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Abstract 

My dissertation investigates the unintended consequences of opioid policies, OxyContin 
reformulation and prescription drug monitoring programs (PDMP) on crime, labor supply, and 
child welfare. The first paper examines the reformulation effects on crime, focusing on murder, 
by using a difference-in-difference methodology. This study provides evidence that the 
reformulation policy responding to the opioid epidemic has the unintended effect of increasing 
murder victims. The second paper evaluates the effects of OxyContin reformulation on labor 
supply and Social Security Disability Insurance take-up. The analysis results show that the 
implementation of OxyContin reformulation increased SSDI applications and decreased labor 
force participation. The last paper analyzes the effects of PDMP on child welfare outcomes. I 
analyzed whether implementing a PDMP leads to an increase in children living with their 
grandparents instead of their parents. This change could occur if the PDMP decreases the supply 
of prescription opioids leading some people to switch to heroin or other illegal opioids and are 
unable to care for their children.  I used a reduced form model, and my results indicate that the 
implementation of must-access PDMP did increase the proportion of children living with their 
grandparents. 
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1. Introduction

Opioid Crisis 

In October 2017, President Trump declared the opioid crisis a public health emergency 
(PHE)1. The PHE declaration will be renewed every 90 days until the crisis is over. The 
declaration was necessitated by the rising levels of overdoses and dependence in the United 
States. Prescription and illicit opioid overdose deaths have increased six-fold since 1999. In 
2017, 1.7 million people in the U.S. suffered from substance use disorders related to prescription 
opioids (SAMHSA 2019). This daily death toll of overdose-related to prescription or illicit 
opioids exceeded 130 people per day (Control and Prevention 2016), higher than traffic crash 
fatalities (Administration 2017). Nelson (Nelson 2019) estimated that the number of deaths due 
to opioids between 2000 and 2025 would be one million. Nearly as many soldiers have died in 
all U.S. wars, including the Civil War. 

Brief History 
Opioids are a class of drugs that include illegal drugs, heroin, synthetic opioids such as 

fentanyl, and pain relievers available legally by prescription (National Institute on Drug Use). 
The primary purpose of prescription opioids is to treat various types of pain.  

According to the CDC, there have been three waves of the current opioid crisis (Figure 1). 
The first wave dates back to 1999. In this wave, there was an increase in the use and misuse of 
prescription opioids, and the overdose rate began to climb. From 1999 to 2010, the increase in 
female prescription overdose deaths was more than 400%, while for males, it was 237% (Control 
and Prevention 2013).  Many have argued that the FDA's approval of OxyContin in 1995 was a 
key reason this wave started (Jayawant and Balkrishnan 2005). Other suggested causes of the 
first wave include the aggressive prescription opioids marketing done by pharmaceutical 
companies (Van Zee 2009, Alpert, Evans et al. 2019). For example, Judge Balkman of Cleveland 
County District Court ruled that Johnson & Johnson breached the public nuisance law as Johnson 
& Johnson's aggressive marketing on opioids escalated the opioid crisis in Oklahoma2. 

1 https://www.whitehouse.gov/opioids/ 
2 Jan Hoffman, Johnson & Johnson Ordered to Pay $572 Million in Landmark Opioid Trial, N.Y. TIMES (Aug. 26, 
2019), https://www.nytimes.com/2019/08/26/health/oklahoma-opioidsjohnson-and-johnson.html  
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[Figure 1] 

 

 
SOURCE: CDC 

Several policies have been implemented to address the opioid crisis. The reformulation of 
OxyContin (oxycodone), one of the most common and most commonly abused prescription 
opioids3, was approved for the abuse-deterrent version by FDA in 2010. The purpose of the 
reformulation was to include inactive ingredients that prevent pills from being crushed into a 
powder.  Many studies provided evidence that this behavioral restriction has led to the decrease 
in prescription opioid deaths; however, other studies claim that the reformulation encouraged 
people to transition to illicit drugs, such as heroin (Cicero and Ellis 2015), leading to the second 
wave of the opioid crisis. 

The second wave started around 2010, with a shift from prescription opioids to heroin. This 
shift was accompanied by a sharp increase in heroin overdose deaths. People moved from 
prescription opioids to other drugs, such as heroin due to various reasons. Some shifts were 

 
3 NIDA. Opioid Facts for Teens. National Institute on Drug Abuse website. 
https://www.drugabuse.gov/publications/opioid-facts-teens. July 10, 2018. Accessed January 8, 2020. 
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responses to policies to reduce access to prescription opioids, such as supplying the abuse-
deterrent version of prescription opioids. This policy has made misusing prescription opioids 
more difficult.  

An estimated 3.6 percent of people who misuse prescription opioids transition to heroin 
within the five years following first misuse (Muhuri, Gfroerer et al., 2013). About 80 percent of 
people who use heroin first misused prescription opioids (Muhuri, Gfroerer et al., 2013).  Heroin, 
one of the illegal opioids, is more problematic than prescription opioids as it is an illicit drug, 
which is available in the black market, and which does not have an official quality control 
system, leading to adverse health outcomes. According to the CDC, the increase in heroin 
overdose deaths reached almost 400% between 2010 and 2017.  

Another government response around the second wave was the expanded adoption of 
Prescription Drug Monitoring Programs (PDMPs). PDMPs are state-level policies, which have 
various levels of implementation.  An electronic database allows for tracking controlled 
prescription drugs in a state. Although the history of PDMP dates back to the early 1900s, 
mandatory PDMP access has just started around the second wave in some states. For example, 
Kentucky and West Virginia implemented must access PDMPs in 2012. This new adjusted 
PDMP requires providers to use PDMP to check the patient's prescription history before 
prescribing certain types of drugs. Some studies have shown that this supply restriction policy 
has decreased the prescription of opioids (Strickler, Zhang et al. 2019) and the frequency of 
doctor shopping in states which implemented the mandatory PDMP. However, similar to the 
reformulation policy, some studies have shown that mandatory PDMP causes people to use illicit 
drugs (Meinhofer 2018).  

The third wave of the opioid crisis began in 2013 with the increase in overdose death 
associated with synthetic opioids, an increase largely attributable to increased illicit fentanyl 
supply. According to the CDC, there were 4,585 fentanyl confiscations in 2014, which is seven 
times larger than that in 2012. Consequently, there was more than a 300% increase in synthetic 
opioids overdose deaths from 2013 to 2015.  

State government efforts have continued with more states adopting must-access PDMPs 
during this third wave. For example, New Mexico and Tennessee implemented it in 2013, 
Georgia, Indiana, Massachusetts, New York, Vermont in 2014, Virginia in 2015, and 
Connecticut, and other six states in 2016. However, as mentioned above, there were mixed 
effects of this opioids policy. The opioids crisis keeps evolving. As it became a chronic issue, the 
effects of the opioid crisis may not be limited to health issues but may also have broader effects 
on other social issues. 

Broader Effects 
As the opioid crisis continues, the discussion on the other effects of opioids has begun. Other 

than health or mortality, previous studies (Birnbaum, White et al. 2011, Florence, Luo et al. 
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2016) mentioned the economic cost for criminal justice and the cost of loss in labor productivity. 
According to them, annual workplace costs are around 25.6 billion dollars (Birnbaum, White et 
al. 2011) or 41.8 billion dollars (Florence, Luo et al. 2016), and criminal justice costs are around 
3.8 billion dollars (Birnbaum, White et al. 2011) or 7.7 billion dollars (Florence, Luo et al. 
2016). Another potential cost caused due to the opioid crisis is related to child welfare. Some 
studies (Ghertner, Waters et al. 2018, Quast, Storch et al. 2018, Quast, Bright et al. 2019) 
mentioned there is an association between prescription opioids and foster care placements.  

These effects of the opioid crisis are expected to cost a substantial amount; however, there 
are not enough studies to find these effects. Therefore, I will explore the additional costs of the 
opioid crisis. However, rather than estimating these costs, I will focus on finding which policy 
has affected crime, labor (including social security disability insurance), and child welfare. 

General aims, objectives, and policy relevance 
My dissertation aims to provide relevant information to policymakers to help them make 

decisions related to policies to prevent or reduce the direct and broader effects of the opioid 
crisis. To do that, I have six core objectives I would like to achieve through this dissertation. 

1. Provide general descriptive statistics of social areas (crime, labor, and child welfare) 
potentially affected by the opioid crisis  
 

2. Review the research literature of the broader effect of opioid use on crime, labor, and 
child welfare 
 

3. Analyze the consequences of opioid supply-side restriction policy on murder (and other 
crimes) 
 

4. Analyze the effect of opioid supply-side restriction policy labor market participation 
decisions, and social security disability insurance 

 
5. Analyze the impact of opioid prescription monitoring policy on child welfare  

 
6. Summarize the analyses and provide policy implications to help policymakers decide 

alternatives to address issues in the opioid and other affected areas  
 
I selected representative opioid policies to evaluate to find the effect of the opioid crisis and 

policy on crime, labor, and child welfare. Therefore, my study will contribute not only to opioid-
related policies but also to justice policy, labor policy, and child welfare policy. For justice 
policy, my research will provide useful information to allocate limited justice resources to 
maximize crime prevention. For labor policy, it will provide information on how the opioid 
policy has an impact on the labor market to guide social insurance-related policy, including 
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social security disability insurance. For child welfare policy, it will help to identify the hidden 
vulnerable children who might need mental/emotional treatment due to the opioid crisis. 

 

Specific hypotheses and research questions 
To achieve the objective of this research proposal, I suggest three research questions as 

follows: 
a. Did the OxyContin reformulation in 2010 increase the murder rate? 
b. Did the OxyContin reformulation in 2010 increase the social security disability 

insurance application rate? And what about labor participation decisions?  
c. Did PDMPs change children living arrangements? 

All research questions are related to the broader effects of opioid policy.  The relevant policy 
of the first and second research question is OxyContin reformulation in 2010, while the other 
research question-related policy is the Prescription Drug Monitoring Program (PDMP). PDMP is 
a state-level policy which implemented with different requirements and different timing. The 
separate research paper will address each research question. The detailed approach and 
methodology to answer each question will be discussed in the following chapters.    
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2. Growth of Illicit Drug Use and its Effects on Murder Rates 

Introduction 

After years of decline in the rates of murder and violent crimes in the United States, the 
national murder rate increased since 2015.  Homicide trends4 in the U.S. are demonstrated in 
Figure 1. It shows the overall decrease in homicides per 100,000 people until 2014, and the rise 
from 2015, using data from the National Vital Statistics System (NVSS). The causes of this 
increase are generally unknown. 

Previous studies (Rosenfeld, Gaston et al. 2017, Rosenfeld and Fox 2019) suggested that the 
recent rise in the murder rate in the U.S. might relate to the opioid crisis. According to this 
report, arrests related to heroin or cocaine, which had been stable between 2010 and 2014, 
suddenly began to increase in 2015. Similarly, murders related to narcotic drugs, including 
heroin, morphine, and codeine, increased starting in 2013, with the most notable increase in 2015 
(Rosenfeld, Gaston et al. 2017).    

At around the same time that crime rates were shifting, overdoses involving heroin and 
synthetic opioids were increasing dramatically.  Between 2014 and 2015, deaths involving 
synthetic opioids (mostly illicitly manufactured fentanyl) increased by 72.2%, and fatal 
overdoses involving heroin increased by 19.5%; providing evidence of increased misuse of illicit 
opioid during this period (Seth, Scholl et al. 2018). Such sharp increases in overdose deaths 
might not be the only consequence of increased demand for these drugs. 

While these findings are consistent with the claims made by Rosenfield and colleagues that 
the opioid crisis is driving the increases in homicide rates, the evidence to-date is correlational. 
Research conducted before the recent rise in opioid use found a strong relationship between 
heroin use and property crimes (Barton 1976, Anglin and Speckart 1988, Uggen and Thompson 
2003) and between heroin use and crimes of possessing heroin (Mallatt 2018), but strong 
evidence linking heroin use with violent crime, such as murder, is scant (Pacula, Lundberg et al. 
2013, Szalavitz and Rigg 2017).   

To fill this gap, I used the reformulation of OxyContin as an exogenous shock to illicit 
markets in order to test whether the growth in illicit drug use induced by reformulation (Alpert, 
Powell et al. 2018) caused an increase in crime. I measure crime using data from the National 
Vital Statistics System (NVSS) and the Uniform Crime Reporting (UCR) Program. 

 
4 Homicide includes all types of death by others regardless of intention or legal responsibility. Murder and 
manslaughter are illegal acts of killing others. While manslaughter is considered unintentional, murder is considered 
an intentional act. As NVSS provides information on homicides and United Crime Reporting Program (UCR) and 
National Incident-Based Reporting System (NIBRS) on murder, I will use the term homicide when it is related to 
NVSS and use murder when it is related to UCR and NIBRS. In general, I will use murder as I want to focus on 
illegal acts. 
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I found that after reformulation, there are increases in murder rates in states with high pre-
reformulation rates of OxyContin misuse. My results show that states with high pre-existing 
OxyContin misuse rates were affected more by OxyContin reformulation, implying more 
transition to heroin use, leading to a larger increase in murder rates. This relationship is strongest 
when looking at the homicide rate involving white male victims, who also experienced the 
largest increase in heroin overdose death rates after reformulation. The homicide rate response 
for black male victims is also large. The findings suggest a causal link between the opioid 
epidemic and crime and imply that the rise in murder rates was due at least in part to increased 
risk of victimization as the homicide victims have similar demographic characteristics as the 
victims of heroin overdose deaths. The findings also suggest that the opioid epidemic did not 
increase the likelihood of certain race/gender perpetrators, including white males.   

Providing causal evidence on the relationship between the growth of drug use and criminal 
activity is essential because it can inform criminal justice and health policies to reduce the 
additional harm caused by the opioid epidemic.  Results showing that an unintended 
consequence of Oxycontin reformulation policy, the recent rise in heroin use, is one of the 
substantial drivers of the murder rate increase, may suggest the need for different approaches 
from current supply restriction policies — such as increasing access to drug addiction 
treatment—to reduce murder rates.  

Although there is some prior evidence about the relationship between opioids (especially 
heroin) and property crimes, there is much less research about the impact of opioid misuse on 
violent crime rates, including murders. This study starts to fill that gap and could be used to 
forecast future trends in various criminal activities and potentially help guide public policy to 
address the opioid epidemic and the related increase in crime. 

Previous studies 
According to the CDC5, there have been three waves of the current opioid crisis. In the first 

wave, there was an increase in the use and misuse of prescription opioids, which resulted in a 
corresponding increase in overdose deaths. The second wave started around 2010, with a shift 
from prescription opioids to heroin as a driver of opioid overdose deaths. The third wave of the 
opioid crisis began in 2013 with an increase in overdose deaths related to synthetic opioids, an 
increase largely attributable to increased illicit fentanyl supply.  

About 80 percent of people who use heroin first misused prescription opioids (Muhuri, 
Gfroerer et al., 2013). From 2002 to 2011, an estimated 3.6 percent of people who reported 
misuse of prescription opioids transitioned to heroin use within five years following initiation of 
prescription opioid misuse (Muhuri, Gfroerer et al. 2013). Evidence supports that some of this 
shift from licit to illicit opioids was a response to policies that reduced access to prescription 

 
5 https://www.cdc.gov/drugoverdose/epidemic/index.html 
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opioids, such as prescription drug monitoring programs (PDMPs), or that reduced the ability to 
misuse them, such as the introduction of abuse-deterrent versions of prescription opioids. These 
policies have made misusing prescription opioids more difficult. 

One of these policies is the reformulation of OxyContin. One of the most common and most 
commonly abused prescription opioids, OxyContin (oxycodone), was approved for the abuse-
deterrent version by FDA in 2010. The purpose of the reformulation was to include inactive 
ingredients that prevent the pills from being crushed into a powder, making them harder to 
misuse. Many studies (Cicero, Ellis et al. 2012, Coplan, Kale et al. 2013, Cicero and Ellis 2015) 
have provided evidence that this behavioral restriction led to a decrease in prescription opioid 
deaths; however, other studies find that the reformulation encouraged people to transition to 
illicit drugs, such as heroin (Cicero and Ellis 2015). For example, one pivotal study (Alpert, 
Powell et al. 2018) found that the reformulation of OxyContin had the unintended consequence 
of increasing heroin overdose deaths. It suggested the reformulation led some people to use 
heroin when misusing OxyContin became more difficult. Another study also suggested that the 
reformulation of OxyContin led to an increase in the number of people using other synthetic 
opioids and non-opioid drugs in the long term (Powell and Pacula 2020). The increase in heroin 
use that resulted from the reformulation might lead to other consequences, not only overdose 
deaths. In fact, recent work suggests that reformulation led to a decline in labor supply and an 
increase in disability insurance claiming (Park and Powell 2021).  

Heroin is distinct from prescription opioids as it is an illicit drug only available on the black 
market. As Resignato (Resignato 2000) mentioned in his study, illegal markets are different from 
legal markets as they are not protected by law. This difference leads to a greater likelihood of 
violence in the black market. Szalavitz and Rigg (Szalavitz and Rigg 2017) argued that the 
increases in murders and violent property crimes during the 1970s were associated with 
increased use of heroin during the same time period.  

Research conducted before the recent rise in opioid/heroin use supports this argument for 
property crimes. Studies have consistently found a strong relationship between heroin use and 
property crimes (Barton 1976, Anglin and Speckart 1988, Uggen and Thompson 2003). 
McGlothlin et al. (McGlothlin, Anglin et al. 1978) showed that the frequency of narcotic drug 
use among addicts increased the estimated mean dollars of property crime. Nurco et al. (1988) 
also found that heroin use is positively related to property crime at the individual level. Anglin 
and Speckart (1988) found a strong relationship between narcotics use level and involvement in 
crimes. Lastly, Uggen and Thompson (2003) estimated that the impact of heroin use on personal 
annual income from any illegal activities is around $769, which is similar to the monthly cost of 
heroin use.  

However, there is no strong evidence linking heroin use with violent crime (Pacula, 
Lundberg et al. 2013, Szalavitz and Rigg, 2017). The results of prior studies of this relationship 
are mixed. Some studies showed that heroin abusers committed robbery more frequently 
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(Johnson, Goldstein et al. 1985). However, other studies (Benson 2009) found that heroin use 
was negatively associated with violent crime.  

Overall, studies conducted before the current epidemic showed a strong relationship between 
opioids/heroin use and property crime but provided no consistent evidence for the relationship 
between opioids/heroin use and violent crime.  

Over time, the demographics of heroin users have changed, which may affect the relationship 
between heroin use and crime. Based on a recent study (Han, Volkow et al. 2020), between 2002 
and 2010, there have been pronounced increases in heroin use for women, persons aged 26-34, 
and non-Hispanic White individuals, while the 35+ age group and Black individuals have shown 
the declining prevalence of heroin use over the same time period. Seelye (2015) found that 
almost ninety percent of people who used heroin for the first time in the last ten years were 
white. Kolodny et al. (2015) has also noted that the current opioid/heroin epidemic is different 
from what we have seen in the 1970’s heroin epidemic, which was more prevalent among inner-
city minority populations. As the demographics of heroin users have changed, the relationship 
between heroin use and violent crime might be different for the current crisis. 

A handful of researchers have studied the relationship between the current opioid/heroin 
crisis and crime incidence. Mallatt (2019) found that must-access PDMPs increased the 
prevalence of heroin and opioid crimes (such as possession or dealing of heroin) in some 
counties where they had high rates of opioid use before the policy implementation. She also 
found that the implementation of “Pill Mill Bills” decreased heroin crimes, such as heroin 
possession or deals.    

Dave et al. (2018) also studied the relationship between PDMP and crime incidence, 
including property crime and violent crime, between 2003 and 2017. They found that must-
access PDMPs decreased violent crimes such as murders and assaults. However, this study did 
not consider the OxyContin reformulation policy, which had a big effect on the transition from 
prescription opioids to heroin. Although must-access PDMPs are found to decrease retail opioid 
prescriptions by the 4-8% (Kaestner and Ziedan 2019), the OxyContin reformulation policy is 
associated with a 40% decrease in the OxyContin misuse rate. These two are not directly 
comparable; however, both statistics show the substantial effects of policy on prescription opioid 
supply. Therefore, we need to consider both policies.  

If an increase in heroin use causes an increase in the murder rate, it is crucial to understand 
the underlying mechanisms. Previously, Goldstein (1985) explained that there are three ways that 
drugs and violence can be related, which are psychopharmacological violence, economic 
compulsive violence, and systemic violence. The first two perspectives argue that drug use 
would be related to violence because drug users might commit crimes due to the drug effects or 
to get money to buy drugs. The third perspective is about gang activities, including turf wars. In 
addition to these perspectives, I hypothesize one more potential mechanism - victimization. As 
several studies have shown that heroin users have a greater likelihood of being a victim of 
violent crime (Goldstein 1985, Pearson and Hobbs 2003), the relationship between heroin use 
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and crime would not be limited to an increase in people who commit crimes, but also an increase 
in victims. Therefore, in this paper, I suggest three ways that opioid/heroin use and the murder 
rates could be related. The first possible mechanism is that drug users are more likely to commit 
crimes, such as murder. I combined Goldstein’s first two perspectives as it increases the supply 
of murderers. The second one is that drug users are more likely to be victims of crimes, meaning 
the increase in supply in murder victims. The last one is that increase in illicit drugs promotes 
gang activities, leading to an increase in murder.  

The first hypothesis is that the use of drugs, in this case, opioids and heroin, makes people 
more likely to commit crimes, including both property and violent crimes. As Goldstein (1985) 
said, there might be two reasons for this. One is that the use of opioids, including heroin, makes 
people more violent. However, it is less likely to be accurate as opiates are known for 
tranquilizing effects rather than stimulating effects (Power 1994). This psychopharmacological 
relationship has been found in cocaine, including crack (DeSimone 2001, Degenhardt, Day et al. 
2005, Pacula, Lundberg et al. 2013). However, it is not well documented for opioids, including 
heroin (Fals-Stewart, Golden et al., 2003). Despite opioids' sedative effects, however, some 
studies support the psychopharmacological violence of opioids use. Campbell and Stark (1990) 
showed that people with opiates have high psychopathology levels. Moore et al. (2001) also 
found that opioid-dependent fathers are more violent to their partners.  However, Fals-Stewart, 
Golden, et al. (2003) showed no significant association between opiate use and male partners' 
violence.  

In the case of economic motivation, Uggen and Thompson (2003) showed the amount of 
illegal earning of heroin users was similar to the monthly cost for heroin purchase. This suggests 
that heroin users engaged in illegal activities to cover the heroin use cost, leading to violence.  

Another mechanism is that an increase in opioid use may lead to an increase in the likelihood 
of being a victim of a violent crime. Goldstein (1985) and Pearson and Hobbs (2003) argue that 
as users carry cash and drugs, heroin users would be a lucrative target for robbery. According to 
the British National Survey of Psychiatric Morbidity, there is a strong association between 
victimization experience and self-reported drug use (Bebbington, Bhugra et al. 2004). Darke 
(2010) argued that because opioids are sedatives and opioid intoxication increases vulnerability, 
it may increase the risk of being a victim of violence. A previous study also showed 
heterogeneous effects of heroin use on being a victim by gender. Males are more likely to be 
victims in public spaces and by strangers, while females are likely to be victims at home by an 
acquaintance (Development, Directorate et al. 2001). 

The third suggested mechanism is that the growth of the illicit drug market could lead to 
conflicts among suppliers, who may fight for the territory to sell drugs, promoting assault and 
murder (Goldstein, Brownstein et al. 1997). Goldstein et al. (1997) found that most of the crack-
related homicides were related to crack distribution rather than homicides due to the 
psychopharmacological effects of drugs or economic motivation. Werb et al. (2011) performed a 
systematic review of the effect of drug law enforcement on drug market violence. They found 
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that drug prohibition would increase violence, although the purpose of the law was to reduce the 
supply of illicit drugs. The reason for this relationship is that drug prohibition makes drugs 
expensive, so drugs become more lucrative. Several studies (Mejia and Restrepo 2013, Restrepo 
2015, Millán‐Quijano 2020) found a positive relationship between cocaine price and violence in 
Colombia. One recent unpublished study (Sobrino 2019) showed evidence for this hypothesis in 
the context of Mexico. That study showed that the OxyContin reformulation in the U.S. 
increased the demand for heroin, leading to an increase in drug trafficking organizations. The 
increased number of cartels led to the rise in murders. However, it suggests that if a policy does 
not change drug prices, this mechanism might not have an impact. Some studies (Gehring and 
Langlotz 2018) showed that the relationship between being illegal lucrative products and 
conflicts would differ based on the country context. Gehring et al. (Gehring and Langlotz 2018) 
showed that opium revenue increase led to a decrease in battle-related deaths. 

