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Abstract

This paper examines how the recent transition of the opioid crisis from prescription opioids to
more prevalent misuse of illicit opioids, such as heroin and fentanyl, altered labor supply behavior
and disability insurance claiming rates. We exploit differential geographic exposure to the
reformulation of OxyContin, the largest reduction in access to abusable prescription opioids to
date, to study the effects of substitution to illicit markets. We observe meaningful reductions in
labor supply measured in terms of employment-to-population ratios, hours worked, and earnings
in states more exposed to reformulation relative to those less exposed. We also find evidence of
increases in disability applications and beneficiaries.
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1. Introduction

The opioid crisis in the United States is a national emergency. In 2017 alone, more than
70,000 individuals died of drug overdoses; almost 70% involved opioids (Scholl et al.,
2019). There is widespread interest in understanding the broader effects of the opioid crisis
beyond overdoses. In particular, policymakers and researchers have expressed concern about
its economic consequences and its implications for labor markets and social insurance
programs.l There is evidence that the link between the crisis and the labor market may be
especially strong, and the Federal Reserve Chairman Jerome Powell maintained that the
opioid crisis is having a “substantial” effect on the United States economy.2
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45There are nine Census divisions.

IThere have been Congressional hearings on the economic effects specifically: see https://www.govinfo.gov/content/pkg/
CHRG-115shrg26119/html/CHRG-115shrg26119.htm, last accessed July 8, 2019.

There have also been broader policy discussions: see https://thehill.com/opinion/finance/392294-the-severeeconomic-costs-of-the-us-
opioid-crisis, last accessed July 8, 2019
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Complicating efforts to quantify the broader effects of the opioid crisis, the epidemic
continues to evolve. Before 2010, the “first wave” was driven primarily by misuse of natural
and semi-synthetic opioids, such as OxyContin. In 2010, a pivotal transformation produced a
second wave, a heroin epidemic, which transitioned in 2013 into the third wave—an illicit
fentany!| crisis. These waves can be observed in fatal overdose trends by opioid type, which
are presented in Figure 1. Recent research suggests that the transformation from prescription
to illicitly-manufactured opioids was driven by the reformulation of OxyContin. In 2010,
Purdue Pharma introduced an abuse-deterrent version of OxyContin, replacing the original
formulation. This replacement represented a substantial shock to the availability of abusable
prescription opioids as OxyContin was often the “drug of choice” for non-medical users
(Cicero et al., 2005). Prior research has shown that states with higher rates of non-medical
use of OxyContin experienced disproportionate growth in heroin overdose rates after
reformulation (Alpert et al., 2018). In recent years, widespread substitution to illicit opioids
has only increased in importance (Pardo et al., 2019), leading to disproportionately fast
growth in overdose death rates in states more exposed to reformulation (Powell and Pacula,
2021).

A small, but growing, literature empirically analyzes how prescription opioid availability
and overprescribing affect the labor market. Focusing on the overprescribing dimension,
Harris et al. (2019) find that areas with more high-volume prescribers have lower labor force
participation rates. Krueger (2017) and Aliprantis et al. (2019) suggest that the rise in opioid
prescribing since 2000 can explain a meaningful share of the decline in labor force
participation over that time period, comparing labor supply changes in areas with faster
growth in opioid supply to those with lower growth. Currie et al. (2019) and Savych et al.
(2019) also study geographic variation in measures of prescribing behavior over time. It is
rare in this literature to leverage policy-driven variation. A recent exception is Beheshti
(2019), who exploits the differential geographic impacts of the rescheduling of hydrocodone,
finding convincing evidence that reduced medical access to hydrocodone improved labor
force participation rates.

To date, the literature on the labor supply impacts of the opioid crisis measures opioid
exposure in terms of geographic prescribing rates and legal opioid supply. In contrast, this
paper examines the labor supply and disability insurance effects of the transition from
prescription opioids to illicit opioids, drugs that are not measured in prescriptions. This
perspective is perhaps more relevant to the current state of the epidemic given that the opioid
crisis continues to escalate despite a 60% drop in prescription opioid volume in the United
States since 2011 (IQVIA Institute, 2020). More broadly, it is rare to study the labor supply
and social insurance consequences of a large shock to the size of illicit drug markets.3

We analyze how the reformulation of OxyContin affected labor market outcomes and
applications for disability benefits. As the supply of abusable prescriptions opioids
decreased, people switched to illicit markets and these markets grew disproportionately in

zhttps://wvvw.cnbc.com/2019/07/10/jerome—poweII—says—economic—impact—of—opioid—crisis—is—substantial.html, last accessed January

12, 2020.

3In fact, it is rare to observe exogenous shocks to the size of illicit drug markets and study the ramifications on any outcomes. See
Jacobson (2004) for an important exception.
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areas where OxyContin misuse had been more prevalent (Powell and Pacula, 2021). Given
evidence that OxyContin reformulation transformed the opioid crisis, it is important to
understand how that transformation affected social insurance programs and the labor market.
Estimates of the productivity costs of illicit drug use in the literature are large. Jiang et al.
(2017) conclude that heroin use disorder alone in the United States results in over $5 billion
of productivity losses annually. In addition, a host of papers have explored the association
between personal drug use and labor supply outcomes (e.g., Kaestner, 1994; Zarkin et al.,
1998; MacDonald and Pudney, 2000; French et al., 2001; DeSimone, 2002) or used policy
variation to identify this relationship (e.g., Nicholas and Maclean, 2019; Sabia and Nguyen,
2018). We explore the direction and magnitude of effects from a broad market-wide shift
from prescription opioids to illicit opioids.

There is also interest in understanding the broader effects of supply-side interventions
designed to deter opioid misuse, and a small literature has documented possible labor supply
effects of prescription drug monitoring programs (PDMPs) (Kilby, 2015; Franco et al., 2019;
Deiana and Giua, 2018; Kaestner and Ziedan, 2020). This paper also intersects with the
literature studying the labor supply consequences of access to prescription drugs. Prior
research found evidence that access to Cox-2 inhibitors increased labor force participation in
the United States (Garthwaite, 2012) and decreased sickness absences in Norway (Butikofer
and Skira, 2018). We study the removal of an abusable formulation of a pain management
therapy when more dangerous pharmacological substitutes are available illicitly.

We use several complementary data sets to document labor supply outcomes including data
from the Bureau of Economic Analysis (BEA), Current Employment Statistics (CES), and
the American Community Survey (ACS) to construct measures of labor supply such as the
employment rate, hours worked, and earnings. We also rely on administrative data from the
Social Security Administration (SSA) concerning applications and allowances for disability
benefits through Social Security Disability Insurance (SSDI) and Supplemental Security
Income (SSI). We study these disability-related measures for two reasons. First, misuse of
medical and illicit opioids may put people at risk of permanently reducing labor supply,
making disability insurance applications and allowances useful proxies for longer-term labor
force attachment in this context.

Second, there is significant policy interest in what drives increases in disability insurance
applications and enrollment, especially when these mechanisms are not more traditional
factors predicting disability enrollment such as demographic shifts. At $143 billion, SSDI
represents 4% of the federal budget.4 Several papers have found that worsening local
economic conditions predict increases in disability payments (Autor and Duggan, 2003;
Black et al. 2002; Autor et al., 2013; Charles et al., 2018; Maestas et al., 2018). However,
there is little work exploring how the growth of illicit drug markets affects enrollment in
disability insurance programs.

At an individual level, substitution from OxyContin to heroin or fentanyl could affect an
individual’s ability to function in the labor force given the additional potency of illicit

4https://vaw.cbpp.org/research/retirement—security/policy—basics—social—security—disabiIity—insurance, last accessed July 6, 2019
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opioids and the associated health risks (e.g., due to higher rates of injection use). In addition,
acquiring heroin may introduce individuals to illicit markets, which could have independent
harmful consequences such as exposing them to criminal behavior or increasing risk of
victimization. Heroin use — relative to prescription opioid misuse — could also increase the
propensity to fail drug tests, hurting employment prospects. On the other hand, if
reformulation induced some to stop misusing opioids entirely5 or reduced rates of initiation
into opioid misuse, then we may observe beneficial outcomes.

At the market level, a broad transition from prescription opioids to heroin may cause illicit
drug markets to expand beyond individuals previously misusing OxyContin. Drug market
expansion could alter labor markets with general equilibrium ramifications on employment,
induce crime, and systematically change population health. In the end, it is difficult to
predict the effects of such a dramatic shift from prescription to illicit drugs since there is
little evidence about what such an enormous transition will do to individual-and market-level
behaviors.

We study changes in labor supply and disability outcomes in states with higher rates of
OxyContin misuse before OxyContin reformulation relative to those with lower rates.
Reformulation impacted the supply of abusable opioids nationally, but we exploit that states
with higher rates of OxyContin misuse were more exposed to the effects of reformulation,
comparing more exposed to less exposed states. Our primary empirical strategy
transparently traces the relationship between OxyContin misuse and these outcomes in each
year, conditioning on state and time fixed effects, while also accounting for the independent
effects of pre-reformulation rates of pain reliever misuse more generally.

We observe large effects on labor supply and disability claiming. We estimate reductions in
employment-to-population ratios in multiple data sets, beginning at the time of
reformulation and growing over time. Additionally, we estimate even larger proportional
reductions in hours worked, full-time work, earnings, and total employee compensation,
suggesting important “intensive margin” effects as well. Moreover, the reductions in
employment and full-time work are associated with decreases in health insurance rates. Our
results also suggest that reformulation induced more people to apply for disability benefits,
and many of these individuals met the SSA’s disability criteria and eventually received
disability benefits. We estimate increases in disability applications, favorable determinations,
and total beneficiaries. The differential rise in disability applications begins immediately
after reformulation, and there is little evidence of any systematic pre-existing trends (or even
level differences). The evidence is consistent with reformulation as the driving mechanism
and not other policies or confounding factors resulting from the Great Recession.

Our results imply that a state with a one standard deviation higher rate of non-medical
OxyContin use prior to reformulation experienced a 7% relative increase in disability
applications after reformulation. A back-of-the-envelope calculation suggests that the labor
supply impacts of growth in illicit opioid markets are comparable to, but on the lower end of

SCicero and Ellis (2015) suggest that this rate is low using results from a small survey, but this survey is for a very selected sample
(153 participants enrolled in substance use treatment centers), which may not generalize to the broader population. It also does not
capture reductions in initiation since all participants in the survey had prior OxyContin misuse.
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the distribution of estimated effects of, the consequences of legal opioid access increases
found in the literature.

Although substance use disorders alone cannot be used as qualifying conditions for
disability benefits, these results suggest that growth in illicit drug markets alters the labor
market capabilities of those with other disabling conditions and/or worsens economic
conditions for this population. The literature has provided evidence that economic conditions
can drive application rates and alter the size of disability insurance rolls. This paper
demonstrates that general equilibrium shocks to illicit drug markets can also affect demand
for disability benefits.

