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Abstract

We investigate the role of person- and place-specific factors in the opioid epidemic by developing and
estimating a dynamic model of prescription opioid abuse. We estimate the model using the relationship
between cross-state migration and prescription opioid abuse among adults receiving federal disability
insurance from 2006 to 2015. Event studies suggest that moving to a state with a 3 percentage point
higher rate of opioid abuse (roughly the difference between the 20th and 80th percentile states) increases
the probability of abuse by 1 percentage point on-impact, followed by an additional increase of 0.20
percentage points per subsequent year. Model estimates imply large place effects in both the likelihood
of transitioning to addiction and the availability of prescription opioids to the addicted. Equalizing place-
based factors would have reduced the geographic variation in opioid abuse by about 50 percent over our
10-year study period. Reducing place effects on addiction transitions to the 25th percentile would have
twice the impact on opioid abuse after 10 years as the analogous reduction in place effects on availability
to addicts, though the comparison is reversed in the first few years.
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1 Introduction

The opioid epidemic is one of the most important US public health crises of recent decades. In 2017, deaths

from opioids were more than double the number of homicide deaths, and an order of magnitude higher than

cocaine-related deaths at the height of the 1980s crack epidemic (GAO 1991; Kochanek et al. 2019; NCHS

2021).

A distinguishing feature of the epidemic is the role played by legal prescription opioids such as oxy-

codone (Oxycontin) and hydrocodone (Vicodin). The opioid crisis emerged from physicians’ increased

willingness to prescribe legal opioids, which in turn was driven by pharmaceutical firms’ marketing efforts

and the medical profession’s decision to recognize pain as a “fifth vital sign” (Quinones 2016; Case and

Deaton 2020; Maclean et al. 2020). Prescription opioids continue to account for a large share of opioid

deaths today (CDC 2017a).

In this paper, we estimate a dynamic model of prescription opioid abuse that allows us to unpack the

drivers of the opioid epidemic along two key dimensions. First, we separate the roles of person-specific

and place-specific factors. Person-specific factors include characteristics such as age, smoking, childhood

adversity, mental health status, and prior substance abuse, whose importance has been emphasized in the

medical literature (Ives et al. 2006; Sullivan et al. 2010; Fischer et al. 2012; Webster 2017). They also

include individual economic circumstances such as employment and income that have been highlighted in

influential work by Case and Deaton (2015; 2017; 2020) documenting the rise of what they term “deaths of

despair.” Place-specific factors include the propensity of local physicians to prescribe opioids for what they

believe to be legitimate reasons (Barnett et al. 2017; Schnell and Currie 2018; Eichmeyer and Zhang 2021),

the availability of unscrupulous providers and “pill mill” pain clinics (Lyapustina et al. 2016; Rutkow et al.

2015), and the presence of policies such as triplicate prescription programs (Alpert et al. 2019).1

Second, we distinguish between place factors that impact the likelihood that individuals transition to and

from addiction and place factors that influence the ease with which existing addicts can obtain prescriptions.

The former, which we refer to as the addiction channel, would include factors like the willingness of physi-

cians to give first-time prescriptions to patients suffering from pain, and it would be particularly influenced

by policies like prescribing limits for such opioid “naive” patients (Sacks et al. 2021). The latter, which we

refer to as the availability channel, would include factors like the presence of pill mills, and it would be

particularly affected by policies such as prescription monitoring programs (Buchmueller and Carey 2018;

1Other examples of policies include naloxone access laws (Doleac and Mukherjee 2018; Rees et al. 2019), opioid prescribing
limits (Sacks et al. 2021), and prescription monitoring programs intended to limit abuse (Kilby 2015; Meara et al. 2016; Buch-
mueller and Carey 2018; Kaestner and Ziedan 2019). Area-specific peer effects (Khan et al. 2019; Powell et al. 2020) will also be
captured as place factors in our framework.
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Kaestner and Ziedan 2019; Meara et al. 2016; Kilby 2015) and pill mill laws (Lyapustina et al. 2016; Rutkow

et al. 2015).

Decomposing the role of these different factors is important for understanding how different public

policies could have affected the epidemic. It is also essential for understanding the wide geographic variation

that has been observed in the intensity of the epidemic. Prescribing per capita varies by a factor of more

than two between the 10th and 90th percentile states (McDonald et al. 2012; Schieber et al. 2019), and the

crisis has been especially severe in Appalachia, New England, and the West (Katz 2017; Guy et al. 2017).

In our model, an individual may transition into or out of addiction, with probabilities that depend on

both person- and place-specific factors. Whether or not an individual abuses opioids depends on her state

of addiction as well as place-specific supply (i.e., availability) factors. The model yields rich predictions for

variation in the dynamics of the epidemic across space and time. It suggests that changes in abuse rates when

people move can identify the relative importance of person and place-specific factors, with the evolution

of abuse rates following moves further distinguishing between the place-based addiction and availability

channels.

We estimate the model using data on prescription opioid use from 2006 to 2015 among adults enrolled

in the Social Security Disability Insurance (SSDI) program, the federal public insurance program for the

disabled. Opioid use is especially prevalent in this population. Roughly half of SSDI recipients receive an

opioid prescription each year (Meara et al. 2016; Morden et al. 2014), a rate considerably higher than the

rest of the population.2 We take advantage of rich panel data on prescription drug use for about 2.4 million

SSDI recipients. Crucially for our purposes, the SSDI population has a relatively fixed level of government

benefits and extremely tight limits on additional earnings, so that we can rule out large changes in individual

income or employment in driving changes in behavior around the times when people move.

To define prescription opioid abuse, we follow a standard approach in the literature (e.g., Ciesielski

et al. 2017; Meara et al. 2016; Larrick 2014) and measure abuse for each individual-year with an indicator

for prescriptions that result in a daily morphine-equivalent dose (MED) of more than 120 mg in any calendar

quarter. This measure is strongly correlated with adverse outcomes such as opioid poisonings and opioid

dependence in both our data and in other populations.

We begin with event study estimates of changes in opioid abuse when individuals move across state

lines. We find that individuals moving to higher-opioid abuse areas immediately begin abusing opioids

2The share of opioid prescriptions accounted for by SSDI recipients is almost three times higher than their population share.
SSDI recipients account for less than 5 percent of the adult population, and we estimate that adult SSDI recipients account for about
13 percent of all opioid prescriptions (Autor 2015; SSA 2017; CDC 2017b; authors’ calculations). We calculate SSDI recipient
opioid use by multiplying the average opioid use per SSDI recipient on Medicare Part D (observed in our data) by the total number
of SSDI recipients.
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at higher rates, and those moving to lower-abuse areas immediately begin abusing at lower rates. These

impacts increase in the subsequent years post-move. For example, we estimate that moving from a state at

the 20th percentile of opioid abuse to a state at the 80th percentile of opioid abuse (about a 3 percentage

point increase) causes an immediate jump in opioid abuse of 1 percentage point followed by a continued

increase of about 0.20 percentage points per subsequent year.

Viewed through the lens of our model, the large on-impact effects of moving are consistent with a

large role for place-specific factors that affect availability. The continued post-move convergence in abuse

rates additionally suggests an important role for place-specific factors that affect transitions to addiction.

Consistent with this interpretation, when we proxy for an individual’s state of addiction with her prior

opioid use, the results suggest that for prior opioid users, moving to a higher-abuse state is associated with

a sharp on-impact increase in prescription opioid abuse along with further increases post-move, whereas for

opioid-naive patients, there is little or no on-impact change, but a steady increase post-move.

We estimate the model using method of moments. We use moments that measure the average rate

of opioid abuse each year before a move and each year after a move, separately for about 12,500 mover

cohorts, defined by their origin and destination states and the year in which their move occurs. Event studies

simulated based on the estimated parameters match the observed event studies reasonably well.

The estimated parameters allow us to analyze the impact of different channels in contributing to pre-

scription opioid abuse. This reveals a quantitatively important role for both person-specific and place-

specific factors, and among place-specific factors, a particularly large role for the addiction channel. We

estimate—counterfactually—that equalizing place-specific factors during our study period would have elim-

inated about half of the cross-state variation in opioid abuse. We also estimate the equalizing addiction

transition probabilities - which include both place and person components - would have reduced the cross-

state variation in opioid abuse by three times more than eliminating place-specific availability of opioids to

addicts.

Finally, we consider the relative impact of policies that reduce the place-specific availability channel

—for example, through pill mill laws and prescription monitoring programs–to that of policies that reduce

the place-specific addiction channel - for example through policies that regulate physician prescribing be-

havior for opioid naives. Specifically, we examine the impact on opioid abuse of reducing states’ place-based

addiction transition rates to the 25th percentile of the state distribution and of reducing states’ place-based

availability to addicts to the 25th percentile of the availability distribution. We find that by the end of our

10-year study period, the reduction in the place-based addiction channel would have reduced opioid abuse

by twice the amount as a reduction in the availability channel. At the same time, our estimates reveal an im-
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portant temporal dimension to this trade-off, with the impact of reducing the availability channel relatively

greater in the short run and the impact of reducing the addiction channel relatively greater in the longer-run.

An important limitation to these conclusions is that the place-specific factors that we measure only

capture changes in prescription opioid abuse; our data do not permit a direct examination of potential sub-

stitution to illegal forms of opioids such as heroin. Further analysis of the determinants of illegal opioid use

is an important area for future work, particularly as illegal opioids have started to play a larger role in the

epidemic, especially in more recent years beyond our study period (Maclean et al. 2020).

Our results speak to an ongoing debate over the relative importance of different factors in driving the

opioid epidemic. Much of this work has been based on examination of the correlations between patterns

of rising opioid abuse and changes in other factors. Case and Deaton (2015; 2017; 2020) and others have

pointed to the important role of individuals’ economic circumstances and related demand-side factors (Car-

penter et al. 2017; Hollingsworth et al. 2017; Dean and Kimmel 2019; Venkataramani et al. 2020). Others

have argued that the patterns of increased drug deaths and opioid abuse across states suggest an important

role for the availability of drugs and little, if any, role for economic decline (Ruhm 2018; Currie et al. 2019;

Currie and Schwandt 2020; Cutler and Glaeser forthcoming).3 Charles et al. (2019) conclude that both

economic conditions and opioid supply have played in rising local opioid use and deaths.

We develop an explicit model of opioid addiction, and we use a different empirical strategy, based on

individuals moving across states, to separate person-specific and place-specific factors, and to distinguish

among different types of place-specific factors. Our strategy is similar to one we have used in prior work to

understand the determinants of geographic variation in the elderly’s health care utilization (Finkelstein et al.

2016), but extends the approach to allow for non-separability in the outcome equation of person-specific and

place-specific factors, as well as allowing for distinct place-specific channels.4 This mover-based empirical

approach fits more broadly into a large and growing prior literature using changes in location to separate the

effects of individual characteristics from the effects of geographical or institutional factors on a wide range

of economic outcomes (e.g. Card et al. 2013; Chetty et al. 2014; Chetty and Hendren 2018a,b). Most of this

prior literature has assumed separability between person-specific and place-specific factors in the outcome

equation.5

3Other work suggests that economic decline may be a result of opioid abuse itself (Laird and Nielsen 2016; Krueger 2017;
Aliprantis et al. 2019; Harris et al. 2020).

4Finkelstein et al. (2016) in turn draw on earlier work in the health care space that exploited patient migration (Song et al. 2010)
and physician migration (Molitor 2018). Most closely related to the current paper, Laird and Nielsen (2016) exploit individual
moves across municipalities in Denmark to generate quasi-random matches between individuals and physicians and estimate that
treatment by a physician with a higher rate of opioid prescribing is associated with both more use of prescription opioids and a
decline in labor market activity.

5The study of habit formation in consumer purchases by Bronnenberg et al. (2012) is one exception.
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Finally, our analysis of the sources of geographic variation in prescription opioid abuse contributes to

the large literature on the causes and consequences of geographic variation in health care utilization and

treatment. Skinner (2011) provides a review of this literature. The important role we estimate for place-

specific factors that affect transitions to addiction is consistent with the existing widespread evidence of

substantial geographic variation in treatment practices that involve tradeoffs across different objectives, such

as whether to order a test or whether to engage in aggressive treatment or “watchful waiting” in response to

early detection of prostate cancer.

The rest of the paper proceeds as follows. Section 2 describes the setting and data. Section 3 introduces

the model. Section 4 presents estimates from mover event studies and discusses how the resulting patterns

can be interpreted in light of the model. Section 5 estimates the model and presents our analysis of the

impacts of counterfactual place-based policies. The last section concludes.

2 Setting and Data

We study prescription opioid abuse over the ten year period from 2006 to 2015. During this time period, the

opioid epidemic was already firmly established, but the crisis was still primarily one of prescription abuse

(see Appendix Figure A.1).

We analyze prescription opioid use among adults enrolled in the Social Security Disability Insurance

(SSDI) program, the federal public insurance program for the disabled. SSDI provides both income and

medical insurance (Medicare) to workers experiencing long-term disability. Medical insurance coverage

begins two years after eligibility for income payments. Over 8 million disabled workers (and 2 million

spouses and dependents) received SSDI benefits in 2010, and SSDI expenditures comprised over seven

percent of federal non-defense spending. About one-third of SSDI expenditures reflect Medicare costs

(Autor 2015). Once on SSDI, it is rare for individuals to exit SSDI and return to the labor force; most exits

are either due to death or to reaching age 65 and so qualifying for Social Security old-age benefits (Autor

and Duggan 2006). While on SSDI, recipients’ income and labor market status tends to be stable; they are

not allowed to have monthly labor market earnings above a low limit, which was $1,090 per month in 2015

(SSA 2017).

Several features of this population make it particularly attractive for our analysis. First, the stringent

limits on labor market activity allow us to abstract from potential changes in opioid abuse driven by large

changes in individual employment or income around the time they move. Second, rates of opioid use are

high among this population (Meara et al. 2016; Morden et al. 2014). And third, through the Medicare data
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we are able to observe detailed, panel data on their prescription opioid use.