Therefore, in this analysis, I looked at each of these three mechanisms by studying the traits 
of people who commit crimes, victims, and circumstances of the murders. For the increased 
number of people who commit crimes hypothesis, I focused on their characteristics, including 
demographic characteristics and whether he or she was under the influence of drugs or not. For 
the increased number of victims' hypothesis, I concentrated on the characteristics of victims. For 
the growth of the illicit drug market hypothesis, I analyzed whether the circumstance of murder 
was related to drug dealing or gang activity or not.  

The goal of this study is to assess whether there is a causal relationship between the opioid 
epidemic and the recent rise in murder rates in the U.S. Understanding the relationship between 
drug use and crime can provide support to the development of crime prevention, detection, and 
enforcement strategies. To my knowledge, this study would be the first to estimate a causal link 
between the opioid epidemic and the rise in murder rates by using the OxyContin reformulation 
policy in the U.S. context.  

Data and Method 

Data 

I have drawn from various data sets for this analysis. I use four types of variables in my 
analysis – crime (murder) variables for my outcomes, OxyContin misuse rate variables, control 
variables for socio-demographic context, and policy variables to account for changes in the 
opioid policy landscape. 

For the state-level crime variables, I used two datasets: The National Vital Statistics System 
(NVSS), the Uniform Crime Reporting (UCR) Program. Each dataset has different strengths and 
weaknesses for this study. 
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NVSS is the most accurate count of deaths as it is a census; however, it only provides 
information on all homicides together and does not distinguish between justifiable homicides, 
manslaughter, and murder.  

UCR provides more granular information on the type of homicide (e.g., murder, 
manslaughter). However, UCR is based on reported crime and is subject to resident non-report 
and law enforcement agency omissions, therefore, it likely does not provide as accurate an 
estimate of the number of homicides as the NVSS, which is based on death certificates. For 
example, in 2016, the number of murder and manslaughter victims in the UCR was just 91.3% of 
the number recorded in the NVSS. 

I also considered using crime measures from another dataset, the National Incident-Based 
Reporting System (NIBRS). NIBRS is a subset of UCR data that provides rich incident-level 
data. Relative to the NVSS and UCR, NIBRS provides detailed information on crime incidents, 
including the circumstances of the crime, but it only covers a small number of states.  There are 
only ten states that have data available since 20056. Therefore, in this study, I rely on the 
complementary strengths of the NVSS and UCR datasets (including supplementary homicides 
data) for the primary analysis, and I use the NIBRS data in robustness checks.  

A key feature of my identification strategy is to exploit the differential effect of OxyContin 
reformulation on heroin use across states, with effects expected to vary depending on pre-
existing rates of Oxycontin misuse in a given state. For the OxyContin misuse rate before 
OxyContin reformulation, I used the National Survey on Drug Use and Health (NSDUH). 
NSDUH is an annual national survey that asks about tobacco, alcohol, and drug use behavior. 
The survey asks whether respondents have misused OxyContin in the past year; this misuse rate 
is highly correlated with the geographic supply of oxycodone and OxyContin prescription rates. I 
defined the nonmedical Oxycontin use rate as in previous studies (Alpert, Powell et al. 2018, 
Park and Powell 2020) by combining 2004-2005, 2006-2007, and 2008-2009 NSDUH datasets at 
the state level.   

I also control for several time-varying state characteristics. Prescription Drug Monitoring 
Program (PDMP) policy adoption and medical marijuana law adoption years are from the RAND 
Marijuana Policy database (Powell, Pacula et al. 2018) (Williams, Pacula et al. 2019). State-level 
demographic characteristics, such as population, age, and race, are from the Medicare SEER 
data. The unemployment rate and education variables are from the Current Population Survey. 
Research hypotheses and datasets for each outcome are listed in Table 1. 

Method of data analysis 

I employed a difference-in-differences (DID) empirical design around the OxyContin 
reformulation policy implementation. In a traditional event study, samples are divided into 

 
6 The list of states is as follows: Colorado, Delaware, Idaho, Iowa, Michigan, South Carolina, Tennessee, Utah, 
Virginia, and West Virginia. 
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binary groups—one for a treatment group, and the other is a control group. However, I used the 
approach suggested by a previous study (Alpert, Powell et al. 2018), which uses pre-
reformulation OxyContin exposure as a treatment level. If some states are highly exposed to 
OxyContin misuse before the reformulation, they are more likely to be affected by this policy. In 
the same way, states with a low OxyContin misuse rate would be less affected by OxyContin 
reformulation policy. Therefore, I estimated the impact of the reformulation at the state level on 
crime outcomes using the following equation (1): 

 
Y!" 	= 	 α! 	+ 	γ" 	+ 	δ" 	× 	OxyRate#	 + θ" 	× 	PainRate#	 + 4#%& 	β +	ε!", 

 
where 8#% is the log of the rate of homicides (murders) per 100,000 in state s and year t; α! is 

state fixed effect, and γ" is year-fixed effect. OxyRate#	 represents the fixed OxyContin misuse 
rate in state s in the pre-reformulation period (2004-2009), and it is interacted with a year-fixed 
effect (δ") to estimate the impact of pre-reformulation OxyContin misuse on the rise in the crime 
in the post-reformulation period. In the same way, I also included non-opioid painkiller usage 
rate from 2004-2009 (PainRate#	 ) with a year-fixed effect (θ"). X!" is a vector of time-varying 
state-level variables including socio-demographic characteristics such as education, age 
composition, and ethnicity; socioeconomic characteristics, such as unemployment rate; a 
Prescription Drug Monitoring Program (PDMP) and medical marijuana policy variable. All 
models are weighted by population. I clustered standard errors at the state level to account for 
serial correlation. State and year fixed effects were used to account for different state 
characteristics that do not vary over time and national time-varying shocks, respectively.   

 

Overall Results 

Descriptive statistics 

Table 2 shows the descriptive statistics by OxyContin misuse status. All statistics are from 
before the OxyContin reformulation. I separated states into two categories: The high OxyContin 
Misuse States and Low OxyContin Misuse States. This distinction is based on the OxyContin 
misuse rate between 2004-2009. A state is put into the high OxyContin misuse category if the 
state’s OxyContin misuse rate is higher than the median OxyContin misuse rate (0.657) across 
all states. The table shows that the higher OxyContin misuse states have a larger white 
population, more painkiller use, and less population per state. 
 
Main Analysis 
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I first analyze the impact of the reformulation on the homicide rate with the NVSS dataset. 
Figure 2 shows the main event study, relating OxyContin misuse rates from 2004-2009 with 
homicide rates. The figure indicates that the relationship of the pre-reformulation OxyContin 
misuse rate and logged homicides per 100,000 population was similar for most of the pre-period. 
The pre-period F-statistic shows that we cannot reject that pre-reformulation estimates (2005-
2008) are equal to the baseline estimate in 2009, and the point estimates suggest little systematic 
movement between 2005 and 2009.  However, after reformulation, the impact is statistically 
significant, as people who misused OxyContin were affected by the reformulation, leading to the 
transition to illicit opioids and an increase in the homicide rate. Post-period F-statistic shows that 
we can reject the hypothesis that post-reformulation estimates (2011-2015) are equal to the 
reference level in 2009 at the 1% significance level. This figure implies that the higher transition 
from prescription opioids (OxyContin) to heroin due to the supply-side policy caused an increase 
in the murder rate.   

The range of coefficients on the interaction term between 2010-2017 and the initial 
OxyContin misuse rate is 0.20 to 0.45, implying that each standard deviation increase in the 
initial OxyContin misuse rate (sd=0.23%) is associated with an additional 0.24-0.53 homicides 
per 100,000 from 2010 to 2017, a 4.69%-10.35% increase relative to the baseline mean of 5.12 
in 2009. The difference in average OxyContin misuse rates between low OxyContin misuse 
states and high Oxycontin misuse states is 0.39% (0.86 vs. 0.47). This implies that if high 
OxyContin misuse states had low misuse rates, the homicides rate per 100,000 would be 4.26 
instead of 5.16 in high pre-OxyContin misuse states in 2017. There are no statistically significant 
socio-demographic variables and policy variables, including PDMPs. The regression results can 
be found in Appendix Table 1 and 2. I also used a count model (Poisson regression). The results 
from this model are included in the appendix (figure A.1).  The results are similar to the main 
analysis result, implying there is no difference across functional forms.        

 
Other Crimes 

 
I also tested the reformulation effect on other crimes using the UCR data. The previous 

literature has shown a strong relationship between heroin use and property crimes and 
ambiguous relationships between heroin use and violent crimes. However, I did not find an effect 
on theft, burglary, or assault. The results for these analyses are in Appendix Figures 2-5. These 
results differ from previous research that found heroin use related to property crimes. However, I 
found evidence of a weak effect of reformulation on robbery (Figure 3), which is both a property 
and violent crime. The post-period F-statistic (2.623) shows that we can reject the hypothesis that 
post-reformulation estimates (2011-2015) are equal to the reference level in 2009 at 1% 
significance level, while that of pre-period cannot be rejected. Therefore, this figure implies that 
the higher transition from prescription opioids (OxyContin) to heroin due to the supply-side 
policy is associated with an increase in the robbery rate.   



 

 
 

16 

The coefficient of the interaction term between 2011 and the initial OxyContin misuse rate is 
0.21, implying that the one standard deviation increase in OxyContin misuse before the 
reformulation would have increased total reported robberies by 4.83% in 2011. The robbery rate 
per 100,000 has trended downward since 2006, so if there was less OxyContin misuse, the 
robbery rate would have decreased more rapidly. 

 

Mechanisms 
Victimization 

 
Next, I tested the hypothesis that after OxyContin reformulation, states with high OxyContin 

misuse rate (before 2010) would experience a rise in murder rates of specific types of victims. If 
the transition to heroin use caused people to be exposed to riskier environments, and increased 
risk of violent victimization, the same population that experienced increased murder risk should 
also face a higher risk of heroin overdose death. So, they are more likely to have died because of 
the heroin overdose or be killed because of the local market transition to heroin.  

To check this, I conducted the previous analysis for stratified sample groups based on 
homicide victims' race and gender, and heroin overdose death victims. I divided homicides and 
heroin overdose death into six groups based on the victim’s gender and race: white males, white 
females, black males, black females, other males, and other females. I used NVSS data and UCR 
supplementary homicides data, which is part of the UCR datasets.  

The result shows that states with higher OxyContin misuse rates before reformulation 
exhibited larger increases in the homicide rates for white males, black males, and other male 
victims after the reformulation based on NVSS data. While white males show the most 
consistent patterns, the effect size was larger for black male victims of homicide. 

Also, the subpopulation where we saw higher homicide rates because of the reformulation 
should also have similar patterns for the heroin overdose death. Overall, figures for heroin 
overdose deaths show that the OxyContin reformulation has increased heroin overdose deaths 
disproportionately in places more exposed to reformulation. However, I find smaller effects for 
women. Effect sizes are largest for white males and black males. These two categories are where 
I also found large crime effects  

Figure 4 Panel A shows the analysis for white male homicide victims, and Figure 4 Panel B 
displays the analysis for white male heroin overdose deaths.  Deaths due to homicides and heroin 
overdose both increased after reformulation disproportionately in high OxyContin misuse states. 
Increased deaths due to homicides and heroin overdose after reformulation disproportionately in 
high OxyContin misuse states also appeared for black males (Figure 5). However, the 
reformulation effect on homicide did not appear when victims are white females (Figure 7), 
black females (Figure 8), or non-white/non-black males and females (Figure 6 and 9). 
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I observe heterogeneous effects based on gender. Results for homicides with male victims 
tend to support the hypothesis that after OxyContin reformulation, states with a high OxyContin 
misuse rate (before 2010) would experience a rise in a specific type of victim homicide rate 
while those for female groups do not. One possible explanation can be found in the previous 
literature. One survey showed that (Blunkett 2004) males are more likely to be violent crime 
victims by strangers in public spaces. It also showed that females are more likely to be violent 
crime victims in domestic spaces by the people they know.  
Growth in criminal behavior 

 
I tested the hypothesis that after OxyContin reformulation, states with a high OxyContin 

misuse rate (before 2010) would experience a rise in murder rates where people who committed 
crimes were suspected to be under the influence of drugs. If the transition from prescription to 
heroin use induces people to commit murder, the same population most exposed to the transition 
would be more likely to be the perpetrators of homicides.  

I divided the murders based on race and gender of the people who commit crimes in the same 
way that I did for victims, then conducted the same analysis. As NVSS does not provide the 
perpetrator’s information, I used UCR to do these sub-analyses. Unfortunately, I can utilize the 
information only when he or she was caught.  

Based on the results, I could not find the impact of the OxyContin reformulation on murder 
rates in these sub-analysis results. Figures 10-12 do not support the hypothesis, implying that the 
transition from prescription opioids to heroin has not increased homicides committed by people 
who commit crimes with certain demographic characteristics. For murders committed by white 
males, the results show some support for the hypothesis, but the pre-trend suggests the possibility 
of confounding factors. In the case of murders committed by black males, although the pattern of 
results supports the hypothesis, the results are not statistically significant.  

As a test of the psychopharmacological relationship between heroin use and violence, I used 
circumstance information for murders in the UCR supplementary homicide report data. I used 
murders under the circumstance related to brawl due to narcotics7  as the dependent variable and 
conducted the event study analysis. I can see a slight increase in murders related to brawl due to 
narcotics after the reformulation in the OxyContin high misuse area (Figure 13). However, due to 
the small number of cases, it is very noisy.   

 
Gang Activity / Drug Trafficking 

 

 
7 The UCR includes two types of drug-related homicides: one is murder that occurs during a felony narcotics 
offense (such as drug trafficking) and the other one is murder during brawls due to the influence of narcotics 
(Source: U.S. Department of Justice) 
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To test the third sub-hypothesis that, after OxyContin reformulation, states with high 
OxyContin misuse rate (before 2010) would experience a rise in murder rates related to drug 
dealing or gang activity, I used UCR supplementary homicide report data. The dependent 
variable is still the logged murder rate per 100,000 but only gang activity related murders are 
included. Figure 14 shows the analysis result with this dependent variable. I do not find much 
evidence of the effect of reformulation on gang-related murders.  Also, I limited the sample to 
murders during drug trafficking. However, still, I did not observe a similar pattern with the main 
analysis (Figure 15). 

Sensitivity Analysis/Robustness Check Analysis 
Using Complementary Data Sets 

 
To check the robustness of the main analysis, I conducted the same analysis with two other 

data sets. Each of the data sets has its own advantages and disadvantages for addressing the key 
research questions. If the results are similar across data sets, it suggests the data limitations of the 
primary data sets are not driving the result. 

First, I conducted the same analysis using the UCR data instead of the NVSS data. This data 
set provides the number of offenses known (in this context, murders). Figure 16 shows the same 
trends with the figure, which is produced based on NVSS, supporting the claims that the murder 
rate is increased in the states where people misused OxyContin more before the reformulation. 
The effect size is also very similar (0.28 in 2011) to that of NVSS.   

I also conducted the same analysis with the NIBRS datasets. However, as NIBRS has limited 
data coverage, I used only the ten states reporting data since 2005. I first limited the NVSS 
sample to these same ten states and re-ran the main analysis from 2005. The results from NIBRS 
(Figure 17 Panel B) and NVSS (Figure 17 Panel A) are similar; however, I do not observe the 
same jump in the murder rate after reformulation. These ten study sample states have similar 
descriptive characteristics with pre-reformulation high OxyContin misuse rate states. For 
example, ten sample states have lower homicides rates (4.60, the national average is 5.12), lower 
population count (around 4 million, the national average is around 6 million), and higher 
painkiller and OxyContin misuse rates (6.83 and 0.69 separately, the national averages are 6.48 
and 0.67). Their descriptive statistics are similar to those of high OxyContin misuse rate states.  
Due to the skewed sample towards pre-reformulation high OxyContin misuse rate states, the 
policy impact would not be able to be detected sufficiently as there might not be enough 
variations in independent variables.   

 
Murder rates increased in cities where opioids are less prevalent 
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Szalavitz and Rigg (Szalavitz and Rigg 2017) claimed that, unlike previous drug epidemics, 
there is a disconnect between the opioid epidemic and crime. One of their reasons was that the 
surge in murders happened in large metropolitan cities (Mirabile 2017), including Chicago, while 
the opioid epidemic was more prevalent in suburban or rural areas. To assess whether the surge 
in murder in metropolitan cities is affecting the study results, I rerun the main analysis, excluding 
the states that include one of the five cities with the largest murder increases. These five cities 
are St. Louis (Missouri), Baltimore (Maryland), Detroit (Michigan), New Orleans (Louisiana), 
and Chicago (Illinois).  

Figure 18 shows the main analysis result without these five states. Even without these five 
states, the results are consistent with the main results. I also applied the same procedure for white 
male victims (figure Appendix 6) and black male victims (figure Appendix 7), which were the 
most affected categories due to the reformulation. Without these five states, the general patterns 
of the results are similar (though the post-reformulation estimates for black males are not 
statistically significant).  
 
Importance of Other Policies 

As previous studies (Dave, Deza et al. 2018, Mallatt 2019) found that the PDMPs decreased 
violent crime or increased heroin-related crimes, I performed another robustness check to see if 
PDMP adoption is affecting my analysis.  

Based on these studies, PDMP implementation might be related to the murder trends. To 
address this argument, I checked the effects of the PDMP on murders and other crimes. These 
results are shown in Table 3. I do not observe any relationship between PDMP adoption and the 
homicide rate.  In column (1), I do not include the pre-OxyContin misuse rate and pre-painkiller 
misuse rate. In column (2), I included the pre-painkiller misuse rate but not the pre-OxyContin 
misuse rate.  With or without reformulation variables, PDMP adoption does not affect homicides 
in columns (1) and (2) (based on NVSS). For columns (3) and (4), I excluded the indicator 
variable for any PDMP implementation, as a previous study (Mallatt 2019) showed that must-
access PDMPs had increased the prevalence of heroin crimes. In column (3), I excluded both 
pre-OxyContin and painkiller misuse rates, and in column (4), I only included the pre-painkiller 
misuse rate.  The coefficient for must-access PDMP is positive, implying that the must-access 
PDMP implementation may have increased the homicide rates, but none of these coefficients are 
statistically significant.  The result is different from previous studies (Dave, Deza et al. 2018, 
Mallatt 2019). The must-access PDMP adoptions also have increased homicide rates, while I 
cannot find the impact of other policies on homicide rates. 
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Discussion 
 Based on the analyses presented, the increase in heroin that resulted from the OxyContin 

reformulation is likely to have increased homicide rates. This is supported by not only the NVSS 
data but also UCR data. However, I find little evidence that OxyContin reformulation impacted 
property crimes.  

I suggest two possible reasons why we do not observe reformulation effects on property 
crimes. One, as the current heroin users’ demographic characteristics are different from those in 
previous decades, the heroin use effects on property crimes might be different. If the 
reformulation made patients transition from prescription opioids to heroin use, as heroin costs 
less, there might be less motivation for the property crimes for heroin users who used to misuse 
prescription opioids. The second possible reason is related to the victims’ unwillingness to report 
the crime. Topalli et al. (Topalli, Wright et al. 2002) claim that drug users do not feel 
comfortable reporting any crime committed against them as they are involved in illegal activities. 
Murder, however, is different because it is not based on victims’ reports. In a similar sense, as 
robbery usually requires medical assistance for a victim, there is a higher probability of being 
reported by medical staff. Therefore, the probability of reporting the crime would be less related 
to the victims’ willingness to report the crime, meaning a higher reporting rate than other crimes. 
It can explain why I observe evidence of increases in robbery due to reformulation. 

When I tested three research hypotheses to assess the mechanism of the growth in homicides, 
only one hypothesis, which is the growth in the rate of victims, is likely to be the mechanism 
driving the increase in homicide rates. There may also be an increase in the rate of people who 
commit crimes, but I could not detect an increase in any demographic categories.  

The psychopharmacological or economic mechanisms for violence production are not strong 
contributors to the relationship between heroin and murder, leading to a weak relationship 
between the increase in homicides and in people who committed crimes. Heroin use might not 
make people more violent or induce people to commit murders to seek money for drug use. Or 
another explanation might be that I am unable to detect effects through these mechanisms due to 
data limitations. As the information on people who commit crimes characteristics is only 
available when the people who committed crimes are known, this dataset might be selectively 
biased or include measurement error. Therefore, the analysis cannot provide enough evidence of 
whether the reformulation effects on murders were different across certain races/gender. 

The analyses showed that the increase in criminal or gang activity due to the OxyContin 
reformulation is not likely to be the reason for the increase in the homicide rate. A possible 
explanation for the null effect of reformulation on gang-related murders might be related to the 
drug prices. As previously mentioned, a recent study (Gehring and Langlotz 2018) showed that 
supply-side policies might have different effects on gang activities. According to the UN Office 
on Drug and Crime data (table 4), heroin prices in the U.S. were not higher after the 
reformulation compared to that of the pre-reformulation era. If the heroin market was not 
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lucrative for gangs, in that case, the murders related to gang activities might not be related to the 
reformulation. Also, the new drug sales model, such as the pizza delivery model, where the 
sellers were much less visible than the traditional model, might have reduced conflicts among 
gangs (Quinones 2015).   

Another possible explanation is that the analysis is limited because the circumstance 
information is not widely available. In these data, 5.76% of murders were related to gang 
activities. However, more than 45% of murders were not categorized into certain circumstances. 
As numbers are so small, any unrecorded information can lead to bias or inconclusive results. 

Previous studies suggested that as the current opioid crisis is typically a suburban issue, 
while the rise in murder is related to the megacities, there might be a disconnect between the rise 
in the murder rate and the opioid epidemic. To address this hypothesis, I excluded states with 
large-population cities where murder rates have increased sharply and conducted the same 
analysis.  I observe similar effects even without these cities. The analysis suggested that the 
increase in murders with black male victims might be more related to five states with the most 
increasing homicides cities while the increase in murders with while male victims are less likely 
to related to these states.  

As previous studies showed that different opioid policies, such as PDMPs, might have an 
impact on crimes, I also checked the effects of PDMP implementation on homicides. However, 
based on nationwide state-level analysis, I did not find that PDMP implementation affects 
homicides.    

Conclusion 
In this paper, I tested whether the opioid policy approving the abuse-deterrent version for 

OxyContin had unintended consequences on crime rates, particularly on murders. I tested three 
hypotheses to assess the specific mechanism linking the policy change to changes in crimes: 
whether the policy increases the number of victims, the number of people who commit crimes, or 
the number of gang activities.  

Based on the statistical analysis, I found that there are more substantial increases in murder 
rates in states with high pre-reformulation rates of OxyContin misuse after the reformulation 
policy. This relationship is more significant for specific types of victims but not for specific 
types of people who commit crimes, gang activities, or other crimes. Therefore, the path between 
the policy implementation and the increase in murders is likely to be via the increase of potential 
victims.   

The finding provides information on the unknown causal relationship between opioids and 
crimes. Although some evidence about the relationship between opioids (especially heroin) and 
property crimes has been provided, there is much less information about the impact of opioid 
misuse on violent crime rates, including murders. As the opioid epidemic continues, the 
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relationship between the two should be identified to forecast future trends in various criminal 
activities.  

Although this paper tried to use crime information from various datasets, because of the 
fundamental limitation of crime data that crime data (i.e., crime data is based on reported crime -
not so much in the case of murders, but for other crimes), and the limited coverage of the NIBRS 
data, it was not possible to perform subset analyses to test suggested hypothesis more clearly. 
Even NVSS cannot cover all murders as if the victim is missing and the body cannot be found, it 
will not be counted. Future studies would be able to use the more recent data and more regional 
coverage as it expands, allowing more articulating subset analysis with other opioid policies.      
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Figures and Tables 
[Figure 1] 

 

 

Figure 1The Homicide Trends in the U.S. (Source: National Vital Statistics System) 

Notes: Figure 1 plots the national homicide (ICD-10 Codes: X85-Y09 (Assault) trends per 
100,000 people for 1999-2017 Source: National Vital Statistics System   
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[Table 1] 
  
Table 1Research Hypothesis and Datasets 

Research Hypothesis Dataset for Outcome 
variables   

Main Research Hypothesis 
After OxyContin reformulation, states with high OxyContin misuse 

rate (before 2010) would experience a larger increase in the homicide 
rate. 

