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Abstract
We develop and estimate a dynamic model of risky prescription opioid use that allows us to unpack the
role of person- and place-specific drivers of the opioid epidemic and to assess the impact of state opioid
policies. Event studies indicate that, among adults receiving federal disability insurance from 2006
to 2019, moves to states with higher rates of risky use produce an immediate jump in the probability
of risky use, followed by an additional gradual increase for the next several years. Using a potential
outcomes framework, we show how these results map to the person- and place-specific factors in the
model. Model estimates imply large effects of place on both the likelihood of transitioning to addiction
and the availability of prescription opioids; they also indicate that these place effects change significantly
when state laws restricting pain clinics are enacted. A one standard deviation reduction in all place effects
would have reduced risky use by about 40 percent over our study period. One particular source of place
effects, pain clinic laws, reduced risky use by 5 percent, but could have reduced it by 30 percent if they
had been enacted earlier, with much of this magnification operating through the dynamics of addiction.
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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 deaths from homicide, and an order of magnitude higher

than cocaine-related deaths at the height of the 1980s crack epidemic (United States General Accounting

Office 1991; Kochanek et al. 2019; National Center for Health Statistics 2021). A distinguishing feature of

the origin of the epidemic is the role played by legal prescription opioids such as oxycodone (OxyContin)

and hydrocodone (Vicodin). The epidemic is generally viewed as having arisen from physicians’ increased

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

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

Deaton 2020; Alpert et al. 2022; Maclean et al. 2022). But there has also been wide geographic variation

in the evolution and the intensity of the opioid epidemic, with prescribing per capita varying by a factor of

more than two between the 10th and 90th percentile states (McDonald, Carlson, and Izrael 2012; Schieber

et al. 2019), and Appalachia, New England, and the West (Guy et al. 2017; Katz 2017) being particularly

hard hit.

In this paper, we estimate a dynamic model of risky prescription opioid use (“risky use”) that allows

us to unpack the drivers of the prescription opioid epidemic, and to better understand the impact of opioid-

related policies. We decompose drivers along two 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 use, 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 human capital, which may be a contributor to what Case and Deaton (2015; 2017; 2020)

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, Olenski, and Jena 2017; Schnell and Currie 2018;

Eichmeyer and Zhang 2022), the availability of unscrupulous providers and “pill mill” pain clinics (Rutkow

et al. 2015; Lyapustina et al. 2016), and the presence of policies such as triplicate prescription programs

(Alpert et al. 2022), naloxone access laws (Doleac and Mukherjee 2018; Rees et al. 2019), laws regulating

pain clinics (“pill mill laws”) (Meara et al. 2016; Kaestner and Ziedan 2023), initial opioid prescribing

limits for opioid-naive patients1 (“prescribing limits”) (Sacks et al. 2021), and prescription drug monitoring

programs (“PDMPs”) (Kilby 2015; Meara et al. 2016; Buchmueller and Carey 2018; Kaestner and Ziedan

1Opioid-naive patients are defined in these policies and the medical literature as patients who do not have recent prior opioid
prescriptions.
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2023).2

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

and out of addiction and place factors that influence the ease with which addicted individuals can engage

in risky use. We refer to the former as the addiction channel and the latter as the availability channel. The

addiction channel is affected by factors like the willingness of physicians to give first-time prescriptions to

patients suffering from pain. The availability channel is affected by factors like the presence of unscrupulous

providers or the difficulty of receiving multiple or overlapping prescriptions.

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 she engages in risky use depends on her addiction

state as well as place-specific availability factors. We allow both place-specific addiction transitions and

place-specific availability to be impacted by policies. The model yields rich predictions for variation in the

dynamics of the epidemic across space and time. It suggests that changes in risky use when people move

across areas can identify the relative importance of person- and place-specific factors, while the time pattern

of those changes helps distinguish between the two different types of place factors. The impact of policies

is identified by the way the dynamics around moves change following policy implementation.

We use data on prescription opioid use from 2006 to 2019 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 received an opioid prescription

each year during our sample period (Morden et al. 2014; Meara et al. 2016), a rate considerably higher

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

3 million SSDI recipients. The fact that the SSDI population has a relatively fixed level of government

benefits and extremely tight limits on additional earnings lets us rule out large changes in individual income

or employment as drivers of behavior change around moves. At the same time, it may also attenuate the

variation in economic circumstances whose role in the opioid epidemic has been highlighted by Case and

Deaton (2015; 2017; 2020).

To define risky prescription opioid use, we follow a standard approach in the literature (e.g., Larrick

2014; Meara et al. 2016; Ciesielski et al. 2017) and measure risky use for each individual-year with an

indicator for prescriptions that result in an average daily morphine-equivalent dose (MED) of more than 120

mg in any calendar quarter. This measure has previously been found to be strongly correlated with adverse

outcomes such as opioid poisonings and opioid dependence (Sullivan et al. 2010; Bohnert et al. 2011), and

2Area-specific peer effects (Khan et al. 2019; Powell, Pacula, and Taylor 2020) will also be captured as place factors in our
framework.
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we confirm this is true in our sample as well.

We begin with two pieces of reduced form analysis. First, we exploit staggered policy introductions

across states to analyze the impact of three of the most prominent categories of state opioid policies: pill

mill laws, PDMPs, and prescribing limits. Prescribing limits were particularly aimed at limiting transitions

of new users into addiction, while pill mill laws and PDMPs were motivated by concerns about inappropri-

ate prescriptions to those who are already addicted. However, recent work has noted that all three policy

categories have the potential to affect both the addiction and availability channels.3 Our results suggest that

pill mill laws have the strongest impacts on risky use in our sample; we therefore incorporate pill mill laws

directly in our model.

Second, we present event study analyses of changes in risky use when individuals move across states. We

show that individuals’ probability of risky use increases immediately when they move to states with higher

rates of risky use, and falls immediately when they move to states with lower rates of risky use. These

effects then increase in the years post-move. Prior opioid users have a larger on-impact effect, whereas

patients without prior prescriptions have no on-impact change but a steady increase post-move. Using a

potential outcomes framework, we show formally how the event study coefficients map back to the person-

and place-specific factors in our model.

We then estimate the model by Generalized Method of Moments, using pre-move and post-move mo-

ments from about 16,600 separate mover cohorts that capture the same variation explored in our event

studies, as well as moments based on non-movers which are used to identify the impacts of pill mill laws.

We define a mover cohort by its origin and destination state, and by the calendar year in which the move

occurs. The empirical implementation of our model allows for the possibility that movers are non-randomly

selected, with person-specific factors that may be correlated with those of non-movers in both their origin

and their destination; the key identifying assumption is that the pattern of selection does not change sys-

tematically with the time relative to the move, and in particular that it does not change discretely on move.

We also allow for the possibility that pill mill policies are phased in gradually, with an implementation path

we estimate from data. Predicted moments from the model align well with their empirical counterparts,

and simulations based on the estimated parameters closely match the estimated mover event studies as well

as estimates of the impact of pill mill regulations based on their staggered introduction across states, even

though neither of these reduced form findings were explicitly targeted in estimation.

3For example, Alpert, Dykstra, and Jacobson (2024a) find that PDMPs can affect both prior users and opioid-naive patients
through introducing new physician hassle costs to opioid prescribing. Likewise, the literature on pill mill policies suggests that they
may have affected both risky opioid use and potentially appropriate use (Rutkow et al. 2015; Lyapustina et al. 2016; Kaestner and
Ziedan 2023).
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The model estimates reveal substantial geographic heterogeneity in the drivers of the opioid epidemic,

with large variation in both person-based and place-based factors. For example, we find that availability

played a larger relative role in the West and Northeast, while place-specific and person-specific addiction

factors were more important in the South and Appalachia. We also find that pill mill policies reduce both

availability and addiction parameters, with their largest effects on probabilities of transitioning into addic-

tion. Our estimated model parameters are correlated in intuitive ways with various area-level characteristics.

For example, the average prescription opioid dose given after surgery is strongly positively correlated with

place-based addiction factors, which is consistent with finding that variation in initial opioid prescriptions

have strong effects on downstream addiction outcomes (Eichmeyer and Zhang 2022). Triplicate prescrib-

ing laws are strongly negatively correlated with place-based addiction factors, which is consistent with the

large effects of triplicate-prescribing programs found by Alpert et al. (2022) operating through lowering the

likelihood of individuals transitioning into addiction.

We present two main sets of counterfactuals from the estimated model. First, we decompose the impact

of different channels in contributing to risky prescription opioid use over our 2006 to 2019 sample period.

Consistent with evidence from the mover event studies, we estimate substantial roles for both person-specific

and place-specific factors. A one standard deviation reduction in all person-specific factors would have

reduced the average rate of risky use during this time period by 33 percent. Of course, these person-specific

factors in turn may have been shaped by the long-run impacts of place-specific factors; in that sense, one

can think of our estimates of the role of place-specific factors as a lower bound on their impact. A one

standard deviation reduction in all place-specific factors would have reduced the rate of risky use by 41

percent. Reducing place-specific availability has a relatively larger effect in the very short-run than reducing

place-specific addiction transitions, but over the full fourteen years of our study period the impact of the

latter is 2.5 times larger than the impact of the former.

Second, we consider the impact of pill mill laws, which our model estimates indicate affect both place-

based addiction and availability channels. We estimate that these laws decreased risky use by 4.4 percent in

the eleven implementing states during our sample period. We also show that if these laws had been in place

in these states since the first wave of OxyContin-related marketing in 1996, their effects would have been

substantially larger, decreasing risky use by 30 percent over the same sample period. The effect of early

implementation is magnified because the policy effects compound through the dynamics of addiction.

An important limitation is that we measure risky use of prescription opioids, and do not measure ille-

gal opioid use. If factors which we estimate reduce risky use of prescription opioids are associated with

substitution toward illegal opioids such as heroin or fentanyl, then the welfare effects of reductions in risky
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prescription opioids could be attenuated or even reversed. To shed some light on this issue, we look at

how our estimated availability and addiction parameters – which drive risky use of prescription opioids –

correlate with rates of adverse health outcomes such as opioid poisonings, which capture impacts of both

prescription opioids and illegal opioids. We find that our availability and addiction parameters are strongly

correlated with higher rates of adverse outcomes, suggesting that any substitution is unlikely to fully offset

health benefits from reductions in risky use of prescription opioids.

Our analysis relates to a large literature on the causes and consequences of the opioid epidemic. We

connect to work that separately examines the importance of person and place factors in driving the epidemic.

Much of this literature focuses on correlations between measures of the epidemic and changes in other

factors. Some researchers, including Case and Deaton (2015; 2017; 2020), have pointed to the important

role of individuals’ economic circumstances and related demand-side factors (Carpenter, McClellan, and

Rees 2017; Hollingsworth, Ruhm, and Simon 2017; Dean and Kimmel 2019; Venkataramani et al. 2020).

Others have argued that the patterns of increased drug deaths and measures of risky opioid use across states

suggest an important role for the availability of opioids, and little, if any, role for economic decline (Ruhm

2018; Currie, Jin, and Schnell 2019; Currie and Schwandt 2021; Cutler and Glaeser 2021).4 Still others,

such as Charles, Hurst, and Schwartz (2019), conclude that both economic conditions and opioid supply

have played a role in local opioid use and deaths. To complement this work, we develop an explicit model

of opioid addiction, and we use an empirical strategy based on individuals moving across states and the

staggered timing of pill mill laws, to estimate the model and decompose causal drivers.

We also contribute to a literature that analyzes the effects of opioid-related policies. We build on several

national analyses of PDMPs, prescribing limits, and pill mill laws (Meara et al. 2016; Buchmueller and

Carey 2018; Sacks et al. 2021; Kaestner and Ziedan 2023) by re-analyzing these policies within our sample.

We further provide a framework for estimating the effects of these policies and understanding their dynamics

within a model of opioid addiction.

More broadly, our approach fits into a large and growing 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 outcomes (e.g. Card, Heining, and Kline 2013; Chetty, Friedman, and Rockoff 2014; Chetty and

Hendren 2018a,b; Finkelstein, Gentzkow, and Williams 2016; Song et al. 2010; Molitor 2018).5 Most of this

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

4Other work suggests that economic decline may be a result of risky use itself (Laird and Nielsen 2016; Krueger 2017; Alipran-
tis, Fee, and Schweitzer 2023; Harris et al. 2020).

5Most 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.
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equation.6 We extend the approach to allow for non-separability in the outcome equation of person-specific

and place-specific factors, as well as for distinct place-specific channels. We also extend prior work by

allowing for a specific form of selection of movers tailored to our setting.

Finally, our analysis of geographic variation in risky prescription opioid use relates 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 rest of the paper proceeds as follows. Section 2 describes the setting and data and presents the

reduced form evidence of the impact of pill mill laws. 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 discusses the parameterization of the model and its estimation. Section 6 presents

the model estimates and our analysis of the impacts of counterfactual place-based policies. The last section

concludes.

2 Setting, Data, and Policies

2.1 Setting

We study risky prescription opioid use over the fourteen-year period from 2006 to 2019. This period spans

the initial surge of overdose deaths from prescription opioids, the subsequent rise in heroin-related mortality,

and the more recent increase in synthetic opioid overdoses. Prescription opioids play a large role throughout

this entire period (see Appendix Figure A.1).

Our baseline analysis focuses on prescription opioid use among a particularly high-risk population:

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 ex-

periencing long-term disability. Medical insurance coverage begins two years after eligibility for income

payments. In 2010, over eight million disabled workers (and two million spouses and dependents) received

SSDI benefits, and SSDI expenditures comprised over seven percent of federal non-defense spending; about

one-third of these SSDI expenditures reflect Medicare costs (Autor 2015). Once on SSDI, it is rare for in-

dividuals to exit SSDI and return to the labor force (Autor and Duggan 2006). While on SSDI, recipients’

income and labor market status tend 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 (Social Security Administration 2017).

We focus on the SSDI population for several reasons. First, the stringent limits on labor market ac-

6One exception is the study of habit formation in consumer purchases by Bronnenberg, Dubé, and Gentzkow (2012).
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tivity in the SSDI program minimize the likelihood of large changes in individual employment or income

around the time of moves, allowing us to isolate on-impact place effects that are unlikely to be driven by

changing economic circumstances. Second, we are able to leverage detailed, individual-level panel data

on prescription opioid use in this population. And third, rates of prescription opioid use are high among

this population (Morden et al. 2014; Meara et al. 2016). While the first two reasons also apply to those

who qualify for Medicare because they are 65+, the last one does not; although SSDI recipients account for

approximately a fifth of Medicare enrollees, they account for nearly four-fifths of opioid overdose deaths

among the Medicare population (Kuo, Raji, and Goodwin 2019). However, to explore the robustness of our

analyses to alternative populations, we construct an alternative sample of elderly Medicare (65+) enrollees.

We describe the construction of this sample and present a parallel set of analyses in Appendix C.

2.2 Data

We use data from SSDI recipients in a 20 percent random sample of Medicare beneficiaries from 2006

through 2019. We focus on the approximately three-quarters of SSDI recipients who are also enrolled in

Medicare Part D, the voluntary, heavily subsidized prescription drug benefit program that has been available

to Medicare enrollees since 2006; the Part D enrollment rate among SSDI Medicare recipients is slightly

higher than the 60 percent rate among elderly (65+) Medicare recipients (Cubanski, Neuman, and Damico

2016). Medicare recipients can enroll in Part D 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; we observe their prescription drug fills in either case. In addition, adults with sufficiently low

earnings prior to the onset of disability also qualify for Medicaid—the public health insurance program

for qualifying low income adults—and this dual eligibility for Medicaid and Medicare also ensures that

beneficiaries have Part D coverage.

We are able to follow Part D enrollees over time in an individual-level panel, and to observe basic

demographic information including gender, age, race, Medicaid enrollment, and zip code of residence,

which we define annually as the address on file for Social Security payments.7 We use the detailed, claim-

level data to observe the drug and dosage of filled prescriptions; prior work has also used the Medicare Part

D prescription drug claims data to measure prescription opioid use (e.g. Morden et al. 2014; Meara et al.

2016; Buchmueller and Carey 2018). For the approximately three-quarters of our enrollee-years who are not

7We obtain data on zip code of residence from the Medicare Denominator File for years 2006-2008 and Beneficiary Summary
File (BSF) for years 2009-2019. 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. See https://www.resdac.org/articles/medicare-eligibility-and-enrollment-files-rif-
versions/ for more information.
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enrolled in Medicare Advantage, we also observe inpatient and outpatient claims which we use to develop

various measures of adverse opioid outcomes.

Sample Construction From our original 20 percent sample of all Medicare enrollees (18.8 million en-

rollees; 153 million enrollee-years) we limit ourselves to the approximately one-fifth of enrollees whose

original source of Medicare eligibility was from SSDI, and then further restrict to the approximately two-

thirds of enrollee-years with 12 months of Medicare Part D coverage. We exclude from this sample person-

years in which the enrollee is older than 99. This produces a sample of about 3.1 million enrollees (22.9

million enrollee-years).

Our baseline geographic unit of analysis is a state, although we also present results for other levels of

geography such as county or commuting zone. We define individuals to be “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 320,000 enrollees who change their state of residence at least once, we impose

several additional restrictions to arrive at our final sample of 99,729 movers. We exclude the approximately

24,000 movers who moved during the last year in the sample, since we cannot observe their post-move

behavior. We exclude about 110,000 movers who changed their state of residence more than once during

our study period. We limit analysis to at most five years pre-move, the move year, and five years post-move,

thus excluding about 370,000 enrollee-years outside this window. We follow the approach developed in

Finkelstein, Gentzkow, and Williams (2016) and exclude about one-quarter of the remaining movers whose

share of prescription claims in their destination state, among prescription claims (for any drug) 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

Finally, we exclude approximately 40,000 movers who we do not observe in the year before their move.9

8Appendix 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. Note 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 prescription claims and a pre-move destination prescription claim share greater than 0.05; (ii) they have no pre-move
prescription claims and a post-move destination prescription claim share less than 0.95. See Finkelstein, Gentzkow, and Williams
(2016) for a more detailed discussion.

9In order to keep the sample consistent throughout our event study analysis and model estimation, we further restrict our sample
to movers who have a matched non-mover observation in the same year, matching on origin state, five-year age bin, race, and sex.
This excludes only an additional 448 enrollee-years, as nearly all mover-years are matched.
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Measuring Risky Prescription Opioid Use 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 misuse (Parente et al. 2004).

While there is no consensus measure of misuse among clinicians or medical researchers (Turk, Swanson,

and Gatchel 2008; Sullivan et al. 2010), the medical literature studying the opioid epidemic has developed

several proxies for risky prescription opioid use based on prescription data (Hall et al. 2008; White et al.

2009; Sullivan et al. 2010; Cepeda et al. 2012; Rice et al. 2012; Logan et al. 2013; Jena et al. 2014; Larrick

2014; Morden et al. 2014; Meara et al. 2016). These measures identify patterns in prescriptions at the

person-year level that are correlated with adverse drug outcomes such as opioid dependence, emergency

room visits, and overdose deaths (Braden et al. 2010; Dunn et al. 2010; Bohnert et al. 2011; Logan et al.

2013; Jena et al. 2014; Ciesielski et al. 2017; Brat et al. 2018; Klimas et al. 2019; Rough et al. 2019; Wei

et al. 2019).

Our primary measure of risky use is an indicator for an individual filling prescriptions that result in an

average daily morphine equivalent dosage (MED) of more than 120 mg in any calendar quarter of the year.

This dosage is above the 96th percentile of enrollee-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. Our use of this measure follows Sullivan et al. (2010),

Larrick (2014), Meara et al. (2016), and Ciesielski et al. (2017).

We also show robustness of our mover event studies to two other measures of risky use used in the

literature: an indicator for filling prescriptions with four or more unique physicians in a year, and an indicator

for filling a new opioid prescription before the end of a previous prescription during the year. 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 selected our primary measure of risky use based on the

observation that it is the most predictive of subsequent adverse opioid outcomes (i.e., opioid poisonings or

opioid use disorders) in our data (see Appendix Table A.1).

Finally, for some mover analyses, it will be useful to distinguish among patients based on their prior

opioid history. Following the standard definitions in the literature (Sun et al. 2016; Deyo et al. 2017), we

define a mover as “opioid naive” if she filled no opioid prescriptions in the year before the move, and as a

“prior user” if she filled an opioid prescription in the year before the move.
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Summary Statistics Table 1 reports summary statistics for our study population of movers (column 1).

Slightly over one-half are female, and approximately three-quarters are white. Slightly more than one-half

receive Medicaid, and their average age is 58. 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 (Morden et al. 2014; Meara et al. 2016). About four percent of enrollee-years meet the definition

for risky use. In the year prior to move, movers are slightly more likely to be opioid naives than prior users.

Column 2 shows comparable statistics for our study population of non-movers. Relative to non-movers,

movers are slightly more likely to be female, white, and younger. Movers also exhibit somewhat higher

rates of prescription opioid use and of risky use.

Among our movers, we estimate that the average distance between their origins and destinations (mea-

sured 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 1,536 movers (about

2% of movers) and the mean state receives 1,955. Florida is the most common destination state (about 13%

of movers), while California is the most common origin state (9.8% of movers). The least common desti-

nation is the District of Columbia (0.1% of movers) and the least common origin is North Dakota (0.2% of

movers).

Figure 1 shows the distribution and time-path of the rates of risky prescription opioid use across states

for our full sample of non-movers. Panel A presents a map of average risky use rates and highlights the

regions that were most affected by the prescription opioid crisis. New England, 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 risky use rate in New Hampshire is more than twice that of the

neighboring state of Massachusetts, while in the Midwest, the risky use rate in Montana is more than two and

a half times higher than that of the neighboring state of North Dakota.10 These differences will prove useful

for generating variation in place-based factors when individuals move across states. Panel B presents trends

in risky prescription opioid use. Risky use grows in prevalence until 2013 and begins to fall afterwards,

as the locus of the crisis shifted from prescription to illegal opioids. Notably, the spread between the 20th

and 80th percentile risky use states remains stable over time, which is consistent with national changes in

attitudes and guidelines playing similar roles across geographies.

10While we cannot directly compare the patterns of risky use as we measure it in our population to that of the general population,
in Appendix C we show 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 prescriptions per capita is substantially higher for our disabled population.
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2.3 State Opioid Policies and their Reduced Form Impacts

We consider three policies that were widely adopted during our time period and that have also been high-

lighted by the prior literature: PDMPs, pill mill laws, and prescribing limits.11 Different states enacted these

policies at different times, providing a key source of variation that we (and prior papers) use to identify

their effects. Appendix B describes these policies, the timing of their implementation, and our reduced form

estimates of their impacts in our non-mover study population. Appendix Figure A.3 presents the associated

policy event studies, while Appendix Figure A.4 presents our estimates of each policy’s average impact in

its first five years, and, where feasible, compares our estimates to ones from the existing literature. For each

specification, we estimate confidence intervals through 50 iterations of the Bayesian bootstrap procedure

(Rubin 1981) which smooths bootstrap samples through reweighting rather than resampling observations.

We find that pill mills are associated with a statistically significant 10% decline in risky use, but that PDMPs

and prescribing limit policies are associated with substantially smaller and statistically insignificant effects

on risky use. These findings are broadly consistent with existing estimates, many of which are imprecise.

Based on these findings, in our modeling below we focus our analysis of policy impacts on the effects

of pill mill laws. We make two additional modeling choices based on our estimates as well as qualitative

analyses of pill mill laws. First, our estimates suggest that the impact of the pill mill laws grows over time

(see Appendix Figure A.3, Panel B). This could reflect a growing impact of a fully phased-in law, or a gradual

phase-in of a law with a time-constant impact, or some combination of both. In practice, it appears that pill

mill laws are gradually phased-in due to both logistical hurdles to implementation as well as subsequent

modifications to the policy. Appendix Figure A.5 documents the process of subsequent modifications to

initially-implemented pill mill laws, and Stone et al. (2020) provide a qualitative discussion of factors behind

implementation delays based on interviews with policy-makers in several states that introduced pill mill

laws.12 As a result, our policy parameterization in the model estimation in Section 5 below will allow for a

potential gradual phase-in of these laws.

Second, we allow these policies to affect both the availability and place-based addiction channels. Pill

mill laws most directly target availability. They aim to reduce inappropriate prescribing by healthcare fa-

cilities that specialize in the diagnosis and management of chronic pain by defining a set of requirements

11PDMPs vary widely across states. A lot of the literature studying these policies focuses on the implementation of “must-
access” mandates (Buchmueller and Carey 2018; Alpert, Dykstra, and Jacobson 2024a); these refer to a strengthened set of require-
ments which dictate that providers access the PDMP prior to prescribing or filling a prescription for a controlled substance. We
follow this approach. Our analysis of PDMPs is likewise an analysis of must-access PDMPs.

