiveness of an untargeted naloxone giveaway strategy by applying a difference-in-
differences design to data collected on large-scale naloxone giveaways in Pennsylvania (Chapter
3), and a cost-effectiveness evaluation of the Pennsylvania giveaway strategy using a simulation

model (Chapter 4).

Naloxone was synthesized in 1960, around the time of the development of fentanyl and other
powerful opioids (Boysen et al., 2023). Substances such as opium, heroin, and fentanyl are
agonists that stimulate p-opioid receptors in the body producing analgesic and euphoric effects
that make them useful and attractive, but also potentially fatal respiratory depression
(Brownstein, 1993). Naloxone is a p-opioid antagonist that reverses those effects. Thus,
naloxone can be administered to an overdose victim to restore normal respiratory function, and
is “intrinsically safe,” having little effect (harmful or otherwise) on someone who has not taken

opioids (Kim & Nelson, 2015; White & Irvine, 1999).



Naloxone was initially used by healthcare professionals to reverse overdoses (McDonald et al.,
2017). As drug overdose deaths in the United States increased throughout the end of the
twentieth and into the twenty-first century, organizations concerned with saving the lives of
potential overdose victims recognized the potential value of making naloxone available to
people in the community where it could be administered more quickly.! The Chicago Recovery
Alliance began a program to distribute naloxone and train laypeople on its use in 1996.
Gradually, some local and state health departments began to directly engage in naloxone
distribution in the early 2000s, and the development of improvised intranasal naloxone
(McDonald et al., 2017)—followed later by Narcan, a nasal formulation and now the most
familiar form of naloxone in the United States—simplified the process of administering naloxone

which was previously only available in injectable forms (Kolbe & Fins, 2021).

Early efforts to disseminate naloxone to laypeople demonstrated that non-professionals could
in fact administer naloxone to save a life in the event of an overdose. Two analyses of
Massachusetts overdose education and naloxone distribution (OEND) programs operated
between 2002 and 2010 found that these programs successfully trained thousands of potential
bystanders and that at least 600 overdose reversals with naloxone were reported by laypeople
(Doe-Simkins et al., 2014; Walley et al., 2013).2 The study by Walley and colleagues (2013)
employed an interrupted time series design and identified a negative association between the

extent of local enrollment in the OEND program and fatal overdose rates at the community level.

During this period, state policymakers recognized the potential legal or regulatory barriers that
might inhibit availability of naloxone. Between 2001 and 2018, all 50 states and the District of
Columbia passed at least one law to support the availability of naloxone by providing legal
immunity to prescribers, dispensers, or possessors of naloxone; explicitly decriminalizing
possession of naloxone; or easing the process of obtaining naloxone (e.g., by enacting a standing
order making naloxone available without a prescription; Smart et al., 2021). Beginning in 2023,
the U.S. Food and Drug Administration further simplified access to naloxone by approving the

sale of Narcan over the counter (Tanne, 2023).

1 After its development, naloxone was approved for the reversal of opioid overdoses by the U.S. Food and
Drug Administration in 1971. It was used solely by medical professionals in the U.S. and elsewhere for two
decades until it gradually became available to laypeople beginning in the 1990s despite a lack of formal
approval for distribution to non-medical professionals (Kolbe & Fins, 2021; McDonald et al., 2017).

2 Because the two study periods overlap and use data from the same state, the extent to which the
reported trainees and rescues reported in the study overlapped could not be determined.
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Although the general trend over the past 30 years has been characterized by increasing support
for the provision of naloxone to non-medical professionals, some expressed concerns about the
practice. A key reason for opposition to naloxone distribution is fears that it might encourage
more or riskier drug use. Surveys of medical providers’ opinions about providing naloxone to
non-professionals have revealed increasingly favorable opinions (Behar et al., 2018), but even
relatively recent studies have uncovered concerns about risk compensation among first
responders and medical personnel (Winograd et al., 2020). Although some research contests
the notion that having naloxone available could result in riskier behavior (Tse et al., 2022),
qualitative research conducted with people who use opioids reveals that naloxone does
represent a “a safety net” or “an excuse just to be more dangerous” to some people who use
opioids (Heavey, Chang, et al., 2018). Given the safety of naloxone and its demonstrated use by
laypeople to reverse overdoses, there is no doubt that availability of naloxone is unambiguously
beneficial when an overdose occurs. Key questions remain about the influence that availability
of naloxone has on drug use behavior and the net effects of efforts to increase naloxone
availability on fatal and non-fatal overdoses in light of those effects on behavior. This thesis
explores these questions using data gathered from a large-scale direct naloxone distribution

intervention conducted in Pennsylvania in 2018 and 2019.

