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ABSTRACT

We study the effect of drug decriminalization on overdose mortality using Oregon's Measure 110
and Washington's Blake decision. Synthetic-control estimates show that both decriminalization
regimes sharply reduced drug arrests and were followed by sustained increases in overdose
mortality relative to matched counterfactuals. The estimates imply approximately 1,186 excess
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fentanyl supply shocks. A fentanyl-share control may partly capture enforcement-driven declines in
non-fentanyl NFLIS reports, while alternative fentanyl measures leave positive overdose effects.
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1 Introduction

The overdose epidemic has been one of the most devastating public health crises in recent history. The
United States saw more than 100,000 overdose deaths in each year from 2021-2024. Unintentional overdose
mortality is the leading cause of external mortality (Center for Disease Control and Prevention, National
Center for Health Statisticd, 2022) surpassing transportation accidents (~ 47,000) and firearm-related deaths
(~ 46,000).

While the social costs of drug addiction are vast, the criminalization of drug use imposes burdens,
including reduced employment opportunities for individuals with criminal records, lower lifetime earnings,
and deterrence from seeking emergency care during overdose events (Agan and Starr, 2018} Holzer et al., 2006,
Byles et al.l [2024). Decriminalization may mitigate these harms, but the net benefit depends on whether
decriminalization can reduce (or at least not increase) drug abuse. If decriminalization increases access
and use of treatment and safer use of illicit substances, it could have benefits through reducing overdoses
and the consequences of contact with the criminal justice system. However, it also could increase use and
abuse by reducing stigma and perhaps the costs associated with illicit drug consumption. In this paper,
we estimate the impact of decriminalizing drug possession on a crucial outcome in the ongoing debate over
decriminalization: drug-related overdose mortality.

We study the impact of decriminalization on the fatal overdose rate in the context of Oregon’s Measure
110 and Washington’s Blake Fix. Enacted in February 2021, Measure 110 was a voter ballot initiative that
became a harm reduction policy primarily intended to reduce racial inequities within the incarceration system
via decriminalizing the possession of small amounts of drugs (Anthony Johnson et al.;|2019). In particular,
Measure 110 reduced the penalty for small amounts of drug possession from a Class A misdemeanor to
a Class E violation carrying a fine of $100. Similarly, Washington also experimented with a similar drug
decriminalization law beginning in March 2021, motivated by a court decision.

Our main empirical specification uses the synthetic control method. Synthetic control is a reasonable
approach in this context because of its ability to create a counterfactual in case studies with a single treated
unit, and also because of the design’s transparency (Abadie et al., 2010)). |Joshi et al| (2023)) and |Spencer

(2023) both provide early estimates of the causal impact via synthetic control models. However, despite



using seemingly identical approaches and asking the same question, they vary in their conclusions, with
one suggesting a statistically insignificant effect and the other finding a significant increase. |Zoorob et al.
(2024) use a matrix-completion approach with controls for fentanyl’s arrival to estimate the causal impact
of Measure 110 on longer-term overdose-related mortality through 2022 and find little evidence of long-run
effects. In our paper, we expand on these studies to estimate the longer-run effects of Measure 110 by
extending the analysis through 2023 and revisiting the central question of whether we should directly control
for fentanyl’s geographic spread in our modeling choices.

We begin by extending the methodologies of |Joshi et al.| (2023) and document that the implementation of
Measure 110 led to an increase of approximately 0.806 per 100,000 overdose-related deaths per month. This
corresponds to approximately 1,186 additional deaths from 2021 to 2023—an increase of 38 percent relative
to the baseline mean. We also consider whether the primary driver of the observed mortality increase was a
rise in fentanyl supply. We interpret these estimates as reduced-form effects of the decriminalization policy
environment, including the legal change, enforcement responses, and implementation choices, rather than
as direct evidence on a single behavioral mechanism. The analysis therefore speaks to the net mortality
consequences of the policy regime, while mechanism-specific channels require additional evidence.

We conduct several robustness tests to ensure that the estimated effects are not driven by either unob-
servable factors or design choices in synthetic control estimation. We show results from various extensions
of synthetic control, including augmented synthetic control (Ben-Michael et al.| [2021)), generalized synthetic
control (Xu, 2017)), and synthetic difference-in-differences (Arkhangelsky et al., |2021). Results from these
alternative specifications are in line with our main results. We also show results from an exercise where we
switch the weights of |Spencer| (2023)) and |Joshi et al.| (2023) while using their respective definitions. While
this results in poor pre-treatment matches, the conclusion of an increase in overdose-related mortality re-
mains. To test whether particular donor units are driving our results, we perform a remove-one robustness
check.

Our study also builds on |Zoorob et al.| (2024)), whose methodology differs from [Spencer| (2023)) and |Joshi
et al] (2023) principally by explicitly attempting to control for fentanyl’s market saturation through a proxy:

the fraction of NFLIS drug reports involving fentanyl. They find there is no increase in overdoses after



controlling for fentanyl’s arrival. We replicate and explore the sensitivity of this approach to a variety of
measures of fentanyl saturation. While we can replicate their key findings, we also find their measure is driven
by the drop in non-fentanyl NFLIS reports, rather than the increase in fentanyl reports. We also explore other
potential proxies, finding evidence that other reasonable measures of fentanyl supply suggest region-specific
supply shocks do not mitigate the estimated increases in overdoses due to drug decriminalization.

We also consider additional controls and strategies to deal with region-specific trends related to fentanyl
supply, which may be a confounder with drug decriminalization. For instance, during COVID-19, there may
have been region-specific differences in enforcement creating potential structural breaks in the donor pool:
states that served as good counterfactuals for Oregon before 2020 may no longer be valid comparisons post-
pandemic. To address this, we implement a sensitivity check by restricting the synthetic control match to
data through February 2020, allowing us to isolate pre-pandemic trends and test whether the estimated effects
are confounded by state-specific COVID-19 impacts on substance use. To assess the possibility of regional
fentanyl shocks, we construct placebo synthetic control estimates for California, Nevada, and Idaho. We
evaluate the robustness of our findings across various definitions of overdose mortality. This includes opioid-
related, non-opioid, and non-synthetic deaths to assess whether Measure 110 disproportionately influenced
synthetic opioid outcomes or affected drug use more broadly.

This paper contributes to two areas of research. First, it adds to the literature on opioid abatement
strategies. Most states have focused on doctor shopping restrictions, targeting pill mills (Soliman, [2025)),
and prescription drug monitoring programs (Maclean et al.,|2020). In contrast, decriminalization is intended
to be a part of a broader harm reduction framework, alongside interventions like syringe exchange programs
(SEPs) and expanded access to naloxone. Harm reduction programs can have benefits but also unintended
consequences. For example, |Packham)| (2022) finds that while SEPs effectively reduce the spread of HIV and
HCV, they may unintentionally increase overdose mortality. Compared to these strategies, decriminalization
has received relatively little causal analysis, particularly outside the context of Oregon’s Measure 110, due
to limited quasi-experimental opportunities. The primary evidence to date comes from Portugal’s 2001
decriminalization, where [Félix et al.| (2017 estimate a significant reduction in drug-related deaths following

the policy change. Beyond its policy relevance, empirical analysis of decriminalization also tests classical



economic theory. Our results speak to the Economic Theory of Illegal Goods proposed by Becker et al.| (2004]).

[Becker et al| (2004) argue that public expenditure on apprehension of suppliers of illegal goods, such as

narcotics traffickers, depends on the social value of consuming that illegal good. Under plausible estimates of
demand elasticity, they show that criminal penalties for drug use may be welfare-reducing. We contribute to
this theoretical framework by examining one critical welfare-relevant outcome of decriminalization: overdose
mortality.

We also contribute to ongoing efforts to replicate and verify published results in scientific research (Hillary,

and Med

2020, |Camerer et al., [2016| (Chang and Li, 2015). Importantly, we show that while

gha),

(2023) and |Joshi et al| (2023)) arrived at different conclusions based on one year of follow-up, extending the

post-period through 2023 yields consistently positive overdose gaps across their main outcome and timing
choices. In Appendix [A] we fully document the researcher choices that led to different conclusions, replicate
prior work estimating the overdose mortality effects of Measure 110, synthesize the methodological differences,
and provide our estimates transparently. In using the synthetic control method, we ensure reproducibility

by making the donor weights used to construct our counterfactual explicit and matching on outcome only,

following [Ferman et al.| (2020). We document this approach in both the paper and our replication package.

In doing so, we underscore how synthetic control models can help align empirical research with the broader
goals of transparency and replicability in applied economics, but also highlight the fragility of studies with
limited time horizons and results that are only marginally statistically significant.

The remainder of the paper is structured as follows. Section [2] provides context on Measure 110 and
Washington’s “Blake Fix” decision. Section reviews prior literature estimating the impact of Measure
110 on overdose mortality, as well as other evaluations of the policy’s broader effects. Section |3| introduces

our data and methods. Section EI contains our main results. Section El concludesE

1AppendixE|contains a full replication and reconciliation exercise of [Spencer| (2023)) and [Joshi et al.| (2023), and additional
results.