NVSS 

Robustness check for Main research Hypothesis UCR, NIBRS 

H1: After OxyContin reformulation, states with high OxyContin 
misuse rate (before 2010) would experience a rise in a specific type of 
victim homicide rates 

NVSS 

Robustness check for H1 UCR 

H2: After OxyContin reformulation, states with high OxyContin 
misuse rate (before 2010) would experience a rise in murder rates where 
people who commit crimes were suspected to be under the influence of 
drugs 

UCR 

H3: After OxyContin reformulation, states with high OxyContin 
misuse rate (before 2010) would experience a rise in murder rates related 
to drug dealing or gang activity. 

UCR 

H4: After OxyContin reformulation, states with high OxyContin 
misuse rate (before 2010) would experience a rise in other crimes  

UCR 
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[Table 2] 
Table 2 Descriptive statistics at the State Level by OxyContin Misuse Status before the 

reformulation 

 

All States Low 
OxyContin 

Misuse States 

High 
OxyContin 

Misuse States 
# of States  51 25 26 
West Region 25 12 13 
# of States with Any PDMP in 2009 36 18 18 
# of States with Must Access PDMP in 2009 0 0 0 
# of States with legal, medical marijuana in 

2009 14 5 9 

# of States with pain clinic policy in 2009 1 1 0 
# of States with medical marijuana dispensary 

active in 2009 2 2 0 

 
Homicides per 100,000 population in 2009 5.12 6.13 4.15 

OxyContin Misuse Rate (%) in 2004-2009 0.67 0.47 0.86 
Painkiller Misuse Rate (%) in 2004-2009 6.48 5.79 7.13 
College or Advanced Degree in 2009 19.16% 19.94% 18.40% 
Non-Hispanic White (only) in 2009 81.15% 74.82% 87.23% 
Share of people between 25-44 in 2009 26.31% 26.81% 25.84% 
Unemployment rate in 2009 9.81% 9.69% 9.92% 
Population (Mean) in 2009 6,015,128 8,530,623 3,596,383 
 

Notes: Table 2 presents the descriptive characteristics of the study sample (states) used in this 

paper between the states with a low OxyContin misuse rate and the states with a high OxyContin 

misuse rate between 2004-2009. I divided states based on the median of OxyContin misuse rate.  

All statistics except OxyContin and Painkiller misuse rate (which are 2004-2009) are from 2009 

which is just before the OxyContin reformulation. Source:  RAND Marijuana Policy database 

(for PDMP and marijuana policy variables), Medicare SEER data (for population, age, and race), 

and Current Population Survey (for unemployment rate and education) 
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[Figure 2] 
 

 
Figure 2 The impact of the OxyContin reformulation on homicides 

Notes: Outcome is the log of total homicides per 100,000 at the state-year-level (mean: 
1.504). These outcomes are calculated using data from the National Vital Statistics System. The 
y-axis in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, 
which is interacted with year dummy variables.  

The regression model for this figure can be found in equation (1) between 2000 and 2017. 
The model is clustered at state-level. The regression model includes state and year-fixed effects. 
I control for several time-varying state characteristics, such as Prescription Drug Monitoring 
Program (PDMP) and marijuana policy adoption year, population, age, race, unemployment rate 
and education variables. For the same purpose, the interaction term between pain reliever misuse 
rate and year dummy variables is also included. To set year 2009 as a reference year (red line), 
the interaction term between year and pre-reformulation OxyContin misuse rate is excluded. 

Pre-period f-statistic presents the test results for whether we can reject that pre-reformulation 
estimates (2005-2008) are equal to the baseline estimate in 2009. Post -period f-statistic shows 
the test result of whether we can reject the hypothesis that post-reformulation estimates (2011-
2015) are equal to the reference level in 2009 
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 [Figure 3] 
 

 
Figure 3 The impact of the OxyContin reformulation on Robbery 

Notes: Outcome is the log of total robbery per 100,000 at the state-year-level (mean: 4.395). 
These outcomes are calculated using data from the United Crime Reporting program. The y-axis 
in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is 
interacted with year dummy variables.  

The regression model for this figure can be found in equation (1) between 2000 and 2017. 
The model is clustered at state-level. The regression model includes state and year-fixed effects. 
I control for several time-varying state characteristics, such as Prescription Drug Monitoring 
Program (PDMP) and marijuana policy adoption year, population, age, race, unemployment rate 
and education variables. For the same purpose, the interaction term between pain reliever misuse 
rate and year dummy variables is also included. To set year 2009 as a reference year (red line), 
the interaction term between year and pre-reformulation OxyContin misuse rate is excluded. 

Pre-period f-statistic presents the test results for whether we can reject that pre-reformulation 
estimates (2005-2008) are equal to the baseline estimate in 2009. Post -period f-statistic shows 
the test result of whether we can reject the hypothesis that post-reformulation estimates (2011-
2015) are equal to the reference level in 2009. 
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Panel A. White Male Victim Homicides Panel B. White Male Victim Heroin Overdose Death 

  
Figure 4 The impact of the OxyContin reformulation on Homicides and Heroin Overdose Death (White Male Victim) 

Notes: Outcome is the total number of white male victim homicides per 100,000 at the state-year-level (Panel A, mean: 4.532) and the total number of white 
male heroin overdose death per 100,000 at the state-year-level (Panel B, mean: 2.556). These outcomes are calculated using data from the National Vital 
Statistics System. The y-axis in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is interacted with year dummy 
variables. The regression model for this figure can be found in equation (1) between 2000 and 2017. The model is clustered at state-level. The regression model 
includes state and year-fixed effects. I control for several time-varying state characteristics, such as Prescription Drug Monitoring Program (PDMP) and 
marijuana policy adoption year, population, age, race, unemployment rate and education variables. For the same purpose, the interaction term between pain 
reliever misuse rate and year dummy variables is also included. To set year 2009 as a reference year (red line), the interaction term between year and pre-
reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results for whether we can reject that pre-reformulation estimates (2005-
2008) are equal to the baseline estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the hypothesis that post-reformulation 
estimates (2011-2015) are equal to the reference level in 2009. 
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Panel A. Black Male Victim Homicides Panel B. Black Male Victim Heroin Overdose Death 

  
Figure 5 The impact of the OxyContin reformulation on Homicides and Heroin Overdose Death (Black Male Victim) 

Notes: Outcome is the total number of black male victim homicides per 100,000 at the state-year-level (Panel A, mean:30.155) and the total number of black 
male heroin overdose death per 100,000 at the state-year-level (Panel B, mean: 2.563). These outcomes are calculated using data from the National Vital 
Statistics System. The y-axis in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is interacted with year dummy 
variables. The regression model for this figure can be found in equation (1) between 2000 and 2017. The model is clustered at state-level. The regression model 
includes state and year-fixed effects. I control for several time-varying state characteristics, such as Prescription Drug Monitoring Program (PDMP) and 
marijuana policy adoption year, population, age, race, unemployment rate and education variables. For the same purpose, the interaction term between pain 
reliever misuse rate and year dummy variables is also included. To set year 2009 as a reference year (red line), the interaction term between year and pre-
reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results for whether we can reject that pre-reformulation estimates (2005-
2008) are equal to the baseline estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the hypothesis that post-reformulation 
estimates (2011-2015) are equal to the reference level in 2009. 
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Panel A. Other Male Victim Homicides Panel B. Other Male Victim Heroin Overdose Death 

  
Figure 6 The impact of the OxyContin reformulation on Homicides and Heroin Overdose Death (Other Male Victim) 

Notes: Outcome is the total number of other male victim homicides per 100,000 at the state-year-level (Panel A, mean:6.319) and the total number of other 
male heroin overdose death per 100,000 at the state-year-level (Panel B, mean:0.780). These outcomes are calculated using data from the National Vital Statistics 
System. The y-axis in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is interacted with year dummy variables. The 
regression model for this figure can be found in equation (1) between 2000 and 2017. The model is clustered at state-level. The regression model includes state 
and year-fixed effects. I control for several time-varying state characteristics, such as Prescription Drug Monitoring Program (PDMP) and marijuana policy 
adoption year, population, age, race, unemployment rate and education variables. For the same purpose, the interaction term between pain reliever misuse rate 
and year dummy variables is also included. To set year 2009 as a reference year (red line), the interaction term between year and pre-reformulation OxyContin 
misuse rate is excluded. Pre-period f-statistic presents the test results for whether we can reject that pre-reformulation estimates (2005-2008) are equal to the 
baseline estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the hypothesis that post-reformulation estimates (2011-2015) are 
equal to the reference level in 2009. 
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Panel A. White Female Victim Homicides Panel B. White Female Victim Heroin Overdose Death 

  
Figure 7 The impact of the OxyContin reformulation on Homicides and Heroin Overdose Death (White Female Victim) 

Notes: Outcome is the total number of white female victim homicides per 100,000 at the state-year-level (Panel A, mean:1.902) and the total number of 
white female heroin overdose death per 100,000 at the state-year-level (Panel B, mean:0.757). These outcomes are calculated using data from the National Vital 
Statistics System. The y-axis in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is interacted with year dummy 
variables. The regression model for this figure can be found in equation (1) between 2000 and 2017. The model is clustered at state-level. The regression model 
includes state and year-fixed effects. I control for several time-varying state characteristics, such as Prescription Drug Monitoring Program (PDMP) and 
marijuana policy adoption year, population, age, race, unemployment rate and education variables. For the same purpose, the interaction term between pain 
reliever misuse rate and year dummy variables is also included. To set year 2009 as a reference year (red line), the interaction term between year and pre-
reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results for whether we can reject that pre-reformulation estimates (2005-
2008) are equal to the baseline estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the hypothesis that post-reformulation 
estimates (2011-2015) are equal to the reference level in 2009. 
  

Post-Period F-stat:0.873  Pre-Period F-stat:1.171  
-2

-1
0

1
2

E
st

im
at

e
d 

C
o

ef
fic

ie
n

t f
or

 W
h

ite
 F

em
al

e 
V

ic
tim

 H
o

m
ic

id
e

s 
/1

00
,0

0
0

19
99

20
01

20
03

20
05

20
07

20
09

20
11

20
13

20
15

20
17

Year

Post-Period F-stat:2.366* Pre-Period F-stat:2.727** 

-2
0

2
4

6

E
st

im
at

e
d 

C
o

ef
fic

ie
n

t f
or

 W
h

ite
 F

em
al

e 
H

e
ro

in
 O

ve
rd

o
se

 D
ea

th
s/

10
0,

0
00

19
99

20
01

20
03

20
05

20
07

20
09

20
11

20
13

20
15

20
17

Year



 

 35 

Panel A. Black Female Victim Homicides Panel B. Black Female Victim Heroin Overdose Death 

  
Figure 8 The impact of the OxyContin reformulation on Homicides and Heroin Overdose Death (Black Female Victim) 

Notes: Outcome is the total number of black female victim homicides per 100,000 at the state-year-level (Panel A, mean:5.296) and the total number of 
black female heroin overdose death per 100,000 at the state-year-level (Panel B, mean:0.706). These outcomes are calculated using data from the National Vital 
Statistics System. The y-axis in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is interacted with year dummy 
variables. The regression model for this figure can be found in equation (1) between 2000 and 2017. The model is clustered at state-level. The regression model 
includes state and year-fixed effects. I control for several time-varying state characteristics, such as Prescription Drug Monitoring Program (PDMP) and 
marijuana policy adoption year, population, age, race, unemployment rate and education variables. For the same purpose, the interaction term between pain 
reliever misuse rate and year dummy variables is also included. To set year 2009 as a reference year (red line), the interaction term between year and pre-
reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results for whether we can reject that pre-reformulation estimates (2005-
2008) are equal to the baseline estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the hypothesis that post-reformulation 
estimates (2011-2015) are equal to the reference level in 2009. 

 

Post-Period F-stat:1.958  Pre-Period F-stat:0.629  

-5
0

5
1

0
1

5

E
st

im
at

e
d 

C
o

ef
fic

ie
n

t f
or

 B
la

ck
 F

e
m

a
le

 V
ic

tim
 H

er
o

in
 O

ve
rd

os
e 

D
e

at
h

 /1
0

0,
0

00

19
99

20
01

20
03

20
05

20
07

20
09

20
11

20
13

20
15

20
17

Year

Post-Period F-stat:2.290* Pre-Period F-stat:1.490  

0
2

4
6

E
st

im
at

e
d 

C
o

ef
fic

ie
n

t f
or

 B
la

ck
 F

e
m

a
le

 V
ic

tim
 H

er
o

in
 O

ve
rd

os
e 

D
e

at
h

 /1
0

0,
0

00

19
99

20
01

20
03

20
05

20
07

20
09

20
11

20
13

20
15

20
17

Year



 

 36 

Panel A. Other Female Victim Homicides Panel B. Other Female Victim Heroin Overdose Death 

  
Figure 9 The impact of the OxyContin reformulation on Homicides and Heroin Overdose Death (Other Female Victim) 

Notes: Outcome is the total number of other female victim homicides per 100,000 at the state-year-level (Panel A, mean:2.272) and the total number of other 
female heroin overdose death per 100,000 at the state-year-level (Panel B, mean:0.224). These outcomes are calculated using data from the National Vital 
Statistics System. The y-axis in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is interacted with year dummy 
variables. The regression model for this figure can be found in equation (1) between 2000 and 2017. The model is clustered at state-level. The regression model 
includes state and year-fixed effects. I control for several time-varying state characteristics, such as Prescription Drug Monitoring Program (PDMP) and 
marijuana policy adoption year, population, age, race, unemployment rate and education variables. For the same purpose, the interaction term between pain 
reliever misuse rate and year dummy variables is also included. To set year 2009 as a reference year (red line), the interaction term between year and pre-
reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results for whether we can reject that pre-reformulation estimates (2005-
2008) are equal to the baseline estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the hypothesis that post-reformulation 
estimates (2011-2015) are equal to the reference level in 2009. 
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Panel A. White Male who Commits Murders Panel B. White Female Who Commits Murders 

  
Figure 10 The impact of the OxyContin reformulation on Murders (white male/female criminal) 

Notes: Outcome is the total number of total white male criminal murder per 100,000 at the state-year-level (Panel A, mean:3.527) and the total number of 
total white female criminal murder per 100,000 at the state-year-level (Panel B, mean:0.445). These outcomes are calculated using data from the United Crime 
Reporting program. The y-axis in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is interacted with year dummy 
variables. The regression model for this figure can be found in equation (1) between 2000 and 2017. The model is clustered at state-level. The regression model 
includes state and year-fixed effects. I control for several time-varying state characteristics, such as Prescription Drug Monitoring Program (PDMP) and 
marijuana policy adoption year, population, age, race, unemployment rate and education variables. For the same purpose, the interaction term between pain 
reliever misuse rate and year dummy variables is also included. To set year 2009 as a reference year (red line), the interaction term between year and pre-
reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results for whether we can reject that pre-reformulation estimates (2005-
2008) are equal to the baseline estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the hypothesis that post-reformulation 
estimates (2011-2015) are equal to the reference level in 2009. 
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Panel A. Black Male who Commits Murders Panel B. Black Female Who Commits Murders 

  
Figure 11 The impact of the OxyContin reformulation on Murders (black male/female criminal) 

Notes: Outcome is the total number of black males who commits murder per 100,000 at the state-year-level (Panel A, mean: 21.305) and the total number of 
black females who commits murder per 100,000 at the state-year-level (Panel B, mean: 1.957). These outcomes are calculated using data from the United Crime 
Reporting program. The y-axis in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is interacted with year dummy 
variables. The regression model for this figure can be found in equation (1) between 2000 and 2017. The model is clustered at state-level. The regression model 
includes state and year-fixed effects. I control for several time-varying state characteristics, such as Prescription Drug Monitoring Program (PDMP) and 
marijuana policy adoption year, population, age, race, unemployment rate and education variables. For the same purpose, the interaction term between pain 
reliever misuse rate and year dummy variables is also included. To set year 2009 as a reference year (red line), the interaction term between year and pre-
reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results for whether we can reject that pre-reformulation estimates (2005-
2008) are equal to the baseline estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the hypothesis that post-reformulation 
estimates (2011-2015) are equal to the reference level in 2009. 
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Panel A. Other Male who Commits Murders Panel B. Other Female who Commits Murders 

  
Figure 12 The impact of the OxyContin reformulation on Murders (Other male/female who commits murder) 

Notes: Outcome is total number of other males who commits murder per 100,000 at the state-year-level (Panel A, mean: 5.527) and total number of total 
other female who commits murder per 100,000 at the state-year-level (Panel B, mean: 0.718). These outcomes are calculated using data from the United Crime 
Reporting program. The y-axis in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is interacted with year dummy 
variables. The regression model for this figure can be found in equation (1) between 2000 and 2017. The model is clustered at state-level. The regression model 
includes state and year-fixed effects. I control for several time-varying state characteristics, such as Prescription Drug Monitoring Program (PDMP) and 
marijuana policy adoption year, population, age, race, unemployment rate and education variables. For the same purpose, the interaction term between pain 
reliever misuse rate and year dummy variables is also included. To set year 2009 as a reference year (red line), the interaction term between year and pre-
reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results for whether we can reject that pre-reformulation estimates (2005-
2008) are equal to the baseline estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the hypothesis that post-reformulation 
estimates (2011-2015) are equal to the reference level in 2009. 
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Figure 13 The impact of the OxyContin reformulation on Murders under the brawl due to the Narcotics) 

Notes: Outcome is the total number of murders during brawls due to the influence of narcotics per 100,000 at the state-year-level (mean: 0.028). These 
outcomes are calculated using data from the United Crime Reporting program. The y-axis in the figure represents the coefficients on the pre-reformulation 
OxyContin misuse rate, which is interacted with year dummy variables. The regression model for this figure can be found in equation (1) between 2000 and 
2017. The model is clustered at state-level. The regression model includes state and year-fixed effects. I control for several time-varying state characteristics, 
such as Prescription Drug Monitoring Program (PDMP) and marijuana policy adoption year, population, age, race, unemployment rate and education variables. 
For the same purpose, the interaction term between pain reliever misuse rate and year dummy variables is also included. To set year 2009 as a reference year (red 
line), the interaction term between year and pre-reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results for whether we 
can reject that pre-reformulation estimates (2005-2008) are equal to the baseline estimate in 2009. Post -period f-statistic shows the test result of whether we can 
reject the hypothesis that post-reformulation estimates (2011-2015) are equal to the reference level in 2009. 
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Figure 14 The impact of the OxyContin reformulation on Murders related to Gang Activities 

Notes: Outcome is total number of murders related to gang activities per 100,000 at the state-year-level (mean: 1.073). These outcomes are calculated using 
data from the United Crime Reporting program. The y-axis in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is 
interacted with year dummy variables. The regression model for this figure can be found in equation (1) between 2000 and 2017. The model is clustered at state-
level. The regression model includes state and year-fixed effects. I control for several time-varying state characteristics, such as Prescription Drug Monitoring 
Program (PDMP) and marijuana policy adoption year, population, age, race, unemployment rate and education variables. For the same purpose, the interaction 
term between pain reliever misuse rate and year dummy variables is also included. To set year 2009 as a reference year (red line), the interaction term between 
year and pre-reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results for whether we can reject that pre-reformulation 
estimates (2005-2008) are equal to the baseline estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the hypothesis that post-
reformulation estimates (2011-2015) are equal to the reference level in 2009. 
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Figure 15 The impact of the OxyContin reformulation on Murders related Narcotic Felony 

Notes: Outcome is the total number of murders related to narcotic felony per 100,000 at the state-year-level (0.148). These outcomes are calculated using 
data from the United Crime Reporting program. The y-axis in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is 
interacted with year dummy variables. The regression model for this figure can be found in equation (1) between 2000 and 2017. The model is clustered at state-
level. The regression model includes state and year-fixed effects. I control for several time-varying state characteristics, such as Prescription Drug Monitoring 
Program (PDMP) and marijuana policy adoption year, population, age, race, unemployment rate and education variables. For the same purpose, the interaction 
term between pain reliever misuse rate and year dummy variables is also included. To set year 2009 as a reference year (red line), the interaction term between 
year and pre-reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results for whether we can reject that pre-reformulation 
estimates (2005-2008) are equal to the baseline estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the hypothesis that post-
reformulation estimates (2011-2015) are equal to the reference level in 2009. 
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Figure 16 The impact of the OxyContin reformulation on Murders 

 
Notes: Outcome is the log of total murders per 100,000 at the state-year-level (mean: 1.417). 

These outcomes are calculated using data from the United Crime Reporting program. The y-axis 
in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is 
interacted with year dummy variables. The regression model for this figure can be found in 
equation (1) between 2000 and 2017. The model is clustered at state-level. The regression model 
includes state and year-fixed effects. I control for several time-varying state characteristics, such 
as Prescription Drug Monitoring Program (PDMP) and marijuana policy adoption year, 
population, age, race, unemployment rate and education variables. For the same purpose, the 
interaction term between pain reliever misuse rate and year dummy variables is also included. To 
set year 2009 as a reference year (red line), the interaction term between year and pre-
reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results 
for whether we can reject that pre-reformulation estimates (2005-2008) are equal to the baseline 
estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the 
hypothesis that post-reformulation estimates (2011-2015) are equal to the reference level in 
2009. 
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Panel A. Main Analysis with 10 States  Panel B. Main Analysis with 10 States  

  
Figure 17  The impact of the OxyContin reformulation on Murders with 10 states 

Notes: Outcome is the log of total homicides per 100,000 at the state-year-level (Panel A, mean: 1.383) and the log of total murders per 100,000 at the state-
year-level (Panel B, mean: 1.435) both only with ten states. The list of states is as follows: Colorado, Delaware, Idaho, Iowa, Michigan, South Carolina, 
Tennessee, Utah, Virginia, and West Virginia. These outcomes are calculated using data from the National Incident-Based Reporting System (Panel A) and the 
National Vital Statistics System (Panel B). The y-axis in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is 
interacted with year dummy variables. The regression model for this figure can be found in equation (1) between 2005 and 2017. The model is clustered at state-
level. The regression model includes state and year-fixed effects. I control for several time-varying state characteristics, such as Prescription Drug Monitoring 
Program (PDMP) and marijuana policy adoption year, population, age, race, unemployment rate and education variables. For the same purpose, the interaction 
term between pain reliever misuse rate and year dummy variables is also included. To set year 2009 as a reference year (red line), the interaction term between 
year and pre-reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results for whether we can reject that pre-reformulation 
estimates (2005-2008) are equal to the baseline estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the hypothesis that post-
reformulation estimates (2011-2015) are equal to the reference level in 2009. 
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Figure 18 The impact of the OxyContin reformulation on Murders without Five States 

Notes: Outcome is the log of total homicides per 100,000 at the state-year-level without five 
states where the most-murder rate rising cities (mean:1.438). These five cities are St. Louis 
(Missouri), Baltimore (Maryland), Detroit (Michigan), New Orleans (Louisiana), and Chicago 
(Illinois). These outcomes are calculated using data from the National Vital Statistics System. 
The y-axis in the figure represents the coefficients on the pre-reformulation OxyContin misuse 
rate, which is interacted with year dummy variables. The regression model for this figure can be 
found in equation (1) between 2000 and 2017. The model is clustered at state-level. The 
regression model includes state and year-fixed effects. I control for several time-varying state 
characteristics, such as Prescription Drug Monitoring Program (PDMP) and marijuana policy 
adoption year, population, age, race, unemployment rate and education variables. For the same 
purpose, the interaction term between pain reliever misuse rate and year dummy variables is also 
included. To set year 2009 as a reference year (red line), the interaction term between year and 
pre-reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test 
results for whether we can reject that pre-reformulation estimates (2005-2008) are equal to the 
baseline estimate in 2009. Post -period f-statistic shows the test result of whether we can reject 
the hypothesis that post-reformulation estimates (2011-2015) are equal to the reference level in 
2009. 
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Table 3 The Impact of PDMP on Murders 

VARIABLES Logged homicides per 100,000 
 (1) (2) (3) (4) 
Any PDMP policy 

implementation 
0.0332 0.0296 X X 

 (0.0339) (0.0351)   
Must Access policy 

implementation 
0.0249 0.0323 0.0191 0.0282 

 (0.0365) (0.0379) (0.0347) (0.0368) 
Pain Clinic policy 

implementation 
0.0230 0.0271 0.0280 0.0317 

 (0.0483) (0.0510) (0.0512) (0.0534) 
Medical Marijuana policy 

implementation 
-0.0293 -0.0370 -0.0312 -0.0397 

 (0.0425) (0.0464) (0.0418) (0.0445) 
Medical marijuana dispensary 

active policy implementation 
-0.0273 -0.0144 -0.0179 -

0.00456 
 (0.0488) (0.0516) (0.0532) (0.0558) 
Pre-OxyContin misuse rate X X X X 
Pre-Pain Killer misuse rate X O X O 

 
Notes: ***1% significance, **5% significance, *10% significance. This table presents the 

impact of various Prescription Drug Monitoring Program polices on homicides. All models are 
clustered at state-level. These regression models include state and year-fixed effects. I control for 
several time-varying state characteristics, such as population, age, race, unemployment rate and 
education variables. For the same purpose, the interaction terms between pain reliever misuse 
rate and year dummy variables and the interaction terms between OxyContin misuse rate and 
year dummy variables are also included depending on models. N=918
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Table 4 Heroin prices in the United States, 2007-2017 
Heroin retail prices (street prices) 

in the United States, in US$ per gram 
20
07 

20
08 

20
09 

20
10 

20
11 

20
12 

20
13 

20
14 

20
15 

20
16 

20
17 

Average, in US$ 
23

0 
31

0 
27

5 
27

9 
26

0 
27

1 
26

3 
26

6 
26

7 
30

7 
30

7 
Average, inflation-adjusted in 

2017 US$ 
27

1 
35

3 
31

4 
31

4 
28

4 
29

0 
27

7 
27

5 
27

6 
31

4 
30

7 

Average adjusted for purity 
63

4 
82

2 
87

1 
11
26 

86
7 

77
3 

73
2 

72
4 

76
8 

92
9 

92
9 

Average adjusted for purity and 
inflation in 2017 US$ 

75
0 

93
5 

99
5 

12
66 

94
4 

82
5 

77
1 

75
0 

79
4 

94
9 

92
9 

            
            
Heroin wholesale prices in the 

United States, in US$ per kilogram 
20
07 

20
08 

20
09 

20
10 

20
11 

20
12 

20
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Appendix 
 

 
Figure A.1 The impact of the OxyContin reformulation on homicides 

Notes: Outcome is the total homicides per 100,000 at the state-year-level (mean: 5.519). 
These outcomes are calculated using data from the National Vital Statistics System. The y-axis 
in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is 
interacted with year dummy variables.  