The merits of an intervention should be evaluated in terms of its costs as well as its effects. Cost-
effectiveness analysis is particularly important in the case of interventions like naloxone
distribution which consume scarce resources but do not prevent or cure the underlying disease
(i.e., opioid use disorder). While existing economic evaluations of naloxone distribution find it
to be a cost-effective intervention (see Cherrier et al., 2022 for a summary of cost-effectiveness
literature),® the cost-effectiveness of a broad and untargeted naloxone giveaway intervention
has not been evaluated, and questions remain about the link between the effect of naloxone
access on drug use behavior and the economic efficiency of naloxone distribution as a harm

reduction strategy.

1.2 Relevant Economic Literature

Most of the research into the effect of naloxone availability on overdose outcomes has
employed microeconometric methods to exploit variation in the enactment of laws designed to

facilitate access to naloxone (Smart et al., 2021).* These studies reached different conclusions,

3 A more detailed discussion of prior economic evaluations of naloxone distribution is available in Chapter
4 of this thesis.

4 The literature described in the review by Smart and colleagues is the subject of the meta-analysis in
Chapter 2 of this thesis.



but one study in particular stood out in the dialog about the risks and benefits of naloxone. Using
a difference-in-differences design, Doleac and Mukherjee (2022) found that enacting laws
designed to increase access to naloxone caused more opioid-related emergency department
visits and even more opioid-related deaths in the Midwest region of the United States. The
authors discussed their findings in the context of literature on moral hazard, drawing from
several previous studies exploring moral hazard associated with seat belts, automobile
insurance, HIV treatment, and syringe exchange programs (Chan et al., 2016; Cohen & Dehejia,
2004; Cohen & Einav, 2003; Packham, 2022; Peltzman, 1975). As Doleac and Mukherjee describe
at length, the moral hazard literature provides a valuable framework for understanding how

naloxone might influence opioid use behavior when naloxone is available.

The rational addiction model, originally proposed by Becker and Murphy (1988), provides
another lens through which to view the theorized impact of naloxone availability on drug use
behavior. Rational addiction to a harmful good, according to Becker and Murphy, is
characterized by a positive association between past consumption and current marginal utility
of consumption—adjacent complementarity—and a negative association between past
consumption and utility at a given level of consumption.® The rational addiction model describes
the phenomenon of addiction as the result of forward-thinking behavior to weigh current and

future costs of consuming a potentially addictive good against the rewards of doing so.

The rational addiction model represents the influence of past consumption on current utility by
defining a “stock” of consumption capital. This stock is a useful construct for understanding the
cumulative effect of addiction on future utility, but it is not well-suited to represent sudden
death due to overdose.® In a study building on the original Becker and Murphy model,
Orphanides and Zervos (1995) defined addiction as “the unintended occasional outcome of
experimenting with an addictive good known to provide certain instant pleasure and only
probabilistic future harm.” In fact, the purpose of naloxone as a harm reduction intervention is
to reduce the probability of immediate harm, thus keeping people alive to realize the potential

future harm represented in the rational addiction framework.

This immediate harm seems generally to be outside of the scope of the rational addiction model,

but still the model offers important insights. Consider an individual deciding whether to use

> Becker and Murphy explain that adjacent complementarity is related to the reinforcement characteristic
of addiction and the association between past consumption and present utility at a given level of
consumption is related to the tolerance characteristics of addiction.

® Mathematically, one could consider an overdose death to drive the stock of consumption capital to
infinity and depreciation to zero, thus driving current and future utility to zero.

5



opioids. The rational addiction model indicates that they will choose to use opioids if the utility
from doing so outweighs the costs. Part of those costs are represented by the possibility of
sudden death due to overdose. If naloxone is available that risk of sudden death is reduced, and
so the expected value of the costs associated with use is also reduced. As noted previously, a
rational addiction is characterized by adjacent complementarity, or anincreasing marginal utility
of consumption as consumption stock is accumulated. Thus, for someone relatively
inexperienced with opioid use (i.e., low consumption stock), the reductive effect that naloxone
has on expected costs may alter the balance of cost and utility in favor of using opioids, whereas
for someone with more experience (and higher marginal utility of consumption), the calculus
may favor use with or without naloxone. This suggests that the potential for naloxone to alter

behavior may be higher for people less experienced with drug use.’