12Potential sources of implementation delays provided by interviewees in Stone et al. (2020) include the time associated with
mobilizing pill mill inspections, coordination with law enforcement, information delays associated with definitions and informing
providers who “did not understand that they needed to register as a pain clinic to comply with the law”, and the time required for
external parties to raise flags about signals of potential non-compliance with the law.
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and responsibilities for such facilities.13 In practice, however, the policies may also affect transitions into

and out of addiction. For one thing, the laws can apply quite broadly to healthcare facilities which aim to

treat patients with chronic pain, many of whom are not already addicted to opioids.14 Such facilities serve

the sizable population suffering from chronic pain: estimates suggest that over 20% of U.S. adults expe-

rience chronic pain, and that nearly 7% of adults feel that this pain restricted their daily activities Rikard

2023. Furthermore, opioid prescribing behavior by physicians is highly concentrated among high-volume

prescribers: in 2017, the top 1% of providers were responsible for 49% of all opioid doses and 27% of all

opioid prescriptions Kiang et al. 2020. Thus, these policies may directly affect both the availability of large

doses as well as the rate of first-time prescriptions and initiations into addiction more broadly.

3 Model

We build a dynamic model of opioid addiction and risky opioid use. 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 o, destination d, 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, respectively. For all i ∈ Ic, we use c(i) to refer

to the cohort that they belong to. Finally, we use Cm to denote the set of all move cohorts.

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 addiction state evolves

stochastically with time-varying 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
+
jt +η

+
i and the

probability of transitioning out of addiction is given by π
−
jt +η

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

and person-specific factors respectively.15 Thus,

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


1−π

−
jt −η

−
i if ai,t−1 = 1

π
+
jt +η

+
i if ai,t−1 = 0.

13These responsibilities can include explicit certification requirements, requiring physician ownership, complying with specific
prescribing restrictions, requiring physician examinations for patients, requiring drug-testing for high-risk patients, and keeping
patient records.

14For example, Kentucky’s definition of pain management facilities include all facilities that advertise for any type of pain
management services (Kentucky Revised Statutes § 218A.175).

15We restrict the domain of these parameters to values where addiction transitions can be interpreted as probabilities (i.e., [0,1]).
The domain restrictions applied in our estimation are discussed in Appendix E.
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We let π jt ≡
[

π
+
jt π

−
jt

]
and ηi ≡

[
η
+
i η

−
i

]
.

The expected share a jt of non-movers in location j who are addicted at time t is defined recursively as

a jt =
1∣∣I j
∣∣ ∑

i∈I j

[(
1−π

−
jt −η

−
i

)
ai,t−1 +

(
π
+
jt +η

+
i

)
(1−ai,t−1)

]
,

where we set ai0 = 0 and
∣∣I j
∣∣ denotes the number of non-movers in location j.

Our main observed outcome of interest is risky prescription opioid use. We treat this as binary, letting

yit ∈ {0,1} be an indicator for whether person i engages in risky use in year t, and we let yct denote the mean

of yit among movers in cohort c. The probability a person who is addicted in a given year engages in risky

use is given by γ jt , a term that may depend on both place- and time-specific factors, including local supply-

side conditions and opioid policies.16 As a shorthand, we refer to the parameter γ jt as “opioid availability”

in location j and time t. Our baseline model assumes that non-addicted individuals never exhibit risky use;

in Section 6.2 we show that our counterfactuals are robust to relaxing this restriction. The probability of

risky use is thus given by

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


γ jt if ait = 1

0 if ait = 0.

Expected risky use conditional on the addiction state is aitγ jt .

In the empirical analysis, we will observe risky use yit and the location of each individual, but not their

underlying addiction state ait . We cannot directly observe the addiction state ait , since not all addicted indi-

viduals engage in risky use in a given year. The key identification challenge will therefore be to separately

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

eters π jt and ηi. As we will discuss, the patterns of risky use around moves to and from different locations

will be crucial for identification.

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

the causal effect of place. For an individual who is addicted (ait = 1), the causal effect of moving in period

t from an original location o(c(i)) to a new location d (c(i)) on risky use in period t is
(
γd(c(i))t − γo(c(i))t

)
.

The causal effect for a non-addicted individual is zero. Thus, the average causal effect of such a move in

period t for a population in which share a is addicted is a
(
γd(c(i))− γo(c(i))t

)
. Over time, the share addicted

a will also be affected by the move via place-specific addiction parameters.

16In the empirical analysis below we allow for the possibility that movers are non-randomly selected from their origin popula-
tion, which is why here we define γ jt for a non-mover.
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To define the causal effect of place 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 similarly define act (h) to be the

share of individuals in cohort c at time t who would be addicted were all of those individuals to have location

history h. We assume that a mover is in their origin location for t < m, is in their destination for t > m, and

may be in either their origin or their destination in t = m. Note that our formulation implicitly rules out

anticipatory effects of moving, as potential outcomes only depend on current and past locations.

We can then define the period-t average treatment effect on movers in cohort c of moving in year m(c)

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 −a0
ctγo(c)t t > m(c)

(2)

where act = act (hct) and a0
ct = act

(
h0

ct
)
. If movers were as-good-as-randomly selected from non-movers in

their origin, a0
ct would simply be equal to the share of non-movers who are addicted in the origin location

o(c) in period t. Our empirical implementation of the model, however, will allow for the possibility of

non-random selection.

The period-t average treatment effect on movers in equation (2) consists of two distinct channels, re-

flecting the impact of place on both the share of addiction (act) and on the rate of risky use conditional on

addiction. To see this more clearly, we can rewrite the term for t > m(c) as

Tct =
(
act −a0

ct
)

γd(c)t +a0
ct
(
γd(c)t − γo(c)t

)
,

where the first term can be interpreted as the treatment effect due to the addiction channel and the second

term can be interpreted as the treatment effect due to the availability channel.
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4 Reduced Form Evidence from Moves

We present evidence of how the propensity for risky use changes with the timing and direction of moves,

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

these patterns can be interpreted in light of our model.

4.1 Event Study Specification

We specify an event study regression that recovers an average of the cohort and period-specific average

treatment effects defined in Section 3. We allow for fixed individual differences in risky use rates, arbitrary

trends in those rates correlated with observables, and arbitrary trends in those rates around moves that are

the same for all mover cohorts.17 Our approach also follows recent work emphasizing the importance of

allowing for heterogeneity in treatment effects across units treated at different times (e.g. de Chaisemartin

and D’Haultfœuille 2020; Callaway and Sant’Anna 2021; Sun and Abraham 2021; Wooldridge 2021); in our

context, this means that we allow for heterogeneous treatment effects based on mover cohort and observable

covariates Xi.

To focus on event time, we let r (c, t) ≡ t −m(c) index years relative to a cohort’s move year. We use

the subscript cr as shorthand for c, t (c,r), where t (c,r) is the calendar year corresponding to relative year

r for cohort c. For example, Tcr = Tc,t(c,r). We similarly use the subscript ir as shorthand for i, t (c(i) ,r)

when referring to movers. For example, for any mover i we have yir = yi,t(c(i),r). We define Xi to be a vector

of observables for mover i consisting of the interaction between five-year age bin (as measured by birth

year), race (White, Black, or other), and gender. Finally, for each mover cohort c, we define a sample of

matched non-movers consisting of all non-movers who are observed in cohort c’s pre-move year r =−1 in

the cohort’s origin o(c).

We let m̂X
cr denote the average of yir among the subset of c’s matched non-movers with characteristics

X . We then define T̂ X
cr to be the average of the difference in differences (yir − yi,−1)−

(
m̂X

cr − m̂X
c,−1

)
among

i belonging to the set I X
c of movers in cohort c with characteristics X . We let T̂cr denote the average of

T̂ X
cr across X , weighting by the number of movers in c with each set of characteristics X . Defining T̂ X

cr as a

difference in difference adjusts for any fixed individual differences in propensity for risky use, and defining

it conditional on X before averaging across X to obtain T̂cr allows for arbitrary calendar year trends in y that

are specific to each value of X . We show below that under an appropriate parallel trends assumption, T̂cr is

a consistent estimator for the treatment effect Tcr.

17These adjustments correct for selection of movers in a way that is flexible, although not directly tied to our model. When we
parameterize our model in Section 5 below, we will correct for selection in a way that has a precise structural interpretation.
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Finally, in the spirit of Finkelstein, Gentzkow, and Williams (2016), we scale these estimated treatment

effects by a measure of the gap in risky use between a mover’s origin and destination, allowing us to interpret

the event study coefficients as the share of geographic differences closed by moving. Specifically, we define

δcr to be the difference ȳd(c)r − ȳo(c)r in the average rates of risky use among matched non-movers in period

t (c,r) in the cohort’s destination d(c) and origin o(c).18 To simplify the interpretation of our estimates in

Section 4.2, we normalize δcr by subtracting the mean of this difference across all movers.19 We let δ̂cr

denote the sample analogue of δcr. We then estimate:

T̂cr = ρr +µrδ̂cr + εcr. (3)

where ρr are indicator variables for years relative to the move year. We include these to allow for the

possibility of differential trends for movers relative to non-movers that are independent of the mover’s origin

or destination. We weight each observation (c,r) by the total number of movers |Ic| in cohort c. We

compute confidence intervals via 50 iterations of the Bayesian bootstrap procedure. Finally, we note that

measurement error in our risky use outcome—a binary variable—would result in attenuation bias (Hausman,

Abrevaya, and Scott-Morton 1998).

4.2 Interpretation

We show that under the following assumptions, the event study coefficients µ̂r in equation (3) have a precise

interpretation as the weighted average of the scaled treatment effects Tcr/δcr. For simplicity, we focus in

this section on the case where ρr = 0.

Assumption 1. Conditional Parallel Trends

Ei∈I X
c

[
yir
(
h0

cr
)
− yi,−1

(
h0

cr
)]

= E
[
m̂X

cr − m̂X
c,−1
]

for all c, X, and r >−1.

Assumption 1 is a standard (implicit) assumption in much of the prior work conducting panel mover

analyses (e.g., Finkelstein, Gentzkow, and Williams 2016). It adapts the conditional parallel trends assump-

18We deviate from Finkelstein, Gentzkow, and Williams (2016) in allowing these origin-destination differences to be period-
specific. This reflects the importance of dynamics in our context: differences in risky use between pairs of areas evolve over our
sample period, as the opioid epidemic was not in steady state.

19This term is formally defined by ȳd(c)r − ȳo(c)r −Ei∈∪cJc

[
ȳd(c(i))r − ȳo(c(i))r

]
. This demeaning eases the formal interpretation

of the event study coefficients. It makes little difference in practice since, as we will see in Figure 3 below, the mean of δ̂cr in our
sample is very close to zero.
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tion often found in differences-in-differences settings (e.g., Heckman, Ichimura, and Todd 1997; Abadie

2005) to an event study setting. Assumption 1 will hold under our model if the distribution of both ηi and

pre-move addiction status is as good as random conditional on our covariates X . In our structural analysis,

we relax Assumption 1 and allow explicitly for both selection in the distributions of ηi and for ρr ̸= 0.

Two other assumptions are implicit in our formulation. First, we rule out anticipatory effects by assum-

ing that potential outcomes yir (·) only depend on current and past locations. Second, we also make a stable

unit treatment value assumption by allowing yir (·) to depend only on the location history of individual i.

Proposition 1. Under Assumption 1, T̂cr is an unbiased and consistent estimator of Tcr. Furthermore, the

event study coefficients µ̂r from equation (3) are consistent estimators of

µr = ∑
c

wc
Tcr

δcr
, (4)

where wc ≡ |Ic|·δ 2
cr

∑c∈Cm |Ic|·δ 2
cr

is the weight given to cohort c and ∑c wc = 1.

Proof. See Appendix D.

The event study coefficients µr thus capture a weighted average of cohort treatment effects Tcr relative

to the average difference in outcomes between their origin and destination. Scaling by the denominator δcr

gives the event study coefficients an interpretation as the average share of the gap in risky use between origin

and destination that is closed as a result of the treatment effect. The weights wc are all between 0 and 1; they

are increasing in the number of individuals in a cohort and the difference in rates of risky use between their

origin and destination. Weighting by the difference in risky use rates addresses extreme heteroskedasticity

that would otherwise arise due to some cohorts having small values of the denominator δcr. If relative

treatment effects were homogeneous across all individuals (i.e., Tcr
δcr

was equal to a constant Rr) and errors in

risky use were i.i.d., µ̂r would be the efficient estimator of Rr.20

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

population consisting of a single cohort c with origin location o(c) and destination d (c), and we assume

that movers are as good as randomly selected from among individuals in their origin, conditional on X .

Recall from equation (2) that Tcr must be zero in years prior to the move (r < 0), and thus µr must be

20To see this, suppose Tcr/δcr = Rr for all c. We can then write

T̂cr = ρr +Rrδcr + εcr,

where the errors εcr = T̂cr −Ei∈Ic

[
T̂cr
]

are conditionally mean zero by Proposition 1. If the underlying individual-level errors in
risky use are i.i.d., the covariance matrix of εcr will have zero off-diagonal elements and diagonal elements equal to 1/ |Ic|. Thus,
the weighted OLS regression in equation 3 is the efficient estimator of the coefficient Rr.
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equal to zero as well in those years. In years following the move we have Tcr = acrγd(c)r − ao(c)rγo(c)r and

δcr = ad(c)rγd(c)r −ao(c)rγo(c)r.21 Thus, we can rewrite µr for r > 0 as

µr =
acrγd(c)r −ao(c)rγo(c)r

ad(c)rγd(c)r −ao(c)rγo(c)r
. (5)

We consider four special cases.22

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

π jr vary between the origin and destination. Then all geographic variation is due to person effects. Rates

of risky use differ across places only because of differences in the shares of addiction (ao(c)r and ad(c)r) and

the distribution of addiction propensities ηi. In this case, we have γd(c)r = γo(c)r and also acr = ao(c)r (since

addiction rates do not depend 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 jr differ be-

tween the origin and destination but the transition probabilities π jr, the shares of addiction (ao(c)r and ad(c)r),

and ηi do not. Now rates of risky use differ across places only because of differences in the ease with which

individuals who are addicted can engage in risky use, and all geographic variation is due to variation in place

effects on availability. In this case, we have acr = ao(c)r = ad(c)r, since the evolution of addiction rates does

not depend on location, and thus, µr = 1 for all r > 0. 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 γ jr, the shares

of addiction ao(c)r and ad(c)r, and ηi vary between the origin and destination, but continue to assume the

transition probabilities π jr do not vary across locations. Then we have acr = ao(c)r but ao(c)r ̸= ad(c)r. In this

21As 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 instead assume that movers are in their origin during
relative year 0 and instantaneously move before relative year 1. In the visualization of our various examples in Figure 2, we replicate
uncertainty around the mover’s location in relative year 0.

22These cases highlight the way that our model extends previous work separating place-based and person-based decompositions.
Addiction creates two additional degrees of dynamics in our model that capture important aspects of the opioid crisis. First, relative
to previous work—such as Finkelstein, Gentzkow, and Williams (2016)—our place-based parameters (γ jt , π jt ) are allowed to
change over time. This is reminiscent of the drift in models such as Chetty et al. (2014). However, rather than being motivated
by a notion of auto-correlation, our flexibility is motivated by the dynamics of the setting. Second, the addiction channel naturally
generates dynamics in treatment effects. We view the tight connection between a model of state dependence with binary states and
an event-study empirical design as an additional contribution of the paper.

18



case, we can write the event-study coefficient for r > 0 as

µr =
ao(c)r

(
γd(c)r − γo(c)r

)(
ad(c)r −ao(c)r

)
γd(c)r +ao(c)r

(
γd(c)r − γo(c)r

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

between origin and destination, and the second 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 the availability effect
(
γd(c)r − γo(c)r

)
is the same as the sign of the difference in addiction

rates
(
ad(c)r −ao(c)r

)
, this share will lie between zero and one. The event study plot will show an on-impact

jump equal to this share and, provided that the ratio of addiction shares
ad(c)r
ao(c)r

and availability effects
γd(c)r
γo(c)r

are

approximately constant, have little or 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 jr to also vary between the origin and destination. This means that acr

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

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

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

π
+
d(c)r > π

+
o(c)r,π

−
d(c)r < π

−
o(c)r, and ad(c)r > ao(c)r.

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

jump in the event-study plot will have a similar interpretation to Case 3, with the jump roughly equal to

the share of differences in outcomes that are due to place-specific availability factors. Next, consider the

changes in acr post-move. If most variation in addiction rates is due to person-specific factors that do not

change on move, then acr will remain close to ao(c)r and the event study plot will remain flat post-move as in

Case 3. If a large share of variation in addiction rates is due to the place-specific terms π jr, acr will gradually

increase following the move from a level close to ao(c)r in the direction of ad(c)r. This positive post-move

trend in the event study plot is a signature of variation in π jr playing an important role. If that variation

is sufficiently important that the addiction rates among movers eventually converge to the destination level

ad(c)r, the event study coefficients µr will eventually converge toward 1. Panel D of Figure 2 illustrates this

case.
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4.3 Results

We begin by examining the distribution of the origin-destination gaps in risky use rates across individual

movers and years. This is shown in Figure 3. The mean value is close to zero and the distribution is roughly

symmetric, implying that moves from states with low-rates of risky use to states with high rates of risky

use are as common as moves from states with high rates of risky use to states with low rates. The standard

deviation is roughly two percentage points, which is large relative to the overall mean rate of risky use

among movers of approximately four percentage points shown in Table 1.

Figure 4 shows our aggregate event-study results. The figure plots the coefficients µ̂r from equation

(3). The plot shows little systematic trend pre-move, which is supportive of our identifying assumption

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

based on Case 4 in Section 4.2 above: an immediate jump in risky use upon move and gradual post-move

convergence. As discussed, the magnitude of the jump—approximately 0.28—provides a rough measure

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

availability to addicted individuals. This might reflect place-specific factors such as the presence of “pill

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

post-trend that we see may suggest a significant role for place-specific factors that affect transitions in and

out of addiction. This might reflect place-specific factors such as the propensity of local physicians to initiate

opioid prescriptions. Together, these features suggest that both opioid availability and addiction transitions

play a significant role in driving cross-sectional variation in risky use.

Column 1 of Table 2 provides a quantification of these estimates, summarizing the average values of

µ̂r at various time horizons r relative to the move. One year after moving, we estimate that this coefficient

is 0.275 (standard error = 0.033). Five years after moving, this estimate grows to 0.573 (standard error =

0.053). To illustrate these dynamics, consider locations with a stable 3.5 percentage point difference between

non-movers in the rate of risky use—approximately equivalent to the difference between the 20th percentile

state-year and the 80th percentile state-year in average rates of risky use over our full sample period. A

move between these two locations would be associated with an immediate increase in the likelihood of risky

use of approximately 1 percentage point in the year after moving, or about 30 percent of the cross-sectional

gap between these areas. On average, the likelihood of risky use would continue increasing by about 0.30

percentage points each subsequent year after the move, with approximately 60 percent of the cross-sectional

gap closed by five years after the move.

Figure 5 provides another way of visualizing how the propensity for risky use changes around moves. It
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shows a binscatter of the average change in risky use rates over the one to five years post-move compared

to the one to five years prior to move against the origin-destination difference δ̂ct in risky use rates. The

results show a clear relationship between the size of the move and changes in the prevalence of risky use,

with a significant and positive slope (0.27). 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

risky use rates, consistent with an assumption of roughly constant scaled treatment effects Tcr
δcr

. We also find

roughly symmetric effects when we estimate equation (3) for moves to areas with higher and lower risky

use rates separately, with both types of moves showing a change in the individuals’ probability of risky use

immediately when they move (Appendix Figure A.6).

Finally, to get a sense of how movers are selected in their average risky use rates, we examine the

event study estimates when we no longer adjust for any fixed individual differences in propensity for risky

use. Specifically, instead of defining T̂ X
cr to be the average of the difference in differences (yir − yi,−1)−(

m̂X
cr − m̂X

c,−1

)
among the set I X

c of movers in cohort c with characteristics X , we define the dependent

variable as
(
yir − m̂X

cr
)
. Appendix Figure A.7 shows the results of this alternative “levels” specification. We

continue to find little systematic pre-move trend, and a similar post-move pattern of coefficients. However,

the level of the pre-move coefficients is now about 0.10, indicating that there is potential selection in where

movers move. In particular, the results indicate that movers to destinations with a higher propensity for

risky use than in their origin tend, prior to their move, to have a higher propensity for risky use than matched

non-movers in their origin. We parameterize our model below to explicitly allow for such selection within

the context of the model.

Heterogeneity by prior opioid use The model described in Section 3 predicts differential treatment ef-

fects by the addiction status of movers. Changes in availability, for example, would directly affect addicted

individuals immediately upon move, but would have no immediate effects on those who are not addicted.

Differences in place-based transitions to and from addiction would affect all individuals, and so lead to post-

trends in the event study for both those who are addicted and those who are not. The aggregate event study

in Figure 4 captures an average of these effects.

While we cannot directly observe addiction states in a given year, we explore these predictions empir-

ically by proxying for addiction status with an individual’s prior history of opioid use. 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, Hayes, and Martin 2017; Brat et al. 2018; Jeffery et al. 2018). Furthermore, the heterogeneous
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effects of moving on each group highlight the importance of considering both the relative effectiveness of

policies in settings with larger and smaller existing stocks of addiction as well as their potentially differential

effects on prior users and opioid-naives.

Figure 6 shows the results from estimating equation (3) separately for movers with at least some opioid

utilization in the year prior to move (“prior users”) and movers without opioid use in the year prior to move

(“opioid naives”). These results are summarized in Table 2 (columns 2 and 3) and are consistent with the

predictions of the model. Prior users show a larger immediate jump upon move, while there is little or no

discrete change upon move for opioid naives. In the subsequent post-move years, relative risky use rates

for both prior users and opioid naives increase gradually, consistent with high risky use areas causing more

transitions to addiction and fewer transitions from addiction.

Robustness In Appendix C, we show that these results on the changes in risky prescription opioid use

around moves—both in aggregate and separately based on prior opioid use—are robust to several alternative

specifications. These include using county or commuting zone as the unit of analysis instead of state, using

alternative measures of risky prescription opioid use, omitting relative year fixed effects (ρr), and removing

our conditioning on covariates (X). They also continue to hold when we estimate the event study on a

balanced panel of individuals whom we see with Part D coverage for at least three years before and after

move, if we restrict to individuals who had Part D coverage for the full year for all years they appear in

the sample, or if we restrict to individuals who are alive throughout our sample period. They are robust

to removing the three most common destinations in our sample (Florida, Texas, and California) as well as

excluding patients in hospice or being treated for cancer. Finally, we find similar results when we re-estimate

our main specifications in the full sample of elderly Medicare recipients.

5 Model Parameterization and Estimation

The evidence in Section 4 suggests an important role for place-specific factors affecting both opioid avail-

ability and addiction transitions. To make quantitative statements about the relative importance of various

channels in driving risky opioid use, and to assess the role of specific policies, we now turn to parameteriz-

ing and estimating the dynamic model of opioid addiction and risky opioid use developed in Section 3. We

use the same sample as in Section 4, except that we omit observations from the move year (r = 0), since the

enrollee may spend time in both their origin and their destination in that year (see Appendix Figure A.2).
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5.1 Parameterization

To fix the initial conditions of the model, we define t = 0 to be 1995, the year before the introduction and

marketing of OxyContin, an event that is “often seen as the trigger event for the current opioid crisis” (Alpert

et al. 2022; Maclean et al. 2022). Our assumption that the initial addiction state is ai0 = 0 ∀ i then implies that

there was no addiction prior to 1996, and that the addiction states evolved according to our model thereafter.

For computational feasibility, we impose some additional parametric assumptions. We assume that

the baseline addiction parameters are time constant in the absence of policy effects so that π
+
jt0 = π

+
j0 and

π
−
jt0 = π

−
j0. We further assume that the baseline availability parameter γ jt0 can be decomposed into time and

location fixed effects, γ jt0 = γ j + τt . This ensures that geographic differences in opioid availability remain

constant (in proportions) throughout our sample while allowing for shifting national attitudes and guidelines

to affect availability across all states. Finally, we abstract from any within-location heterogeneity in the

addiction transition parameters ηi among non-movers, so that ηi = η j for all i such that i ∈ J j.

