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share states, though this relationship is not statistically different from zero.
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l. Introduction

Drug overdose deaths have risen steadily for the past two decades, and by 2009 they
became a leading cause of death from injuries in the United States, exceeding deaths from motor
vehicle accidents (Paulozzi, 2012). Death from prescription opioids has been the primary driver
behind this upward trend, at least since 1999 (Jones, Mack and Paulozzi, 2013). In 2010,
prescription opioids alone were involved in over 16,500 overdose deaths, more than heroin and
cocaine combined, more than quadrupling the number in 1999 (Volkow et al., 2014).

While many have noted the enormous rise in deaths in opioid analgesics over the past
two decades, substantially less attention has been given to the driving factors behind it. A key
driver behind the opioid overdose death epidemic is underlying substance abuse disorders, which
is underscored by the fact that 82 percent of the prescription drug overdose deaths were
identified as unintentional (Volkov et al., 2014). An expert panel of pain medicine doctors and
public policy experts offered individual factors (being white, middle aged and living in rural
areas), physician prescribing factors (inadequate provider education about proper dosing of
specific opioids or risk factors for addiction), and clinical factors (substance abuse co-morbidity,
prescribing of heavier analgesics for chronic pain etc.) as major contributors to the uptick
(Webster et al., 2011). Independently, Paulozzi (2012) examined trends in key factors
characteristic of those who died from opioid overdose, including growing incidence of patients
with chronic pain, mental health problems, substance abuse problems and obesity.

Only one of these identified risk factors has experienced the same enormous growth rate
as opioid deaths: the availability of opioid analgesics. Indeed, several earlier studies have
already identified the very strong positive correlation between the rise in opioid availability and

the rise in opioid-related deaths (Mueller et al., 2006; Paulozzi and Ryan, 2006; Paulozzi 2006)
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and this relationship does not appear to have attenuated in recent years (Volkov et al., 2013;
Paulozzi, 2012).

The lack of attention on the role of insurance in the rise of opioid abuse is surprising in
light of the tremendous expansion in health insurance coverage that occurred during the same
period when overdose deaths rose. Since 1987 the Medicaid program has undergone a series of
changes that have expanded eligibility, particularly among the elderly, pregnant women, and
children. In just the first five years following the first set of expansions, between 1987 and 1992,
the share of nonelderly population on Medicaid rose 40% ( Cutler and Gruber, 1996). Take up
rates among the elderly population who became newly eligible were even higher (Yelowitz,
2000). In 1997 there was the further creation of the Children Health Insurance Program, which
also expanded public insurance among children in families with incomes between 100 and 300
percent of the federal poverty level (Lo Sasso and Buchmueller 2004; Hudson, Selden and
Banthin, 2005 ), although with some evidence of crowding out among the previously privately
insured (Gruber and Simon, 2008; Bronchetti, 2014). Then in 2006 Massachusetts implemented
its near universal health insurance, which several authors suggest reduced the rate of the
uninsured within the state by at least 50% (Kolstad and Kowalski, 2012; Gruber, 2011).

In terms of access to prescription drugs, the most significant insurance expansion was the
January 2006 implementation of the Medicare Prescription Drug Benefit Program, commonly
referred to as Part D, which provides voluntary outpatient prescription drug coverage to millions
of Medicare beneficiaries. Prior to 2006, the vast majority of Medicare beneficiaries did not
have access to outpatient prescription drug coverage, although some accessed coverage through

retiree benefit plans, Medigap insurance, and other sources. Several studies have shown that



passage of Medicare Part D did in fact increase access and utilization of prescription drugs
among the elderly (Duggan and Morton, 2010; Zhang et al., 2009; Ketcham and Simon, 2008).

While the elderly have a relatively modest rate of unintentional opioid overdose deaths
(Paulozzi, et al., 2011), they are the legitimate medical users of more opioid prescriptions than
any other age group (Volkov et al., 2011). According to retail pharmacy data, individuals 60
years or older receive 1.9 opioid prescriptions per person while those between the ages of 40-59
(the age group with the highest opioid overdose mortality) receive only 1.1 opioid prescription
per person. Moreover, multiple opioid prescriptions at the same time is fairly common, with
one study showing that well over half of Medicare beneficiaries with an opioid prescription in
2010 holding concurrent prescriptions from multiple providers (Jena, Goldman and Karaca-
Mandic, 2014).

Independently, it is also known that a substantial proportion of those who self-report
nonmedical use of prescription drugs indicate that friends and relatives are an important source
for the drugs they use, with national household data suggesting that nearly two-thirds of people
who report nonmedical use of prescription drugs either get them or take them from a friend or
relative (Jones et al., 2014). Thus, access through friends and relatives is an important channel
for individuals to obtain opioids, and elderly relatives with multiple concurrent prescription
opioids may be easy targets for interested family members.