2 Background

2.1 Oregon’s Measure 110

Oregon voters passed Ballot Measure 110 on November 3, 2020E| The measure received 58.46 percent
of the vote, exceeding the majority threshold by 8.46 percentage points, and was enacted on February 1,
2021. The primary component of the policy was the decriminalization of possession of specified controlled
substances at personal-use amounts. The bill adjusts drug possession violations depending on the categorized
amount of drugs an individual is found in possession of. Individuals found with “user amounts” of drugs
are subject to a Class E violation as opposed to a Class A misdemeanor (Anthony Johnson et al., 2019)E|
This particular Class E violation entails a $100 fine which can be waived if the individual calls a helpline
that provides information on treatment services. Individuals possessing more than the “user” threshold are
subject to a Class A misdemeanor rather than a Class B or C felonyﬁ

The bill’s goal was to shift legal attitudes surrounding addiction (Oregon Health Justice Recovery Al-
liance, [2021). Supporters of the bill, including the Drug Policy Alliance and Chan Zuckerberg Initiative
advocated that substance use disorders (SUDs) should be treated as a disease rather than as a crime, thus
an individual with a SUD should receive treatment rather than incarceration. This would alleviate concerns
about capacity constraints in jails. Black people who use drugs (PWUD) are also more likely to be incar-
cerated for drug possession, and Measure 110 would reduce racial inequities within the Oregon incarceration
system.

Critics of the bill included law enforcement and legislative opposition (Vote No on Measure 110} 2020)).
Oregon was already progressive regarding drug decriminalization; those found in possession of drugs were
already given opportunities to seek treatment through the legal system via drug courts, for instance. Another
concern was that the increase in treatment funding was overstated. Treatment providers were already at
capacity and providing more beds required immediate funding that was not provisioned in the billE|

Due to the limited time frame in which the full decriminalization policy was active, little published

2Measure 110 is also known as the Drug Addiction and Recovery Act.

3A Class A misdemeanor is punishable by up to 364 days of imprisonment and up to $6,250 in fines. https://oregon.
public.law/statutes/ors_161.635

4Consequences of a Class B (C) felony are up to 10 (5) years imprisonment and a $250,000 ($125,000) fine.

5The bill does include provisions for funding treatment services, but the process of funding health providers would not begin
until more than a year after Measure 110’s enactment.


https://oregon.public.law/statutes/ors_161.635
https://oregon.public.law/statutes/ors_161.635

research has been Conductedﬂ Davis et al. (2023 find a statistically significant decrease in drug possession

arrests following the enactment of Measure 110. They also find a significant increase in “displaced” arrests,

providing evidence of a substitution pattern among law enforcement agents. [Smiley-McDonald et al.| (2023)

find evidence of asymmetric information among law enforcement agents and the public regarding the entirety
of Measure 110 provisions. Law enforcement officers (LEOs) were unaware of treatment funding provided by

Measure 110. LEOs were also hesitant to interact with PWUD after M110’s enactment due to perceptions

that the policy lacks teeth (Henderson et al., [2023). The decreased interaction with law enforcement agents

may be the reason for the limited use of the statewide referral hotline (Russoniello et al.,2023). Those found

in possession of user amounts of drugs were given a $100 fine or the option to call the statewide telephone

hotline to have the fine removed and be referred to treatment services (Russoniello et al., [2023)). By the end

of 2023, only 577 people had called into the hotline 2023).

After just three years since the enactment of the bill, Governor Tina Kotek signed House Bill 4002,

repealing much of the progress made in the way of decriminalization (Representative Jason Kropf and|

Senator Kate Liebei], 2024). Advocates of recriminalization cite increasing overdose rates in the state of
Oregon; the state itself declared an emergency in June of 2024 to address the fentanyl crisis in Portland

B. C. News, [2024). On September 1, 2024, the repeal became effective, making the possession of drugs a

misdemeanor offense.

2.2 Washington’s “Blake Fix”

On February 25, 2021, 24 days after Oregon’s decriminalization went into effect, the Washington Supreme
Court found the state’s possession of a controlled substance statute unconstitutional[’] In the case of State
v. Blake, the court ruled that “convictions for Possession of Controlled Substance aka Violation of Uniform

Controlled Substances Act (VUCSA), were not lawful,” and made it possible for those convicted under

the invalid statute to vacate those convictions (State of Washington| 2021). This ruling decriminalized the

possession of controlled substances until SB5476 (“Blake Fix”) took effect. Washington lawmakers enacted

6We acknowledge there is active and ongoing as-yet-unpublished research, particularly that of researchers who attended
Comagine Health’s Measure 110 Research Symposium in January of 2024.

TWashington’s controlled substance statute did not require prosecution to prove that the defendant was aware they possessed
such a substance.



SB5476 on May 13, 2021, with an effective date of July 25, 2021; the law recriminalized possession but

lowered sentencing guidelines for simple possession (Mankay, 2021)E|

2.3 Literature Review

As mentioned before, |Spencer| (2023)) and [Joshi et al.| (2023)) study the effect of drug decriminalization on
overdoses. These two prior studies reached different conclusions about the one-year impacts of decriminal-
ization. We show in Appendix [A]and Appendix Tables[T]and [2] that these differences are primarily explained
by small differences in outcome definitions and sample window. However, as shown in Appendix Table 3] the
estimated ATTs are not statistically different from one another, suggesting that limited post-period power
may also explain these differences. This motivates our central question: what are the longer-term impacts
of drug decriminalization on overdoses in Oregon and Washington?

Zoorob et al.| (2024) extend the time period analyzed in |Spencer| (2023) and Joshi et al.| (2023)), focusing
on the second-year update of Measure 110, although their methodology differs slightly from these earlier
studies. They aggregate their panel data into half-year periods rather than monthly, and they use a longer
pre-treatment window starting in January 2008. In addition, they adopt a matrix completion approach to
synthetic control. Initially, they find a statistically significant half-year increase in drug mortality of 1.83
per 100,000 (equivalent to a monthly increase of 0.3 per 100,000). However, in their preferred specification—
which controls for fentanyl supply as measured by the percentage of all NFLIS drug reports involving
fentanyl—they find no association between Measure 110 and drug mortality. Using a structural break test,
Zoorob et al.[(2024) find evidence that a fentanyl regime shift arrived in Oregon at the same time as Measure
110, which they interpret as evidence for why Measure 110 is not associated with an increase in drug mortality.

Our interpretation of fentanyl measures depends on their timing. Pre-treatment fentanyl exposure can
improve the comparability of Oregon and Washington to donor states, and we therefore view pre-treatment
fentanyl measures as candidate predictors or donor-pool restrictions. By contrast, post-treatment fentanyl
report-based measures are potentially affected by the policy through changes in enforcement, submissions,

and testing. We therefore do not treat post-treatment report shares as clean confounder controls in our

8Simple possession is similar to personal use as defined by the Oregon law. SB5476 was effective until mid-2023. In May of
2023, WA Governor Jay Inslee signed SB5536, a bill that increased sentencing on simple possession.



preferred specification. Instead, we report specifications using alternative fentanyl measures as sensitivity
analyses that ask whether the estimated overdose gap is robust to different ways of proxying for regional
fentanyl exposure.

We raise two methodological concerns with the approach taken by |Zoorob et al.| (2024). In their preferred
specification, the authors explicitly control for changes in the supply of illicitly manufactured fentanyl. If
the saturation of fentanyl in the drug market coincided with the passage of Measure 110, synthetic control
estimates could be biased upward unless the donor pool units used to construct the synthetic Oregon also
experienced similar supply-side shocks. To address this, the authors use the ratio of fentanyl-related reports
to the total number of drug reports in Oregon to control for fentanyl availability.

One concern relates to the assumption underlying the inclusion of this control; the other pertains to the
specific measurement strategy used. First, the authors implicitly assume that Measure 110 had no effect
on the fentanyl supply chain itself. We find this assumption limiting. Consider a rational agent engaged in
illicit fentanyl trafficking, as modeled in Becker’s (1968) economic theory of crime (Becker, |1968). If drug
traffickers and retailer sellers weigh the costs of apprehension and conviction, decriminalization may reduce
their perceived risk and lead to increased offending. In other words, if drug-related arrests fell post-Measure
110 then the assumption that fentanyl supply remained unaffected by the policy change is questionable. This
raises concerns about controlling for fentanyl supply if decriminalization also changes fentanyl supply.

Second, their preferred control, the ratio of fentanyl reports to all drug reports, may be a poor proxy for
fentanyl supply. Aside from documented concerns about the accuracy of NFLIS data compared to actual
illicit supply (Pitts et all 2023, this ratio can vary either because of changes in fentanyl prevalence or
because of reporting patterns for drugs. If this ratio changes due to changes in the reporting patterns of
other drugs, which is directly induced by decriminalization, then this ratio may be a bad control (Caetano
et all, [2024). If the goal is to capture a structural shift in fentanyl availability, then more direct measures,
less affected by the broader seizure landscape, would be preferable.