We use data from SSDI recipients included in a 20 percent random sample of Medicare beneficiaries.6

We focus on the approximately three-quarters of SSDI recipients who are also enrolled in Medicare Part

D. This voluntary, heavily subsidized prescription drug benefit program has been available to Medicare

enrollees since 2006. They can enroll in it either through a stand-alone Part D plan or through Medicare

Advantage—a set of private insurance plans that offer an alternative form of health insurance to traditional

Medicare. The Part D enrollment rate among SSDI Medicare recipients is slightly higher than the 60 percent

rate among elderly Medicare recipients (Cubanski et al. 2016). Adults with sufficiently low earnings prior

to the onset of disability also quality for Medicaid - the public health insurance program for qualifying low

income adults; dual eligibility for Medicaid and Medicare ensures that beneficiaries have Part D coverage,

and face no out of pocket expenses for covered health care.

We are able to follow Part D enrollees in a panel over time, and observe basic demographic information

including gender, age, race, Medicaid enrollment, and zip code of residence, defined annually as the address

on file for Social Security payments.7 We use our detailed, claim-level data to observe the drug and dosage

of filled prescriptions as well as the identity of the prescriber; prior work has also used the Medicare Part D

prescription drug claims data to measure prescription opioid use (e.g. Buchmueller and Carey 2018; Meara

et al. 2016; Morden et al. 2014). For the approximately three-quarters of our enrollee-years who are not

enrolled in Medicare Advantage, we also observe inpatient and outpatient claims which we use to develop

various measures of adverse opioid outcomes.

Sample construction We define all outcome variables for year t to be aggregates of claims from January

through December of year t, and analyze data for 10 years: t = 2006 through t = 2015. From our original

20 percent sample of all Medicare enrollees (15.6 million enrollees; 103 million enrollee-years) we limit

ourselves to the 3.5 million enrollees (23.5 million enrollee-years) whose original source of Medicare eli-

gibility was from SSDI. We further restrict to enrollee-years with 12 months of Medicare Part D coverage,

which excludes approximately 930,000 enrollees and 8.8 million enrollee-years.

Our baseline geographic unit of analysis is a state, although we show robustness of our descriptive

analysis to other levels of geography such as county and commuting zone. We define individuals to be

6Unlike Medicare for the elderly, enrollment in SSDI is not limited to those over 65 years of age, so our data includes a wide
range of ages.

7We obtain data on zip code of residence from the Medicare Denominator File for years 2006-2008 and Beneficiary Summary
File (BSF) for years 2009-2015. In the Medicare Denominator File, a beneficiary’s zip code of residence each year is determined
by her address on file as of March 31st of the following year; in the BSF, a beneficiary’s zip code of residence is determined by
her address on file as of December 31st that year. More information is available here: https://www.resdac.org/articles/
medicare-eligibility-and-enrollment-files-rif-versions.
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“non-movers” if their state of residence is the same throughout our sample period. We define individuals to

be “movers” if their state of residence changes exactly once during this period.

Starting from a sample of 215,000 enrollees who change their state of residence at least once, we impose

several additional restrictions to arrive at our sample of 90,000 movers. We exclude the approximately

25,000 movers who moved during the last year in the sample since we cannot observe their post-move

behavior. We exclude about 65,000 movers who changed their state of residence more than once between

April 2006 and December 2015. We exclude the 90,000 enrollee-years more than five years pre- or post-

move. Finally, we follow the approach developed in Finkelstein et al. (2016) and exclude about one-quarter

of the remaining movers whose share of prescription claims in their destination state, among claims in either

their origin or destination state, is not at least 0.75 higher in the post-move years relative to the pre-move

years.8 Appendix Figure A.2 shows that our approach successfully identifies the timing of moves, with

about 50 percent of origin or destination claims in the move year located in either a mover’s origin or her

destination.

Our final sample contains 90,890 movers (521,523 enrollee-years) and 2,325,094 non-movers (13,349,773

enrollee-years).

Measuring opioid abuse Opioids are both a risky addictive drug and a critical source of relief for patients

suffering acute pain. This makes it difficult to determine with certainty which prescriptions are consumed

or diverted for non-medical purposes, and which are part of a medically appropriate treatment plan. Even

in a clinical setting, physicians may struggle to identify opioid abuse when a patient may be feigning pain

(Parente et al. 2004).

While there is no consensus gold standard measure of opioid abuse among clinicians or medical re-

searchers (Sullivan et al. 2010; Turk et al. 2008), the medical literature studying the opioid epidemic has

developed several proxies for likely opioid abuse based on prescription data (Hall et al. 2008; Larrick 2014;

Logan et al. 2013; Meara et al. 2016; Morden et al. 2014; Sullivan et al. 2010; Jena et al. 2014; White et al.

2009; Rice et al. 2012; Cepeda et al. 2012). These measures identify patterns in prescriptions at the person-

year level that are correlated with adverse drug outcomes such as opioid misuse (use for a non-medical

8Note that we do not directly observe the location of Part D claims, but we do observe the identification number of the
prescriber. We define the prescriber’s location in a given year as the state where they have at least 60 percent of their inpatient,
outpatient, and carrier claims for that year. We do not define a location for any prescriber that does not have at least 60 percent of
their annual claims within a single state. On average, for our non-mover SSDI population, we estimate that about 97 percent of
opioid prescriptions filled are prescribed by a doctor who practices within the individual’s state of residence. Note that our measure
of the change in the claim share in a given location is not defined for movers who do not have at least one claim both pre- and
post-move. We exclude these cases if: (i) they have no post-move claims and a pre-move destination claim share greater than 0.05;
(ii) they have no pre-move claims and a post-move destination claim share less than 0.95. See Finkelstein et al. (2016) for more
discussion.
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purpose), dependence, emergency room visits, and overdose deaths (Braden et al. 2010; Bohnert et al. 2011;

Dunn et al. 2010; Jena et al. 2014; Logan et al. 2013; Ciesielski et al. 2017; Klimas et al. 2019; Wei et al.

2019; Brat et al. 2018; Rough et al. 2019).

We construct three proxies for opioid abuse that have been used in the prior literature: (i) an indicator

for an individual filling prescriptions that result in an average daily morphine equivalent dosage (MED) of

more than 120 mg in any quarter of the year (“High MED”); (ii) an indicator for filling prescriptions with

four or more unique physicians in a year (“Many Prescribers”); (iii) an indicator for filling a new opioid

prescription before the end of a previous prescription (“Overlapping Prescriptions”). Appendix A provides

more detail on the construction of each measure and their correlations with each other and with subsequent

adverse outcomes in our data.

We define our primary abuse measure to be “High MED” because it is the most predictive of subsequent

adverse outcomes in our data. We show robustness of our descriptive results to the other measures. Our

use of this measure follows Ciesielski et al. (2017), Larrick (2014), Meara et al. (2016), and Sullivan et al.

(2010). The dosage required for abuse is above the 96th percentile of person-quarter observations in our

data (and above the 93rd percentile among enrollees who are prescribed any opioids in the year); it is about

six times higher than the average quarterly dosage in our sample and three and a half times higher than the

average quarterly dosage among those with any opioid use in the year. Using the typical Vicodin dosage, it

would correspond to 24 Vicodin pills each day during a three-month period.

Finally, for some of our descriptive analyses, we will find it useful to distinguish among patients based

on their prior opioid history. Following the standard definitions in the literature (Deyo et al. 2017; Sun et al.

2016), we define an “opioid naive” as a migrant who filled no opioid prescriptions in the year before the

move (r =−1), and a “prior user” as a migrant who filled an opioid prescription in the year before the move.

Summary statistics We report summary statistics for our study population of movers in Table 1, column

1. Slightly over one-half of movers are female, and approximately three-quarters are white. Almost three-

fifths receive Medicaid, and their average age is 56. In just under half of enrollee-years there is at least

one opioid prescription, which is consistent with the previously-documented high rate of opioid use in the

disabled population (Meara et al. 2016; Morden et al. 2014). About five percent of enrollee-years meet the

definition for abuse. Those whom we can characterize are roughly evenly divided between opioid naives and

prior users; almost one-fifth of mover-years have no Part D data in the year before move and are therefore not

characterized as an opioid naive or a prior user in the year prior to move. Relative to non-movers (column

2), movers are somewhat more likely to be female, white, on Medicaid, and younger. Movers also exhibit
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somewhat higher rates of prescription opioid use and abuse.

Among our movers, the average distance between their origins and destinations (measured between the

population-weighted state centroids based on the 2010 census) is 797 miles, with a median move of 638

miles and a standard deviation of 617 miles. The median state receives 1,462 movers and the mean state

receives 1,779. Florida is the most common destination state (about 13% of movers) and also the most

common origin state (8.7% of movers). The least common destination is the District of Columbia (0.2% of

movers) and the least common origin is North Dakota (0.2% of movers).

Figure 1 shows the distribution of the rate of opioid abuse across states for our full sample. New Eng-

land, Appalachia, the Southwest, and the Northwest are all particularly hard-hit. There is also considerable

variation within regions. For example, within New England, the average abuse rate in New Hampshire is

more than twice that of the neighboring state of Massachusetts, while in the Midwest, the abuse rate in

Montana is more than two and a half times higher than that of the neighboring state of North Dakota.9

3 Model

We build a dynamic model of opioid addiction and abuse. We consider a population of people i living in

locations j in years t, with j (i, t) denoting i’s location in year t. Each person is either a non-mover who

stays in a single location in all periods or a mover who changes location exactly once. We denote the set of

non-movers in location j by I j . We define a cohort of movers by their origin j, destination k, and move

year m, and index these cohorts by c. The set of movers in cohort c is Ic , and we let m(c), o(c), and d (c)

denote cohort c’s move year, origin, and destination. We let r (c, t) ≡ t−m(c) denote the year relative to a

cohort’s move.

In each year t, person i may be either addicted to prescription opioids or not addicted. We denote

this addiction state by ait ∈ {0,1}, with ait = 1 indicating that i is addicted in year t. The state evolves

stochastically with probabilities of transitioning into or out of addiction that depend on both person- and

place-specific factors. The probability of transitioning to addiction is given by π
+
j +η

+
i and the probability

of transitioning out of addiction is given by π
−
j +η

−
i , where the π and η terms represent place and person-

9We cannot compare the pattern of abuse as we measure it in our population to that of the general population. However, in
Appendix B we have confirmed that national trends and state-level variation in opioid prescriptions per capita in our population are
similar to that in the general population, although the level of opioid prescriptions is substantially higher for our disabled population.
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specific factors respectively. Thus,

Pr (ai,t = 1| j (i, t) = j) =


1−π

−
j −η

−
i if ai,t−1 = 1

π
+
j +η

+
i if ai,t−1 = 0.

We let π j =
[

π
+
j π

−
j

]
and ηi =

[
η
+
i η

−
i

]
.

Because underlying drivers of addiction and abuse have changed dramatically over time, we do not focus

on the steady state of this model but rather study the evolution of addiction patterns beginning from an initial

state that we estimate. The addict share a jt among non-movers in location j is defined recursively as

a jt =
1∣∣I j
∣∣ ∑

i∈I j

(
1−π

−
j −η

−
i

)
ai,t−1 +

(
π
+
j +η

+
i

)
(1−a j,t−1) ,

where the initial addiction states ai0 are parameters to be estimated and
∣∣I j
∣∣ denotes the number of non-

movers in location j.

Our main observed outcome of interest is abuse of prescription opioids. We treat this as binary, letting

yit ∈ {0,1} be an indicator for whether person i abuses prescription opioids in year t. We assume that the

probability an addict abuses opioids is a function of place and time-specific factors, including local supply-

side conditions. We assume that non-addicts never abuse opioids.

Thus opioid abuse is determined by

Pr (yit = 1| j (i, t) = j) =


γ jt if ait = 1

0 if ait = 0.

Thus expected abuse conditional on the addiction state is aitγ jt . As a shorthand, we refer to the parameter

γ jt as “opioid availability” in location j and time t.

In the empirical analysis, we will observe opioid abuse yit and the location of each individual, but not

their underlying addiction state ait . We cannot directly observe the binary addiction state ait , since not all

addicts are prescribed opioids in a given year. The key identification challenge will therefore be to separately

pin down the opioid availability parameters γ jt , the place-specific and person-specific addiction parameters

π j and ηi, and the initial addict shares a j0. As we will discuss, the patterns of opioid abuse around moves to

and from different locations will be crucial for identification.

A main focus of the analysis will be characterizing the component of abuse that can be attributed to

the causal effect of place. For an addict (ait = 1), the causal effect on abuse of moving from an original
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location o(i) to a new location d(i) in period t is
(
γd(i)t − γo(i)t

)
. The causal effect for a non-addict is zero.

Thus, the average causal effect of such a move in period t for a population in which share at is addicted

is at
(
γd(i)t − γo(i)t

)
. Over time, the share addicted at will also be affected by the move via place-specific

addiction parameters.

To define the causal effect in full generality, we can define a set of potential outcomes yit (h), where

h = ( j1, j2, , , jt) is a vector indicating the history of locations in which i lived in each year 1, ..., t, and where

yit (h) is the outcome yit that would occur under history h. We can then define the period-t average treatment

effect on movers in cohort c of moving relative to remaining in their origin as:

Tct = Ei∈Ic

[
yit (hct)− yit

(
h0

ct
)]

(1)

where h0
ct is the t-history where all elements are equal to o(c) and hct is the t-history in which the first m(c)

elements are o(c) and the remaining elements are d (c). It is straightforward to show that

Tct =


0 t ≤ m(c)

actγd(c)t −ao(c)tγo(c)t t > m(c)
(2)

where act is the realized share addicted in cohort c at time t. We can rewrite the term for years after the

move as

Tct =
(
act −ao(c)t

)
γd(t)+ao(c)t

(
γd(c)t − γo(c)t

)
,

interpreting the first term as the treatment effect due to the addiction channel and the second as the treatment

effect due to the availability channel.