5.2 Policy effects

Motivated by the evidence discussed in Section 2.3, we focus our policy analysis on pill mill laws. We allow

for the implementation of pill mill laws to affect both the propensity of individuals in an area to transition

into addiction (via π
+
jt ) and the availability of opioids to those who are addicted (via γ jt).23 This flexibility is

consistent with recent evidence on the effects of pill mill policies. Although these regulations were intended

to regulate inappropriate prescribing patterns and to target institutions associated with easily-accessible,

frequent, and large prescriptions—which we might think of as closely tied to the availability channel—the

literature on pill mill policies suggests that these policies likely had effects on both risky use and potentially

appropriate use that could lead to transitions into addiction (Rutkow et al. 2015; Lyapustina et al. 2016;

Kaestner and Ziedan 2023).

Based on the evidence discussed in Section 2.3, we allow for these policies to be gradually implemented

by assuming that

π
+
jt =

(
1−ζ

π
jt
)

π
+
jt0

γ jt =
(

1−ζ
γ

jt

)
γ jt0,

where π
+
jt0 and γ jt0 are the baseline addiction and availability parameters that individuals would face in the

absence of a pill mill policy and ζ π
jt ,ζ

γ

jt ∈ [0,1] are the extent to which these parameters are changed due

23For tractability, we do not allow them to change the probability π
−
jt of transitioning out of addiction.
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to the policy as of year t in state j. We assume that policy impacts are weakly increasing over their first

five post-enactment years, by which point they are fully phased in. More precisely, letting t∗j denote the

year the policy is enacted in state j, we assume that: (i) ζ π
jt ,ζ

γ

jt = 0 for t < t∗j and for states that never enact

policies, (ii) ζ π
jt ,ζ

γ

jt attain their maximal values ζ π
max,ζ

γ
max for t ≥ t∗j + 5, and (iii) ζ π

jt and ζ
γ

jt are weakly

increasing in t for t ∈
[
t∗j , t

∗
j +4

]
, with ζ π

jt = sharet−t∗j ζ
π
max and ζ

γ

jt = sharet−t∗j ζ
γ
max for sharet−t∗j ∈ [0,1] a

set of monotonically increasing weights that capture the share of the full policy that is in force t − t∗j years

after policy enactment. In Section 6.2 we show that our counterfactuals are robust to alternative timing

assumptions for gradual policy implementation.

5.3 Allowing for relative year effects and selection effects

We extend our baseline model in Section 3 to directly allow for relative year fixed effects and potential

selection among movers.

We allow for the risky use rates of addicted movers to differ from non-movers through proportional

shifts in risky use rates that evolve arbitrarily in years around the move; we denote these relative year fixed

effects by ρr. These shifts capture changes in use associated with moving per se, such as disruption of

supply networks, changes associated with family stress, and so on, as well as correlation between the timing

of moves and positive or negative shocks to opioid demand (provided these do not vary systematically

depending on the origin or destination).

Combining these relative year fixed effects with our previous assumption that the baseline availability

parameters are additively separable implies that risky use among movers who are addicted during a given

year is given by

γcr =


γo(c)+ τt(c,r)+ρr if r < 0

γd(c)+ τt(c,r)+ρr if r > 0.

Next, we address potential selection explicitly by allowing for the distribution of person-specific addic-

tion transitions to vary systematically with both the mover’s origin and their destination. Specifically, we

assume that the person-specific parameters for each move cohort c are drawn from some convex combina-

tion of the distributions of person-specific factors in their origin state o(c) and destination state d(c). The

distribution of person-specific parameters in each cohort is therefore given by

ηc ∼ (1− s) ·ηo(c)+ s ·ηd(c).
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The selection parameter s governs the extent to which movers are selected to resemble individuals in their

destinations. Thus, the predicted shares of addiction in our model for each cohort c evolve according to

acr =


(1−π

−
o(c)−η−

c )āc,r−1 +(π+
o(c),t(c,r)+η+

c )āc,r−1 if r < 0

(1−π
−
d(c)−η−

c )āc,r−1 +(π+
d(c),t(c,r)+η+

c )āc,r−1 if r > 0

where ηc = (1− s) ·ηo(c)+ s ·ηd(c). We do not use risky use in the year of the move as a moment in our

estimation, and assume in our baseline specification that no addiction transitions occur during this time. We

show in Section 6.2 that allowing for addiction transitions to occur during the year of the move does not

substantially affect our results, and that assuming no selection (s = 0) also does not affect our results.

5.4 Estimation

Our sample includes 16,612 mover cohorts—defined by unique combinations of origin state, destination

state, and move year—and 714 non-mover state-years. This results in 125,921 mover moments (ŷcr) and

714 non-mover moments (ŷ jt), which are the sample analogues of the cohort risky use rates ycr and non-

mover risky use rates ȳ jt .24

We estimate the parameters of our model by Generalized Method of Moments (GMM), with moment

conditions defined for movers at the level of the cohort by relative year and non-movers at the state-year

level. We weight each moment by the number of beneficiary-years in the sample used to construct the mo-

ment. However, because non-movers make up the vast majority of our sample, despite movers providing

most of the critical variation for our model, we re-weight non-mover moments in aggregate so that movers

are up-weighted by a factor of approximately five.25 We also restrict our parameter space so that all tran-

sition probabilities are bounded between zero and one and so that our combination of parameters produces

a weighted global mean share of addiction across all years of 10 percent.26 Appendix E presents more de-

24The evidence from Section 4 suggests that including demographic covariates does not affect the basic event study patterns.
For computational ease, we therefore do not further separate our sample into additional moments by demographic. Appendix Table
A.3 presents additional details about the moments used for estimation.

25While there are approximately 28 times more non-movers in our sample, we re-weight movers in aggregate so that this
aggregate weighting ratio is

√
#Non-mover Years to

√
#Mover Years.

26The share of the population who is addicted to opioids is not directly observed in the data. We chose 10 percent as a reasonable
approximation; it is between the share of the population in the 2011 National Survey on Drug Use and Health that reports non-
medical prescription pain reliever use over a 12-month period (4 percent) and the share that reports such use ‘ever’ (13 percent)
per authors’ calculations. We show in Appendix G that other values do not substantially affect our results; indeed, the global mean
share of addiction essentially serves as a normalization because the relative overall averages of addiction and availability parameters
are not separately pinned down in our model. For example, doubling the shares of individuals who are addicted and halving all
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tails on our estimation and presents Monte Carlo results suggesting that the finite-sample properties of our

estimator and key counterfactuals are reasonable.

5.5 Identification

We offer intuition for the key features of the data that provide identifying variation for our estimates. This

discussion builds on the intuition developed in Section 4.2 above.

Person-specific factors are constant in time and do not change upon move. Therefore, the distribution of

ηi will be informed by patterns in risky use rates that are common to movers from a given origin regardless

of their destination. Our estimate of the selection parameter s is related to the way pre-move patterns of

risky use differ across movers with different destinations.

In contrast, place-specific factors do change discretely upon move, and generate sharp changes in pre-

dicted risky use directly after moving. The estimation of differences in place-specific availability effects γ jt

will therefore be driven by the changes in risky use that occur immediately upon move. Similarly, place-

specific addiction parameters π will be related to changes in the evolution of risky use rates in the years

post-move.

A few other parameters are worth commenting on. To see how we identify relative year effects (ρr),

consider two cohorts with the same origin and destination but different move years. During the same pre-

move calendar year, the two cohorts will share the same origin, destination, and calendar year. Thus, they

will differ only in their year relative to move, and the ratio of their risky use will drive our estimates of ρr.

To see how we separately identify the addiction transition parameters into (π+ and η+) and out of addic-

tion (π− and η−) , it is useful to consider two hypothetical cohorts of movers: one cohort in which everyone

in the mover population is initially addicted and another cohort in which no one is initially addicted. The

cohort in which everyone is addicted would only initially be affected by transitions out of addiction, while

the cohort in which no one was addicted would only initially be affected by transitions into addiction. In the

more general case, transitions into and out of addiction are related to local patterns of rising and declining

risky use rates that cannot be explained by national trends in availability (τt).

Finally, our non-mover moments contribute to the identification of the pill mill policy effects (ζ π
jt and

ζ
γ

jt). Although pill mill policies also generate changes in predicted risky use for movers, the patterns of non-

movers before and after the policy implementation provide additional power for estimating the direction and

magnitude of the policy effects. Our assumption that the policy is fully implemented within five years after

enactment also allows us to separate the sources of dynamic treatment effects. Dynamics implied by gradual

availability parameters would leave predicted risky use at a point in time unchanged.
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implementation occur only for the first five years of the policy, while longer-run changes in dynamics of risky

use are driven only by the policy’s effects on addiction.

6 Model Estimates

6.1 Model fit and parameter estimates

Model fit The model fits the data well. In particular, the simulated moments from our estimated model

closely match empirical moments in the data (see Appendix Figures A.8, A.9, and A.10). In addition, the

estimated model can reproduce our reduced form findings, which were not explicitly targeted in estimation.

Figure 7 shows that we approximately match the main mover event study from Figure 4. Appendix Fig-

ure A.11 shows that we also match the estimated impact of pill mill regulations based on their staggered

introduction across states (originally presented in Appendix Figure A.3, Panel B).27

Parameter estimates The panels of Figure 8 show the distribution across states of factors affecting avail-

ability, place-based addiction transitions, and person-based addiction transitions (among non-movers), as

well as the correlation of these factors with predicted risky use rates.28 They suggest that the three sets of

parameters differ substantially in their geographic distributions. For example, availability (γ j) plays a large

role in driving risky use in North Dakota and Vermont relative to addiction, and it plays a larger relative role

in the West and the Northeast. In contrast, place-specific and person-specific addiction factors (π j and ηi)

play relatively larger roles in driving risky use in the South and Appalachia. Figure 8 also shows that our

estimated parameters are all highly correlated with overall risky use rates.

Table 3 summarizes the parameter estimates corresponding to the impact of the introduction of pill mill

policies. The estimates suggest that the largest effects of pill mill policies were on addiction channels. In

particular, row (1) suggests that once fully implemented, pill mill laws cut the probability of transitioning

into addiction by nearly 34% in implementing states. On the other hand, row (2) suggests that the impact

of pill mill policies on availability were small in comparison, although we cannot rule out moderate effects

on the order of 5 - 10% in implementing states. The sizable effect on non-addicted individuals is consistent

27We include simulated standard errors in both Figure 7 and Appendix Figure A.11 to provide a sense of the uncertainty of the
estimators given our actual sample sizes. We also note that, as discussed in Section 5.5, variation from movers and non-movers
identify distinct parts of our model. Consistent with this, we find that increasing the weight on mover moments in our model
improves the fit of our simulated mover event study while increasing the weight on non-mover moments improves the fit of our
estimated pill mill regulation effects.

28In particular, we examine geographic variation in pre-policy parameters (γ j, π j, and ηi). We omit the time subscript as our
parameterizations in Section 5.1 assume that in the absence of policy affects, baseline addiction parameters are time constant in the
absence of policy effects and geographic variation and temporal variation in availability are separable.
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with evidence from other opioid-related policies. For example, Alpert, Dykstra, and Jacobson (2024b) find

that that Kentucky’s landmark PDMP introduced physician hassle costs that meaningfully reduced opioid

prescribing to both prior users and opioid-naive patients. Consistent with the evidence of implementation

delays discussed in Section 2.3, rows (3) - (7) suggest the pill mill policy impacts begin in the year after

implementation and grow considerably over time.

Area-level correlates of parameter estimates Although we only explicitly model one observable place-

specific characteristic (the implementation of state-specific pill mill policies), we also explore how our pa-

rameter estimates correlate with other observable area-level characteristics. This provides some suggestive

evidence on other factors behind our addiction and availability parameters, although it does not have a direct

causal interpretation.

In order to exploit finer geographic variation in these characteristics, for these analyses we hold our

estimated policy parameters fixed and re-estimate our other model parameters at the commuting-zone level,

focusing on the largest commuting zones . This allows us to look at the correlations across 91 geographic

areas, rather than across 50 states.29 Figure 9 presents bivariate area-level correlations between various

parameter estimates (shown across the different vertical panels) and area-level characteristics (shown across

the rows); for reference, the first panel shows the correlation of the area-level characteristics with the average

rate of risky use for our sample in that area. The first row considers the average prescription opioid dose

given after surgery. Intuitively, giving high doses of opioids to surgery patients is a leading pathway for

transitions into addiction. Consistent with this, the results indicate that places where surgery patients receive

higher average doses have higher rates of risky use, and our estimates suggest that this reflects their higher

rates of place-based transitions into addiction, but not different availability or person-based addiction factors.

This finding is consistent with Eichmeyer and Zhang (2022), who leverage local variation in physician

opioid prescribing among veterans with emergency department visits and find strong effects on downstream

transitions to opioid dependence. The second row considers state-level triplicate prescribing restrictions.30

Places with these restrictions have lower risky use rates, and our estimates suggest this is again driven by a

strong relationship with place-based addiction factors. This pattern is consistent with Alpert et al. (2022),

29Appendix C presents the results from estimating the model at the commuting-zone level and shows that the model fit is good
and that the relative importance of various parameters is similar to our baseline, state-level model. Appendix Appendix H presents
detailed definitions, data sources, and summary statistics for the various correlates we examine. We also conduct the same exercise
at the state-level in Appendix Figure A.12, where we find broadly similar, albeit noisier, results. For the commuting-zone correlates,
we present a wider set of demographic correlates in Appendix Table A.4.

30As Alpert et al. (2022) discuss, these policies were in place long before the beginning of the opioid epidemic in the 1990s. For
the purpose of this cross-sectional analysis, we do not examine correlations with policies that were passed during our sample period
such as PDMPs or prescribing limits, as such correlations could reflect both policy impacts and endogeneity of policy adoption.
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who show that triplicate prescribing restrictions were associated with less OxyContin-related marketing.

The middle rows of the figure indicate that places with poorer quality of healthcare, as measured by a

higher rate of hospitalizations for ambulatory care sensitive conditions (ACSC)—i.e., hospital admissions

that could potentially have been avoided through better quality outpatient care—have lower rates of risky

use, mainly because of lower estimated availability. This may reflect more constrained health care supply

in these lower-quality areas. Finally, the bottom panel shows that places with lower manufacturing em-

ployment, higher college-education shares, and higher incomes tend to have higher availability parameters

(consistent with greater overall health care supply) but lower place-based addiction parameters (consistent

with the general negative relationship between socio-economic status and addiction rates); these opposing

effects largely cancel out, leading our economic characteristics to be mostly uncorrelated with risky pre-

scription use in aggregate.

6.2 Drivers of Risky Use

Table 4 presents evidence on the quantitative importance of various model parameters for risky use. It

shows the average impact on risky use in 2019 of a one standard deviation reduction in different channels

(holding all others constant) over our 2006-2019 study period. Consistent with our results from Section

4, we find quantitatively large roles for geographic variation in both person- and place-based channels in

driving risky use. A one standard deviation reduction in the person-specific addiction propensities (ηi)

would have reduced risky use by approximately 33 percent over our fourteen-year period (row 1). A one

standard deviation reduction in both place-specific addiction (π j) and availability (γ j) would have had a

similar effect (row 2).

The results also indicate a substantially larger role for addiction parameters than availability parameters

in driving risky use over our study period. The effect of reducing place-specific addiction parameters by one

standard deviation is more than twice as large as the effect of reducing place-specific availability (rows 2a

and 2b). Reducing both sets of addiction parameters (π j and ηi) by one standard deviation would reduce

risky use by more than 50 percent (row 3), while reducing availability alone would only reduce it by 14

percent (row 2b).

However, these ‘point in time’ results mask important heterogeneity in the time path of the two distinct

place-based channels. To illustrate this, Figure 10 shows the time path of the effects of a one standard devi-

ation reduction in place-based addiction transitions and a one standard deviation reduction in availability. In

the first year, we estimate that average risky use rates would have been 20 percent lower if availability were

targeted, while targeting place-based addiction has no immediate impact on risky use. With each passing
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year, however, the relative impact of targeting place-based addiction transitions grows, and the relationship

is ultimately reversed. In the third year after the hypothetical policies are implemented, the reductions in

risky use are nearly equal across policies. By the end of our study period, the impact on risky use of the

reduction in place-based addiction transitions is nearly twice as large as the reduction in availability.

Alternative Specifications Appendix Table A.5 shows that these quantitative conclusions about our pa-

rameter estimates are generally similar across a variety of alternative samples as well as extensions or modi-

fications to our model framework. In particular, the larger role for addiction relative to availability in driving

risky use is robust across the alternative specifications. Our finding that both person-based and place-based

parameters are quantitatively important in driving risky use is also robust across alternative specifications,

although the relative magnitude of person- and place-based factors varies across the specifications.

The first row replicates the baseline results from Table 4. In rows (2) and (3), we consider two alternative

samples. First, we re-estimate our model by using a subset of large commuting zones and re-defining

movers and non-movers using these alternative geographic boundaries. Second, we replicate key analyses

on an alternative sample of elderly Medicare (65+) enrollees. As in our baseline sample, we find that

geographic variation in addiction plays a larger role than variation in availability. Compared to our baseline

specification, in these alternative specifications person-based parameters appear to play a slightly larger role

relative to place-based parameters.

The rest of the table describes results from alternative modeling specifications, which we describe in

more detail in Appendix G. In rows (4) - (6) we consider a set of models which allow place-based addiction

factors and person-based addiction factors to interact non-linearly through a CES-style specification and an

aggregator α; specifically, we allow an interaction that is, respectively, a multiplicative function, a minimum

function, and a maximum function.31 The results from the multiplicative function are quite similar to our

baseline results, while the more extreme specifications—the minimum and the maximum function—vary

more, but consistently indicate large roles for the addiction parameters relative to availability in driving

risky use.

In row (7), we estimate a model specification in which we allow for individuals who are not addicted to

31In particular, this corresponds to the following (more general) addiction transition equation.

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

)
=

1−
([

π
−
jt

]α

+
[
η
−
i
]α) 1

α

if ai,t−1 = 1([
π
+
jt

]α

+
[
η
+
i
]α) 1

α

if ai,t−1 = 0.

Within this CES-style specification, our baseline model corresponds to α = 1, where place-based addiction factors and person-
based addiction factors are additively separable. The multiplicative, minimum, and maximum edge case specifications correspond
to α → 0, α →−∞, α → ∞ respectively.
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engage in risky use. For tractability, we assume that this probability is constant across time and geographies,

and we estimate this probability as an additional parameter in our model. This non-zero probability of risky

use among non-addicted individuals means that policies aimed at reducing place-based availability and

place-based addiction are mechanically likely to have smaller effects, as some share of risky use is now

driven by non-addicted individuals who these counterfactuals do not affect. The relative importance of each

channel, however, remains similar to our baseline model.

Finally, we also estimate specifications where: (i) we allow addiction transitions to occur during the

year of the move (row 8), (ii) we shut down selection such that s = 0 (row 9), (iii) we consider alternative

normalizations for the global share of addiction ā (rows 10 and 11), and (iv) where we consider various

different timing assumptions for gradual policy implementation (rows 12 and 13).

6.3 Policy Counterfactuals

Figure 11 shows the simulated impact of pill mill policies in the 11 states that adopted them. We consider

the impact of the policies using the actual policy timing as well as two counterfactuals: one in which

these states passed the policies at the start of our data (2006) and another in which these states passed the

policies in the year before OxyContin was first introduced (1995). In each scenario, we continue to allow

for implementation delays over five years, as policies become modified, strengthened, and enforced. Panel

A shows the results in terms of percentage changes, while Panel B shows the results in levels.

We estimate that pill mill policies reduced the average rate of risky use between 2006 and 2019 by 4.4

percent in implementing states, with gains concentrated late in the period. If the adopting states had all

implemented their pill mill regulations in 2006, these policies would have reduced risky use over this same

time period by 14.9 percent. Had these policies been in place since 1995, cumulative risky use over the same

period would have fallen by 30.0 percent.

Early policy implementation thus yields substantially larger reductions in risky use. We show in Ap-

pendix Figure A.13 that the bulk of these reductions are driven by the dynamic effects of targeting addiction

earlier rather than the effect of avoiding implementation delays. In particular, Panel A considers the gains

when we remove the implementation delay, and Panel B considers the gains when we start our model with

the smaller stock of addiction generated from the 1995 implementation. Our results suggest that approxi-

mately 75 percent of the additional gains from early implementation are from targeting addiction before a

stock of addiction has accumulated, while the remaining gains are from avoiding implementation delays.

Our findings thus echo the analysis in Cutler and Glaeser (2021), who emphasize that the persistence of

addiction creates challenges to ending the opioid epidemic once it is underway.
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Potential substitution to illegal opioids An important limitation to the counterfactuals in Table 4 and

Figure 11 is that it only examines risky use of prescription opioids. If reductions in the availability of pre-

scription opioids cause substitution toward illegal opioids—as has been suggested by prior work (e.g. Evans,

Lieber, and Power 2019; Alpert, Powell, and Pacula 2018)—the welfare implications of these counterfac-

tuals could be attenuated or even reversed. Our data do not permit a direct examination of such potential

substitution, and this is an important area for future work. But we present some suggestive evidence that

any such substitution may be relatively limited.

Specifically, Table 5 shows the area-level correlation between our estimated model parameters and rates

of three adverse opioid-related health outcomes that include cases due to both prescription and illegal opi-

oids: opioid poisonings, opioid use disorders, and total drug poisonings.32 Our estimates of addiction and

availability parameters are strongly predictive of both opioid poisonings and total drug poisonings (columns

2 and 3). A one standard deviation increase in place-based addiction in a commuting zone is associated

with a 0.027 percentage point increase in opioid-related poisonings each year (approximately 20 percent of

the mean) and a 0.062 percentage point increase in total drug-related poisonings each year (more than 10

percent of the mean). We do not find a significant correlation with diagnoses of opioid-use disorder, which

could reflect places that exert stricter control over opioid prescriptions also diagnosing opioid use disorder

more aggressively.

This pattern of correlations is consistent with relatively limited substitution to illegal opioids. To see

this, consider a simple model in which people may use both risky prescription opioids and illegal opioids,

and the latter is at least as likely as the former to produce adverse outcomes. At one extreme, if reductions

in prescription use cause one-for-one substitution to illegal use, the relationship between availability of

prescription opioids and adverse outcomes should be zero or negative, since making prescription opioids

less easily available would cause an equivalent increase in illegal use and thus weakly increase the overall

likelihood of adverse outcomes. At the other extreme, if there is no substitution between prescription opioids

and illegal opioids, the relationship between availability of prescription opioids and adverse outcomes should

be positive; we also show that in this case, the effects of availability and addiction on adverse outcomes

should be roughly proportional to their effects on risky use. We present a formal model in Appendix F

that makes the logic sketched here more precise.33 The correlations in Table 5 are more consistent with the

prediction under independence than with the prediction under full substitution.

32As with the analysis of other area correlations in Figure 9, this analysis is done at the commuting zone level to exploit finer
geographic variation.

33For a more developed economic model of choice between prescription and illicitly-manufactured sources of opioids for non-
medical use, see Schnell (2022) and Mulligan (2024).
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7 Conclusion

We explore drivers of the prescription opioid epidemic between 2006 and 2019 and the role that pill mill

laws played, focusing on individuals enrolled in the Social Security Disability Insurance (SSDI) program,

a population hit particularly hard by the opioid epidemic. Both our reduced form results and our estimates

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

place-based factors in driving risky prescription opioid use.

Our findings indicate that a one standard deviation reduction in place-specific factors would have re-

duced risky use by about 40 percent. They also illustrate the distinct role played by two separate place-based

channels: an addiction channel which affects transitions in and out of addiction, and an availability channel

which affects the ease with which addicted individuals can obtain risky prescriptions. These channels create

a key temporal tradeoff: policies targeting availability are more effective in the first few years, while poli-

cies targeting place-based addiction propensities become substantially more effective after that. As Cutler

and Glaeser (2021) highlight, the existing stock of addiction may require its own policies to tackle, such as

designing policies to increase access to treatment facilities (Corredor-Waldron and Currie 2022).

Of course, a single policy may simultaneously impact multiple channels at once. Indeed, our estimates

of the impacts of pill mill policies indicate that they decrease both availability and transitions into addiction.