A similar argument could be made with respect to the extent to which an individual discounts
future costs and benefits. The rational addiction model predicts that more myopic consumers
are more likely to become addicted because the future costs of current use weigh less heavily
in comparison to the instantaneous benefits (Becker & Murphy, 1988). Naloxone reduces the
probability of death following opioid use which reduces the expected value of the cost of use in
the current period and in the future. Thus, the net present value of that reduction is lower for
more myopic consumers whereas the instantaneous benefits are unaffected by one’s time
preference rate, and so the effect of having naloxone available on one’s decision to use opioids
may be greater for consumers that are more future-oriented. It is also notable that some
research suggests that drug use alters one’s time preference rate, causing a diminished
emphasis on the future (Becker & Mulligan, 1997; Bretteville-Jensen, 1999; Grossman et al.,
1998; Orphanides & Zervos, 1998), this further supports the assertion from the previous
paragraph that the presence of naloxone is less likely to influence opioid use among people with

more experience using opioids.

For a consumer whose affirmative decision to use opioids is in part driven by current availability
of naloxone, rational choice theory suggests that expected availability of naloxone in future
periods would also be a factor in the decision.® A consumer who expects uninterrupted access
to naloxone would be more likely to use opioids in the current period than if they expect only

sporadic access. Put another way, the expectation of reduced access to naloxone in the future

7 Cawley and Ruhm (2011) provide a helpful discussion of the evolution of utility with and without
consumption as the stock of past consumption increases.

8 The association between future availability and current use is similar to the relationship between future
prices of opioids and current use.



may have a similar effect on current use as the expectation of a future increase in price of
opioids. Given the evolution of support for and availability of naloxone described in the previous
section, culminating in the over the counter availability of Narcan (Tanne, 2023), consumers

today likely feel much more secure in their access to naloxone now and in the future.

However, the framework proposed by Orphanides and Zervos (1995) suggests that current
naloxone access alone might have an important effect on the decision of whether to use opioids
among people with no previous experience using opioids. The Orphanides and Zervos model
separated the utility function to be maximized into two components, one representing
instantaneous utility from use and one representing the possible harmful side effects related to
addiction and resulting from past consumption. The model introduced a parameter representing
the probability of becoming addicted, which addressed a criticism of the original rational
addiction model by allowing for accidental addiction driven by rational experimentation among
individuals uncertain as to whether they will become addicted. As with the original rational
addiction model, the potential for sudden death is not explicitly accounted for, but it stands to
reason that naloxone may increase the likelihood of experimentation among those seeking to
gain information about the rewards from using opioids and the likelihood that use would lead

to a harmful addiction.

A recent model proposed by Cawley and Dragone (2023) extends the rational addiction model
into the realm of harm reduction. The authors adopt a specific definition of harm reduction that
is limited to substitutes for an addictive good. This definition of harm reduction does not align
with the definition adopted earlier in the thesis, of interventions focused on addressing the
consequences of drug use rather than drug use itself,’ and excludes naloxone because it is a
complement to rather than a substitute for opioids. Cawley and Dragone find that the effect of
the introduction of a harm reduction intervention on total health harms is a function of its
enjoyableness, its addictiveness, and its strength as a substitute for the original addictive good.
Toward the end of their paper, Cawley and Dragone extend their model to the case of
antagonists, which they characterize as neither enjoyable nor addictive. While naloxone is
consistent with these criteria defining an antagonist, the model’s treatment of antagonists
suggests at least some propensity to substitute the original addictive good for the antagonist

harm reduction method to stop use of the original substance. This model is perfectly consistent

% The example harm reduction interventions related to opioid use identified by Cawley and Dragone are
methadone and buprenorphine, which are generally categorized as treatments for opioid use disorder
rather than as harm reduction interventions. However, these treatments do meet the definition of harm
reduction adopted by the authors.



with another opioid antagonist naltrexone, which is commonly used as a treatment for opioid
use disorder. However, given the nature of naloxone as a pure complement, Cawley and
Dragone’s model, even when extended to the case of antagonists, does not offer insight into
the effect of naloxone availability on total health harms. Despite this, Cawley and Dragone’s
model offers valuable insights into the conditions under which opioid agonist treatments or
certain antagonists are beneficial, and an extension of the model to deal purely complementary

harm reduction tools like naloxone would be most welcome.

1.3 Organization of the Thesis

This thesis begins with a review of the existing literature of the causal effect of naloxone on
overdose outcomes (Chapter 2). Specifically, this chapter builds upon a recent systematic
narrative review of the effect of laws related to naloxone in the United States (Smart et al., 2021)
by conducting a meta-analysis of studies that examined the effects of such laws on fatal
overdose outcomes overall and stratified by the nature of the laws being considered. A search
identified 1,378 unduplicated records, seven of which were included in the analysis. Meta-
analytic results combining all types of laws found a beneficial effect that was not statistically
significant (incidence rate ratio [IRR]: 0.91, 95% Cl: 0.77-1.04) but a meta-analysis of estimates
from the included studies that examined the effects of laws that specifically protected
prescribers and dispensers against legal liability indicated a statistically significant, reductive

effect on overdose deaths (IRR: 0.85, 95% Cl:0.75-0.96).

