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Abstract: This paper studies the relationship between local opioid prescription rates
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specification, a 10 percent higher local prescription rate is associated with a lower prime-age
labor force participation rate of 0.46 percentage points for men and 0.15 percentage points
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of reverse causation that prescriptions rates rose in response to weakness in the labor mar-
ket. These checks include instrumental variable estimation on a subset of areas; estimates of
the effect of unemployment on prescription opioid misuse; and estimation within 2000 labor
market quintiles.
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1 Introduction

Opioids, including prescription pain killers, are widely recognized as the cause of a public

health emergency in the United States. By 2016 drug overdose had become the leading cause

of death for Americans under 50 years old (Katz (2017)), with the increase since 2010 due

to opioids like heroin, OxyContin, and fentanyl.1

The interaction between opioids and the labor market is an important dimension of the

opioid crisis (Case and Deaton (2017), Krueger (2017)). There is growing evidence that the

supply of prescription opioids in an area depresses its labor force participation rate. Areas

with higher opioid prescription rates have been shown to have lower labor force participation

rates (Krueger (2017)), and quasi-random variation in local prescription rates has been found

to decrease labor force participation (Harris et al. (2019), Laird and Nielsen (2016), Deiana

and Giua (2018)). However, results are not uniform: Currie et al. (2019) find that higher

opioid prescription rates had a small positive effect on employment-to-population ratios for

women and negligible effects for men.

This paper focuses on understanding the national impacts of prescription opioids on US

labor markets. While deaths and direct costs to state and local governments have been

a focus of attention, the potential for general labor market impacts is another important

channel for costs of the opioid crisis. Labor market impacts allow us to understand the

breadth of the affected population, which could help with scaling an appropriate response.

Finally, improved estimates on this critical issue can help to inform policy made in response

to the state of the labor market, such as that of the Federal Reserve (Yellen (2017), Powell

(2019)). Our primary contributions to understanding the impacts of prescription opioids on

US labor markets are (i) to improve the joint measurement of labor market outcomes and

local prescription rates and (ii) to improve the quality of controls for short- and long-term

local labor market conditions.

One reason for the literature’s focus on sub-national geographies is the search for credible

identification. Another reason, though, is simply that it is difficult to create a nationally-

representative data set that includes both detailed labor market outcomes and opioid pre-

scriptions. Opioid prescription rates can be measured at the county level in the United States

from 2006 to 2016. To be able to examine the labor supply response, these prescription data

should be geographically linked to data on labor force participation, unemployment, and

employment.

1According to the National Institute on Drug Abuse (NIDA), “Opioids are a class of drugs that include
the illegal drug heroin, synthetic opioids such as fentanyl, and pain relievers available legally by prescription,
such as oxycodone (OxyContin), hydrocodone (Vicodin), codeine, morphine, and many others.” Quinones
(2016) provides a timeline of the crisis.
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Creating a geographically-linked data set with prescription and labor market information

typically forces researchers to choose between constructing a data set that is not nationally-

representative, that ignores information on local opioid prescription rates, or that does not

report individuals’ decisions to participate in the labor market. Individual-level labor market

data from the Current Population Survey or the American Community Survey do not report

a respondent’s county of residence when the county does not meet a minimum population

threshold. Approaches to addressing this issue include focusing on high-population areas,

aggregating data from low-population areas into state-level observations, or using county-

level employment estimates instead of individual-level labor market data.

Our improvement to these approaches for handling nonidentified counties is consequential,

as 29 percent of the US population in our sample from the 2006 to 2016 American Community

Surveys (ACS) resides in a nonidentified county. We measure an individual’s local area as

his/her county when identified, or else as his/her Public Use Microdata Area (PUMA), which

is a combination of adjacent counties designed to have at least 100,000 residents. The PUMA

is the most finely defined geography identified in the ACS along with annual individual-level

labor market outcomes. This geography is labeled the couma in Case and Deaton (2017).

Turning back to the issue of credible identification, a central concern is that geography

could create variation in labor market outcomes that might be mistaken for the effects

of opioid prescriptions. To illustrate this issue over a short time horizon, consider that

the opioid crisis has occurred simultaneously with the Great Recession and the subsequent

recovery. Local labor markets were not equally impacted by the recession and recovery,

making controlling for both national and local labor market demand conditions critical.

Over a longer time horizon, differences in labor market conditions are very pronounced

within the US, and these conditions could be correlated with prescription rates. We address

this issue by estimating a panel model with specific controls for business cycles and local labor

market performance. We also estimate a difference-in-differences specification of our model,

and perform robustness checks by estimating models where identifying variation comes from

an instrumental variable and from prescription rates within groups of similar local labor

markets.