We estimate that, relative to a world without these policies, by 2019 pill mill policies decreased risky use

by about 4.4 percent in the eleven states that implemented these policies during our study period. If, coun-

terfactually, these pill mill policies had been implemented in 1995, they would have decreased risky use

by 30 percent. The substantially larger impact of earlier implementation primarily reflects the importance

of the addiction channel; the effects of preventing addiction from growing compound over periods and are

quantitatively large. More broadly, they illustrate how the dynamic time-path of policy impacts can depend

critically on how much they impact the availability channel compared to the addiction channel.
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Figure 1: Geographic Variation in Rates of Risky Use

(a) Map of Average Risky Use Rates
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Notes: Figure reports state-level averages for the rate of risky opioid use among all non-mover years (N = 2,755,447 enrollee-years).
Panel A presents a map of the state-level averages over the full sample period (2006 - 2019) while Panel B presents the 20th, 50th,
and 80th percentiles of risky use among states in each calendar year.
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Figure 2: Interpreting Treatment Effects in Event Study Specification

(a) Case 1: Only Person Effects Vary
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Notes: Figure shows the patterns of event study coefficients µr—the coefficient on year relative to move interacted with δ̂cr—as
calculated according to equation (5) in a theoretical setting with a single cohort moving between two locations and the coefficients
plotted on the y-axis. The cohort is randomly sampled from the origin, and risky use rates are determined according to the parame-
ters as described in Section 3. We choose an illustrative set of parameters for each example. In addition, 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 their 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, and we choose a
case where the ratio of shares addicted and availability effects in the origin and destination are exactly constant. Finally, in Panel D,
the two locations differ in their person-based factors, availability effects, and their place-based effects on transitions to addiction.
The parameters used in Panel C are π

+
o(c) = π

+
d(c) = 0.01, π

−
o(c) = π

−
d(c) = 0.16, with γo(c)r = 0.10, γd(c)r = 0.40 , ao(c)r = 0.10

and ad(c)r = 0.15 for all r ∈ [−5,5], and η
+
i = 0.02, η

−
i = 0.01for all i ∈ Jo(c) while η

+
i = 0.01, η

−
i = 0.02 for all i ∈ Jd(c).

The parameters used in Panel D are π
+
o(c) = 0.05, π

+
d(c) = 0.03, π

−
o(c) = 0.03, π

−
d(c) = 0.10, with γo(c)r = 0.30 and γd(c)r = 0.26 for

r ∈ [−5,5], ao(c),−5 = ad(c),−5 = 0.10, and η
+
i = 0.05, η

−
i = 0.02 for all i ∈ Jo(c) while η

+
i = 0.04, η

−
i = 0.05 for all i ∈ Jd(c).
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Figure 3: Distribution of Origin - Destination Differences in Rate of Risky Use
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Notes: Figure shows the distribution across movers of the difference in the average rates of risky opioid use between their origin
and destination states in a given year. The sample is all mover-years (N = 726,146 mover-years).

Figure 4: Event Study
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Notes: Figure shows estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—where the
weights on the regression are given by the number of movers observed in each cohort. The dashed lines are upper and lower bounds
of the 95% confidence interval. Confidence intervals are computed using 50 iterations of the Bayesian bootstrap. Note that our
definition of T̂cr in Section 4.1 implies that the coefficient in relative year -1 is zero by construction. The sample is all mover-years
(N = 726,146 mover-years).
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Figure 5: Change in Rate of Risky Use by Size of Move

Slope:  0.27  [ 0.21,  0.33]
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Notes: Figure shows changes in the rate of risky use from before to after move as a function of the size of the move (δ̂cr). For
each mover, we calculate the average difference δ̂cr in the rate of risky use between their origin and destination states for all
years they are observed between one and five years pre-move and one and five years post-move. We then group these average
differences— ˆ̄

δcr—into ventiles. The x-axis displays the mean of δ̂cr for movers in each ventile. The y-axis shows, for each ventile,
the average risky use rate one to five years post-move minus the average risky use rate one to five 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 with a 95% confidence interval in brackets. The sample is all mover-years between one and five years
pre-move and one and five years post-move (N = 680,617 mover-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 estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—where the
weights on the regression are given by the number of movers observed in each cohort. We show these estimates separately for
opioid naive (“naive”) and prior users. “Naives” are those with no opioid use in relative year -1, while prior users filled at least one
opioid prescription in that year. For each subsample, we extend the vector of observables used for matching to include opioid use
in the calendar year corresponding to the year before moving. The dashed lines are upper and lower bounds of the 95% confidence
interval. Confidence intervals are computed using 50 iterations of the Bayesian bootstrap. Note that our definition of T̂cr in Section
4.1 implies that the coefficient in relative year -1 is zero by construction. The samples are 412,821 mover-years (naives) and 312,866
mover-years (prior users).
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Figure 7: Event Study in Simulation vs. Data
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Notes: Figure shows estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—as estimated
on simulated data and the Medicare data, where the weights are given by the number of movers observed in each cohort. The
simulated data is constructed at the enrollee-year level by using our estimated parameters to simulate individual-level addiction
and risky use outcomes for enrollee-years in the baseline sample. Red diamonds show the aggregate coefficients estimated from
our simulated event study, where the yearly rates of risky opioid use among movers and non-movers are simulated according to
the model parameterizations described in Section 5 and confidence intervals are calculated across fifty simulations. Gray dots and
dashed lines are identical to Figure (4) and plot our aggregate event study coefficients and standard errors as estimated on our
baseline sample. Our definition of T̂cr in Section 4.1 implies that the coefficient in relative year -1 is zero by construction.
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Figure 8: Geographic Variation in Calibrated Parameters
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(b) Person-Based Addiction Transitions (ηi)
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(c) Place-Based Addiction Transitions (π j)
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Notes: Figure presents three panels with both maps and scatterplots of parameter estimates for various channels in our model. Panel A presents
the place-specific availability parameter, while Panels B and C present person-specific and place-specific factors affecting addiction transitions
respectively. The weighted correlation coefficient is presented in the bottom right corner, where weights are given by the number of mover-year
observations in the estimation sample where a mover was observed in the state. Markers are scaled accordingly. The magnitude of addiction
transition parameters is measured by the change in shares addicted that would result after one year if all states shared an initial share of 0.10 and
differential addiction transitions occurred only according to variation in the relevant set of addiction transition parameters. The implied one-year
change from place/person specific addiction transitions specifically computes ∆ā = ā0 (1−π−−η−)+(1− ā0)(π

++η+)− ā0, where ā0 is set to
the global share of addiction in our model estimation and the other set of parameters (place vs. person) are held to their median values. We discuss
the calibration of a global share of addiction further in Appendix E.
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Figure 9: CZ-Level Correlates of Risky Use and Model Parameters

Notes: Figure presents coefficients from bivariate regressions using commuting-zone level average characteristics on our model parameters. Hor-
izontal bars show the 95 percent confidence intervals, calculated with heteroskedasticity-robust standard errors. All outcomes and covariates are
normalized to be in units of standard deviations. The first panel from the left presents coefficients using the average risky use of the commuting
zone in our sample as the outcome. The second panel from the left presents coefficients using the estimated availability parameter (γ̂ j) of that
commuting zone. The third panel from the left presents the steady state share of addiction in the commuting zone implied by using variation in
the estimated place-based addiction parameters (π̂ j) while holding estimated person-based addiction parameters to their median value among all
CZs. Finally, the right-most panel presents the steady state share of addiction in the commuting zone implied by using variation in the estimated
person-based addiction parameters (η̂i) among locations while holding estimated place-based addiction parameters to their median value among all
CZs. All demographic and economic outcomes are measured in the 2000 Census. “MED After Surgery” refers to the average morphine equivalent
dose (MED) of the prescriptions patients filled in the two weeks following a set of common surgical procedures among individuals with traditional
fee for service coverage in our sample. We measure hospital quality through the “ACSC Rate”, or the rate of hospitalizations for ambulatory-care
sensitive conditions (ACSC). High ACSC rates are considered a measure of poor healthcare quality, and so we define quality by the rate of avoided
hospitalizations for these conditions (1 - ACSC). We present detailed definitions and data sources for these measures in Appendix H. The estimates
shown in this figure (along with their standard errors) are reported in Appendix Table A.4.
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Figure 10: The Time Path of Counterfactual Reductions on Risky Use
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Notes: Figure shows the yearly effect of counterfactual policies that lower place-based addiction and place-based availability
parameters. Each counterfactual policy is to reduce parameters in the relevant channel(s) by a standard deviation except for the
probabilities of transitioning out of addiction, which we increase by a standard deviation. The average yearly risky use rate is
computed by taking a weighted average across simulated risky use outcomes in each state-year for our non-mover sample, weighting
by the number of non-movers in each state-year. Throughout, we maintain our standard parameter bounds of [0,1] by taking the
minimum (maximum) of the reduced (increased) parameter and the bound as necessary. The estimates shown in this figure (along
with their standard errors) are reported in Appendix Table A.6.
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Figure 11: Analyzing the Impact of Pill Mill Policies
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(b) Risky Use Rates
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Notes: Figure shows the estimated simulated impact of pill mill laws in the 11 eventually-treated states under various counterfactual
policy passage dates. These implementation counterfactuals maintain the gradual phase-in of policy effects over five years as
described in Section 5.2. Panel A shows the reduction in the simulated risky use rates from 2006 to 2019 under the actual timing
(gray), a 2006 implementation (blue) and a 1995 implementation (red). The impact is measured relative to the counterfactual
average risky use rate implied by our model had they not been implemented. Panel B shows the simulated risky use rates directly.
The average impact is estimated by averaging over calendar years.
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Table 1: Summary Statistics

(1) (2)
Movers Non-movers

Female 57% 52%
White 74% 71%
Black 19% 20%
Medicaid 57% 55%

Age:
< 40 11% 10%
40 - 60 43% 41%
> 60 45% 49%

Average age 57.5 58.5

Region:
Northeast 16% 19%
West 22% 18%
Midwest 18% 22%
South 43% 41%

Opioid use:
Any opioids 41.1% 36.6%

Prescriptions in year before move (“prior user”) 43.1%
No prescriptions in year before move (“opioid naive”) 56.9%

Risky use 4.1% 3.5%

Number of enrollee-years 726,146 20,094,127
Number of enrollees 99,729 2,755,447

Notes: All rows except for the number of enrollee-years and enrollees report the share of enrollees or enrollee-years within the given
population with the indicated characteristic. “Any Opioids” and “Risky Use” are averaged over all enrollee-years, while all other
statistics are averaged at the enrollee-level, with “Region,” “Medicaid,” and “Age” measured in a reference year. This reference
year is the year before move for movers, and a randomly assigned year for non-movers such that the distribution of reference years
for non-movers mirrors that of movers.
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Table 2: Event Study Coefficients - Rates of Risky Use

(1) (2) (3)

All Naive Prior User

1 year post-move 0.275 0.046 0.515

(0.033) (0.015) (0.073)

5 years post-move 0.573 0.239 0.964

(0.053) (0.040) (0.102)

Enrollees 99,729 57,334 42,341

Enrollee-years 726,146 412,821 312,866

Average Risky Use Rate 1 year pre-move 0.043 0.000 0.100

Notes: Table reports the coefficients and their bootstrapped standard errors (in parentheses) one and five years post-move as esti-
mated from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—where the weights on the regression
are given by the number of movers observed in each cohort. Estimates are shown for the baseline sample (“All”), naive enrollees,
and prior users, for movers observed in the year before move for whom we are able to observe matched non-movers. 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. For the
“naive” and “prior user” subsamples, we extend the vector of observables used for matching to include opioid use in the calendar
year corresponding to the year before moving. Standard errors are computed using 50 iterations of the Bayesian bootstrap.
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Table 3: Model-Estimated Policy Effects

Policy Parameter Estimates

Full Policy Effects

(1) Addiction (ζ π
max) -0.335

(0.144)

(2) Availability (ζ γ
max) 0.002

(0.052)

Timing Parameters

(3)
Year of Implementation

(share0)
0.000

(0.000)

(4) First Year (share1) 0.202

(0.153)

(5) Second Year (share2) 0.468

(0.056)

(6) Third Year (share3) 0.598

(0.048)

(7) Fourth Year (share4) 0.764

(0.048)

Notes: Table shows estimates of our policy-related model parameters. Rows (1) and (2) present the full effects of the policies, while
rows (3) - (7) present the “share” of the policy in effect, reflecting the gradual implementation of the policy. Standard errors are
computed using 50 iterations of the Bayesian bootstrap.
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Table 4: The Effect of Counterfactual Reductions on Risky Use

Predicted reduction in rate of risky use from

a one standard deviation reduction in...

Reduction in risky use

between 2006 - 2019

(1) Person-based Parameters (ηi) 32.6%

(4.8%)

(2) Place-based Parameters (γ j,π j) 41.3%

(4.9%)

(a) Availability (γ j) 13.9%

(2.8%)

(b) Place-based Addiction Transitions (π j) 31.9%

(5.2%)

(3) All Addiction Transitions (π j,ηi) 51.0%

(8.2%)

Notes: Table reports the percent reduction in simulated overall risky use rates from 2006 to 2019 from a one standard deviation
reduction in parameters. Each counterfactual policy is to reduce parameters in the relevant channel(s) by a standard deviation,
except for the probabilities of transitioning out of addiction, which we increase by a standard deviation. We assume that the change
in parameters occurs during 2006. The overall risky use rate is computed by taking a weighted average of simulated risky use over
all state-years in our non-mover sample, weighting by the number of non-movers observed in each state-year. 95% confidence
intervals are computed using 50 iterations of the Bayesian bootstrap. Throughout, we maintain our standard parameter bounds of
[0,1] by taking the minimum (maximum) of the reduced (increased) parameter and the bound as necessary.
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Table 5: The Effect of Model Addiction and Availability on Adverse Opioid-Related Outcomes

Adverse Opioid-Related Outcomes
Risky Use Opioid-Related

Poisoning
Any Drug-Related

Poisoning
Opioid-Use

Disorder
(1) (2) (3) (4)

Availability 0.523*** 0.011** 0.013 -0.009

(0.066) (0.005) (0.015) (0.029)

Place-Based Addiction 1.222*** 0.027*** 0.062*** 0.031

(0.125) (0.006) (0.015) (0.019)

Person-Based Addiction 0.724*** 0.028*** 0.059*** -0.019

(0.0532) (0.003) (0.013) (0.026)

N 91 91 91 91

Mean of Outcome in Sample 3.325% 0.142% 0.604% 0.419%

Correlation with Risky Use 1.000 0.729 0.636 0.153

*** p < 0.01, ** p < 0.05, * p < 0.10

Notes: Table shows weighted regression coefficients of our model parameters on various adverse opioid-related outcomes and their
heteroskedasticity-robust standard errors. We standardize our model parameters so that units are in standard deviations. This exercise uses
commuting-zone level adverse opioid-related outcomes and our model parameters as estimated on a subsample of commuting zones. More de-
tails on the commuting-zone level estimation are provided in Appendix C. Commuting zones are weighted by the number of non-movers observed
in commuting zone sample. For columns (2) - (4), we calculate commuting-zone level rates among non-mover enrollee years covered by traditional
Medicare whom we also observe in the following year. Availability denotes the estimated availability parameter (γ̂ j). Place-based addiction refers
to the steady state share of addiction in the commuting zone implied by using variation in the estimated place-based addiction parameters (π̂ j) while
holding the estimated person-based addiction parameters to their median value among all CZs. Person-based addiction refers to the steady state
share of addiction in the commuting zone implied by using variation in the estimated person-based addiction parameters (η̂i) for each location while
holding estimated place-based addiction parameters to their median value among all CZs.
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Appendix A: Defining Risky Opioid Use

Measuring risky opioid use 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 risky opioid use from claims data. However, the literature uses several proxies for risky
use 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 better 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 morphine equivalent dosage, or
MED, (usually above 100-120 mg) are at higher risk for diagnoses of opioid dependence (Sullivan et al.
2010; Edlund et al. 2014) 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 dependence (White et al.
2009), hospitalizations (Jena et al. 2014), and overdose deaths (Hall et al. 2008; Yang et al. 2015).

We therefore construct several measures of potentially risky prescription opioid use. 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 opioid active ingredient described in the MED conversion
table (Appendix Table A.7).

We define and separately analyze three indicator variables as proxies of risky use: High MED, Many
Prescribers, and Overlapping Prescriptions. High MED and Many Prescribers are defined following Meara
et al. (2016); Overlapping Prescriptions is defined following Logan et al. (2013) and Jena et al. (2014).

Our primary measure of risky use is High MED. This is an indicator for whether average daily MED in
any calendar quarter of the year is greater than 120 mg. To define it, we compute the MED for each calendar
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 the calendar quarter. In Appendix C,
we also explore alternative thresholds for the indicator, including 20 mg intervals between 60 mg and 180
mg. “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 was exhausted. 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 by 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 Use and
Chronic Opioid Use. Following Morden et al. (2014), we define the latter 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
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the subset of poisoning events that are so-labelled. We define opioid use disorder as the set of so-labelled
diagnoses in the claims data.

Comparison across measures

Among non-movers, about four percent of our enrollee-years satisfy the threshold for High MED, six percent
of enrollee-years have Many Prescribers, and about 15 percent of enrollee-years have Overlapping Prescrip-
tions. The pairwise rank correlations among these three proxies of risky opioid use are high (Appendix
Table A.8) and all are positively correlated with our other indicators of prescription opioid use.

To evaluate the three measures, we limit our analysis to the non-mover sample with traditional Medicare
for which we can fully observe opioid poisonings and opioid use disorders. We further restrict to non-mover
enrollee years whom we observe the following year, so that we can examine the relationship between our
measures of opioid use in year t and adverse outcomes in year t +1 (Appendix Table A.1).

Row (6) shows that, on average, 0.5 percent of our sample is diagnosed with an opioid use disorder each
year, and 0.1 percent of our sample is diagnosed with an opioid poisoning event. These outcomes, however,
are significantly more prevalent among the beneficiaries that exhibit our measures for risky opioid use in the
year preceding. For example, row (5) shows that among the three percent of enrollee-years with High MED,
the share with opioid poisonings or opioid use disorders in the next year is about seven and one-half times
higher than the baseline. There is substantial variation among these measures; row (6) suggests that these
same adverse opioid-related outcomes are only approximately twice as common in the subsample with any
opioid prescriptions as compared to the baseline sample. We chose High MED as our baseline measure of
risky opioid use because adverse opioid-related outcomes are the most prevalent across all five of the opioid
use measures we examined.

Finally, for our preferred measure of risky opioid use—High MED—we examine how geographic pat-
terns of risky use in our population correlate with geographic patterns in adverse opioid outcomes in the
overall US population. To do so, we use 2006-2019 state-level data from the CDC Multiple Cause of Death
(MCD) File34 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 - 2019 National Survey on Drug Use and Health (NSDUH).35 At the state level,
we calculate that both measures have a high rank correlation with our risky opioid use measure; the average
yearly rank correlation is 0.40 for the opioid-related death rate, and 0.40 for the self-reported opioid misuse
rate.

34Available at https://wonder.cdc.gov/mcd-icd10.html.
35This data is available at http://datafiles.samhsa.gov/study-series/national-survey-drug-use-and-health-nsduh-nid13517. From

2006-2014, the survey asked a question about “non-medical use of pain relievers in the past year.” This question was removed from
the survey in 2015 and replaced with a similar question from 2016-2019 on self-reported prescription pain reliever misuse. We use
the share of the adult population who answers “yes” to these questions as our measure of self-reported opioid misuse.
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Appendix B: Opioid-Related Policies and Reduced Form Impacts

Although there is growing evidence on a diverse set of opioid-related policies—including Naloxone Access
laws and Good Samaritan Laws (Rees et al. 2019), syringe exchange programs (Packham 2022), policies
that increase access to treatment for opioid use disorder (Barrette, Dafny, and Shen 2023), and triplicate
prescription programs (Alpert et al. 2022) among others—we focused on the three policies that were widely
adopted during our sample period and that have been highlighted in the prior literature: Prescription drug
monitoring programs (“PDMPs”), pill mill laws, and prescribing limits. We take advantage of the variation
across states in whether and when they enacted each policy to estimate their impacts in our study population
based on state level difference-in-difference estimates. In this section we describe each policy, our estimates
of their impact, and how our results compare to prior analyses of these policies in other populations. Based
on these findings, we focus our model-based policy analysis on pill mill laws.

Descriptions of Each Policy

Prescription drug monitoring programs (“PDMPs”) are state-level databases that track prescriptions of con-
trolled substances. These provide information on patient prescription histories for physicians as well as
providing potentially valuable information for public health officials and law enforcement, all of which is
designed to reduce rates of prescribing misuse for monitored substances.36 Although California established
the first PDMP in 1939, the adoption and modernization of PDMPs has been a more recent phenomenon
across most states. Modern PDMPs vary widely across states, from simply having established prescription
registries, to digitizing them, to mandating their use by physicians. Much of the literature studying these
policies focuses on the implementation of “must-access” mandates (Buchmueller and Carey 2018; Alpert,
Dykstra, and Jacobson 2024a); these refer to a strengthened set of requirements which dictate that providers
access the PDMP prior to prescribing or filling a prescription for a controlled substance. We follow this
approach. Our analysis of PDMPs is therefore an analysis of must-access PDMPs.

Pain clinic regulations (“pill mill laws”) are laws intended to reduce inappropriate prescribing by a cer-
tain set of healthcare facilities referred to as “pain management clinics.” These laws typically define these
as facilities which engage in the treatment of pain through controlled substances. However, each state’s
implementation varies slightly in their specific definition of such a facility, and the definition can apply
quite broadly to healthcare facilities which aim to treat chronic pain. For example, Texas defines a pain
management clinic through a specific set of drugs—opioids, benzodiazepines, barbiturates, or carisoprodol.
Kentucky’s definition includes all facilities that advertise for any type of pain management services.37 These
laws further define a set of requirements and responsibilities for such facilities. These responsibilities can
include explicit certification requirements, requiring physician ownership, complying with specific prescrib-
ing restrictions, requiring physician examinations for patients, requiring drug-testing for high-risk patients,
and keeping patient records.

Finally, initial opioid prescribing limits (“prescribing limits”) represent a recent set of state-level policies
targeted towards opioid-naive users with the intention of preventing initiation into addiction and to limit the
supply of opioids available for potential diversion (Sacks et al. 2021). These laws typically limit the strength
and length of initial prescriptions, with the definition of opioid-naive, maximum prescription thresholds, and
maximum prescription durations varying by state.

36In particular, the idea is that physicians will adjust downward their prescribing behavior when they identify problematic drug
interactions or patients with potentially inappropriate drug-seeking behaviors. However, Baehren et al. (2010) also find evidence
that the information can lead to upward adjustments in opioids prescribed when the physician is able to confirm the patient did not
have a recent history of controlled substance use. More recently, Alpert, Dykstra, and Jacobson (2024a) consider the hassle costs
of required PDMP checks.

37These are defined in the Texas Occupations Code § 168.001 and the Kentucky Revised Statutes § 218A.175.
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Defining Policy Implementation Dates

We collected data on state-level opioid-related policies from several sources, including legal databases,
the Prescription Drug Abuse Policy System (PDAPS), and literature analyzing the effects of opioid-related
policies that were enacted during our study period (Buchmueller and Carey 2018; Sacks et al. 2021; Kaestner
and Ziedan 2023). We focus on states which implemented these policies during our study period between
2006 and 2019.

One of the challenges for measuring the timing of implementation is defining implementation itself.
For example, the PDAPS data reports three sets of dates for different stages of implementation of PDMPs:
(a) the passage of the law, (b) when the PDMPs become operational and begin storing data, and (c) when
authorized users can actually access data. Despite the variety of potential dates that could be used, the
literature studying the effects of these policies presents a mostly-consistent set of dates. When possible, we
attempt to follow the literature. After cross-checking implementation dates across sources, we follow the
timing used by Sacks et al. (2021) for prescribing limits and must-access PDMPs, and the dates listed on
PDAPS for pill mill laws.38 Appendix Table A.2 presents the resulting implementation dates we use for
each policy in each state in our analysis.