The third chapter aims to address similar questions to the studies included in the review in
Chapter 2 about the effect of naloxone availability on overdose outcomes but uses a different
identification strategy than the enactment of state laws. The analysis exploits a direct naloxone
giveaway intervention conducted by the state of Pennsylvania in December 2018 and again in
September 2019. A difference-in-differences design is employed to estimate the effects of the
giveaways on fatal and non-fatal overdose outcomes in the major metropolitan areas of the
state (i.e., Philadelphia and Pittsburgh) using distance to the nearest giveaway location to
identify effects. Results indicate that during the first quarter after the first giveaway, the rate of
overdose death fell by over 40 percent (p<0.01) within 3 kilometers of the nearest giveaway
location relative to locations within 3 and 10 kilometers of the nearest giveaway site. However,
over the two quarters following the second giveaway, overdose deaths within 3 kilometers of
the nearest giveaway site increased (IRR: 1.267, p<0.1) relative to areas between 3 and 10

kilometers from the nearest giveaway site. The emergence of xylazine, a non-opioid tranquilizer



the effects of which naloxone does not affect (Johnson et al., 2021), is discussed as a potential

explanation of the seemingly contradictory results.

The fourth chapter uses a decision model to evaluate the cost-effectiveness of the Pennsylvania
giveaway intervention—the effects of which are studied in Chapter 3. An economic evaluation
of the Pennsylvania giveaway strategy is warranted to determine whether an untargeted
distribution strategy—rather than a strategy more directly targeting people who use drugs—is
an efficient use of resources. The analysis adapts an existing decision model to the context of
the five-county Philadelphia Metropolitan Area and examines three giveaway scenarios
representing different frequencies of giveaways. The giveaway scenarios are represented by
calibrating the model to the effects of the giveaway estimated in the previous chapter. Results
indicate that conducting naloxone giveaways every quarter is a cost-effective strategy, but that
these conclusions are sensitive to the relationship between increased availability of naloxone
and overdose risk, particularly for individuals who have never previously overdosed on opioids.

The thesis concludes with implications of findings for policy and priorities for future research.



2 Meta-analysis of Estimates of the Effect of Naloxone Access Laws on

Fatal Overdoses in the United States

2.1 Introduction

The number of deaths due to opioid overdose in the United States has been trending up over
the past two decades. During the last decade, rates of deaths accelerated, first due to an
increase in deaths due to heroin and then, most dramatically, due to an increase in deaths due
to synthetic opioids such as fentanyl (Centers for Disease Control and Prevention, 2021). Tools
to address overdose deaths are arrayed into three main categories—prevention, treatment, and
harm reduction. The latter category faces the strongest political headwinds, as it addresses the
harmful consequences of drug use rather than addressing the act of using drugs (Hawk et al.,
2015). However, as overdose death rates continued to increase into the 2010s, state
governments embraced the distribution of naloxone to people who use opioids and those close
to them as a key harm reduction intervention (McDonald et al., 2017). By 2018, all states had

enacted some form of legislation to support the distribution of naloxone (Smart et al., 2021).

Several empirical studies have been conducted to estimate the effect of naloxone access laws
(NALs) on overdose outcomes (Abouk et al., 2019; Atkins et al., 2019; Cataife et al., 2020; Doleac
& Mukherjee, 2019; Erfanian et al., 2019; McClellan et al., 2018; Rees et al., 2019). The purpose
of naloxone distribution as a harm reduction intervention is to prevent death due to overdose,
so all studies examined the effect of NALs on opioid overdose deaths. As naloxone access laws
were enacted and naloxone became more ubiquitous, some questioned whether naloxone
impacts the frequency of overdose. Notably, as a harm reduction intervention, naloxone has no
mechanism to prevent overdose. Itis intended to be used in the event of an overdose to mitigate
respiratory distress associated with an opioid overdose (White & Irvine, 1999). However, two
economists reasoned that possession of naloxone among people engaged in opioid use
represents a moral hazard (Doleac & Mukherjee, 2019), because it shields the individuals from
some of the risk that they might experience a fatal overdose. To test this theory, they examined
the effect of NALs on non-fatal overdose deaths, measured in terms of emergency department
visits and hospitalizations, and one other study also examined non-fatal overdoses as an

outcome (Abouk et al., 2019).