4 Descriptive Evidence

We present descriptive evidence on how opioid abuse changes with the timing and direction of moves, and

how these patterns vary across individuals with different probabilities of addiction. We show how these

patterns can be interpreted in light of the model in Section 3 to provide an initial sense of the relative

importance of place- and person-based factors in contributing to geographic variation in opioid abuse, as

well as the relative importance of the two different place-based channels, availability and addiction.
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4.1 Event Study Specification

For each cohort c, we define δct to be the difference in the average rates of opioid abuse among non-movers

in period t between the cohort’s destination d(c) and origin o(c) :

δct = ȳd(c)t − ȳo(c)t .

We estimate δct with its sample analog δ̂ct , calculated based on the full sample of non-movers shown in

Table 1, column 2.

Our event study specification follows recent work emphasizing the importance of allowing for flexibility

in treatment effects across different treated units (e.g. Sun and Abraham 2020, Callaway and Sant’Anna

2020, and de Chaisemartin and D’Haultfœuille 2020). We begin by regressing yit on location-year fixed

effects and five-year age bins xit in the sample of non-movers (our “control” group). We then compute

predicted values using the estimated coefficients for each mover in our data, and subtract these predictions

from yit to form residuals ỹit . Using only non-movers for the prediction step guarantees that the location-year

fixed effects and age coefficients are not contaminated by the treatment effects themselves.

We then estimate the following event study on the sample of movers separately by move year m:

ỹit = µr(c,t)δ̂ct + εit , (3)

where c on the right-hand side is the cohort c to which i belongs, µr(c,t) are relative-year-specific coeffi-

cients on δ̂ct , and εit is an error term. The event study coefficients µr(c,t) are the main estimates of interest;

they show the pattern of opioid abuse around moves as a function of the difference in the abuse rate of the

destination relative to the origin. Differencing out predicted abuse rates by origin by year allows for dif-

ferential trends in opioid abuse rates across areas, while differencing out predicted abuse rates by five-year

age bin allows for trends in abuse by age. Because we estimate the event study separately by move year,

we are allowing for heterogeneous treatment effects by the timing of the treatment. Following Callaway

and Sant’Anna (2020), we summarize the event study coefficients that we estimate separately for each move

year m with a simple weighted (by sample size) aggregation of these coefficients.

To facilitate precise interpretation of the event study, we do not include additional controls in equation

(3). We show below that the results are robust to adding individual fixed effects (which would allow for

fixed differences across movers in the probability of opioid abuse) as well as indicators for the year relative

to the move year (which would allow for potential direct impacts of moving itself on opioid abuse).
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Interpretation

Under the assumption that all movers are randomly drawn from the population of their origin location, the

event study coefficients µr can be interpreted as a weighted average of cohorts’ treatment effects Tct relative

to the average difference in outcomes between their origin and destination. We will examine the pattern of

coefficients prior to move as one way to investigate the validity of this random selection assumption.

Proposition 1. The probability limit of the event study coefficients µ̂r in equation (3) estimated on the sample

of movers with move year m is

µr = ∑
c∈Cm

wc
Tct(

yd(c)t − yo(c)t

) (4)

where t = m+ r, Cm is the set of cohorts with move year m, wc ≡
|Ic|·δ 2

c(i),t

∑c∈Cm |Ic|·δ 2
c(i),t

is the weight given to each

cohort c with |Ic| denoting the number of individuals in that cohort.

Proof. See Appendix C.

The weights wc in Proposition 1 are increasing in the number of individuals in a cohort and the difference

in abuse rates between their origin and destination.

To build intuition for what we can learn from the pattern of event study coefficients, consider a popu-

lation consisting of a single cohort c with origin o(c) and destination d (c). Recall from equation (2) that

Tct must be zero in years prior to the move, and thus µr for r ≤ 0 must be equal to zero as well. In years

following the move we have Tct = actγd(c)t − ao(c)tγo(c)t and yd(c)t − yo(c)t = ad(c)tγd(c)t − ao(c)tγo(c)t . Thus,

we can rewrite µr for r > 0 as

µr =
actγd(c)t −ao(c)tγo(c)t

ad(c)tγd(c)t −ao(c)tγo(c)t
. (5)

We consider four special cases.10

Case 1: Only Person Effects Suppose, first, that neither availability effects γ jt nor transition probabilities

π j vary across the origin and destination. Then all geographic variation is due to person effects. Abuse rates

differ across places only because of differences in the distribution of initial addiction states ai0 and addiction

propensities ηi. In this case, we have γd(c)t = γo(c)t and also act = ao(c)t (since addiction rates do not depend

10Note that, as discussed in Section (2), a mover is in their origin in relative year −1 and in their destination in relative year 1.
In relative year 0, however, the individual may be either in their origin or destination. In discussing how the model can be used
to interpret these event study coefficients, we abstract away from this empirical reality and discuss the effects of an instantaneous
move. However in the visualization of our various examples in Figure 2 below, we replicate uncertainty around the mover’s location
in relative year 0.
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on location). Thus, µr = 0 for all r > 0, and the event study plot will be flat at zero with no jump on move.

Panel A of Figure 2 illustrates this case.

Case 2: Only Availability Place Effects Next, consider the case where availability effects γ jt differ across

the origin and destination but the transition probabilities π j and the distributions of ai0 and ηi do not. Abuse

rates differ across places only because of differences in the ease with which addicts can obtain opioids, and

all geographic variation is due to place effects in availability. In this case, we have act = ao(c)t = ad(c)t , since

the evolution of addiction rates does not depend on location. Thus, µr = 1 for all r > 0, and the event study

plot will jump from zero to one on move and remain flat at one thereafter. Panel B of Figure 2 illustrates

this case.

Case 3: Person and Availability Effects Next, we combine the above two cases and allow both γ jt and

the distributions of person-specific factors ai0 and ηi vary across the origin and destination, but continue to

assume the transition probabilities π j do not vary across locations. Then we have act = ao(c)t but ao(c)t 6=

ad(c)t . In this case, we can write the event-study coefficient for r > 0 as

µr =
ao(c)t

(
γd(c)t − γo(c)t

)(
ad(c)t −ao(c)t

)
γd(c)t +ao(c)t

(
γd(c)t − γo(c)t

) .
Here, the first (addiction) term in the denominator is due only to differences person-specific factors and the

second (availability) term is due only to differences in place-specific availability. The event-study coefficient

gives the share of the overall difference in outcomes due to the latter. Provided that the sign of this effect is

the same as the sign of the difference in addiction rates
(
ad(c)t −ao(c)t

)
, this share will lie between zero and

one. The event study plot will show an on-impact jump equal to this share and have no trend following the

move. Panel C of Figure 2 illustrates this case.

Case 4: Adding Place-Specific Transitions to Addiction Finally, we generalize the previous case to now

also allow transition probabilities π j to also vary across the origin and destination. This means that act will

differ from both ao(c)t and ad(c)t , and we cannot simplify the expression for µr beyond equation (5).

However, we can build some intuition by thinking about how act will evolve. Consider, for simplicity,

the case where the destination has higher abuse rates due to both availability and addiction: γd(c)t > γo(c)t ,

π
+
d(c) > π

+
o(c),π

−
d(c) < π

−
o(c), and ad(c)t > ao(c)t .

Note, first, that immediately after the move act will be close to ao(c)t . This means that the on-impact jump

in the event-study plot will have the a similar interpretation as in case 3, roughly interpretable as the share
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of differences in outcomes that are due to place-specific availability factors. Next, consider the changes in

act post-move. If most variation in addiction rates is due to person-specific factors ai0 and ηi, act will remain

close to ao(c)t and the event study plot will remain flat post-move as in case 3. If a large share of variation is

due to the place-specific factors π j, act will gradually increase following the move from a level close to ao(c)t

in the direction of ad(c)t . This positive post-move trend in the event study plot is a signature of variation in

π j playing an important role. If that variation is sufficiently important that the addiction rates among movers

eventually converge to the destination level ad(c)t , the event study coefficients µr will eventually converge

toward 1. Panel D of Figure 2 illustrates this case.

4.2 Results

Aggregate Event Studies

Figure 3 shows the distribution of δ̂ct across individual movers and years. The mean value is close to zero and

the distribution is roughly symmetric, implying that moves from low- to high-abuse states are as common

as moves from high- to low-abuse states. About one-ninth of movers have a δ̂ct of three percent or more

in absolute value, which is roughly the equivalent to the difference between the 20th and 80th percentile

state-level average abuse rates over our full sample period.

Figure 4 shows our aggregate event-study results, plotting a simple weighted aggregation of the coef-

ficients µ̂r(i,t) as estimated across move years and normalizing the coefficient for relative year −1 to zero.

This normalization adjusts for any time-invariant migrant-specific differences in the level of the outcome

that are correlated with the migrant’s origin and destination states.

Figure 4 indicates little systematic trend pre-move, which is supportive of our identifying assumption

that matched non-movers serve as valid controls. It also shows the two distinct features that we might

expect based on our most general Case 4 above: an immediate jump in abuse upon move and a gradual

post-move convergence. As discussed, the magnitude of the jump in abuse upon move provides a rough

measure of the share of the difference between a typical origin and destination attributable to differences

in opioid availability to addicts. This might reflect place-specific factors such as the availability of “pill

mill” pain clinics or prescription monitoring programs intended to limit abuse. In addition, the significant

post-trends that we see suggest that place-specific transitions to addiction play a significant role. This might

reflect place-specific factors such as peer effects, social learning, and the propensity of local physicians to

initiate opioid prescriptions. These features suggest that both transitions to addiction and opioid availability

to addicts play a significant role in explaining cross-sectional variation.
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Column 1 of Table 2 provides a quantification of these estimates, summarizing the average values of

µ̂r at various time horizons r post-move. One year after moving, we estimate that this coefficient is 0.328

(standard error = 0.051). Five years after moving, this estimate grows to 0.608 (standard error = 0.029). To

illustrate these dynamics, consider locations with a stable 3 percentage point difference between non-movers

in the rate of opioid abuse—approximately equivalent to the difference between the 20th percentile state

and the 80th percentile state in average abuse rates over our full sample period. A move between these two

locations would be associated with an immediate increase in the likelihood of abuse of 1 percentage point

in the year after moving, or about one-third of the cross-sectional gap between these areas. On average, the

likelihood of abuse would continue increasing by about 0.20 percentage points each subsequent year after

the move, with more than three-fifths of the cross-sectional gap closed by five years after the move.

Figure 5 provides an alternative way to visualize changes in the rate of opioid abuse around moves. We

consider all mover observations between 1-5 years pre-move and 1-5 years post-move. We begin by dividing

these movers into ventiles according to the average destination-origin differences in non-mover abuse rates

( ¯̂
δct) over all observed periods. We then plot the average change in opioid abuse rates over the 1-5 years post

move, compared to the 1-5 years prior to move for each ventile of destination-origin differences. The results

show a clear positive relationship, with the slope (0.25) similar to the size of the discrete jump upon move

observed in the event study in Figure 4. This plot also suggests that the relationship between the size of

the move and the change is roughly linear and symmetric for moves between places with higher and lower

abuse rates, consistent with the functional form imposed by equation (3).

Prior Users and Opioid Naives

The model described in Section 3 predicts that changes in availability would directly affect addicts and be

immediate upon move. Non-addicts, on the other hand, would be unaffected by the immediate changes in

availability. If there were differences in place-based transitions to and from addiction, we would expect to

see post-trends for both addicts and non-addicts.

While we cannot directly observe addiction states, we explore these predictions empirically by proxying

for addiction with the enrollee’s prior opioid history and examining how changes in opioid abuse around

moves differ based on the enrollee’s prior opioid history. This dovetails with medical literature studying

how addiction varies with the opioid histories of patients (Paulozzi et al. 2012; Edlund et al. 2014), and

exploring the impacts of drug supply among patients without any previous opioid use (Shah et al. 2017;

Jeffery et al. 2018; Brat et al. 2018). Figure 6 shows the results from estimating equation (3) separately

for movers with pre-move opioid utilization (“prior users”) and movers without prior opioid use (“opioid
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naives”). These results are summarized in Table (2) (columns 2 and 3) and are consistent with the intuitions

from the model. Prior users show a larger and immediate jump upon move while there is no discrete change

upon move for opioid naives; in the subsequent post-move years, abuse rates for both prior users and opioid

naives increase gradually.

Total opioid abuse

Our estimates measure the impact of place-specific factors on prescription opioid abuse, but do not directly

speak to their impact on use of illegal opioids such as heroin. While prescription opioids were the main

driver of the crisis in its early years, illegal opioid use has become increasingly important, particularly since

the end of our sample (Rummans et al. 2018; Kochanek et al. 2019).

Our data do not permit us to directly examine illegal opioid abuse or total opioid abuse. However,

two pieces of suggestive evidence are consistent with total opioid abuse moving in the same direction as

prescription opioid abuse. First, given the highly addictive nature of illegal opioids such as heroin, we might

expect significant substitution toward them when supply conditions for prescription opioids are tightened,

but little or no substitution away from them when these conditions are relaxed. This would suggest that

changes on moves to higher abuse states should more accurately capture changes in total abuse. Figure 5

suggests that the effects of moves to higher abuse states are roughly comparable to the effects of moves to

lower abuse states. Second, if we look at opioid poisoning events as an outcome, the results are imprecise

but consistent with effects in the same direction as our main results, particularly for prior users (Appendix

B).

Robustness

These descriptive results on the changes in prescription opioid abuse around moves—both in aggregate and

separately based on prior opioid use—are robust to several alternative specifications (Appendix B). These

include adding controls for individual fixed effects and adding controls for a series of indicator variables

for the year relative to move. Our results are also robust to aggregating coefficients across move years

that were estimated on panels balanced in event time, which rules out the possibility that our estimates are

substantively affected by the changing composition of move-year cohorts and units across relative years.

And they are robust to defining movers over different geographic units than states, to alternative ways of

defining our sample to handle enrollee exit or entry, and to alternative approaches to defining opioid abuse.
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5 Model Estimates

5.1 Estimation

Using the approximately 12,500 cohorts of movers that we observe—defined by unique combinations of

origin states, destination states, and move years—we define the average rate of opioid abuse ycr by cohort

for relative years r(c, t) ∈ [−5,−1] and r(c, t) ∈ [1,5] such that:

Pr(yit = 1 | i ∈Ic, r(i, t) = r) = ycr.