We discuss these interactions further in the next section while also providing background on
the reformulation of OxyContin. We describe the data used in the analysis in Section 3, and
our empirical strategy in Section 4. We present our results in Section 5 and discuss our
conclusions in Section 6.

2. Background

2.1 Disability Insurance in the United States

The Social Security Disability Insurance (SSDI) and Supplemental Security Income (SSI)
programs are the largest federal programs providing monetary and non-monetary support —
such as health insurance — to people with disabilities in the United States. In December
2017, 12.7 million people ages 18-64 received disability benefits — 62% received SSDI
benefits only, 28% received SSI benefits only, and 10% received benefits from both SSDI
and SS1.8 SSDI is generally available to individuals with a sufficient work history while SSI
is intended primarily for individuals with little work experience and is subject to asset
thresholds.’

When it began in 1956, SSDI provided benefits to people with disabling conditions,
including those unable to work because of substance use disorders. SSl, introduced in the
Social Security Amendments of 1972, defined disabling conditions using similar guidelines.
However, with the introduction in 1997 of public law 104-121, substance use disorder
beneficiaries became disqualified unless they also qualified under other disability
requirements (Gresenz et al., 1998).8 Since substance use does not disqualify individuals
from receiving benefits, it may increase application rates if the substance use exacerbates
other disabilities or reduces labor market opportunities. Brucker (2007) estimates that a
“substantial portion” of SSI/SSDI beneficiaries struggle with substance abuse, at rates much
higher than the general population for drugs, suggesting considerable scope for large
transitions in substance use to affect claiming rates.

The SSA outlines several ways in which substance use may appropriately lead to higher
allowance rates.® For example, substance use may lead to a claimant acquiring a disabling

6see Chart 12; https://www.ssa.gov/policy/docs/statcomps/di_asr/2017/di_asr17.pdf, last accessed June 2, 2019

Children are also eligible for SSI and evaluated based on medically determinable physical and mental impairments.
8Moore (2015) studied the long-term effects of disqualification for those affected by this reform.

See SSA’s “Policy Interpretation Ruling” for cases involving substance use, found here: https://www.ssa.gov/OP_Home/
rulings/di/01/SSR2013-02-di-01.html, last accessed July 6, 2020.
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impairment (e.g., contracting HIV through needle use) or it could cause permanent
impairments (the SSA provides dementia and amnestic disorders as examples of such
conditions), which qualify claimants for disability benefits. Alternatively, there is substantial
heterogeneity in the judgment of disability examiners (Maestas et al., 2013) and substance
use may add variability to this decision process, potentially altering allowance rates.

Similarly, shocks to the prevalence of substance abuse could change disability claiming rates
through increased demand (e.g., due to poorer individual labor market prospects or broader
labor market conditions) to reduce labor supply. It is difficult to find exogenous shocks to
illicit drug use so existing evidence is limited, and it is difficult to forecast these effects. One
important exception in the literature is Maclean et al. (2019), who find that state medical
marijuana laws increase disability insurance claiming rates.10

To apply for SSDI, an individual initially files an application at a Social Security office. The
office screens applications to determine if an individual meets basic requirements such as
age and work credits for Social Security disability benefits. If these conditions are met, then
the application is reviewed by state Disability Determination Services to determine whether
the individual is disabled under Social Security guidelines and unable to work. Denials can
be appealed. Individuals who are approved receive cash benefits, which are a function of
prior earnings, and access to health insurance through Medicare. The process for SSI is
similar, though the eligibility requirements regarding work history and asset requirements
are different. Monthly SSI payments are based on a federal benefit rate, and medical
coverage is typically provided through State Medicaid programs.

Disability benefit receipt and labor supply are not mutually exclusive. While receiving
disability benefits causally reduces earnings (Maestas et al., 2013; French and Song, 2014),
many recipients still work. SSDI recipients are restricted to earn less than “substantial
gainful activity” (SGA), equal to $1,260 per month ($2,110 for blind applicants), though
there are exceptions to this rule and earning above this threshold is permitted for certain
periods of time.

2.2 OxyContin Reformulation

OxyContin was introduced in 1996 by Purdue Pharma. It is a brand-name drug for the
extended-release formulation of oxycodone, a semi-synthetic opioid, similar to morphing,
used for the management of acute and chronic pain. The key innovation of OxyContin was
its long-acting formula, which provided 12 hours of continuous pain relief, significantly
improving the quality and ease of pain management compared to previous drugs. However,
crushing or dissolving the pill caused the complete dose of oxycodone to be delivered
immediately, making OxyContin especially easy to abuse.

OxyContin had more than $3 billion in sales in 2010, making it one of the highest selling
drugs in the United States (Bartholow, 2011). It was also one of the leading drugs of abuse
(Cicero et al., 2005). Many experts have implicated OxyContin as a key driver of the opioid

10A1s0 relevant, Ghimire and Maclean (2020) conclude that medical marijuana laws reduce workers’ compensation claiming.
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epidemic (e.g., Kolodny et al., 2015) and recent work concludes that its introduction
explains a significant share of the growth in overdoses since 1996 (Alpert et al., 2019).

In April 2010, Purdue Pharma introduced a reformulated version of OxyContin designed to
make the drug more difficult to abuse. The abuse-deterrent version uses physicochemical
barriers to make the pill hard to break, crush, or dissolve. The change increased the costs of
misusing OxyContin while maintaining the medical benefits of the drug. The reformulated
version can still be abused orally (i.e., taking higher doses than prescribed) and some users
have found ways to counteract the abuse-deterrent properties of the new version.11 However,
reformulation has been shown to decrease abuse rates. In August 2010, Purdue Pharma
stopped distributing the original formulation of OxyContin to pharmacies.

Recent research has shown that replacing the original formulation with the abuse-deterrent
version increased heroin overdose rates (Alpert et al., 2018; Evans et al., 2019), heroin-
specific substance abuse treatment admissions (Alpert et al., 2018), rates of infectious
diseases (Powell et al., 2019; Beheshti, 2019), and illicit opioid crimes (Mallatt, 2020).12
Instead of just shifting the exposed population from prescription opioid overdoses to illicit
opioid overdoses, Powell and Pacula (2021) find that reformulation, over a longer time
horizon, drastically increased overdose rates. While initially there was possibly just a shift to
illicit markets, this shift caused those markets to grow and innovate over time.

While it is difficult to observe the number of consumers in illicit drug markets,13 Powell and
Pacula (2021) find that exposure to reformulation is associated with increases in substance
use treatment admissions for heroin (and opioids more broadly). This relationship is stronger
for those without any prior treatment episodes, suggesting an increase in initiation into
dependence even in recent years. In addition, this work ties reformulation to growth in non-
opioid overdose deaths, such as cocaine, which is also consistent with exposure to potent
illicit opioids among a new population. Overall, the evidence suggests substantial market
expansion due to reformulation.

Similarly, in this paper, we are not isolating the labor supply effects of reformulation on
those misusing OxyContin prior to reformulation. Instead, we study geographic effects,
which include the expansion of illicit markets and its broader economic consequences.
These general equilibrium effects are potentially larger than individual-level effects.

We conduct our analyses at the state level given that the availability of data sources. We are
specifically constrained by the measure of exposure to reformulation, which we only have at
the state-level.14 While state boundaries likely do not appropriately define prescription or

1cicero and Ellis (2015) note that the significant time effort required should deter use of these methods.
Evans et al. (2020) find that reformulation increased rates of child abuse and neglect.

3Caulkins et al. (2015) report that the NSDUH severely and uniquely undercounts people using heroin.

4The NSDUH has sub-state identifying information available in Research Data Centers. However, given the size of the NSDUH, the
sample sizes for the counties or other sub-state geographies would be very small. For example, most states have about 900 respondents
(see Table 1.2 of SAMHSA (2019) for targeted sample sizes for 2005-2013) per year during our sample period. Even after aggregating
the 2004-2009 surveys, it would be difficult to calculate useful rates below the state level. For example, with 900 respondents, a
county in Georgia would have, on average, 5.7 respondents per year.
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illicit drug markets, performing the analysis at the state-level should not induce bias.
Aggregating to the state level is not problematic except for the loss of power, which is
reflected in our standard errors. We select on 2001-2015 since all data sources are available
for these years.

3.1 Labor Outcomes

We study multiple complementary measures of labor supply. First, we rely on data from the
Bureau of Economic Analysis (BEA).15 The BEA provides state-level annual employment
figures using data from the Current Employment Statistics (CES), discussed below, while
adding information on employment in industries excluded from the CES (e.g., agriculture).
The BEA also collects information from Internal Revenue Service data to estimate sole
proprietorships and nonfarm partners such that the final employment numbers include the
self-employed. We also study industry-specific effects using BEA employment figures.

We also use the BEA’s measure of employee compensation. Total employee compensation
provides an additional measure of labor which nests a host of individual and firm-level
decisions such as hours worked and occupational choice. The BEA compensation metric
includes wages and salaries as well as the value of noncash benefits (e.g., employer
contributions to health insurance and pension plans).16

We also study employment rates constructed using the CES data. The CES is a survey of
establishments representing workers covered by unemployment insurance. Each month, the
CES surveys about 145,000 nonfarm businesses and government agencies. By the nature of
the survey design, the CES excludes some industries, such as agriculture, and the self-
employed.

Both the BEA and CES are designed to provide employment totals based on place of work,
not place of residence. We scale these employment figures by the total resident population
ages 16 and above with the understanding that people may reside in one state and work in
another. For both the BEA and CES, it is more accurate to refer to their employment
numbers as the number of jobs since a person may have jobs at multiple establishments.
However, we will generally refer to these variables as “employment rates” throughout this

paper.

We also construct labor supply measures from the American Community Survey (ACS), an
annual household survey.1? The ACS is self-reported, but we are able to construct labor
outcomes by state of residence and study additional measures, such as usual hours worked
per week.18 Usual hours per week is equal to zero for non-workers and, thus, incorporates
both intensive and extensive labor supply behavior.

15BEA data are often used in economic analyses (e.g., Acemoglu et al., 2016; Gittell et al., 2017; Maestas et al., 2016; McCully,

2014).

16gee https://www.bea.gov/system/files/2019-12/Chapter-10.pdf (last accessed February 28, 2020) for details.

We favor the ACS over the Current Population Survey (CPS) due its larger sample size.

The weeks worked variable changes during our time period and only provides broad categories so we do not construct a measure of
annual hours worked.
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We also study earnings in the ACS, which we define as pre-tax wage and salary income plus
self-employment income from businesses and farms.1® The annual labor outcomes in the
ACS refer to the previous 12 months so we use the 2002-2016 samples to construct labor
supply metrics for 2001-2015.20 The ACS permit us to study labor effects based on
demographics such as gender, age, race, and education. Overall, there are complementary
benefits to each of these measures.