We have three main empirical results. First, opioid prescription rates and labor force

statuses are strongly correlated for both prime-age men and women. We find that increasing

the local opioid prescription rate decreases employment rates for both prime-age men and

women by lowering labor force participation rates and (sometimes by) increasing unemploy-

ment. In our preferred specification a 10 percent higher local prescription rate is associated

with a lower prime-age labor force participation rate of 0.46 percentage points for men and

0.15 percentage points for women. Since Krueger (2017), there has been interest in how these
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effects might explain the decline labor force participation after 2000. Using these coefficients

and national data on prescription rates our preferred results suggest that a decline of 1.5

percentages points of prime age male participation is associated with prescription growth

from 2001 to 2015. The figure for prime age women is 0.5 percentage points, which is smaller

but still a large fraction of the realized change in participation rates.

Second, inspired by Case and Deaton (2017)’s finding of demographic heterogeneity re-

lated to mortality, we use our data set to investigate heterogeneity across demographic

groups. Consistent with Case and Deaton (2017), we find that opioids have a strong effect

on the labor market outcomes of white men with less than a BA. However, we find that

coefficients are actually largest for minority men with less than a BA. While the National

Survey of Drug Use and Health (NSDUH) data indicate lower abuse rates of minority men

nationally, we reconcile this seemingly contradictory finding by showing that the exposure to

opioids, in terms of local prescription rates, is considerably higher for whites than minorities.

The policy implications of this finding are clear: If exposure were to spread and increase for

minority men, their labor force participation would likely decline from today’s levels.

Third, we also provide evidence in favor of giving our results a causal interpretation. We

begin by reviewing other recent literature that finds opioid prescription rates cause labor

market outcomes. We then estimate an instrumental variables specification for a subset

of our sample using the state-based triplicate prescriptions programs documented by Alpert

et al. (2019) as an instrument for prescription rates. Our IV results are qualitatively identical

to those from our preferred specification, both overall and for specific demographic groups.

We also investigate reverse causality from economic conditions to opioid prescription rates.

We find no increase in opioid misuse following the short-term unemployment shock that

was the Great Recession in data from the NSDUH. Finally, we estimate large coefficients

of opioid prescription rates on participation when restricting attention to areas with weak

labor markets in 2000. It turns out there is substantial variation in prescription rates within

areas with similar local labor market conditions. If the direction of causality went from

labor market outcomes to opioid prescription rates, then we would expect to find both less

variation in prescription rates within weak labor markets and a small estimated coefficient

within these weak labor markets.

The remainder of the paper is organized as follows: Section 2 describes the data used in

the analysis, Section 3 discusses our empirical specifications and identification strategy, and

Section 4 presents our results. Section 5 investigates threats to a causal interpretation of

our results. Section 6 discusses the implied scale of our estimates for national outcomes and

Section 7 concludes. Appendix A provides detail and estimates from additional specifications,

and Section C compares our results to key parts of the literature.
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2 Data

2.1 Connecting Local Opioid Prescriptions with Labor Supply

2.1.1 Individual-Level Labor Market Data

When choosing which data source to use for our dependent variable, there are a few

options, each with its strengths and weaknesses. Ideally, one would want to use individual-

level data representing the entire country and released at a reasonable frequency to conduct

this analysis. Individual-level data are preferred because we are studying an individual-level

outcome, and aggregating outcomes to larger groups or areas would mean losing important

information that can inform how individuals make their labor market decisions given the

availability of legal opioids.

The Current Population Survey (CPS) as used in Krueger (2017) is one option. The CPS

data set comprises individual-level observations but is limited with respect to the frequency

at which the data are available. Krueger (2017) relies on two periods of three-year pooled

data (1999-2001 and 2014-2016) to produce labor market estimates; pooling of the data

to boost the sample size limits the frequency at which one has observations. Additionally,

geographically identified CPS data primarily cover large metropolitan areas, and as a result,

any analysis done with the CPS data has to aggregate most rural areas into state-level

remainders.

Another option is the Quarterly Workforce Indicators (QWI) as used in Currie et al.

(2019). The QWI are produced annually for most counties in the nation and includes some

demographic information (age, sex, educational attainment, and race). However, the QWI

are the county-level estimated averages of outcomes, which limits the ability to account

for the way individual-level characteristics influence decisions to participate in the labor

market and work. Furthermore, QWI employment figures reflect the location of work rather

than the location of residence, which could bias labor market estimates considering that 24

percent of workers work in a county outside their county of residence (authors’ calculation

using the one-year 2017 ACS). Additionally, the QWI data are somewhat noisy for counties

below 100,000 residents, which causes Currie et al. (2019) to apply additional geographic

aggregation to make the data more reliable.