Reduced form impact of each policy in our study population

Using our study population of non-movers and the implementation dates described above, we separately
estimate the effects of each of the three policies by leveraging their staggered implementation across states.
In order to improve power, we allow for year effects to vary flexibly by demographic groups. Specifically,
for each policy, we estimate a Poisson event study regression through pseudo-maximum likelihood (Correia,
Guimarães, and Zylkin 2020) using the following specification

y jgt = exp

(
α

policy
jg + τ

policy
gt +

5

∑
r=−5

ρ
policy
r( j,t) · I{policy j}

)
n jgtεg jt , (6)

where g denotes a demographic cell defined by the interactions between five-year age bins, race (White,
Black, or other), and gender (with demographics defined as in the main text), j denotes states, t denotes
calendar years, yg jt denotes the average risky use rate among the state-year-demographic cell, n jgt denotes
the number of individuals observed in the state-year-demographic cell, r( j, t) denotes the year relative to
the implementation of the relevant opioid policy, and I{policy j} denotes an indicator variable for whether the

state ever passed the relevant opioid policy. The α
policy
jg fixed effects allow for state fixed effects that vary

flexibly by demographic cells, while the τ
policy
gt fixed effects allow for year effects that likewise vary flexibly

by demographic cells. We estimate confidence intervals through 50 iterations of the Bayesian bootstrap
procedure, which smooths bootstrap samples through reweighting rather than resampling observations. In
particular, we draw fifty sets of weights from a gamma distribution for each state-year-demographic cell,
and we re-scale the weight given to each observation by these draws. We then re-estimate ρ

policy
r( j,t) for each set

of drawn weights and compute the standard error across draws.
Appendix Figure A.3 presents our separate estimates of ρ

policy
r from equation (6) for must-access PDMPs,

pill mill laws, and prescribing limits. The significant upward trend in Panel A makes the effect of must-
access PDMPs difficult to interpret, but there is limited evidence of any decrease in risky use. Similarly,
Panel C suggests that there were no immediate effects of the policy, and the eventual post-policy decreases

38One exception is that we follow Lyapustina et al. (2016) in defining the year of the implementation of Texas’s pill mill
regulation as 2010 rather than 2009. Although Texas Administrative Code § 192.1, 192.4-192.7 were passed in November 2009
to define pill mills and a set of standards, the bulk of the regulation came shortly afterwards in 2010 through Texas Administrative
Code § 195.4 and § 168.001, which required certification, quality assurance procedures, and requirements on ownership.
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are noisy. On the other hand, Panel B suggests that pill mill laws had a substantial impact on curbing risky
use in our sample, with a gradual decline in risky use beginning in the year after pill mill implementation
and growing in the four years following. These findings (which as discussed below, are broadly consistent
with the existing literature), motivate us to focus our modeling of policy impacts on the effects of pill mill
laws.

The fact that the impact of pill mill laws appears to grow over time could reflect a growing impact
of a fully phased-in law, or a gradual phase-in of a law with a time-constant impact, or some combina-
tion of both. In practice, pill mill laws are typically not fully implemented immediately after they are
enacted: there are often logistical hurdles to implementation as well as subsequent modifications to the pol-
icy. Stone et al. (2020) provide a qualitative discussion of factors behind these delays based on interviews
with policy-makers in several states that introduced pill mill laws.39 Appendix Figure A.5 documents the
process of gradual modifications by presenting the timing of the initial implementation of pill mill laws
and of their subsequent amendments, which we group into seven major categories: (i) explicit penalties
for non-compliance, (ii) explicit inspection of pain clinics to ensure compliance, (iii) restrictions on pain
clinic physicians (e.g., no prior felonies, no restrictions on their professional licenses, required training),
(iv) certification requirements, (v) restrictions on which types of medical professionals are allowed to pre-
scribe opioids, (vi) requirements for drug testing, and (vii) requirements for prescribers to check PDMPs.
We document 23 policy amendments for 10 of the 11 states which passed a pill mill law. These frequent
policy amendments combined with the qualitative evidence of implementation delays motivate our decision
to allow for gradual phase-in of these laws in our model parameterization, as discussed in Section 5.2.

Comparison to existing estimates

Appendix Figure A.4 summarizes our estimates of the impact of each of the three laws on risky use in our
sample and compares it with state-level difference-in-differences estimates from four prior studies. For these
differences-in-differences estimates, we modify equation (6) to

y jgt = exp
(

α
policy
jg + τ

policy
gt +Post jt · I{policy j}

)
n jgtεg jt , (7)

where Post jt is an indicator for whether r( j, t) > 0. Similarly to our policy event study specifications, we
estimate confidence intervals for this Poisson regression through 50 iterations of the Bayesian bootstrap
procedure. We find that pill mills are associated with a statistically significant 10% decline in risky use,
while we estimate substantially smaller and statistically insignificant effects of must-access PDMPs and
prescribing limit policies. These findings are broadly consistent with existing estimates where comparisons
are feasible.

We identified four other studies that examined the effects of these policies, three of which report re-
sults using the same measure of risky use as our baseline measure (average daily morphine-equivalent dose
(MED) of more than 120 mg in any calendar quarter). For all of these studies, we report their estimated
effect size as a percentage of the mean to make them more easily comparable.

Meara et al. (2016) use individual-level logistic regressions with state and year fixed effects to study
the effects of the implementation of opioid-related policies from 2006 through 2012 on various measures of
risky use. They study a national sample of beneficiaries enrolled in fee-for-service Medicare Parts A, B, and
D, excluding patients with cancer diagnoses, end-stage renal disease, and those in hospice care. Controlling
for patient characteristics, state fixed effects, year fixed effects, indicators for the number of laws in each

39Potential sources of implementation delays provided by interviewees in Stone et al. (2020) include the time associated with
mobilizing pill mill inspections, coordination with law enforcement, information delays associated with definitions and informing
providers who “did not understand that they needed to register as a pain clinic to comply with the law”, and the time required for
external parties to raise flags about signals of potential non-compliance with the law.
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state, and the further indicators for how many laws were added since 2006, they find limited systematic
evidence of strong effects for any of the policies that we study on any measure of risky use, although their
point estimate on the effect of pill mills is large and negative (but noisy). Appendix Figure A.4 presents
their results from the point estimates and standard errors presented in Table S9 on the marginal effects of
each policy on the same measure of risky use that we use.

Buchmueller and Carey (2018) use a differences-in-differences design to study the effect of PDMPs
implementation between 2007 and 2013 on measures of risky use among a 5 percent subsample of Medicare
beneficiaries enrolled in Part D and fee-for-service Medicare. They carefully distinguish between PDMPs
with must-access provisions and those without any. Although they find statistically significant declines in
risky use using doctor-shopping related measures, such as probability of beneficiaries obtaining opioids
from five or more prescribers or five or more pharmacies, they estimate a fairly precise zero on the effect of
these policies on our measure of risky use. Appendix Figure A.4 presents these results from their baseline
specification in Table 6, Panel B.

Sacks et al. (2021) also uses a differences-in-differences design that allows for both must-access PDMPs
and prescribing limits to have constant and additively separable effects on risky use outcomes within a
commercially insured population between 2007 and 2018. They find that while reducing the size of the
initial prescriptions, prescribing limits may have actually increased the number of new opioid prescriptions
on the extensive margin. However, they find little effect for either policy on a wide variety of potential
measures of risky use: high dosages, overlapping claims, or doctor shopping outcomes. Appendix Figure
A.4 presents their results from Table 5, Panel A, on the effects of both policies on our measure of risky use.

Finally, Kaestner and Ziedan (2023) study the effects of “modern” PDMPs and pill mills using ag-
gregate data on prescription opioid sales from the DEA’s Automation of Reports and Consolidated Orders
System (ARCOS).40 They do not construct measures of risky use, so we use their results on aggregate
sales—measured in per-capita morphine equivalents grams (MEG)—as our benchmark. This measure ac-
counts for heterogeneity in the strength of different drugs by weight. They use state-level event studies to
measure the effects of both policies on aggregate opioid sales per capita. Although this study does not use
individual-level data on prescription opioid receipt, the more recent time window and the comparison of
effect sizes across policies was helpful in choosing a policy to focus on in our paper. Appendix Figure A.4
presents their results on these effects from the second and fourth column in their Table 2.

Appendix Figure A.4 shows that in most cases, the studies report wide confidence intervals, but that the
strongest evidence of an effect is for pill mill laws. In particular, Kaestner and Ziedan (2023) estimate that
pill mill laws reduced sales of prescription opioids per capita by a statistically significant 12 percent while
finding a smaller and statistically insignificant effect for must-access PDMPs. In addition, while Meara et al.
(2016) estimate statistically insignificant impacts for all three policies, the point estimate is largest for pill
mill policies. The other two studies do not look at pill mill laws, and find statistically insignificant impacts
for the other two policies, with point estimates smaller than the pill mill estimates in Kaestner and Ziedan
(2023) and Meara et al. (2016).

40They define “modern” PDMP policies as those that implement a directory that is accessible on demand by authorized users.
These are a superset of MA-PDMPs, and more information on their definition can be found in their Appendix Table 1.
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Appendix C: 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 US
(CDC 2017). The aggregated QuintilesIMS data set contains the number of opioid prescriptions per capita
in each year.41 We define an identical variable in our data, the number of opioid prescription fills per capita
(Opioid Fills). Both are defined over the 2006 - 2019 time period.

Appendix Figure A.14 shows that national trends in opioid prescriptions per capita have evolved sim-
ilarly 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.

Robustness of Reduced Form Evidence from Moves

The results in Section 4 on risky opioid use are robust to several alternative specifications, including defining
the geographic areas of interest at different levels, excluding individual and relative year fixed effects, and
defining our sample in alternative ways to handle entry or exit by enrollees during our sample period.

Appendix Figure A.15 presents our event study results when estimated at various geographic levels
(coefficients in Appendix Table A.9). Panel A shows our baseline results, with state as the geographic
unit, for ease of comparison. We find that our event study results are similar if we instead 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 defined
to approximate local labor markets; there are about 700 commuting zones and 3,000 counties in the United
States.

We also consider the robustness of our analysis to alternative ways the literature has measured risky
opioid use. As we discussed in Appendix A, two alternative measures of risky use in the literature are the
Many Prescribers and Overlapping Prescriptions measures. We show here that the basic event study results
from estimating equation 3 are similar if we use these alternative measures instead of our baseline measure,
High MED. Appendix Table A.10 presents summary statistics on these measures, Appendix Table A.11
summarizes the results, and Appendix Figure A.16 shows the corresponding event studies. The immediate
discrete jump upon move using Overlapping Prescriptions is similar to that of our baseline measure, while
the jump for Many Prescribers is larger. The post-move convergence is somewhat less pronounced with these
other measures.42 We also consider alternative ways of defining High MED by exploring other average daily
MED thresholds. Appendix Figure A.17 shows that our estimated coefficients are extremely stable across
these alternative thresholds, and that the event study dynamics are quite similar when we instead use average
daily MED as a continuous outcome.

41Available at https://www.cdc.gov/drugoverdose/maps/rxrate-maps.html.
42A lack of post-trends is plausible within our model framework. In Section 4.2, we analyzed a case (Case 4) in which place-

based addiction transitions were higher in high risky use locations. However, if we relax this assumption—consider, for example,
if high risky use rates were primarily driven by person-specific factors or availability rather than place-based addiction factors—the
average risky use rates in a cohort could converge in the opposite direction of δcr. Thus, we could see zero or even negative
post-trends.
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Appendix Figures A.7 and A.18 show robustness to modifications in our event study specification, sum-
marized in Table A.12. In Appendix Figure A.7, we define the dependent variable in levels, rather than
in differences; in other words, instead of defining T̂ X

cr to be the average of the difference in differences
(yir − yi,−1)−

(
m̂X

cr − m̂X
c,−1

)
among the set I X

c of movers in cohort c with characteristics X , we define it as(
yir − m̂X

cr
)
. As in our baseline specification, we then let T̂cr denote the average of T̂ X

cr across X , weighting
by the number of movers in c with each set of characteristics X . With this alternative specification, we
no longer adjust for any fixed individual differences in propensity for risky use. The figure shows that we
continue to find little systematic pre-move trend, and a similar post-move pattern of coefficients. However,
the level of the pre-move coefficients is now about 0.15, indicating that there is potential selection in where
movers move. In particular, the results indicate that movers to destinations with a higher propensity for
risky use than in their origin tend, prior to their move, to have a higher propensity for risky use than matched
non-movers in their origin.

Appendix Figure A.18, Panel A presents our results if we exclude relative year fixed effects from es-
timation of equation (3). Our baseline specification constructs the dependent variable T̂cr in equation (3)
by averaging across T̂ X

cr across movers in cohort c, where X consists of five-year age bins (as measured by
birth year), race, and gender. Panel B presents our results when we omit any conditioning on covariates X
in constructing T̂cr. We continue to observe the key post-move features of our event study: a discrete jump
upon move and then post-trends.

Next, we consider the robustness of our results to alternative ways of handling the entry and exit of
individuals from our sample. Individuals may not be observed for all years because of entry and exit on two
margins. The first margin is SSDI: individuals become eligible and enroll for SSDI in different years, and
exit either due to losing eligibility or death. The second margin is Part D coverage, and individuals may
enter and exit our sample by enrolling or dis-enrolling in Part D coverage for each full calendar year. We
therefore estimate event studies where we adjust our sample along both of these margins.

First, Appendix Figure A.19 suggests that our event study results hold in a balanced panel of individuals
who are observed in our sample for three years pre- and post-move, indicating that these features are not sim-
ply driven by the changing composition of groups at each length of exposure to the new location. Next, we
turn to specifications which adjust our sample on non-SSDI margins. We present these results in Appendix
Figure A.20, and summarize them in Appendix Table A.14. Our baseline sample restricts to enrollee-years
where enrollees are covered for the full year (i.e., have 12 months of Part D coverage). A given enrollee
may therefore enter or exit the sample if she gains or loses just a few months of Part D coverage. Panel A
therefore shows results if we further restrict the sample to enrollees who had Part D coverage for the full
year (all 12 months) in all years they appear in our sample, while Panel B restricts to enrollees who are alive
in all years during our study period.

We also show that our results are not driven by only the most common moves or by patients who might
be expected to have very high opioid use. In Figure A.20, Panel C, we exclude moves to or from the three
most common destinations in our sample (Florida, Texas, and California), and in Panel D, we exclude from
the sample all enrollees for whom we observe a cancer diagnosis or hospice stay. Appendix Figure A.6 also
shows that our results are robust to restricting to moves to either higher risky use locations or lower risky
use locations, and these results are summarized in Appendix Table A.13.

Finally, to further explore the potential impacts of selection into our sample, Appendix Figure A.21
estimates equation (3) using as the dependent variable whether the enrollee-year had 12 months of Part D
coverage. For all of these analyses, δ̂cr is still defined based on risky opioid use. The results show some
evidence of selection into Part D upon move; for example, a move from a 20th percentile risky opioid use
state to a 80th percentile state is associated with about a two percentage point increase in the probability
of having Part D coverage (relative to a mean of 80 percent). Reassuringly, however, Appendix Table A.14
shows that restricting attention to individuals whose selection along this margin does not change during the
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sample does not affect our main results.

Commuting Zone-Level Model Estimation

We re-estimate our model at the commuting zone level in order to leverage additional variation in geographic
correlates. For computational feasibility, however, we begin by restricting to the 100 largest commuting
zones in our sample43. We further restrict to commuting zones with at least 50,000 movers—including
movers coming both from and to the commuting zone—and we remove the few remaining commuting
zones that span multiple states and would have been “partially-treated” by state policies. This leaves us
with a sample of 91 of the largest remaining commuting zones, spanning 36 states. We do not re-estimate
our policy parameters on this sample because the treated population now represents a subsample of both
our treated states and a subsample of geographies within our treated states. Furthermore, even with these
restrictions, we now estimate 475 parameters — compared to 282 parameters in our baseline model.

Appendix Figure A.22 provides a map of the included commuting zones. We provide summary statis-
tics on this estimation sample below in Appendix Table A.15. Comparing these moments to the moments
constructed from our baseline sample, there are nearly 50% more moments — driven by the larger number
of geographic units and pairs — but these moments are constructed using a sample that is approximately
50% smaller. Nonetheless, we show in Figure A.23 that our model predictions align well with the mover
and non-mover moments. Finally, row (2) of Appendix Table A.5 suggests that the relative importance of
each set of parameters is similar to our baseline model.

Medicare Elderly Sample: Reduced form evidence from moves and model estimates

We replicate our baseline set of reduced form and model estimation results for a sample of elderly Medicare
patients. In order to construct this sample, we begin with the same 20 percent sample of all Medicare
enrollees. Rather than restricting our sample to individuals enrolled in SSDI, however, we now instead limit
our sample to patient-years in which the patient was at least 65 years old. We then simply replicate the
remaining steps in Section 2.2 and define a set of movers and non-movers for this sample.

Appendix Table A.16 reports summary statistics for the Medicare elderly sample. Relative to our base-
line sample in Table 1, both movers and non-movers are more likely to be white and female. They are sig-
nificantly less likely to receive Medicaid, and by construction, the average age in our sample is much older.
Most strikingly, the rates of opioid use in this sample are lower. While about one-fifth of individuals receive
a prescription for any opioids in a year, only about four-tenths of a percent exhibit risky use—approximately
ten times fewer than in the baseline sample.

Despite the differences in these samples, when we apply our empirical strategy outlined in 4.1, we find
strikingly similar results as our baseline sample. Appendix Figure A.24 shows estimates of µ̂r as estimated
on the Medicare elderly sample. We find strikingly similar results to our baseline specification. We find little
systematic trend in the coefficient before the move but observe an immediate jump in risky use upon move
and a gradual post-move convergence. Furthermore, as column (1) of Appendix Table A.17 suggests, even
the magnitudes of the jump and the post-move convergence are quite similar to our baseline specification.

Appendix Figure A.25 shows these results as estimated separately for movers with opioid utilization
in the year prior to move (“prior users”) and movers without opioid use in the year prior to move (“opioid
naives”). These also show the same qualitative patterns as our baseline sample. There is an immediate jump
upon moves for prior users, while there is little change upon move for opioid naives. In the subsequent
post-move years, risky use rates for prior users and opioid naives both increase gradually, although the latter

43If we were to estimate our model with all 709 commuting zones, the estimation sample would only be 25 percent larger but
have approximately 1,300 percent more parameters.
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post-trend is smaller and noisy. Columns (2) and (3) of Appendix Table A.17 suggest that relative to the
baseline, the magnitudes of the effects are smaller for opioid-naives and larger for prior users.

Next, we re-estimate our model using moments derived from the elderly Medicare sample. Appendix Ta-
ble A.18 provides an overview of these moments. Appendix Figure A.26 shows the geographic distribution
of factors affecting availability, place-based addiction transitions, and person-based addiction transitions.
The geographic distribution of these parameters looks quite similar to our baseline sample. We also find in
Appendix Figure A.27 that our model replicates non-mover moments from our estimation sample very well,
although the fit on mover moments is a bit worse.

Next, we use these model estimates to replicate the mover event study design, and Figure A.28 presents
our results. We find once again that the model delivers predictions that are largely consistent with the mover
variation that we estimate, although the standard errors are quite large due to the low frequency of risky use
in this population. Finally, the correlations from Appendix Figure A.26 suggest that the role of geographic
variation in place-based availability and place-based addiction transitions seems to be larger than the role
of geographic variation in person-based addiction transitions. When we replicate the exercise detailed in
Section 6.2 to examine the importance of these channels, we find results consistent with this; Appendix
Table A.5, row (3) suggests that place-based factors play a larger relative role compared to person-based
factors in the Medicare elderly sample compared to our baseline SSDI sample.
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Appendix D: Proof of Proposition 1

We begin by showing that under Assumption 1, Ei∈Ic

[
T̂cr
]
= Tcr. To see this, we note that the average

treatment effect among movers with characteristics X is:

T X
cr =Ei∈I X

c

[
yir (hcr)− yir

(
h0

cr
)]

=Ei∈I X
c

[(
yir (hcr)− yi,−1

(
h0

c,−1
))

−
(
yir
(
h0

cr
)
− yi,−1

(
h0

c,−1
))]

=Ei∈I X
c

[
yir (hcr)− yi,−1

(
h0

c,−1
)
−
(
m̂X

cr − m̂X
c,−1
)]

=Ei∈I X
c

[
yir − yi,−1 −

(
m̂X

cr − m̂X
c,−1
)]

=Ei∈I X
c

[
T̂ X

cr
]

where the third line follows from Assumption 1 and the fourth line follows from the facts that h0
c,−1 = hc,−1

and the fact that yir (hit) is equal to the actual observed outcomes yir for all r. Averaging over X then implies
Ei∈Ic

[
T̂cr
]
= Tcr. Next, to show that T̂cr is also a consistent estimator for Tcr, we recall that T̂ X

cr is simply the

sample average of yir − yi,−1 −
(

m̂X
cr − m̂X

c,−1

)
among movers in cohort c with characteristics X . It follows

that T̂ X
cr →p T X

cr , and averaging once again over X implies that T̂cr →p Tcr.
Next, we would like to show that the event study coefficients µ̂r from equation (3) converge in probability

to

µr = ∑
c

wc
Tcr

δcr
.

Observing that the coefficient for each relative year may simply be written as the result of a regression
through the origin, we expand the coefficient as follows

µ̂r =
∑c |Ic| δ̂crT̂cr

∑c |Ic| δ̂ 2
cr

→p
∑c |Ic|δcrTcr

∑c |Ic|δ 2
cr

,

where the convergence in probability follows from the convergence of the sample analog δ̂cr →p δcr and
treatment effect T̂cr →p Tcr +ρr, as shown above.
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Appendix E: Estimation Details

Generalized Method of Moments

The model, as parameterized in Section 5, includes five sets of parameters which vary by location—γ j, π
+
j ,

π
−
j , η

+
j , η

−
j —as well as the level of selection s, the separable temporal component of availability τt for each

year of our sample, the impacts of moving upon availability ρr for the five years before and five years after
the move, the policy parameters ζ π

jt and ζ
γ

jt , and the five policy implementation parameters sharet .
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 +ρr) in our model, we normalize three sets of values to zero as references: the first cal-
endar year availability parameter, the effect of the fifth-year pre-move on availability, and an arbitrary state’s
person-specific addiction transition effects. The vector of parameters to be estimated therefore consists of
287 values and is given by θ =

{
γ j,π

+
j ,π

−
j ,η

+
j ,η

−
j ,s,τt ,ρr,ζ

π
jt ,ζ

γ

jt ,sharet

}
.

We construct our score function as follows. We first construct two vector-valued functions for average
risky use rates as a function of our model parameters. For movers, we construct the function Mmover(θ)
where cr indexes each observed combination of cohort and relative year and each entry Mmover

cr (θ) is given
by the average cohort risky use rate ycr as calculated according to Section 5. For non-movers, we construct
the function Mnon−mover(θ) where jt indexes each state-year, and each entry Mnonmover

jt (θ) is given by the
average state-year risky use rate as calculated according to Section 5. Next, we allow the vector Zmover

i :=
{(Yir,X

′
ir)

′}r to be the vector collecting the variables for individuals i across relative years r, where

Yir =

{
yir if i is a mover observed in relative year r
0 else

denotes the risky use outcome of the individual in any given relative year and Xir is a vector with a 1 in the
index cr where the individual-year combination ir is a subset of cohort-year ct and a 0 in all other entries. We
define the vector Znonmover

i analogously for non-movers, such that Zmover
i := {(Yit ,X

′
it)

′}t collects variables
for individuals i across calendar years t. Similarly, Yit denotes if they are non-movers observed in calendar
year t, and Xit is a vector with a 1 in the index jt when the individual-year combination is a subset of the
state-year jt. We stack these vectors to form Zi. Finally, for each of our observed combinations cr, we
construct a corresponding function gcr as

gcr(Zi,θ) = [(Yir −Mmover
cr (θ))]X

′
irWcr +

[(
Yit −Mnonmover

jt (θ)
)]

X
′
itWjt ,

where Wcr is a vector with 1 in the entry corresponding to cr and a 0 everywhere else, and Wjt is a vector
with 1 in the entry corresponding to jt and 0 everywhere else. We stack these functions gcr into the score
function g(Z,θ), where Z denotes a generic observation from the population.

Using g(θ) ≡ Eg(Z,θ) to denote the expectation of this score function with respect to the generic ob-
servation from the population, we then define the corresponding empirical estimator ĝ(θ) as 1

N ∑
N
i=1 g(Zi,θ)

where Zi now denotes an observation from our sample. The GMM estimator is therefore defined by

θ̂ = argmin
θ

ĝ(θ)
′
Âĝ(θ),

where we choose the weighting matrix Â to be the diagonal matrix where each diagonal entry is the number
of individuals in our sample who were observed in the relevant cohort-year or state-year, re-weighted in
aggregate such that non-movers receive the square root of the total number of non-mover years observed
and movers receive the square root of the total number of mover-years observed. We choose this weighting
matrix because the typical two-step procedure is ill-suited for the structure of our problem, which includes
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moments that correspond to very few observations in our data.