A visual inspection of the data suggest that there was indeed a jump — even relative to
trend — in the total distribution of opioid medications per capita between the years 2005 and
2006, the per capita substance abuse treatment admissions for opioids, and — most pronounced —

the number of prescription overdose death per capita (see Figure 1). These time series trends are



suggestive that there might in fact be an association between the introduction of Part D and
opioid availability and abuse.

This paper takes advantage of a natural experiment that occurred with the implementation
of Medicare Part D to assess the extent to which expanding insurance coverage for prescription
drugs specifically has contributed to the harmful consequences of opioid abuse, in particular
opioid treatment admissions and overdose deaths. We do this in several steps. First we confirm
a positive association between the implementation of Medicare Part D and the distribution of
prescription opioids. We construct a measure of opioid prescriptions using the seven most
commonly abused opioid analgesics and converting the total grams distributed into morphine
equivalent doses. We study the total amount of morphine equivalent doses of these drugs that
are distributed to each state via the Drug Enforcement Agency’s Automation of Reports and
Consolidated Orders System (ARCQOS).

To determine if prescription drug coverage influenced access, we study opioid
prescriptions both pre- and post-implementation of Part D. The ARCOS data cover the period
2000-2010. We exploit differences across states in the proportion of the population ages 65+
prior to Part D implementation to assist in the causal identification of the effects of the expansion
in prescription drug coverage. As Medicare enrollment has grown substantially throughout the
period we examine, due to the aging baby boomers and growing disability rolls, we identify an
instrument that can help us clearly differentiate the impact of expanding coverage related to
prescription drug access versus the rising number of newly Medicare eligible. Furthermore, Part
D enrollment among the eligible population was a choice and this choice may be independently

related to factors predicting opioid use and abuse.



We use a fixed measure of the proportion of the state population 65 years and older (“the
eligible elderly”) in each state as of 2003, the year that the Medicare Modernization Act was
passed. We interact this measure of eligible elderly with a time indicator equal to 1 after Part D
implementation. This instrument is unrelated to individual choices to enroll in Part D and other
factors such as health. It solely uses cross-section variation in eligibility interacted with the
implementation of Part D. Our analysis independently controls for time and state fixed effects to
account for national trends and fixed differences across states with different elderly shares.

We find a strong positive association between our instrument and the total amount of
prescription opioids distributed in each state in total, and by various types of agencies that might
be distributing the drug (e.g., hospitals and pharmacies). Once we demonstrate the
reasonableness of our instrument as a proxy for opioid prescription medication expansion in
Medicare, we estimate difference-in-difference and event history models to assess the impact of
Part D coverage on opioid treatment admissions and overdose deaths.

We find that states with larger elderly shares experienced higher growth in opioid
prescriptions and substance abuse treatments. States with a 10% larger Medicare Part D per
capita enrollment experienced 4% higher growth in per capita prescription opioid distribution
and 8% higher growth in per capita substance abuse treatment admissions for opiates. We also
find a positive association between our instrument and per capita opioid-related mortality, but we
cannot reject that the mortality effect is statistically different from zero in our final specifications
that include controls for prescription drug monitoring programs. Supplemental analyses in the
TEDS data of the non-disabled, non-Medicare treatment admissions supports the hypothesis that
Medicare expansion contributed to the rise in abuse in younger populations because of increased

access through the elderly, not through direct access by the elderly who are part of SSDI. These



findings suggest that a significant expansion of a public insurance program, like that which is
occurring through the ACA’s Medicaid expansion, can have important effects on access to and
abuse of opioid medications.

The rest of the paper is organized as follows. In Section Il we describe the data that we
use to estimate our models. Section 1l describes our empirical approach and presents our main
results. In Section IV we provide some additional findings from various sensitivity analyses we
conducted to test the robustness and reasonableness of our findings. We close in Section V with

a summary of our main findings and the policy implications.

1. Data

Il.a. Outcome measures

We study the relationship between increased legal access to opioids and opioid-related
outcomes by focusing on three measures at the state level: opioid distribution, opioid-related
substance abuse treatment admissions, and opioid-related deaths. We discuss the sources for
each of these outcomes in detail.

Information regarding the supply of prescribed opioids within the state is captured in the
Drug Enforcement Administration’s (DEA) Automation of Reports and Consolidated Orders
System (ARCOS). The Controlled Substance Act of 1970 requires all manufacturers and
distributors to report their transactions and deliveries of all Scheduled 11-V substances to the
Attorney General. ARCOS is the system that monitors and records the flows of these controlled
substances as they move from manufacturers to retail distributors at the local level (down to the
street address and zip code, although this level of disaggregation is not made publicly available).