3.2 Disability Insurance Measures

To construct measures of disability claiming behavior, we use Social Security
Administration (SSA) Fiscal Year Disability Claim Data, focusing on the adult population,
defined as ages 18-64. These variables are available for fiscal years 2001-2015 at the state
and annual level. We study the number of adult initial claims, which we will often refer to as
applications for disability benefits though some applications are deemed ineligible in an
initial screening and are never sent to a state agency. These applications are excluded from
this measure. We divide the number of applications by the 18-64 population size. The data
do not distinguish between SSI and SSDI benefits, but the majority of applicants in this age
group are applying for SSDI.

We are also interested in whether these applicants eventually qualify for benefits. Public data
provide the number of allowances in that year, regardless of when the initial applications
were filed. Disability determinations often occur in a very short timeframe, but they can
potentially take years. In such cases, some “post-reformulation” allowances would refer to
applications filed prior to reformulation. By request, the SSA calculated and provided us
with the “Total Allowances” (i.e., number of people approved for SSI or SSDI benefits) by
state and year of ggplication using data from the Disability Research File Reporting Service
Cubes. Benchmarking each allowance to the initial year of the application is beneficial
because we are interested in the downstream consequences on disability insurance
enrollment for the changes in application rates that we observe.

The number of total allowances reflects people granted benefits whether their applications
were initially approved or after one or more appeals. The number of total allowances could
only be provided by calendar filing year. Because the number of applications are provided at
the fiscal year (which ends in October) and the number of total allowances is provided at the
calendar year, there is a slight misalignment when these measures are used together. For the
more recent years of data, some of the applications are still pending: 5.8% of 2015
applications, decreasing to 1.7% for 2014 and less than 1% for all prior years.

We will also directly study the percentage of gpplicants approved for benefits, providing
some evidence about the changing health of the applicants. The applicant pool may become
less healthy because of the transition to illicit opioids, but the marginal applicants may also
potentially be healthier on average. The net effect is an empirical question.

19The earnings variables in the ACS are topcoded. We use the values provided in the data. The BEA compensation measure does not
involve any topcoding, which is another advantage of the BEA data.
This creates some misalignment.
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It is possible that state agencies alter their determination decisions in response to the
changing environment. We cannot rule out this possibility, but the agents making these
decisions have no incentive to modify their decision-making process due to economic
conditions or changes in population health. We interpret our results about the fraction of
applicants receiving favorable determinations as indicating changes in the health of the
applicants, but we cannot empirically rule out systematic reviewer-side behavioral changes.

Finally, we study the fraction of the 18-64 population receiving disability benefits (as of
December in each year), also provided in the SSA Fiscal Year Disability Claim Data. We
highlight that changes in beneficiaries may reflect applications over, potentially, many years.
Autor et al. (2015) report that for initial determinations, the median time to a decision is
only three months. Thus, we would potentially expect to observe some evidence of
immediate (i.e., 2010) effects if application rates quickly respond to reformulation given that
most of these applications will receive decisions before the end of the year. However, there
is additional scope for lagged effects for this outcome since cases which are initially denied
may take years upon appeal before receiving a favorable determination.2!

We also study the number of beneficiaries by diagnostic group. We collected these data from
the Annual Statistical Reports on the Social Security Insurance Program (see Table 10 of
those reports). These measures help provide some evidence about which conditions are
affected by reformulation in terms of disability enrollment.

3.3. Nonmedical OxyContin and Pain Reliever Use

To measure non-medical use of OxyContin and pain relievers, we use state-level data from
the NSDUH, a nationally representative household survey of individuals ages 12 and older
and the country’s largest annual survey collecting information on substance use. The survey
provides information on “non-medical OxyContin use” within the past year beginning in
2004 as well as “non-medical pain reliever use.” Alpert et al. (2018) found that non-medical
OxyContin use was highly correlated with measures of oxycodone supply and OxyContin
prescriptions. The advantage of this measure is that it specifies both “nonmedical use” and
“OxyContin.” Substitution to illicit opioids should depend on the interaction of these two
properties since OxyContin reformulation was specific to OxyContin and did not affect the
medical capabilities of the drug.

Non-medical use is defined as use by individuals who either (a) were not originally
prescribed the medication or (b) use such medications “only for the experience or feeling
they caused.”22 Given the sensitive nature of pain reliever misuse, NSDUH provides
respondents with a private and confidential way to respond to questions in an effort to
increase honest reporting.23 Nevertheless, self-reported data on drug use are subject to some
under-reporting error. When constructing the nonmedical use variables, we combine the

21 autor et al. (2015) report that 10% of cases do not receive a final decision for over 37 months.

Specifically, the respondent is shown cards with the names of different types of pain relievers (including OxyContin) and photos of
the pills. They are asked to identify “which of the pain relievers...have you used when they were not prescribed for you or that you
took only for the experience or feeling they caused?” This section of the questionnaire is preceded by the following introduction,
which further emphasizes non-medical use: “Now we have some questions about drugs that people are supposed to take only if they
have a prescription from a doctor. We are only interested in your use of a drug if the drug was not prescribed for you, or if you took the
drug only for the experience or feeling it caused.”

J Health Econ. Author manuscript; available in PMC 2022 March 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Park and Powell Page 11

2004-2009 surveys to reduce measurement error. We select these years because they precede
the 2010 reformulation and are therefore untreated. Appendix Figure 1 provides a map of
OxyContin misuse rates by state.

3.4. Summary Statistics

Figure 2 shows the time series trends in both the percentage of the 16+ population working
and the percentage of the 18-64 population applying for disability benefits. There are large
changes in both of these measures during the Great Recession, followed by partial
convergence to pre-recession values by 2015.

In Table 1, we provide summary statistics -- all dollar amounts in this paper are reported in
2015 dollars -- based on initial OxyContin misuse for 2004-2009, dividing the sample into
“above median” and “below median” states. Alpert et al. (2018) showed that OxyContin
misuse rates were uncorrelated with heroin overdose rates before reformulation. Similarly,
we observe little difference in pre-reformulation labor or disability outcomes based on
OxyContin misuse.

We also repeat Figure 2 but stratified based on initial OxyContin misuse rates. These can be
seen in Appendix Figure 2. Both sets of states experienced large reductions in the percentage
working due to the Great Recession. However, we observe stronger employment growth
after reformulation in the low OxyContin misuse states, consistent with the main results
below. Similarly, disability claiming falls much faster in low OxyContin misuse states after
reformulation. Our event study analysis below more formally tests the appropriateness of
these comparisons between high and low misuse states. Event studies help test for pre-
existing trends; notably, according to Table 1, we also have similar pre-existing levels for
most of the outcomes. This property is an important feature for difference-in-differences
designs (Kahn-Lang and Lang, 2019) and reduces concerns about mean reversion as a
potential driver of the estimated effects.

4. Empirical Strategy

We adopt an event study empirical design, which estimates the relationship between initial
OxyContin misuse and labor/disability outcomes in each year, normalized to 0 in 2009. The
specification is

Y = a5+ 7, + 6 X OxyRate!™ + 0, x PainRelieverRate!™ + X[,¢ + £, 1

where Yy is a labor supply or disability outcome in state s and year t; OxyRate!® represents
the fixed OxyContin misuse rate in state s in the pre-reformulation period (2004-2009).
PainReliever Rate!® represents the fixed pain reliever misuse rate in state s in the pre-
reformulation period. The effects of both misuse variables are permitted to vary by year.

23NSDUH collects data using audio computer-assisted self-interviewing (ACASI) in which respondents read or listen to the questions
on headphones and respond using a NSDUH laptop computer, rather than to an interviewer.
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We include the pain reliever misuse variables to account for outcome changes related to pain
reliever use more generally, isolating shifts that are unique to OxyContin misuse. We also
include a set of time-varying controls: the percentage white and non-Hispanic (from the
Surveillance, Epidemiology, and End Results Program, SEER), percentage Hispanic
(SEER), five age shares (18-24, 25-34, 35-44, 45-54, 55-64; SEER),24 four education shares
(ACS),25 percentage foreign born (ACS), and policy variables. Our policy variables are
whether the state has a “must access” PDMP, pain clinic regulations, and legal and
operational medical marijuana dispensaries.26

The specification includes state and time fixed effects to account for fixed differences across
states and national trends in labor outcomes. The assumption is that states with high rates of
nonmedical OxyContin use would have experienced similar outcome trends as states with
low rates of non-medical OxyContin use in the absence of reformulation. This model
permits us to trace the trajectory of the relationship between OxyContin misuse and the
outcomes over time which offers some evidence about the appropriateness of the parallel
trends assumption. We plot the “;estimates with 95% confidence intervals, adjusted for state-
level clustering.

Our main disability outcome — disability insurance applications — is provided at the fiscal
year, which ends in October. The removal of the original formulation of OxyContin occurred
in August. Thus, there is a possibility of observing partial effects in 2010.27 The other
outcomes, including other disability insurance outcomes, are calculated by calendar year so
there is a longer “treated” period in 2010, though we still expect a muted effect in this year
relative to subsequent years. To summarize the results, we will often present the average
post-reformulation effect, which we define as starting in the first full year post-
reformulation:

1 <2015 2
§2s=20115s~ o)

We will also present the same metric for the pain reliever misuse variable (i.e.,
%23025201155). In general, we do not attach a meaning to these pain reliever misuse estimates

since they reflect a host of policy and prescribing culture changes (unobserved to us)
associated with pain reliever misuse. Alpert et al. (2018) found evidence of relative
reductions in heroin overdoses tied to the more general pain reliever misuse variable,
consistent with systematic adoption of policies to reduce opioid-related harms in high
misuse states. Our goal in including the pain reliever misuse is simply to isolate the effect of
OxyContin misuse since reformulation only affected OxyContin while most other policies or
general attitudinal changes would impact pain reliever misuse more broadly.

24These demographic shares are measured as a percentage of the 18-64 population.
No high school degree, high school degree (but no college experience), some college, and college (4 year) degree. We define these
as a share of the 18-64 population.
PDMP and pain clinic information comes from Prescription Drug Abuse Policy Surveillance. Medical marijuana variables are
Erovided by the RAND Marijuana Policy database (see Powell et al., 2018; Williams et al., 2019).
It is possible that the removal of the original formulation had rather large immediate effects as people with dependence issues
struggled to adapt.
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We will estimate equation (1) using the log of the employment rate or other outcome. We
will also present results in which we use Poisson regression since it relaxes some of the
assumptions implicit in a log-linear regression (see Santos-Silva and Tenreyo, 2006 for
details) and does not impose additional assumptions on the relationship between the mean
and the variance of the outcome like negative binomial regression and related estimators
would.28 When using Poisson regression, the outcome is total employment (or total
applications) and we use population (for the relevant age group) as the exposure variable. In
general, the magnitudes of the effects are stronger when Poisson estimation is used. We also
provide OLS estimates in which the outcome is expressed in levels, not logs.