A separate empirical concern involves the decision to use half-year data and to extend the pre-treatment
window back to 2008. The authors aim to address potential temporal confounding between Measure 110

and the transition from the heroin wave to the fentanyl wave of the opioid epidemic. However, by extending



the pre-period to 2008, they allow the synthetic control to span across multiple regime shifts, most notably
the period when overdose deaths shifted from being driven by prescription opioids to heroin following the
reformulation of OxyContin (Evans et al., 2018, |Ciccarone) 2019). Prior research suggests that these transi-
tions occurred idiosyncratically across states (Ciccarone, 2019} [Shover et al.l 2020, West et al., 2021)), raising
concerns about the plausibility of achieving valid synthetic matches, not just for the fentanyl era but for

each of the preceding waves as well.

3 Data and Methods

3.1 Data

For our primary analyses, we use restricted-use records from the National Center for Health Statistics
Multiple Cause of Death files. Our primary outcome is monthly state-level drug overdose mortality, defined
using ICD-10 underlying cause-of-death codes X40-X44, X60-X64, X85, and Y107Y14E| This all-overdose
definition captures fatal drug poisonings regardless of intent and reduces sensitivity to differences in how
medical examiners and coroners classify intent. [Spencer| (2023) instead focuses on unintentional drug overdose
mortality, which corresponds to codes X40-X44. Appendix Figures [1| and [2| compare the all-overdose and
unintentional-overdose definitions nationally and for Oregon and Washington, respectively.

We use drug report data from the National Forensic Laboratory Information System (NFLIS-Drug) to
measure changes in the composition of drugs submitted to and analyzed by forensic laboratories. NFLIS-
Drug collects information from federal, state, and local forensic laboratories on drug items seized by law
enforcement, submitted for laboratory analysis, analyzed, and reported to NFLIS (Pitts et al [2023). We
aggregate reports to the state-by-half-year level and construct four measures of fentanyl market saturation:
fentanyl and fentanyl-related reports per 100,000 population, non-fentanyl reports per 100,000 population,
fentanyl and fentanyl-related reports as a share of all NFLIS drug reports, and fentanyl and fentanyl-related

reports as a share of opioid-related reportSE

9Following standard CDC/NCHS definitions, we classify drug overdose deaths using underlying cause-of-death codes X40-X44
for unintentional drug poisoning, X60-X64 for intentional self-harm by drug poisoning, X85 for assault by drug poisoning, and
Y10-Y14 for drug poisoning of undetermined intent. Multiple-cause-of-death codes T36-T50 identify poisoning by drugs,
medicaments, and biological substances and allow us to characterize the drugs involved in overdose deaths. For example,
opioid-involved deaths can be identified using T40 codes among deaths with an overdose underlying cause.

10We use fentanyl as shorthand for fentanyl and fentanyl-related drugs as categorized by NFLIS. Opioid-related reports are

10



A central concern in using NFLIS measures as conditioning variables is that they are generated by both
drug markets and enforcement behavior. Changes in NFLIS reports may reflect changes in the underlying
drug supply, but they may also reflect changes in arrests, case submission, laboratory testing, or reporting.
This matters for share-based measures of fentanyl saturation. For example, fentanyl’s share of all drug
reports can increase because fentanyl reports increase, but it can also increase because non-fentanyl reports
fall. If decriminalization reduces low-level drug enforcement, then the denominator of the fentanyl-share
measure may fall mechanically. In that case, conditioning on fentanyl’s share of all reports could overstate
the relevant fentanyl shock and absorb part of the policy-induced change in enforcement.

To examine this enforcement channel directly, we use drug arrest data from the FBI Uniform Crime
Reporting program. We restrict the sample to agencies that report in all 12 months of each year over
the seven-year analysis window, aggregate arrests to the state-month level, and construct reported arrest
rates per 100,000 residents covered by the balanced agency panel. We use these data to document whether
reported drug arrests changed sharply after decriminalization in Oregon and Washington. We also use the
arrest data to interpret the NFLIS measures: if reported drug arrests fall after decriminalization, then
declines in non-fentanyl NFLIS reports are consistent with reduced enforcement and submission for the drug
offenses captured by the arrest measure, rather than necessarily reflecting a decline in non-fentanyl drug
availability. We therefore use NFLIS measures both diagnostically and as sensitivity controls, while our

preferred specification does not condition on them.

3.2 Methods

Our primary approach in this paper is based on synthetic control. For each donor state (j € {2,..., J}),
we find a donor weight w; which minimizes the pre-treatment (t € {1,...,777¢}) differences in the outcome
Y;, between the treatment state (j=1) and synthetic control group which is a weighted combination of all

donor states. Mathematically, we find w; that solves the following optimization problem.

defined as fentanyl and fentanyl-related compounds, narcotic analgesics, and literal heroin reports identified in NFLIS.

11



t=1 j=2
J
j=2
wj >0 Vj

Once we solve for w;, we use these donor weights to construct a synthetic counterfactual during the
post-treatment period, which we assume to be the outcome of interest in the treatment states had neither
Measure 110 nor The Blake Fix been enacted. The average post-treatment difference between the actual
treatment state and the synthetic counterfactual is the causal effect of the policy.

When we include additional covariates, such as fentanyl measures, they enter the synthetic control proce-
dure as additional predictors used to select the donor weights, as is standard in synthetic control applications
(Abadie et al.| 2010, |Abadie, [2021). That is, the outcome is not residualized using these variables and the
post-treatment estimates are not regression-adjusted for them. Instead, the covariates affect the composition
of the synthetic comparison unit by improving balance on specified pre-treatment characteristics.

We conduct inference using permutation-based p-values. For each donor state j € {2,...,J}, we assign
treatment to that donor state and re-estimate the synthetic control using the same procedure as for the
treated state. We then calculate the ratio of post-treatment to pre-treatment mean squared prediction error
(MSPE), where MSPE is the average squared difference between the observed outcome and its synthetic
counterfactual. A larger post/pre MSPE ratio indicates a larger post-treatment gap relative to pre-treatment
fit. We rank the treated state’s ratio among the corresponding placebo ratios and report the share of placebo
ratios that are at least as large as the treated-state ratio as the permutation p-value. We include all donor-
state placebos in this ranking rather than excluding placebo units on the basis of pre-treatment ﬁtE

In addition to a traditional synthetic control model, we also explore sensitivity to modern synthetic

control estimators, including augmented synthetic control (Ben-Michael et al.l [2021)), synthetic difference-

1 For instance, if Oregon’s MSPE ratio is the largest among 50 treated and placebo units, the permutation p-value is
1/50 = 0.02.

12



in-differences (Arkhangelsky et al., 2021)), generalized synthetic control methods (Xu, [2017)), and synthetic
control using multiple outcomes (Tian et al., 2026]). Finally, we also estimate the matrix completion synthetic
control estimator, which is the main estimator used in (Zoorob et al., |2024). Matrix completion imputes
a low-rank approximation of the outcome matrix using untreated states (Athey et al. |2021). While the
matrix completion method and traditional synthetic control both aim to estimate missing counterfactuals,
one key difference is the constraints imposed on the weights. Synthetic control constructs counterfactuals
as a convex combination of donor units, whereas matrix completion imposes no such constraint on weights,
allowing for a more flexible factor structure. In addition, traditional synthetic control incorporates covariates
(e.g., fentanyl) through matching to generate weights, whereas the matrix completion method assumes that

covariates are entered linearly.

4 Results

4.1 Main Results

In Figure [1} we present trends for Washington and Oregon and their synthetic counterparts for drug
possession arrests. Both Oregon and Washington show a decline in arrests in 2020, which is consistent with
other broad decreases in law enforcement during the COVID-19 pandemic. Then, abruptly in 2021, drug
arrests drop in both states (ATT=-11.86 for Oregon and ATT=-6.42 for Washington). Permutation-based
tests suggest these estimated changes are significant at the 5 percent level. Most importantly, it suggests that
although Washington only decriminalized drug possession for 5 months on paper, in reality drug possession
was effectively decriminalized throughout the end of 2023. For both states, the estimated differences are
significant at the lowest feasible level, suggesting that Oregon and Washington had the largest deviation
from any potential placebo states after adjusting for model fit in the pre-period.

We present trends in overdoses in Oregon and Washington and their synthetic counterparts in Figure
As the models match on the outcome variable, the synthetic counterparts match the trend and levels
for total overdoses. Beginning in 2021, and then widening more in 2022 and 2023, overdoses depart from

the synthetic control counterparts following decriminalization. The first 2 columns of Appendix Table

120ur estimated weights assigned to each donor state can be found in Appendix Figure

13



outline the point estimates of the ATTs by year. The estimated mortality gap grows over the post-treatment
period rather than being driven solely by the first post-policy months, with larger annualized effects in 2022
and 2023 than in 2021. Across nearly three years following drug decriminalization, monthly mortality rates
increased by 0.806 per 100,000 in Oregon (p-value = 0.02) and 0.732 per 100,000 in Washington (p-value =
0.02). For Oregon, this number corresponds to approximately a 38 percent increase relative to the baseline
mean, and an additional 1,186 deaths over the 35-month post-treatment period. These estimated 1,186
excess deaths represent approximately 29.0 percent of the 4,096 overdose deaths observed between February
2021 and December 2023. For Washington, this number corresponds to approximately a 30 percent increase
relative to the baseline mean, and an additional 1,895 deaths over the 34-month post-treatment period. These
estimated 1,895 excess deaths represent approximately 23.8 percent of the 7,962 overdose deaths observed

between March 2021 and December 2023.