The IV Poisson regression model for this figure can be found in equation (1) between 2000 
and 2017. The model is clustered at state-level. The regression model includes state and year-
fixed effects. I control for several time-varying state characteristics, such as Prescription Drug 
Monitoring Program (PDMP) and marijuana policy adoption year, population, age, race, 
unemployment rate and education variables. For the same purpose, the interaction term between 
pain reliever misuse rate and year dummy variables is also included. To set year 2009 as a 
reference year (red line), the interaction term between year and pre-reformulation OxyContin 
misuse rate is excluded. 

Pre-period Chi square-statistic presents the test results for whether we can reject that pre-
reformulation estimates (2005-2008) are equal to the baseline estimate in 2009. Post -period Chi 
square -statistic shows the test result of whether we can reject the hypothesis that post-
reformulation estimates (2011-2015) are equal to the reference level in 2009 
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Table 5 Effects of OxyContin Misuse Rates and Painkiller Misuse Rates on Murders 

VARIABLES Logged homicides per 

100,000 

OxyContin Misuse Rate (2004-2009) X year 2000 -0.0948 

 (0.131) 

OxyContin Misuse Rate (2004-2009) X year 2001 0.0455 

 (0.119) 

OxyContin Misuse Rate (2004-2009) X year 2002 -0.189** 

 (0.0924) 

OxyContin Misuse Rate (2004-2009) X year 2003 -0.221* 

 (0.114) 

OxyContin Misuse Rate (2004-2009) X year 2004 -0.152* 

 (0.0822) 

OxyContin Misuse Rate (2004-2009) X year 2005 0.0262 

 (0.114) 

OxyContin Misuse Rate (2004-2009) X year 2006 0.00705 

 (0.102) 

OxyContin Misuse Rate (2004-2009) X year 2007 0.0528 

 (0.0862) 

OxyContin Misuse Rate (2004-2009) X year 2008 0.00111 

 (0.0880) 

OxyContin Misuse Rate (2004-2009) X year 2010 0.253*** 

 (0.0790) 

OxyContin Misuse Rate (2004-2009) X year 2011 0.280** 

 (0.119) 

OxyContin Misuse Rate (2004-2009) X year 2012 0.198 

 (0.125) 

OxyContin Misuse Rate (2004-2009) X year 2013 0.294*** 

 (0.103) 

OxyContin Misuse Rate (2004-2009) X year 2014 0.271** 

 (0.115) 

OxyContin Misuse Rate (2004-2009) X year 2015 0.426*** 

 (0.110) 

OxyContin Misuse Rate (2004-2009) X year 2016 0.347** 

 (0.151) 

OxyContin Misuse Rate (2004-2009) X year 2017 0.447** 

 (0.181) 

Notes: ***1% significance, **5% significance, *10% significance. This table presents the 
impact of pre-reformulation OxyContin misuse rate on homicides. All models are clustered at 
state-level. These regression models include state and year-fixed effects. I control for several 
time-varying state characteristics, such as Prescription Drug Monitoring Program policy 
adoption years, population, age, race, unemployment rate and education variables. For the same 
purpose, the interaction terms between pain reliever misuse rate and year dummy variables are 
also included. N=918. 
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Table 6 Coefficients of Control Variables 

  
VARIABLES Logged homicides per 

100,000 
Share of people who have college or 

advanced degree 
-3.305* 

 (1.798) 
Any PDMP policy implementation -0.00624 

 (0.0314) 
Must Access policy implementation -0.0115 

 (0.0344) 
Pain Clinic policy implementation 0.0719 

 (0.0444) 
Medical Marijuana policy implementation -0.0376 

 (0.0444) 
Medical marijuana dispensary active policy 

implementation 
-0.0141 

 (0.0445) 
Share of people between age 25-44 -3.686* 

 (2.018) 
White population proportion 2.003 

 (1.484) 
Unemployment Rate -0.739 

 (0.997) 
Notes: ***1% significance, **5% significance, *10% significance. This table presents the 

coefficients of control variables in equation (1) on homicides. All models are clustered at state-
level. These regression models include state and year-fixed effects. I control for several time-
varying state characteristics, such as Prescription Drug Monitoring Program policy adoption 
years, population, age, race, unemployment rate and education variables. For the same purpose, 
the interaction terms between pain reliever misuse rate and year dummy variables are also 
included. N=918. 
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Other Crimes [manslaughter] 

 
Figure A.2 The impact of the OxyContin reformulation on manslaughter 

Notes: Outcome is the log of total manslaughter per 100,000 at the state-year-level (-1.656). 
These outcomes are calculated using data from the United Crime Reporting program. The y-axis 
in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is 
interacted with year dummy variables. The regression model for this figure can be found in 
equation (1) between 2000 and 2017. The model is clustered at state-level. The regression model 
includes state and year-fixed effects. I control for several time-varying state characteristics, such 
as Prescription Drug Monitoring Program (PDMP) and marijuana policy adoption year, 
population, age, race, unemployment rate and education variables. For the same purpose, the 
interaction term between pain reliever misuse rate and year dummy variables is also included. To 
set year 2009 as a reference year (red line), the interaction term between year and pre-
reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results 
for whether we can reject that pre-reformulation estimates (2005-2008) are equal to the baseline 
estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the 
hypothesis that post-reformulation estimates (2011-2015) are equal to the reference level in 
2009. 
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Other Crimes [assault] 

 

 
Figure A.3 The impact of the OxyContin reformulation on assault 

Notes: Outcome is the log of total assaults per 100,000 at the state-year-level (mean:7.099). 
These outcomes are calculated using data from the United Crime Reporting program. The y-axis 
in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is 
interacted with year dummy variables. The regression model for this figure can be found in 
equation (1) between 2000 and 2017. The model is clustered at state-level. The regression model 
includes state and year-fixed effects. I control for several time-varying state characteristics, such 
as Prescription Drug Monitoring Program (PDMP) and marijuana policy adoption year, 
population, age, race, unemployment rate and education variables. For the same purpose, the 
interaction term between pain reliever misuse rate and year dummy variables is also included. To 
set year 2009 as a reference year (red line), the interaction term between year and pre-
reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results 
for whether we can reject that pre-reformulation estimates (2005-2008) are equal to the baseline 
estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the 
hypothesis that post-reformulation estimates (2011-2015) are equal to the reference level in 
2009. 
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Other Crimes [Burglary] 

 
Figure A.4 The impact of the OxyContin reformulation on burglary 

Notes: Outcome is the log of total burglary per 100,000 at the state-year-level (mean:6.403). 
These outcomes are calculated using data from the United Crime Reporting program. The y-axis 
in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is 
interacted with year dummy variables. The regression model for this figure can be found in 
equation (1) between 2000 and 2017. The model is clustered at state-level. The regression model 
includes state and year-fixed effects. I control for several time-varying state characteristics, such 
as Prescription Drug Monitoring Program (PDMP) and marijuana policy adoption year, 
population, age, race, unemployment rate and education variables. For the same purpose, the 
interaction term between pain reliever misuse rate and year dummy variables is also included. To 
set year 2009 as a reference year (red line), the interaction term between year and pre-
reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results 
for whether we can reject that pre-reformulation estimates (2005-2008) are equal to the baseline 
estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the 
hypothesis that post-reformulation estimates (2011-2015) are equal to the reference level in 
2009. 
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Other Crimes [Theft] 

 
Figure A.5 The impact of the OxyContin reformulation on theft 

 Notes: Outcome is the log of total theft per 100,000 at the state-year-level (mean:7.657). 
These outcomes are calculated using data from the United Crime Reporting program. The y-axis 
in the figure represents the coefficients on the pre-reformulation OxyContin misuse rate, which is 
interacted with year dummy variables. The regression model for this figure can be found in 
equation (1) between 2000 and 2017. The model is clustered at state-level. The regression model 
includes state and year-fixed effects. I control for several time-varying state characteristics, such 
as Prescription Drug Monitoring Program (PDMP) and marijuana policy adoption year, 
population, age, race, unemployment rate and education variables. For the same purpose, the 
interaction term between pain reliever misuse rate and year dummy variables is also included. To 
set year 2009 as a reference year (red line), the interaction term between year and pre-
reformulation OxyContin misuse rate is excluded. Pre-period f-statistic presents the test results 
for whether we can reject that pre-reformulation estimates (2005-2008) are equal to the baseline 
estimate in 2009. Post -period f-statistic shows the test result of whether we can reject the 
hypothesis that post-reformulation estimates (2011-2015) are equal to the reference level in 
2009.
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Panel A. White Male Victim Homicides Panel B. White Male Victim Heroin 
Overdose Death 

  
Figure A.6 The impact of the OxyContin reformulation on Murders 

Notes: Outcome is the log of total white male victim homicides per 100,000 at the state-year-
level (Panel A, mean: 1.361) and the log of total white male heroin overdose death per 100,000 
at the state-year-level (Panel B, mean: 0.359) both without five states where the most-murder 
rate rising cities. These five cities are St. Louis (Missouri), Baltimore (Maryland), Detroit 
(Michigan), New Orleans (Louisiana), and Chicago (Illinois). These outcomes are calculated 
using data from the National Vital Statistics System. The y-axis in the figure represents the 
coefficients on the pre-reformulation OxyContin misuse rate, which is interacted with year 
dummy variables. The regression model for this figure can be found in equation (1) between 
2000 and 2017. The model is clustered at state-level. The regression model includes state and 
year-fixed effects. I control for several time-varying state characteristics, such as Prescription 
Drug Monitoring Program (PDMP) and marijuana policy adoption year, population, age, race, 
unemployment rate and education variables. For the same purpose, the interaction term between 
pain reliever misuse rate and year dummy variables is also included. To set year 2009 as a 
reference year (red line), the interaction term between year and pre-reformulation OxyContin 
misuse rate is excluded. Pre-period f-statistic presents the test results for whether we can reject 
that pre-reformulation estimates (2005-2008) are equal to the baseline estimate in 2009. Post -
period f-statistic shows the test result of whether we can reject the hypothesis that post-
reformulation estimates (2011-2015) are equal to the reference level in 2009. 
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Panel A. Black Male Victim Homicides Panel B. Black Male Victim Heroin 
Overdose Death 

  
Figure A.7 The impact of the OxyContin reformulation on Murders 

Notes: Outcome is the log of total black male victim homicides per 100,000 at the state-year-
level (Panel A, mean: 3.321) and the log of total black male heroin overdose death per 100,000 at 
the state-year-level (Panel B, mean:0.676) both without five states where the most-murder rate 
rising cities. These five cities are St. Louis (Missouri), Baltimore (Maryland), Detroit 
(Michigan), New Orleans (Louisiana), and Chicago (Illinois). These outcomes are calculated 
using data from the National Vital Statistics System. The y-axis in the figure represents the 
coefficients on the pre-reformulation OxyContin misuse rate, which is interacted with year 
dummy variables. The regression model for this figure can be found in equation (1) between 
2000 and 2017. The model is clustered at state-level. The regression model includes state and 
year-fixed effects. I control for several time-varying state characteristics, such as Prescription 
Drug Monitoring Program (PDMP) and marijuana policy adoption year, population, age, race, 
unemployment rate and education variables. For the same purpose, the interaction term between 
pain reliever misuse rate and year dummy variables is also included. To set year 2009 as a 
reference year (red line), the interaction term between year and pre-reformulation OxyContin 
misuse rate is excluded. Pre-period f-statistic presents the test results for whether we can reject 
that pre-reformulation estimates (2005-2008) are equal to the baseline estimate in 2009. Post -
period f-statistic shows the test result of whether we can reject the hypothesis that post-
reformulation estimates (2011-2015) are equal to the reference level in 2009. 

Post-Period F-stat:1.307  Pre-Period F-stat:1.375  

-.
5

0
.5

1
1.

5

E
st

im
a

te
d 

C
oe

ffi
ci

en
t f

or
 L

og
ge

d 
H

om
ic

id
es

 /1
00

,0
00

19
99

20
01

20
03

20
05

20
07

20
09

20
11

20
13

20
15

20
17

Year

Post-Period F-stat:1.136  Pre-Period F-stat:1.771  

-2
0

2
4

E
st

im
a

te
d 

C
oe

ffi
ci

en
t f

or
 L

og
ge

d 
H

om
ic

id
es

 /1
00

,0
00

19
99

20
01

20
03

20
05

20
07

20
09

20
11

20
13

20
15

20
17

Year



 

 57 

3. Is the Rise in Illicit Opioids Affecting Labor Supply and 
Disability Claiming Rates?89 

Introduction 
The opioid crisis in the United States is a national emergency.  In 2017 alone, more than 

70,000 individuals died of drug overdoses; almost 70% involved opioids (Scholl et al., 2019).  
There is widespread interest in understanding the broader effects of the opioid crisis beyond 
overdoses.  In particular, policymakers and researchers have expressed concern about its 
economic consequences and its implications for labor markets and social insurance programs10.   
There is evidence that the link between the crisis and the labor market may be especially strong, 
and the Federal Reserve Chairman Jerome Powell maintained that the opioid crisis is having a 
“substantial” effect on the United States economy11.    

 Complicating efforts to quantify the broader effects of the opioid crisis, the epidemic 
continues to evolve.  Before 2010, the “first wave” was driven primarily by misuse of natural and 
semi-synthetic opioids, such as OxyContin.  In 2010, a pivotal transformation produced a second 
wave, a heroin epidemic, which transitioned in 2013 into the third wave--an illicit fentanyl crisis.  
These waves can be observed in fatal overdose trends by opioid type, which are presented in 
Figure 1.  Recent research suggests that the transformation from prescription to illicitly 
manufactured opioids was driven by the reformulation of OxyContin.  In 2010, Purdue Pharma 
introduced an abuse-deterrent version of OxyContin, replacing the original formulation.  This 
replacement represented a substantial shock to the availability of abusable prescription opioids as 
OxyContin was often the “drug of choice” for non-medical users (Cicero et al., 2005).  Prior 
research has shown that states with higher rates of non-medical use of OxyContin experienced 
disproportionate growth in heroin overdose rates after reformulation (Alpert et al., 2018).  In 

 
8 This research was supported by the U.S. Social Security Administration through grant #5 DRC12000002-06 to the 
National Bureau of Economic Research as part of the SSA Disability Research Consortium.  The findings and 
conclusions expressed are solely those of the authors and do not represent the views of SSA, any agency of the Federal 
Government, or the NBER.  We also gratefully acknowledge financial support from CDC and NIDA (Grant #: 
R01CE02999 and P50DA046351).  We received helpful feedback from Abby Alpert, David Cutler, Kathleen Mullen, 
Austin Nichols, Rosalie Pacula, Mary Vaiana, and Jeff Wenger as well as participants at the 2019 Research and Disability 
Research Consortium Meeting.  John Jankowski provided help in accessing and calculating SSDI/SSI variables for some 
of the outcomes in this paper.  This project was approved by RAND’s IRB.   
9 Coauthored with David Powell (dpowell@rand.org) 
10 There have been Congressional hearings on the economic effects specifically: see https://www.govinfo.gov/content/pkg/CHRG-
115shrg26119/html/CHRG-115shrg26119.htm, last accessed July 8, 2019.    
There have also been broader policy discussions: see https://thehill.com/opinion/finance/392294-the-severe-economic-costs-of-the-
us-opioid-crisis, last accessed July 8, 2019 
11 https://www.cnbc.com/2019/07/10/jerome-powell-says-economic-impact-of-opioid-crisis-is-substantial.html, last accessed 
January 12, 2020. 
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recent years, widespread substitution to illicit opioids has only increased in importance (Pardo et 
al., 2019), leading to disproportionately fast growth in overdose death rates in states more 
exposed to reformulation (Powell and Pacula, 2021).    

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

To date, the literature on the labor supply impacts of the opioid crisis measures opioid 
exposure in terms of geographic prescribing rates and legal opioid supply.  In contrast, this paper 
examines the labor supply and disability insurance effects of the transition from prescription 
opioids to illicit opioids, drugs that are not measured in prescriptions.  This perspective is 
perhaps more relevant to the current state of the epidemic given that the opioid crisis continues to 
escalate despite a 60% drop in prescription opioid volume in the United States since 2011 
(IQVIA Institute, 2020).  More broadly, it is rare to study the labor supply and social insurance 
consequences of a large shock to the size of illicit drug markets12.       

We analyze how the reformulation of OxyContin affected labor market outcomes and 
applications for disability benefits.  As the supply of abusable prescriptions opioids decreased, 
people switched to illicit markets and these markets grew disproportionately in areas where 
OxyContin misuse had been more prevalent (Powell and Pacula, 2021).  Given evidence that 
OxyContin reformulation transformed the opioid crisis, it is important to understand how that 
transformation affected social insurance programs and the labor market.  Estimates of the 
productivity costs of illicit drug use in the literature are large.  Jiang et al. (2017) conclude that 
heroin use disorder alone in the United States results in over $5 billion of productivity losses 
annually.  In addition, a host of papers have explored the association between personal drug use 
and labor supply outcomes (e.g., Kaestner, 1994; Zarkin et al., 1998; MacDonald and Pudney, 
2000; French et al., 2001; DeSimone, 2002) or used policy variation to identify this relationship 

 
12 In fact, it is rare to observe exogenous shocks to the size of illicit drug markets and study the ramifications on any 
outcomes.  See Jacobson (2004) for an important exception. 
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(e.g., Nicholas and Maclean, 2019; Sabia and Nguyen, 2018).  We explore the direction and 
magnitude of effects from a broad market-wide shift from prescription opioids to illicit opioids. 

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

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

Second, there is significant policy interest in what drives increases in Social Security 
Disability Insurance (SSDI) and Supplemental Security Income (SSI) applications and 
enrollment, especially when these mechanisms are not more traditional factors predicting 
disability enrollment such as demographic shifts.  At $143 billion, SSDI represents 4% of the 
federal budget13.  Several papers have found that worsening local economic conditions predict 
increases in disability payments (Autor and Duggan, 2003; Black et al. 2002; Autor et al., 2013; 
Charles et al., 2018; Maestas et al., 2018).  However, there is little work exploring how the 
growth of illicit drug markets affects enrollment in disability insurance programs.      

At an individual level, substitution from OxyContin to heroin or fentanyl could affect an 
individual’s ability to function in the labor force given their potency and associated health risks 
(e.g., due to higher rates of injection use).  In addition, acquiring heroin may introduce 
individuals to illicit markets, which could have independent harmful consequences such as 
exposing them to criminal behavior or increasing risk of victimization.  Heroin use – relative to 
prescription opioid misuse – could also increase the propensity to fail drug tests, hurting 
employment prospects.  On the other hand, if reformulation induced some to stop misusing 

 
13 https://www.cbpp.org/research/retirement-security/policy-basics-social-security-disability-insurance, last accessed 
July 6, 2019 
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opioids entirely14 or reduced rates of initiation into opioid misuse, then we may observe 
beneficial outcomes.   

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

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

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

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

 
14 Cicero and Ellis (2015) suggest that this rate is low using results from a small survey, but this survey is for a very 
selected sample (153 participants enrolled in substance use treatment centers), which may not generalize to the broader 
population.  It also does not capture reductions in initiation since all participants in the survey had prior OxyContin 
misuse.   
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Although substance use disorders alone cannot be used as qualifying conditions for disability 
benefits, these results suggest that growth in illicit drug markets alters the labor market 
capabilities of those with other disabling conditions and/or worsens economic conditions for this 
population.  The literature has provided evidence that economic conditions can drive application 
rates and alter the size of disability insurance rolls.  This paper demonstrates that general 
equilibrium shocks to illicit drug markets can also affect demand for disability benefits.   

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

Disability Insurance in the United States 

The Social Security Disability Insurance (SSDI) and Supplemental Security Income (SSI) 
programs are the largest federal programs providing monetary and non-monetary support – such 
as health insurance – to people with disabilities in the United States.  In December 2017, 12.7 
million people ages 18-64 received disability benefits – 62% received SSDI benefits only, 28% 
received SSI benefits only, and 10% received benefits from both SSDI and SSI.15   SSDI is 
generally available to individuals with a sufficient work history while SSI is intended primarily 
for individuals with little work experience and is subject to asset thresholds.16    

When it began in 1956, SSDI provided benefits to people with disabling conditions, 
including those unable to work because of substance use disorders.  SSI, introduced in the Social 
Security Amendments of 1972, defined disabling conditions using similar guidelines.  However, 
with the introduction in 1997 of public law 104-121, substance use disorder beneficiaries became 
disqualified unless they also qualified under other disability requirements (Gresenz et al., 
1998).17   Since substance use does not disqualify individuals from receiving benefits, it may 
increase application rates if the substance use exacerbates other disabilities or reduces labor 
market opportunities.  Brucker (2007) estimates that a “substantial portion” of SSI/SSDI 
beneficiaries struggle with substance abuse, at rates much higher than the general population for 
drugs, suggesting considerable scope for large transitions in substance use to affect claiming 
rates.   

The SSA outlines several ways in which substance use may appropriately lead to higher 
allowance rates.18  For example, substance use may lead to a claimant acquiring a disabling 
impairment (e.g., contracting HIV through needle use) or it could cause permanent impairments 
(the SSA provides dementia and amnestic disorders as examples of such conditions), which 
qualify claimants for disability benefits.  Alternatively, there is substantial heterogeneity in the 
judgment of disability examiners (Maestas et al., 2013) and substance use may add variability to 
this decision process, potentially altering allowance rates.   