Labor supply regressions are weighted by the size of the 16+ population while disability
insurance regressions are weighted by the size of the 18-64 population. We adjust standard
errors for clustering at the state level.

5. Results

5.1 Labor Supply Results

5.1.1 Main Labor Supply Outcomes—We consider the effect of reformulation on a
wide range of labor supply metrics. We initially study the employment rate using BEA data.
We flexibly evaluate the temporal relationship between OxyContin misuse and the log of the
percentage of the population working. These estimates are presented in Figure 3, Panel A.
Prior to reformulation, there is little evidence of any systematic pre-existing trends
throughout the pre-period, though we observe a small increase for 2008-2010. We will
observe this type of slight increase across several outcomes. To the extent that this trend
would have continued, many of our estimates will be conservative.

Beginning in the first full year of reformulation, after three years of gradual increases, the
estimates decrease (the 2011 estimate is smaller than the 2010 estimate, though not
statistically different) through the end of the sample period. The 2013-2015 estimates are
each statistically significant from zero at the 5% level. By 2015, we estimate a reduction of
5.3% for each additional percentage point of pre-reformulation OxyContin misuse. Since a
one percentage point difference in OxyContin misuse is very large (equivalent to almost
twice the national average), we will often report the effect of a one standard deviation
differences in OxyContin misuse, equal to 0.23. Thus, each standard deviation increase in
exposure to reformulation predicts an additional 1.2% reduction in employment. Evaluated
at the pre-reformulation average, this reduction implies a relative employment rate decrease
of 0.9 percentage points.

The downward trend begins around the time of reformulation, suggesting that the effects are
not driven by confounding factors related to the Great Recession. Also, while we noted the
slight increase prior to reformulation, the downward post-reformulation effect is unlikely to
be mean reversion since the reduction far exceeds relative increases or decreases observed at
any other point in the sample.

28Ciani and Fisher (2018) discuss the appropriate of Poisson estimation in a difference-in-differences framework.
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Next, we study per capita (ages 16+) employee compensation. This metric includes both
extensive labor supply responses (non-workers do not receive any compensation) and
intensive labor responses such as additional hours worked. These results are presented in
Panel B. We observe a similar pattern as before with evidence that this trend begins in the
partially-treated year of 2010 (the 2010 estimate itself is not statistically different from zero,
however). As before, while there are periods of increasing trends and periods of decreasing
trends prior to reformulation, the downward trend observed after reformulation is uniquely
steep relative to any of these pre-period movements. Also notably, the post-reformulation
reductions are much larger in magnitude than the estimated employment declines. The size
of the employee compensation results relative to the employment effects is consistent with
important intensive margin effects. The estimates imply that each standard deviation of
OxyContin misuse predicts 2.5% reductions in employee compensation in 2015.

To summarize these results, we present average estimates in Table 2, Column 1. In Column
2, we add region-year interactions, where region is defined as the four Census regions. The
estimates for employment (Panel A) and compensation (Panel B) increase in magnitude
when we account for differential secular trends across the country. In Column 3, we estimate
an exponential model using Poisson regression (see Appendix Figure 3 for the event study).
The estimates increase in magnitude using this approach. In Column 4, we use OLS but
specify the outcome in levels instead of logs (see Appendix Figure 4 for the event study).
The results generally imply similar proportional effects as those in Column 1.

As a complementary measure, we study per capita (ages 16+) employment using the CES.
Despite the absence of some industries and the self-employed in the CES data, the pattern of
estimates in Figure 3, Panel C is generally similar to the pattern in Panel A. The magnitudes
are comparable as well; we present average effects in Table 2, Panel C. Finally, we study the
percentage of people working in the ACS in Panel D of Figure 3 and Panel D of Table 2.
Again, we estimate large relative decreases, though the magnitudes are smaller for the self-
reported ACS outcome than the previous outcomes. However, overall, all four metrics
provide similar evidence.

5.1.2 Other Margins of Labor Supply—Next, we study other labor supply margins in
the ACS, reporting the average effects in Table 3 and the event studies in Appendix Figure 5.
First, we repeat the main analyses for usual hours worked (equal to 0 for non-workers) and
annual earnings using ACS data (equal to O for non-workers). For both outcomes, we
observe declines beginning right at reformulation. The estimated decline in annual earnings
compares to the decline estimated earlier for total employee compensation. The results
imply that each standard deviation increase in exposure to reformulation predicts an
additional 0.6% decrease in usual hours worked and 1.1% decrease in earnings (using the
Table 3, Column 1 estimates).

Next, we study full-time work and part-time work, defined as usual hours greater than or
equal to 35 and 1-34, respectively. The estimates for full-time work suggest larger effects on
this margin than the overall working rate. In Table 2, Panel A above, we estimated that a one
standard deviation larger OxyContin misuse rate predicts a 0.3 percentage point29 reduction
in the working rate (using Column 1, though the other estimates imply similar reductions). A
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similar calculation, using estimates in Table 3, suggests a 0.4 percentage point reduction in
full-time work.

We estimate positive effects on part-time work (see Table 3, Panel D), equivalentto a 0.1
percentage point increase in part-time work (using a similar calculation as before). Thus, the
reduction in full-time work can be explained both by an increase in part-time work and not
working.

5.1.3 Implications on Health Insurance—The reduction in full-time work and
employment may have large impacts on health insurance propensities in the population,
which we explore using the ACS. The ACS has asked about point-in-time health insurance
status since 2008.39 We present event studies in Appendix Figure 6. While we have limited
data to evaluate pre-treatment trends for this outcome, the evidence that we have is
consistent with the patterns observed for our labor supply outcomes. Beginning after
reformulation, we observe differential reductions in the share of people with any health
insurance (Panel A) and even larger and sharper reductions in employer-sponsored health
insurance. The average effects are presented in Table 4. The estimates imply that a one
standard deviation higher rate of exposure to reformulation reduced the percentage of people
with health insurance by 0.4 percentage points. The equivalent reduction in employer-
sponsored health insurance was 0.6 percentage points. The combination of results generally
suggests that some people losing employer-sponsored health insurance found other types of
coverage (e.g., Medicaid).

5.1.4 Heterogeneity—We use the ACS to study the share working for different
demographic groups to understand the heterogeneous impacts of reformulation. Average
effect estimates are presented in Appendix Figure 7. We observe larger reductions in
working rates due to reformulation for men relative to women, for whites relative to non-
whites, for lower educated groups relative to higher educated groups,31 and for the under-50
age group relative to the 50+ age group. These demographics tend to be more impacted by
the opioid crisis (see Section 3.2 of Maclean et al., 2020 for a discussion) and were more
affected by reformulation as measured by growth in heroin overdose death rates (see Table 3
of Alpert et al., 2018). These results are potentially consistent with important individual-
level reformulation effects as people misusing OxyContin shift to illicit markets and
experience harmful outcomes resulting in poor labor consequences and overdoses. However,
we cannot rule out important within-demographic general equilibrium effects. This analysis
also finds labor supply reductions for all sub-groups, implying that we do not observe a
specific demographic which benefitted (in terms of labor outcomes) from exposure to
reformulation.32

Next, we study industry-specific effects. We estimate our main specification, but the
outcome is the log of the number of jobs in a specific industry scaled by the 16+ population.

29\We evaluate at the mean percentage of people working in the ACS for 2004-2009 (see Table 1).
30we use the 2008-2015 ACS samples for these outcomes.
Our “higher educated” group is defined as having any years in college (or more). This group is compared to people with, at most, a
hizqh school degree but no college experience.
320f course, we cannot rule out that such a demographic exists or that there are individuals which benefitted.
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We use BEA industry data to construct these measures.33,34 We use equation (2) to
summarize our findings and present these average effect estimates (with 95% confidence
intervals) in Appendix Figure 8. The first estimate repeats the overall employment effect
(from Table 2, Panel A, Column 1). The largest industry effect (in magnitude) is for
construction (statistically significant from zero at the 10% level), implying 10% reductions
per percentage point of OxyContin misuse. We estimate statistically significant reductions
(at the 5% level) for wholesale trade, transportation, and service industries. While we
observe some heterogeneity, we estimate negative effects for the majority of industries.
Interestingly, we estimate a positive and statistically significant relationship with
government jobs.3°

5.2 Disability Insurance

While we find evidence of reductions in the fraction of people working due to reformulation,
disability insurance outcomes represent a different dimension of labor supply. Disability
benefits typically reflect a permanent reduction in labor supply while annual metrics of labor
supply may indicate more transitory behavior.

Figure 4 shows event study estimates for the log of the percentage of the 18-64 population
applying for disability benefits in Panel A. The estimates are relatively flat prior to
reformulation — in the three years prior to reformulation, there is a slight and statistically
insignificant decrease, consistent with the slight increases for most labor supply outcomes
observed in the previous section. In 2010, we estimate a small increase followed by a much
larger jump in 2011. The 2011 increase is uniquely large in the event study and represents
the effect in the first full year after reformulation. The estimates increase further in 2014, the
beginnings of the fentanyl crisis. Overall, we can statistically reject that the post-
reformulation estimates are equal to the 2009 baseline. In 2014-2015, we estimate that each
standard deviation increase in the misuse rate leads to a 7% increase in applications,
equivalent to an increase of about 0.08 percentage points (given a pre-reformulation mean of
1.2 percentage points).

Table 5 presents average effects for outcomes studied in this section. We estimate a 24%
increase (per percentage point of OxyContin misuse) over the full post-period for the
application rate. This estimate decreases in magnitude when region-time interactions are
included in the model but increases in magnitude when Poisson estimation is used. OLS
estimation when the outcome is expressed in levels (not logs) produces similar implied
proportional increases. The estimated effects suggest that the substitution to illicit markets
has led to a meaningful increase in disability applicants.

We also study the log of the share of the 18-64 population that eventually received an
allowance for disability benefits. This metric provides additional information about whether

33A small number of state-year-industry combinations are suppressed because they have low employment totals, primarily in the
agriculture and mining categories. We use the overall employment totals minus the total of the available industry-specific numbers to
calculate the total number of suppressed jobs. We then use most recently observed fraction of jobs within that industry for that state to
impute missing values.

We aggregate agriculture with “forestry, fishing, and related activities.” We also aggregate all service industries together.

This positive effect might reflect increased government spending and employment during local downturns.
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the SSA state agency or appeals process determined that the person met the disability
criteria and evidence on the downstream effects of changes in application rates. Using
administrative data, allowances are benchmarked to the calendar year in which the person
applied.