The studies that have examined the effect of NALs on opioid overdose outcomes all used a
similar approach. They compiled state- or county-level panel data characterizing the status of
NALs in each state over time and the outcomes for each jurisdiction over time. These studies

exploited the variation in the implementation and timing of NALs across states using difference-
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in-differences models to identify the effect of NALs on overdose outcomes. A recent systematic
review by Smart and colleagues (2021) compiled the estimates from these studies and
concluded that despite using broadly similar approaches, the evidence on the effect of NALs
from these studies is mixed. The authors of the review cited different study timeframes and

definitions of NAL variables as potential sources of variation.

To date, no effort has been made to combine existing estimates in a meta-analytic framework.
Despite the challenges in doing so given the differences in the studies identified by the authors
of the prior review, the designs of existing empirical studies examining the effect of NALs are
more similar than they are different. Many of the studies included in the prior review (and
incorporated into the current analysis) report various estimates of the effect of NALs under
different conditions. This study aims to identify comparable estimates from causal effect
estimates of the impact of NALs on fatal overdoses and summarize the effect using meta-

analysis.

2.2 Methods

Overview

A systematic literature search was conducted to identify studies that estimated the effect of
naloxone access laws (NALs) in the United States on fatal opioid overdoses. Estimates of the
effect of NALs were extracted and standardized. Comparable estimates across included studies

were analyzed using meta-analysis to estimate the effect of NALs on fatal overdoses.

Search Strategy

Searches were conducted in four databases containing peer-reviewed literature—MEDLINE,
PsycINFO, EMBASE, and EconLit—and in the SSRN elibrary to identify relevant unpublished
studies. The search was structured around three domains: 1) naloxone and associated keywords,
2) drug overdoses and associated keywords, and 3) fatal events or non-fatal incidents related to
overdoses. Search syntax is available in the Appendix. Studies at the intersection of these three
domains were considered for inclusion in the review. In addition to database searches, studies
included in a recent narrative systematic review on NALs were considered for inclusion (Smart

etal., 2021).

Eligibility Criteria
Studies published in English that examined the causal effect of one or more NALs on fatal
overdose rates in the United States were included in the meta-analysis. The setting was

restricted to the United States to capture variation in NALs across states. For inclusion in the
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meta-analysis, studies had to contain sufficient detail to identify the NALs represented by their
effect estimate(s) and had to represent the U.S. population at large rather than specific

subpopulations.t®

Data Extraction

Titles and abstracts of all non-duplicated studies identified from the systematic search were
reviewed and those that appeared to meet the criteria for inclusion were reviewed in full.
Estimates of the causal effect of NALs on fatal or non-fatal overdose rates—a regression
coefficient (B) or incidence rate ratio with a standard error—were extracted from eligible
studies. In addition to the effect estimate, details about estimation procedure (e.g., the
distribution used to represent the dependent variable in the regression), types of NAL (e.g.,
prescriber immunity and/or third party dispensing) for which effects were estimated, types of
opioids (e.g., heroin and/or prescription opioids) included in the dependent variable, study
timeframe, and the inclusion of other covariates in the model (such as indicators for the
presence of other policies correlated with the outcomes) were also extracted. The analytic
dataset comprised one row per effect estimate. Following the extraction phase, it was
determined that due to a paucity of estimates of the effect of NALs on non-fatal overdoses, only

effects on fatal overdoses would be considered in the analysis.

Data Preparation

Effect estimates were standardized to incidence rate ratios. Studies reported the effect of NALs
on overdose outcomes as either regression coefficients (f) or incidence rate ratios. Following
Smart and colleagues (2021), studies that reported effect sizes in terms of beta coefficients were
converted to incidence rate ratios using Equation 2.1:

BaseRate+ f3
BaseRate

IRR = (Eq. 2.1)

where [ represents the effect size coefficient (i.e., the effect of the NAL on the outcome)
reported in the study and BaseRate represents the level of the outcome prior to the influence
of NALs. To ensure comparability of effect estimates across studies, overdose outcomes for the
year 2010 were used to represent the base rate for all studies. Base rates for fatal overdoses
were computed from the Multiple Cause of Death Files accessed through the CDC WONDER

system (Centers for Disease Control and Prevention, 2020). To the extent possible, base rates

10 One study which focused on spillover effects of NALs was deemed to be sufficiently representative of
the full U.S. population and included despite its exclusion of Alaska and Hawaii due to their having no
neighboring states.
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were computed to match the characteristics of each effect estimate. For example, base rate
estimates were computed using the same ICD-10 codes as were used in the effect estimate’s

dependent variable.