We omit moments from the move year (r = 0), since the enrollee is neither fully in her origin or destination

in that year (see Appendix Figure A.2). We observe each cohort for an average of 6.5 years to generate

approximately 80,000 moments. We denote their sample analogs in the data by ˆ̄ycr.

We make three key assumptions in the estimation of our model. First, we assume that availability

effects can be written as an additively separable function of location and time: γ jt = γ j + τt . This ensures

that geographic differences in opioid availability remain constant throughout out sample while allowing for

shifting national attitudes and guidelines to affect availability across all states.

Second, we assume that movers are randomly selected among the non-movers in their origin, and so do

not differ from non-movers in their origin locations in either their initial addiction states or their person-

specific addiction transition factors. This is a strong assumption, but one that is supported by the lack

of pre-trends in our event studies and the ability of the model to replicate the out-of-sample moments for

non-movers which we demonstrate below.

Finally, we assume that individual-specific addiction propensities are constant within origin locations, so

that ηi = η j for all i such that o(i) = j. This assumption allows us to derive an explicit formula to describe

the evolution of average addict shares.

These assumptions imply that the addict share among movers in cohort c evolves according to

act =


ao(c)t if r(i, t)< 0

ā∗c− (ā∗c−ao(c)m(c)) · (1− vc)
t if r(i, t)> 0,

where ā∗c =
π
+
d(c)+η

+
o(c)

π
+
d(c)+π

−
d(c)+η

+
o(c)+η

−
o(c)

describes the steady-state addict share to which the cohort converges and

vc = π
+
d(c)+π

−
d(c)+η

+
o(c)+η

−
o(c) denotes the speed at which this convergence occurs. Prior to the move, the

movers’ addict shares match those of non-movers in their origin. After the move, their addict shares converge

toward a steady state level determined by the place-based addiction parameters πd(c) in their destination and
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their own person-specific addiction propensities ηi = ηo(c).

Availability, on the other hand, changes discretely and only once upon move. Opioid abuse among

addicts is therefore given by

yct =


γo(c)+ τt if r(c, t)< 0

γd(c)+ τt if r(c, t)> 0.

Combining these two, we can calculate average opioid abuse for cohort c in time t as

ȳ j(c,t)t = āct · γ j(c,t)t ,

where j (c, t) is the location of cohort c in year t.

We estimate the parameters of this model using a three-step nonlinear weighted least squares estimator.

In the first step, we begin with a set of parameter guesses. In the second step, using these parameter guesses

as initial values, we minimize the weighted squared distance between our sample moments and the moments

implied by our model parameters, where each moment is weighted by the observed number of movers in the

data. Finally, we select the globally optimal solution. We dicuss our model estimation further in Appendix

D.

Identification The discussion of the event study in Section 4.1 above provides intuition for identification.

Cohorts from a given origin all have identical person-specific factors but encounter different place-specific

factors according to the destination to which they move. Place-specific availability effects γ jt will be in-

formed by the sharp changes in abuse rates that occur on move. Place-specific addiction effects π j will

be related to the evolution of these abuse rates post-move. Person-specific effects will be determined by

patterns in abuse rates that are common to movers from a given origin regardless of their destination.

5.2 Fit

To evaluate model fit, we simulate individual-level opioid abuse for both movers and non-movers according

to our estimated parameters. Following our assumption that there is no selection into who moves, we

simulate an initial addiction state for movers such that P(ai0 = 1 | o(i) = j) = ˆ̄a j0 and non-movers such

that P(ai0 = 1 | i ∈ I j) = ˆ̄a j0, and these initial addict shares continue to evolve according to the same

estimated probabilities η̂i, and π̂ j. Non-movers face the same place-specific components of addiction for

all years, and addicts among non-movers abuse opioids with probability γ̂ j + τ̂t . For movers, we simulate
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addiction transitions using π̂o(c) as the place-specific component before the move and π̂d(c) as the place-

specific component after the move. Addicts among movers abuse with probability γ̂ j(c,t)+ τ̂t . Using this

simulation procedure, we generate a corresponding abuse panel for both movers and non-movers in our

Medicare data and compare aggregate moments in our model simulation to the data.

The simulated moments align closely with the empirical moments (Appendix Figure A.8). This is true

for both movers—on whom the model was estimated—and non-movers, who were not used in estimation

and therefore provide an “out of sample” examination of fit. The time series patterns of simulated average

opioid abuse rates for non-movers in the 20th, 50th, and 80th percentile states also align well with the

predictions from the model (Appendix Figure A.9). The close fit of our model for non-movers is supportive

of our assumption that movers are randomly selected among the non-movers in their origin.

Finally, we also compare the event study regression estimated on our simulated outcomes with the one

estimated from the data in Figure 7. The model successfully matches the qualitative features of the data, and

in particular, our model parameters are able to roughly replicate both the magnitude of the jump in the rate of

opioid abuse upon move and the post-trends afterwards, though the observed path post move is more convex

than the model would predict. Our model therefore suggests aggregate levels of importance for person- and

place-specific factors in the addiction and availability channels that are broadly consistent with our reduced

form results.

5.3 Results

Estimation of the model allows us to analyze the effects of various counterfactual location-based policies. In

particular, we assess the role of different factors in geographic variation in abuse rates, as well as the share

of abuse that could have been reduced by policies targeting different place-based factors.

These counterfactuals examine the effects of equalizing or reducing structural parameters to a given per-

centile in their geographic distribution. We therefore begin by defining the computation of these percentiles.

For the initial probability of addiction (ai0), we directly compute the median value among states. For avail-

ability effects, our assumption that these parameters are additively separable functions of location and time

(γ jt = γ j + τt) allows us to set the geographic components (γ j) equal to their median value among states.

This is equivalent to simply setting the yearly availability parameter (γ jt) equal to its median value among

states in each year.

Finally, following Section 5.1, we define the median values for our addiction parameters as the median

steady state and convergence speed implied by the combination of addiction parameters. The steady state

addict share towards which the average non-mover addict share will converge is given by
π
+
j +η

+
j

π
+
j +π

−
j +η

+
j +η

−
j
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and the convergence speed is defined as π
+
j +π

−
j +η

+
j +η

−
j , where ηi = η j ∀ i ∈I j. For each subset of

addiction transition parameters—place-based addiction transitions (π j) and person-based addiction transi-

tions (ηi)—we define the steady state and convergence speed holding the other subset of addiction transition

parameters constant.

Having defined this element of our counterfactuals, we begin by examining the share of the geographic

variation in average abuse rates that would have been reduced over our study period if various parameters

had been equalized to their median values across states in 2006 (Table 3). We find that about half (47

percent) of the cross-state variance in average opioid abuse rates over our ten-year period would have been

eliminated if the place-specific effects of addiction (π j) and yearly availability (γ jt) were made equal across

areas. Conversely, we find that about 30 percent of the variation would have been eliminated if the person-

specific effects (addiction ηi and initial addiction state ai0) were equalized across areas.11 Differences across

areas in initial addiction states (ai0) may in turn reflect both differences in population characteristics and also

prior influences of place.

These results are consistent with our event-study analysis, which suggested a sizable role for both

person-specific and place-specific factors. When we further consider the addiction and availability chan-

nels in our model, we find that 63 percent of the state-level variation in average abuse rates over our ten-year

period would have been eliminated if all parameters affecting addiction (both person-specific ηi and place-

specific π j) were equalized, whereas 14 percent of this variation would have been eliminated by equalizing

the initial addict shares in each state and 26 percent would have been eliminated by equalizing only the

place-specific yearly availability parameters.

These average effects over our 10-year study period mask substantial variation in the time path of the

impacts of different channels. To illustrate this, Figure 8 shows the time path of the geographic variation

in opioid abuse under the counterfactual equalization of different parameters. It shows, for example, that

the largest driver of geographic variation in opioid abuse in the short-term—the share of addicts in the first

year of our model (ai0)—ends up have the smallest effect on long-run geographic variation in abuse (panel

C). On the other hand, equalizing addiction transition probabilities (π j and ηi)—which has the largest effect

over our sample period—does not reduce variation in the first two years (panel D).

To more concretely explore the tradeoff between short-term and long-term effects, we consider the ef-

fectiveness of policies that target different place-based channels. In particular, we compare the effectiveness

of reducing yearly opioid availability parameters in states where this availability is high to corresponding re-

11Note that these shares need not sum to 1, both because of the non-zero correlation between person and place effects and
because of their non-linear translation into abuse.
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ductions in place-based addiction parameters. These two targets mirror much of recent and historical policy

aimed at curbing opioid abuse. Many initial policy efforts focused on policies such as prescription moni-

toring programs (Buchmueller and Carey 2018; Kaestner and Ziedan 2019; Meara et al. 2016; Kilby 2015)

and pill mill laws (Lyapustina et al. 2016; Rutkow et al. 2015) which target the availability of prescription

opioids for potential addicts. More recently, states have enacted opioid prescribing limits that specifically

target opioid naive patients and are explicitly intended to limit transitions to addiction (Sacks et al. 2021).

Figure 9 investigates the different time paths of the effects of these policies by considering the yearly im-

pact of counterfactual state policies in which place-based addiction transitions and place-based availability

parameters above the 25th percentile are reduced to that threshold. We find similar trade-offs to those from

the first exercise. In the first year of implementation, average abuse rates are 20% lower when availability is

targeted compare to addiction. By the final year of our study period, however, this relationship is reversed;

average abuse rates are 20% lower when addiction is targeted. The impact of policies targeting place-based

addiction transitions is roughly twice as large over our 10-year study period, but policies that affect place-

based availability for addicts have a much larger initial effect, suggesting important policy tradeoffs in terms

of near-term compared to longer-term impacts. These findings also suggest that, as emphasized by Cutler

and Glaeser (forthcoming), the stock of existing addicts creates challenges to ending the opioid epidemic.

6 Conclusion

Focusing on individuals enrolled in the Social Security Disability Insurance (SSDI) program, a population

hit particularly hard by the opioid epidemic, we have explored the role of different factors in driving the

prescription opioid epidemic in the decade between 2006 and 2015. The descriptive findings and the esti-

mates from a dynamic model of opioid abuse highlight important roles for both person-specific factors and

place-based factors, as well as the distinct role played by two separate place-based channels: an addiction

channel which affects the rate at which people first become addicted to opioids, and an availability channel

which affects the ease with which existing addicts can abuse opioids.

We estimate that equalizing place-based factors would have reduced the geographic variation in opioid

abuse by about 50 percent over our study period. Distinguishing between different place-based channels,

our results suggest that supply-side policies that restrict opioid availability among existing users—such as

the 2018 Medicare policy to no longer reimburse for high-dose long-term opioid prescriptions (Hoffman

2018; CMS 2018)—could have an immediate impact on rates of prescription opioid abuse. However, while

most of the policy attention has focused on restricting the supply of opioids to the already addicted, our
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findings suggest that changing the propensity of physicians to treat the pain of opioid naive patients with

opioids—such as opioid prescribing limits specifically targeted to the opioid naive (Sacks et al. 2021)—ap-

pear to be quantitatively more important in reducing opioid abuse over a longer horizon. For example, we

estimate that over our 10-year study period, reducing the upper distribution of states in their place-based

effects on transitions to addiction would reduce opioid abuse by twice as much as reducing the upper dis-

tribution of states in terms of their opioid availability, although this comparison is reversed in the first few

years.

The feasibility and desirability of policies targeting these place-based channels remains an important

open question. In terms of the feasibility of targeting the addiction channel, recent work has documented

substantial variation in physician propensity to prescribe opioids for what they believe to be legitimate

reasons (e.g., Barnett et al. 2017; Schnell and Currie 2018; Eichmeyer and Zhang 2021), which is consistent

with the broader evidence of substantial variation across individual physicians in other aspects of practice

style (e.g. Currie and MacLeod 2020; Chan et al. 2020; Fadlon and Van Parys 2019; Van Parys 2016;

Epstein and Nicholson 2009). A greater understanding of the roles that physician training (Schnell and

Currie 2018), physician beliefs (Doctor et al. 2018), and organizational factors play in contributing to these

differences remains an important area for further work, as is further exploration of the tradeoffs created by

these alternative practice styles. In terms of the desirability of targeting the availability channel, the potential

for this to cause substitution to illegal forms of opioids (Alpert et al. 2018; Evans et al. 2019) is an important

area for further study.
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Figure 1: Geographic Variation in Opioid Abuse
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Notes: Figure reports state-level averages for the rate of opioid abuse among all non-mover years (N = 2,325,094 enrollee-years).
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Figure 2: Interpreting Event Study Specification

(a) Case 1: Only Person Effects Vary
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(c) Case 3: Both Person and Availability Effects Vary
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Notes: Figure shows the patterns of event study coefficients in a theoretical setting, where the event study is estimated on a single
cohort moving between two locations. We assume that in relative year 0, there is a 50% chance that each individual is in their
origin location and a 50% chance that they are in the destination location. In panel A, only person-based factors differ between
the two locations. In panel B, only availability effects differ between the two locations. In panel C, both person-based factors
and availability effects differ between the two locations. Finally, in panel D, the two locations differ in their person-based factors,
availability effects, and their place-based effects on transitions to addiction.
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Figure 3: Distribution of Origin - Destination Differences in Opioid Abuse Rates
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Notes: Figure shows the distribution across movers of the difference in the average opioid abuse rates between their origin and
destination states in a given year (δ̂ct ) The sample is all movers (N = 90,890 enrollees).
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Figure 4: Event Study
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Notes: Figure shows the weighted average across move years of estimates from equation (3) of µr(i,t)—the coefficient on year

relative to move interacted with δ̂ct—where the coefficient for relative year -1 is normalized to 0 and weights are given by sample
size. The dependent variable ỹict is the residual of the mover’s abuse rate after subtracting the predicted abuse rate using origin-
year and five-year age bin fixed effects as estimated from non-movers. The dashed lines are upper and lower bounds of the 95%
confidence interval. We construct this confidence interval following a three-step procedure. In the first step, for each state-year,
we construct the asymptotic distribution of its average rate of abuse ȳ jt according to the central limit theorem, which is a normal
distribution with mean and standard deviation calculated from the data. In the second step, we bootstrap equation (1) with 50
repetitions drawn at the enrollee-year level, making a random draw from the asymptotic distribution for each mover’s origin,
destination, and year to construct their δ̂it for each repetition. Finally, using these bootstraps to estimate the standard errors for each
move year estimate, we calculate the variance of the weighted average coefficients by assuming that the move year coefficients are
independent. The sample is all mover-years (N = 521,523 enrollee-years).
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Figure 5: Change in Abuse Rate by Size of Move