Thus, ARCOS can be used to identify the distribution of specific opioid medications that are



prescribed for medicinal purposes. We construct a measure of the seven most commonly abused
opioid analgesics (Paulozzi et al., 2011; Paulozzi and Ryan, 2006): fentanyl, hydrocodone,
hydromorphone, meperidine, methadone, morphine, and oxycodone (as OxyContin as well as in
other forms). Following prior work, we converted the total grams distributed per capita into
morphine equivalent doses drawing on standard multipliers used in this literature (Paulozzi,
Kilbourne and Desai, 2011). These were aggregated by state and year. Thus our total sales
measure is the number of morphine-equivalent doses of the seven most commonly abused opioid
analgesics.

We use the Treatment Episode Data Set (TEDS) to study substance abuse treatments.
The TEDS treatment admission data are collected annually by state substance abuse agencies at
the request of the Substance Abuse and Mental Health Service Administration (SAMHSA). They
contain nearly the universe of substance abuse treatment admissions that occur within the United
States, as all facilities that receive any government funding (federal block grant funding, state
treatment dollars, or even insurance dollars from Medicaid, Medicare, or Tricare) are required to
provide basic information. Only private facilities that treat non-publicly insured individuals and
that receive no federal or state grant monies are excluded. The unit of observation is an
admission, and information is retained on the primary, secondary, and tertiary substances
reported at the time of the admission, as well as client demographics, expected source of
payment, treatment setting, and treatment characteristics. Information is also collected on who
referred the individual to treatment (the criminal justice system, a doctor or medical provider, an
employer, a parent, or self). We use annual case-level data on admissions for the period 1992-
2011. Our main analysis will use the 1998-2011 time period to narrow the time period closer to

the implementation of Part D date, though we will also present results using data back to 1992.



We include two substance categories in our metric of opioid abuse: “non-prescription
methadone” and “other opiates and synthetics.” The latter category includes “buprenorphine,
codeine, hydrocodone, hydromorphone, meperidine, morphine, opium, oxycodone, pentazocine,
propoxyphene, tramadol, and any other drug with morphine-like effects.” We include all
admissions in which one of these drugs is included as primary, secondary, or tertiary substances.*

The TEDS data indicate whether treatment referral is from the criminal justice system.
We use this variable to check whether systematic changes in enforcement, indicated by changes
in referrals to treatment from the criminal justice system, affect our results. Finally, TEDS only
provides age in broad categories: 12-15, 15-17, 18-20, 21-24, 25-29, 30-34, 35-39, 40-44, 45-49,
50-54, 55+. Consequently, to study the impact of Part D on age groups not directly affected by
its implementation, we study the age group 12-54. The 55+ age group includes both the indirect
and direct effect.

Information on opioid overdose deaths comes from the National Vital Statistics System
(NVSS), a census of deaths in the United States. We code deaths as related to prescription
opioid pain relievers using the ICD-10 external cause of injury codes (X40-X44, X60-64, X85,
or Y10-Y14) and drug identification codes (T40.2-T40.4), which indicate death by any opioid
analgesic. We are not able to uniquely identify any specific opioid analgesic except for
methadone (T40.3), and thus we group them all together. We follow the codes used by the CDC
to categorize deaths of any intent (unintentional, suicide, homicide or undetermined). We then
aggregate the data based on state of residence and year.

[1.b. Independent Variables

! Our results do not change meaningfully if we only count primary substances.
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Our primary variable of interest is per capita Medicare Part D enrollment. We use Part D
enrollment number from the Centers for Medicare & Medicaid Services (CMS), aggregated by
state and year. We use population data from the Census to construct per capita ratios. We also
use age-specific population data from the Census to create our elderly share variable for our
instrumental variable.

We do not have prescription drug coverage prior to Medicare Part D, similar to many
papers studying the effects of Part D (e.g., Ketcham and Simon, 2008). Part D may impact
access by providing prescription drug coverage to part of the population which would not have
had any coverage otherwise or by providing more generous coverage to people who would have
had coverage even in the absence of Part D. Given that our goal is to estimate the impact of Part
D, we believe that both of these mechanisms are important components of the total effect.

In much of our analysis, we will also control for the adoption of prescription drug
programs (PMPs) at the state level. Prescription drug monitoring programs are recommended by
the CDC and ONDCP as a useful strategy for combatting prescription drug misuse and harms.
The research evaluating these programs, however, is actually quite inconclusive in terms of their
impact on opioid related harms (Brady et al., 2014; Paulozzi et al., 2011; Paulozzi & Stier,
2010). Nonetheless, there has been significant growth in the adoption of PMP programs across
states during our sample period. According to data from LawAtlas, only 12% of states had
authorized a prescription drug monitoring program in 2000, but by 2010 over 70% of states had
authorized these programs. In particular, post 2005 there has been significant rise in the percent
of states with PMPs requiring near real-time reporting (so updating of the data system at least
once a week if not daily) as well as a rise in PMP’s requiring those responsible for reporting to

the PMP to proactively report suspicious behavior by patients, pharmacies, or even doctors.
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These types of features of PMPs are expected to have a more significant impact at deterring
improper prescription drug misuse than just poorly defined programs . We include state-varying
controls for changes in proactive aspects of PMPs, based on data from LawAtlas.? We have
information on PMP adoption by state starting in 1998. Prior to 1998, there is some evidence
that PMPs were different in nature and did not require providing information to prescribers or

pharmacists.