Similarly, shocks to the prevalence of substance abuse could change disability claiming rates 
through increased demand (e.g., due to poorer individual labor market prospects or broader labor 
market conditions) to reduce labor supply.  It is difficult to find exogenous shocks to illicit drug 
use so existing evidence is limited, and it is difficult to forecast these effects.  One important 

 
15 See Chart 12: https://www.ssa.gov/policy/docs/statcomps/di_asr/2017/di_asr17.pdf, last accessed June 2, 2019 
16 Children are also eligible for SSI and evaluated based on medically determinable physical and mental impairments.   
17 Moore (2015) studied the long-term effects of disqualification for those affected by this reform.   
18 See SSA’s “Policy Interpretation Ruling” for cases involving substance use, found here: 
https://www.ssa.gov/OP_Home/rulings/di/01/SSR2013-02-di-01.html, last accessed July 6, 2020. 
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exception in the literature is Maclean et al. (2019), who find that state medical marijuana laws, 
which increase access to marijuana, increase disability insurance claiming rates.19  

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

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

 

OxyContin Reformulation 

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

OxyContin had more than $3 billion in sales in 2010, making it one of the highest selling 
drugs in the United States (Bartholow, 2011).  It was also one of the leading drugs of abuse 
(Cicero et al., 2005).  Many experts have implicated OxyContin as a key driver of the opioid 
epidemic (e.g., Kolodny et al., 2015) and recent work concludes that its introduction explains a 
significant share of the growth in overdoses since 1996 (Alpert et al., 2019).   

In April 2010, Purdue Pharma introduced a reformulated version of OxyContin designed to 
make the drug more difficult to abuse.  The abuse-deterrent version uses physicochemical 
barriers to make the pill hard to break, crush, or dissolve.  The change increased the costs of 
misusing OxyContin while maintaining the medical benefits of the drug.  The reformulated 

 
19 Also relevant, Ghimire and Maclean (2020) conclude that medical marijuana laws reduce workers’ compensation 
claiming.   
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version can still be abused orally (i.e., taking higher doses than prescribed) and some users have 
found ways to counteract the abuse-deterrent properties of the new version.20   However, 
reformulation has been shown to decrease abuse rates.  In August 2010, Purdue Pharma stopped 
distributing the original formulation of OxyContin to pharmacies.   

Recent research has shown that replacing the original formulation with the abuse-deterrent 
version increased heroin overdose rates (Alpert et al., 2018; Evans et al., 2019), heroin-specific 
substance abuse treatment admissions (Alpert et al., 2018), and rates of infectious diseases 
(Powell et al., 2019; Beheshti, 2020).21   Instead of just shifting the exposed population from 
prescription opioid overdoses to illicit opioid overdoses, Powell and Pacula (2021) find that 
reformulation, over a longer time horizon, drastically increased overdose rates.  While initially 
there was possibly just a shift to illicit markets, this shift caused those markets to grow and 
innovate over time.   

While it is difficult to observe the number of consumers in illicit drug markets,22  Powell and 
Pacula (2021) find that exposure to reformulation is associated with increases in substance use 
treatment admissions for heroin (and opioids more broadly).  This relationship is even stronger 
for those without any prior treatment episodes, suggesting an increase in initiation into 
dependence even in recent years.  In addition, this work ties reformulation to growth in non-
opioid overdose deaths, such as cocaine, which is also consistent with exposure to potent illicit 
opioids among a new population.  Overall, the evidence suggests substantial market expansion 
due to reformulation.   

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

Data 
We conduct our analyses at the state level given that the availability of data sources.  We are 

specifically constrained by the measure of exposure to reformulation, which we only have at the 
state-level.23   While state boundaries likely do not appropriately define prescription or illicit 

 
20 Cicero and Ellis (2015) noted that the significant time effort required should deter use of these methods. 
21 Evans et al. (2020) find that reformulation increased rates of child abuse and neglect.   
22 Caulkins et al. (2015) report that the NSDUH severely and uniquely undercounts people using heroin. 
23 The NSDUH has sub-state identifying information available in Research Data Centers.  However, given the size of 
the NSDUH, the sample sizes for the counties or other sub-state geographies would be very small.  For example, most 
states have about 900 respondents (see Table 1.2 of SAMHSA (2019) for targeted sample sizes for 2005-2013) per year 
during our sample period.  Even after aggregating the 2004-2009 surveys, it would be difficult to calculate useful rates 
below the state level.  For example, with 900 respondents, a county in Georgia would have, on average, 5.7 respondents 
per year.   
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drug markets, performing the analysis at the state-level should not induce bias.  Aggregating to 
the state level is not problematic except for the loss of power, which is reflected in our standard 
errors.  We select on 2001-2015 since all data sources are available for these years.  

Labor Outcomes   

 
We study several complementary measures of labor supply.  First, we rely on data from the 

Bureau of Economic Analysis (BEA).24   The BEA provides state-level annual employment 
figures using data from the Current Employment Statistics (CES), discussed below, while adding 
information on employment in industries excluded from the CES (e.g., agriculture).  The BEA 
also collects information from Internal Revenue Service data to estimate sole proprietorships and 
nonfarm partners such that the final employment numbers include the self-employed.  We will 
also study industry-specific effects using BEA employment figures.   

 We also use the BEA’s measure of employee compensation.  Total employee 
compensation provides an additional measure of labor which nests a host of individual and firm-
level decisions such as hours worked and occupational choice.  The BEA compensation metric 
includes wages and salaries as well as the value of noncash benefits (e.g., employer contributions 
to health insurance and pension plans).25    

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

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

We also construct labor supply measures from the American Community Survey (ACS), an 
annual household survey.26   The ACS is self-reported, but we are able to construct labor 
outcomes by state of residence and study some additional measures, such as usual hours worked 

 
24 BEA data are often used in economic analyses (e.g., Acemoglu et al., 2016; Gittell et al., 2017; Maestas et al., 2016; 
McCully, 2014). 
25 See https://www.bea.gov/system/files/2019-12/Chapter-10.pdf (last accessed February 28, 2020) for details. 
26 We favor the ACS over the Current Population Survey (CPS) due its larger sample size.   
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per week.27   Usual hours per week is equal to zero for non-workers and, thus, incorporates both 
intensive and extensive labor supply behavior. 

  We also study earnings in the ACS, which we define as pre-tax wage and salary income 
plus self-employment income from businesses and farms.28   The annual labor outcomes in the 
ACS refer to the previous 12 months so we use the 2002-2016 samples to construct labor supply 
metrics for 2001-2015.29   The ACS permit us to study labor effects based on demographics such 
as gender, age, race, and education.  Overall, there are complementary benefits to each of these 
measures.   

Disability Insurance Measures   

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

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

The number of total allowances reflects people granted benefits whether their applications 
were initially approved or after one or more appeals.  According to conversations with the SSA, 
the number of total allowances could only be provided by calendar filing year.  Because the 
number of applications is provided at the fiscal year (which ends in October) and the number of 
total allowances is provided at the calendar year, there is a slight misalignment when these 

 
27 The weeks worked variable changes during our time period and only provides broad categories so we do not study 
“total hours worked for the year.”   
28 The earnings variables in the ACS are topcoded.  We use the values provided in the data.  The BEA compensation 
measure does not involve any topcoding, which is another advantage of the BEA data.    
29 This creates some misalignment.   
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measures are used together.  For the more recent years of data, some of the applications are still 
pending.  We calculate that 5.8% of 2015 applications are still pending.  This rate decreases to 
1.7% for 2014 and less than 1% for all prior years.   

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

It is possible that state agencies alter their determination decisions in response to the 
changing environment.  We cannot rule out this possibility, but the agents making these 
decisions have no incentive to alter their decision-making process due to economic conditions or 
changes in population health.  We interpret our results about the fraction of applicants receiving 
favorable determinations as indicating changes in the health of the applicants, but we cannot 
empirically rule out systematic reviewer-side behavioral changes.   

Finally, we will study the fraction of the 18-64 population receiving disability benefits (as of 
December in each year), also provided in the SSA Fiscal Year Disability Claim Data.  We 
highlight that changes in beneficiaries may reflect applications over, potentially, many years.  
Autor et al. (2015) report that for initial determinations, the median time to a decision is only 
three months.  Thus, we would potentially expect to observe some evidence of immediate (i.e., 
2010) effects if application rates quickly respond to reformulation given that most of these 
applications will receive decisions before the end of the year.  However, there is additional scope 
for lagged effects for this outcome since cases which are initially denied may take years upon 
appeal before receiving a favorable determination.30    

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

Nonmedical OxyContin and Pain Reliever Use   

To measure non-medical use of OxyContin and pain relievers, we use state-level data from 
the NSDUH, a nationally representative household survey of individuals ages 12 and older and 
the country’s largest annual survey collecting information on substance use. The survey provides 
information on “non-medical OxyContin use” within the past year beginning in 2004 as well as 
“non-medical pain reliever use.”  Alpert et al. (2018) found that non-medical OxyContin use was 
highly correlated with measures of oxycodone supply and OxyContin prescriptions.  The 
advantage of this measure is that it specifies both “nonmedical use” and “OxyContin.”  
Substitution to illicit opioids should depend on the interaction of these two properties since 

 
30 Autor et al. (2015) report that 10% of cases do not receive a final decision for over 37 months. 
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OxyContin reformulation was specific to OxyContin and did not affect the medical capabilities 
of the drug.    

Non-medical use is defined as use by individuals who either (a) were not originally 
prescribed the medication or (b) use such medications “only for the experience or feeling they 
caused.”31   Given the sensitive nature of pain reliever misuse, NSDUH provides respondents 
with a private and confidential way to respond to questions in an effort to increase honest 
reporting.32   Nevertheless, self-reported data on drug use are subject to some under-reporting 
error.  When constructing the non-medical use variables, we combine the 2004-2009 surveys to 
reduce measurement error.  We select these years because they precede the 2010 reformulation 
and are therefore untreated. Appendix Figure 1 provides a map of OxyContin misuse rates by 
state.   

Summary Statistics   

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

In Table 1, we provide summary statistics -- all dollar amounts in this paper are reported in 
2015 dollars -- based on initial OxyContin misuse for 2004-2009, dividing the sample into 
“above median” and “below median” states.  Alpert et al. (2018) showed that OxyContin misuse 
rates were uncorrelated with heroin overdose rates before reformulation.  Similarly, we observe 
little difference in pre-reformulation labor or disability outcomes based on OxyContin misuse.  
On almost all labor and disability-related outcomes, the two groups of states have nearly 
identical rates before 2010.   

We also repeat Figure 2 but split based on initial OxyContin misuse rates.  These can be seen 
in Appendix Figure 2.  Both sets of states experienced large reductions in the percentage working 
due to the Great Recession.  However, we observe stronger employment growth after 
reformulation in the low OxyContin misuse states, consistent with the main results below.  
Similarly, disability claiming falls much faster in low OxyContin misuse states after 
reformulation.  Our event study analysis below more formally tests the appropriateness of these 
comparisons between high and low misuse states.   Event studies help test for pre-existing trends; 

 
31 Specifically, the respondent is shown cards with the names of different types of pain relievers (including OxyContin) 
and photos of the pills.  They are asked to identify “which of the pain relievers…have you used when they were not 
prescribed for you or that you took only for the experience or feeling they caused?”   This section of the questionnaire is 
preceded by the following introduction, which further emphasizes non-medical use: “Now we have some questions 
about drugs that people are supposed to take only if they have a prescription from a doctor.  We are only interested in 
your use of a drug if the drug was not prescribed for you, or if you took the drug only for the experience or feeling it 
caused.” 
32 NSDUH collects data using audio computer-assisted self-interviewing (ACASI) in which respondents read or listen to 
the questions on headphones and respond using a NSDUH laptop computer, rather than to an interviewer. 
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notably, we also have similar pre-existing levels for our outcomes.  This property is an important 
feature for difference-in-differences designs (Kahn-Lang and Lang, 2019) and reduces concerns 
about mean reversion as a potential driver of the estimated effects.  

Empirical Strategy 
We adopt an event study empirical design, which estimates the relationship between initial 

OxyContin misuse and labor/disability outcomes in each year, normalized to 0 in 2009.  The 
specification is 

 

(1)  !!" = #! + %" + &" × ()*+,-.!#$% + /" × 0,12+.31.4.5+,-.!#$% + 6!"& 7 + 8!",  

 
 

where  !!" is a labor supply or disability outcome in state s and year t; ()*+,-.!#$% 

represents the fixed OxyContin misuse rate in state s in the pre-reformulation period (2004-

2009).  0,12+.31.4.5+,-.!#$% represents the fixed pain reliever misuse rate in state s in the pre-
reformulation period.  The effects of both misuse variables are permitted to vary by year.   

We include the pain reliever misuse variables to account for outcome changes related to pain 
reliever use more generally, isolating shifts that are unique to OxyContin misuse.  We also 
include a set of time-varying controls: the percentage white and non-Hispanic (from the 
Surveillance, Epidemiology, and End Results Program, SEER), percentage Hispanic (SEER), 
five age shares (18-24, 25-34, 35-44, 45-54, 55-64; SEER),33 four education shares (ACS),34 
percentage foreign born (ACS), and policy variables.  Our policy variables are whether the state 
has a “must access” PDMP, pain clinic regulations, and legal and operational medical marijuana 
dispensaries.35   

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

the &" estimates with 95% confidence intervals, adjusted for state-level clustering. 

Our main disability outcome – disability insurance applications – is provided at the fiscal 
year, which ends in October.  The removal of the original formulation of OxyContin occurred in 

 
33 These demographic shares are measured as a percentage of the 18-64 population. 
34 No high school degree, high school degree (but no college experience), some college, and college (4 year) degree. 
35 PDMP and pain clinic information comes from Prescription Drug Abuse Policy Surveillance.  Medical marijuana 
variables are provided by the RAND Marijuana Policy database (see Powell et al., 2018; Williams et al., 2019).   
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August.  Thus, there is a possibility of observing partial effects in 2010.36  The other outcomes, 
including other disability insurance outcomes, are calculated by calendar year so there is a longer 
“treated” period in 2010, though we still expect a muted effect in this year relative to subsequent 
years.  To summarize the results, we will often present the average post-reformulation effect, 
which we define as starting in the first full year post-reformulation: 

 
'
(∑ &:!)*'(

!+)*'' .  (2) 

 

We will also present the same metric for the pain reliever misuse variable (i.e., 
'
(∑ /;!)*'(

!+)*'' ).  

In general, we do not attach a meaning to these pain reliever misuse estimates since they reflect a 
host of policy and prescribing culture changes (unobserved to us) associated with pain reliever 
misuse.  Alpert et al. (2018) found evidence of relative reductions in heroin overdoses tied to the 
more general pain reliever misuse variable, consistent with systematic adoption of policies to 
reduce opioid-related harms in high misuse states.  Our goal in including the pain reliever misuse 
is simply to isolate the effect of OxyContin misuse since reformulation only affected OxyContin 
while most other policies or general attitudinal changes would impact pain relievers more 
broadly.     

We will estimate equation (1) using the log of the employment rate or other outcome.  We 
will also present results in which we use Poisson regression since it relaxes some of the 
assumptions implicit in a log-linear regression (see Santos-Silva and Tenreyo, 2006 for details) 
and does not impose additional assumptions on the relationship between the mean and the 
variance of the outcome like negative binomial regression and related estimators would.37  When 
using Poisson regression, the outcome is total employment (or total applications) and we use 
population (for the relevant age group) as the exposure variable.  In general, the magnitudes of 
the effects are much stronger when Poisson estimation is used.  We also provide OLS estimates 
in which the outcome is expressed in levels, not logs.   

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

 
 
 
 
 

 
36 It is possible that the removal of the original formulation had rather large immediate effects as people with 
dependence issues struggled to adapt.  
37 Ciani and Fisher (2018) discuss the appropriate of Poisson estimation in a difference-in-differences framework.   
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Results 

Labor Supply   

Main Labor Supply Outcomes 

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

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

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

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

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

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

Other Margins of Labor Supply 

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

 Next, we study full-time work and part-time work, defined as usual hours greater than or 
equal to 35 and 1-34, respectively.  The estimates for full-time work suggest larger effects on this 
margin than the overall working rate.  In Table 2, Panel A above, we estimated that a one 
standard deviation larger OxyContin misuse rate predicts a 0.3 percentage point38 reduction in 
the working rate (using Column 1, though the other estimates imply similar reductions).  A 
similar calculation, using estimates in Table 3, suggests a 0.4 percentage point reduction in full-
time work. 

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

 
38 We evaluate at the mean percentage of people working in the ACS for 2004-2009 (see Table 1). 
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Implications for Health Insurance Propensities 

The reduction in full-time work and employment may have large impacts on health insurance 
propensities in the population, which we can also explore using the ACS.  The ACS has asked 
about point-in-time health insurance status since 2008.  We present event studies in Appendix 
Figure 6.  While we have limited data to evaluate pre-treatment trends for this outcome, the 
limited evidence that we have is consistent with the patterns observed for our labor supply 
outcomes.  Beginning after reformulation, we observe differential reductions in the share of 
people with any health insurance (Panel A) and even larger reductions in employer-sponsored 
health insurance.  The average effects are presented in Table 4.  The estimates imply that a one 
standard deviation higher rate of exposure to reformulation reduced the percentage of people 
with health insurance by 0.4 percentage points.  The equivalent reduction in employer-sponsored 
health insurance was 0.6 percentage points.  The combination of results generally suggests that 
some people losing employer-sponsored health insurance found other types of coverage (e.g., 
Medicaid).   

 

Heterogeneity 

We use the ACS to study the share working for different demographic group to understand 
the heterogeneous impacts of reformulation.  Average effect estimates are presented in Appendix 
Figure 7.  We observe larger reductions in working rates due to reformulation for men relative to 
women, for whites relative to non-whites, for lower educated groups relative to higher educated 
groups,39 and for the under-50 age group relative to the 50+ age group.  These demographics 
tend to be more impacted by the opioid crisis (see Section 3.2 of Maclean et al., 2020 for a 
discussion) and were more affected by reformulation as measured by growth in heroin overdose 
death rates (see Table 3 of Alpert et al., 2018).  These results are potentially consistent with 
important individual-level reformulation effects as people misusing OxyContin shift to illicit 
markets and experience harmful outcomes resulting in poor labor consequences and overdoses.  
However, we cannot rule out general equilibrium effects.  We do estimate reductions for all sub-
groups, implying that we do not observe a specific demographic which benefitted (in terms of 
labor outcomes) from exposure to reformulation.40   

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

 
39 Our “higher educated” group is defined as having any years in college (or more).  This group is compared to people 
with, at most, a high school degree but no college experience.   
40 Of course, we cannot rule that such a demographic exists or that there are individuals which benefitted.   
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use BEA industry data to construct these measures.41,42  We use equation (2) to summarize our 
findings and present these average effect estimates (with 95% confidence intervals) in Appendix 
Figure 8.  The first estimate repeats the overall employment effect (from Table 2, Panel A, 
Column 1).  The largest effect (in magnitude) is for construction (statistically significant from 
zero at the 10% level), implying 10% reductions per percentage point of OxyContin misuse.  We 
estimate statistically significant reductions (at the 5% level) for wholesale trade, transportation, 
and service industries.  While we observe some heterogeneity, we estimate negative effects for 
the majority of industries.  Interestingly, we estimate a positive and statistically significant 
relationship with government jobs.43   

 

Disability Insurance   

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

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

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

 
41 A small number of state-year-industry combinations are suppressed because they have low employment totals, 
primarily in the agriculture and mining categories.  We use the overall employment totals minus the total of the available 
industry-specific numbers to calculate the total number of suppressed jobs.  We then use most recently observed 
fraction of jobs within that industry for that state to impute missing values.      
42 We aggregate agriculture with “forestry, fishing, and related activities.”  We also aggregate all service industries 
together.   
43 This positive effect might reflect increased government spending and employment during local downturns.   
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estimated effects suggest that the substitution to illicit markets has led to a meaningful increase 
in disability applicants. 

 We also study the log of the share of the 18-64 population that eventually received an 
allowance for disability benefits.  This metric provides additional information about whether the 
SSA state agency or appeals process determined that the person met the disability criteria and 
evidence on the downstream effects of changes in application rates.  Using administrative data, 
allowances are benchmarked to the calendar year in which the person applied.   

Figure 4, Panel B presents the event study results.  As before, we observe little evidence of 
pre-existing trends, followed by increases beginning in 2010.44  Jointly, the 2011-2015 estimates 
are statistically significant from zero at the 5% level.  The estimates decline in the last couple of 
years, potentially reflecting the increasing frequency of undecided cases for these years, a 
fraction of which may still receive favorable determinations in the future.45   

The post-reformulation estimates and implied level effects are smaller than the estimates in 
Panel A, suggesting that only a fraction of the new applicants due to reformulation were found to 
meet the SSA disability criteria.46  In 2014-2015, the estimates imply that a one standard 
deviation higher nonmedical OxyContin use predicts an increase in favorable determinations by 
3.5-5.3% (equivalent to an increase of about 0.03 percentage points).  However, we can 
statistically rule out that none of the new applicants met the SSA disability criteria.  The increase 
in allowances suggests that reformulation may have induced people with other disabling 
conditions to apply for disability insurance or it may have qualified some workers for benefits 
for reasons discussed in Section 2.1.   

 To better understand the Panel A and Panel B results, we study the fraction of adult 
applicants who eventually were approved for disability benefits.47  This statistic is benchmarked 
to the year of application.  One possibility is that reformulation increased application rates, but 
these new candidates were less likely to receive a favorable determination.  Alternatively, it is 
possible that reformulation worsened the health of applicants and increased favorable 
determination rates.   

          We present the event study estimates in Panel C.  We do not observe a systematic 
relationship after reformulation for this metric.  The results suggest that reformulation increased 
disability application rates with little meaningful change in the determination rate conditional on 

 
44 The 2010 increase here is larger than the 2010 increase observed in Panel A relative to the other post-reformulation 
estimates.  This is likely because years are defined as calendar years in Panel B so more of 2010 is “treated.” 
45 As noted above, the rate of undetermined applications is low in our sample period so this factor likely only partially 
explains the slight decline in 2014-2015. 
46 Since we are estimating proportional effects, the smaller estimates combined with the smaller base for this outcome 
suggest smaller level effects.   
47 We construct a calendar year imputation of the number of applicants using a weighted average of the fiscal year 
numbers.   
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applying.  Together, these factors generated an increase in the share of the eligible population 
receiving benefits. 

 Finally, we study the percentage of the 18-64 population receiving disability benefits (in 
December of each year).  This outcome is not benchmarked to the year of application but, 
instead, reflects the downstream ramifications of the increased rate of applications and favorable 
determinations on the overall percentage of people enrolled in disability insurance.  Panel D 
presents the event study estimates.  We observe little evidence of any pre-existing trends 
followed by a gradual increase over time after reformulation.48  The estimates imply that a one 
standard deviation higher rate of OxyContin misuse led to 2% higher rate of beneficiaries in 
2015 (equivalent to a 0.1 percentage point increase of the 18-64 population receiving benefits).   

Disability Diagnostic Groups  

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

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

We first present results for mental disorders (e.g., mood disorders, schizophrenic and other 
psychotic disorders).  In aggregate, mental disorders were the most prevalent diagnostic group in 
2015.   Adults with mental health conditions are substantially more likely to receive opioid 
prescriptions (Davis et al., 2017) and misuse opioids (Feingold et al., 2018).  We present the 
results in Figure 5A.  We find some evidence of a downward trend in the earlier years of the 

 
48 There is some evidence of an immediate jump in 2010, which would be consistent with reformulation inducing a 
sudden and drastic shock to people misusing OxyContin, leading them to immediately apply for benefits.  Given the 
average time to a decision (discussed earlier), many of these applicants would be beneficiaries by December.  However, 
we note that the 2010 estimates in Figure 4 are (generally) not statistically significant from zero and imply very small 
effects. 
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sample, though it flattens for 2007-2009.  We then observe a differential increase in beneficiaries 
with mental health diagnoses beginning after 2011.  This relationship steadily increases through 
the end of the sample, though the total increase is relatively modest.  We can reject that the 2011-
2015 estimates are jointly equal to 0 (p-value = 0.01). 

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

Next, we examine diseases of the nervous system, the third most common diagnostic 
category in 2015.  Opioid misuse is associated with the development of short- and long-term 
neurological diseases (Finsterer and Stöllberger, 2016).  We present the results in Panel C.  The 
pattern of estimates is similar to those observed for musculoskeletal conditions, though the 
magnitudes are smaller.  We can reject that the 2011-2015 estimates are jointly equal to 0 (p-
value < 0.01). 