4.2 Robustness

We conduct several robustness tests to explore the sensitivity of the estimated impacts of drug decrimi-
nalization (Ferman et al., |2020).

First, we experiment with other extensions of the synthetic control model. In columns (1) to (5) of
Appendix Table we find that our estimates continue to show a significant increase in drug overdose
rate when we use augmented synthetic control (Ben-Michael et al.| |2021)), synthetic difference-in-differences
(Arkhangelsky et al., |2021)), generalized synthetic control methods (Xul [2017)), matrix completion synthetic
control (Zoorob et al.l 2024]), and synthetic control using multiple outcomes (Tian et al.l 2026]). In column
(6), we find that our point estimates are qualitatively similar when we use a two-way fixed-effects difference-
in-differences estimator. However, our estimates are more imprecise and have larger p-values.

Next, in Appendix Figure 4l we experiment with excluding one donor state at a time. We find that
no particular control states are driving our increase in drug overdose rate. Our results from this exercise
suggest that the drug overdose rate increased by at least 0.77 per 100,000 in Oregon and 0.71 per 100,000
in Washington.

In Appendix Table [6] we experiment with matching our Synthetic Control only up to February 2020,

14



allowing for our donor pool to be based on the pre-pandemic trend of drug-related fatalities. The main idea
of this exercise is to ensure that our choice of the donor pool and, consequently, our results are not driven
by state-specific dynamic effects of COVID-19 on substance use. Our findings remain qualitatively similar,
suggesting that the COVID-19 pandemic’s unique effects on drug use nationwide are not adding bias.

In Appendix Table [7] we estimate placebo synthetic control for California, Nevada, and Idaho. This
addresses concerns that decriminalization coincided spuriously with the arrival of fentanyl from the East
Coast to the West Coast. We find little evidence that drug overdose rates increased in these nearby states,
suggesting that the coincidental arrival of fentanyl in Oregon does not drive our estimates. In addition, along
the same lines, we experiment with three alternative tests to ensure fentanyl is not driving our results. First,
we estimate a two-way fixed effects model using only these three states as our counterfactual. While inference
is more challenging due to the small cluster problem, our estimated treatment effects suggest increases of
0.77 to 0.79 in Oregon and 0.76 to 0.78 in Washington, which are qualitatively similar to those in our main
specification.

In the next subsection, we explore the timing of fentanyl’s arrival in the West more fully.

4.3 Fentanyl’s Geographic Spread and Decriminalization

Fentanyl substantially changed the geography of the overdose epidemic in the mid-2010s (Moore et al.,
2023). The Northeast and parts of the Midwest saw fentanyl saturate their illicit markets sooner than the
rest of the country. Its later arrival to the West poses a potential statistical concern, despite Oregon and
Washington showing abnormal deviations from their synthetic control counterparts. Indeed, Oregon and
Washington’s donor pool is comprised of states from the East including Maryland, Virginia, and North
Carolina. This could raise questions about whether these counterfactuals experienced similar trends in
unobservables we aim to capture to estimate the effect of decriminalization in an unbiased way.

In Figure [3] we present the evolution of four different measures of fentanyl supply saturation, captured
from the National Forensic Laboratory Information System (NFLIS). Panel A presents fentanyl reports
relative to all drug reports, the preferred control for |Zoorob et al. (2024). Panel B contains per capita

fentanyl reports, while Panel C contains per capita non-fentanyl reports. Panel D presents the fentanyl share
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of opioid-related reports, which may better capture the substitution between fentanyl and other opioids as
it saturates markets.

We first assess the measurement concern underlying the fentanyl share used by |Zoorob et al. (2024)).
In Appendix Table [8] we estimate a synthetic control model using alternative NFLIS drug-report measures
as outcomes. We find that NFLIS drug reports fall following decriminalization (columns 2 to 4), which is
consistent with the large decline in drug arrests documented in Figure [I} Because the denominator of the
fentanyl share measure includes all NFLIS drug reports, a decline in non-fentanyl reports will mechanically
increase fentanyl’s measured share even if fentanyl reports do not increase proportionally. This finding
suggests that conditioning on fentanyl’s share of all drug reports may introduce post-treatment bias when
decriminalization itself changes enforcement procedures and priorities, and thereby influences laboratory
submissions.

To examine the timing of fentanyl’s arrival in Oregon and Washington, we estimate single-break dates
for each NFLIS measure using sup-Wald structural break tests. This approach is closely related to the
changepoint exercise in |Zoorob et al.| (2024), but instead of relying on the at-most-one-change procedure
used in their application, we search over admissible half-year break dates and select the date with the
largest structural-break test statistic. We apply this procedure to three measures: the fentanyl share of all
drug reports, fentanyl reports per 100,000 population, and the fentanyl share of opioid-related drug reports.
Figure [3| shows the underlying time series. The resulting break dates allow us to assess whether the inferred
timing of fentanyl’s saturation is robust to alternative measures of fentanyl exposure, and whether changes
in non-fentanyl reporting may mechanically affect the share-based measure used by [Zoorob et al.| (2024).

We next perform sup-Wald and Bai-Perron tests on each univariate time series to estimate structural
breaks, assuming one exists. Figure |4/ shows results for the first set of tests, and Appendix Figure [5| provides
results for the second. For the set of sup-Wald tests, we allow a single structural break for each state by
performing a Chow test on each possible break date and identifying that with the highest F-statistic. The
Bai-Perron test allows for multiple breaks, and we provide results for both mean and trend. When we allow
for multiple breaks in the Bai-Perron testing, we concur with |Zoorob et al.[ (2024)’s estimate of a late-2020

break for both Oregon and Washington. Since these breakpoints also coincide with COVID-19, a national
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shock to overdose (Friedman and Akre, [2021)), we also test for multiple structural breaks on each univariate
time series demeaned by the national mean of the same measure. This removes common national shocks
from Oregon and Washington’s state-level structure. Appendix Figure [6] shows the results for a break in
both mean and trend.

In Table |1} we assess the robustness of key modeling choices made by |Zoorob et al.| (2024)): the use of
fentanyl saturation control and the extension of the analysis period to include one additional post-treatment
yearﬁ To make estimates comparable across different estimation windows and temporal aggregations, we
annualize the estimated ATTs on mortality rates. To evaluate the robustness of the fentanyl control, we
compare models without any fentanyl control to four specifications: one using the original control employed
by the authors (i.e., the share of fentanyl reports relative to all drug reports, denoted as “Share”), a second
using fentanyl reports per capita, a third using the share of fentanyl reports relative to all opioid-related
reports, and a fourth restricting the donor pool to states hit by fentanyl later, as measured by [Zoorob et al.
(2024). We note that |[Spencer| (2023)) and |Joshi et al.| (2023) restricted their analysis to a period that was
later in the fentanyl wave, and consequently, the states receiving positive weights picked by either of their
models actually have similar estimated structural break dates based on the structural break tests in Figure
2]

We include the per-capita measure as an alternative proxy for fentanyl supply because it captures abso-
lute fentanyl exposure normalized by population while avoiding the endogenous all-drug-report denominator.
This measure is also close to the approach used in prior work on the geographic spread of fentanyl, which
measures fentanyl exposure using the log of per-capita fentanyl reports (Zoorob, 2019). The primary jus-
tification for using the per-capita measure, rather than raw counts, is that it reduces mechanical variation
in NFLIS reports attributable to state population size (Zibbell et al., [2023]). However, while our per-capita
measure is potentially influenced by changes in police behavior, we argue that such behavioral changes are
themselves a consequence of Measure 110. For this reason, our preferred specification omits any control
variables due to changing behavior of those associated with the criminal justice system. Furthermore, if

Zoorob et al.| (2024)’s intent in controlling fentanyl supply was to isolate shifts in law enforcement activity,

131n Appendix Table El, we explore the robustness of beginning the sample window to 2014, when the fentanyl crisis started
to pick up.
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then any regime change, as previously discussed, would itself induce endogenous changes in police behavior,
as enforcement efforts are likely to focus on drugs most associated with overdose mortality. Indeed, in-depth
qualitative interviews found police de-prioritized enforcement activities around most drugs, but continued
to focus on investigations and supply interdiction related to fentanyl. Although these often did not result
in low-level arrests, the heightened enforcement efforts around fentanyl did result in seizures of drugs that
were later tested in state labs (hence appearing as reports in NFLIS) (Henderson et al. [2023).

In Panel T columns (1) and (2) of Table [I} we reproduce the patterns reported in Figure 3 of |Zoorob
et all (2024)@ Without a fentanyl control, the estimated effect of Measure 110 is positive and statisti-
cally significant (column 1). When we include [Zoorob et al.| (2024)’s preferred control, the fentanyl share
of all drug reports, the estimate becomes small and statistically insignificant (column 2). Replacing this
share-based control with fentanyl reports per capita restores a positive and statistically significant estimated
relationship (column 3). Using fentanyl’s share of opioid-related reports also produces a positive but statis-
tically insignificant estimate over the original 2008-2022 sample (column 4), suggesting that the attenuation
is sensitive to how fentanyl exposure is measured. Finally, when we restrict the donor pool to states where
fentanyl saturation occurred in 2019 or later based on the sup-Wald structural break analysis, the estimated
effect remains positive and statistically significant (column 5). Moreover, we also note that states receiving
positive weight for earlier synthetic control analyses generally are estimated to have later fentanyl saturation
dates in the structural break analysis.