Il.c. Descriptive statistics and trends

We include means for our outcomes and other variables in Table 1. There was substantial
growth in our opioid measures, as shown in Figure 1, throughout our entire analysis period. Data
on the sale of morphine equivalent doses of our seven problematic opioid analgesics clearly grew
during this period, rising 129% from 2000 to 2005 and then again another 62% between 2005
and 2010. Opioid overdose deaths also show a significant rise on average across the states
during the time period, more than doubling from 2000 to 2005 followed by a 45% rise from 2005
to 2010. Substance abuse treatment admissions also more than doubled between 2000 and 2005
and then doubled again from 2005 to 2010.

There appears to be a greater rise in opioid prescriptions and opioid deaths in the period
preceding the implementation of Medicare Part D than in the period following Medicare Part D.
Baseline differences account for some of those differences, but it is also true that during the same
period Medicare Part D started expanding states more aggressively started adopting policies to

combat prescription drug abuse.

? Data available at: http://lawatlas.org/query?dataset=corey-matt-pmp. Last accessed January 30, 2015.

12


http://lawatlas.org/query?dataset=corey-matt-pmp

I11.  Empirical Framework

Our goal is to evaluate whether access to insurance coverage for prescription drugs used by
the elderly (Medicare Part D) may have contributed to the rise in prescription opiate abuse
(“OA”) or overdose deaths (“OD”s). For this to have happened, insurance must first influence
the sale of prescription opioids (“Rx”). We first examine the extent to which Part D coverage
influenced the sale of specific opioids of abuse and then whether it impacted rates of overdose
deaths and treatment admissions within the general population. The basis of our empirical
strategy is to study changes in our measures of y;; = {Rx, OD, OA} based on implementation and
uptake of Medicare Part D. We use the timing of Part D and differences in the eligible
population across states for identification. We use a difference-in-differences strategy, which we
implement by including state fixed effects and year fixed effects in our specifications. We

estimate the specification:

vst = exp(as + y; + X + S[In(Part D enrollment per capita),; X 1(t = 2006)])eg (1)

where y,; is a measure of opioid-related distribution, abuse, or mortality for state s in year t. Xis
a vector of time-varying covariates including the log of the share of the population ages 65+,
other demographic variables, state-level economic variables, the private insurance rate, and PMP
policy variables. We are primarily interested in the estimate of &, which represents the
differential change in the outcome experienced by states with a high per capita Part D enrollment
relative to other states. This variable is set to zero before the implementation of Part D. We

expect this estimate to be positive if Part D increased opioids access.
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We use an exponential functional form to account for the skewness of the outcomes.
While it is typical to use a log-linear specification in applied work, Silva and Tenreyro (2006)
show that nonlinear least squares estimation of an exponential specification places less structure
on the error term. A log-linear specification assumes that the error term is multiplicative in y,
while equation (1) permits additive and multiplicative errors. Furthermore, we estimate equation
(1) for opioid-related mortality at disaggregated age groups and, in some instances, there are zero
opioid-related deaths in a state-year for an age group, making a logged dependent variable
inappropriate. We estimate equation (1) using Poisson regression.> We will also show some
corresponding log-linear estimates. In general, the log-linear estimates do not differ from the
Poisson estimates in meaningful ways.

Our empirical strategy is to compare changes in outcomes pre- and post-Part D across
states with different shares of individuals eligible for Part D. We control independently for the
national impact of Part D and other secular trends through the inclusion of year fixed effects.
Some variation in equation (1) originates from state-level changes in the fraction of the
population 65+ after 2006 and different enrollment propensities. This variation is potentially
problematic if we believe that there is systematic migration that is correlated with opioid abuse.
For example, opioid abuse may be related to local economic downturns. If declining economic
conditions also cause younger people to migrate out of the state (i.e., increasing the fraction of
the population 65+), then this source of variation is confounded by omitted variables. Our
specification includes the log of the elderly share as a separate control variable, which should
alleviate some of these concerns. Furthermore, state-varying differences in health and economic
conditions may predict Part D enrollment and independently correlate with opioid use and abuse.

* Related models such as negative binomial models require additional assumptions and are less robust than
Poisson regression. See Chapter 18 of Wooldridge (2010) for more details.
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To address these concerns, we estimate equation (1) using IVV-Poisson, where our
instrument is
1(t = 2006) X In(Fraction of Population 65+) 2003

In words, we fix the population share for each state in 2003. Consequently, identification
originates solely from the introduction of Part D interacted with fixed state elderly shares in
2003. The instrumental variable strategy eliminates any identification originating from changes
in the elderly share over time, allowing us to non-parametrically control for the independent
effects of Part D (year fixed effects) and elderly share (state fixed effects). Medicare Part D was
signed into law at the end of 2003 so we use the 2003 share because it is likely relatively free of
any possible anticipation effects (see Alpert, 2014). Our results are not sensitive to this choice.