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

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

Discussion  

We observe labor supply and disability insurance effects beginning rather soon after 
reformulation, implying that reformulation induced a quick but persistent and growing response.  
The timing also suggests that we are not observing the long-term effects of OxyContin misuse 
itself.  OxyContin misuse rates are highly persistent at the state-level (Alpert et al., 2018).  High 
misuse states in 2008-2009 had high rates of misuse in 2004-2005 and likely before.  It is 
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unlikely that this misuse generated no independent effects for 5+ years, followed by sudden large 
effects in 2010.49   

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

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

We estimate that a one standard deviation increase in pre-reformulation OxyContin misuse is 
associated with a post-reformulation rise in disability applications of 7%.  Evaluated at the pre-
reformulation mean, this effect implies an additional nine adults per 10,000 applied for disability 
insurance because of the additional exposure to reformulation.  Maestas et al. (2018) study the 
relationship between the unemployment rate and SSDI claiming rates during the Great 
Recession, concluding that each percentage point rise in the unemployment rate leads to a 3.3% 
increase in claims.  Thus, a standard deviation higher rate of exposure to reformulation led to 
disability claiming increases on the order of a 1.8 percentage point increase in the unemployment 
rate during the Great Recession.     

While the literature typically studies changes in legal opioid supply, it is useful to try to 
benchmark the estimates here with those found in the literature.  Beheshti (2019) concludes that 
a 10% reduction in hydrocodone prescriptions leads to a 0.2 percentage point increase in labor 
force participation.50  Krueger (2017) estimates that a 10% increase in opioid prescriptions 
decreases labor force participation by 0.11-0.14 percentage points while Aliprantis et al. (2019) 
find stronger relationships between 0.15 and 0.47 percentage points (depending on specification 
and sample).    

For a comparable calculation, we focus on the rise in illicit opioids since the start of the 
fentanyl crisis.  Our results suggest that each 10% increase in exposure to reformulation (and the 

 
49 Further note that if OxyContin misuse did generate this odd pattern independent of reformulation, then we would 
expect to see similar effects related to pain reliever misuse.  We do not observe such effects, even attenuated ones.  
Instead, these estimates associated with pain reliever misuse are generally the opposite sign. 
50 On page 19, Beheshti (2019) reports that a 22% decrease (one standard deviation) in hydrocodone prescriptions leads 
to a 0.44 percentage point increase in the labor force participation rate. 
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accompanying rise in illicit drug markets) decreased employment-to-population ratios by 0.14 
percentage points.51  Thus, we are generally finding results closer to the bottom of the 
distribution of estimates in the literature studying the effects of legal opioid supply differences.   

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

We find that pre-reformulation level of pain reliever misuse predicts changes in labor and 
disability outcomes in the opposite direction of the nonmedical OxyContin use variable, 
consistent with the findings in Alpert et al. (2018), which concludes that states with higher levels 
of pain reliever misuse were systematically addressing opioid access and its downstream 
consequences around this time period.  One exception to the opposite direction of the misuse 
estimates is the results for the share of 18-64 years receiving disability benefits (Table 6, Panel 
D).  In this case, both estimates are positive.  While most of our outcomes are point-in-time 
measurements, this outcome represents one of the few stock variables.  The positive (though not 
statistically significant from zero) relationship here likely reflects that states with high and 
growing52 rates of pain reliever misuse in 2004-2009 may experience increases in applications 
during that time period which have a steady and lagged effect (since some applications require 
appeals and take a long time to receive a favorable determinations) on the number of 
beneficiaries in the state.  This mechanism does not explain the OxyContin effect for this 
variable given the lack of such a trend in Figure 4D. 

Sensitivity Analyses  

Our main results suggest that disability insurance applications and enrollment differentially 
increased in states with higher pre-reformulation rates of OxyContin misuse while labor supply 
decreased.  These shifts happens exactly when we would expect if reformulation were the 
initiating force, and there is little evidence of confounding pre-trends.   

The main results are also robust to functional form considerations as the implied effects are 
similar whether we use a log-linear specification, a linear specification, or an exponential 
specification.  Additionally, the opioid crisis has evolved quite differently in different regions of 
the country (Abouk et al., 2019).  The estimates appear robust to including region-time 
indicators.  We study the geographic effects further by conditioning on Census division-year 

 
51 For this calculation, we use the mean employment rate of 74.5% and that a 10% increase in OxyContin misuse is 
equal to 0.057 percentage points.  The average employment effect for 2011-2015 is -0.032 (statistically significant at the 
5% level).   
52 States with high rates of nonmedical use in 2004-2009, on average, have faster growth in misuse during the 2004-2009 
time period too.  That is partially why they have high level rates of misuse.   
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interactions.53  We estimate a log-linear model, Poisson model, and a linear model with these 
additional controls.  We present estimates for the percentage of people working and applying for 
disability in Appendix Table 2.   

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

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

In Appendix Figure 9, we include additional sensitivity tests.  We focus on the employment-
to-population ratio (using the BEA data) and the disability application rate for these tests.  We 
consider the role of differential shocks to underlying economic conditions.  Betz and Jones 
(2018) find that overdose death rates respond to labor demand shocks using a Bartik-style 
instrument (Bartik, 1991; Blanchard and Katz, 1992).  We construct a similar variable, predicting 
the share working by interacting baseline (2001) state-specific industry shares with national 
(subtracting out each state's own growth) industry-level growth.  We present the event studies in 
Panels A and B of Appendix Figure 12.  In addition, Charles et al. (2019) consider the role of the 
decline in manufacturing employment in the United States and also find a relationship with 
overdose deaths.  We construct a similar Bartik-type instrument for manufacturing employment 
specifically and control for this measure as well.  These results are provided in Panels C and D.  
The Bartik predictions do not meaningfully affect the results, suggesting that the main results of 
this paper are not driven by confounding economic shocks.   

 
 

 
53 There are nine Census divisions. 
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Conclusion 
There is considerable interest in understanding the ramifications of the ongoing opioid crisis 

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

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

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

Disability claiming rates are also of special interest given the importance of understanding 
drivers of disability applications due to their significance in terms of federal expenditures and 
because they represent sizable and near-permanent reductions in the size of the labor force.  
There is considerable demand from policymakers for evidence about the consequences of the 
opioid crisis on the social safety net, but the literature has rarely studied this relationship.   

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

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



 

 83 

References for Chapter 3 
 

Abouk, Rahi, Ali Moghtaderi, Lorens A. Helmchen, and Jesse Pines. "Did the ACA 
Medicaid Expansions Fuel the Opioid Epidemic?" Available at SSRN 3368434 (2019). 

Acemoglu, Daron, David Autor, David Dorn, Gordon H. Hanson, and Brendan Price. 
"Import competition and the great US employment sag of the 2000s." Journal of Labor 

Economics 34, no. S1 (2016): S141-S198. 

Aliprantis, Dionissi, Kyle Fee, and Mark E. Schweitzer. "Opioids and the Labor Market."  
(2019). https://www.clevelandfed.org/en/newsroom-and-events/publications/working-
papers/2019-working-papers/wp-1807r-opioids-and-labor-market.aspx 

Alpert, Abby E., William N. Evans, Ethan MJ Lieber, and David Powell. Origins of the 

Opioid Crisis and Its Enduring Impacts. No. w26500. National Bureau of Economic Research, 
2019. 

Alpert, Abby, David Powell, and Rosalie Liccardo Pacula. "Supply-side drug policy in the 
presence of substitutes: Evidence from the introduction of abuse-deterrent opioids." American 

Economic Journal: Economic Policy 10, no. 4 (2018): 1-35. 

Autor, David H., and Mark G. Duggan. "The rise in the disability rolls and the decline in 
unemployment." The Quarterly Journal of Economics 118, no. 1 (2003): 157-206. 

Autor, David H., David Dorn, and Gordon H. Hanson. "The China syndrome: Local labor 
market effects of import competition in the United States." American Economic Review 103, no. 
6 (2013): 2121-68. 

Autor, David H., Nicole Maestas, Kathleen J. Mullen, and Alexander Strand. Does delay 

cause decay? The effect of administrative decision time on the labor force participation and 

earnings of disability applicants. No. w20840. National Bureau of Economic Research, 2015. 

Bartholow, Michael. "Top 200 drugs of 2010." Pharmacy Times 77, no. 5 (2011): 52. 

Bartik, Timothy J. "Who benefits from state and local economic development policies?" 
W.E. Upjohn Institute for Employment Research (1991). 

Becker, William C., and David A. Fiellin. "Abuse-deterrent opioid formulations—putting the 
potential benefits into perspective." New England Journal of Medicine 376, no. 22 (2017): 2103-
2105. 

Beheshti, David. "Adverse health effects of abuse‐deterrent opioids: Evidence from the 
reformulation of OxyContin." Health Economics 28, no. 12 (2019): 1449-1461.  

Beheshti, David. "The Impact of Opioids on the Labor Market: Evidence from Drug 
Rescheduling." Working Paper (2019).  

Betz, Michael R., and Lauren E. Jones. "Wage and employment growth in America’s drug 
epidemic: Is all growth created equal?" American Journal of Agricultural Economics 100, no. 5 
(2018): 1357-1374. 



 

 84 

 
Black, Dan, Kermit Daniel, and Seth Sanders. "The impact of economic conditions on 

participation in disability programs: Evidence from the coal boom and bust." American 

Economic Review 92, no. 1 (2002): 27-50. 

Blanchard, Olivier and Lawrence F. Katz. "Regional evolutions." Brookings Papers on 

Economic Activity, Economic Studies Program, The Brookings Institution 23, no. 1 (1992). 

Brucker, Debra. "Estimating the prevalence of substance use, abuse, and dependence among 
Social Security Disability benefit recipients." Journal of Disability Policy Studies 18, no. 3 
(2007): 148-159. 

Bütikofer, Aline, and Meghan M. Skira. "Missing Work Is a Pain The Effect of Cox-2 
Inhibitors on Sickness Absence and Disability Pension Receipt." Journal of Human Resources 
53, no. 1 (2018): 71-122. 

 
Butler, Stephen F., Theresa A. Cassidy, Howard Chilcoat, Ryan A. Black, Craig Landau, 

Simon H. Budman, and Paul M. Coplan. "Abuse rates and routes of administration of 
reformulated extended-release oxycodone: initial findings from a sentinel surveillance sample of 
individuals assessed for substance abuse treatment." The Journal of Pain 14, no. 4 (2013): 351-
358. 

Charles, Kerwin Kofi, Erik Hurst, and Mariel Schwartz. "The transformation of 
manufacturing and the decline in US employment." NBER Macroeconomics Annual 33, no. 1 
(2019): 307-372. 

Charles, Kerwin Kofi, Yiming Li, and Melvin Stephens Jr. "Disability benefit take-up and 
local labor market conditions." Review of Economics and Statistics 100, no. 3 (2018): 416-423. 

Ciani, Emanuele, and Paul Fisher. "Dif-in-dif estimators of multiplicative treatment effects." 
Journal of Econometric Methods 8, no. 1 (2018). 

Ciccarone, Daniel. "Fentanyl in the US heroin supply: a rapidly changing risk environment." 
The International Journal on Drug Policy 46 (2017): 107-111. 

Cicero, Theodore J., and Matthew S. Ellis. "Abuse-deterrent formulations and the 
prescription opioid abuse epidemic in the United States: lessons learned from OxyContin." 
JAMA Psychiatry 72, no. 5 (2015): 424-430. 

Cicero, Theodore J., James A. Inciardi, and Alvaro Muñoz. "Trends in abuse of OxyContin® 
and other opioid analgesics in the United States: 2002-2004." The Journal of Pain 6, no. 10 
(2005): 662-672. 

Currie, Janet, Jonas Jin, and Molly Schnell. "US Employment and Opioids: Is There a 
Connection?" In Health and Labor Markets, pp. 253-280. Emerald Publishing Limited, 2019. 

Davis, Matthew A., Lewei A. Lin, Haiyin Liu, and Brian D. Sites. "Prescription opioid use 
among adults with mental health disorders in the United States." The Journal of the American 

Board of Family Medicine 30, no. 4 (2017): 407-417. 



 

 85 

Deiana, Claudio, and Ludovica Giua. "The US Opioid Epidemic: Prescription Opioids, 
Labour Market Conditions and Crime." Working Paper (2019). 

DeSimone, Jeff. "Illegal drug use and employment." Journal of Labor Economics 20, no. 4 
(2002): 952-977. 

Evans, Mary F., Matthew Harris, and Lawrence Kessler. "The Hazards of Unwinding the 
Prescription Opioid Epidemic: Implications for Child Abuse and Neglect." Available at SSRN 

3582060 (2020). 

Evans, William N., Ethan MJ Lieber, and Patrick Power. "How the reformulation of 
OxyContin ignited the heroin epidemic." Review of Economics and Statistics 101, no. 1 (2019): 
1-15. 

Feingold, Daniel, Silviu Brill, Itay Goor-Aryeh, Yael Delayahu, and Shaul Lev-Ran. "The 
association between severity of depression and prescription opioid misuse among chronic pain 
patients with and without anxiety: a cross-sectional study." Journal of Affective Disorders 235 
(2018): 293-302. 

Finsterer, Josef, and Claudia Stöllberger. "Neurological Abnormalities in Opiate Addicts." 
In Neuropathology of Drug Addictions and Substance Misuse, pp. 947-955. Academic Press, 
2016. 

Franco, Armando, Zachary Wagner, and Christopher M. Whaley.  “Doped up or Dropped 
Out: The Effects of Opioid Use on Workplace Absences.”  Working Paper (2019). 

French, Michael T., M. Christopher Roebuck, and Pierre Kebreau Alexandre. "Illicit drug 
use, employment, and labor force participation." Southern Economic Journal (2001): 349-368. 

French, Eric, and Jae Song. "The effect of disability insurance receipt on labor 
supply." American Economic Journal: Economic Policy 6, no. 2 (2014): 291-337. 

Garthwaite, Craig L. "The economic benefits of pharmaceutical innovations: The case of 
Cox-2 inhibitors." American Economic Journal: Applied Economics 4, no. 3 (2012): 116-37. 

 
General Accounting Office (GAO). Prescription drugs OxyContin abuse and diversion and 

efforts to address the problem: report to Congressional requesters. DIANE Publishing, 2003. 

Ghimire, Keshar M., and Johanna Catherine Maclean. "Medical marijuana and workers' 
compensation claiming." Health Economics (2020). 

 
Gittell, Ross, Jon D. Samuels, and Edinaldo Tebaldi. "The Contribution of Associate's 

Degree Holders to US Earnings, Labor Quality, Productivity, and Overall Economic 
Growth." Southern Economic Journal 84, no. 2 (2017): 600-636. 

 
Goodnough, Abby and Katie Zezima. “Drug is harder to abuse, but users persevere.” New York 

Times, June 15, 2011.  



 

 86 

Gresenz, Carole Roan, Katherine Watkins, and Deborah Podus. "Supplemental security income 
(SSI), disability insurance (DI), and substance abusers." Community Mental Health Journal 34, 
no. 4 (1998): 337-350. 

Harris, Matthew C., Lawrence M. Kessler, Matthew N. Murray, and Beth Glenn. 
"Prescription Opioids and Labor Market Pains: The Effect of Schedule II Opioids on Labor 
Force Participation and Unemployment." Journal of Human Resources (2019): 1017-9093R2. 

IQVIA Institute.  “Prescription Opioid Trends in the United States” (2020).  
https://www.iqvia.com/insights/the-iqvia-institute/reports/prescription-opioid-trends-in-the-
united-states (last accessed December 29, 2020). 

Jacobson, Mireille. "Baby booms and drug busts: Trends in youth drug use in the United 
States, 1975–2000." The Quarterly Journal of Economics 119, no. 4 (2004): 1481-1512. 

Jiang, Ruixuan, Inyoung Lee, Todd A. Lee, and A. Simon Pickard. "The societal cost of 
heroin use disorder in the United States." PloS one 12, no. 5 (2017): e0177323. 

Kaestner, Robert. "The Effect of Illicit Drug Use on the Labor Supply of Young Adults." 
Journal of Human Resources (1994): 126-155. 

Kaestner, Robert, and Engy Ziedan. Mortality and socioeconomic consequences of 

prescription opioids: Evidence from state policies. No. w26135. National Bureau of Economic 
Research, 2020. 

Kahn-Lang, Ariella, and Kevin Lang. "The Promise and Pitfalls of Differences-in-
Differences: Reflections on 16 and Pregnant and Other Applications." Journal of Business & 

Economic Statistics (2019): 1-14. 

Kilby, Angela. "Opioids for the masses: welfare tradeoffs in the regulation of narcotic pain 
medications." Cambridge: Massachusetts Institute of Technology (2015). 

Kolodny, Andrew, David T. Courtwright, Catherine S. Hwang, Peter Kreiner, John L. Eadie, 
Thomas W. Clark, and G. Caleb Alexander. "The prescription opioid and heroin crisis: a public 
health approach to an epidemic of addiction." Annual Review of Public Health 36 (2015): 559-
574. 

Krueger, Alan B. "Where have all the workers gone? An inquiry into the decline of the US 
labor force participation rate." Brookings Papers on Economic Activity 2017, no. 2 (2017): 1. 

Liebman, Jeffrey B. "Understanding the increase in disability insurance benefit receipt in the 
United States." Journal of Economic Perspectives 29, no. 2 (2015): 123-50. 

MacDonald, Ziggy, and Stephen Pudney. "Illicit drug use, unemployment, and occupational 
attainment." Journal of Health Economics 19, no. 6 (2000): 1089-1115. 

Maclean, Johanna Catherine, Keshar M. Ghimire, and Lauren Hersch Nicholas. "Medical 
marijuana laws and disability applications, receipts, and terminations." National Bureau of 
Economic Research Working Paper No. 23862 (2019). 



 

 87 

Maclean, Catherine, Justine Mallatt, Christopher J. Ruhm, and Kosali Simon. "Review of 
Economic Studies on the Opioid Crisis." NBER Working Paper w28067 (2020). 

Maestas, Nicole, Kathleen J. Mullen, and David Powell. The effect of population aging on 

economic growth, the labor force and productivity. No. w22452. National Bureau of Economic 
Research, 2016. 

Maestas, Nicole, Kathleen J. Mullen, and Alexander Strand. "Does disability insurance 
receipt discourage work? Using examiner assignment to estimate causal effects of SSDI 
receipt." American Economic Review 103, no. 5 (2013): 1797-1829. 

Maestas, Nicole, Kathleen J. Mullen, and Alexander Strand. The effect of economic 

conditions on the disability insurance program: Evidence from the Great Recession. No. 
w25338. National Bureau of Economic Research, 2018. 

McCully, Clinton P. "Integration of Micro-and Macrodata on Consumer Income and 
Expenditures." In Measuring Economic Sustainability and Progress, pp. 137-179. University of 
Chicago Press, 2014. 

Moore, Timothy J. "The employment effects of terminating disability benefits." Journal of 

Public Economics 124 (2015): 30-43. 

Mueller, Andreas I., Jesse Rothstein, and Till M. Von Wachter. "Unemployment insurance 
and disability insurance in the Great Recession." Journal of Labor Economics 34, no. S1 (2016): 
S445-S475. 

Nicholas, Lauren Hersch, and Johanna Catherine Maclean. "The effect of medical marijuana 
laws on the health and labor supply of older adults: Evidence from the Health and Retirement 
Study." Journal of Policy Analysis and Management 38, no. 2 (2019): 455-480. 

Pardo, Bryce, Jonathan P. Caulkins, Beau Kilmer, Rosalie Liccardo Pacula, Peter Reuter, and 
Bradley D. Stein. "The Synthetic Opioid Surge in the United States." (2019). 
https://www.rand.org/pubs/research_reports/RR3116.html 

Powell, David, Abby Alpert, and Rosalie L. Pacula. "A Transitioning Epidemic: How The 
Opioid Crisis Is Driving The Rise In Hepatitis C." Health Affairs 38, no. 2 (2019): 287-294. 

Powell, David, Rosalie Liccardo Pacula, and Mireille Jacobson. "Do medical marijuana laws 
reduce addictions and deaths related to pain killers?" Journal of Health Economics 58 (2018): 
29-42. 

Powell, David and Rosalie Liccardo Pacula.  “The evolving consequences of OxyContin 
reformulation on drug overdoses.”  American Journal of Health Economics, 2021. 

Ruhm, Christopher J. "Corrected US opioid‐involved drug poisoning deaths and mortality 
rates, 1999–2015." Addiction 113, no. 7 (2018): 1339-1344. 

Sabia, Joseph J., and Thanh Tam Nguyen. "The effect of medical marijuana laws on labor 
market outcomes." The Journal of Law and Economics 61, no. 3 (2018): 361-396. 



 

 88 

Santos Silva, JMC, and Silvana Tenreyro. "The log of gravity." The Review of Economics 

and Statistics 88, no. 4 (2006): 641-658. 

Savych, Bogdan, David Neumark, and Randall Lea. "Do opioids help injured workers 
recover and get back to work? The impact of opioid prescriptions on duration of temporary 
disability." Industrial Relations: A Journal of Economy and Society 58, no. 4 (2019): 549-590. 

Schnell, Molly. Physician behavior in the presence of a secondary market: The case of 

prescription opioids. Mimeo, University of Princeton, 2017. 

Scholl, Lawrence, Puja Seth, Mbabazi Kariisa, Nana Wilson, and Grant Baldwin. "Drug and 
opioid-involved overdose deaths—United States, 2013–2017." Morbidity and Mortality Weekly 

Report 67, no. 5152 (2019): 1419. 

Substance Abuse and Mental Health Services Administration (SAMHSA).  “2018 National 
Survey on Drug Use and Health Methodological Resource Book” (2019).  
https://www.samhsa.gov/data/sites/default/files/cbhsq-
reports/NSDUHmrbSampleDesign2018/NSDUHmrbSampleDesign2018.pdf 
 

Van Zee, Art. "The promotion and marketing of OxyContin: commercial triumph, public 
health tragedy." American Journal of Public Health 99, no. 2 (2009): 221-227. 

 
Williams, Jenny, Rosalie Liccardo Pacula, and Rosanna Smart. De Facto or De Jure? Ethnic 

Differences in Quit Responses to Legal Protections of Medical Marijuana Dispensaries. No. 
w25555. National Bureau of Economic Research, 2019. 

Zarkin, Gary A., Thomas A. Mroz, Jeremy W. Bray, and Michael T. French. "The 
relationship between drug use and labor supply for young men." Labour Economics 5, no. 4 
(1998): 385-409. 

  



 

 89 

Figures and Tables 

Figures 

       
 

 

Figure 1: National Fatal Overdose Rate Trends 

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

Source: National Vital Statistics System 
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Figure 2: National Time Series Trends in Percentage of Population Applying for Disability 
Insurance and Percentage Working  
Source: SSA Fiscal Year Disability Claims Data and Bureau of Economic Analysis.  The percentage of disability 
applications is scaled by the 18-64 population while percentage working is the number of workers divided by the size 
of the 16+ population. 
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A. Per Capita Employment (BEA)  B. Per Capita Employee Compensation 

 

 

   
C. Per Capita Employment (CES)   D. % Worked (ACS) 

 

 

Figure 3: Non-Medical OxyContin Use Event Study Estimates for Labor Supply 
Notes: 95% confidence intervals adjusted for state-level clustering.  Outcome is the log of total employment scaled 
by the size of the 16+ population (Panel A) and the log of total employee compensation divided by the 16+ 
population (Panel B).  These outcomes are calculated using data from the Bureau of Economic Analysis.  The 
outcome in Panel C is the log of nonfarm employment divided by the 16+ population using CES data.  The outcome 
in Panel D is the log of the percentage of the 16+ population in the ACS reporting that they worked during the year.   

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

 

 

   
C. Favorable Determinations Per Application  D. Beneficiaries Per Capita 

 

 

Figure 4: Non-Medical OxyContin Use Event Study Estimates for Disability Outcomes 
Notes: 95% confidence intervals adjusted for state-level clustering.  Outcome is the log of new applications scaled 
by size of the 18-64 population (Panel A).  This outcome is calculated using the SSA Fiscal Year Disability Claim 
data set.  The outcome in Panel B is the log of favorable determinations scaled by the 18-64 population, calculated 
using data from Disability Research File Reporting Service Cubes.  The outcome in Panel C is the log of favorable 
determinations scaled by the number of applications.  The outcome in Panel D is the log of the total number of 
beneficiaries scaled by the 18-64 population, using data from the SSA Fiscal Year Disability Claim data set.   

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

 

  

 

C. Nervous System      D. Neoplasms 

 

Figure 5: Non-Medical OxyContin Use Event Study Estimates for Percent Adults Receiving 
Disability Benefits for the Listed Diagnostic Condition 
Notes: 95% confidence intervals adjusted for state-level clustering.  Outcome is log of beneficiaries for the listed 
diagnostic condition scaled by the 18-64 population.  These outcomes are calculated using data from the Annual 
Statistical Report on the Social Security Disability Insurance Program.  The 2004-2009 means are 1.5% for Panel A, 
1.0% for Panel B, 0.4% for Panel C, and 0.1% for Panel D. 