Parameter Space Constraints

We constrain our parameter space in two ways. First, as our parameters describe probabilities and rates,
we require that all addiction and availability parameters that an individual could be subject to in the model
are bounded between 0 and 1. In practice, we find that this constraint does not bind for availability. The
constraint binds at 0 for 0.3% of possible pairwise combinations of states for the probability of transitioning
into addiction, and it binds at 0 for 3% of pairwise combinations of states for the probability of transitioning
out of addiction. Second, we restrict our parameter space such that the combination of parameters generates
a weighted global mean share of addiction equal to the specified value ā = 0.10. Specifically, we require
our estimation to satisfy

ā =
2019

∑
t=2006

∑
j∈J

ˆ̄a jt
n̂ jt

Nnm
,

where n̂cr denotes the number of enrollee-years used to construct the moment ˆ̄a jt , ā jt denotes the average
share of addiction for non-movers in a given state-year (as calculated in Section 5), and Nnm is the total
number of non-mover enrollee-years in the sample.

We view this constraint as a normalization because the multiplicative property of our outcome implies
that the relative magnitudes of addiction and availability parameters are not meaningful or well-identified.
For example, doubling the shares of addiction and halving all availability parameters would leave predicted
risky use unchanged in our model. While our specific parameterizations mean that it is not always possible
to directly change all addiction or all availability parameters in such a way, this restriction is driven by our
functional form assumptions. Thus, we instead focus on the meaningful distribution of parameters within
the addiction and availability channels, and we simply set a global mean share of addiction.

We therefore draw our global mean share of addiction among all individual-years from estimates of non-
medical prescription pain reliever (PPR) use in the Department of Health and Human Services’ National
Survey on Drug Use and Health (NSDUH). Estimates from the mid-year of our sample (the 2011 NSDUH)
suggest the prevalence of non-medical PPR use was roughly 4% over a 12-month period and 13% over the
lifetime of the individuals surveyed (estimates are nearly identical within the small set of SSDI recipients
surveyed). Noting that our model implies that the share of addicted individuals must be greater than or equal
to the observed rate of risky opioid use and that individuals transition in and out of addiction, we choose
10% as a rough anchor for addiction between annual and lifetime non-medical opioid use. We also show the
robustness of our parameter estimates to various other values of ā in the robustness subsection below.

Estimation Implementation

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 parameter values equal to a
constant ranging between 0.00 and 0.15, including the end-points and evenly distributed between. Second,
we minimize the weighted distance between the empirical and predicted moments by using the Levenberg-
Marquardt algorithm separately for each of these initial values (Moré 1978). We use the penalty approach to
non-linear optimization in order to enforce our parameter space constraints. 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.
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Monte Carlo Exercises

Although our estimators are consistent, given the large number of parameters that we must estimate for
our model, we also carefully examine the finite-sample properties of our estimators by conducting Monte
Carlo simulations. Using the results from Section 5.4 as the true set of parameters, we simulate the risky
use of each estimation sample fifty times. We first confirm that as we decrease the noise in our simulated
moments by increasing the number of beneficiaries in each sample, our estimated parameters approach the
true parameters. We also find that although the estimators for each individual parameter are quite noisy in
our finite sample, our key counterfactual statistics are quite stable. In particular, we use the Monte Carlo
simulations to assess the consistency of our key counterfactual results. We find evidence in Appendix Tables
A.19 and A.20 that suggests that the effects of finite-sample bias on our key counterfactuals are limited and
unlikely to affect our conclusions.
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Appendix F: Underlying Model of Substitution

Intuition for Learning About the Strength of Substitution Towards Illicit Opioids

We investigate the relationship between our estimated channels for risky prescription opioid use—addiction
and availability—and adverse opioid-related outcomes. In particular, we consider how this relationship
might be affected by substitution towards illicit opioid use. We do not observe illicit opioid use, nor do we
attempt to measure a proxy for it. Rather, we consider three hypotheses in a simple modeling space around
the relationship between addiction, the availability of risky opioid prescriptions, and illicit opioid use. We
discuss the predictions of each of these models for the size and magnitude of correlations between our
estimated model parameters and rates of three opioid-related adverse outcomes. While we cannot directly
estimate the rest of these hypothesized relationships, we outline three testable hypotheses where we vary: (i)
the direct relationship between risky prescription opioid use and illicit opioid use, (ii) the direct relationship
between risky prescription use and adverse opioid-related outcomes.

We first visualize our key hypothesized relationships through a directed acyclic graph structure presented
in Appendix Figure A.29. Panel A presents an overview of the limited modeling space that we consider. In
this graph, we take two sets of relationships as given. First, the availability and addiction parameters that
we estimate from our model are mechanically predictive of area-level rates of risky prescription opioid use.
Second, we assume that risky prescription opioid use and illicit opioid use are both positively predictive of
adverse opioid-related outcomes.

The key relationships of interest are the degrees to addiction and risky prescription opioid use drive
substitution towards illicit opioid use. These relationships are shown through the two dashed red lines, and
our three hypotheses are edge cases about the nature of these relationships. Each of these three hypotheses
represent different degrees of substitution, ranging from zero substitution to substitution along both chan-
nels.

Panel B shows our first hypothesis which considers a model where there is no substitution through
either channel. Under this hypothesis, neither addiction nor risky use directly affect illicit opioid use. Thus,
variation in addiction and availability parameters should only affect adverse outcomes through their effects
on risky prescription opioid use. The ratio of the availability and addiction coefficients in a regression on
adverse opioid-related outcomes should be positive and proportional between the risky use specification and
the specifications with other adverse outcomes.

Panel C shows our second hypothesis under which there is substitution through only the addiction chan-
nel: addicted individuals use risky prescription opioids and illicit opioids, but changes in risky prescription
opioid usage do not directly affect illicit opioids. Under this hypothesis, availability still drives adverse
opioid-related outcomes through its effects on risky use, but addiction drives adverse outcomes through
both channels. We should therefore estimate availability and addiction coefficients that are positive but
non-proportional.

Finally, Panel D considers a third hypothesis under which risky prescription opioid use and illicit opioid
use are also direct substitutes. In this hypothesis, there is a direct positive relationship between addiction
and illicit opioid use, while there is a direct negative relationship between risky prescription opioid use and
illicit opioid use. Under this hypothesis we also assume that decreases in risky prescription opioid use are
fully offset by increases in illicit opioid use, which we dub “full substitution.” In this case, as long as illicit
opioid use is more likely to result in adverse outcomes than risky prescription opioid use, we should estimate
a zero or negative coefficient on availability.
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Formalizing the Hypotheses

Next, we formalize these hypotheses by using the following flexible functional forms to describe these
relationships:

y j = γ jā j

i j = ζ
illicit(y j, ā j)+ ε

illicit
j

d j = ν
adverse(y j, i j)+ ε

adverse
j

, (8)

where j denotes geographies, i j denotes illicit opioid use, d j denotes adverse outcomes, and ε illicit
j and ε illicit

j
denote orthogonal and unobserved drivers of illicit opioid use and adverse opioid-related outcomes that are
outside of the model. The two unobserved functions of interest—and the subject of our three hypothe-
ses—are ζ illicit(γ j, ā j) and νadverse(y j, i j). For simplicity, we assume that both functions are monotonic in
all inputs. We also assume that illicit opioids are more likely to drive opioid-related adverse outcomes than
risky prescription opioid use such that δvadverse

δ i j
> δvadverse

δy j
> 0.

Using this notation, we can define our three hypothesis formally as follows:

Hypothesis 1. (No substitution). Illicit use does not depend on either risky use or addiction, such that

δζ illicit(y j, ā j)

δy j
= 0,

δζ illicit(y j, ā j)

δ ā j
= 0 ∀γ j, ā j.

This implies that a relationship between adverse opioid-related outcomes and the estimated availabil-
ity and addiction parameters that can be expressed as

δd j(y j,i j)
δγ j

δd j(y j,i j)
δ ā j

=

δy j
δγ j

δy j
δ ā j

. (9)

Hypothesis 2. (Substitution along addiction channel). Illicit use depends only on addiction such that

δζ illicit (y j, ā j)

δy j
= 0,

δζ illicit(y j, ā j)

δ ā j
> 0.

This implies that a relationship between adverse opioid-related outcomes and the estimated availabil-
ity and addiction parameters that can be expressed as

δd j(y j,i j)
δγ j

δd j(y j,i j)
δ ā j

<

δy j
δγ j

δy j
δ ā j

. (10)

Hypothesis 3. (Substitution along both channels). Illicit use depends both on risky use and addiction, and
decreases in risky prescription opioid use are fully offset by increases in illicit opioid use such that

δζ illicit(y j, ā j)

δy j
≤−1,

δζ illicit(y j, ā j)

δ ā j
> 0.

Combined with our assumption that δvadverse

δ i j
> δvadverse

δy j
> 0, this implies that opioid-related adverse
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outcomes are decreasing in availability:

δd j(y j, i j)

δγ j
< 0. (11)

Testing the Hypotheses

Finally, we test the hypotheses from equations (9), (10), and (11) by regressing our addiction and availability
coefficients on both risky use and opioid-related adverse outcomes. Table 5 presents our estimates.

Our first hypothesis predicts that if there is substitution at all—and neither addiction nor risky use di-
rectly affects illicit opioid use—then the estimated coefficients in columns (2) - (4) should have the same
ratios as in column (1). We find instead that the ratio of availability coefficients to person-based addiction
and place-based addiction coefficients is significantly lower for our adverse outcomes than for risky use.
The third hypothesis, on the other hand, predicts that availability will have a negative coefficient. We find
that the availability of prescription opioids for risky use still has meaningfully large and positive coefficient.
A one standard-deviation increase in availability is associated with a 10% increase in opioid-related poi-
sonings and a 4% increase in any drug-related poisoning. Naturally, this does not preclude versions of this
third hypothesis where there is less than full substitution and reductions in risky prescription opioid use are
not fully offset by illicit opioid use.44 Thus, our evidence is most consistent with our second hypothesis
that there is less than full substitution: availability is less predictive of opioid-related adverse outcomes than
addiction coefficients, but the coefficient is still positive and significant.

44This “less than full substitution” would be given by δζ illicit (y j ,ā j)
δy j

∈ (−1,0).
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Appendix G: Alternative Specifications

Appendix Table A.5 shows the results from repeating the exercise detailed in Section 6.2 across several ex-
tensions and modifications of our model. In this section, we provide more detail on each of these extensions.

The Interactions Between Place-Based and Person-Based Addiction Parameters

We allow the model to endogenously estimate how place-based and person-based addiction parameters inter-

act through a CES-style function. We denote the probability of transitioning into addiction by
([

π
+
jt

]α

+
[
η
+
i

]α) 1
α

and the probability of transitioning out of addiction by
([

π
−
jt

]α

+
[
η
−
i

]α) 1
α

, where the π and η terms rep-
resent place- and person-specific factors respectively, and α determines how they interact. Thus, we can
rewrite the probability of addiction more generally as:

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

1−
([

π
−
jt

]α

+
[
η
−
i

]α) 1
α

if ai,t−1 = 1([
π
+
jt

]α

+
[
η
+
i

]α) 1
α

if ai,t−1 = 0.

This CES-style function flexibly encompasses many potential interactions between person-based and place-
based addiction factors. For example, α = 1 corresponds to our baseline model where these factors are
additively separable, while α → 0 corresponds to a multiplicative form that exhibits supermodularity. Fur-
thermore, when α → −∞ or α → ∞, the probability of transitioning into and out of addiction become
min(π jt ,ηi) and max(π jt ,ηi) respectively. Results from repeating the exercise detailed in Section 6.2 on
these specifications are presented in rows (4) - (6) of Appendix Table A.5. When we estimate α under alter-
native specifications, we restrict the domain of these parameters to [0, 1] such that all addiction transitions
can be interpreted as probabilities.

Allowing for Risky Use by Non-Addicted Individuals

We allow for individuals who are not addicted to receive risky prescriptions with a constant probability
across time and geographies. Denoting this probability as λ , we have that the average risky use rate for
cohort c and relative year r becomes

ȳcr = ācr · γcr +(1− ācr) ·λ .

In this extension, we endogenously estimate this parameter λ as an additional parameter. We estimate that
the probability of risky use among non-addicted individuals is 1.5%, while the average probability of risky
use among addicted individuals in the same model is 21.4%, nearly fifteen times higher. This non-zero
probability of risky use among non-addicted individuals means that policies aimed towards reducing place-
based availability (γ j) and place-based addiction (π j) are mechanically more likely to have smaller effects,
as row (7) of Appendix Table A.5 supports. The relative importance of each channel however, remains
similar to our baseline model.

Addiction Transitions During The Year of Move

Our baseline model assumes that no addiction transitions occur during the year of the move, and the year
of the move is not included in our model moments. In this extension, we assume that addiction transitions
do occur during the year of the move, and we assume that these transitions occur according to the place-
based addiction parameters of the mover’s origin. We continue, however, to not include moments from the
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year of the move in our estimation. The result from repeating the exercise detailed in Section 6.2 on this
specification is presented in row (8) of Appendix Table A.5.

No Selection

We estimate our specification while assuming there is no selection (s = 0). This implies that the distribution
of person-specific addiction parameters for each move cohort are identical as for the non-movers in the
cohort’s origin location, such that

ηc = ηo(c).

The result from repeating the exercise detailed in Section 6.2 on this specification is presented in row (9) of
Appendix Table A.5.

Alternative Addict Share

As we detail in Appendix E, we normalize the addiction shares across all non-movers observed in our model
such that ā = 0.10, and we define this mean addict share formally as

ā =
2019

∑
t=2006

∑
j∈J

ˆ̄a jt
n̂ jt

Nnm
,

where n̂cr denotes the number of enrollee-years used to construct the moment ˆ̄a jt , ā jt denotes the average
share of addiction for non-movers in a given state-year, and Nnm is the total number of non-mover enrollee-
years in the sample. In these alternative specifications, we assume that ā = 0.15 and ā = 0.20. The results
from repeating the exercise detailed in Section 6.2 on these specifications are presented in rows (10) and
(11) of Appendix Table A.5.

Alternative Policy Windows

As we detail in Section 5.2, we allow for policies to be gradually implemented over time through implemen-
tation parameters ζ π

jt ,ζ
γ

jt ∈ [0,1], where ζ π
jt ,ζ

γ

jt = 0 for t < t∗j and for states that never enact policies, and 1
represents full implementation. In our baseline model, we allow for an implementation window of five years.
We assume that policies are fully implemented after five years. In these alternative specifications, however,
we vary the length of this window. In particular, we consider a model where policies are fully implemented
after three years, and a model where we make no assumption on when policies are fully implemented. The
results from repeating the exercise detailed in Section 6.2 on these specifications are presented in rows (12)
and (13) of Appendix Table A.5.
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Appendix H: Measuring Geographic Characteristics

We construct measures of commuting zone and state-level characteristics—used in Figures 9, Figures A.12,
and Appendix Table A.4—from several sources. We briefly describe the measures and their sources here.

Demographics

We use the 2000 Census to construct measures of demography, educational attainment45, and English profi-
ciency at the commuting zone and the state-level. All of these demographics are population-wide measures.

Health

For the share of the population with obesity or diabetes, we use the 2010 Behavioral Risk Factor Surveillance
System (BRFSS), a yearly state-based telephone survey of the non-institutional adult population.46 The data
are compiled and maintained by the CDC Division of Diabetes Translation.

Economic Factors

Share uninsured is the estimated share of the population without insurance, taken from the Census Bureau’s
2011 Small Area Health Insurance Estimates.47 Share with some college is the percent of adults over 25
with some post-secondary education in, and we measure this in the 2000 Census. The unemployment rate
is the percent of the population age 16+ unemployed but seeking work in 2012, published by the Bureau
of Labor Statistics.48 China Shock is Autor, Dorn, and Hanson’s (2013) measure of exposure to Chinese
imports per worker. The variable is defined at the commuting zone (CZ), which are aggregates of counties,
and uses variation in commuting zone employment share in industries that are more or less affected by
Chinese imports. Specifically, the China Shock is defined by:

∆IPWuit = ∑ j
Li jt
Lu jt

∆Mu jt
Lit−1

where i indexes CZs, j indexes industries, and t indexes time periods. Li jt is CZ i’s employment in industry
j, Lu jt is the total U.S. employment in that industry, and Lit is the total employment in CZ i, all in time period
t = 2000. ∆Muc jt is the realized imports from China to the US in industry j from time periods t (2000) to
t +1 (2007). Autor, Dorn, and Hanson (2013) explains this variable in more detail. In essence, the variable
measures the changes in Chinese imports exposure per worker in each CZ, where imports are apportioned to
the region according to its share of national industry employment. We assign each county the China shock
associated with that county’s CZ.

Finally, employment share in manufacturing is defined in 2000 and derived from the County Business
Patterns Data,49 and median household income is measured using the 2000 Census.50

45We define the share with some college or higher is measured as the percent of adults over 25 with some post-secondary
education.

46The share obese is defined as the share of adults in each county that report a BMI greater than or equal to 30; the share diabetic
is defined as the share of adults who self-reported being diagnosed with diabetes in 2010.

47These data can be downloaded at https://www.census.gov/data/datasets/time-series/demo/sahie/estimates-acs.html.
48These data can be downloaded at https://www.bls.gov/lau/#tables.
49These data can be downloaded at https://www.census.gov/programs-surveys/cbp/data/datasets.html.
50These data can be downloaded at https://www.census.gov/programs-surveys/saipe.html.
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Healthcare Characteristics

“MED after surgery” refers to the average morphine equivalent dose (MED) of the prescriptions patients
filled in the two weeks after a set of common general surgical procedures. We construct this measure our-
selves from the 2006-2019 Medicare claims data for patients (both SSDI and over-65 eligibles) who had
not filled an opioid prescription in the 1-30 days prior to the surgery. Our choice of procedures follows Hill
et al. (2017), who documented wide variation in opioid prescriptions following several common outpatient
surgical procedures at an academic medical center. To identify these surgeries in the claims data we use
CPT codes identified by Scully et al. (2018). The surgeries we study are therefore limited to the overlap
of procedures studied in the two papers, and consist of laparoscopic cholecystectomy, laparoscopic inguinal
hernia repair, and open inguinal hernia repair. Under the (reasonable) assumption that patients do not de-
mand unnecessary surgeries in order to obtain opioids, this measure provides us with a proxy for opioid
supply in common surgical settings.

“PCP per capita” measures the number of primary care physicians (PCPs) practicing in the county as a
share of the county’s total population in 2011, taken from the Area Health Resources Files from information
provided by the American Medical Association Masterfile.51

“ACSC Rate” is the rate of hospitalizations for ambulatory-care sensitive conditions (ACSC) per Medi-
care enrollee reported in the 2011 Dartmouth Atlas.52 ACSCs are preventable conditions (with good outpa-
tient care); high ACSC rates are generally associated with poor healthcare quality (Billings 2003).

“Medicare Spending per Capita” is the total Part A and Part B Medicare spending per Medicare enrollee
at the county level, reported by the 2011 Dartmouth Atlas of Health Care.53

51These data can be downloaded at https://datawarehouse.hrsa.gov/data/datadownload.aspx#MainContent_ctl00_gvDD_lbl_dd_topic_ttl_0.
52These data can be downloaded at http://www.countyhealthrankings.org/.
53These data can be downloaded at http://www.countyhealthrankings.org/.
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Appendix I: 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 2019 – are shaded. The data was directly obtained from the CDC WONDER Multiple
Cause of Death (MCD) Files (National Center for Health Statistics 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: Opioid-Related Policy Event Studies
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Notes: Figure shows estimates of ρr(i,t) from equation (6) as estimated using non-movers. Each observation is constructed at the state-year-
demographic cell level, and the regression is weighted such that each state-year-demographic cell observation receives weight proportional to the
corresponding number of non-mover years observed in the sample. The outcome is risky use rate for each state-year-demographic cell. There are
N = 20,094,127 enrollee-years in the estimation sample. Dashed lines show 95 percent confidence intervals constructed through 50 iterations of
the Bayesian bootstrap procedure (Rubin 1981), which smooths bootstrap samples through reweighting rather than resampling observations. In
particular, we draw fifty sets of weights from a gamma distribution for each state-year-demographic cell, and we re-scale the weight given to each
observation by these draws. We then re-estimate ρr(i,t) for each set of drawn weights and compute the standard error across draws. The timing of
policies used to calculate relative years is given by Appendix Table A.2, while more details about the specification and the policies are presented in
Appendix B.
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Figure A.4: Estimating the Effects of Opioid-Related Policies

Notes: Figure shows the estimated effects, as a share of the mean, for opioid-related policies from various studies. For four of the studies—Meara
et al. (2016),Buchmueller and Carey (2018), Sacks et al. (2021), and our own—we provide their estimates for the policy effects on the probability of
opioid prescribing equivalent to over 120 morphine-equivalent doses (MED) in a period. This is simply our baseline measure of risky prescription
opioid use, as we discuss in Appendix A. Kaestner and Ziedan (2023) do not study this outcome, so we present their estimated policy effects on
changes in opioid sales per capita (as measured in aggregate MED sold per state resident divided by 1,000). We describe each of these studies as
well as our own analysis on these policies in Appendix B. Dashed lines show 95 percent confidence intervals taken from each study, and axis breaks
on the y-axis are used due to the wide confidence intervals on some of the results. In our own studies, standard errors are constructed through
50 iterations of the Bayesian bootstrap procedure (Rubin 1981), and further detail on the implementation is provided in the exhibit notes of our
corresponding opioid-related policy event studies in Appendix Figure A.3.
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Figure A.5: Pain Clinic Laws: Legal Passage and Subsequent Amendments
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Notes: Figure shows the timing of the passage of pill mill laws for states in our sample as well as the timing of subsequent amendments to
these laws in seven categories. Color-coded symbols represent the types of amendments that were made, which include (i) explicit penalties for
non-compliance, (ii) explicit inspection of pain clinics to ensure compliance, (iii) restrictions on pain clinic physicians (e.g., no prior felonies, no
restrictions on their professional licenses, required training), (iv) certification requirements, (v) restrictions on which types of medical professionals
are allowed to prescribe opioids, (vi) requirements for drug testing, and (vii) requirements for prescribers to check PDMPs. We consulted the
Prescription Drug Abuse Policy System (PDAPS) and legal databases to measure the timing of pill mill laws and these amendments. More details
about pill mill policies are presented in Appendix B.
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Figure A.6: Event Studies - Moves Up vs. Moves Down

(a) Moves Up

-.75

-.5

-.25

0

.25

.5

.75

1

1.25

-5 -4 -3 -2 -1 0 1 2 3 4 5
Year relative to move

Risky use rate (coefficient)

(b) Moves Down
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Notes: Figure shows estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—where the
weights on the regression are given by the number of movers observed in each cohort. In Panel A, we restrict our sample to movers
who moved to a location with a higher risky use rate (N = 407,211 enrollee-years) while in Panel B, we restrict our sample to
movers who moved to a location with a lower risky use rate (N = 318,935 enrollee-years). We define “higher” and “lower” risky use
locations by comparing the average rates of risky use among non-movers in each mover’s origin and destination during the year of
their move. The dashed lines are upper and lower bounds of the 95% confidence interval. Confidence intervals are computed using
50 iterations of the Bayesian bootstrap. Note that our definition of T̂cr in Section 4.1 implies that the coefficient in relative year -1
is zero by construction. The estimates shown in this figure (as well as standard errors) are presented in Appendix Table A.13.

Figure A.7: Event Studies – No Individual Fixed Effects
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Notes: Figure shows estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—where the weights on the
regression are given by the number of movers observed in each cohort and omitting individual fixed effects (i.e., estimating the model in levels
rather than in differences). The dashed lines are upper and lower bounds of the 95% confidence interval. Confidence intervals are computed using
50 iterations of the Bayesian bootstrap. Note that, while our definition of T̂cr in Section 4.1 implies that the coefficient in relative year -1 is zero
by construction for event studies when the model is estimated in differences, there is no such mechanical implication for relative year -1 here. This
specification is discussed in more detail in Appendix C, and sample sizes are given in Appendix Table A.12.
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Figure A.8: Model Moment Fit

(a) Movers

Slope: 0.77 [0.73,0.81]

0

.02

.04

.06

.08

.1

.12

.14

0 .02 .04 .06 .08 .1 .12
Data mover risky use rates

Simulation mover risky use rates

(b) Non-movers
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Notes: Figure compares mover (Panel A) and non-mover (Panel B) mean risky opioid use rates predicted from our simulations to
those in the Medicare data. Each moment is a state and calendar year combination. In each panel, the y-axis corresponds to the
model predicted mean risky use rate, and the solid 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 dashed 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. The slope is
presented in the bottom left-hand corner, with 95% confidence intervals presented in brackets.