Furthermore, we are interested in isolating the impact of Medicare Part D on a population not
directly impacted by the expansion of prescription drug coverage. However, the introduction of
Part D increased coverage rates for the SSDI population, which includes those under 65. A
further advantage of our approach is that we isolate the impact of Part D on states with high
elderly share. This is potentially unrelated to the share of those under 65 enrolled in SSDI. We
can test this more explicitly in the TEDS and we present evidence that our instrument is not
correlated with SSDI share.

We weight all regressions by state population. Standard errors are adjusted for clustering at
the state level.

IV. Results
IV.a. Graphical Evidence
Before we proceed to regression analysis, we show our trends graphically. We separate states

into “above median” and “below median” based on the fraction of the population in 2003 that is
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65 or older. We predict that states with a larger elderly share should experience larger changes
in opioid abuse when Part D is implemented in 2006.

Figure 2 shows the trends in mortality. In the left panel, we graph per capita opioid-
related mortality for ages 65+. Given the relatively low incidence at older ages, this graph is
noisy. Before the implementation of Part D, the two groups of states look similar. Beginning in
2006, we observe higher per capita mortality in the “above median” states. The right panel
present the equivalent trends for the under 65 population. Again, we do not observe systematic
differences before 2006. After the implementation of 2006, per capita mortality is consistently
higher in the “above median” states.

We also study the differential impact of Part D on opioid-related substance abuse
treatment admissions. In Figure 3, we present the trends for the above and below median states.
We only use states which report treatment admissions for every year 1992-2011, which includes
39 states (in our regression analysis, we use an unbalanced panel). In the left panel, we look
only at treatment admissions for the 55+ age group. This group includes the 65+ age group
which is directly affected by Part D but also includes ages 55-64 which were only impacted
indirectly. Before 2006, the above median and below median states look very similar, with the
exception of 2005 which suggests a possible anticipation effect. The gap widens beginning in
2006. In the right panel, we focus on ages 12-54. Again, we observe little evidence of pre-
existing trends. Upon implementation of Medicare Part D, the above median states incur a
relative increase in per capita substance abuse treatments, providing further evidence of an
increase in opioid abuse in states with high elderly share resulting from Part D. This increase is

occurring in the population not directly affected by Part D.
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Overall, the graphical evidence is consistent across data sets and outcomes. We see little
evidence of different pre-existing trends based on fixed elderly share. After the implementation
of Medicare Part D, opioid abuses increase in the high elderly states relative to the low elderly
states. Graphically, we observe relative increases for younger and older ages, implying that even
those that did not directly gain access to prescription drug coverage were impacted by the

additional access in the population.

IV.b. Regression Analysis
Prescriptions

We estimate equation (1) to compare growth in opioid prescriptions at the state-level
based on Part D enrollment. In Table 2, we present the Poisson estimates, relating Part D
enrollment to opioid distribution. We find a strong relationship between Part D enrollment and
opioid prescription growth. We estimate that a 10% increase in Part D enrollment is associated
with 3% growth in opioid distribution. We find similar effects if we focus on pharmacies (2.5%
estimated growth) or hospitals (3.7% growth). We estimate much larger effects for distribution
through practitioners, though these estimates are more imprecisely estimated.

Because of concerns that Part D enrollment and opioid use are both independently related
to other confounding factors, we also estimate IVV-Poisson models using fixed elderly share
interacted with post-2006. We present these estimates in Table 3. We estimate slightly larger
effects. We estimate that each 10% of additional enrollment in Part D is associated with an
additional 4.3% growth in opioid distribution. The estimates are similar for pharmacies and
hospitals. We, again, estimate especially large effects for practitioners, though we cannot reject

a null effect.
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Our identification strategy relies on the assumptions that state elderly share does not
predict pre-existing trends. To test that assumption, we perform an event study, allowing the
effect of the In(Fraction of Population 65+); 5003 Variable to have a different effect in each year.
The results from this event study analysis are presented graphically in Figure 4. We normalize
the estimated coefficients such that the coefficient in 2000 is equal to 0. We find no statistically
significant relationship between elderly share and opioid distribution before 2006. Beginning in
2006, larger elderly share is associated with increased growth in opioid prescriptions. Elderly
share is statistically significantly related to opioids in each year after Medicare Part D is
implemented. Overall, we find little evidence that our estimates are driven by confounding
trends.