Most studies used difference-in-differences models to estimate effects, but one study provided
effect estimates that varied by the amount of time elapsed since the enactment of the NAL using
an event study model. To derive a single post-enactment effect estimate that would be
comparable to the other studies, the event study coefficients (for one, two, and three or more
years after enactment) were averaged. To estimate the standard error around the average, the
three event study coefficients were set to normal distributions defined by the point estimate
and standard error of the coefficient. Values were drawn from these distributions and averaged
over 1,000 iterations. The empirical distribution of these distribution draws was used to
construct a 95% confidence interval around the average of event study coefficients (using the
2.5 and 97.5 percentile values), which was then converted to a standard error for use in the

meta-analysis.

The types of NALs examined varied across included studies. During the data extraction phase,
seven different NAL components were identified which were organized into three categories as
shown in Table 1. It must be noted that the taxonomy in Table 1 differs from a similar taxonomy
provided by Smart and colleagues (2021). The purpose of the taxonomy introduced in Table 1 is
to organize NALs by how they impact the process of naloxone distribution (i.e., on professional
willingness to distribute naloxone, on distribution itself, or on possession and utilization once
distributed), whereas the taxonomy defined by Smart and colleagues organizes NALs by the
individual targeted by the policy (prescribers, dispensers, or individuals receiving naloxone).
Most studies provided an estimate of the effect of having any NAL within more than one of the
three categories in Table 1, i.e., a “pooled” NAL estimator. Two studies only examined NALs that
affected distribution of naloxone, and some studies provided both pooled estimates and

estimates of the effect of individual NAL components.
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Table 1: Taxonomy of Naloxone Access Law Components

Category Included Components
Laws that protect professionals e  Prescriber immunity
e Dispenser immunity
Laws that facilitate distribution of naloxone e  Third party prescriptions (i.e.,

prescribing to someone other than the
person at risk of overdose)

e Standing order (i.e., naloxone can be
prescribed under a standing order, such
as by a state health secretary rather than
under an individual prescription)

e Direct dispensing (i.e., naloxone can be
dispensed by a pharmacist under his/her
own authority, rather than only by a
physician or other medical provider)

Laws that facilitate possession and utilization e Possession permitted without a
of distributed naloxone prescription.
e layperson immunity when administering
naloxone.

Effect estimates also varied in the types of opioids used in the dependent variable. All studies
provided effect estimates that estimated the effect of NALs on deaths due to any of the
following: heroin (ICD-10 T40.1), other opioids (T40.2), methadone (T40.3), and other synthetic
narcotics (including fentanyl; T40.4). Most studies also included deaths due to “other and
unspecified narcotics” (T40.6), one excluded it presumably because deaths assigned to T40.6
could have been caused by cocaine instead of opioids (Slavova et al., 2015). Finally, all but two
studies also included deaths due to opium (T40.0) in the definition of opioid overdose deaths.
Its exclusion in other studies is inconsequential as only two deaths were attributed to it in 2010
(Centers for Disease Control and Prevention, 2020). In addition to using a broad definition of
opioid overdose deaths (i.e., T40.0-40.4, T40.6), some studies provided estimates for narrower

categories, such as heroin or fentanyl.

Identifying Comparable Effect Estimates

To identify comparable effect estimates, some estimate-level exclusion criteria were applied.
First, effect estimates used in all meta-analyses had to represent the United States at large. As
noted previously, the inclusion of effect estimates representing the U.S. population broadly
defined was an inclusion criterion for the meta-analysis. However, some included studies
estimated effects for subpopulations (e.g., effects stratified by urban/rural status, Doleac &
Mukherjee, 2019). For the meta-analysis, only the estimates representing the full population

were used. Second, effect estimates used in the meta-analyses had to include deaths assigned
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to T40.1-T40.4 in the dependent variable. When multiple estimates were available from a given

study, the estimate representing the broadest definition of opioid overdose deaths was used.

Third, whenever there were multiple estimates available from a particular study, those based
on a broader set of control variables were favored over more parsimonious specifications.
Additionally, a study by Rees and colleagues (2019) estimated the effect of NALs using both
ordinary least squares (OLS) and Poisson regression. The OLS estimates were favored over the

Poisson estimates because OLS models were used more commonly among the other studies.