Figure A.9: Simulated vs. Observed State-Level Risky Use Rates
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Notes: Figure presents a scatterplot of average state-level observed risky use rates against average state-level predicted risky use
rates. Average risky use rates for each state are computed as an average of all non-mover years (N = 20,094,127 enrollee-years).
The weighted correlation coefficient is presented in the bottom right corner, where weights are given by the number of mover-year
observations in our estimation sample where a mover was observed in the state. Markers are scaled accordingly.
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Figure A.10: Time Series of Average Risky Opioid Use Rates

(a) Medicare Data
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(b) Model Predictions
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Notes: Figures show time series of average risky use rates among non-movers in the 20th, 50th, and 80th percentile states of the
Medicare data (Panel A) and of the model predictions in each year (Panel B). Percentiles are calculated annually, so each line may
correspond to different states in each year. Panel A shows results from the Medicare data, while Panel B shows predicted non-mover
risky use rates from parameters estimated in our state-level movers only model.
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Figure A.11: Pill Mill Policy Event Study in Model and Data
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Notes: Figure shows estimates of ρr(i,t) from equation (8) as estimated on the simulated data and the Medicare data, using non-movers. The
simulated data is constructed at the enrollee-year level by using our estimated parameters to simulate individual-level addiction and risky use
outcomes for enrollee-years in the baseline sample. The data coefficients are equivalent to Appendix Figure A.3, Panel B where each observation is
constructed at the state-year-cell level, and the regression is weighted such that each observation receives weight proportional to the corresponding
number of non-mover years observed in the sample. Our model predictions, however, do not vary among demographic cells, so the specification
is equivalent to re-writing equation (8) at the state-year level. Dashed lines show 95 percent confidence intervals constructed through 50 iterations
of the Bayesian bootstrap. The timing of policies used to calculate relative years is given by Appendix Table A.2, while more details about the
specification and the policies are presented in Appendix B.
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Figure A.12: State-Level Correlates of Risky Use and Model Parameters

Notes: Figure presents coefficients from bivariate regressions using state-level average characteristics on our baseline model parameters. Horizontal
bars show the 95 percent confidence intervals, calculated with heteroskedasticity-robust standard errors. All outcomes and covariates are normalized
to be in units of standard deviations. The first panel from the left presents coefficients using the average risky use of the state in our sample as
the outcome. The second panel from the left presents coefficients using the estimated availability parameter (γ j) of that state. The third panel
from the left presents the steady state share of addiction in the state implied by using variation in the place-based addiction parameters (π j) while
holding person-based addiction parameters to their median value among all states. Finally, the right-most panel presents the steady state share of
addiction in the state implied by using variation in the person-based addiction parameters (ηi) while holding place-based addiction parameters to
their median value among all states. All demographic and economic outcomes are measured in the 2000 Census. “MED After Surgery” refers to
the average morphine equivalent dose (MED) of the prescriptions patients filled in the two weeks following a set of common surgical procedures
among individuals with traditional fee for service coverage in our sample. We measure hospital quality through the “ACSC Rate”, or the rate of
hospitalizations for ambulatory-care sensitive conditions (ACSC). High ACSC rates are considered a measure of poor healthcare quality, and so we
define quality by the rate of avoided hospitalizations for these conditions (1 - ACSC). We present detailed definitions and data sources for these
measures in Appendix H.
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Figure A.13: Policy Effect Decomposition

(a) No Implementation Delay
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(b) Addiction Stock
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Notes: Figure shows the estimated simulated impact of pill mill laws in the 11 eventually-treated states under various counterfactual
implementation timings. These implementation counterfactuals maintain the gradual phase-in of policy effects over five years, as
described in Section 5.2, unless noted as “with immediate implementation.” Both panels show the reduction in the simulated risky
use rates from 2006 to 2019 under a 2006 implementation (blue) and a 1995 implementation (red). Panel A further shows a 2006
implementation in which the policy is fully implemented immediately (green), while Panel B shows an implementation that keeps
the gradual policy implementation but where all states start with the (lower) addiction shares in 2006 that they would’ve had under
the earliest 1995 policy implementation. Average impacts are calculated by taking the average reduction across all calendar years
between 2006 and 2019.

Figure A.14: Time Trends in Opioid Prescribing Rates
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Notes: Figure presents averages over time for 2006 - 2019 of the number of opioid prescriptions per capita among non-movers
and from national QuintilesIMS data. Sample prescriptions per capita are plotted on the left-hand vertical axis, and national
prescriptions are plotted on the right. Both prescription rates are calculated on a January-December calendar year.
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Figure A.15: Event Studies - Various Geographies
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Notes: Figure shows estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—where the weights on the
regression are given by the number of movers observed in each cohort. The dashed lines are upper and lower bounds of the 95% confidence interval.
Confidence intervals are computed using 50 iterations of the Bayesian bootstrap. Note that our definition of T̂cr in Section 4.1 implies that the
coefficient in relative year -1 is zero by construction. Panel A is our baseline specification, Panel B uses commuting zones as the moving geography,
and Panel C uses counties as the moving geography. These specifications are discussed in Appendix C, and sample sizes are given in Appendix
Table A.9.
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Figure A.16: Event Studies - Other Outcomes
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Notes: Figure shows estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—where the
weights on the regression are given by the number of movers observed in each cohort, and yir (when used to construct T̂cr) is
defined as the indicated opioid use measure for individual i in relative year r. The dashed lines are upper and lower bounds of the
95% confidence interval. Confidence intervals are computed using 50 iterations of the Bayesian bootstrap. Panel A reports results
using the baseline measure (high morphine equivalent doses or “High MED”) while Panels B and C report the results with alternate
risky use measures of Many Prescribers and Overlapping Prescriptions. These risky use measures are discussed in Appendix A and
sample sizes are given in Appendix Table A.11.

90



Figure A.17: Event Studies: Daily MED and Alternative Thresholds
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(b) 60 MED Threshold
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(c) 80 MED Threshold
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(d) 100 MED Threshold
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(e) 140 MED Threshold
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(f) 160 MED Threshold
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(g) 180 MED Threshold

-.25

0

.25

.5

.75

1

-5 -4 -3 -2 -1 0 1 2 3 4 5
Year relative to move

180 Daily MED Threshold
120 Daily MED Threshold

Risky use rate (coefficient)

Notes: Figure shows estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—where the weights on the
regression are given by the number of movers observed in each cohort, and the outcomes are defined by alternative functions of the average daily
MED prescribed to individuals. Panel A uses the average daily MED over a year, while Panels B - G show alternative thresholds for defining risky
use. For Panels B - G, red diamonds are identical to Figure 4 and plot our estimates using our baseline definition of risky use. The dashed lines are
upper and lower bounds of the 95% confidence interval. Confidence intervals are computed using 50 iterations of the Bayesian bootstrap.
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Figure A.18: Event Studies – Alternative Specifications

(a) No Relative Year Fixed Effects
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(b) No Covariates (X)
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Notes: Figure shows estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—where the weights on the
regression are given by the number of movers observed in each cohort. The dashed lines are upper and lower bounds of the 95% confidence
interval. Confidence intervals are computed using 50 iterations of the Bayesian bootstrap. Each panel shows a single deviation from our baseline
specification. Panel A omits the relative year fixed effects (ρr), and Panel B omits the covariates for five-year age bin, race and gender. These
specifications are discussed in more detail in Appendix C, and sample sizes are given in Appendix Table A.12.

Figure A.19: Event Studies – Balanced Panel
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Notes: Gray dots in the figure show estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—for a balanced
panel of individuals with observed Part D coverage three years before and three years after the move, where the weights on the regression are given
by the number of movers observed in each cohort. The dashed lines are upper and lower bounds of the 95% confidence interval. Red diamonds
are identical to Figure 4 and plot our estimates using our baseline sample. Confidence intervals are computed using 50 iterations of the Bayesian
bootstrap. Note that our definition of T̂cr in Section 4.1 implies that the coefficient in relative year -1 is zero by construction. The sample consists
of movers who are observed for all three years before and after their move (N = 292,087 enrollee-years).

93



Figure A.20: Event Studies – Sample Restrictions
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(b) Alive All Years
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(d) No Cancer/Hospice Patients

-.25

0

.25

.5

.75

1

-5 -4 -3 -2 -1 0 1 2 3 4 5
Year relative to move

Risky use rate (coefficient)

Notes: Figure shows estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—where the weights on the
regression are given by the number of movers observed in each cohort. Panel A restricts to movers with 12 months of Part D coverage for each year
they are observed in the sample, and we drop movers who are ever observed with less than a full year of coverage; Panel B restricts to all movers
who did not die from 2006 to 2019; Panel C removes all moves to or from Florida, Texas, and California from the sample; and Panel D removes all
cancer or hospice patients. These specifications are discussed in Appendix C, and sample sizes are given in Appendix Table A.14. The dashed lines
are upper and lower bounds of the 95% confidence interval. Confidence intervals are computed using 50 iterations of the Bayesian bootstrap. Note
that our definition of T̂cr in Section 4.1 implies that the coefficient in relative year -1 is zero by construction.
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Figure A.21: Event Studies - Selection on Part D Extensive Margin
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Notes: Figure shows estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—where the
weights on the regression are given by the number of movers observed in each cohort, and yir (when used to construct T̂cr) is defined
as having twelve months of Part D coverage during the year. The dashed lines are upper and lower bounds of the 95% confidence
interval. Confidence intervals are computed using 50 iterations of the Bayesian bootstrap. Note that our definition of T̂cr in Section
4.1 implies that the coefficient in relative year -1 is zero by construction. The y-axis is scaled to represent a 20th percentile to 80th
percentile move in the rate of risky opioid use. The sample is all mover-years, including mover-years without 12 complete months
of Part D coverage (N = 1,096,097 enrollee-years).

Figure A.22: Commuting Zone Estimation Sample

Notes: Figure highlights the 91 commuting zones used for a commuting-zone level model estimation detailed
inAppendix C. Thick black lines denote state borders, while thin gray lines denote commuting zone boundaries.
Highlighted red regions denote which commuting zones were included.
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Figure A.23: Commuting Zone Model Fit
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(b) Non-movers
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Notes: Figure compares mover (Panel A) and non-mover (Panel B) mean risky opioid use rates predicted from our
commuting-zone level model simulations to those in the Medicare data. Each moment is a commuting zone and
calendar year combination. In each panel, the y-axis corresponds to the model predicted mean risky use rate, and
the solid 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 dashed 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. The slope is
presented in the bottom left-hand corner, with 95% confidence intervals presented in brackets. More details on the
commuting zone sample and estimation are provided in Appendix C.
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Figure A.24: Medicare Elderly Sample Event Study
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Notes: Figure shows estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—where the
weights on the regression are given by the number of movers observed in each cohort, and the sample used is the Medicare elderly
sample described in Appendix C. The dashed lines are upper and lower bounds of the 95% confidence interval. Confidence intervals
are computed using 50 iterations of the Bayesian bootstrap. Note that our definition of T̂cr in Section 4.1 implies that the coefficient
in relative year -1 is zero by construction. The sample is all mover-years in the Medicare elderly sample (N = 2,062,303 mover-
years).
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Figure A.25: Medicare Elderly Event Studies - Naives and Prior Users

(a) Naives
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(b) Prior Users
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Notes: Figure shows estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—where the
weights on the regression are given by the number of movers observed in each cohort. We show these estimates separately for
opioid naive (“naive”) and prior users. “Naives” are those with no opioid use in relative year -1, while prior users filled at least one
opioid prescription in that year. For each subsample, we extend the vector of observables used for matching to include opioid use
in the calendar year corresponding to the year before moving. The dashed lines are upper and lower bounds of the 95% confidence
interval. Confidence intervals are computed using 50 iterations of the Bayesian bootstrap. Note that our definition of T̂cr in Section
4.1 implies that the coefficient in relative year -1 is zero by construction. The sample sizes are 1,579,471 mover-years (naives) and
482,674 mover-years (prior users).
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Figure A.26: Geographic Variation in Medicare Elderly Model Parameters
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(b) Person-Based Addiction Transitions (ηi)
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(c) Place-Based Addiction Transitions (π j)
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Notes: Figure presents three panels with both maps and scatterplots of parameter estimates for various channels in our model estimates from the
Medicare elderly sample described in Appendix C. Panel A presents the place-specific availability parameter, while Panels B and C present person-
specific and place-specific factors affecting addiction transitions respectively. The weighted correlation coefficient is presented in the bottom
right corner, where weights are given by the number of mover-year observations in the estimation sample where a mover was observed in the
state. Markers are scaled accordingly. The magnitude of addiction transition parameters is measured by the change in shares addicted that would
result after one year if all states shared an initial share of 0.01 and differential addiction transitions occurred only according to variation in the
relevant set of addiction transition parameters. The implied one-year change from place/person specific addiction transitions specifically computes
∆ā = ā0 (1−π−−η−)+ (1− ā0)(π

++η+)− ā0, where ā0 is set to the 0.01 and the other set of parameters (place vs. person) are held to their
median values.
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Figure A.27: Moment Fit: Medicare Elderly Sample
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Notes: Figure compares mover (Panel A) and non-mover (Panel B) mean risky opioid use rates predicted from our Medicare elderly
model simulations to those in the Medicare data. Each moment is a state and calendar year combination. In each panel, the y-axis
corresponds to the predicted mean of the calendar year, and the solid 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 dashed 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.
The slope is presented in the bottom left-hand corner, with 95% confidence intervals presented in brackets. More details on the
Medicare elderly sample are provided in Appendix C.
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Figure A.28: Event Study in Simulation vs. Data: Medicare Elderly Sample
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Notes: Figure shows estimates from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—as estimated
on simulated data and the Medicare data using our Medicare elderly sample construction. The simulated data is constructed at the
enrollee-year level by using our estimated parameters to simulate individual-level addiction and risky use outcomes for enrollee-
years in the Medicare elderly sample. More details on the Medicare elderly sample are provided in Appendix C. The weights on
the regression are given by the number of movers observed in each cohort. Red diamonds show the aggregate coefficients estimated
from our simulated event study, where the yearly rates of risky opioid use among movers and non-movers are simulated according
to the model parameterizations described in Section 5 and confidence intervals are calculated across fifty simulations. Gray dots
and dashed lines are identical to Appendix Figure A.24 and plot our aggregate event study coefficients and standard errors as
estimated on the Medicare elderly sample. Our definition of T̂cr in Section 4.1 implies that the coefficient in relative year -1 is zero
by construction.
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Figure A.29: Visualizing Hypotheses About Relationships with Illicit Opioid Use

(a) Defining the Modeling Space (b) Hypothesis: No Pathway to Illicit Use

(c) Hypothesis: Substitution Along Addiction Pathway (d) Hypothesis: Substitution Along Both Pathways

Notes: Figure presents the simple modeling space described in Appendix F where we visualize key hypothesized relationships
between availability, addiction, risky prescription opioid use, illicit opioid use, and adverse opioid-related outcomes. Arrows
represent directed causal relationships, while positives and negatives indicate the sign of this relationship. We assume that all
relationships can be strictly signed. Panel A presents an overview of the limited modeling space that we consider, where availability
and addiction positively drive risky use (denoted in gray), while risky prescription opioid use and illicit use drive adverse opioid-
related outcomes (denoted in blue). The two dashed red lines denote the subject of the hypotheses in Appendix F. Panel B considers
a model in which neither addiction nor risky use directly affect illicit use. Panel C considers a model in which addiction drives both
risky prescription opioid use and illicit opioid use, but changes in risky prescription opioid usage do not directly affect illicit opioid
usage. Finally, Panel D considers a model in which there is a direct positive relationship between addiction and illicit opioid use
and a direct negative relationship between risky prescription opioid use and illicit opioid use. Further assumptions are detailed in
Appendix F.

102



Table A.1: Opioid Prescribing Measures and Adverse Opioid Outcomes

Measure of Risky Use
Share of All

Enrollee-Years

Share Opioid
Poisoning Event

in Year t +1

Enrollee-Years with
Opioid Use Disorder

in Year t +1

(1) High MED (Baseline) 2.98% 0.87% 3.93%

(2) Many Prescribers 4.44% 0.85% 3.76%

(3) Overlapping Prescribers 13.09% 0.57% 2.34%

(4) Chronic Opioid Use 17.77% 0.46% 1.89%

(5) Any Opioids 35.94% 0.28% 1.19%

(6) All Years 100.00% 0.11% 0.53%

Notes: Table shows the incidence of adverse opioid outcomes (opioid poisonings and diagnoses of opioid use disorders) in subse-
quent enrollee-years when enrollee-years exhibit various measures of risky opioid use and opioid prescribing. We limit the sample
to non-mover enrollee years fully covered by traditional Medicare, whom we also observe as fully covered by traditional Medicare
in the following year. This allows us to observe their adverse outcomes in year t+1. The first column defines the measure of opioid
use, where “all years” is the full sample unconditional on any opioid use (N = 5,930,877 enrollee-years). The second column
presents the share of all enrollee-years in our sample that exhibit the given measure of opioid use; the third and fourth columns
present the share of these observations with adverse opioid outcomes in the year following. These various risky opioid use measures
are discussed in Appendix A.
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Table A.2: Opioid-Related Policy Implementation Timing

State Must-Access PDMP Pill Mill Policies Prescribing Limits

Alabama – 2013 –

Alaska 2017 – 2017

Arizona 2017 2018 –

Arkansas 2017 – –

California 2018 – –

Colorado – – –

Connecticut 2015 – 2016

Delaware – – 2017

Florida – 2010 –

Georgia 2014 2013 –

Hawaii – – 2016

Idaho – – –

Illinois 2018 – 2012

Indiana 2014 – 2017

Iowa – – –

Kansas – – –

Kentucky 2012 2012 2017

Louisiana – – 2017

Maine – – –

Maryland – – 2017

Massachusetts 2014 – –

Michigan – – 2016

Minnesota 2017 – 2017

Mississippi – 2011 –

Missouri – – –

Montana – – –

Nebraska – – –

Nevada 2015 – 2017

New Hampshire 2016 – 2017

New Jersey 2015 – 2017

New Mexico 2012 – –

New York 2013 – 2016

North Carolina – – 2018

North Dakota – – –

Ohio – 2011 2017

Oklahoma – – –

Oregon – – –

Pennsylvania 2017 – 2017

Rhode Island 2016 – 2017

South Carolina 2017 – 2007

South Dakota – – –

Tennessee 2013 2011 2013

Texas 2019 2010 –

Utah 2017 – 2017

Vermont 2015 – 2017

Virginia 2015 – 2017

Washington – – –

West Virginia – 2012 –

Wisconsin 2017 2016 –

Wyoming – – –

Notes: Table presents the year of “implementation” that we use for our policy analysis throughout the paper (2006 - 2019). This excludes implementation dates before or after this window. We
attempt to follow the legal databases, the Prescription Drug Abuse Policy System (PDAPS), and literature analyzing the effects of opioid-related policies that were enacted during our study period
(Buchmueller and Carey 2018; Sacks et al. 2021; Kaestner and Ziedan 2023). We discuss each of these policies—and uncertainty regarding the timing across these sources—in Appendix B.
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Table A.3: Estimation Sample Summary Statistics

Movers Non-Movers

Sample Used to Construct Moments

Number of Enrollees 99,729 2,755,447

Number of Enrollee-Years 637,647 20,094,127

Number of Cohorts 16,612 –

Average Risky Use Rate 4.1% 3.5%

Moments Targeted in Model Estimation

Number of Moments 125,921 714

Median Number of Enrollee-Years per Moment 2 19,624.5

Mean Number of Enrollee-Years per Moment 5.1 28,143.0

Minimum Number of Enrollee-Years per Moment 1 728

Maximum Number of Enrollee-Years per Moment 313 167,054

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 Appendix Table 1 column 1, excluding enrollee-years observed during the year of move. The empirical moments are average
risky use rates constructed at the cohort – relative-year level, where cohorts are defined by a mover’s origin, destination, and move
year.
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Table A.4: Full Set of CZ-Level Correlates of Risky Use and Model Parameters

(a) Correlates from Main Text

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

Covariate Risky Use Availability Place-Based Addiction Person-Based Addiction

MED after Surgery 0.403 -0.024 0.358 0.068

(0.108) (0.131) (0.094 (0.105

Triplicate Prescribing Restrictions -0.418 -0.030 -0.259 -0.212

(0.080) (0.087) (0.072) (0.087)

Hospital Quality Index (ACSC Rate) -0.225 -0.287 -0.143 0.065

(0.103 (0.114) (0.098) (0.136)

Medicare Spending per Capita -0.148 -0.041 -0.172 0.142

(0.098) (0.140) (0.067) (0.126)

PCPs per Capita 0.044 0.153 -0.111 0.140

(0.110) (0.086) (0.094) (0.094)

Share Uninsured -0.011 0.002 0.064 -0.041

(0.107) (0.112) (0.084) (0.101)

Share with Some College or Higher -0.100 0.402 -0.230 -0.061

(0.102) (0.091) (0.087) (0.097)

Unemployment Rate -0.018 -0.101 -0.008 -0.057

(0.113) (0.103) (0.106) (0.120)

Exposure to China Shock -0.073 -0.018 -0.072 -0.017

(0.099) (0.109) (0.079) (0.099)

Employment in Manufacturing -0.014 -0.344 0.073 0.015

(0.123) (0.107) (0.103) (0.112)

Median Household Income -0.047 0.314 -0.207 -0.034

(0.106) (0.112) (0.100) (0.112)
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(b) Additional Correlates

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

Covariate Risky Use Availability Place-Based Addiction Person-Based Addiction

Share White 0.345 -0.072 0.207 0.217

(0.085) (0.092) (0.085) (0.090)

Share Black -0.211 -0.056 -0.175 0.035

(0.108 (0.111) (0.099) (0.107)

Share Hispanic -0.286 0.089 -0.142 -0.258

(0.077) (0.102) (0.075) (0.083)

Share Asian -0.141 0.115 -0.137 -0.085

(0.088) (0.076) (0.079) (0.065)

Share Female -0.243 -0.025 -0.249 0.080

(0.119) (0.098) (0.095) (0.083)

Share Under 18 -0.276 -0.123 -0.107 -0.291

(0.112) (0.090) (0.105) (0.104)

Share Over 65 0.254 0.041 0.096 0.232

(0.101) (0.100) (0.082) (0.122)

Share SSDI in 1990 0.09 -0.412 0.251 0.078

(0.141) (0.098) (0.150) (0.147)

Share with Poor English -0.286 0.161 -0.197 -0.193

(0.078) (0.100) (0.067) (0.082)

Share Obese 0.048 -0.346 0.138 0.084

(0.105) (0.109) (0.092) (0.100)

Share Diabetic 0.098 -0.338 0.158 0.198

(0.116) (0.107) (0.108) (0.126)

Share Uninsured -0.011 0.002 0.064 -0.041

(0.107) (0.112) (0.084) (0.101)

Notes: Table presents coefficients from bivariate regressions using commuting-zone level average characteristics on risky use and our model parameters and their associated heteroskedasticity-robust

standard errors. All outcomes and covariates are normalized to be in units of standard deviations. Column (1) presents coefficients using the average risky use of the commuting zone in our sample

as the outcome. Column (2) presents coefficients using the estimated availability parameter (γ j ) of that commuting zone. Column (3) presents the steady state share of addiction in the commuting

zone implied by using variation in the place-based parameters (π j ) while holding the person-based addiction parameters to their median value among all CZs. Column (4) presents the steady state

share of addiction in the commuting zone implied by using variation in the person-based addiction parameters (ηi) while holding place-based addiction parameters to their median value among

all CZs. Panel A shows the correlates presented in Table A.8 in the main text, while Panel B shows additional correlates. All demographic and economic outcomes besides “Share SSDI in 1990”

are measured in the 2000 Census. “Share SSDI in 1990” is measured following Cutler and Glaeser (2021). “MED after surgery” refers to the average morphine equivalent dose (MED) of the

prescriptions patients filled in the two weeks following a set of common surgical procedures in our sample. “ACSC rate” is the rate of hospitalizations for ambulatory-care sensitive conditions

(ACSC); high ACSC rates are considered a measure of poor healthcare quality. We present detailed definitions and data sources for these measures in Appendix H.
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Table A.5: Robustness of Counterfactuals to Alternative Models

Predicted reduction in rate of risky use from a one standard deviation reduction in...