Mortality

In Table 4 we show results from estimating equation (1) using the NVSS mortality data
to measure the relative effect of Part D implementation on growth in opioid-related deaths. In
Table 4, we find little evidence of a relationship between Part D enrollment and growth in
opioid-related mortality. In fact, the estimates are negative for the full sample and the under-65
sample, suggesting that Part D enrollment is associated with lower mortality rates.

We present the corresponding 1VV-Poisson estimates in Table 5. We estimate that a 10%
increase in Part D enrollment increase opioid-related mortality growth by 3.1%, though this
estimate is not statistically significant from zero. With the exception of ages 50-59, we estimate
a positive effect of Part D enrollment on mortality for all age groups. None of these estimates,
however, are statistically significant. In the Appendix (see Appendix Table 1), we include

unweighted IV-Poisson estimates and find similar results.
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Opioid Abuse Treatment Admissions

Using TEDS, we estimate the differential effect of the implementation of Medicare Part D on
treatment admissions for opioid abuse. We present both Poisson and IV-Poisson estimates of
equation (1). Table 6 presents the Poisson estimates. We find little relationship between Part D
enrollment and substance abuse treatment admission for pain relievers. We estimate a negative
relationship for the full sample and for the 12-54 age group. We do not estimate a statistically
significant relationship for any age group.

Table 7 includes the corresponding IV-Poisson estimates. We find strong evidence of a
causal relationship between Part D enrollment and growth in substance abuse treatment
admissions. We estimate that each 10% increase in Part D enrollment caused an 8.5% increase
in substance abuse treatment growth. Our estimate for ages 12-54 is a similar magnitude. We
focus on these ages given that they are not directly impacted by the introduction of Medicare Part
D. We find statistically significant (at the 10% level) relationships of Part D enrollment on
admissions for ages 12-20, 21-29, 30-39, 50-54, and 55+. These results suggest the introduction
of Part D increased access of opioids to those not eligible for prescription drug coverage through
Medicare.

In Table 8, we replicate Table 7 while excluding criminal justice referrals from the
outcome variables. We find similar effects for all age groups. The similarity of the results
whether we use all admissions or exclude criminal justice referrals suggests that changes in
criminal justice activity related to opioid abuse are uncorrelated with the interaction of elderly
share and the implementation of Part D.

The TEDS provides a longer pre-period than we use in Tables 7 and 8. We start our

analysis in 1998 for two reasons. First, we wanted to use years close to the introduction of Part
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D. Although there was little evidence of differential pre-existing trends (see Figure 3), there is
concern that state-level differences in 1992 may drive our results if we include the full sample.
Second, by starting at 1998, our PMP variables refer to the “third wave” of PMP implementation.
To test the robustness of our results to excluding 1992-1997, we present equivalent results (we
exclude the PMP policy variables from these regressions) for the full 1992-2011 sample in the
Appendix (see Appendix Table A.2). The estimates are similar.

Above, we discussed the benefits of Poisson estimation techniques. In Appendix Table
A.3, we provide log-linear instrumental variable estimates. Because the log of treatments is
undefined when the number of treatments is equal to zero, the sample size changes based on the
number of cells with zero treatments. The results are similar to the corresponding estimates
reported in Table 7, especially the full sample estimates and the ages 12-54 estimates.

Our estimates imply that states with higher elderly share experienced faster growth in
opioid abuse due to the implementation of Part D even for ages not directly affected by the
increase in prescription drug coverage. Individuals receiving Social Security Disability
Insurance (SSDI) are also eligible for Part D coverage and experienced a shock when Medicare
Part D was implemented. It is unlikely that the SSDI population is driving our results for the
under 65 age group given that we study the differential effect based on variation in elderly share
at the state-level. Even if the SSDI population itself was differentially impacted by Part D, we
would not observe this effect in our analysis if it is uniform throughout the country or any
differential state-level shocks were uncorrelated with elderly share.

We use the TEDS data to test this assumption more explicitly. Inthe TEDS, we observe
whether the expected primary payment source is Medicare. We also observe each individual’s

labor force participation, including “Retired, Disabled” as one option. We eliminate admissions
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in which the expected payment source is Medicare or the individual reports being
retired/disabled. The remaining admissions should not include individuals on SSDI. We re-
estimate equation (1) using only non-Medicare, non-Disabled admissions. We do this for all
ages, the 12-54 age group, and the 55+ age group. Note that by excluding retired individuals
from the 55+ age group, we are excluding a vast majority of older individuals.

We present these results in Table 9. The estimates are similar to our main TEDS results
in Table 7 for all ages and the younger age group. The results are slightly different for the older
age group though this is likely due to the exclusion of retired individuals (not people on SSDI).

We conclude that our main results are not driven by SSDI.

IV.c. Other Insurance Expansions

Other major state-level health insurance expansions occurred at or around the same time
as Medicare Part D. These expansions are not necessarily problematic for our empirical strategy
unless elderly share predicts state-level health insurance expansions. To test whether other
expansions are confounding our ability to isolate the differential impact of Part D, we exclude
Massachusetts and Oregon. In 2006, Massachusetts implemented a major health insurance
reform with large effects on the state insurance rate. In 2008, Oregon implemented a large
Medicaid expansion.