Finally, one study defined a three-level mutually exclusive definition of NALs meant to represent
increasing intensity of the law (Abouk et al., 2019). The top-level captured state-years in which
pharmacists had direct dispensing authority, the second level captured state-years in which
pharmacists had indirect dispensing authority (e.g., standing order) but not direct authority, and
the third captured state-years with any other NAL but not direct or indirect dispensing authority
for pharmacists (labeled “weak NALs”). This approach changes the interpretation of the lower
two levels of the categorical variable such that it represents the effect of a certain type of NAL
but not a different type. For example, the coefficient for “weak NALs” would not represent
outcomes in state-years with both prescriber immunity and standing orders, thus preventing
comparability to other estimates of the effects of so-called “weak NALs.” As a result, only
estimates representing the top level of the NAL taxonomy (direct dispensing authority) were

used in meta-analysis.

Using the effect estimates that met the above criteria, eight overlapping sets of effect estimates
were identified and used in separate meta-analyses. The purpose of this approach was to derive
meta-analytic estimates of the effect of NALs broadly defined and to provide estimates for
specific types of NALs in combination and in isolation. The eight sets are best described as four

sets of two:

1la) the estimate from each study that represents the broadest set of NALs (N=7
estimates)

1b) the subset of 1a that represents all three NAL categories (N=4)

2a) all estimates that include NALs in the “laws that protect professionals” category
(N=6)

2b) the subset of 2a in which the effect only represents the “laws that protect

professionals” category (N=4)
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3a) all estimates that include NALs in the “laws that facilitate distribution” category
(N=10)

3b) the subset of 3a in which the effect only represents the “laws that facilitate
distribution” category (N=8)

4a) all estimates that include NALs in the “laws that facilitate possession and utilization”
category (N=5)

4b) the subset of 4a in which the effect only represents the “laws that facilitate

possession and utilization” category (N=4)

For analyses that examined the effect of NALs of a certain type, estimates specific to that
category of NALs were preferred to pooled estimates when available from a particular study.
However, estimates representing multiple categories of NALs were used in sets 2a, 3a, and 4a if
category-specific estimates were not available from a particular study. In sets 2b, 3b, and 4b,
only category specific estimates were used. Thus, the estimates in sets 2b, 3b, and 4b are subsets

of the estimates in sets 2a, 3a, and 4a, respectively.
Analysis

Random effects meta-analysis was conducted using Stata version 16.1. Restricted maximum
likelihood (REML) was used to estimate the variance between effect estimates (t?) (Higgins &
Thompson, 2004; Langan et al., 2019), and then weights were assigned to each estimate as a
function of t* and the standard error of a particular effect estimate Qiz. As a sensitivity check,
the Paule-Mandel estimator of T2, which has been shown to produce less biased estimates than
REML under certain conditions (Panityakul et al., 2013), was used and produced nearly identical
results. For each meta-analysis, two closely related heterogeneity statistics—the proportion of
variation attributable to estimate heterogeneity (1) and the ratio of total variation to sampling
variation (H?)—were computed and Cochran’s Q test for heterogeneity was conducted (Higgins

& Thompson, 2002).1

2.3 Results

Results of Search and Study Characteristics
Seven studies were deemed eligible for inclusion in the meta-analysis out of 2,086 considered
(see Figure 1). Of the 14 studies excluded after full-text review, 11 were excluded because they

did not examine U.S. naloxone laws. Of the remaining three excluded after full text review, one

11 Cconfidence intervals around the I? statistic were computed using the heterogi package in Stata (Orsini
et al., 2005).
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was an unpublished dissertation that did not adequately define the types of NALs considered or
the types of opioids included in the dependent variable and the author could not be contacted
to provide that information (Ndrianasy, 2020). One study was entirely excluded because it
focused only on outcomes for individuals that had previously experienced opioid-related
hospitalization (Blanchard et al., 2018). The last excluded study was a working paper version of
a published study included in the review (Rees et al., 2017). Of the studies excluded after full
text review, 13 were based in the U.S. and one, based in Scotland, was an uncontrolled study
that found a reduction in overdose deaths associated with the implementation of a policy of

naloxone provision upon release from prison (Bird et al., 2016).