Given the concerns around the CPS and the QWI, we decided to use the Integrated Public

Use Microdata Series (IPUMS-USA) of the 1 percent sample of the American Community

Survey (ACS) from 2006 to 2016.2 This annual data set includes detailed information for

2Steven Ruggles, Sarah Flood, Ronald Goeken, Josiah Grover, Erin Meyer, Jose Pacas,
and Matthew Sobek. IPUMS USA: Version 8.0 [dataset]. Minneapolis, MN: IPUMS, 2018.
https://doi.org/10.18128/D010.V8.0
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individuals’ labor market status, age, race, sex, and education level, but the county of

the individual observations is not always identified. About 80 percent of counties are not

identified because they have an estimated population below 100,000, and this accounts for

29 percent of the US population during our sample period. In those cases the smallest

identified geographic unit is a Public Use Microdata Area (PUMA), which by construction

has a population over 100,000. Case and Deaton (2017) refer to using the lowest available

geographic identifier of counties and PUMAs as coumas, and we adopt this terminology

(although not all of our coumas would be identical to those used in Case and Deaton (2017)).

We also require the geographic units to be consistent in the ACS over 2006 to 2016, which

is challenging in some cases due to PUMA boundary changes in 2010. We use IPUMS-

produced identifiers of consistent PUMAs and further aggregation when necessary to reach

consistent geographic units, which we refer to as CPUMAs.3 The scale of the issue raised

by nonidentified counties is shown in Figure 1, which displays coumas while distinguishing

between identified counties (tan) and CPUMAs (purple).

Figure 1: COUMAs
Note: Identi�ed counties between 2006 and 2016 are shown in tan, and nonidenti�ed counties (aggregated into CPUMAs) are
shown in purple.

One minor tradeoff we make by drawing individual-level data from the ACS is that this

weakens the link to published labor force statistics that are drawn from the CPS. That said,

the underlying labor market definitions are conceptually very similar, and the documented

differences are mostly the result of different data collection processes (Kromer and Howard

(2011)).

3More information on the specifics of the consistent PUMA definition can be found at
https://usa.ipums.org/usa/volii/cpuma0010.shtml.
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2.1.2 County-Level Opioid Prescription Data

We combine the individual-level IPUMS data with the Centers for Disease Control and

Prevention’s (CDC’s) annual county-level data on prescription rates from 2006 to 2016 to

measure each individual couma’s prescription rate.4 In cases where the individual’s labor

market county is not identified or where prescription data in a county are not available, both

of which apply only to smaller counties, the individual is assigned the population-weighted

average prescription rate of the observed counties within his/her PUMA. The CDC pre-

scription opioid data set is derived from the records for approximately 59,000 retail (non-

hospital) pharmacies, which cover nearly 90 percent of counties and nearly 90 percent of all

retail prescriptions in the US. While the precise morphine milligram equivalents (MME) pre-

scribed would be preferable to the number of prescriptions, which we use, these data are only

publicly-available for 2015. Moreover, these variables appear to provide similar measures,

as the correlation coefficient between a county’s number of prescriptions per person and a

county’s MME prescribed is 0.91 in 2015. Further reassuring us about the appropriateness

of using prescription counts, the time series of national MME quantities is very similar to

the time series of our average prescription counts between 2006 and 2016 (FDA (2018)).

2.1.3 Implication of Aggregating Prescription Rates to Larger Geographies

We aimed to link prescription rate data at the lowest level of aggregation feasible to labor

market data in order to allow economically distinct rural areas to influence our empirical

results. Figure 2 shows the variation captured when aggregating low-population counties into

substate CPUMAs rather than states. The raw 2010 county-level CDC data are presented

in Figure 2a. Figure 2b shows these data when nonidentified counties are aggregated into

CPUMAs, and Figure 2c shows these data when nonidentified counties are aggregated into

states. This alternative aggregation is important because both Currie et al. (2019) and

Krueger (2017) aggregate most rural counties up to the state level, and if one takes the

perspective that closer measures are better than more aggregated ones, we can interpret

aggregated measures in terms of measurement error.

A few states highlight the variation captured by coumas that is lost in state-level aggre-

gation. Starting with Illinois, we can see that when nonidentified counties are aggregated

into the state-level average in Figure 2c, they are all around the median prescription rate.

However, the coumas in Figure 2b show that northern parts of Illinois have low prescription

rates and southern parts of Illinois have high prescription rates. In Michigan, the state-level

aggregation assigns a median prescription rate to northern parts of the state. Again we see

4https://www.cdc.gov/drugoverdose/maps/rxrate-maps.html
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