Model Specification

Person-
based

Parameters
(ηi)

Place-based
Parameters

(γ j,π j)

Availability
(γ j)

Place-based
Addiction
Transitions

(π j)

All
Addiction
Transitions

(π j,ηi)

(1) Baseline Model 32.6% 41.3% 13.9% 31.9% 51.0%

Alternative Samples

(2) Commuting Zone Sample 36.4% 58.5% 13.8% 51.4% 72.2%

(3) Medicare Elderly
(65+) Sample

36.8% 53.5% 18.0% 43.0% 60.8%

Alternative Specifications

(4) Multiplicative Addiction
Interactions(α → 0)

58.0% 38.1% 11.2% 30.4% 69.1%

(5) Minimum Addiction
Interactions(α →−∞)

30.8% 45.5% 27.3% 25.1% 40.6%

(6) Maximum Addiction
Interactions(α → ∞)

22.5% 31.7% 10.9% 23.2% 41.9%

(7) Allowing for Risky Use by
Non-Addicted Individuals

16.0% 23.0% 9.3% 16.6% 24.9%

(8) Addiction Transitions During
Year of Move

42.4% 47.6% 13.4% 39.3% 67.8%

(9) No Selection (s = 0) 61.2% 47.5% 11.7% 40.5% 74.9%

(10) Alternative Global Addiction
Share (ā = 0.15)

29.3% 38.3% 12.8% 29.3% 46.7%

(11) Alternative Global Addiction
Share (ā = 0.20)

29.5% 36.8% 11.0% 29.2% 49.3%

(12) Three Years Policy Adoption
Window

33.1% 42.9% 14.7% 33.2% 52.5%

(13) All Years Policy Adoption
Window

25.6% 39.8% 14.5% 29.8% 44.9%

Notes: Table presents the effect of counterfactuals for our baseline specification as well as a set of alternative samples and models. Estimates are
presented in percent reduction in simulated overall risky use rates from 2006 to 2019 from a one standard deviation reduction in parameters. Each
counterfactual policy is to reduce parameters in the relevant channel(s) by a standard deviation, except for the probabilities of transitioning out of
addiction, which we increase by a standard deviation. The overall risky use rate is computed by taking a weighted average of simulated risky use
over all state-years in our non-mover sample, weighting by the number of non-movers observed in each state-year. Throughout, we maintain our
standard parameter bounds of [0,1] by taking the minimum (maximum) of the reduced (increased) parameter and the bound as necessary. Row (1)
presents the results from our baseline specification. Rows (2) and (3) present the results from a CZ-level subsample and a Medicare elderly sample
described in Appendix C. Rows (4) - (6) examine models where person-based and place-based addiction transition factors interact non-additively.
Row (7) examines an alternative model where we allow for risky use by non-addicted individuals at a constant rate, which is an additional parameter
that we estimate. Row (8) examines a model where we allow for addiction transitions to occur according to the origin destination parameters in
the year of the move. Row (9) estimates our model when we assume that there is no selection (s = 0). Rows (10) and (11) examine models which
specify different global shares of addiction (ā = 0.15 and ā = 0.20). Finally, rows (12) and (13) allow for different assumptions about when pill
mill laws are fully implemented. The three-year policy window refers to a model in which after three years, pill mill policies are fully implemented.
The all-years policy window refers to a model in which we never assume pill mill policies are fully implemented (subject to a normalization). We
discuss these specifications further in Appendix G.
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Table A.6: Yearly Effects of Counterfactual Policies Targeting Risky Use

Targeting Place-Based

Addiction Channel

Targeting Place-Based

Availability Channel

Targeting Both

Place-Based Channels

2006 0.0% 19.0% 19.0%

[0.0%, 0.0%] [10.3%, 27.7%] [10.3%, 27.7%]

2007 10.5% 17.6% 26.2%

[3.4%, 17.5%] [10.8%, 24.4%] [19.7%, 32.7%]

2008 18.3% 13.7% 29.4%

[9.8%, 26.7%] [8.3%, 19.0%] [22.2%, 36.7%]

2009 24.1% 11.9% 33.2%

[14.9%, 33.3%] [7.2%, 16.7%] [25.0%, 41.3%]

2010 28.6% 10.6% 36.2%

[18.8%, 38.5%] [6.4%, 14.9%] [27.2%, 45.3%]

2011 32.2% 10.0% 39.0%

[21.5%, 42.9%] [6.0%, 14.0%] [29.0%, 48.9%]

2012 35.1% 10.1% 41.6%

[23.6%, 46.5%] [6.0%, 14.2%] [30.9%, 52.3%]

2013 37.4% 10.6% 44.0%

[25.3%, 49.5%] [6.3%, 15.0%] [32.7%, 55.4%]

2014 39.3% 11.6% 46.3%

[26.7%, 52.0%] [6.9%, 16.3%] [34.5%, 58.2%]

2015 40.9% 12.7% 48.4%

[27.8%, 54.1%] [7.5%, 17.9%] [36.2%, 60.7%]

2016 42.3% 14.9% 50.8%

[28.7%, 55.8%] [8.8%, 21%] [38.3%, 63.4%]

2017 43.3% 19.0% 54.1%

[29.4%, 57.3%] [11.2%, 26.8%] [41.3%, 66.8%]

2018 44.2% 24.5% 57.8%

[30.0%, 58.4%] [14.4%, 34.6%] [45.0%, 70.5%]

2019 44.9% 32.8% 62.7%

[30.4%, 59.3%] [19.3%, 46.2%] [50.0%, 75.5%]

Notes: Table reports the yearly percentage reduction in risky use rates driven by the effect of counterfactual policies that lower place-
based addiction and place-based availability parameters as described in Section 6.3 and presented in Figure 10. Each counterfactual
policy is to reduce parameters in the relevant channel(s) by a standard deviation except for the probabilities of transitioning out
of addiction, which we increase by a standard deviation. The yearly risky use rate is computed by taking a weighted average of
predicted risky use over all states in a given year in our non-mover sample, weighting by the number of non-movers observed in
each state. 95% confidence intervals are computed using 50 iterations of the Bayesian bootstrap. Throughout, we maintain our
standard parameter bounds of [0,1] by taking the minimum (maximum) of the reduced (increased) parameter and the bound as
necessary.
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Table A.7: 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: Table identifies opioid conversion factors used in the construction of our baseline measure of risky use. Adapted from
Meara et al. (2016) supplementary material as well as an opioid dose calculator developed by Washington State Agency Medical
Directors’ Group available at http://www.agencymeddirectors.wa.gov/calculator/dosecalculator.html.

Table A.8: Measures of Hazardous Opioid Prescriptions

High MED
(Baseline)

Many
Prescribers

Overlapping
Prescriptions

Any Opioid Chronic Opioid
Use

High MED (Baseline) 1.000

Many Prescribers 0.685 1.000

Overlapping Prescriptions 0.756 0.765 1.000

Any Opioids 0.469 0.630 0.907 1.000

Chronic Opioid Use 0.529 0.595 0.929 0.976 1.000

Notes: Table presents pairwise rank correlations between the baseline measure (high morphine equivalent doses or “High MED”),
Many Prescribers, Overlapping Prescribers, Any Opioids, and Chronic Opioid Use variables for 2006 - 2019, averaged across
years at the state level and assigning equal weight to each state. These various risky opioid use measures are discussed in
Appendix A.
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Table A.9: Event Study Coefficients – Various Geographies

(1) (2) (3)

All Naive Prior User

Panel A: Baseline Geography (State)

Average of 1-5 years pre-move 0.009 -0.008 0.054

(0.030) (0.018) (0.072)

Average of 1-5 years post-move 0.405 0.127 0.710

(0.047) (0.025) (0.096)

Enrollees 99,729 57,334 42,341

Enrollee-years 726,146 412,821 312,866

Panel B: Commuting Zone

Average of 1-5 years pre-move 0.000 0.001 0.013

(0.024) (0.014) (0.055)

Average of 1-5 years post-move 0.320 0.082 0.586

(0.031) (0.019) (0.077)

Enrollees 126,847 73,877 51,762

Enrollee-years 916,727 529,951 376,868

Panel C: County

Average of 1-5 years pre-move 0.0411 0.014 0.0842

(0.022) (0.013) (0.053)

Average of 1-5 years post-move 0.280 0.073 0.554

(0.037) (0.019) (0.092)

Enrollees 130,373 75,465 50,461

Enrollee-years 927,813 533,402 358,356

Notes: Table reports the average of coefficients and bootstrapped standard errors (in parentheses) one to five years pre-move and one
to five years post-move, as estimated from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—where
the weights on the regression are given by the number of movers observed in each cohort. Estimates are shown for the baseline
sample, naive enrollees, and prior users observed in the year before move for whom we are able to observe matched non-movers.
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. 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. Standard errors are computed using 50 iterations of the Bayesian bootstrap.
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Table A.10: State-Year Level Risky Opioid Use Measure Summary Statistics

25th Percentile Median 75th Percentile Interquartile
Range

High MED (Baseline) 0.023 0.035 0.049 0.026

Many Prescribers 0.029 0.048 0.069 0.040

Overlapping Prescriptions 0.096 0.130 0.170 0.074

Notes: Table presents the 25th percentile, median, and 75th percentile of the state-year averages of the indicated opioid
prescription measure: our baseline measure (high morphine equivalent doses or “High MED”), Many Prescribers, and
Overlapping Prescriptions. These various risky opioid use measures are discussed in Appendix A. Each state-year average is
determined by averaging the opioid prescription measure outcome within a year across non-movers in the sample. The final
column presents the interquartile range of each opioid prescription measure.
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Table A.11: Event Study Coefficients – Other Outcomes

(1) (2) (3)

All Naive Prior User

Panel A: High MED (Baseline)

Average of 1-5 years pre-move 0.009 -0.008 0.054

(0.030) (0.018) (0.072)

Average of 1-5 years post-move 0.405 0.127 0.710

(0.047) (0.025) (0.096)

Enrollees 99,729 57,334 42,341

Enrollee-years 726,146 412,821 312,866

Panel B: Many Prescribers

Average of 1-5 years pre-move -0.016 -0.002 -0.040

(0.047) (0.029) (0.105)

Average of 1-5 years post-move 0.739 0.261 1.257

(0.080) (0.049) (0.157)

Enrollees 99,729 57,334 42,341

Enrollee-years 726,146 412,821 312,866

Panel C: Overlapping Prescriptions

Average of 1-5 years pre-move 0.020 0.013 0.053

(0.024) (0.020) (0.053)

Average of 1-5 years post-move 0.260 0.145 0.416

(0.039) (0.029) (0.079)

Enrollees 99,729 57,334 42,341

Enrollee-years 726,146 412,821 312,866

Notes: Table reports the average of coefficients and their bootstrapped standard errors (in parentheses) between one to five years
pre-move and one to five years post-move as estimated from equation (3) of µr—the coefficient on year relative to move interacted
with δ̂cr—where the weights on the regression are given by the number of movers observed in each cohort and yir (when used to
construct T̂cr) is defined as the indicated opioid use measure for individual i in relative year r. Estimates are shown for the sample of
all movers, naive enrollees, and prior users observed in the year before move for whom we are able to observe matched non-movers.
Each panel reports results for a different outcome: our baseline measure (high morphine equivalent doses or “High MED”), Many
Prescribers, and Overlapping Prescriptions. These risky opioid use measures are discussed in Appendix A. 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. Standard errors
are computed using 50 iterations of the Bayesian bootstrap.

113



Table A.12: Event Study Coefficients – Alternative Specifications

(1) (2) (3)

All Naive Prior User

Panel A: Baseline Specification

Average of 1-5 years pre-move 0.009 -0.008 0.054

(0.030) (0.018) (0.072)

Average of 1-5 years post-move 0.405 0.127 0.710

(0.047) (0.025) (0.096)

Enrollees 99,729 57,334 42,341

Enrollee-years 726,146 412,821 312,866

Panel B: No Individual Fixed Effects

Average of 1-5 years pre-move 0.105 -0.008 0.216

(0.041) (0.018) (0.093)

Average of 1-5 years post-move 0.4755 0.1271 0.906

(0.040) (0.025) (0.096)

Enrollees 138,115 57,334 42,341

Enrollee-years 878,724 412,821 312,866

Panel C: No Relative Year Fixed Effects

Average of 1-5 years pre-move 0.009 -0.008 0.054

(0.030) (0.018) (0.072)

Average of 1-5 years post-move 0.405 0.127 0.710

(0.047) (0.025) (0.096)

Enrollees 99,729 57,334 42,341

Enrollee-years 726,146 412,821 312,866

Panel D: No Covariates (X)

Average of 1-5 years pre-move 0.009 -0.005 0.040

(0.030) (0.018) (0.071)

Average of 1-5 years post-move 0.401 0.124 0.698

(0.048) (0.024) (0.098)

Enrollees 99,782 57,387 42,395

Enrollee-years 726,594 413,270 313,324

Notes: Table reports the average of coefficients and their bootstrapped standard errors (in parentheses) between one to five years
pre-move and one to five years post-move as estimated from equation (3) of µr—the coefficient on year relative to move interacted
with δ̂cr—where the weights on the regression are given by the number of movers observed in each cohort. Estimates are shown
for the baseline sample, naive enrollees, and prior users observed in the year before move for whom we are able to observe matched
non-movers. Each panel shows a single deviation from our baseline specification (baseline shown in Panel A). Panel B omits
individual fixed effects (estimating the model in levels rather than in differences); Panel C omits the relative year fixed effects (ρr),
and Panel D omits the covariates for five-year age bin, race and gender. Standard errors are computed using 50 iterations of the
Bayesian bootstrap.
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Table A.13: Event Study Coefficients – Moves Up and Moves Down

(1) (2) (3)

All Naive Prior User

Panel A: Baseline (All Moves)

Average of 1-5 years pre-move 0.009 -0.008 0.054

0.030 0.018 0.072

Average of 1-5 years post-move 0.405 0.127 0.710

0.047 0.025 0.096

Enrollees 99,729 57,334 42,341

Enrollee-years 726,146 412,821 312,866

Panel B: Moves Up

Average of 1-5 years pre-move -0.005 0.016 -0.145

0.053 0.047 0.186

Average of 1-5 years post-move 0.494 0.128 0.735

0.131 0.071 0.292

Enrollees 55,722 18,150 16,254

Enrollee-years 407,211 121,832 107,909

Panel C: Moves Down

Average of 1-5 years pre-move 0.010 -0.014 0.145

0.067 0.054 0.253

Average of 1-5 years post-move 0.397 0.098 0.899

0.112 0.056 0.305

Enrollees 44,007 14,332 14,290

Enrollee-years 318,935 96,090 94,898

Notes: Table reports the average of coefficients and their bootstrapped standard errors (in parentheses) between one to five years
pre-move and one to five years post-move as estimated from equation (3) of µr—the coefficient on year relative to move interacted
with δ̂cr—where the weights on the regression are given by the number of movers observed in each cohort. Each panel shows a
single deviation from our baseline specification (baseline shown in Panel A). The table reports estimates for moves up (Panel B)
and moves down (Panel C) based on the difference in the rates of risky opioid use between the origin and destination state in the
year of the move. 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. For each subsample, we extend the vector of observables used for matching to include opioid use in the
calendar year corresponding to the year before moving. Estimates are shown for the baseline sample, naive enrollees, and prior
users observed in the year before move for whom we are able to observe matched non-movers. Standard errors are computed using
50 iterations of the Bayesian bootstrap.
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Table A.14: Event Study Coefficients – Sample Restrictions

(1) (2) (3)

All Naive Prior User

Panel A: Baseline Sample

Average of 1-5 years pre-move 0.009 -0.008 0.054

(0.030) (0.018) (0.072)

Average of 1-5 years post-move 0.405 0.127 0.710

(0.047) (0.025) (0.096)

Enrollees 99,729 57,334 42,341

Enrollee-years 726,146 412,821 312,866

Panel B: Part D All Years

Average of 1-5 years pre-move 0.042 0.007 0.107

(0.057) (0.029) (0.144)

Average of 1-5 years post-move 0.380 0.177 0.623

(0.078) (0.042) (0.164)

Enrollees 22,556 13,277 9,224

Enrollee-years 195,617 113,730 81,460

Panel C: Alive All Years

Average of 1-5 years pre-move 0.008 -0.016 0.067

(0.030) (0.020) (0.075)

Average of 1-5 years post-move 0.391 0.121 0.684

(0.049) (0.025) (0.107)

Enrollees 76,728 45,767 30,907

Enrollee-years 586,248 342,501 243,288

Notes: Table reports the average of coefficients and their bootstrapped standard errors (in parentheses) between one to five years
pre-move and one to five years post-move as estimated from equation (3) of µr—the coefficient on year relative to move interacted
with δ̂cr—where the weights on the regression are given by the number of movers observed in each cohort. Estimates are shown
for the baseline sample, naive enrollees, and prior users observed in the year before move for whom we are able to observe matched
non-movers. Each panel shows a single deviation from our baseline specification (baseline shown in Panel A). Panel B restricts to
movers with 12 months of Part D coverage for each year they are observed in the sample, and Panel C restricts to all movers who
did not die from 2006 to 2019. 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. Standard errors are computed using 50 iterations of the Bayesian bootstrap.
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Table A.15: Commuting Zone Estimation Sample Summary Statistics

Movers Non-Movers

Sample Used to Construct Moments

Number of CZs in Sample 91

Number of States in Sample 36

Number of Enrollees 46,241 1,585,725

Number of Enrollee-Years 336,624 11,440,375

Number of Cohorts 21,811 –

Average Risky Use Rate 3.6% 3.4%

Moments Targeted in Model Estimation

Number of Moments 172,259 1,274

Median Number of Enrollee-Years per Moment 1 6,554

Mean Number of Enrollee-Years per Moment 2.0 8,980

Minimum Number of Enrollee-Years per Moment 1 1,341

Maximum Number of Enrollee-Years per Moment 102 70,700

Notes: Table presents summary statistics on the empirical moments that are targeted in the estimation of the model for a subset
of commuting zones as well as the sample used to construct those moments. More details on the 91 commuting zones in this
sample are provided in Appendix C. Mover enrollee-years observed during the year of move are excluded from the moments used
in estimation. The empirical moments are average risky use rates constructed at the cohort – relative-year level, where cohorts are
defined by a mover’s origin, destination, and move year.
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Table A.16: Medicare Elderly Sample Summary Statistics

(1) (2)

Movers Non-movers

Female 63% 60%

White 85% 81%

Black 8% 9%

Medicaid 17% 19%

Age:

Average age 76.5 75.5

Region:

Northeast 16% 19%

West 26% 23%

Midwest 17% 23%

South 41% 35%

Opioid use:

Any opioids 22.2% 20.4%

Prescriptions in year before move (“prior user”) 23.4%

No prescriptions in year before move (“opioid naive”) 76.6%

Risky use 0.4% 0.4%

Number of enrollee-years 2,062,303 65,143,124

Number of enrollees 291,510 10,166,554

Notes: Table presents summary statistics for an alternative sample of Medicare enrollee-years in which the enrollee was 65+. All
rows except for the number of enrollee-years and enrollees report the share of enrollees or enrollee-years within the given population
with the indicated characteristic. “Any Opioids” and “Risky Use” are averaged over all enrollee-years, while all other statistics are
averaged at the enrollee-level, with “Region,” “Medicaid,” and “Age” measured in a reference year. This reference year is the year
before move for movers, and a randomly assigned year for non-movers such that the distribution of reference years for non-movers
mirrors that of movers. More details about the construction of this sample are provided in Appendix C.

118



Table A.17: Medicare Elderly Event Study Coefficients - Rates of Risky Use

(1) (2) (3)

All Naive Prior User

1 year post-move 0.282 0.037 0.889

(0.065) (0.020) (0.233)

5 years post-move 0.597 0.094 1.914

(0.153) (0.047) (0.524)

Enrollees 291,510 223,877 67,612

Enrollee-years 2,062,303 1,579,471 482,674

Average Risky Use Rate 1 year pre-move 0.005 0.000 0.023

Notes: Table reports the coefficients and their bootstrapped standard errors (in parentheses) one and five years post-move as es-
timated from equation (3) of µr—the coefficient on year relative to move interacted with δ̂cr—on the Medicare elderly sample
described in Appendix C. The weights on the regression are given by the number of movers observed in each cohort. Estimates are
shown for the baseline sample (“All”), naive enrollees, and prior users, for movers observed in the year before move for whom we
are able to observe matched non-movers. 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. Standard errors are computed using 50 iterations of the Bayesian bootstrap.
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Table A.18: Medicare Elderly Estimation Sample Summary Statistics

Movers Non-Movers

Sample Used to Construct Moments

Number of Enrollees 291,510 10,166,554

Number of Enrollee-Years 1,810,352 65,143,124

Number of Cohorts 21,225 –

Average Risky Use Rate 0.4% 0.4%

Moments Targeted in Model Estimation

Number of Moments 163,280 714

Median Number of Enrollee-Years per Moment 4 55,951

Mean Number of Enrollee-Years per Moment 11.1 91,236.9

Minimum Number of Enrollee-Years per Moment 1 2,707

Maximum Number of Enrollee-Years per Moment 967 805,098

Notes: Table presents summary statistics on the empirical moments that are targeted in the estimation of the model for our
estimation on the Medicare elderly sample, 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 A.16 column 1, excluding enrollee-years observed during the
year of move. The empirical moments are average risky use rates constructed at the cohort – relative-year level, where cohorts are
defined by a mover’s origin, destination, and move year. More details about the Medicare elderly sample are presented in
Appendix C.
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Table A.19: Monte Carlo Estimations: The Effect of Counterfactuals on Risky Use

Predicted reduction in rate of risky use

from a one standard deviation reduction

in...

2006 - 2019

(True Value Below)

(1) Person-based Parameters (ηi) 36.8%

(32.6%)

(2) Place-based Parameters (γ j,π j) 52.5%

(41.3%)

(a) Availability (γ j) 19.2%

(13.9%)

(b) Place-based Addiction Transitions (π j) 41.2%

(31.9%)

(3) All Addiction Transitions (π j,ηi) 61.2%

(51.0%)

Notes: Table reports the percent reduction in predicted overall risky use rates from 2006 to 2019 from a one standard deviation
reduction in parameters. Each counterfactual policy is to reduce parameters in the relevant channel(s) by a standard deviation,
except for the probabilities of transitioning out of addiction, which we increase by a standard deviation. The overall risky use rate
is computed by taking a weighted average of predicted risky use over all state-years in our non-mover sample, weighting by the
number of non-movers observed in each state-year. 95% confidence intervals are computed using 50 iterations of the Bayesian
bootstrap. Throughout, we maintain our standard parameter bounds of [0,1] by taking the minimum (maximum) of the reduced
(increased) parameter and the bound as necessary.
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Table A.20: Monte Carlo Estimations: Yearly Effects of Counterfactual Policies Targeting Risky Use

Targeting Place-Based

Addiction Channel

(True Value Below)

Targeting Place-Based
Availability Channel

(True Value Below)

Targeting Both
Place-Based Channels

(True Value Below)

2006 0.0% 28.4% 28.4%

(0.0%) (19.0%) (19.0%)

2007 15.6% 24.9% 36.7%

(10.5%) (17.6%) (26.2%)

2008 25.8% 19.4% 40.2%

(18.3%) (13.7%) (29.4%)

2009 32.9% 16.8% 44.2%

(24.1%) (11.9%) (33.2%)

2010 38.0% 14.9% 47.3%

(28.6%) (10.6%) (36.2%)

2011 41.9% 13.9% 50.0%

(32.2%) (10.0%) (39.0%)

2012 44.9% 14.0% 52.6%

(35.1%) (10.1%) (41.6%)

2013 47.4% 14.7% 55.2%

(37.4%) (10.6%) (44.0%)

2014 49.5% 16.0% 57.6%

(39.3%) (11.6%) (46.3%)

2015 51.3% 17.5% 59.8%

(40.9%) (12.7%) (48.4%)

2016 52.8% 20.4% 62.4%

(42.3%) (14.9%) (50.8%)

2017 54.0% 25.7% 65.8%

(43.3%) (19.0%) (54.1%)

2018 55.0% 32.9% 69.7%

(44.2%) (24.5%) (57.8%)

2019 55.8% 43.5% 74.8%

(44.9%) (32.8%) (62.7%)

Notes: Table reports the estimators of the yearly effect of counterfactuals constructed from averaging one hundred Monte Carlo
simulations. The true effect—which is identical to the estimates from Table A.6 because the same underlying parameters were used
as the baseline for the Monte Carlo—is presented in parentheses under each estimate for comparison. Estimates are presented as
the yearly percentage reduction in risky use rates driven by the effect of counterfactual policies that lower place-based addiction and
place-based availability parameters as described in Section 6.3 and presented in Figure 10. Each counterfactual policy is to reduce
parameters in the relevant channel(s) by a standard deviation except for the probabilities of transitioning out of addiction, which we
increase by a standard deviation. The yearly risky use rate is computed by taking a weighted average of predicted risky use over all
states in a given year in our non-mover sample, weighting by the number of non-movers observed in each state. Throughout, we
maintain our standard parameter bounds of [0,1] by taking the minimum (maximum) of the reduced (increased) parameter and the
bound as necessary.
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