-.01

0

.01

.02

-.04 -.02 0 .02 .04
Average Destination-Origin Difference in Opioid Abuse Rate

Slope:  0.25

Change in Opioid Abuse Rate Upon Move

Notes: Figure shows changes in the rates of opioid abuse before and after move. For each mover, we calculate the average difference
δ̂ct in the rate of opioid abuse between their origin and destination states for all years they are observed between 1-5 years pre-move
and 1-5 years post-move. We then group these average differences— ¯̂

δct—into ventiles. The x-axis displays the mean of ¯̂
δit for

movers in each ventile. The y-axis shows, for each ventile, the average opioid abuse rate 1-5 years post-move minus the average
opioid abuse rate 1-5 years pre-move, averaged within the ventiles. The line of best fit is obtained from a simple OLS regression
using the 20 data points corresponding to movers, and its slope is reported in the graph. The sample is all mover-years between one
and five years pre-move and one and five years post-move (N = 451,124 enrollee-years).
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Figure 6: Event Studies - Naives and Prior Users

(a) Naives
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(b) Prior Users
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Notes: Figure shows the weighted average across move years of estimates from equation (3) of µr(i,t)—the coefficient on year

relative to move interacted with δ̂ct—where the coefficient for relative year -1 is normalized to 0 and weights are given by sample
size. We show these estimates separately for opioid naive (“naive”) and prior users, where the coefficient for relative year -1 is
normalized to 0. “Naives” are those with no opioid use in relative year -1, while prior users filled at least one opioid prescription in
that year. We omit the approximately 20% of enrollee-years with no observations in relative year -1. The dependent variable ỹict is
the residual of the mover’s abuse rate after subtracting the predicted abuse rate using origin-year and five-year age bin fixed effects
as estimated with non-movers with the corresponding opioid use in the same calendar year as represented by relative year -1. The
dashed lines are upper and lower bounds of the 95% confidence interval. We construct this confidence interval following a three-step
procedure. In the first step, for each state-year, we construct the asymptotic distribution of its average rate of abuse ȳ jt according to
the central limit theorem, which is a normal distribution with mean and standard deviation calculated from the data. In the second
step, we bootstrap equation (3) with 50 repetitions drawn at the enrollee-year level, making a random draw from the asymptotic
distribution for each mover’s origin, destination, and year to construct their δ̂ct for each repetition. Finally, using these bootstraps to
estimate the standard errors for each move year estimate, we calculate the variance of the weighted average coefficients assuming
that the move year coefficients are independent. The samples are 219,1000 enrollee-years (naives) and 202,309 enrollee-years (prior
users).
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Figure 7: Event Study in Simulation vs. Data
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Notes: Figure shows the weighted average across move years of estimates from equation (3) of µr(i,t)—the coefficient on year

relative to move interacted with δ̂ct—as estimated on the simulated data and the Medicare data, where the coefficient for relative
year -1 is normalized to 0 and weights are given by sample size. The red dashed line shows the aggregate coefficients estimated
from our simulated event study, where the yearly rates of opioid abuse among movers and non-movers are simulated according to
the data-generating process described in Section 5.2. The solid black line is identical to Figure (4) and plots our aggregate event
study coefficients as estimated on the Medicare data.
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Figure 8: Yearly Abuse Decomposition by Components
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(b) Equalizing Place-Based Factors
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(c) Equalizing Initial Addiction States
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(d) Equalizing Addiction Transition Probabilities
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(e) Equalizing Availability Channel
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Notes: In this figure, we set all the relevant parameters equal to their median values and plot the yearly variation in abuse relative
to the baseline simulation. This is defined as the ratio of the variance of abuse rates across states in the counterfactual to the
variance of abuse rates across states in the baseline simulation. All objects are computed using average state-level abuse rates and
assign equal weight to each state. Place-based parameters refer to place-based addiction π j as well as availability γ jt . Person-based
parameters refer to person-based addiction ηi as well as initial addiction state ai0. Initial addiction state refers to exclusively ai0,
while addiction transition parameters refer to π j and ηi. Finally, availability parameters refer to γ jt . For the parameter ai0, we
directly compute the median values among states. For γ jt , we set this parameter equal to the median value among states in each
year. For our addiction transition parameters, the median values refer to the median steady state and convergence speed implied

by the combination of parameters. As introduced in Section 5, the steady state is defined as
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j where ηi = η j ∀ i ∈I j. For each subset of addiction transition parameters—place-based

addiction transitions and person-based addiction transitions—we define the steady state and convergence speed holding the other
set of parameters constant. 38



Figure 9: Comparison of Counterfactual Place-Based Policies
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Notes: In this figure, we show the counterfactual average yearly abuse rates under the baseline simulation and two counterfactual
policies. The average yearly abuse rate is computed as a weighted mean according to the number of non-mover observations in
the Medicare data. In the place-based availability policy, we reduce place-based availability parameters (γ jt ) in each year above
the 25th percentile to the 25th percentile value in that year. Likewise in the place-based addiction policy, we reduce the place-
based addiction parameters above the 25th percentile to the 25th percentile value. For place-based addiction parameters, we define
percentiles by the steady state and convergence speed, as defined in Section 5, that are implied by the combination of place-based
addiction transition parameters while holding person-based addiction parameters constant. Thus, we choose the percentile values

of place-based addiction parameters consistent with the percentile values of
π
+
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+
j +π

−
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and π
+
j +π

−
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Table 1: Summary Statistics

(1) (2)

Movers Non-movers

Female 56% 52%

White 74% 72%

Medicaid 58% 57%

Age:

< 40 13% 11%

40 - 60 46% 44%

> 60 41% 45%

Average age 56.2 57.7

Region:

Northeast 15% 19%

West 22% 18%

Midwest 18% 22%

South 44% 41%

Opioid Use:

Any Opioids 47.1% 41.8%

Prescriptions in year before move (“prior user”) 38.8%

No prescriptions in year before move (“opioid naive”) 42.0%

No observation in year before move 19.2%

Abuse 4.8% 4.1%

Number of enrollee-years 521,523 13,349,773

Number of enrollees 90,890 2,325,094

Notes: All rows except for enrollee-years and enrollees report the share of enrollees or enrollee-years within the given population
with the indicated characteristic. “Any Opioids” and “Opioid Abuse” are averaged over all enrollee-years, while all other statistics
are averaged at the enrollee-level, with “Region,” “Medicare,” and “Age” defined in the year before move (r =−1).
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Table 2: Event Study Coefficients - Opioid Abuse Rates

(1) (2) (3)

All Naive Prior User

1 year post-move 0.328 0.047 0.512

(0.051) (0.019) (0.085)

5 years post-move 0.608 0.255 1.092

(0.029) (0.045) (0.149)

Enrollees 90,793 32,648 30,460

Enrollee-years 521,173 219,100 202,309

Average abuse rate 1 year pre-move 0.048 0.000 0.100

Notes: Table reports the coefficients and their bootstrapped standard errors (in parentheses) in relative year 1 and relative year 5 for
the baseline sample (“All”), naive enrollees, and prior users with opioid abuse as the outcome variable. Estimates correspond to the
weighted average across move years of estimates from equation (3) of µr(i,t)—the coefficient on year relative to move interacted

with δ̂ct—where the coefficient for relative year -1 is normalized to 0 and weights are given by sample size. Opioid-naive enrollees
are those with no opioid use in relative year -1, while prior users filled at least one opioid prescription in that year. Except in the
baseline sample, we omit the ~20 percent of enrollee-years for enrollees with no observation in relative year -1. Standard errors
are calculated following a three-step procedure. In the first step, for each state-year, we construct the asymptotic distribution of its
average rate of abuse ȳ jt according to the central limit theorem, which is a normal distribution with mean and standard deviation
calculated from the data. In the second step, we bootstrap equation (3) with 50 repetitions drawn at the enrollee-year level, making a
random draw from the asymptotic distribution for each mover’s origin, destination, and year to construct the δ̂ct for each repetition.
Finally, using these bootstraps to estimate the standard errors for each move year estimate, we calculate the standard deviation of
the weighted average coefficients by assuming that the move year coefficients are independent.
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Table 3: Abuse Decompositions

Share variance reduced when we equalize

(1) All Person-Based Factors (ηi, ai0) 28%

(2) All Place-Based Factors (π j, γ jt ) 47%

(3) Initial Addiction States (ai0) 14%

(4) Addiction Transition Probabilities (π j, ηi) 63%

(5) Availability (γ jt ) 26%

Notes: All objects are computed using average state-level abuse rates and assign equal weight to each state. For all rows, we
compute the variance of simulated opioid abuse rates while equalizing the relevant structural parameters by setting them equal to
their “median value” and present the effect of these counterfactuals on the simulated variance. Place-based parameters refer to
place-based addiction π j as well as availability γ jt . Person-based parameters refer to person-based addiction ηi as well as initial
addiction state ai0. Initial addiction state refers to ai0 while addiction transition probabilities refer to π j and ηi. Finally, availability
parameters refer to γ jt . For the parameter ai0, we directly compute the median values among states. For γ jt , we set this parameter
equal to the median value among states in each year. For our place-based addiction parameters, we choose the median steady
state and convergence speed. For our addiction transition parameters, the median values refer to the median steady state and
convergence speed implied by the combination of parameters. As introduced in Section 5, under the simplifying assumption that

all individuals from a location share the same addiction propensities, the steady state for non-movers is defined as
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and the convergence speed is defined as π
+
j + π

−
j +η

+
j +η

−
j where ηi = η j ∀ i ∈ I j. For each subset of addiction transition

parameters—place-based addiction transitions and person-based addiction transitions—we define the steady state and convergence
speed holding the other subset of addiction transition parameters constant.
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Appendix A: Defining opioid abuse

Measuring opioid abuse and adverse opioid events

As discussed in the main text, clinicians and medical researchers have not come to a consensus on a gold
standard measure of opioid abuse from claims data. However, the literature uses several proxies for likely
opioid abuse based on apparent hazardous prescription patterns.

While the simplest measure of hazardous prescriptions is the number of opioid prescriptions a patient
fills over a fixed time period (Rice et al. 2012), a more detailed measure of hazardous prescription behavior
takes into account the strength, or morphine equivalent dose (MED), of the prescriptions. Several studies
have found that patients with prescriptions that translate to a high average daily MED (usually above 100-
120 mg) are at higher risk for diagnoses of opioid dependence (Sullivan et al. 2010; Edlund et al. 2014), ER
visits associated with opioids (Braden et al. 2010), and overdoses (Bohnert et al. 2011). Other indicators for
hazardous prescribing focus not only on the quantity of opioids prescribed, but also on a patient’s method
of obtaining the drugs. “Doctor shopping” and “pharmacy shopping,” phenomena in which patients receive
opioid prescriptions from multiple prescribers or pharmacies, also correlate with diagnoses of opioid depen-
dence (White et al. 2009), hospitalizations (Jena et al. 2014), and overdose deaths (Yang et al. 2015; Hall
et al. 2008).

We construct several measures of prescription opioid use and potential abuse. All the measures are at
the enrollee-year level and are constructed using the Medicare Prescription Drug Events and the Pharmacy
Characteristics files. The level of observation in the Prescription Drug Event file is an “event,” or prescription
fill, which we map to measures at the enrollee-year level. Each event is associated with an enrollee, the date
filled, a national drug code (NDC), a prescribing physician, and the days of supply. We restrict to fills of
drugs that contain at least one ingredient described in the MED conversion table (Appendix Table A.4).

We define and separately analyze three indicator variables as proxies of abuse: High MED, Many Pre-
scribers, and Overlapping Prescriptions. Each of these proxies are defined following previous medical
literature; High MED and Many Prescribers are defined following Meara et al. (2016) while Overlapping
Prescriptions is defined following Jena et al. (2014) and Logan et al. (2013).

“High MED” is an indicator for whether any quarterly MED is greater than 120 mg. To define it, we
compute the MED for each quarter by multiplying the number of pills by their strength and the morphine
equivalence, adding across all fills and ingredients, and then dividing by the number of days in each quar-
ter. “Many Prescribers” is an indicator for whether an enrollee filled prescriptions associated with four or
more unique physicians during the calendar year. “Overlapping Prescriptions” is an indicator for whether
the enrollee filled a new opioid prescription before her previous opioid prescription “ran out.” To more
effectively target hazardous overlaps, we use an approach similar to prior studies and define this indicator
so that it takes the value one only if the second opioid refill was either prescribed from a different doctor
(indicating potential doctor shopping) or overlapped with the existing opioid prescription for more than one
week (indicating potential use for non-medical purposes). The existing literature has interpreted High MED
as a measure of prescription supply, and has interpreted Many Prescribers and Overlapping Prescriptions as
measures of doctor shopping.

We also define two other indicators of prescription opioid use for an enrollee-year: Any Opioid, and
Chronic Opioid Use. Following Morden et al. (2014), we define “chronic opioid use” as an indicator for
whether the enrollee filled more than six prescriptions in one year.

Finally, we define a number of adverse opioid outcomes. To do so, we must limit our analysis to the
75 percent of non-mover enrollee-years who are not enrolled in Medicare Advantage during the year, so
that we can observe their full set of inpatient and outpatient claims. We define a “poisoning event” for each
enrollee-year as an ER visit or inpatient hospital admission for poisoning. We define opioid poisonings as
the subset of poisoning events that are so-labelled. Similarly, we define opioid use disorder as the set of
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so-labelled diagnoses in the claims data.