Panel I, columns 6 through 10 show a similar pattern for Washington. Models using fentanyl’s share of
all drug reports or opioid-related reports attenuate the estimates and are not statistically significant at the
5 percent level. By contrast, using fentanyl reports per capita or restricting the donor pool to late-arriving
fentanyl states yields positive and statistically significant estimates, with annualized ATTs of 4.34 and 5.07
deaths per 100,000 residents, respectively.

In Panel IT of Table we extend |Zoorob et al.| (2024)’s estimation strategy by adding 2023 (one additional
year of post-treatment data). Strikingly, in columns (2) and (7), we find that even using Zoorob et al.

(2024)’s preferred control for fentanyl saturation the estimated effects are consistent: drug decriminalization

MOur estimates using the NFLIS fentanyl-share control in column (2) cannot be replicated exactly because NFLIS subse-
quently updated or backfilled some reports, leading to slight discrepancies between the measure used by |Zoorob et al.| (2024]),
which was collected before 2024, and our measure, which was collected in 2026.
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led to a statistically significant increase in drug overdose deaths, albeit the estimated magnitude is slightly
smaller. The estimated effect of decriminalization on overdoses is of similar magnitude when we control
fentanyl’s saturation using fentanyl’s share of opioid-related reports rather than not controlling for saturation
or restricting the donor pool to later-saturating candidates.

Finally, in Panel III, we explore the sensitivity of main synthetic control analyses (which are similar to
the models of [Spencer| (2023 and |Joshi et al.| (2023])), which use monthly data and a narrower pre-period
starting in 2018, and explore the sensitivity to various controls for fentanyl market saturation. Notably, we
document that the attenuation from using |Zoorob et al.| (2024)’s control disappears; across all specifications,
the estimated effects of Measure 110 on overdose mortality remain positive and statistically significant,
regardless of the fentanyl market saturation control used. Moreover, our findings are robust to whether we
restrict our donor pool to “late” fentanyl arriving states. This likely reflects that restricting the sample
period to 2018 and later omits early fentanyl arrival from consideration.

To summarize, fentanyl substantially changed the geography of the opioid epidemic. We replicate earlier
analyses and also show it saturated markets in the Northeast earlier, and then spread throughout most of
the rest of the country rapidly between 2019 and 2020. We revisit |Zoorob et al. (2024)’s conclusion that
controlling for fentanyl’s saturation substantially alters the estimated relationship between decriminalization
and overdoses. We first document that their preferred control may be flawed due to its structural relationship
with police enforcement priorities directly related to decriminalization. We then find that extending the
sample period through 2023, while adjusting for market saturation timing, has little impact on the estimated
relationship between decriminalization and overdoses. We also find adjusting for fentanyl market saturation
has little impact on the overall estimated effects of decriminalization when using a window between 2018

and 2023 and monthly overdose data, the modeling choices of |[Spencer] (2023) and [Joshi et al.| (2023]).

5 Conclusion

The overdose epidemic is among the most devastating public health crises in the United States over
the past century. In an effort to reduce overdose deaths, many policymakers are experimenting with the

balance between access to resources to reduce the harms of drug use and abuse. In February 2021, Oregon
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became the first state to implement such a policy through Measure 110. Following Oregon, in March 2021,
Washington also adopted a similar drug decriminalization law through a court order, “Blake Fix”. In this
paper, we estimate the longer-run impacts of drug decriminalization on overdose mortality. We find evidence
that drug decriminalization led to approximately 0.8 and 0.7 per 100,000 increase in drug mortality in
Oregon and Washington, respectively. In magnitude, these estimates imply 1,186 excess deaths in Oregon
and 1,895 excess deaths in Washington, accounting for approximately 29.0 percent and 23.8 percent of
observed post-policy overdose deaths, respectively. These estimates should be interpreted as reduced-form
effects of the policy regimes that followed decriminalization. Our design does not separately identify whether
mortality changed through drug use, market composition, enforcement behavior, treatment access, or other
implementation channels.

While the magnitude of the estimated effect may be striking, we acknowledge several limitations in our
empirical approach. Most notably, the pre-treatment period overlaps with the COVID-19 pandemic, meaning
that donor states that served as suitable counterfactuals for Oregon pre-pandemic may not have remained
so afterward. To address this, we exclude the COVID-19 period from our pre-treatment window and find
that the estimated effect remains positive and statistically significant, with an ATT of 0.88 to 0.89.

Additionally, concerns have been raised that the fentanyl wave of the opioid epidemic may confound
estimates of Measure 110’s impact (Zoorob et all 2024). We replicate, extend, and conduct sensitivity
analyses on the findings in|Zoorob et al.[ (2024) to assess (a) whether the saturation of the illicit drug market
with fentanyl biased estimates of the impact of Measure 110, and (b) whether their half-year specification was
robust to alternative pre-treatment periods. We find that their preferred proxy, fentanyl’s share of all drug
reports, creates a sharp increase in the share of reports related to fentanyl due to a decrease in non-fentanyl
reports. This proxy is valid only if the decrease in non-fentanyl reports reflects a real decline in non-fentanyl
drug presence rather than a post-policy change in enforcement, submissions, or testing; otherwise, the share
can mechanically overstate fentanyl saturation. As an alternative, we control for fentanyl reports per capita,
acknowledging that this measure is also influenced by enforcement intensity, and observe that the attenuation
effect found using the fentanyl share disappears. We also explore fentanyl’s share of opioid-related reports as

an alternative proxy. Beyond sensitivity to the fentanyl measure itself, we also test the robustness of these
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results to variations in the length of the pre-treatment window. Across shorter pre-treatment periods, the
estimated effect remains positive and statistically significant.

We contribute to the harm reduction and substance use disorder intervention literature by providing
credible evidence of the net mortality impacts of decriminalization policies. However, it is important to ac-
knowledge that Measure 110 included many components beyond decriminalization, including several that are
still ongoing, such as expanded funding for treatment services. We also draw attention to the so-called fen-
tanyl loophole, which was not closed until June 2023. While our findings suggest that Measure 110 increased
Oregon’s overdose mortality rate, further research is needed to identify the specific mechanisms driving this
increase. Finally, our analysis is necessarily limited to the unique context of Oregon’s implementation of
decriminalization, including its imperfections. Our results reflect the policy as it was enacted in Oregon,
rather than decriminalization in the abstract.

Any evaluation of Oregon’s outcomes must also consider parallel evidence from Washington’s Blake Fix.
Our analysis indicates that while Washington may have had a brief period of decriminalization on paper,
it actually saw a sustained decrease in enforcement, making it comparable to Oregon’s more publicized de-
criminalization. Washington also saw sustained increases in drug overdoses from 2021 through 2023. Future
research, both quantitative and qualitative, is needed to fully understand the similarities in decriminalization
(both states saw sustained declines in drug-related arrests) as well as the differences. For instance, Oregon
created new treatment pathways, funding, and a Behavioral Health Resource Network, which remains in
place to this day. This is just one important difference between the two decriminalization contexts, but it
also took years to get funding allocated to treatment providers.

Now that drugs have been recriminalized in Oregon and Washington, it can be tempting to try to estimate
new short-run analyses to measure whether recriminalization is already impacting overdoses. However, the
results counsel caution in interpreting short post-policy windows, as our main estimates suggest the net
effect of decriminalization grew substantially larger in years two and three. Moreover, recriminalization was
accompanied by drug diversion and deflection strategies which vary across local law enforcement agencies.
More research is needed to investigate and understand the complexity surrounding these new local policy

choices.
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Further research is also needed to assess the broader impacts of Measure 110 beyond overdose mortality.
As Netherland et al.| (2022)) note: “The success or failure of Measure 110 has the potential to shape drug
policy in the USA for decades to come, but ‘success’ or ‘failure’ is entirely dependent on what outcomes are
being measured, how the data are gathered, and whether the findings are understood within the broader
context of what is happening on the ground in Oregon.” A comprehensive evaluation of the policy must
therefore move beyond a narrow focus on mortality and engage with the full spectrum of ways in which

substance use intersects with health, criminal justice, and human well-being.
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6 Tables & Figures

6.1 Figures

Figure 1: UCR Estimate, Arrests
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Notes: This figure presents synthetic control estimates for drug possession arrests using the UCR data for Oregon and
Washington. Despite the recriminalization of possession in Washington, arrest rates do not revert to pre-treatment levels until
late 2023, suggesting persistent changes in enforcement behavior that may help explain the observed patterns in overdose
mortality.
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Figure 2: Oregon and Washington Overdoses vs. Synthetic Counterfactuals
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Notes: Synthetic control estimates for Oregon (panel a) and Washington (panel b) are shown. While both states present similar
pre-treatment fit (MSPE = 0.0265 for Oregon and 0.0038 for Washington), a substantial divergence between each treated state

and its synthetic control emerges after treatment and becomes pronounced in 2022-2023.
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Figure 3: Fentanyl Supply Measures in Oregon, Washington, Western States, and the Rest of the United
States