Table 10 presents IV-Poisson estimates for our major outcomes, excluding Massachusetts
and Oregon. The results are similar to our main estimates, suggesting that we are not conflating
the effects of other major insurance expansions with the differential impacts of Medicare Part D.

V. Discussion and Conclusion

In 2013 16,235 overdose deaths were caused by opioid pain relievers alone (CDC, 2015).

The new role or prescription opioids as the leading cause of injury death, causing more deaths
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than motor vehicle traffic crashes for people 25 to 64 years of age, has raised considerable alarm
and concern among public health officials and policy makers alike. While many strategies have
been offered to try to counteract the tide, explanations for why the rise has occurred in the first
place have been slower to come. This paper attempts to move the thinking forward by
examining one potential driver: expanding insurance coverage.

We find that one particular insurance expansion that focuses exclusively on expansion of
prescription drug benefits, i.e. Medicare Part D, has indeed been a significant contributor to the
rise in opioid sales and opioid treatment admissions since its implementation in 2006.
Instrumental variable techniques help us identify a rise in prescription drug distribution and
treatment episodes in states with a larger share of the Medicare aged population post
implementation of Medicare Part D. Importantly, however, we find that abuse, as indicated by
treatment admissions, rises more for the non-elderly (and in the case of the treatment data), non-
disabled population. In other words, we find evidence of diversion from those with legitimate
medical need (i.e. the Medicare population) to other individuals. We estimate that an additional
10% increase in Medicare Part D enrollment is associated with a 4% increase in opioid
prescriptions in the state, and an 8% increase in opioid treatment admissions. The larger impact
on treatment admission is likely due to the much smaller base of potential users; there are at most
tens of thousands of individuals misusing opioids in a given state, while there are billions of
opioids being distributed for medical purposes.

We also see positive associations with mortality, although the results are not statistically
significant. This may be due in part to the relative short panel in which we are examining what
is still a somewhat rare event. Supplemental analyses (not presented here) examining the

relationship over a longer time period (1990-2014) do suggest a statistically significant
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relationship, although we cannot be certain that this is real or simply caused by a much longer
pre-treatment period. Graphically, we can see a clear break in opioid-related mortality trends
post-2006 between states with a large share of elderly population from states with a low share of
elderly population particularly for the nonelderly population, which is the population most
affected in the treatment population.

The finding that insurance expansions, and in particular expansion of prescription
benefits for the elderly, has contributed to the rise in prescription drug abuse and mortality
among the nonelderly has important implications for understanding what we might expect of this
trend in the future. There are a number of provisions of the Affordable Care Act that explicitly
expand insurance to the previously uninsured, by offering dependent care coverage, promoting
Medicaid eligibility expansions, and supporting state and federal insurance exchanges. Itis
possible that as the ACA expands insurance coverage, we see an exasperation of the growing
trend in opioid misuse and mortality. Our evidence presented here suggests that there is clear
leakage from the medical market to those seeking to misuse the substance, as we find the
strongest impacts in terms of abuse on those under the age of 65 and not disabled. However, it is
also possible that private insurance-based mechanisms to reduce the risk of diversion, such as
lock-in programs and, are more effective than those administered through Medicare. Future
research should further explore the relative effectiveness of alternative tools, both insurance-

based and state or federal policy based, in light of the growing expansion in coverage.
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Figures

Figure 1: Opioid Use and Abuse
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Notes: We use ARCOS data to generate per capita opioid distribution, NVSS to create per capita opioid-related mortality,
and TEDS to calculate per capita substance abuse treatments for opiates. We normalize each time series to 100 in 2000. The
ARCOS time series spans 2000-2011; NVSS 1999-2010; TEDS 1992-2011.
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Figure 2: Opioid-Related Mortality

States with High Elderly Shares Versus States with Low Elderly Shares
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Figure 3: Opioid-Related Substance Abuse Treatments
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Figure 4: Opioid Distribution: Event Study
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Tables

Table 1: Summary Statistics

Variable Mean Standard Deviation
Substance Abuse Treatment per 100,000 49.19 49.22
Deaths per 100,000 3.75 2.58
Morphine Equivalent Doses per 100,000 1,411,359 669,103
Unemployment Rate 5.95 2.19
% Private Insurance 68.58 6.71
% 65+ 12.65 1.88
PMP Prescriber 0.32 0.47
PMP Proactive Requirement 0.05 0.22
PMP Real Time 0.13 0.34
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Table 2: Opioid Distribution

Poisson Estimates

Dependent Variable: Opioids (Morphine Equivalent)
Source: All Pharmacy Hospitals Practitioners