Comparison across measures

We begin by noting that about four percent of our enrollee-years are High MED, six percent of enrollee-
years include prescriptions from four or more unique prescribers (Many Prescribers), and about 15 percent
of enrollee-years have Overlapping Prescriptions. The pairwise rank correlations among these three proxies
of opioid abuse are high (Appendix Table A.5) and all are positively correlated with our other indicators of
prescription opioid use.

To compare our various proxies of opioid abuse, we limit our analysis to the non-mover sample with
traditional Medicare for which we can fully observe observe opioid poisonings and opioid use disorders.
We further restrict to non-mover enrollee years for which we observe the following year—about 60 percent
of our enrollee-years—in order to examine the relationship between our measures of opioid use in year t−1
and adverse outcomes in year t (Table A.6).

In panel A, we see that on average, one percent of our sample is diagnosed with an opioid use disorder
each year and two-tenths of a percent of our sample is diagnosed with an opioid poisoning event. These
adverse outcomes are significantly more prevalent among individuals with our measures of opioid abuse in
the year preceding. For example, while only four percent of our overall population is classified as “High
MED”, this measure is about seven times more common among enrollees with an opioid poisoning event
in the following year and about eight times more common among enrollees with an opioid poisoning event
in the subsequent year. We then translate these rates into a measure of diagnostic accuracy by constructing
the positive likelihood ratio in panel B, defined as the ratio of true positives to false positives, for each of
our proxies of opioid abuse. We choose the highest performing abuse measure—“High MED”—across both
poisonings and opioid use disorders as our primary outcome.

Finally, for our preferred measure of opioid abuse—High MED—we examine how geographic patterns
of abuse in our population correlate with geographic patterns in adverse opioid outcomes in the overall US
population. To do so, we use 2006-2014 state-level data from the CDC Multiple Cause of Death (MCD)
File12 to construct a measure of opioid-related overdose deaths—i.e., deaths due to drug poisoning from
heroin, other opioids, methadone, or other synthetic narcotics (such as fentanyl). We define the opioid
death rate as these opioid-related deaths as a share of the population. We also measure self-reported opioid
misuse rates in the 2006-2014 National Survey on Drug Use and Health (NSDUH)13 as the share of the
adult population who responded “yes” to “non-medical use of pain relievers in the past year.” At the state
level, both measures have a high rank correlation with our opioid abuse measure; the average yearly rank
correlation is 0.52 for the opioid-related death rate, and 0.46 for the self-reported opioid misuse rate.

12Available at https://wonder.cdc.gov/mcd-icd10.html.
13Available at http://datafiles.samhsa.gov/study-series/national-survey-drug-use-and-health-nsduh-nid13517.
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Appendix B: Additional Analyses

Comparison of patterns in our sample to overall U.S. population

We compare national trends and geographic patterns of opioid prescription rates in our population to the
general US population. To do so, we obtain data on opioid prescription fills per capita from county- and
state-level averages of QuintilesIMS opioid prescription data, which are made publicly available by the
Centers for Disease Control and Prevention. QuintilesIMS collects data on prescriptions based on a sample
of 59,000 retail pharmacies, which collectively dispense nearly 88 percent of all prescriptions in the U.S
(CDC 2017b). The aggregated QuintilesIMS data set contains the number of opioid prescriptions per capita
in each year.14 We define an identical variable in our data, the number of opioid prescription fills per capita
(Opioid Fills). Both are defined over the 2006-2014 time period.

Appendix Figure A.6 shows that national trends in opioid prescriptions per capita have evolved similarly
in our sample and in the general US population, although with a substantially higher level for the disabled
population. Our measure of opioid fills for our SSDI population and the QuintilesIMS measure of opioid
fills for the general population are also highly correlated across geographies, with a correlation coefficient
of 0.80 at the state level.

Substitution to illegal opioids and adverse events

We cannot directly examine illegal opioid use in our data. However, we conduct two exercises and find
results that are consistent with moving to a higher prescription opioid abuse state impacting total opioid use.
This of course does not preclude the existence of quantitatively important substitution from prescription
opioids to illegal forms of opioids, but it is suggestive that any such substitution is not fully offsetting.

First, the existing literature has documented substitution from prescription opioids to heroin, but little
evidence of substitution from heroin to prescription opioids (Muhuri et al. 2013; Compton et al. 2016).
Therefore, if substitution was an important factor, we would expect to see bigger effects on prescription
opioid abuse from moves down—from higher opioid abuse states to lower abuse states—as users substitute
towards heroin. Conversely, we expect more muted effects on prescription opioid abuse from moves up from
lower opioid abuse states to higher opioid abuse states. However, the results in Appendix Table A.8, partic-
ularly five years after the move, suggest that in the long run, moves up have a larger impact on prescription
opioid abuse than moves down.

Second, we can look at whether moves across states with different rates of prescription opioid abuse
are associated with changes in hospital admissions and ER visits that are related to opioids.15 To do so,
we re-estimate the event study equation (3) with the outcome defined as a “poisoning event”—specifically
a non-fatal inpatient admission or ED visit related to a poisoning (based on ICD-9 diagnosis codes)—and
the measure of the “size of the move”—δ̂ct—based on differences in opioid abuse rates among non-movers.
The analysis thus asks whether moving to a state with a higher rate of prescription opioid abuse is associated
with a higher likelihood of a poisoning event. We use the more general “poisonings” as opposed to “drug
poisonings” or “opioid poisonings” because different hospitals may differ in the specificity of their codings.
On average, the data indicate that about 80 percent of poisonings are “drug poisonings” and about one-
quarter of drug poisonings are are “opioid poisonings”. The results—shown in Appendix Table A.9 and
Appendix Figure A.7—are fairly noisy and inconclusive; presumably due to the low frequency of poisoning
events.

14Available at https://www.cdc.gov/drugoverdose/maps/rxrate-maps.html.
15Opioid-related deaths are not possible to study with our approach: they are exceedingly rare, cannot be analyzed in a panel,

and CMS stopped providing cause of death data after 2008.
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Robustness of Descriptive Analysis

The descriptive results in Section 4 on opioid abuse are robust to several alternative specifications. Appendix
Table A.7 summarizes these findings; the underlying event studies are shown in Appendix Figure A.4.

Panel A presents our baseline results for ease of comparison. These results are similar if we define the
geographic areas of interest—and hence redefine who is a mover—at the commuting zone level (panel B)
or the county level (panel C), rather than the state level. Commuting zones are collections of counties; there
are about 700 commuting zones and 3,000 counties in the United States.

We also explore robustness to modifications of our event study equation. Panel D presents our results if
we include individual fixed effects in equation (3), while panel E presents our results if we include relative
year fixed effects. Panel F includes both individual fixed effects and relative year fixed effects in the spirit
of the estimating equation from Finkelstein et al. (2016). While the inclusion of individual fixed effects
seems to add slight pre-trends, the basic pattern of our event studies—a discrete jump upon move and then
post-trends—holds across each of these alternative specifications. In addition, Table A.2 suggests that these
features are robust to balancing our sample across event time after the move, indicating that these features
are not simply driven by the changing composition of groups at each length of exposure to the new location.

The results are also stable across alternative ways of defining our sample to handle entry or exit by
enrollees during our sample period. Our baseline sample restricts to enrollee-years that have 12 months
of Part D coverage. A given enrollee may therefore enter or exit the sample if she gains or loses Part D
coverage. Panel G therefore shows results if we further restrict the sample to enrollees who had Part D
coverage in all years they appear in our sample, while panel H restricts to enrollees who are alive in all years
during our study period. To further explore potential impacts of selection into or sample, Appendix Figure
A.5 estimates equation (3) using as the dependent variable whether the enrollee-year had 12 months of Part
D coverage and whether the enrollee died in that year. For all of these analyses δ̂ct is still defined based on
opioid abuse. The results show little evidence of selection based on survival and some evidence of selection
into Part D upon move; for example, a move from a 20th percentile opioid abuse state to a 80th percentile
state is associated with about a 2 percentage point increase in the probability of having Part D coverage
(relative to a mean of 80 percent). Reassuringly, however, Table A.7 shows that restricting attention to
individuals whose selection along these margins does not change during the sample does not affect our main
results.

Finally, we consider the robustness of our analysis to alternative ways the literature has measured opioid
abuse. As we discussed in Appendix A, two of these measures of abuse include the Many Prescribers
and Overlapping Prescriptions measures. We show here that the basic event study results from estimating
equation 3 are similar if we instead use these alternative measures instead of our baseline measure, High
MED. Appendix Table A.3 presents summary statistics on these measures, Appendix Table A.1 summarizes
the results, and Appendix Figure A.3 shows the corresponding event studies. The immediate discrete jump
upon move using Overlapping Prescriptions and the abuse index are slightly smaller than our baseline index
result, while the jumps for Many Prescribers are slightly larger.

We note that the Many Prescribers measure does not feature the gradual post-move convergence of our
other specifications. A lack of post-trends is fully plausible within our addiction framework. In Section
4.1, we analyzed the case (Case 4) in which place-based addiction transitions were higher in higher abuse
locations.16 However, if we relax this assumption—consider, for example, if high abuse rates were primarily
driven by person-specific factors or availability rather than place-based addiction factors—the average abuse
rates in a cohort could converge in the opposite direction of δct . Thus, we could see zero or even negative
post-trends.

16We define “higher” in the sense that π
+
j is higher and π

−
j is lower so that holding person-factors constant, an individual is

more likely to both become and stay addicted in the location with “higher” place-based addiction transitions.
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Appendix C: Derivation of Equation (4)

To derive equation (4) from the event study regression in equation (3), observe that the coefficient for each
relative year may be simply be written as the result of a regression through the origin, such that

µ̂r =
∑i δict

(
yict − ŷpredict

ict

)
∑i δ 2

ict

.

The assumption that movers are randomly sampled from their origin population implies that ypredict
ict is simply

the sample analog of Ei∈Icyit
(
h0

ct
)
. We also note that yict is equivalent to our previously defined term

yict(hct). Decomposing our summation by cohort and replacing these terms yields

µ̂r =
∑c∈Cm δct ∑i∈Ic

(
yict − ŷpredict

ict

)
∑i δ 2

ict

=
∑c∈Cm δct ∑i∈Ic

[
Ei∈Ic [yit(hct)]−Ei∈Ic

[
ŷit(h0

ct)
]]

∑i δ 2
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.

Per equation (1), we denote the sample period-t average treatment effect on movers in cohort c of mov-
ing relative to remaining in their origin as T̂ct ≡ Ei∈Ic

[
yit(hct)− ŷit(h0

ct)
]
. This allows us to simplify the

coefficient for each relative year as

µ̂r =
∑c∈Cm δct |Ic| T̂ct

∑i δ 2
ict

,

where |Ic| denotes the number of individuals in cohort c. Finally, replacing δct = ȳd(c)t− ȳo(c)t and denoting

wc ≡ |Ic|·δ 2
ct

∑c∈Cm |Ic|·δ 2
ct

allows us to arrive at our desired formula

µ̂r = ∑
c∈Cm

wcT̂ct(
yd(c)t − yo(c)t

) ,

where T̂ct
p→ Tct implies that µ̂r

p→ ∑c∈Cm
wcTct

(yd(c)t−yo(c)t)
.
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Appendix D: Estimation Details

Description of Estimation Sample

As we describe in Section 5.1, we construct moments using the baseline sample of movers described in Table
1. The resulting enrollee years represent approximately 12,500 cohorts, which are uniquely defined by their
origin state, destination state, and move year, and each cohort is observed for an average of 6.5 years. We
define the average abuse rate for each cohort and year relative to the move — ˆ̄ycr—and our estimation targets
these nearly 80,000 empirical moments, weighting each moment in the estimation procedure by the number
of enrollee-years in the sample that were used to construct the moment. We provide summary statistics for
these moments in Table A.10.The baseline parameters of our model generate predicted moments for each
cohort and year relative to the move, and we describe these calculations in Section 5.1.17

Estimation Details

We estimate our model parameters by solving a weighted non-linear least-squares optimization, where the
residuals are defined as the weighted distance between the empirical and predicted moments and weights
given by the number of patient-years in the sample that we used in the moment’s construction. Our solution
vector consists of values for the six parameter values which vary by location—ā j0, γ j, π

+
j , π

−
j , η

+
j , and

η
−
j —for each of our fifty-one locations, as well as the separable temporal component of availability τt for

each of the ten years of our sample.
We estimate our model parameters by solving a weighted non-linear least-squares optimization. Our

solution vector consists of values for the six parameter values which vary by location—ā j0, γ j, π
+
j , π

−
j , η

+
j ,

and η
−
j —for each of our fifty-one locations, as well as the separable temporal component of availability τt

for each of the ten years of our sample.
We perform two normalizations in our estimation procedure. First, we fix two sets of values to zero as

references: the first calendar year availability parameter and an arbitrary state’s person-specific addiction
transition effects. We do this in order to avoid collinearity in the sums that are used in the computation of
addiction (π j +η j) and availability (γ j + τt) in our model. Thus, the solution vector consists of 313 values.

Second, we set the global mean addict share share in our study population to an arbitrarily chosen
ā = 0.10. Specifically, we require our estimation to satisfy

ā =
2014

∑
m=2007

∑
c∈Cm

ˆ̄acr
n̂cr

N
,

where n̂cr denotes the number of enrollee-years used to construct the moment ˆ̄ycr, ācr denotes the aver-
age addict share in a cohort and relative year (as calculated in Section 5.1), and N is the total number of
enrollee-years in the sample. We perform this normalization because the multiplicative property of our
outcome implies that the relative magnitudes of addiction and availability parameters are not meaningful.
For example, doubling all addict shares and halving all availability parameters would leave predicted abuse
unchanged in our model. Only the geographic variation—the distribution within the addiction and availabil-
ity—is meaningful. Thus, we arbitrarily fix the magnitude of the global addict shares. In the section below,
we show robustness of our parameter estimates to various other global addict shares, and in ongoing work
(not reported) we are able to instead include this as an estimation parameter.