Figure 1: PRISMA Flow Diagram

Records identified through Records added from other sources
database search (Medline, . N
EMBASE, PsycINFO, it S5RN working papers (N=21)

Manual additions: (N=2)

(MN=2,063)
Records after duplicates removed
[N =1,378)
Records screened Records excluded
[M=1,378) ™ (MN=1,357)
Full-text articles
excluded, for reasons:
y Key details missing,
Full-text articles assessed for eligibility Cannot contact author:
— N=1
{N=21) (N=1)
Working paper version
of subsequently
published manuscript:
(MN=1}
Examines impact of
laws on narrow
Studies incleded in meta-regression population [N=1)
[(N=T} Mo examination of LS.
naloxone laws: [M=11)

All the studies used difference-in-differences to derive causal effect estimates of the effect of
NALs on fatal overdoses, and two studies also examined non-fatal overdose outcomes. Data on
fatal overdoses from all studies were sourced from the Centers for Disease Control National Vital

Statistics System. The studies are described in greater detail in Table 2
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Table 2: Characteristics of Included Studies

Study Time ICD-10 Codes | NALs Considered NAL Categories as | Time Geographic | Estimation | Unique features
Period | for defined in Table 1 | unit® unit® procedure
Dependent
Variable
Abouk et al., | 2005- T40.1-T40.4, | e Direct pharmacist e Facilitate Month | State OoLS NALs defined in
2019 2016 T40.6 dispensing authority distribution mutually exclusive
. . categorical indicator;
. Ir?dlrect.pharmac@ event study model.
dispensing authority
e Weak NAL (all others)
Atkins et al., | 1999- T40.1-T40.4, | e Immunity for prescribers | e All three Year State Poisson
2019 2016 T40.6 . categories
o Immunity for laypersons (pooled)
o Third party prescribing or
standing orders
Cataife et al., | 1999- | T40.0-T40.4, |e Immunity for e Protect Year State oLS Mahalanobis Distance
2020 2014 T40.6 prescribers/dispensers professionals and Matching to refine
. - facilitate comparison; focus on
* Third party prescribing distribution regional variation
o Allow dispensing without | (pooled)
patient-specific
prescription
Doleac and 2010- | T40.0-T40.4, | e Third party prescriptions | e Facilitate Month | County OLS Focus on urban areas
Mukherjee, 2015 T40.6 . distribution (though provided all
2019°¢ * Standing orders area estimates used in

the meta-analysis)
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e Third party prescriptions

e Standing orders

Study Time ICD-10 Codes | NALs Considered NAL Categories as | Time Geographic | Estimation | Unique features
Period | for defined in Table 1 | unit® unit® procedure
Dependent
Variable
Erfanian et 1999- | T40.0-T40.4, | e Immunity for prescribers | @ All three Year State OLS Focus on indirect
al., 2019 2016 T40.6 Third Lo categories effect on neighboring
® Third party prescriptions (pooled and states; excluded Alaska
o Allow dispensing without separate) and Hawaii
patient-specific
prescription
o Immunity for laypersons
for administration
o Immunity for laypersons
for possession
McClellan et | 2000- | T40.0-T40.4, | e Third party prescriptions | e All three Year State Negative Unlike other studies,
al., 2018 2014 T40.6 . categories binomial estimated NAL-specific
e Standing orders
(pooled and models separately,
o Immunity for laypersons separate) rather than
for possession simultaneously
o Immunity for prescribers
o Immunity for Dispensers
Rees et al., 1999- | T40.0-T40.4, | e Immunity for laypersons o All three Year State OLs; OLS regression used
2019 2014 T40.6 for possession categories Poisson log-transformed
. . (pooled and dependent variable
e Immunity for prescribers
separate)

3All estimates included time fixed effects.

PAll estimates included geographic fixed effects except McClellan et al, which included state random effects.
°Note: This is an earlier unpublished version of the Journal of Law and Economics paper by the same authors cited elsewhere in this thesis. The published version was unavailable
at the time the review was completed.
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The studies covered different time periods, with the beginning of study periods ranging from 1999 to 2010
while all analysis periods ended between 2014 and 2016. As noted, most studies included all relevant ICD-
10 codes (T40.0-T40.4, T40.6) in their definition of opioid overdose deaths. Four of the seven studies
examined all three categories defined in the taxonomy in Table 1, and three studies provided both pooled
NAL estimates and estimates of effect for specific NAL components. Most states computed outcomes on
an annual basis, but two examined monthly outcomes, and all but one study examined outcomes at the
state-level while the remaining study examined county-level outcomes. OLS was the most common
estimator, while two studies used Poisson regression (one of those in addition to OLS) and one used
negative binomial regression. Finally, the last column of Table 2 highlights unique features of the studies

not represented by the other columns in the table.

Broad Estimates of Effect of NALs

Figure 2 presents a meta-analysis of the broadest estimate from each study of the effect of NALs on fatal
overdose. The overall estimate favors NALs compared to the absence of NALs (IRR: 0.91) but the estimate
is not statistically significant (95% Cl: 0.77—1.04). The results from the meta-analysis indicate that there
is considerable heterogeneity between studies (I = 86.33%, 95% Cl: 65.23% - 91.22%).

Figure 2: Meta-analysis of Broadest Effect Est