The estimates reported in the figures are the coefficients on the pre-reformulation Non-Medical OxyContin Use rate 
interacted with calendar year indicators.  The 2009 interaction is excluded and the corresponding estimate is 
normalized to 0.  The estimated specification is represented by equation (1).  The specification includes state and 
time fixed effects as well as time-varying controls: five age share variables, % white and non-Hispanic, % Hispanic, 
four education share variables, % foreign-born, and policy variables.  Our policy variables are whether the state has 
a “must access” PDMP, pain clinic regulations, and legal and operational medical marijuana dispensaries.  We also 
jointly estimate effects for pain reliever misuse interacted with year indicators.   
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 Tables 
 
Table 1: Summary Statistics for 2004-2009 

 

Notes: All statistics are population weighted.  BEA, CES, and ACS outcomes scaled by 16+ population.  Disability 
Insurance outcomes scaled by 18-64 population, except for Favorable Determination Rate (which is number of 
favorable determinations scaled by number of applications).  All dollar amounts are expressed in 2015 dollars.  BEA 
= Bureau of Economic Analysis; CES = Current Employment Statistics; ACS = American Community Survey; SSA 
refers Social Security Administration data; SEER refers to population data from Surveillance, Epidemiology, and 
End Results Program; NSDUH = National Survey on Drug Use and Health.  The SSA data are from the SSA Fiscal 
Year Disability Claim Data, the Disability Research File Reporting Service Cubes, or a calculation using both SSA 
data sets.  Demographics are expressed as a percentage of the 18-64 population. 
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Table 2: Average Effect Estimates for Aggregate Labor Supply Outcomes 

 

Notes: ***1% significance, **5% significance, *10% significance.  All models include state and time fixed effects 
plus covariates mentioned in notes of Figure 3.  Estimates presented are average effects for each pre-reformulation 
misuse variable using equation (2).  Region refers to the 4 Census regions.  When Poisson estimation is used, the 
outcome is the total and population is used as an exposure variable.  N=765.  

Panel A Outcome:
(1) (2) (3) (4)

OxyContin Misuse -0.032** -0.043*** -0.05*** -2.194**
(0.015) (0.015) (0.014) (1.059)

Pain Reliever Misuse 0.004 0.01** 0.007 0.263
(0.004) (0.005) (0.005) (0.311)

Region-Time Dummies? No Yes No No
OLS/Poisson OLS OLS Poisson OLS 

Outcome Log Log Total Level

Panel B Outcome:
(1) (2) (3) (4)

OxyContin Misuse -0.069*** -0.085*** -0.108*** -2519***
(0.025) (0.029) (0.022) (914)

Pain Reliever Misuse 0.013* 0.02** 0.014** 0.377
(0.007) (0.008) (0.006) (0.249)

Region-Time Dummies? No Yes No No
OLS/Poisson OLS OLS Poisson OLS 

Outcome Log Log Total Level

Panel C Outcome:
(1) (2) (3) (4)

OxyContin Misuse -0.028** -0.039** -0.041*** -1.291
(0.014) (0.016) (0.011) (0.776)

Pain Reliever Misuse 0.006 0.012** 0.005 0.279
(0.004) (0.006) (0.004) (0.245)

Region-Time Dummies? No Yes No No
OLS/Poisson OLS OLS Poisson OLS 

Outcome Log Log Total Level

Panel D Outcome:
(1) (2) (3) (4)

OxyContin Misuse -0.019** -0.019* -0.024*** -1.164*
(0.009) (0.011) (0.007) (0.649)

Pain Reliever Misuse 0.003 0.004 0.003 0.152
(0.002) (0.004) (0.003) (0.151)

Region-Time Dummies? No Yes No No
OLS/Poisson OLS OLS Poisson OLS 

Outcome Log Log Total Level

Percentage Working (BEA)

Per Capita Compensation (BEA)

Percentage Working (CES)

Percentage Working (ACS)
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Table 3: Average Effect Estimates for ACS Labor Supply Outcomes 

 

Notes: ***1% significance, **5% significance, *10% significance.  All models include state and time fixed effects 
plus covariates mentioned in notes of Figure 3.  Estimates presented are average effects for each pre-reformulation 
misuse variable using equation (2).  Region refers to the 4 Census regions.  When Poisson estimation is used, the 
outcome is the total and population is used as an exposure variable.  N=765.  Outcomes are calculated from ACS 
(ages 16+) and refer to hours and earnings in the past 12 months.  Full-time work is defined as usual hours worked 
of 35+.  Part-time work is defined as usual hours worked of 1-34. 

Outcome:
(1) (2) (3) (4)

OxyContin Misuse -0.027** -0.027** -0.036*** -0.645**
(0.011) (0.013) (0.008) (0.280)

Pain Reliever Misuse 0.006** 0.007* 0.007** 0.125*
(0.003) (0.004) (0.003) (0.069)

Region-Time Dummies? No Yes No No
OLS/Poisson OLS OLS Poisson OLS 

Outcome Log Log Total Level

Outcome:
(1) (2) (3) (4)

OxyContin Misuse -0.048*** -0.052** -0.064*** -1839***
(0.018) (0.022) (0.014) (608)

Pain Reliever Misuse 0.009* 0.013* 0.009** 147
(0.005) (0.007) (0.004) (146)

Region-Time Dummies? No Yes No No
OLS/Poisson OLS OLS Poisson OLS 

Outcome Log Log Total Level

Outcome:
(1) (2) (3) (4)

OxyContin Misuse -0.035*** -0.030** -0.043*** -1.621**
(0.013) (0.015) (0.011) (0.643)

Pain Reliever Misuse 0.008** 0.009* 0.010*** 0.367**
(0.003) (0.005) (0.004) (0.159)

Region-Time Dummies? No Yes No No
OLS/Poisson OLS OLS Poisson OLS 

Outcome Log Log Total Level

Outcome:
(1) (2) (3) (4)

OxyContin Misuse 0.034** 0.02 0.034* 0.458**
(0.016) (0.024) (0.018) (0.227)

Pain Reliever Misuse -0.016** -0.011 -0.017** -0.215**
(0.006) (0.008) (0.007) (0.098)

Region-Time Dummies? No Yes No No
OLS/Poisson OLS OLS Poisson OLS 

Outcome Log Log Total Level

Full-Time Work

Part-Time Work

Usual Hours Worked

Earnings
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Table 4: Average Effect Estimates for Health Insurance (2008-2015) 

 

Notes: ***1% significance, **5% significance, *10% significance.  All models include state and time fixed effects 
plus covariates mentioned in notes of Figure 3.  Estimates presented are average effects for each pre-reformulation 
misuse variable using equation (2).  Region refers to the 4 Census regions.  When Poisson estimation is used, the 
outcome is the total and population is used as an exposure variable.  N=408.  Outcomes are calculated from ACS 
(ages 16+) and refer to health insurance status at the time of the interview.  Health insurance information is only 
available since 2008 in the ACS. 

  

Outcome:
(1) (2) (3) (4)

OxyContin Misuse -0.023*** -0.025*** -0.025*** -0.018***
(0.006) (0.006) (0.005) (0.005)

Pain Reliever Misuse 0.008*** 0.007*** 0.010*** 0.006***
(0.002) (0.002) (0.002) (0.002)

Region-Time Dummies? No Yes No No
OLS/Poisson OLS OLS Poisson OLS 

Outcome Log Log Total Level

Outcome:
(1) (2) (3) (4)

OxyContin Misuse -0.047*** -0.060*** -0.064*** -0.027***
(0.012) (0.012) (0.012) (0.005)

Pain Reliever Misuse 0.005** 0.009*** 0.003 0.003**
(0.002) (0.003) (0.003) (0.001)

Region-Time Dummies? No Yes No No
OLS/Poisson OLS OLS Poisson OLS 

Outcome Log Log Total Level

Any Health Insurance

Employer-Sponsored Health Insurance
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Table 5: Average Effect Estimates for Disability Insurance Outcomes 

 
Notes: ***1% significance, **5% significance, *10% significance.  All models include state and time fixed effects 
plus covariates mentioned in notes of Figure 4.  Estimates presented are average effects for each pre-reformulation 
misuse variable using equation (2).  Region refers to the 4 Census regions.  When Poisson estimation is used, the 
outcome is the total and population (ages 18-64) is used as an exposure variable.  For Panel C, the exposure variable 
is the number of applications.  N=765.  

Outcome:
(1) (2) (3) (4)

OxyContin Misuse 0.242*** 0.148** 0.309*** 0.243***
(0.077) (0.071) (0.073) (0.076)

Pain Reliever Misuse -0.053*** -0.022 -0.075*** -0.057***
(0.018) (0.017) (0.016) (0.019)

Region-Time Dummies? No Yes No No
OLS/Poisson OLS OLS Poisson OLS 

Outcome Log Log Total Level

Outcome:
(1) (2) (3) (4)

OxyContin Misuse 0.181** 0.118 0.244*** 0.032
(0.090) (0.101) (0.086) (0.055)

Pain Reliever Misuse -0.060*** -0.038* -0.057*** -0.031**
(0.017) (0.020) (0.018) (0.012)

Region-Time Dummies? No Yes No No
OLS/Poisson OLS OLS Poisson OLS 

Outcome Log Log Total Level

Outcome:
(1) (2) (3) (4)

OxyContin Misuse -0.052 -0.034 -0.046 -2.761
(0.085) (0.077) (0.089) (4.186)

Pain Reliever Misuse -0.006 -0.011 0.012 -0.21
(0.014) (0.014) (0.017) (0.687)

Region-Time Dummies? No Yes No No
OLS/Poisson OLS OLS Poisson OLS 

Outcome Log Log Total Level

Outcome:
(1) (2) (3) (4)

OxyContin Misuse 0.053* 0.063** 0.052** 0.004**
(0.026) (0.025) (0.022) (0.002)

Pain Reliever Misuse 0.011 0.007 0.014 0.001*
(0.007) (0.007) (0.008) (0.000)

Region-Time Dummies? No Yes No No
OLS/Poisson OLS OLS Poisson OLS 

Outcome Log Log Total Level

Favorable Determinations / Applications

% Ages 18-64 Receiving Disability Benefits

% Apply for Disability

% Favorable Determinations
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Figures and Tables Appendix 

Figures 
 

Appendix Figure 1: Geographic Variation in Rate of OxyContin Misuse, 2004-2009 

 
Source: 2004-2009 National Survey of Drug Use and Health 
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A. Below Median Misuse Rates    B. Above Median Misuse Rates 

 

Appendix Figure 2: National Time Series Trends in Percentage of Population Applying for 
Disability Insurance and Percentage Working by Pre-Reformulation OxyContin Misuse 
Source: SSA Fiscal Year Disability Claims Data and Bureau of Economic Analysis.  The percentage of disability 
applications is scaled by the 18-64 population while percentage working is the number of workers divided by the size 
of the 16+ population.  These figures are the same as Figure 2 but split based on the 2004-2009 (pre-reformulation) 
nonmedical OxyContin use rate.   
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A. Employment  (BEA)             B.    Employee Compensation 

 

 

   
  

         C.  Employment (CES)   D. Worked (ACS) 

 

Appendix Figure 3: Non-Medical OxyContin Use Poisson Event Study Estimates for Labor 
Supply 
Notes: 95% confidence intervals adjusted for state-level clustering.  Outcome is total employment (Panel A) and 
total employee compensation (Panel B).  These outcomes are calculated using data from the Bureau of Economic 
Analysis.  The outcome in Panel C is nonfarm employment using CES data.  The outcome in Panel D is the number 
of the 16+ population in the ACS reporting that they worked during the year.  We use Poisson regression with 
population (16+) as the exposure variable.     

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

 

   
  

         C.    Per Capita Employment (CES)   D. % Worked (ACS) 

 

 

Appendix Figure 4: Non-Medical OxyContin Use Event Study Estimates for Labor Supply, 
Estimated in Levels 
Notes: 95% confidence intervals adjusted for state-level clustering.  Outcome is total employment scaled by the size 
of the 16+ population (Panel A) and total employee compensation divided by the 16+ population (Panel B).  These 
outcomes are calculated using data from the Bureau of Economic Analysis.  The outcome in Panel C is nonfarm 
employment divided by the 16+ population using CES data.  The outcome in Panel D is the percentage of the 16+ 
population in the ACS reporting that they worked during the year.   

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

 

    
C.     Full-Time Work    D.    Part-Time Work    

 

 

Appendix Figure 5: Non-Medical OxyContin Use Event Study Estimates for Annual ACS 
Labor Outcomes Hours, Earnings, and Full-Time/Part-Time Work 
Notes: 95% confidence intervals adjusted for state-level clustering.  Outcome is the log of the usual weekly hours 
worked per person in the last year (Panel A); log of total earnings in the last year (Panel B); log of the share with 
usual hours 35+; log of the share with usual hours 1-34.  Outcomes are calculated using the ACS for the 16+ 
population.  The 2004-2009 mean for full-time work and part-time work are 54.3% and 15.7%, respectively 

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

 

Appendix Figure 6: Non-Medical OxyContin Use Event Study Estimates for Health 
Insurance 
Notes: 95% confidence intervals adjusted for state-level clustering.  Outcome is the log of the share with any health 
insurance (Panel A); log of the share with employer-sponsored health insurance (Panel B).  Outcomes are calculated 
using the ACS for the 16+ population.  Health insurance information in the ACS is available beginning in 2008.  
N=408.  The 2008-2009 means are 83.4% and 58.6% for health insurance and employer-sponsored health insurance, 
respectively.   

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

Notes: 95% confidence intervals adjusted for state-level clustering.  Outcome is the log of the share of people 
working in the listed demographic.  Estimates presented are average effects for each pre-reformulation misuse 
variable using equation (2).  Each estimate refers to a separate regression, which include state and year fixed effects.  
We also control for the set of covariates listed in the notes of Figure 3.  Regression is population weighted.   “HS 
Degree” represents the group with at most a high school degree (i.e., no college).  “Some College” represents the 
group with at least some college education.  

 



 

 106 

  

Appendix Figure 8: Non-Medical OxyContin Use Average Effect Estimates by Industry 
Source: Bureau of Economic Analysis industry data.  We combined agriculture and forestry.  We also combined all 
service industries into one category. 

Notes: 95% confidence intervals adjusted for state-level clustering.  Outcome is the log of the number of jobs in the 
listed industry scaled by the 16+ population.  The “Total Employment” estimate refers to the Table 2, Panel A, 
Column 1 estimate.  Estimates presented are average effects for each pre-reformulation misuse variable using 
equation (2).  Each estimate refers to a separate regression, which include state and year fixed effects.  We also 
control for the set of covariates listed in the notes of Figure 3.  Regression is population weighted. 
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All Time-Varying Controls + Bartik Prediction 

  

A.     BEA Employment        B.     Disability Applications 

 

Add Bartik Manufacturing Prediction 

  

C.    BEA Employment   D.   Disability Applications 

 

Appendix Figure 9: Non-Medical OxyContin Use Event Study Estimates for BEA 
Employment Rate and Percentage Applying for Disability Insurance, Robustness Tests 
Notes: 95% confidence intervals adjusted for state-level clustering.  Outcome is the log of the employment-to-
population ratio (Panels A, C) and the log of the percentage applying for disability insurance (Panels B, D).  
Outcomes are calculated using the BEA for ages 16+ and SSA Fiscal Year Disability Claim data set for ages 18-64. 

The estimates reported in the figures are the coefficients on the pre-reformulation Non-Medical OxyContin Use rate 
interacted with calendar year indicators.  The 2009 interaction is excluded and the corresponding estimate is 
normalized to 0.  The estimated specification is represented by equation (1).  The specification includes state and 
time fixed effects as well as covariates listed in notes for Figure 3.  We also jointly estimate effects for pain reliever 
misuse interacted with year indicators.  In Panels A and B, we add a Bartik prediction as described in the text.  In 
Panels C and D, we add a Bartik prediction specific to manufacturing to permit manufacturing labor demand shocks 
to have independent effects on state labor/disability outcomes.  
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Appendix Tables 

Appendix Table 1: Average Effect Estimates for Log of Percentage of 18-64 Adults Receiving 
Disability Insurance for Listed Diagnostic Condition  

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

OxyContin Misuse 0.02 0.068 0.055 0.024 
  (0.034) (0.054) (0.035) (0.037) 

Pain Reliever Misuse 0.009 0.016 0.008 0.004 
  (0.007) (0.011) (0.006) (0.008) 

Mean % 1.5% 1.0% 0.4% 0.1% 
Notes: ***1% significance, **5% significance, *10% significance.  All models include state and time fixed effects 
plus covariates mentioned in notes of Figure 4.  Estimates presented are average effects for each pre-reformulation 
misuse variable using equation (2) and Figure 5.  The outcome is logged.  N=765.  Standard errors are adjusted 
state-level clustering. 

 

 

Appendix Table 2: Average Effect Estimates for Log of Percentage of Working and Log of Percentage 
Applying for Disability Insurance, Condition on Census Division-Year Interactions 

 

Notes: ***1% significance, **5% significance, *10% significance.  All models include state and Census division-
time fixed effects plus covariates mentioned in notes of Figure 4.  Estimates presented are average effects for each 
pre-reformulation misuse variable using equation (2).  When Poisson estimation is used, the outcome is the total and 
population is used as an exposure variable.  N=765.  Standard errors are adjusted state-level clustering. 

Panel A Outcome:
(1) (2) (3)

OxyContin Misuse -0.034** -0.040*** -2.199**
(0.015) (0.015) (1.086)

Pain Reliever Misuse 0.007 0.009* 0.414
(0.005) (0.005) (0.359)

OLS/Poisson OLS Poisson OLS 
Outcome Log Total Level

Panel B Outcome:
(1) (2) (3)

OxyContin Misuse 0.189 0.287* 0.209
(0.144) (0.149) (0.163)

Pain Reliever Misuse -0.016 -0.049 -0.023
(0.039) (0.038) (0.044)

OLS/Poisson OLS Poisson OLS 
Outcome Log Total Level

Percentage Working (BEA)

% Apply for Disability
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4. What is the Effect of the Opioid Crisis on Child Welfare 
Outcomes? 

Introduction 
Child maltreatment is a serious problem in the US. According to the Centers for Disease 

Control and Prevention (CDC), one in seven children experienced child maltreatment in 2019.54 
Unfortunately, those numbers are likely to be a significant underestimation because, like other 
types of criminalized behavior, they are based on reporting systems and formal cases. The World 
Health Organization (WHO) is also concerned about child maltreatment as it has been linked to 
risk factors for behavioral, physical, and mental health problems among children.55 In extreme 
cases, child maltreatment leads to the death of children, which happened for around 1,720 
children in 2017 in the US (Administration for Children and Families, 2019).  

Due to the importance of this issue, there has been a substantial amount of research to 
understand the underlying mechanisms driving child maltreatment. One of the critical findings is 
that substance misuse plays an important role. One study found that substance misuse and 
poverty are the two major predictors of a child being removed from a home due to concerns 
about their safety and well-being (Gregoire and Schultz 2001). Previous studies have shown the 
lack of parenting knowledge of parents with substance use disorders (Pajulo, Suchman et al. 
2006), a lack of resources for children due to the spending on substance use (Lussier, Laventure 
et al. 2010), and low parenting satisfaction level among substance abusing parents (Lussier, 
Laventure et al. 2010), contribute to child maltreatment.  

In recent years, the most frequent substance used, after alcohol and marijuana, is opioids 
(Mclellan, 2017). As the opioid crisis continues to grow, we could expect more parents to be 
exposed to opioid use, leading to the impacts on their children and increases in interactions with 
the child welfare system. Several studies have found an association between opioid overdoses 
and the number of children entering foster care. For example, one study found that a 10% 
increase in opioid-related hospitalizations is associated with a 2.1% rise in foster care entry 
(Ghertner, Waters et al. 2018).   

 
54 https://www.cdc.gov/violenceprevention/childabuseandneglect/fastfact.html  
55 https://www.who.int/en/news-room/fact-sheets/detail/child-maltreatment 
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However, entering foster care is a formal 
and extreme case of child maltreatment.  
Focusing on children in the foster care or 
welfare system, we will miss children in 
families with a parent who is impaired or 
unable to take care of them because of a 
substance use issue, but not in the formal 
child welfare system. Some qualitative 
studies (e.g., Stanik, 2018) suggested that 
some children would live with their 
grandparents due to parental drug use without interacting with the child welfare system. In the 
US, the proportion of children who live with their grandparents (with or without their parents) is 
continually increasing (Figure 1). There could be various reasons to explain this increase aside 
from the opioid crisis, such as the increase in both parents working (it has increased since 
201156), but many Non-Government Organizations suspect the opioid crisis contributes to the 
rise in the children living with grandparents (Stanik, 2018). An empirical analysis is needed to 
identify this relationship.   

However, as there are only a handful of nationwide quantitative studies on family structure 
change due to the opioid crisis, the relationship between the increase in children with 
grandparents and the opioid crisis is still not clear. 

Some studies (Wu, White, and Coleman 2015) have shown that children who live with their 
grandparents due to their parents’ substance use have better mental health, educational, 
emotional outcomes compared to the children in foster care. On the other hand, other studies 
showed that children might have experienced traumatic events when they were replaced to their 
grandparents’ house due to the parents’ substance use, and grandparents might struggle to 
address the emotional issues of their grandchildren caused by those events (Gordon 2018).  

To address the opioid crisis, federal and state governments implemented policies to deter 
opioid use and misuse, especially supply restriction policies. Prescription Drug Monitoring 
Systems (PDMPs) were the most common across states. As these policies have affected opioid 
use (Meinhofer 2018), they may also have affected child welfare and child living arrangements. 
However, there are not many evaluations on whether the opioid-mitigating policies, such as the 
Prescription Drug Monitoring System (PDMP), have had an impact on child welfare or not. 
Therefore, there is no information policymakers can utilize to understand the situation or decide 
which policy alternatives aimed at reducing opioid use are most effective in improving child 
welfare outcomes.   

This study aims to assess the impact of the opioid crisis on child welfare, using PDMP 
adoption as an exogenous shock on drug use behavior. The results will provide policymakers 

 
56 https://beta.bls.gov/dataViewer/view/timeseries/FMUF0298  
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with information on the effect of the opioid crisis on child welfare, whether or not there are 
hidden children who were exposed to the parent's substance use disorder, and whether PDMPs 
have improved child welfare outcomes during the opioid crisis.  

 

Background 

Opioid Policy: PDMP   

Several policies have been implemented to address the opioid crisis. One policy used to 
reduce misuse of prescription opioids is the expanded adoption of Prescription Drug Monitoring 
Programs (PDMPs). PDMPs are electronic databases that allow for the tracking of controlled 
prescription drugs in a state. PDMPs are usually adopted at the state-level, with varying levels of 
implementation. Although the history of PDMPs dates back to the early 1900s, mandatory 
PDMP access started around 2012 in some states. This type of PDMP mandate requires 
providers to use PDMP to check the patient’s prescription history before prescribing certain 
types of drugs. Some studies have shown that this supply restriction policy has decreased the 
number of opioid prescriptions (Strickler et al. 2019) and the frequency of doctor shopping in 
states which implemented the mandatory PDMP. However, some studies have shown that 
mandatory PDMP adoption results in increased use of illicit drugs (Meinhofer 2018).  

There are also other policies, such as the reformulation of OxyContin (oxycodone). 
OxyContin, one of the most common and most commonly abused prescription opioids57, was 
approved for the abuse-deterrent version by FDA in 2010. The purpose of the reformulation was 
to include inactive ingredients that prevent pills from being crushed into a powder.  Many studies 
provide evidence that this behavioral restriction has led to a decrease in prescription opioid 
deaths; however, other studies claim that the reformulation encouraged people to transition to 
illicit drugs, such as heroin (Cicero and Ellis 2015). This transition led to a rise in heroin and 
other synthetic opioid overdose death (Alpert, Powell, and Pacula 2018).  

There are several studies that find that supply-side drug policies have had negative effects in 
other areas, such as labor force participation (Harris et al. 2019) and disability insurance 
application (Park and Powell 2021), due to a rise in illicit drug use. In this study, I am going to 
expand this body of studies into the child welfare area. 