17Note that in order to avoid specifying the location of cohorts in the year of their move, our baseline estimation proceeds as if
the year following the move follows immediately after the year before the move. Thus, cohorts are in their origin states o(c) during
relative year -1. Since relative year 1 follows immediately, cohorts are in their destination state d(c) in the following year . At the
end of this section we will show robustness to this assumption.
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Our actual estimation occurs in three steps. In the first step of our estimation, we set various initial values
for the optimization algorithm. Using sixteen sets of initial values, we set all parameter values equal to a
constant ranging between 0.00 and 0.15, including the end-points and evenly distributed between. Second,
we solve the weighted least squares problem using the Levenberg-Marquardt algorithm separately for each
of these sixteen initial values (Moré 1978). Taking the penalty approach to non-linear optimization, we
enforce two constraints: (i) that all addiction parameters and availability parameters that an individual is
subject to in the model are bounded between 0 and 1, and (ii) that the global mean addict share is equal
to ā = 0.10. The algorithm converges when the consecutive values of the sum of squares in the objective
function are less than 10−10 apart.

Finally, we select the globally optimal solution as our solution.

Robustness

In this section, we examine several extensions and modifications of our model and show in Table A.11
that our parameter estimates across these extensions are highly correlated with estimates from our baseline
model. For example, in column (1), we examine the model specification which includes the year of move
in the computation of addict shares among move cohorts. Thus, mover do not move instantaneously from
their origins in relative year -1 to the destinations in relative year 1, but instead undergo another year of
transitioning to and from addiction. In this extension, we assume that the addict shares of move cohorts
evolve according to the place-specific addiction transition parameters of their origin during their move year.

In column (2), we allow for movers to differ from non-movers through relative year fixed effects, which
we denote by ρr. We allow these to enter through the availability channel. Thus, opioid abuse among addicts
in this specification simply becomes

yct =

{
γo(c)+ τt +ρr if r(c, t)< 0
γd(c)+ τt +ρr if r(c, t)> 0.

In column (3), we examine the specification where we allow for non-addicts to abuse opioids at a con-
stant rate across time and geographies. Denoting this constant rate as λ , we have that the average abuse rate
for cohort cin time t becomes

ȳ j(c,t)t = āct · γ j(c,t)t +(1− āct) ·λ .

We estimate this parameter λ as an additional parameter in our model estimation. This yields an estimate
of λ ,the probability of abuse among non-addicts, to be 1.2%. As a point of comparison, the average prob-
ability of abuse among addicts—computing γ̄ jt by averaging equally across calendar years and states—is
34.3%.

Finally, in columns (4) and (5), we consider modifications of our baseline model which use various
specifications of the global addict share ā.
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Appendix E: Appendix Figures and Tables

Figure A.1: Age-Adjusted Opioid Overdose Death Rates
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Notes: Figure presents the number of national opioid overdose deaths and the subset of those which involved prescription opioids.
The years of our sample – 2006 through 2015 – are shaded. The data was directly downloaded from the CDC WONDER Multiple
Cause of Death (MCD) Files (NCHS 2021).
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Figure A.2: Share of Claims in Destination State by Relative Year
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Notes: Figure presents the average fraction of claims in a mover’s destination state (as a fraction of claims in either the origin or
destination state) by year relative to move. Observations are at the mover-year level. The figure shows a sharp change in the year
of the move, with only a small share of claims in the destination pre-move or in the origin post-move. The claim share in the year
of the move (relative year 0) is close to 0.5, consistent with moves being roughly uniform throughout the year.
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Figure A.3: Event Studies - Other Outcomes

(a) High MED
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(b) Many Prescribers
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(c) Overlapping Prescriptions
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Notes: Figure shows the weighted average across move years of estimates from equation (3) of µr(i,t)—the coefficient on year

relative to move interacted with δ̂ct—where the coefficient for relative year -1 is normalized to 0 and weights are given by sample
size. The dependent variable ỹict is the residual of the mover’s abuse rate with the indicated opioid use measure after subtracting
the predicted abuse rate using origin-year and five-year age bin fixed effects as estimated from non-movers. The dashed lines are
upper and lower bounds of the 95% confidence interval. We construct this confidence interval following a three-step procedure. In
the first step, for each state-year, we construct the asymptotic distribution of its average rate of abuse ȳ jt according to the central
limit theorem, which is a normal distribution with mean and standard deviation calculated from the data. In the second step, we
bootstrap equation (3) with 50 repetitions drawn at the enrollee-year level, making a random draw from the asymptotic distribution
for each mover’s origin, destination, and year to construct their δ̂ct for each repetition. Finally, using these bootstraps to estimate
the standard errors for each move year estimate, we calculate the variance of the weighted average coefficients by assuming that
the move year coefficients are independent. Panel A reports the baseline specifications using High MED (high morphine-equivalent
doses) while panels B and C report the results with alternate abuse measures of Many Prescribers and Overlapping Prescriptions.
These abuse measures are discussed in Appendix A and sample sizes are given in Table A.1.
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Figure A.4: Event Studies - Robustness
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(d) Individual FE
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(e) Relative Year FE
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(f) Individual and Relative Year FE
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(g) Part D Full Coverage
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(h) Alive All Years
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Notes: Figure shows the weighted average across move years of estimates from equation (3) of µr(i,t)—the coefficient on year relative to move
interacted with δ̂ct —where the coefficient for relative year -1 is normalized to 0 and weights are given by sample size. The dependent variable ỹict
is the residual of the mover’s abuse rate after subtracting the predicted abuse rate using origin-year and five-year age bin fixed effects as estimated
from non-movers. The dashed lines are upper and lower bounds of the 95% confidence interval. We construct this confidence interval following a
three-step procedure. In the first step, for each state-year, we construct the asymptotic distribution of its average rate of abuse ȳ jt according to the
central limit theorem, which is a normal distribution with mean and standard deviation calculated from the data. In the second step, we bootstrap
equation (3) with 50 repetitions drawn at the enrollee-year level, making a random draw from the asymptotic distribution for each mover’s origin,
destination, and year to construct their δ̂ct for each repetition. Finally, using these bootstraps to estimate the standard errors for each move year
estimate, we calculate the variance of the weighted average coefficients by assuming that the move year coefficients are independent. Panel A is
our baseline specification, panel B uses commuting zones as the moving geography, and panel C uses counties as the moving geography. Panel D
uses the specification in equation (3) but includes individual fixed effects, panel E instead includes relative year fixed effects, and panel F includes
both individual and relative year fixed effects. Panel G restricts to movers with 12 months of Part D coverage for each year they are observed in the
sample, and panel H restricts to all movers who did not die from 2006 to 2015. These specifications are discussed in Appendix B, and sample sizes
are given in Table A.7.
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Figure A.5: Event Studies - Selection and Attrition
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(b) Died
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Notes: Figure shows the weighted average across move years of estimates from equation (3) of µr(i,t)—the coefficient on year

relative to move interacted with δ̂ct—where the coefficient for relative year -1 is normalized to 0 and weights are given by sample
size. The dependent variable ỹict is the residual of the mover’s outcome after subtracting the predicted outcome using origin-year
and five-year age bin fixed effects as estimated from non-movers, where this outcome as having twelve complete months of Part D
coverage during the year (panel A) and an indicator for death during the year (panel B). The dashed lines are upper and lower bounds
of the 95% confidence interval. We construct this confidence interval following a three-step procedure. In the first step, for each
state-year, we construct the asymptotic distribution of its average rate of abuse ȳ jt according to the central limit theorem, which is
a normal distribution with mean and standard deviation calculated from the data. In the second step, we bootstrap equation (3) with
50 repetitions drawn at the enrollee-year level, making a random draw from the asymptotic distribution for each mover’s origin,
destination, and year to construct their δ̂ct for each repetition. Finally, using these bootstraps to estimate the standard errors for each
move year estimate, we calculate the variance of the weighted average coefficients by assuming that the move year coefficients are
independent. The y-axis is scaled to represent a 20th percentile to 80th percentile move in the rate of opioid abuse. The sample
in panel A is all movers, in addition to those without 12 complete months of Part D coverage (N = 662,243 enrollee-years). The
sample in panel B is all movers, in addition to the year of death for those who die in the sample (N = 533,185 enrollee-years).
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Figure A.6: Time Trends in Opioid Prescribing Rates
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Notes: Figure presents averages over time for 2006-2014 of the number of prescriptions per capita among non-movers and from
national QuintilesIMS data. Both prescription rates are calculated on a January-December calendar year.
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Figure A.7: Event Study – Poisoning Event
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(b) Naive Users
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(c) Prior Users
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Notes: Figure shows the weighted average across move years of estimates from equation (3) of µr(i,t)—the coefficient on year

relative to move interacted with δ̂ct—where the coefficient for relative year -1 is normalized to 0 and weights are given by sample
size. The dependent variable ỹict is the residual of the mover’s outcomes after subtracting the predicted abuse rate using origin-
year and five-year age bin fixed effects as estimated from non-movers, where the outcome is defined as an indicator for whether
an individual experienced a non-fatal poisoning event in that year, defined as an ER visit or inpatient admission with an ICD-9
diagnosis code indicating a poisoning. Values on the y-axis refer to the percentage point change in a poisoning event associated
with a move from the 20th to 80th percentile state with respect to the rate of opioid abuse. The dashed lines are upper and lower
bounds of the 95% confidence interval. We construct this confidence interval following a three-step procedure. In the first step,
for each state-year, we construct the asymptotic distribution of its average rate of abuse ȳ jt according to the central limit theorem,
which is a normal distribution with mean and standard deviation calculated from the data. In the second step, we bootstrap equation
(3) with 50 repetitions drawn at the enrollee-year level, making a random draw from the asymptotic distribution for each mover’s
origin, destination, and year to construct their δ̂ct for each repetition. Finally, using these bootstraps to estimate the standard
errors for each move year estimate, we calculate the variance of the weighted average coefficients by assuming that the move year
coefficients are independent. Sample sizes are given in Table A.9.
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Figure A.8: Model Calibrations

(a) Movers
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(b) Non-movers
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Notes: These figures compare mover (panel A) and non-mover (panel B) mean opioid abuse rates predicted from our simulations to
those in the Medicare data. Each moment is a (state, calendar year) combination. In each panel, the y-axis corresponds to the mean
of each moment across 50 simulations, and the black line in each figure shows the 45 degree line. The size of each observation is
proportional to the number of enrollee-years used in constructing the moment. The red line shows the line of best fit, using weighted
least-squares with weights corresponding to the number of enrollee-years used in constructing the moment. Notes for each figure
show the slope of the line of best fit.

Figure A.9: Time Series of Average High MED

(a) Medicare Data
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(b) Model Predictions
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Notes: These figures show time series of average abuse rates among non-movers in the 20th percentile, 50th percentile, and 80th
percentile states in each year. Percentiles are calculated for each year, and each line corresponds to different states in each year.
Panel A shows results from the Medicare data, while panel B shows predicted non-mover moments from parameters estimated in
our state-level movers only model.
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Table A.1: Event Study Coefficients – Other Outcomes

(1) (2) (3)

All Naive Prior User

Panel A: Baseline Measure (High MED)
Average of 1-5 years post-move 0.385 0.156 0.667

(0.046) (0.032) (0.112)

Enrollees 90,793 32,648 30,460

Enrollee-years 521,173 219,100 202,309

Panel B: Many Prescribers
Average of 1-5 years post-move 0.667 0.340 1.204

(0.055) (0.056) (0.119)

Enrollees 90,793 32,648 30,460

Enrollee-years 521,173 219,100 202,309

Panel C: Overlapping Prescriptions
Average of 1-5 years post-move 0.292 0.240 0.457

(0.036) (0.038) (0.080)

Enrollees 90,793 32,648 30,460

Enrollee-years 521,173 219,100 202,309

Notes: Table reports the average of coefficients and bootstrapped standard errors (in parentheses) in relative years 1-5 for the sample
of all movers, naive enrollees, and prior users. Estimates correspond to the weighted average across move years of estimates from
equation (3) of µr(i,t)—the coefficient on year relative to move interacted with δ̂ct—where the coefficient for relative year -1 is
normalized to 0 and weights are given by sample size. Each panel reports results for a different outcome: baseline (high morphine
equivalent doses or “High MED”), Many Prescribers, Overlapping Prescriptions. The omitted category is relative year -1. Opioid
naive enrollees are those with no opioid use in relative year -1, while prior users filled at least one opioid prescription in that year.
Except in the sample of all movers, we omit the ~20 percent of enrollee-years for enrollees with no observation in relative year -1.
Standard errors are calculated following a three-step procedure. In the first step, for each state-year, we construct the asymptotic
distribution of its average rate of abuse ȳ jt according to the central limit theorem, which is a normal distribution with mean and
standard deviation calculated from the data. In the second step, we bootstrap equation (3) with 50 repetitions drawn at the enrollee-
year level, making a random draw from the asymptotic distribution for each mover’s origin, destination, and year to construct the
δ̂ct for each repetition. Finally, using these bootstraps to estimate the standard errors for each move year estimate, we calculate the
standard deviation of the weighted average coefficients by assuming that the move year coefficients are independent.

58



Table A.2: Event Study Coefficients - Balanced Panels

Observed Post-Move for at Least

Baseline 1 Year 2 Years 3 Years 4 Years 5 Years

1 year post-move 0.328 0.313 0.307 0.295 0.269 0.288

(0.039) (0.039) (0.039) (0.042) (0.040) (0.038)

5 years post-move 0.608 0.609 0.623 0.621 0.591 0.542

(0.029) (0.029) (0.029) (0.033) (0.033) (0.033)

Enrollees 90,793 87,607 79,025 61,132 46,020 33,394

Enrollee-years 521,173 510,931 486,347 405,380 325,267 245,980

Notes: Table reports the average of coefficients and bootstrapped standard errors (in parentheses) in relative years 1 and 5 for our
baseline sample as well as subsamples where units are observed in the post-move period for at least the number of years indicated.
Estimates correspond to the weighted average across move years of estimates from equation (3) of µr(i,t)—the coefficient on year

relative to move interacted with δ̂ct—where the coefficient for relative year -1 is normalized to 0 and weights are given by sample
size. This balancing follows Callaway and Sant’Anna (2020). Standard errors are calculated following a three-step procedure. In
the first step, for each state-year, we construct the asymptotic distribution of its average rate of abuse ȳ jt according to the central
limit theorem, which is a normal distribution with mean and standard deviation calculated from the data. In the second step, we
bootstrap equation (3) with 50 repetitions drawn at the enrollee-year level, making a random draw from the asymptotic distribution
for each mover’s origin, destination, and year to construct the δ̂ct for each repetition. Finally, using these bootstraps to estimate the
standard errors for each move year estimate, we calculate the standard deviation of the weighted average coefficients by assuming
that the move year coefficients are independent.