Figure 4, Panel B presents the event study results. As before, we observe little evidence of
pre-existing trends, followed by increases beginning in 2010.36 Jointly, the 2011-2015
estimates are statistically significant from zero at the 5% level. The estimates decline in the
last couple of years, potentially reflecting the increasing frequency of undecided cases for
these years, a fraction of which may still receive favorable determinations in the future.3’

The post-reformulation estimates and implied level effects are smaller than the estimates in
Panel A, suggesting that only a fraction of the new applicants due to reformulation were
found to meet the SSA disability criteria.38 In 2014-2015, the estimates imply that a one
standard deviation higher nonmedical OxyContin use predicts an increase in favorable
determinations by 3.5-5.3% (equivalent to an increase of about 0.03 percentage points).
However, we can statistically rule out that 7one of the new applicants met the SSA disability
criteria. The increase in allowances suggests that reformulation may have induced people
with other disabling conditions to apply for disability insurance or it may have qualified
some workers for benefits for reasons discussed in Section 2.1.

To better understand the Panel A and Panel B results, we study the fraction of adult
applicants who eventually were approved for disability benefits.3° This statistic is
benchmarked to the year of application. We present the event study estimates in Panel C. We
do not observe a systematic relationship after reformulation for this metric. The results
suggest that reformulation increased disability application rates with little meaningful
change in the determination rate conditional on applying. Together, these factors generated
an increase in the share of the eligible population receiving benefits.

Finally, we study the percentage of the 18-64 population receiving disability benefits (in
December of each year). This outcome is not benchmarked to the year of application but,
instead, reflects the downstream ramifications of the increased rate of applications and
favorable determinations on the overall percentage of people enrolled in disability insurance.
Panel D presents the event study estimates. We observe little evidence of any pre-existing
trends followed by a gradual increase over time after reformulation.40 The estimates imply
that a one standard deviation higher rate of OxyContin misuse led to 2% higher rate of
beneficiaries in 2015 (equivalent to a 0.1 percentage point increase of the 18-64 population
receiving benefits).

36The 2010 increase here is larger than the 2010 increase observed in Panel A relative to the other post-reformulation estimates. This
is likely because years are defined as calendar years in Panel B so more of 2010 is “treated.”

As noted above, the rate of undetermined applications is low in our sample period so this factor likely only partially explains the
slight decline in 2014-2015.

Since we are estimating proportional effects, the smaller estimates combined with the smaller base for this outcome suggest smaller
level effects.

We construct a calendar year imputation of the number of applicants using a weighted average of the fiscal year numbers.

There is some evidence of an immediate jump in 2010, which would be consistent with reformulation inducing a sudden and drastic
shock to people misusing OxyContin, leading them to immediately apply for benefits. Given the average time to a decision (discussed
earlier), many of these applicants would be beneficiaries by December. However, we note that the 2010 estimates in Figure 4 are
(generally) not statistically significant from zero and imply small effects.
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5.3 Disability Diagnostic Groups

Using data from the Annual Statistical Report on the Social Security Disability Insurance
Program, we study beneficiaries by diagnostic group to provide some evidence about which
conditions are increasing in prevalence among the disability insurance population. The data
listing the number of beneficiaries by diagnostic group include widow(er)s and adult
children. Workers still make up the vast majority of the beneficiaries in the data (87% in
2015) so the population should be comparable to those in the earlier analyses. As with the
previous (Figure 4, Panel D) analysis, beneficiaries are not benchmarked to year of
application so some caution with interpretation is warranted. All outcomes refer to the
values in December of that year.

We present results for four selected diagnostic groups due to their size and importance to the
disability insurance system in the United States. It is difficult to hypothesize what types of
diagnostic groups would be more or less affected given the possible channels through which
illicit market growth can alter disability claiming behavior. For example, if illicit drug
market growth leads to deteriorating economic opportunities, then all diagnostic groups are
potentially impacted. However, these impacts may vary depending on how responsive
applications for different groups are to economic opportunities. Prior research has found
substantial variation in such responsiveness (Maestas et al., 2018). We present event studies
in Figure 5 and the corresponding average effects in Appendix Table 1.

We first present results for mental disorders (e.g., mood disorders, schizophrenic and other
psychotic disorders). In aggregate, mental disorders were the most prevalent diagnostic
group in 2015. Adults with mental health conditions are substantially more likely to receive
opioid prescriptions (Davis et al., 2017) and misuse opioids (Feingold et al., 2018). We
present the results in Figure 5A. We find some evidence of a downward trend in the earlier
years of the sample, though it flattens for 2007-2009. We then observe a differential increase
in beneficiaries with mental health diagnoses beginning after 2011. This relationship steadily
increases through the end of the sample, though the total increase is relatively modest. We
can reject that the 2011-2015 estimates are jointly equal to 0 (p-value = 0.01).

We also study beneficiaries with musculoskeletal-related diagnoses (the second largest
category) in Panel B. Musculoskeletal conditions are often singled out as primary drivers of
the rise of disability receipt (e.g., Liebman, 2015). Musculoskeletal conditions include spinal
and soft tissue injuries, which are often treated with opioids for pain management. The
relationship with nonmedical OxyContin use begins after reformulation and grows over
time. A test that the 2011-2015 estimates are each equal to zero generates a p-value of 0.10.

In Panel C, we examine diseases of the nervous system, the third most common diagnostic
category in 2015. Opioid misuse is associated with the development of short- and long-term
neurological diseases (Finsterer and St6llberger, 2016). The pattern of estimates is similar to
those observed for musculoskeletal conditions, though the magnitudes are smaller. We reject
that the 2011-2015 estimates are jointly equal to O (p-value < 0.01).

Finally, we study neoplasms (cancer). While cancer patients are prescribed opioids at high
rates, we hypothesize that there is less scope for growth in illicit opioids markets to affect
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disability claiming behavior for this diagnostic group. Our results are shown in Panel D.
There is less evidence of growth in beneficiaries associated with reformulation here until the
very end of the sample. However, we can reject that the 2011-2015 estimates are jointly
equal to 0 (p-value = 0.02).

The average effects (Appendix Table 1), however, are not statistically different from zero for
any condition. The largest point estimate is for musculoskeletal-related diagnoses. However,
we find less evidence of heterogeneity than one might anticipate. This uniformity may
reflect that the overall increase in disability beneficiaries results from poorer economic
conditions incentivizing disability applications, some of which are successful, across all
conditions. Alternatively, OxyContin misuse may be relatively constant across diagnoses.
Unfortunately, we do not have condition-specific rates of OxyContin misuse to predict
which conditions should be more directly impacted by reformulation than others.

5.4 Discussion

We observe labor supply and disability insurance effects beginning soon after reformulation,
implying that reformulation induced a quick but persistent and growing response. The
timing also suggests that we are not observing the long-term effects of OxyContin misuse
itself. OxyContin misuse rates are highly persistent at the state-level (Alpert et al., 2018).
High misuse states in 2008-2009 had high rates of misuse in 2004-2005 and likely before. It
is unlikely that this misuse generated no independent effects for 5+ years, followed by
sudden large effects in 2010.41

We leveraged information in several data sets to evaluate the labor supply consequences of
the growth in illicit opioid markets. We find large effects in each data set which suggests that
the results are not driven by specific characteristics of any particular data set such as relying
on employment numbers benchmarked to the place of work (BEA) instead of place of
residence (ACS) or using the number of jobs instead of number of employed people.

Our labor supply estimates imply employment reductions about ten times as large as the
increase in disability applications (in percentage point terms). Maestas et al. (2013) find that
disability benefit receipt reduces annual earnings and the propensity to earn above the SGA.
It is possible that our labor supply reductions are partially caused by the increase in the
disability insurance enrollment, but the relative magnitudes of our labor supply and
disability insurance results suggest that this is not the primary driving mechanism. In
addition, we estimated even larger proportional reductions in labor supply metrics which
nest both extensive and intensive margin responses, such as hours worked and earnings/
compensation, suggesting a role for large intensive margin effects. These labor supply
reductions induced people to lose health insurance.

We estimate that a one standard deviation increase in pre-reformulation OxyContin misuse is
associated with a post-reformulation rise in disability applications of 7%. Evaluated at the
pre-reformulation mean, this effect implies an additional eight adults per 10,000 applied for

41Fyrther note that if OxyContin misuse did generate this odd pattern independent of reformulation, then we would expect to see
similar effects related to pain reliever misuse. We do not observe such effects, even attenuated ones. Instead, the estimates associated
with pain reliever misuse are generally the opposite sign.
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disability insurance because of the additional exposure to reformulation. Maestas et al.
(2018) study the relationship between the unemployment rate and SSDI claiming rates
during the Great Recession, concluding that each percentage point rise in the unemployment
rate leads to a 3.3% increase in claims. Thus, a standard deviation higher rate of exposure to
reformulation led to disability claiming increases on the order of a 1.8 percentage point
increase in the unemployment rate during the Great Recession.

While the literature typically studies changes in /ega/ opioid supply, it is useful to try to
benchmark the estimates here with those found in the literature. Beheshti (2019) concludes
that a 10% reduction in hydrocodone prescriptions leads to a 0.2 percentage point increase in
labor force participation.42 Krueger (2017) estimates that a 10% increase in opioid
prescriptions decreases labor force participation by 0.11-0.14 percentage points while
Aliprantis et al. (2019) find stronger relationships between 0.15 and 0.47 percentage points
(depending on specification and sample).

Our results suggest that each 10% increase in exposure to reformulation (and the
accompanying rise in illicit drug markets) decreased employment-to-population ratios by
0.14 percentage points.*3 Thus, we are generally finding results closer to the bottom of the
distribution of estimates in the literature studying the effects of legal opioid supply
differences.

For most of this paper, we consider the relationships between the broader pain reliever
misuse variable and outcomes as nuisance parameters which help us to isolate the
differential effect associated with OxyContin. This relationship reflects a complicated
system of policies and changing prescribing cultures disproportionately adopted in and
targeted to high misuse areas. It is difficult to interpret these estimates as reflecting the
impacts of any specific policy or cultural change.

We find that pre-reformulation level of pain reliever misuse generally predicts changes in
labor and disability outcomes in the opposite direction of the nonmedical OxyContin use
variable, consistent with the findings in Alpert et al. (2018), which concludes that states with
higher levels of pain reliever misuse were systematically addressing opioid access and its
downstream consequences around this time period. One exception to this pattern of
estimates is found in the results for the share of 18-64 years receiving disability benefits
(Table 5, Panel D). In this case, both misuse estimates are positive. While most of our
outcomes are point-in-time measurements, this outcome represents one of the few stock
variables. The positive (though not statistically significant from zero) relationship associated
with pain reliever misuse likely reflects that states with high and growing44 rates of pain
reliever misuse in 2004-2009 may experience increases in applications during that time
period, causing a steady, lagged effect (since some applications require appeals and take a
long time to receive a favorable determinations) on the number of beneficiaries in the state.

420p page 19, Beheshti (2019) reports that a 22% decrease (one standard deviation) in hydrocodone prescriptions leads to a 0.44
percentage point increase in the labor force participation rate.

For this calculation, we use the mean employment rate of 74.5% and that a 10% increase in OxyContin misuse is equal to 0.057
percentage points. The average employment effect for 2011-2015 is —0.032 (statistically significant at the 5% level).