Fentanyl to All-Drug Seizures Per-Capita Fentanyl Seizures
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Notes: This figure uses state-level NFLIS drug report data aggregated to half-year periods. Observations are indexed by state
and half-year, where the first half of each calendar year includes January—June and the second half includes July—December.
The plotted series cover 2010 through 2023. The figure plots Oregon, Washington, the mean across Western comparison states,
and the mean across all remaining U.S. states. Western comparison states are Arizona, California, Colorado, Idaho, Montana,
Nevada, New Mexico, Utah, Wyoming, Alaska, and Hawaii. Panel A reports fentanyl and fentanyl-related reports as a share
of all drug reports. Panels B and C report fentanyl and non-fentanyl reports per 100,000 population, respectively. Panel D
reports fentanyl and fentanyl-related reports as a share of opioid-related reports. Opioid-related reports are defined as fentanyl
and fentanyl-related compounds, narcotic analgesics, and heroin reports identified in NFLIS. Group comparison series are
unweighted means across states within each group.
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Break Date

Figure 4: sup-Wald Single Break Tests and Synthetic-Control Donor Weights

Structural Break by Longitude: Fentanyl share of all drug reports
Oregon synthetic-control donor states
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(e) Oregon: fentanyl share of opioid-related reports

Structural Break by Longitude: Fentanyl share of all drug reports
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(b) Washington: fentanyl share of all drug reports
Structural Break by Longitude: Fentanyl reports per 100,000 residents
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(d) Washington: fentanyl reports per capita
Structural Break by Longitude: Fentanyl share of opioid-related reports
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(f) Washington: fentanyl share of opioid-related reports

Notes: This figure presents sup-Wald structural break tests for three state-level NFLIS report measures aggregated to half-year
periods. Each state label is plotted at the state’s geographic centroid longitude and estimated single break date. Blue rings identify
states receiving positive donor weight in the Oregon all-overdose synthetic-control specification, and red rings identify states receiving

positive donor weight in the Washington all-overdose synthetic-control specification.

Ring size is proportional to the donor weight.

Opioid-related reports are defined as fentanyl and fentanyl-related compounds, narcotic analgesics, and heroin reports identified in

NFLIS.
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6.2 Tables

Table 1: Exploring Sensitivity to Alternative Fentanyl Controls

Oregon Washington
(1) (2) 3) (4) (5) (6) (7) (8) (9) (10)
Panel I: Matrix Completion SC Using Half-Year Data, 2008-2022
ATT 3.661*** -0.634 4.937F** 0.532 4.997FF*F  2.682%* -2.135* 4.338%%* -1.118 5.072%**
p-value {0.000} {0.575} {0.000} {0.656} {0.002}  {0.044} {0.094} {0.000} {0.369} {0.001}

Panel II: Matrix Completion SC Using Half-Year Data, 2008-2023

ATT B.5T3MFE  4.027FFF  10.188FFF  5327FFX QUZERRE T8BETRE 3.066FFF  9.265%FFF  4307FFF  9.123%kx
p-value {0.000}  {0.000} {0.000} {0.000} {0.000}  {0.000}  {0.010}  {0.000} {0.003} {0.000}

Panel III: Traditional SC Using Monthly Data, 2018-2023

ATT 9.677** 10.376** 8.85%* 11.892%* 12.05%*  8.785%* 8.645%* 8.244%* 10.235%* 9.794**
p-value {0.02} {0.02} {0.02} {0.02} {0.038} {0.02} {0.02} {0.02} {0.02} {0.038}
Fentanyl Control None Drug share PC Opioid share None None Drug share PC Opioid share None
Donor Pool Restriction? No No No No Yes No No No No Yes

* p-value < 0.1; ** p-value < 0.05; *** p-value < 0.01
Notes: Panel I estimates Zoorob et al. (2024)’s synthetic control method, which uses half-year data from 2008 to 2022. Panel II estimates Zoorob et al. (2024)’s synthetic

control method, but with an additional year of post-treatment data. Panel III estimates our preferred synthetic control method, which uses monthly data from 2018 to 2023.
For Panels I and II, the ATT is multiplied by 2, and for Panel III, the ATT is multiplied by 12 to report an average effect over the year. In columns (2) and (7), we include a
control for the ratio of fentanyl reports to all drug reports, which is the covariate used in Zoorob et al. (2024). In columns (3) and (8), we use fentanyl reports per capita as
our covariate, and in columns (4) and (9), we use the ratio of fentanyl reports to opioid-related reports as our covariate. In columns (5) and (10), we restrict our donor pool
to states where the fentanyl crisis arrived in 2019 or later, as defined by Zoorob et al. (2024). In Panel III columns (1), (5), (6), and (10), we use the rate of drug overdose
for all pre-treatment months to find our synthetic weights. In Panel III columns (2) to (4) and (7) to (9), we use half-year pre-treatment rates of drug overdose as well as
half-year fentanyl controls from 2018-2020 to find our synthetic weights. The p-values generated using the jackknife method (Panels I and II) and permutation tests (Panel IIT)

are reported inside the curly brackets.



Appendix
A Reconciliation of Joshi et al. (2023) and Spencer (2023)

In this appendix, we decompose key differences between the two papers that led to differences in their
conclusions about the first-year impacts of decriminalization.

A.1 Definitions

Users of the CDC WONDER database can filter underlying causes of death using ICD (International Clas-
sification of Diseases) codeSE Spencer| (2023) filters by unintentional overdoses (X40-X44) whereas [Joshi
et al] (2023) filter by all overdoses (X40-X44, X60-X64, X85, Y10-Y14, multiple-cause-of-death T36-T50).

As categorized by the World Health Organization, unintentional overdoses are external causes of mor-
bidity and mortality. Specifically (X40-X49) is defined as “accidental overdose of drug, wrong drug given or
taken in error, and drug taken inadvertently”; “accidents in the use of drugs, medicaments and biological
substances in medical and surgical procedures;” and “(self-inflicted) poisoning, when not specified whether
accidental or with intent to harm.” The subset [Spencer| (2023)) uses, X40-X44, is categorized under “Acciden-
tal poisoning by and exposure to noxious substances.” X60-X64 includes intentional self-harm from poisoning
by drugs. X85 is classified as homicidal poisoning. Y10-Y14 covers all drug poisonings with undetermined
intent. Finally, T36-T50 is classified as “Poisoning by drugs, medicaments and biological substances” and
would be included in a multiple-cause-of-death download of the series|T]

The average difference between total overdoses nationally is about 692 per month. The average using
Joshi et al.| (2023)’s definition is 7710, and the average using|Spencer| (2023)’s definition is 7019. The standard
deviation is 1539 and 1543, respectively. In the states of Oregon and Washington, the averages using |Joshi
et al] (2023)’s definition are 89 and 176, respectively. For |Spencer| (2023)’s definition, the monthly averages
are 79 in Oregon and 162 in Washington. Appendix Figure plots the national time trend for these different
definitions. We note that the majority of drug deaths are due to accidental overdoses (Panel a), and these
two outcomes follow a similar trend over time (Panel b)m

There are reasonable arguments for using different outcome measures in each study. Drug decriminaliza-
tion may affect mortality through a demand-side channel—that is, by increasing the number of users and/or
the frequency or dosage of use—rather than through increases in suicide or homicide. As a result, researchers
may have more statistical power when focusing specifically on accidental overdoses. However, analyzing all
drug-related mortality may help mitigate potential classification or measurement errors, since sometimes the
data can misclassify unintentional overdoses as suicides or homicides.

A.2 Timing

The synthetic control method requires selecting a pre-treatment period over which to match outcomes
to determine the optimal synthetic weights. As |Abadie et al. (2010) notes: “In any research design that
exploits time variation in the outcome variable to estimate the effect of an intervention, synthetic control
estimators may be biased if forward-looking economic agents react in advance of the policy intervention under
investigation.” Thus, researchers need to use economic theory to justify their decisions on which periods to
minimize the sum of squared prediction errors and determine the correct weights.

Spencer| (2023) matches on 36 monthly pre-treatment periods between January 2018 and December
2020@ While |Spencer| (2023))’s pre-treatment sample window ends one month before the implementation of
Measure 110, he argues that he chose this decision because he wanted consistency across outcomes. Some
of his outcomes are at the annual level, meaning the synthetic control can only match until December and
define treatment starting in January. [Joshi et al.| (2023)) also begin their sample in January 2018 but utilize

15 At this time, the tenth revision of these codes (ICD-10) is being used. Codes can be searched using the ICD-10-CM Browser
Tool https://www.cdc.gov/nchs/icd/icd10cm_browsertool.htm

16Filtering by “multiple-cause-of-death” allows the user to subset even overdoses into a specific drug used.

7In Appendix Figure [2] we present an analogous state-level monthly comparison for Oregon and Washington.

18Spencer| (2023) makes a note of the policy being implemented on February 1, 2021, in the paper, but chooses January as
the treatment unit in coding and chart output. In his replication package, this is identified by unit 37 (t=37) being selected as
the treatment period, which in a monthly dataset beginning (t=1) in January of 2018, corresponds to January of 2021.
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all 37 pre-treatment periods, including January 2021, citing they “followed the Strengthening the Reporting
of Observational Studies in Epidemiology (STROBE) reporting guideline for observational studies.”