In(Part D per capita) — 0.208%**  (.249%F¢  (.369%** 1.154%
(0.073) (0.063) (0.105) (0.595)

PMP Prescriber 0.064***%  0.058%** -0.002 0.350%**
(0.020) (0.021) (0.018) (0.064)
PMP Proactive 0.037%* -0.004 0.028 -0.053
(0.019) (0.020) (0.045) (0.284)

PMP Real Time -0.097***  -0.064*** 0.011 -1.074%**
(0.029) (0.021) (0.021) (0.202)
In(% White) -0.194 -0.328 6.157** -9.745
(1.098) (1.063) (3.006) (6.366)
In(% Black) 0.015 0.048 -0.082 -1.727
(0.213) (0.220) (0.266) (1.627)

In(Unemployment Rate) — 0.132*%*  (.197%** -0.034 1.437%%*
(0.065) (0.066) (0.058) (0.421)

In(Median Income) -0.431* 0.088 -0.484 2.87

(0.238) (0.319) (0.492) (3.319)

log(% Private Insurance)  0.229 -0.019 0.101 8.197H4*
(0.252) (0.221) (0.232) (2.206)

N 612 612 612 612

Notes: ***Significance 1%, ** Significance 5%, * Significance 10%. Standard errors in
parentheses adjusted for clustering at state level. All regressions weighted by population.
Controls also included but not shown: state fixed effects, year fixed effects, In(Fraction
65+), and In(population). Substances in ARCOS data converted to morphine-equivalent.
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Table 3: Opioid Distribution

IV-Poisson Estimates

Dependent Variable: Opioids (Morphine Equivalent)
Source: All Pharmacy Hospitals Practitioners

In(Part D per capita) 0.432%1%  (0.424%%%  (0.466*** 1.015
(0.070) (0.066) (0.146) (0.974)

PMP Prescriber 0.055%* 0.047* -0.009 0.3547%%*
(0.022) (0.025) (0.019) (0.068)
PMP Proactive 0.039* -0.002 0.028 -0.047
(0.021) (0.023) (0.046) (0.292)

PMP Real Time -0.096***  -0.062%** 0.012 -1.078%***
(0.030) (0.021) (0.021) (0.212)
In(% White) -0.706 -1.013 5.860** -9.668
(1.213) (1.216) (2.958) (6.273)
In(% Black) -0.01 0.015 -0.108 -1.719
(0.219) (0.236) (0.276) (1.610)

In(Unemployment Rate) 0.109 0.167** -0.051 1.457%%*
(0.069) (0.073) (0.051) (0.416)
In(Median Income) -0.406* 0.11 -0.467 2.773
(0.246) (0.346) (0.496) (3.267)

log(% Private Insurance)  0.223 -0.027 0.1 8.246%+%
(0.252) (0.217) (0.230) (2.330)

N 612 612 612 612

Notes: ***Significance 1%, ** Significance 5%, * Significance 10%. Standard errors in
parentheses adjusted for clustering at state level. All regressions weighted by population.
Controls also included but not shown: state fixed effects, year fixed effects, In(Fraction
65+), and In(population). Substances in ARCOS data converted to morphine-equivalent.
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Table 9: Opioid-Related Substance Abuse Treatment Admissions: Excluding Admissions
with Medicare Payments and Disabled /Retired Individuals

IV-Poisson Estimates

Dependent Variable:  Opioid-Related Substance Abuse Treatments

In(Part D per capita) 0.747**  (0.763** 0.023
(0.337)  (0.338) (0.450)
Ages All Ages 12-54 Ages b5+
N 688 688 688

Notes: ***Significance 1%, ** Significance 5%, * Significance 10%.
Standard errors in parentheses adjusted for clustering at state level.
All regressions weighted by population. Controls also included but not
shown: PMP laws, In(% White), In(% Black), In(Unemployment Rate),
In(Median Income), In(% Private Insurance), state fixed effects, year
fixed effects, In(Fraction 654), and In(population). Population refers
to size of population for the relevant age group.
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Table 10: Excluding Massachusetts and Oregon

IV-Poisson Estimates

Dependent Variable: Treatments Deaths Opioids
In(Part D per capita) 0.750**  0.738%** | 0.316 0.35 0.408%+%*
(0.301) (0.283) (0.349)  (0.316) (0.071)

Ages All Ages 12-54 All Ages 0-64
Data Set TEDS TEDS NVSS NVSS ARCOS
N 660 660 588 588 588

Notes: ***Significance 1%, ** Significance 5%, * Significance 10%.
Standard errors in parentheses adjusted for clustering at state level.
All regressions weighted by population. Controls also included but not
shown: PMP laws, In(% White), In(% Black), In(Unemployment Rate),
In(Median Income), In(% Private Insurance), state fixed effects, year
fixed effects, In(Fraction 65+), and In(population). Population refers
to size of population for the relevant age group.
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