States with high rates of nonmedical use in 2004-2009, on average, have faster growth in misuse during the 2004-2009 time period
too. That is partially why they have high level rates of misuse.
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This mechanism does not explain the OxyContin effect for this outcome given the lack of
such a trend in Figure 4D or any pre-reformulation effect for applications and
determinations (Figures 4A and 4B).

5.5 Sensitivity Analyses

Our main results suggest that disability insurance applications and enroliment differentially
increased in states with higher pre-reformulation rates of OxyContin misuse while labor
supply decreased. These shifts happen exactly when we would expect if reformulation were
the initiating force, and there is little evidence of confounding pre-trends. The main results
are also robust to functional form considerations as the implied effects are similar whether
we use a log-linear specification, a linear specification, or an exponential specification.
Additionally, the opioid crisis has evolved quite differently in different regions of the
country (Abouk et al., 2020). The estimates generally appear robust to including region-time
indicators. We study the geographic effects further here by conditioning on Census division-
year interactions.*® We estimate a log-linear model, Poisson model, and a linear model with
these additional controls. We present estimates for the percentage of people working and
applying for disability in Appendix Table 2.

We find similar point estimates even when we include these interactions. The labor supply
results still suggest large effects and we can statistically reject that there was no effect.
However, the disability insurance results, as can also be observed in the second column of
Table 5, appear more sensitive to the inclusion of geographic-time effects. When we
included region-time interactions (Table 5), the estimate decreased, though it increases when
we include division-time interactions (Appendix Table 2). However, we can no longer
statistically reject that the disability effect is zero when we account for division-time
interactions. Overall, the disability insurance results appear less robust to accounting for
common geographic-specific time shocks.46

We ignore concerns related to selective mortality effects given the relative sizes of the
mortality and disability insurance effects. Alpert et al. (2018) do not estimate statistically
significant growth in overdose deaths by 2013, but we observe changes in disability
application rates and labor supply before then, suggesting that mortality is not driving the
observed changes in labor supply and disability claiming. If we estimate average effects for
overdoses deaths involving heroin or synthetic opioids (ignoring the counteracting
reductions in prescription opioid overdose deaths), we estimate that each standard deviation
difference in exposure to reformulation predicts an additional 0.05 deaths per 10,000, less
than one-hundredth the magnitude of the estimated change in disability insurance
applications (which were small relative to the estimated labor supply reductions).

In Appendix Figure 9, we include additional sensitivity tests. We focus on the employment-
to-population ratio (using the BEA data) and the disability application rate for these tests
and consider the role of differential shocks to underlying economic conditions. Betz and
Jones (2018) find that overdose death rates respond to labor demand shocks using a Bartik-
style instrument (Bartik, 1991; Blanchard and Katz, 1992). We construct a similar variable,

46Notab|y, however, the beneficiary result (bottom of Table 5, Column 2) appears less sensitive to region-time dummies.
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predicting the share working by interacting baseline (2001) state-specific industry shares
with national (subtracting out each state’s own growth) industry-level growth. We present
the event studies in Panels A and B. In addition, Charles et al. (2019) consider the role of the
decline in manufacturing employment in the United States and also find a relationship with
overdose deaths. We construct a similar Bartik-type instrument for manufacturing
employment specifically and control for this measure as well. These results are provided in
Panels C and D. The Bartik predictions do not meaningfully affect the results, suggesting
that the main results of this paper are not driven by confounding economic shocks.

6. Conclusion

There is considerable interest in understanding the ramifications of the ongoing opioid crisis
in the United States on labor supply and social insurance programs. This paper provides
some of the first quasi-experimental evidence of this relationship with a focus on the recent
and ongoing transition of the opioid crisis to illicit markets. Large literatures consider the
determinants of labor supply and social insurance enrollment, but there is scant evidence
about how widespread substitution from legal to illicit drug markets might affect these
outcomes. Although federal social insurance forecasts typically internalize economic
conditions and predictable demographic changes, the growth of illicit drug markets is
traditionally not part of the calculus and may have unpredictable effects on population health
and federal government expenditures. Policymakers and recent studies have suggested that
the opioid crisis may have large effects on labor supply outcomes, but that work typically
examines the effects of prescribing rates and not growth in illicit opioid markets.

We study traditional labor supply measures, but we also rely on metrics related to
applications and determinations for disability benefits. Labor supply and disability metrics,
while important on their own, act as proxies for overall population health, the health of the
workforce, and the economy’s work capacity. We build on prior work showing that the
reformulation of OxyContin, a substantial reduction in the supply of abusable opioids, drove
the rise in heroin and synthetic opioid overdoses with disproportionate general equilibrium
effects on areas with higher rates of OxyContin misuse. There is limited evidence on the
labor and social insurance consequences of such large supply-side interventions designed to
curb opioid misuse.

We estimate meaningful labor supply reductions in response to reformulation. States more
exposed to reformulation experienced relative declines in the percentage of people working.
Moreover, we find even larger labor supply reductions when using more comprehensive
measures of labor supply such as hours worked, labor earnings, and employee
compensation. We observe these reductions across several data sets. These reductions
induced a loss of health insurance.

We also find evidence that the reformulation of OxyContin had effects on disability claiming
behavior for the 18-64 population. We estimate that a state with a standard deviation higher
pre-reformulation rate of non-medical OxyContin use experienced an additional 7% increase
in disability applicants and a comparable increase in new beneficiaries after reformulation.
The applicant pool did not appear to worsen or improve in health, on average, due to the
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substitution to illicit opioids. We note that the statistical significance of the disability results
is less robust to accounting for geographic-specific time effects than the labor supply effects.
However, our point estimates suggest that reformulation served to exacerbate the rise of
applicants during the Great Recession and slow the decline since the recovery. While
substance use itself is not a valid disabling condition, the evidence suggests that illicit opioid
market growth interacted with qualifying disabling conditions or worsened economic
conditions in a way that incentivized more disability applications. This evidence is generally
consistent with prior work showing that disability insurance programs expand in response to
diminishing economic opportunities since poorer labor market opportunities is one possible
consequence of an increase in illicit drug use. However, the literature has rarely provided
direct evidence about the effects of exogenous shocks to illicit drug markets on disability
insurance demand and enrollment.

These results provide further evidence that the reformulation of OxyContin represented a
pivotal transformation in the opioid crisis. The prior literature has focused on extreme
measures such as fatal overdoses. This paper shows that reformulation impacted other
important dimensions as well, decreasing labor supply, increasing the rate of applications for
disability benefits, and increasing the rate of people found to have disabling conditions.
Federal and states policies still often try to address the harms of the opioid crisis by limiting
opioid access, and it is critical to recognize the possible unintended consequences of supply-
side interventions given the availability of illicit substitutes. As heroin and illicit fentanyl
availability continues to grow, we should expect the economic costs of the opioid crisis to
grow as well.
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Appendix Figure 1: Geographic Variation in Rate of OxyContin Misuse, 2004-2009
Source. 2004-2009 National Survey of Drug Use and Health

Year

B. Above Median Misuse Rates

A. Below Median Misuse Rates

Appendix Figure 2: National Time Series Trends in Percentage of Population Applying for
Disability Insurance and Percentage Working by Pre-Reformulation OxyContin Misuse

Source. SSA Fiscal Year Disability Claims Data and Bureau of Economic Analysis. The
percentage of disability applications is scaled by the 18-64 population while percentage
working is the number of workers divided by the size of the 16+ population. These figures
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are the same as Figure 2 but stratified based on the 2004-2009 (pre-reformulation)
nonmedical OxyContin use rate.
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Appendix Figure 3: Non-Medical OxyContin Use Poisson Event Study Estimates for Labor
Supply
Notes.: 95% confidence intervals adjusted for state-level clustering. Outcome is total

employment (Panel A) and total employee compensation (Panel B). These outcomes are
calculated using data from the Bureau of Economic Analysis. The outcome in Panel C is
nonfarm employment using CES data. The outcome in Panel D is the number of the 16+
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population in the ACS reporting that they worked during the year. We use Poisson regression
with population (16+) as the exposure variable.

The estimates reported in the figures are the coefficients on the pre-reformulation Non-
Medical OxyContin Use rate interacted with calendar year indicators. The 2009 interaction
is excluded and the corresponding estimate is normalized to 0. The estimated specification is
represented by equation (1). The specification includes state and time fixed effects as well as
time-varying controls: five age share variables, % white and non-Hispanic, % Hispanic, four
education share variables, % foreign-born, and policy variables. Our policy variables are
whether the state has a “must access” PDMP, pain clinic regulations, and legal and
operational medical marijuana dispensaries. We also jointly estimate effects for pain reliever
misuse interacted with year indicators.
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Appendix Figure 4: Non-Medical OxyContin Use Event Study Estimates for Labor Supply,
Estimated in Levels

Notes. 95% confidence intervals adjusted for state-level clustering. Outcome is total
employment scaled by the size of the 16+ population (Panel A) and total employee
compensation divided by the 16+ population (Panel B). These outcomes are calculated using
data from the Bureau of Economic Analysis. The outcome in Panel C is nonfarm
employment divided by the 16+ population using CES data. The outcome in Panel D is the
percentage of the 16+ population in the ACS reporting that they worked during the year.

The estimates reported in the figures are the coefficients on the pre-reformulation Non-
Medical OxyContin Use rate interacted with calendar year indicators. The 2009 interaction
is excluded and the corresponding estimate is normalized to 0. The estimated specification is
represented by equation (1). The specification includes state and time fixed effects as well as
time-varying controls: five age share variables, % white and non-Hispanic, % Hispanic, four
education share variables, % foreign-born, and policy variables. Our policy variables are
whether the state has a “must access” PDMP, pain clinic regulations, and legal and
operational medical marijuana dispensaries. We also jointly estimate effects for pain reliever
misuse interacted with year indicators.
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Appendix Figure 5: Non-Medical OxyContin Use Event Study Estimates for ACS Labor
Outcomes Hours, Earnings, and Full-Time/Part-Time Work

Notes: 95% confidence intervals adjusted for state-level clustering. Outcome is the log of the
usual weekly hours worked per person in the last year (Panel A); log of total earnings in the
last year (Panel B); log of the share with usual hours 35+; log of the share with usual hours
1-34. Outcomes are calculated using the ACS for the 16+ population. The 2004-2009 means
for full-time work and part-time work are 54.3% and 15.7%, respectively.