Beyond ensuring consistency across outcomes, the correct specification between the two models depends
on whether anticipation effects are relevant. For instance, if there was anticipation prior to implementation
(e.g., in January 2021), where overdoses had already begun to change, researchers should exclude the antic-
ipatory window for matching. While we do not statistically verify whether and when anticipation occurred,
our robustness checks compare specifications that end the matching period in December 2020 versus January
2021.

Finally, the authors differ in the number of observations in the post-treatment period. Spencer runs his
analysis through the end of 2021, while |Joshi et al.|(2023]) run their analysis through the end of March, 2022.

A.3 Data Set

For reasons of security and privacy, the CDC suppresses the number of deaths for an observation if the
number of deaths is below ten. [Spencer| (2023) uses this suppressed version of the data and imputes integers
from a random uniform distribution on the interval [0,9] to fill suppressed values. Joshi et al.| (2023) have
access to the unrestricted version of the data.

In Appendix Figure [8) we re-estimate our synthetic control 1,000 times using different imputed values
and plot the distribution of possible point estimates. The findings from this exercise confirm that the point
estimates reported by [Spencer| (2023) are reasonable and not driven by artifacts of imputed data.

A.4 Replication & Reconciliation Exercise

In column 1 of Panel I and column 4 of Panel II of Appendix Table [1} we successfully replicate both
Joshi et al.| (2023) and [Spencer]| (2023) results for Measure 110 in Oregon. However, we note that our point
estimates are slightly different from those reported by the papers. One explanation for this difference is the
difference in the Stata command that we utilize@ Moreover, in fig. |3} we show the synthetic control weights
that we used to replicate both papers. These weights are qualitatively similar to the previous studies.

In the remaining columns of Appendix Table[l} we experiment with changing the specification to be more
similar to each other’s specification, including changing the definitions of drug overdose (Panels I and II),
changing the treatment start month (columns 1 and 3 vs. 2 and 4), and sample window (columns 1 and 2
vs. 3 and 4). We document a few findings. First, ceteris paribus, our estimated effects are smaller when
we focus on all drug-related mortality instead of unintentional drug overdoses. Second, our point estimate
and precision are sensitive to whether we begin our treatment in January or February. For instance, when
we focus on unintentional drug overdoses and end our sample in March 2022 (Panel I, columns (3) and (4)),
our estimated coefficient decreases by 0.057 deaths per 100,000 residents per month. Third, the results are
robust to the inclusion of three more months of post-treatment data.

We repeat the same exercise in Appendix Table [2 however, this time we focus on Washington. Similar
to Oregon, we find that the differences in the two studies’ conclusions stem from differences in the definitions
of drug overdoses and when the treatment date began (and when the synthetic control was matched until).

In Panel I of Appendix Table |3} we re-estimate [Spencer| (2023) and |[Joshi et al.| (2023))’s preferred model
and add 90 percent prediction intervals (Cattaneo et all [2021). In Panel II, we also calculate the 90
percent confidence intervals using t-tests following |Chernozhukov et al.| (2024) and using K = 3 cross-fold
validation. We note that our point estimates and statistical significance, reported in Appendix Table [3] are
slightly different from those of our replication results. This discrepancy may be due to slight differences in
methodologies and weights assigned to each donor state. Nevertheless, we note that the 90 percent confidence
and prediction interval overlap between Spencer] (2023))’s preferred specification and |Joshi et al.| (2023])’s main
model. The results from this exercise confirm that the estimated treatment effects in the two papers may
not statistically differ.

Finally, in Appendix Table |4, we compare |[Joshi et al.| (2023) and [Spencer| (2023)’s preferred model using
the longer-run post-treatment window covering up to 2023 (columns 1 and 2 versus columns 3 and 4). We find
that their findings converge in the long run, suggesting that the short run disagreement is largely explained

19We use Synth package, whereas [Spencer| (2023) uses Synth2 and |Joshi et al.| (2023) use synth_ runner.
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by outcome definitions, treatment timing, and limited follow-up rather than by irreconcilable differences in
the synthetic-control designs.
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B Appendix Figures
Appendix Figure 1: National overdose deaths using all-overdose and unintentional-overdose outcome defini-

tions.
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Notes: This figure plots national overdose deaths using alternative outcome definitions: all overdose deaths and unintentional
overdose deaths. The all-overdose definition corresponds to the outcome used by , while the unintentional-
overdose definition corresponds to the outcome used by . While levels differ due to inclusion criteria, trends are
highly similar over time, indicating that differences in definitions primarily affect scale rather than underlying dynamics.



Appendix Figure 2: Overdose deaths in Oregon and Washington using all-overdose and unintentional-
overdose outcome definitions.
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(b) Washington
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Notes: This figure plots overdose deaths in Oregon and Washington under alternative outcome definitions: all overdose deaths
and unintentional overdose deaths. The all-overdose definition corresponds to the outcome used by , while
the unintentional-overdose definition corresponds to the outcome used by . While levels differ across definitions,
trends are highly similar within each state, indicating that differences in outcome definitions primarily affect scale rather than
the evolution of overdose mortality over time.



Appendix Figure 3: Replication Synthetic Control Donor Weights

(a) Oregon

(b) Washington
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Notes: This figure maps the estimated donor weights used to construct synthetic Oregon and synthetic Washington in the

all-overdose replication specification, corresponding to the specification used by |Joshi et al.| (2023)).
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Appendix Figure 4: Synthetic-Control Estimate: Dropping One Control Unit at a Time
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(b) All-overdose specification, Oregon
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Notes: This figure reports synthetic control estimates obtained by iteratively excluding each donor state from the pool. The unintentional-overdose panels correspond to the

outcome definition used by (2023)), while the all-overdose panels correspond to the outcome definition used by |Joshi et al.| (2023). Results are stable across exclusions,

indicating that no single donor state drives the estimated increase in overdose mortality.



Appendix Figure 5: Bai-Perron Multiple Break Tests for All Measures
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Notes: This figure reports Bai-Perron multiple structural break tests for four state-level NFLIS report measures aggregated
to half-year periods: fentanyl and fentanyl-related reports as a share of all drug reports, fentanyl and fentanyl-related reports
per 100,000 population, non-fentanyl reports per 100,000 population, and fentanyl and fentanyl-related reports as a share of
opioid-related reports. Opioid-related reports are defined as fentanyl and fentanyl-related compounds, narcotic analgesics, and
literal heroin reports identified in NFLIS. Break dates vary across measures and specifications, indicating that the timing of
structural changes is sensitive to how fentanyl exposure is measured.
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Appendix Figure 6: Bai-Perron Multiple Break Tests for Demeaned Measures
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Notes: This figure reports Bai—Perron multiple structural break tests for demeaned versions of the four NFLIS seizure measures
shown in Appendix Figure Each measure is demeaned by subtracting the national half-year mean of the same measure before
estimating break dates. This adjustment removes common national shocks, including disruptions associated with the COVID-19
pandemic, so that estimated breaks reflect deviations in Oregon and Washington relative to contemporaneous national trends.
The demeaned specification subtracts the contemporaneous unweighted mean across states from each state-half observation, so
these estimates should be interpreted as removing common national period shocks, including pandemic-era disruptions, rather
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than as a population-weighted national adjustment.
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Appendix Figure 7: Estimated Structural Break Dates by State
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Notes: This figure maps estimated single structural break dates by state across alternative state-level NFLIS report measures
aggregated to half-year periods. Opioid-related reports are defined as fentanyl and fentanyl-related compounds, narcotic anal-
gesics, and heroin reports identified in NFLIS. Break dates vary substantially across measures and states, indicating that the
geographic timing of fentanyl’s spread is sensitive to measurement choice and not entirely consistent with a uniform east-to-west

diffusion pattern.
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Appendix Figure 8: Sensitivity to Random Imputation of Suppressed Overdose Counts

(a) Unintentional-overdose specification: Oregon (b) All-overdose specification: Oregon
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Notes: This figure presents simulated average treatment effects under 1,000 alternative imputations for state-month observations with suppressed counts in the restricted CDC
data. The unintentional-overdose panels correspond to the outcome definition used by , while the all-overdose panels correspond to the outcome definition used
by . The distribution of estimates is centered near the reported point estimates, indicating that results are not driven by the imputation procedure used to
address data suppression.



C Appendix Tables

Appendix Table 1: Replication: Synthetic-Control Estimate for Oregon

Panel I: Unintentional Overdose Outcome

ATT 0.434*%*%  0.381**  0.403** 0.346**
p-value {0.02}  {0.02}  {0.02} {0.04}
Panel II: All-Overdose Outcome
ATT 0.329* 0.272 0.32 0.27
p-value {0.08}  {0.16}  {0.16} {0.26}
Sample 2018-21 2018-21 2018-22 2018-22
Matching Until Dec Jan Dec Jan

* p-value < 0.1; ** p-value < 0.05; *** p-value < 0.01
Notes: Synthetic control estimates for Oregon are shown under alternative specifications. Panel I uses
unintentional overdose mortality (Spencer, [2023), while Panel II uses all overdose mortality (Joshi et al.,
2023). Estimates vary with outcome definition, treatment timing, and sample window, with statistical
significance sensitive to these choices. Notably, point estimates are similar in magnitude across specifications,
suggesting that differences in statistical significance across studies are likely driven by limited statistical power
in short post-treatment periods. Permutation-based p-values are reported in curly brackets.