Table A.3: State-Level Opioid Abuse Measure Summary Statistics

25th Percentile Median 75th Percentile Interquartile

Range

High MED 0.028 0.040 0.054 0.024

Many Prescribers 0.050 0.059 0.070 0.020

Overlapping Prescriptions 0.118 0.146 0.177 0.059

Notes: Table presents the 25th percentile, median, and 75th percentile of state averages of the indicated opioid prescription
measure. Each state average is determined by averaging the opioid prescription measure outcome within a year across non-movers
and then taking another simple average across years in the sample. The final column presents the interquartile range of each opioid
prescription measure to represent the difference between the 75th percentile and 25th percentile state.
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Table A.4: Morphine Equivalents Conversion Table

Opioid Active Ingredient Morphine Equivalents per Milligram

Codeine 0.15

Dihydrocodeine 0.25

Fentanyl (transdermal) 2.4

Fentanyl (oral) 0.1

Hydrocodone 1

Hydromorphone 4

Levorphanol 12

Meperidine 0.1

Methadone 4

Morphine 1

Oxycodone 1.5

Oxymorphone 3

Pentazocine 0.3

Propoxyphene 0.6

Tapentadol 0.367

Notes: This table identifies opioid conversion factors used in construction of high morphine equiva-
lent doses variable (“High MED”). Adapted from Meara et al. (2016) supplementary material as well as
http://www.agencymeddirectors.wa.gov/calculator/dosecalculator.htm.

Table A.5: Measures of Hazardous Opioid Prescriptions

High MED Many

Prescribers

Overlapping

Prescriptions

Any Opioid Chronic Opioid

Use

High MED 1.000

Many Prescribers 0.714 1.000

Overlapping Prescriptions 0.729 0.797 1.000

Any Opioid 0.486 0.690 0.929 1.000

Chronic Opioid Use 0.533 0.659 0.948 0.976 1.000

Notes: Table presents pairwise rank correlations between the High MED, Many Prescribers, Overlapping Prescribers, Any Opioid,
and Chronic Opioid Use variables for 2006-2015, averaged across years at the state level. State-level correlations are weighted by
the 2010 Census population.
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Table A.6: Opioid Prescribing Measures and Adverse Opioid Outcomes

(a) Opioid Prescribing Measures

All Enrollees

Enrollees with

Poisoning Event

in Year t +1

Enrollees with Opioid

Use Disorder in Year

t +1

High MED 0.041 0.313 0.276

Many Prescribers 0.062 0.355 0.331

Overlapping Prescribers 0.149 0.654 0.567

Any Opioids 0.415 0.887 0.808

Chronic Opioid Use 0.203 0.722 0.624

Share of Non-Movers 1.000 0.002 0.011

N 4,678,601 7,195 49,399

(b) Predictive Power: Positive Likelihood Ratios

Poisoning Event in

Year t +1

Opioid Use Disorder

in Year t +1

High MED 7.67 7.12

Many Prescribers 5.76 5.58

Overlapping Prescribers 4.37 3.88

Any Opioids 2.12 1.95

Chronic Opioid Use 3.54 3.12

Notes: These tables show the relationship between adverse opioid outcomes (opioid poisonings and diagnoses of opioid use dis-
orders) with our proxies for opioid abuse and opioid prescribing measures. Panel A shows the rate of these measures among
non-mover enrollee years covered by traditional Medicare for the full year (for which we observe the following year). The first
column shows all enrollee-years while the second and third columns restrict to enrollees with adverse opioid outcomes in the year
following. Panel B shows the positive likelihood ratios defined for each opioid measure and adverse outcome. The positive likeli-
hood ratio is defined as the ratio of true to false positives when the opioid abuse or prescribing measure is used as a diagnostic for
adverse opioid outcomes in the following year.
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Table A.7: Event Study Coefficients – Robustness

(1) (2) (3)

All Naive Prior User

Panel A: Baseline Geography (State)

Average of 1-5 years post-move 0.385 0.165 0.671

(0.046) (0.029) (0.101)

Enrollees 90,793 32,648 30,460

Enrollee-years 521,173 219,100 202,309

Panel B: Commuting Zone

Average of 1-5 years post-move 0.265 0.095 0.451

(0.033) (0.018) (0.068)

Enrollees 120,742 44,834 39,431

Enrollee-years 694,723 302,916 260,626

Panel C: County

Average of 1-5 years post-move 0.194 0.069 0.340

(0.027) (0.015) (0.059)

Enrollees 131,771 49,768 41,786

Enrollee-years 754,970 336,243 273,451

Panel D: Individual FE

Average of 1-5 years post-move 0.348 0.144 0.584

(0.084) (0.053) (0.180)

Enrollees 90,793 32,648 30,460

Enrollee-years 521,173 219,100 202,309

Panel E: Relative Year FE

Average of 1-5 years post-move 0.405 0.143 0.692

(0.046) (0.031) (0.111)

Enrollees 90,793 32,648 30,460

Enrollee-years 521,173 219,100 202,309

Panel F: Individual and Relative Year FE

Average of 1-5 years post-move 0.366 0.128 0.635

(0.084) (0.053) (0.181)

Enrollees 90,793 32,648 30,460

Enrollee-years 521,173 219,100 202,309

Panel G: Part D All Years

Average of 1-5 years post-move 0.381 0.153 0.610

(0.067) (0.037) (0.134)

Enrollees 36,748 16,098 15,253

Enrollee-years 253,224 119,534 111,180

Panel H: Alive All Years

Average of 1-5 years post-move 0.379 0.138 0.630

(0.053) (0.030) (0.110)

Enrollees 76,206 27,292 24,770

Enrollee-years 453,442 191,437 172,834

Notes: Table reports the average of coefficients and bootstrapped standard errors (in parentheses) in relative years 1-5 for the sample of all movers, naive enrollees, and prior users. Estimates
correspond to the weighted average across move years of estimates from equation (3) of µr(i,t)—the coefficient on year relative to move interacted with δ̂ct —where the coefficient for relative year
-1 is normalized to 0 and weights are given by sample size. Panel A reports estimates for our baseline result, Panel B reports estimates for moves by commuting zone, and Panel C reports estimates
for moves by county. Panel D uses the specification in equation (3) but includes individual fixed effects, panel E instead includes relative year fixed effects, and panel F includes both individual and
relative year fixed effects. Panel G restricts to movers with 12 months of Part D coverage for each year they are observed in the sample, and panel H restricts to all movers who did not die from
2006 to 2015. There are about 700 commuting zones and 3,000 counties in the sample. The omitted category is relative year -1. Opioid naive enrollees are those with no opioid use in relative year
-1, while prior users filled at least one opioid prescription in that year. Except in the baseline sample, we omit the ~20 percent of enrollee-years for enrollees with no observation in relative year -1.
Standard errors are calculated following a three-step procedure. In the first step, for each state-year, we construct the asymptotic distribution of its average rate of abuse ȳ jt according to the central
limit theorem, which is a normal distribution with mean and standard deviation calculated from the data. In the second step, we bootstrap equation (3) with 50 repetitions drawn at the enrollee-year
level, making a random draw from the asymptotic distribution for each mover’s origin, destination, and year to construct the δ̂ct for each repetition. Finally, using these bootstraps to estimate the
standard errors for each move year estimate, we calculate the standard deviation of the weighted average coefficients by assuming that the move year coefficients are independent.
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Table A.8: Event Study Coefficients – Moves Up and Moves Down

(1) (2) (3)

All Naive Prior User

Panel A: Moves Up
1 year post-move 0.054 0.109 -0.167

(0.053) (0.052) (0.117)

5 years post-move 0.644 0.395 1.111

(0.087) (0.096) (0.219)

Enrollees 49,813 20,438 18,284

Enrollee-years 284,758 122,535 107,545

Panel B: Moves Down
1 year post-move 0.588 -0.018 1.214

(0.063) (0.029) (0.120)

5 years post-move 0.585 0.119 1.074

(0.080) (0.046) (0.202)

Enrollees 40,980 16,519 16,321

Enrollee-years 236,415 96,565 94,764

Notes: Table reports the average of coefficients and bootstrapped standard errors (in parentheses) in relative years 1 and 5 for the
sample of all movers, naive enrollees, and prior users. Estimates correspond to the weighted average across move years of estimates
from equation (3) of µr(i,t)—the coefficient on year relative to move interacted with δ̂ct—where the coefficient for relative year -1
is normalized to 0 and weights are given by sample size. The table reports estimates for moves up and moves down based on the
difference in the rates of opioid abuse between the origin and destination state in the year of the move. The omitted category is
relative year -1. Opioid naive enrollees are those with no opioid use in relative year -1, while prior users filled at least one opioid
prescription in that year. Except in Column (1), we omit the ~20 percent of enrollee-years for enrollees with no observation in
relative year -1. Standard errors are calculated following a three-step procedure. In the first step, for each state-year, we construct
the asymptotic distribution of its average rate of abuse ȳ jt according to the central limit theorem, which is a normal distribution
with mean and standard deviation calculated from the data. In the second step, we bootstrap equation (3) with 50 repetitions drawn
at the enrollee-year level, making a random draw from the asymptotic distribution for each mover’s origin, destination, and year to
construct the δ̂ct for each repetition. Finally, using these bootstraps to estimate the standard errors for each move year estimate, we
calculate the standard deviation of the weighted average coefficients by assuming that the move year coefficients are independent.
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Table A.9: Event Study - Poisoning Event

(1) (2) (3)

All Naive Prior User

Average of 1-5 years post-move -0.151 -0.122 -0.203

(0.097) (0.143) (0.212)

Enrollees 90,793 32,648 30,460

Enrollee-years 521,173 219,100 202,309

Notes: Table reports the average of coefficients and bootstrapped standard errors (in parentheses) in relative years 1-5 for the sample
of all movers, naive enrollees, and prior users. Estimates correspond to the weighted average across move years of estimates from
equation (3) of µr(i,t)—the coefficient on year relative to move interacted with δ̂ct—where the coefficient for relative year -1 is
normalized to 0 and weights are given by sample size. The outcome is an indicator for whether an individual experienced any
non-fatal poisoning event, defined as an ER visit or inpatient admission with an ICD-9 diagnosis code indicating a poisoning.
Coefficient is scaled to represent a 20th to 80th percentile move in the opioid abuse rate. The omitted category is relative year -1.
Opioid naive enrollees are those with no opioid use in relative year -1, while prior users filled at least one opioid prescription in
that year. Except in the baseline sample, we omit the ~20 percent of enrollee-years for enrollees with no observation in relative
year -1. Standard errors are calculated following a three-step procedure. In the first step, for each state-year, we construct the
asymptotic distribution of its average rate of abuse ȳ jt according to the central limit theorem, which is a normal distribution with
mean and standard deviation calculated from the data. In the second step, we bootstrap equation (3) with 50 repetitions drawn at
the enrollee-year level, making a random draw from the asymptotic distribution for each mover’s origin, destination, and year to
construct the δ̂ct for each repetition. Finally, using these bootstraps to estimate the standard errors for each move year estimate, we
calculate the standard deviation of the weighted average coefficients by assuming that the move year coefficients are independent.
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Table A.10: Estimation Sample Summary Statistics

Sample Used to Construct Moments

Number of Movers 90,301

Number of Cohorts 12,528

Number of Enrollee-Years 451,124

Average Abuse Rate 4.8%

Moments Targeted in Model Estimation (Years Relative to Move for Each Cohort)

Number of Moments 81,892

Median Number of Enrollee-Years per Moment 2

Mean Number of Enrollee-Years per Moment 5.5

Minimum Number of Enrollee-Years per Moment 1

Maximum Number of Enrollee-Years per Moment 316

Notes: Table presents summary statistics on the empirical moments that are targeted in the estimation of the model as well as the
sample used to construct those moments. The sample used to construct the moments is simply the sample of all movers presented
in Table 1 column 1, excluding enrollee-years observed during the year of move. The empirical moments are average abuse rates
constructed at the cohort – relative-year level, where cohorts are defined by a mover’s origin, destination, and move year.

65



Table A.11: Robustness of Parameter Estimates to Model Extensions

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

Allowing Addiction

Transitions During

Relative Year 0

Including

Relative Year

Fixed Effects

Allowing for

Abuse by

Non-Addicts

Alternative Global

Addict Share

(ā = 0.15)

Alternative Global

Addict Share

(ā = 0.20)

Correlation Coefficient with Baseline Model Parameter Estimates

a j0 0.95 0.97 0.91 0.95 0.78

γ j 0.75 0.98 0.94 0.97 0.82

π
+
j 0.88 0.95 0.94 0.89 0.84

π
−
j 0.83 0.91 0.92 0.92 0.84

η
+
j 0.85 0.81 0.87 0.66 0.49

η
−
j 0.90 0.88 0.84 0.81 0.76

τt 0.89 1.00 1.00 1.00 0.96

Notes: Table presents correlation coefficients between the baseline model parameter estimates and various model extensions and
modifications. Column (1) examines parameter estimates derived from allowing for addiction transitions to occur for an additional
year in the year of the move. These transitions are assumed to occur according to the place-specific addiction transition parameters
of the origin location. Column (2) examines parameter estimates derived from estimating a version of the model which allows for
movers to differ from non-movers through relative year fixed effects, which enter through the availability channel. Column (3)
allows for abuse by non-addicts at a constant rate, which is an additional parameter that we estimate. Finally, columns (4) and (5)
specify different global addict shares (ā = 0.15 and ā = 0.20). We discuss these specifications further in Appendix D.
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