The estimates reported in the figures are the coefficients on the pre-reformulation Non-
Medical OxyContin Use rate interacted with calendar year indicators. The 2009 interaction
is excluded and the corresponding estimate is normalized to 0. The estimated specification is
represented by equation (1). The specification includes state and time fixed effects as well as
time-varying controls: five age share variables, % white and non-Hispanic, % Hispanic, four
education share variables, % foreign-born, and policy variables. Our policy variables are
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whether the state has a “must access” PDMP, pain clinic regulations, and legal and
operational medical marijuana dispensaries. We also jointly estimate effects for pain reliever
misuse interacted with year indicators.
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Appendix Figure 6: Non-Medical OxyContin Use Event Study Estimates for Health Insurance
Notes. 95% confidence intervals adjusted for state-level clustering. Outcome is the log of the

share with any health insurance (Panel A); log of the share with employer-sponsored health
insurance (Panel B). Outcomes are calculated using the ACS for the 16+ population. Health
insurance information in the ACS is available beginning in 2008. N=408. The 2008-2009
means are 83.4% and 58.6% for health insurance and employer-sponsored health insurance,
respectively.

The estimates reported in the figures are the coefficients on the pre-reformulation Non-
Medical OxyContin Use rate interacted with calendar year indicators. The 2009 interaction
is excluded and the corresponding estimate is normalized to 0. The estimated specification is
represented by equation (1). The specification includes state and time fixed effects as well as
time-varying controls: five age share variables, % white and non-Hispanic, % Hispanic, four
education share variables, % foreign-born, and policy variables. Our policy variables are
whether the state has a “must access” PDMP, pain clinic regulations, and legal and
operational medical marijuana dispensaries. We also jointly estimate effects for pain reliever
misuse interacted with year indicators.
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Appendix Figure 7: Non-Medical OxyContin Use Average Effect Estimates by Demographics
Source: American Community Survey

Notes. 95% confidence intervals adjusted for state-level clustering. Outcome is the log of the
share of people working in the listed demographic. Estimates presented are average effects
for the pre-reformulation OxyContin misuse variable using equation (2). Each estimate
refers to a separate regression, which includes state and year fixed effects. We also control
for the set of covariates listed in the notes of Figure 3. Regression is population-weighted.
“HS Degree” represents the group with at most a high school degree (i.e., no college).
“Some College” represents the group with at least some college education.
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Appendix Figure 8: Non-Medical OxyContin Use Average Effect Estimates by Industry
Source: Bureau of Economic Analysis industry data. We combined agriculture and forestry.

We also combined all service industries into one category.

Notes: 95% confidence intervals, represented by the red lines, adjusted for state-level
clustering. Outcome is the log of the number of jobs in the listed industry scaled by the 16+
population. The “Total Employment” estimate refers to the Table 2, Panel A, Column 1
estimate. Estimates presented are average effects for the pre-reformulation OxyContin
misuse variable using equation (2). Each estimate refers to a separate regression, which
includes state and year fixed effects. We also control for the set of covariates listed in the
notes of Figure 3. Regression is population-weighted.
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Appendix Figure 9: Non-Medical OxyContin Use Event Study Estimates for BEA Employment
Rate and Percentage Applying for Disability Insurance, Robustness Tests

Notes: 95% confidence intervals adjusted for state-level clustering. Outcome is the log of the
employment-to-population ratio (Panels A, C) and the log of the percentage applying for
disability insurance (Panels B, D). Outcomes are calculated using the BEA for ages 16+ and
SSA Fiscal Year Disability Claim data set for ages 18-64.

The estimates reported in the figures are the coefficients on the pre-reformulation Non-
Medical OxyContin Use rate interacted with calendar year indicators. The 2009 interaction
is excluded and the corresponding estimate is normalized to 0. The estimated specification is

J Health Econ. Author manuscript; available in PMC 2022 March 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Park and Powell

Page 33

represented by equation (1). The specification includes state and time fixed effects as well as
covariates listed in notes for Figure 3. We also jointly estimate effects for pain reliever
misuse interacted with year indicators. In Panels A and B, we add a Bartik prediction as
described in the text. In Panels C and D, we add a Bartik prediction specific to
manufacturing to permit manufacturing labor demand shocks to have independent effects on
state labor/disability outcomes.

Appendix Tables

Appendix Table 1:

Average Effect Estimates for Log of Percentage of 18-64 Adults Receiving Disability
Insurance for Listed Diagnostic Condition

Outcome: % Ages 18-64 Receiving Disability Benefits by Condition
Mental Musculoskeletal ~ Nervous System  Neoplasms

OxyContin Misuse ~ 0.02 (0.034)  0.068 (0.054) 0.055 (0.035) 0.024 (0.037)
Pain Reliever Misuse ~ 0.009 (0.007)  0.016 (0.011) 0.008 (0.006) 0.004 (0.008)

Mean % 1.5% 1.0% 0.4% 0.1%

Notes.
Ak

1% significance,
Ak
5% significance,
*
10% significance.

All models include state and time fixed effects plus covariates mentioned in notes of Figure 5. Estimates presented are
average effects for each pre-reformulation misuse variable using equation (2) and Figure 5. The outcome is logged. N=765.
Standard errors are adjusted state-level clustering.

Appendix Table 2:

Average Effect Estimates for Percentage Working and Percentage Applying for Disability
Insurance, Conditional on Census Division-Year Interactions

Panel A Outcome: Percentage Working (BEA)
@ @ ©)
OxyContin Misuse ~ —0.034*(0.015)  -0.040 " (0.015) -2.199 ™ (1.086)
Pain Reliever Misuse 0.007 (0.005) 0.009 *(0.005) 0.414 (0.359)
OLS/Poisson Outcome OLS Log Poisson Total OLS Level
Panel B Outcome: % Apply for Disability
() @ (©)
OxyContin Misuse 0.189 (0.144) 0.287 *(0.149) 0.209 (0.163)
Pain Reliever Misuse -0.016 (0.039) -0.049 (0.038) -0.023 (0.044)
OLS/Poisson Outcome OLS Log Poisson Total OLS Level
Notes.

Ak
1% significance,
Ak
5% significance,

*
10% significance.
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All models include state and Census division-time fixed effects plus covariates mentioned in notes of Figure 5. Estimates
presented are average effects for each pre-reformulation misuse variable using equation (2). When Poisson estimation is
used, the outcome is the total and population is used as an exposure variable. N=765. Standard errors are adjusted state-
level clustering.
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Figure 1: National Fatal Overdose Rate Trends
Notes. Figure 1 plots national annual fatal overdose rate trends in natural and semi-synthetic

opioids (T40.2), heroin (T40.1), and synthetic opioids (T40.4) per 100,000 people for
1999-2017. These categories are not mutually exclusive and sum to rates higher than the
overall opioid overdose rate. OxyContin is a semi-synthetic opioid.

Source. National Vital Statistics System
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Figure 2: National Time Series Trends in Percentage of Population Applying for Disability
Insurance and Percentage Working

Source: SSA Fiscal Year Disability Claims Data and Bureau of Economic Analysis. The
percentage of disability applications is scaled by the 18-64 population while percentage
working is the number of workers divided by the size of the 16+ population.
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Figure 3: Non-Medical OxyContin Use Event Study Estimates for Labor Supply
Notes: 95% confidence intervals adjusted for state-level clustering. Outcome is the log of

total employment scaled by the size of the 16+ population (Panel A) and the log of total
employee compensation divided by the 16+ population (Panel B). These outcomes are
calculated using data from the Bureau of Economic Analysis. The outcome in Panel C is the
log of nonfarm employment divided by the 16+ population using CES data. The outcome in
Panel D is the log of the percentage of the 16+ population in the ACS reporting that they
worked during the year.

The estimates reported in the figures are the coefficients on the pre-reformulation Non-
Medical OxyContin Use rate interacted with calendar year indicators. The 2009 interaction
is excluded and the corresponding estimate is normalized to 0. The estimated specification is
represented by equation (1). The specification includes state and time fixed effects as well as
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time-varying controls: five age share variables, % white and non-Hispanic, % Hispanic, four
education share variables, % foreign-born, and policy variables. Our policy variables are
whether the state has a “must access” PDMP, pain clinic regulations, and legal and
operational medical marijuana dispensaries. We also jointly estimate effects for pain reliever
misuse interacted with year indicators.
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Figure 4: Non-Medical OxyContin Use Event Study Estimates for Disability Outcomes
Notes: 95% confidence intervals adjusted for state-level clustering. Outcome is the log of

new applications scaled by size of the 18-64 population (Panel A). This outcome is
calculated using the SSA Fiscal Year Disability Claim data set. The outcome in Panel B is
the log of favorable determinations scaled by the 18-64 population, calculated using data
from Disability Research File Reporting Service Cubes. The outcome in Panel C is the log
of favorable determinations scaled by the nmnber of applications. The outcome in Panel D is
the log of the total nmnber of beneficiaries scaled by the 18-64 population, using data from
the SSA Fiscal Year Disability Claim data set.

The estimates reported in the figures are the coefficients on the pre-reformulation Non-
Medical OxyContin Use rate interacted with calendar year indicators. The 2009 interaction
is excluded and the corresponding estimate is normalized to 0. The estimated specification is
represented by equation (1). The specification includes state and time fixed effects as well as
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time-varying controls: five age share variables, % white and non-Hispanic, % Hispanic, four
education share variables, % foreign-born, and policy variables. Our policy variables are
whether the state has a “must access” PDMP, pain clinic regulations, and legal and
operational medical marijuana dispensaries. We also jointly estimate effects for pain reliever
misuse interacted with year indicators.
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Figure 5: Non-Medical OxyContin Use Event Study Estimates for Percent Adults Receiving
Disability Benefits for the Listed Diagnostic Condition

Notes: 95% confidence intervals adjusted for state-level clustering. Outcome is log of
beneficiaries for the listed diagnostic condition scaled by the 18-64 population. These
outcomes are calculated using data from the Annual Statistical Report on the Social Security
Disability Insurance Program. The (unlogged) 2004-2009 means are 1.5% for Panel A, 1.0%
for Panel B, 0.4% for Panel C, and 0.1% for Panel D.