Appendix Table 2: Replication: Synthetic-Control Estimate for Washington

Panel I: Unintentional Overdose Outcome

ATT 0.113**  0.155%*  0.147** 0.184**
p-value {0.02} {0.02} {0.02} {0.02}
Panel II: All-Overdose Outcome
ATT 0.06** 0.103  0.087** 0.115*
p-value {0.02}  {0.12}  {0.02} {0.06}
Sample 2018-21  2018-21  2018-22 2018-22
Matching Until Jan Feb Jan Feb

* p-value < 0.1; ** p-value < 0.05; *** p-value < 0.01

Notes: Synthetic control estimates for Washington are shown under alternative specifications. Panel I uses unintentional
overdose mortality following Spencer (2023), while Panel II uses all overdose mortality following Joshi et al. (2023). As with
Oregon, estimates are sensitive to outcome definition and treatment timing, but point estimates are similar in magnitude across
specifications. Statistical significance varies in early periods, suggesting that differences across studies are driven by limited
statistical power rather than substantive disagreement. Permutation-based p-values are reported in curly brackets.
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Appendix Table 3: Synthetic-Control Estimates with Prediction & Confidence Intervals, Replication

Oregon Washington

Panel I: Prediction Intervals

ATT 0.406+* 0.264 0.107* 0.098
0.13,0.68] [-0.2,1.01] [-0.01,0.23]  [-0.08,0.27]

Panel II: Chernozhukov et al. T-Test Procedure

ATT 0.429* 0.331 0.175 0.192
[0.03,0.83] [-0.01,0.67] [-0.01,0.36] [-0.1,0.48]
Outcome Unintentional All overdose Unintentional All overdose

* p-value < 0.1; ** p-value < 0.05; *** p-value < 0.01

Notes: This table reports synthetic control estimates with 90 percent prediction intervals and confidence intervals for the
replication specifications. Intervals overlap across the unintentional-overdose and all-overdose specifications, suggesting that
estimated effects are not statistically different across specifications despite differences in point estimates. Prediction intervals
are reported in Panel I and confidence intervals in Panel II.

Appendix Table 4: Extension: Synthetic-Control Estimate, Overall & Yearly ATT

All Overdose Unintentional Overdose
State OR WA OR WA
ATT Overall 0.806%* 0.732** (.848** 0.776**
p-value {0.02}  {0.02}  {0.02} {0.02}
ATT 2021 0.272 0.103 0.434** 0.113**
p-value {0.16}  {0.12}  {0.02} {0.02}

ATT 2022 0.582%%  0.533%%  0.644%* 0.633%*
p-value {0.02}  {0.02}  {0.02} {0.02}

ATT 2023 1.521%%  1.455%*%  1.466** 1.528%*
p-value {0.02}  {0.02}  {0.02} {0.02}

* p-value < 0.1; ** p-value < 0.05; *** p-value < 0.01
Notes: Synthetic control estimates are shown. Columns (1) and (2) use the all-overdose specification, which follows Joshi et al.

(2023) in outcome definition and pre-treatment window, and columns (3) and (4) use the unintentional-overdose specification

used by Spencer (2023). The p-values, calculated via a permutation test, are provided inside the curly brackets.
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Appendix Table 5: Robustness: Alternative Estimators

(1) (2) (3) (4) (5) (6)
Aug Synth ~ SDiD GSynth  Matrix Completion Multi-Outcome SC TWFE
Panel A: Oregon

ATT Overall 0.806** 0.81%*%  (0.829%** 0.838%** 0.856* 0.883*

p-value {0.021} {0.04}  {0.000} {0.000} {0.065} {0.094}
Panel B: Washington

ATT Overall  0.733%%%  (.859** (.832%** 0.836%*+* 0.769%+* 0.888*

p-value {0} {0.036}  {0.000} {0.000} {0.004} {0.093}

* p-value < 0.1; ** p-value < 0.05; *** p-value < 0.01
Notes: Column (1) reports results from augmented synthetic control; column (2) reports results from synthetic difference-in-differences method; column (3) reports results

from generalized synthetic control method; column (4) reports results from matrix completion method; column (5) reports results from multiple outcome synthetic control; and

column (6) reports results from two-way fixed effects estimator.



Appendix Table 6: Synthetic-Control Estimates Excluding the COVID-19 Period from Matching

Oregon Washington
(1) (2) (3) (4)
ATT 0.878%* 0.889%** 0.809** 0.954**
p-value {0.02} {0.02} {0.02} {0.02}

Outcome Unintentional All overdose Unintentional All overdose

* p-value < 0.1; ** p-value < 0.05; *** p-value < 0.01

Notes: This table reports synthetic control estimates excluding the COVID-19 period from the pre-treatment window. Results
remain positive and statistically significant across specifications, indicating that the estimated effects are not driven by pandemic-
related changes in overdose trends. Permutation-based p-values are reported in curly brackets.

Appendix Table 7: Placebo Tests for Nearby Western States

Unintentional-overdose outcome All-overdose outcome
CA 1D NV CA 1D NV
ATT 0.135 -0.089 0.418 0.176 -0.132 0.255

p-value {0.408} {0.796}  {0.367}  {0.327} {0.776} {0.429}

* p-value < 0.1; ** p-value < 0.05; *** p-value < 0.01

Notes: This table reports placebo synthetic control estimates for California, Idaho, and Nevada. Estimated effects are small
and statistically insignificant, suggesting that the observed increases in overdose mortality in Oregon and Washington are not
driven by broader regional trends. Permutation-based p-values are reported in curly brackets.

Appendix Table 8: Synthetic-Control Estimates for NFLIS Drug Reports

Fentanyl Non-fentanyl = Opioid  All reports Fentanyl share Opioid share

(1) 2) (3) (4) (5) (6)

Panel I: Oregon

ATT  -15.048  -77.973%%  -13.420%%  _86.887** 17.95% 14.44%
p-value  {0.12} {0.02} {0.02} {0.04} {0.02} {0.08}

Panel IT: Washington

ATT 19451 -25.202%F  _7.725%F 18 818%* 15.045%* 7.411
p-value  {0.16} {0.02} {0.02} {0.04} {0.04} {0.24}

* p-value < 0.1; ** p-value < 0.05; *** p-value < 0.01
Notes: Synthetic control estimates are shown. All estimates use half-year data from 2010 to 2020 to find the synthetic weights.

Columns (1)—(4) report changes in NFLIS reports per 100,000 residents; columns (5)—(6) report changes in fentanyl report
shares. The p-values, calculated via a permutation test, are provided inside the curly brackets.
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Appendix Table 9: Exploring Sensitivity to Alternative Fentanyl Controls — Starting Sample in 2008

Oregon Washington
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Panel I: Matrix Completion SC Using Half-Year Data, 2008-2022
ATT 4.747FF* 1.672 6.138%** 2.638%* 5.814%F% 4 249%H* 0.321 5.55%Hk 1.645 5.633%4*
p-value {0.000} {0.116} {0.000} {0.013} {0.000} {0.000} {0.800} {0.000} {0.140} {0.000}

Panel II: Matrix Completion SC Using Half-Year Data, 2008-2023

ATT 9.837***  5.996%** 10.608*** 7.009%** 10.145%%* 9. 257%%* 4.98%** 9.958%*** 6.254%** 9.724%**
p-value {0.000} {0.000} {0.000} {0.000} {0.000} {0.000} {0.000} {0.000} {0.000} {0.000}
Fentanyl Control None Drug share PC Opioid share None None Drug share PC Opioid share None
Donor Pool Restriction? No No No No Yes No No No No Yes

* p-value < 0.1; ** p-value < 0.05; *** p-value < 0.01
Notes: Panel I estimates Zoorob et al. (2024)’s synthetic control method, which uses half-year data from 2008 to 2022. Panel II estimates Zoorob et al. (2024)’s synthetic

control method, but with an additional year of post-treatment data. The ATT is multiplied by 2 to report an average effect over the year. In columns (2) and (7), we include a
control for the ratio of fentanyl reports to all drug reports, which is the covariate used in Zoorob et al. (2024). In columns (3) and (8), we use fentanyl reports per capita as
our covariate, and in columns (4) and (9), we use the ratio of fentanyl reports to opioid-related reports as our covariate. In columns (5) and (10), we restrict our donor pool to
states where the fentanyl crisis arrived in 2019 or later, as defined by Zoorob et al. (2024). The p-values generated using the jackknife method (panels I and II) are reported

inside the curly brackets.



	Introduction
	Background
	Oregon's Measure 110
	Washington's ``Blake Fix''
	Literature Review

	Data and Methods
	Data
	Methods

	Results
	Main Results
	Robustness
	Fentanyl's Geographic Spread and Decriminalization

	Conclusion

	Tables & Figures
	Figures
	Tables

	Reconciliation of Joshi et al. (2023) and Spencer (2023)
	Definitions
	Timing
	Data Set
	Replication & Reconciliation Exercise

	Appendix Figures
	Appendix Tables