The estimates reported in the figures are the coefficients on the pre-reformulation Non-
Medical OxyContin Use rate interacted with calendar year indicators. The 2009 interaction
is excluded and the corresponding estimate is normalized to 0. The estimated specification is
represented by equation (1). The specification includes state and time fixed effects as well as
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time-varying controls: five age share variables, % white and non-Hispanic, % Hispanic, four
education share variables, % foreign-born, and policy variables. Our policy variables are
whether the state has a “must access” PDMP, pain clinic regulations, and legal and
operational medical marijuana dispensaries. We also jointly estimate effects for pain reliever
misuse interacted with year indicators.
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Below Median OxyContin

Above Median OxyContin

Variable (2004-2009) All States Misuse States Misuse States Data Source
BEA Outcomes

% Employed 74.5% 74.4% 74.8% BEA
Per Capita Employee Compensation ($) 37,144 38,270 34,567 BEA
CES Outcome

% Employed 57.4% 57.3% 57.4% CES
ACS Outcomes

% Working 69.1% 69.2% 69.0% ACS
Usual Hours Work Per Week 26.8 26.9 26.6 ACS
Annual Earnings ($) 27,412 28,140 25,747 ACS
Disability Insurance

% Apply 1.2% 1.1% 1.2% SSA
% Favorable Determinations 0.6% 0.6% 0.6% SSA
Favorable Determination Rate 49.6% 49.3% 50.4% SSA
% Receiving Disability Benefits 5.5% 5.3% 6.0% SSA
Demographics (%)

White, Non-Hispanic 67.0% 63.0% 76.3% SEER
Hispanic 14.5% 16.3% 10.4% SEER
Foreign-Born 19.2% 21.0% 15.1% ACS
No High School Degree 13.5% 14.1% 12.2% ACS
High School Graduate 28.9% 28.1% 30.6% ACS
Some College 30.9% 30.5% 31.8% ACS
Bachelor’s Degree (or more) 16.5% 27.2% 25.4% ACS
Ages 18-24 15.8% 15.9% 15.7% SEER
Ages 25-34 21.1% 21.4% 20.4% SEER
Ages 35-44 22.7% 22.9% 22.4% SEER
Ages 45-54 23.1% 22.9% 23.4% SEER
Ages 55-64 17.2% 16.9% 18.1% SEER
Misuse

OxyContin Misuse Rate (per 100) 0.57 0.45 0.84 NSDUH
Pain Reliever Misuse Rate (per 100) 4.88 461 5.51 NSDUH

Notes: All statistics are population-weighted. BEA, CES, and ACS outcomes scaled by 16+ population. Disability Insurance outcomes scaled by
18-64 population, except for Favorable Determination Rate (which is number of favorable determinations scaled by number of applications). All
dollar amounts are expressed in 2015 dollars. BEA = Bureau of Economic Analysis; CES = Current Employment Statistics; ACS = American
Community Survey; SSA refers to Social Security Administration data; SEER refers to population data from Surveillance, Epidemiology, and End
Results Program; NSDUH = National Survey on Drug Use and Health. The SSA data are from the SSA Fiscal Year Disability Claim Data, the
Disability Research File Reporting Service Cubes, or a calculation using both SSA data sets. Demographics are expressed as a percentage of the

18-64 population.
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Panel A Outcome:

Percentage Working (BEA)

() @ (©) 4
OxyContin Misuse -0.03277(0.015)  -0.04377(0.015) -0.050**(0.014) -2.194™*(1.059)
Pain Reliever Misuse 0.004 (0.004) 0.01 **(0,005) 0.007 (0.005) 0.263 (0.311)
Region-Time Dummies?  No Yes No No
OLS/Poisson OoLS oLs Poisson OoLS
Outcome Log Log Total Level
Panel B Outcome: Per Capita Compensation (BEA)

(@) ) ®) @
OxyContin Misuse -0.069***(0.025) -0.08577(0.029) -0.108"*(0.022) -2519***(914)
Pain Reliever Misuse 0.013 (0.007) 0.0277(0.008) 0.014 7 (0.006) 377 (249)
Region-Time Dummies?  No Yes No No
OLS/Poisson OLS OoLs Poisson OLS
Outcome Log Log Total Level
Panel C Outcome: Percentage Working (CES)

(@) o) ®) 4
OxyContin Misuse -0.028™%(0.014)  -0.03977(0.016)  -0.0417"*(0.011) ~1.291(0.776)
Pain Reliever Misuse 0.006 (0.004) 0.012 **(0.006) 0.005 (0.004) 0.279 (0.245)
Region-Time Dummies?  No Yes No No
OLS/Poisson OoLS OLS Poisson OoLS
Outcome Log Log Total Level
Panel D Outcome: Percentage Working (ACS)

@) (2 3 4
OxyContin Misuse -0.019*%(0.009)  -0.0197(0.011)  -0.024*(0.007) -1.164(0.649)
Pain Reliever Misuse 0.003 (0.002) 0.004 (0.004) 0.003 (0.003) 0.152 (0.151)
Region-Time Dummies?  No Yes No No
OLS/Poisson OoLS OoLs Poisson OLS
Outcome Log Log Total Level

Notes.

A Ak
1% significance,

Hk
5% significance,

10% significance.
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All models include state and time fixed effects plus covariates mentioned in notes of Figure 3. Estimates presented are average effects for each pre-
reformulation misuse variable using equation (2). Region refers to the 4 Census regions. When Poisson estimation is used, the outcome is the total
and population is used as an exposure variable. N=765.
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Table 3:

Average Effect Estimates for ACS Labor Supply Outcomes

Outcome: Usual Hours Worked
() (2 (3 4
OxyContin Misuse -0.0277(0.011)  -0.027"7(0.013) -0.036"(0.008) -0.645"(0.280)
Pain Reliever Misuse 0.006 **(0.003) 0.007 *(0.004) 0.007 **(0.003) 0.125 *(0.069)
Region-Time Dummies?  No Yes No No
OLS/Poisson OoLS OLS Poisson OLS
Outcome Log Log Total Level
Outcome: Earnings
1) (2 3 4
OxyContin Misuse -0.048%(0.018) -0.05277(0.022) -0.064**(0.014) -1839***(608)
Pain Reliever Misuse 0.009 *(0.005) 0.013%(0.007)  0.009 **(0.004) 147 (146)
Region-Time Dummies?  No Yes No No
OLS/Poisson OoLS OLS Poisson OLS
Outcome Log Log Total Level
Qutcome: Full-Time Work
1) (2 3 4
OxyContin Misuse -0.035*%(0.013) -0.0307¥(0.015) -0.043*"*(0.011) -1.6217(0.643)
Pain Reliever Misuse 0.008 **(0.003) 0.009 *(0.005) 0.010**(0.004)  0.367(0.159)
Region-Time Dummies?  No Yes No No
OLS/Poisson oLS oLS Poisson oLS
Outcome Log Log Total Level
Qutcome: Part-Time Work
1) (2 3 4
OxyContin Misuse 0.034™7(0.016) 0.02 (0.024) 0.034(0.018) 0.458 ¥ (0.227)
Pain Reliever Misuse -0.016**(0.006)  —0.011(0.008)  -0.017**(0.007)  -0.215"7(0.098)
Region-Time Dummies? No Yes No No
OLS/Poisson oLS oLS Poisson oLS
Outcome Log Log Total Level
Notes.

Hok:

*:

*
5% significance,

*
10% significance.

*
1% significance,
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All models include state and time fixed effects plus covariates mentioned in notes of Figure 3. Estimates presented are average effects for each pre-
reformulation misuse variable using equation (2). Region refers to the 4 Census regions. When Poisson estimation is used, the outcome is the total
and population is used as an exposure variable. N=765. Outcomes are calculated from ACS (ages 16+) and refer to hours and earnings in the past
12 months. Full-time work is defined as usual hours worked of 35+. Part-time work is defined as usual hours worked of 1-34. The 2004-2009
means for full-time work and part-time work are 54.3% and 15.7%, respectively.
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Table 4:

Average Effect Estimates for Health Insurance (2008-2015)

Panel A Outcome:

Any Health Insurance

(@) v ®) 4
OxyContin Misuse -0.023"*(0.006) -0.025""*(0.006) -0.025""*(0.005) -1.848""(0.525)
Pain Reliever Misuse 0.008*%(0.002)  0.007*7(0.002)  0.010™(0.002)  0.638 " (0.168)
Region-Time Dummies?  No Yes No No
OLS/Poisson OoLs OoLsS Poisson OoLSs
Outcome Log Log Total Level
Panel B Outcome: Employer-Sponsored Health Insurance
(@) ) ®) @
OxyContin Misuse 0.04777(0.012)  0.0607(0.012)  0.064™(0.012)  2.660"(0.503)
Pain Reliever Misuse 0.005 **(0.002) 0.009 ***(0.003)  0.003 (0.003) 0.302%(0.129)
Region-Time Dummies?  No Yes No No
OLS/Poisson OoLsS OoLS Poisson OoLS
Outcome Log Log Total Level
Notes.

A A
1% significance,

Hk
5% significance,

*
10% significance.

Page 51

All models include state and time fixed effects plus covariates mentioned in notes of Figure 3. Estimates presented are average effects for each pre-
reformulation misuse variable using equation (2). Region refers to the 4 Census regions. When Poisson estimation is used, the outcome is the total
and population is used as an exposure variable. N=408. Outcomes are calculated from ACS (ages 16+) and refer to health insurance status at the
time of the interview. Health insurance information is only available since 2008 in the ACS. We use the 2008-2015 ACS samples. The 2008-2009
means are 83.4% and 58.6% for health insurance and employer-sponsored health insurance, respectively.
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Table 5:

Average Effect Estimates for Disability Insurance Outcomes

Qutcome: % Apply for Disability
(@) v (©)] 4)
OxyContin Misuse 0.242%(0.077)  0.148™(0.071) 0.309™7(0.073)  0.243*(0.076)
Pain Reliever Misuse -0.053"**(0.018) -0.022(0.017)  -0.075*""(0.016) -0.057 “**(0.019)
Region-Time Dummies?  No Yes No No
OLS/Poisson OoLS oLs Poisson OoLS
Outcome Log Log Total Level
Outcome: % Favorable Determinations
(1) (2 (3 4
OxyContin Misuse 0.181 **(0.090) 0.118 (0.101) 0.244**(0.086)  0.032(0.055)
Pain Reliever Misuse -0.0607(0.017) -0.0387(0.020) -0.057***(0.018) —0.031**(0.012)
Region-Time Dummies?  No Yes No No
OLS/Poisson OLS OoLs Poisson OLS
Outcome Log Log Total Level
Outcome: Favorable Determinations / Applications
(@) o) (©)] 4)
OxyContin Misuse -0.052 (0.085) -0.034 (0.077)  —0.046 (0.089) -2.761 (4.186)
Pain Reliever Misuse -0.006 (0.014) -0.011 (0.014)  0.012 (0.017) -0.21 (0.687)
Region-Time Dummies?  No Yes No No
OLS/Poisson OLS OoLs Poisson OLS
Outcome Log Log Total Level
QOutcome: % Ages 18-64 Receiving Disability Benefits
(@) o) (©)] 4)
OxyContin Misuse 0.0537(0.026) 0.063%(0.025) 0.052(0.022)  0.004™%(0.002)
Pain Reliever Misuse 0.011 (0.007) 0.007 (0.007) 0.014 (0.008) 0.001 *(0,000)
Region-Time Dummies?  No Yes No No
OLS/Poisson OoLS OLS Poisson OoLS
Outcome Log Log Total Level
Notes.

Hok:

*
1% significance,

Ao
5% significance,

*
10% significance.
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All models include state and time fixed effects plus covariates mentioned in notes of Figure 4. Estimates presented are average effects for each pre-
reformulation misuse variable using equation (2). Region refers to the 4 Census regions. When Poisson estimation is used, the outcome is the total
and population (ages 18-64) is used as an exposure variable. For Panel C, the exposure variable is the number of applications. N=765.
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