 

Opioid Policy and Child Welfare   

There are a few studies on the relationship between the opioid crisis and child welfare. 
Previous studies have found a positive association between opioid overdose hospitalizations and 

 
57 NIDA. Opioid Facts for Teens. National Institute on Drug Abuse website. 
https://www.drugabuse.gov/publications/opioid-facts-teens. July 10, 2018. Accessed January 8, 2020. 
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child removal (Ghertner, Waters et al. 2018) in a national sample, and a positive association 
between opioid prescription rate and removal rate due to parental substance use disorder in 
Florida (Quast, Storch et al. 2018) and in California (Quast, Bright et al. 2019). One study found 
heterogeneous associations between opioid prescription and child removal at the state-level 
(Quast 2018). These studies provide correlational evidence that the opioid crisis has affected 
child welfare.  

As previous studies only addressed association and not causation, the possibility of the 
existence of confounding factors and reverse-causality cannot be excluded. For the confounding 
factors, there might be factors that have impacts both on opioid use and child welfare, such as the 
rise in the unemployment rate, depression rate (Ghertner, Waters et al. 2018), or the development 
of the illicit drug market (Quast, Bright et al. 2019). For reverse-causality, parents might turn to 
substance use if children are taken from them for other reasons, such as incarceration. Therefore, 
without evidence for causality, it is not possible to evaluate the impact of the opioid crisis on 
child welfare. 

To overcome the causality issues, some studies have tried to use opioid policies, such as 
PDMP or OxyContin reformulation, as an exogenous shock. For example, Gihelb et al. (2019) 
used the different times and levels of PDMP implementation at the state level to find the effects 
of PDMP on child welfare. They found that the implementation of mandatory access PDMPs 
reduces child removals by 10% as mandatory access PDMP reduces drug abuse. However, this 
study only focused on reported cases. Evans et al. (Evans, Harris, and Kessler 2020) also found 
that OxyContin reformulation and PDMPs had an adverse effect on children.  

One study (Quast, Bright et al. 2019) recognized that since the foster care or any reported 
cases are extreme outcomes, it cannot reflect more prevalent outcomes, such as child welfare 
outcomes that do not involve a child welfare agency. This study also mentioned they could not 
capture the formal or informal kinship arrangements, including children living with 
grandparents. Informal kinship can happen when the family has other resources to address issues 
without support from the agencies, such as relatives, including the children’s grandparents. 
Grandparents often take care of their grandchildren when the parents are not able to provide 
parenting due to substance use disorder or incarceration (Hughes, Waite et al., 2007). 
Consequently, grandparents often become the last preventing factor against child removal to 
foster care (Baker, Silverstein et al., 2008). This means that if the opioid epidemic had an impact 
on families where grandparenting would be available, these impacts might not be counted in 
previous studies that have focused on foster care58, though they represent important welfare 
shocks to children and households. However, there are not many quantitative studies on this 
outcome to determine whether this is a nationwide issue.  

 
(Previous study (Walsh 2013) showed that 54% of out of home children placement is informal kinship care (In 
urban area, 18 months and older)) 
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Dallman (Dallman 2020) used OxyContin reformulation as an exogenous shock to estimate 
the causal relationship between opioid misuse and child living arrangement. He found that an 
increase in opioid misuse treatment admission rate due to the OxyContin reformulation led to an 
increase in foster care entries due to drug misuse, while there was no increase in children living 
with their grandparents. Buckles et al. (Buckles, Evans, and Lieber 2020) used the cumulative 
exposure to opioid mortality and the exposed years to the non-triplicate programs59 as a risk 
factor to the living arrangement of children. They found that children in non-triplicate states 
were exposed to higher cumulative opioid mortality and were more likely to live with their 
grandparents. These two studies show slightly different results as Dallman found no effect of the 
reformulation policy on living with grandparents while Buckles et al. found that the effects of 
triplicate programs exist. Although both policies have effects on the level of opioid misuse, the 
impacts of these policies on child living arrangements are mixed.  

As both studies have not discussed another important policy in the opioid epidemic, PDMP 
implementation, this study analyzes the impact of PDMP on child living arrangements. Although 
Gihelb et al. (2019) analyzed the impacts of PDMP on foster care, analyzing the same policy on 
similar but different outcomes is useful to understand the situation deeply.  

Therefore, in this study, the main outcome will be the rate of children living with their 
grandparents and the rate of grandparents with their grandchildren. I will use the policy variable, 
Prescription Drug Monitoring Program (PDMP), to find the causal relationship between the 
opioid crisis and grandparent custody.  

Methodology and Approach 

Data Sources 

American Community Survey (2006-2017) The information on family structure, which is a 
primary outcome of this study, is provided by the American Community Survey (ACS). 
Specifically, it includes information on the child’s relationship to the householder (Own child, 
Grandchild, Other relatives, or Foster child or another unrelated child) and characteristics of 
grandchildren, such as age, disability status, race, the median income of a household, public 
assistance status, and housing status. Also, it provides information on grandparents living with 
their grandchildren, such as race, gender, marital status, and income. This rich information on 
grandparent responsibility for grandchildren will allow detailed analysis with control variables.  

To measure child living arrangement, I create other outcome variables: 1) proportion of 
grandparents living with their grandchildren (the number of grandparents living with their 
grandchildren/all eligible population for being grandparents), 2) proportion of grandparents who 
are responsible for their grandchildren (number of grandparents responsible for their 

 
59 Triplicate Prescription Programs requires physicians to issue prescription with multiple copy forms for controlled 
substances. Its function is similar to that of PDMPs.  
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grandchildren/all eligible population for being grandparents), and 3) proportion of grandparents 
who are responsible for their grandchildren among those living with their grandchildren (number 
of grandparents responsible for their grandchildren/the number of grandparents living with their 
grandchildren) 

Especially, outcome variable 3) can represent the transition of responsibility for children. If 
the impact of the policy is positive, it means that grandparents and grandchildren lived together 
(without responsibility) before the policy was implemented, but after the policy implementation, 
for some reason, these grandparents became responsible for grandchildren instead of parents of 
grandchildren.  

Also, I will use another outcome variable from ACS, which is the proportion of 
grandchildren living with their grandparents (the number of grandchildren living with their 
grandparents /the number of all children under 18). This variable was used in another study 
(Dallman 2020). However, this approach raises the critical identification issue. As the policy is at 
the state level, if the children who lived in a different state and moved to another state to live 
with grandparents, this suggested outcome variable will not account for these children 
appropriately (as the outcome variable only showed the current resident state, not the previous 
state where the policy had implemented).  

Policy variables I used policy variables for PDMPs and medical marijuana law adoption 
status and adoption years. These variables are from the RAND Marijuana Policy database 
(Powell, Pacula, and Jacobson 2018) (Williams, Pacula, and Smart 2019). 

 

Analysis 

I adopt a difference-in-difference strategy to compare states adopting PDMPs to those non-
adopting.  I implement this approach using a two-way fixed-effect model.   

I estimate equation (1):  
 

*!" = <* + <' ∗ >0?@0!" + <) ∗ 6!" + a, + γ- + C!"				(1) 
 

*!" is an outcome variable from the ACS in state s and year t; >0?@0!" represents the must-

access prescription drug monitoring program policy status in state s and year t, 1 means must-
access PDMP is adopted, and 0 means not; X is state-level socio-demographic variables such as 
unemployment rate, population composition, and ethnicity. I also included other policy variables, 

including marijuana and opioid-related policies; and a,  is fixed effect of the state-level time-
invariant variables.  

I also conducted subset analyses based on grandparents’ race. As their children (parents of 
grandchildren) and grandchildren are highly likely to be the same and race, it would be safe to 
assume that the grandparents’ race and ethnicity would be those of their grandchildren. As the 
opioid epidemic has affected more on the white population during early stages, and the overdose 
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rate of the white population has been still higher even in 2017 among race groups (Drake et al. 
2020), the children living arrangement would be more affected among the white population.  

 

*!" = <* + <' ∗ >0?@0"./	123		45$% + <) ∗ >0?@0".) + </ ∗ >0?@0" + <6 ∗ >0?@0"7' 

+<( ∗ >0?@0"7) + <8 ∗ >0?@0"7/	123	45$% + a, + γ- + C!"				(2) 
 
Additionally, an event study is conducted to check the pre-trend of child living arrangements 

before the intervention. Main independent variables are dummy variables to present the timing of 

the must-access PDMP implementation. For example, >0?@0"./	123		45$% is going to be 1 if 
the state implemented must access PDMP 3 or more years ago in the specific year. Year- and 
state-fixed effects are also included.  

Results 

Descriptive statistics 

Table 1 shows the descriptive statistics by must access PDMP status in 2016. In 2016, there 
are 17 states which adopted Must-Access PDMP. Based on the Must-Access PDMP, I compared 
various demographic characteristics and outcome variables. There is no statistically significant 
difference in these variables between states with must-access PDMP and states without it.    

Main Analysis 

My main analysis examines the effect of must-access PDMP policy on the proportion of 
children living with grandparents at the state level. Table 2 column (1) presents the main analysis 
estimates relating PDMP adoptions with a proportion of children living with their grandparents. 
Among various policies, the must-access PDMP implementation is the only one that is 
statistically significant and increased the proportion of children living with grandparents. If a 
state adopts the must-access PDMP policy, there is an increase in the proportion of children 
living with grandparents by 0.215 percentage points. It is a 2.7% increase relative to the baseline 
mean of 7.86% in 2016. 

Regardless of policy impact, the proportion of children living with grandparents have 
increased over the years. Other control variables, such as higher education achievement, the 
share of people between ages 25-44 decreased the proportion of children living with 
grandparents.  

However, as I mentioned in the analysis section, this result is incomplete as there are cases 
where grandchildren used to live in another state before the policy implementation. Therefore, I 
conducted another analysis with different outcomes.  

Table 2 columns (2-4) present the main analysis estimates, relating PDMP adoptions with the 
proportion of grandparents who are living with their grandchildren. The outcome of the first 
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column is the proportion of grandparents who are living with their grandchildren regardless of 
being responsible for their grandchildren, that of the second column is the proportion of 
grandparents who are living with their grandchildren and responsible for their grandchildren 
among all adults60. The last column shows the result for the proportion of grandparents who are 
responsible for their grandchildren to grandparents who are living with their grandchildren.  

Among various policies, the must-access PDMP implementation is statistically significant 
and increased the proportion of grandparents who are responsible for their grandchildren (both 
third and fourth column).  

 
If a state adopts the must-access PDMP policy, there is an increase in the proportion of 

grandparents who are responsible for their grandchildren by 0.09 percentage points. It is a 7.97% 
increase relative to the baseline mean of 3.37% in 2016. For the proportion of grandparents who 
are responsible for their grandchildren among those living with their grandchildren, there is an 
increase in must-access PDMP policy by 2%, which is a 5.26% increase relative to the baseline 
mean of 38% in 2016 

 
Regardless of policy impact, the proportion of grandparents who are living with their 

grandchildren, regardless of being responsible for their grandchildren, has decreased over the 
years. Other control variables, such as higher education achievement, the share of people 
between ages 25-44, are not related to these outcome variables.  

As explained in the method section, I conducted an event study to identify the pre-trend for 
the outcome variable. Table 3 shows the event study result, and there is no noticeable trend on 
child living arrangements before the must-access implementation.  

 

Subset Analysis 

Table 4 presents the analysis estimates, relating PDMP adoptions with the proportion of 
grandparents who are living with their grandchildren per grandparents’ race. As expected, the 
effect of the Must-Access policy implementation is statistically most valid on the white 
population.  

Sensitivity Analysis/Robustness Check Analysis 

One previous study (Gihleb, Giuntella, and Zhang 2019), which used PDMPs status as an 
independent variable, included only states with any PDMP (or operational PDMPs) based on the 
similar characteristics among states with any PDMPs but without mandatory PDMPs (Grecu, 
Dave, and Saffer 2019).   

 
60 The definition for being adult who can be potential grandparents is not less than 30 years old and not in the 
institutional group quarters.  
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Therefore, I also re-do the analysis only with states where they have at least operational 

PDMP (Any PDMP, which does not have to be Must Access PDMP). Table 5 presents these 
analysis estimates. The first column shows the analysis estimates, which exclude states if states 
didn’t adopt any type of PDMP before 2009. The second column is the result which only 
excludes the state-year sample. For example, if one state adopted operational PDMP in 2012, this 
state is excluded for all years in column (1) but included in the sample from 2012 onward in 
column (2). The must-access PDMP implementation is still statistically significant and increased 
the proportion of children living with grandparents. If a state adopts the must-access PDMP 
policy, there is an increase in the proportion of children living with grandparents by 0.258 
percentage points, which is close to that of the main analysis.  

I did the same analysis for the different outcome variables (Table 6), the proportion of 
grandparents who are responsible for their grandchildren to those who are living with their 
grandchildren. The estimates are still robust and similar to that of the main analysis.   

 
Previous studies have shown that OxyContin reformulation promoted the transition of people 

from misusing opioids to using heroin, resulting in an increase in heroin and synthetic opioid 
overdose deaths (Alpert, Powell, and Pacula 2018). As the OxyContin reformulation is a supply 
restriction policy, it might have a similar impact with the Must-access PDMP on child living 
arrangements. Therefore, by using the Alpert et al. methodology, I also check the impact of 
reformulation on child living arraignment.  

If states had a high OxyContin misuse rate before the reformulation, they would experience 
an increase in grandparents who are responsible for their grandchildren among grandparents 
living with them from 2016, based on figure 2. It suggests that the OxyContin reformulation 
policy, which is another supply restriction, has a similar effect with must-access PDMP on child 
living arrangements.  

 
 
Table 7 shows the effects of PDMPs and other policies when I controlled for the 

reformulation policy. Although the effect becomes a lot smaller and more imprecise, it suggests 
that the must-access PDMPs policy has increased the proportion of grandparents who are 
responsible for their grandchildren among grandparents living with them.  
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Discussion 
Based on the analyses presented, must-access PDMP adoption is likely to have increased the 

proportion of children living with their grandparents and the proportion of grandparents who are 
responsible for their grandchildren. This phenomenon is more pronounced among white 
grandparents, not in grandparents who are black or other races. The results are consistent when I 
limited samples to states with at least operational PDMP and controlled for reformulation policy.  

A few studies suggested different effects of opioid-related policies on child welfare 
outcomes, including child living arrangements. However, to my knowledge, there is no similar 
quantitative analysis on grandparents’ context, except a few qualitative studies. As suggested by 
Davis et al. (Davis et al. 2020), the opioid crisis has also affected some grandparents 
unintentionally, but supports from the welfare system have not been available for them. 
Therefore, this study provides information on the opioid policy impact not only on children but 
also on grandparents.   

 

Conclusion 
In this paper, I tested whether opioid-mitigating policies, such as the Prescription Drug 

Monitoring System (PDMP), have had an impact on child welfare or not. I used various outcome 
variables to measure child welfare, especially for child living arrangements.  

Based on the statistical analysis, I found that there are substantial increases in the proportions 
of children living with their grandparents and grandparents responsible for their grandchildren in 
states where the must-access PDMP is adopted. This relationship is more significant for a 
specific race, white grandparents.  

The finding provides information on the unintended consequences of opioid-related policy on 
children and grandparents. Although previous studies have shown that living with grandparents 
results in better health, academic, psychological outcomes compared to the children in foster care 
(Wu, White, and Coleman 2015), as best outcomes are from children living with their parents, 
children living with their grandparents would be other victims of the opioid crisis. Grandparents 
who become responsible for their grandchildren also report some negative effects on physical 
and mental health outcomes (Dolbin-MacNab and O’Connell 2021). Therefore, this study 
provides that the opioid mitigating polices, not only have negative consequences for people who 
misuse opioids but also affects their family in a negative way. As the opioid epidemic continues, 
these indirect consequences should be considered to address opioid issues.   

There are not many evaluations on whether the opioid-mitigating policies, such as the 
Prescription Drug Monitoring System (PDMP), have had an impact on child welfare or not. 
Therefore, this study would provide information to policymakers, so they can utilize it to 
understand the situation or decide which policy alternatives are most effective in improving child 
welfare outcomes. 
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 Figures and Tables 
[Figure 2 OxyContin Reformulation and Child welfare] 
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[Table 1] 

 

All states The Must-
Access States 

in 2016 
No Must-

Access in 2016 
Population counts  6341293 5946274 6538802 

White population proportion .7987154 
(P0.4620) 

.8183456 .7889003 

Share of people who have college or 
advanced degree 

.2211618 
(0.6520) 

.2256098 .2189378 

Any PDMP policy implementation 49 17 32 

Pain Clinic policy implementation 10 5 5 

Medical Marijuana policy implementation 24 9 15 

the proportion of grandchildren living 
with their grandparents 

7.860784 
(0.6554) 

8.082353 7.75 

proportion of grandparents living with 
their grandchildren 

.0337015 
(0.4859) 

.0350167 .0330439 

proportion of grandparents who are 
responsible for their grandchildren 

.0129466 
(0.3299) 

.0139257 .0124571 

proportion of grandparents who are 
responsible for their grandchildren among 
those living with their grandchildren 

.3831764 
(0.6267) 

.3922922 .3786185 

Unemployment .0657878 
(0.7227) 

.0650648 .0661492 

    

Number of States 51 17 34 

Notes: Table 1 presents the descriptive characteristics of the study sample (states) used in this 

paper. 
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[Table 2] 
2009-2017 (1) (2) (3) (4) 

VARIABLES The 
proportion of 

Children living 
with Grandparents 

the proportion 
of grandparents 
living with their 
grandchildren 

the proportion 
of grandparents 

who are 
responsible for 

their 
grandchildren 

the proportion 
of grandparents 

who are 
responsible for 

their 
grandchildren 
among those 

living with their 
grandchildren 

     
Any PDMP 
policy 

implementation 

0.137 -0.000553 0.000211 0.0179 

 (0.233) (0.00101) (0.000481) (0.0149) 
Must Access 
policy 

implementation 

0.215* 0.000867 0.000896** 0.0191** 

 (0.117) (0.000540) (0.000386) (0.00733) 
Pain Clinic 
policy 

implementation 

-0.0955 -0.000782 -0.000603 -0.00237 

 (0.134) (0.000674) (0.000444) (0.00636) 
Medical 

Marijuana policy 
implementation 

0.0154 0.000986 7.90e-05 -0.0126 

 (0.200) (0.000859) (0.000421) (0.00931) 
Medical 

marijuana 
dispensary active 

policy 
implementation 

0.0599 -0.000534 -4.24e-05 0.00298 

 (0.167) (0.000589) (0.000379) (0.00767) 
Observations 459 459 459 459 

R-squared 0.330 0.074 0.223 0.246 
Number of 
stfips 

51 51 51 51 

Notes – Outcomes are proportion of children living with grandparents, proportion of 
grandparents living with their grandchildren, proportion of grandparents who are responsible for 
their grandchildren, and proportion of grandparents who are responsible for their grandchildren 
among those living with their grandchildren at the state-year-level (2009-2017).  These outcomes 
are calculated using data from the American Community Survey. The regression model includes 
state and year-fixed effects. I control for several time-varying state characteristics, such as 
marijuana policy adoption year, population, age, race, unemployment rate and education 
variables. Standard errors adjusted for clustering at the state level are reported in parenthesis. 
Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1. Robust standard errors in parentheses  
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[Table 3] 
 

2006-2017  
VARIABLES Proportion of 

grandparents who are 
responsible for their 

grandchildren among those 
living with their 
grandchildren 

Must Access Implementation Year – 3 years and more  -0.0211 
 (0.0183) 
Must Access Implementation Year - 2 years 0.0162 
 (0.0189) 
Must Access Implementation Year 0.0327** 
 (0.0146) 
Must Access Implementation Year + 1 year 0.0336* 
 (0.0186) 
Must Access Implementation Year + 2 year 0.0181 
 (0.0209) 
Must Access Implementation Year + 3 year and more -0.0245 
 (0.0283) 

Notes – Outcomes proportions of grandparents who are responsible for their grandchildren 
among those living with their grandchildren per race at the state-year-level (2009-2017).  These 
outcomes are calculated using data from the American Community Survey. The regression 
model includes state and year-fixed effects. Standard errors adjusted for clustering at the state 
level are reported in parenthesis. Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1. Robust 
standard errors in parentheses.  
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[Table 4] 

 proportion of grandparents who are responsible for their 
grandchildren among those living with their grandchildren 

VARIABLES white black all others 
    
Any PDMP policy 

implementation 
0.0275** -0.0257 0.00981 

 (0.0110) (0.0342) (0.0174) 
Must Access policy 

implementation 
0.0293*** -0.0201 0.00824 

 (0.00861) (0.0230) (0.0235) 
Pain Clinic policy 

implementation 
-0.0143 0.000890 -0.0276 

 (0.00913) (0.0312) (0.0214) 
Medical Marijuana 

policy implementation 
-0.00862 -0.0730* 0.0104 

 (0.0111) (0.0401) (0.0200) 
Medical marijuana 

dispensary active policy 
implementation 

-0.00465 0.00993 0.0204 

 (0.0112) (0.0356) (0.0188) 
Observations 612 612 612 
R-squared 0.196 0.050 0.052 
Number of states 51 51 51 

Notes – Outcomes proportions of grandparents who are responsible for their grandchildren 
among those living with their grandchildren per race at the state-year-level (2009-2017).  These 
outcomes are calculated using data from the American Community Survey. The regression 
model includes state and year-fixed effects. I control for several time-varying state 
characteristics, such as marijuana policy adoption year, population, age, race, unemployment rate 
and education variables. Standard errors adjusted for clustering at the state level are reported in 
parenthesis. Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1. Robust standard errors in 
parentheses  
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[Table 5] 

 Without states 
without any PDMP 

Without year-
states without any 

PDMP 
VARIABLES Proportion of Children living with 

Grandparents 
Must Access policy implementation 0.258* 0.283** 
 (0.129) (0.126) 
Pain Clinic policy implementation -0.0210 -0.0558 
 (0.144) (0.129) 
Medical Marijuana policy implementation -0.0342 -0.0340 
 (0.158) (0.148) 
Medical marijuana dispensary active policy 

implementation 
0.262* 0.167 

 (0.148) (0.160) 
   
Observations 324 405 
R-squared 0.342 0.311 
Number of states 36 49 
   

Notes - Outcome is Proportion of Children living with Grandparents at the state-year-level 
(2009-2017).  These outcomes are calculated using data from the American Community Survey. 
The regression model includes state and year-fixed effects. I control for several time-varying 
state characteristics, such as marijuana policy adoption year, population, age, race, 
unemployment rate and education variables. Standard errors adjusted for clustering at the state 
level are reported in parenthesis. Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1. Robust 
standard errors in parentheses. The first column excluded states if any PDMP has not been 
implemented since 2006. The second column excluded year-state observations where any PDMP 
has been implemented in specific years. 
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[Table 6] 

 
 proportion of grandparents who are responsible for 

their grandchildren among those living with their 
grandchildren 

VARIABLES WO states  WO states in specific 
years 

Must Access policy 
implementation 

0.0232*** 0.0205*** 

 (0.00730) (0.00689) 
Pain Clinic policy 

implementation 
0.0124** 0.00578 

 (0.00551) (0.00599) 
Medical Marijuana 

policy implementation 
0.00480 -0.00639 

 (0.0111) (0.0123) 
Medical marijuana 

dispensary active policy 
implementation 

0.00320 0.00268 

 (0.0108) (0.0103) 
Observations 324 405 
R-squared 0.339 0.288 
Number of states 36 49 

Notes - Outcome is proportion of grandparents who are responsible for their grandchildren 
among those living with their grandchildren at the state-year-level (2009-2017).  These outcomes 
are calculated using data from the American Community Survey. The regression model includes 
state and year-fixed effects. I control for several time-varying state characteristics, such as 
marijuana policy adoption year, population, age, race, unemployment rate and education 
variables. Standard errors adjusted for clustering at the state level are reported in parenthesis. 
Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1. Robust standard errors in parentheses  
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[Table 7] 

2006-2017  
VARIABLES proportion of 

grandparents who are 
responsible for their 

grandchildren among those 
living with their 
grandchildren 

Any Operational PDMPs -0.0012 
 (0.0054) 
Must Access policy implementation 0.0094 
 (0.0056) 
Pain Clinic policy implementation -0.0043 
 (0.0058) 
Medical Marijuana policy implementation 0.0012 
 (0.0051) 
Medical marijuana dispensary active policy 

implementation 
-0.0039 

 (0.0061) 
Observations 459 
Number of States 51 
R-squared 0.330 

Notes - Outcome is proportion of grandparents who are responsible for their grandchildren 
among those living with their grandchildren at the state-year-level (2006-2017).  These outcomes 
are calculated using data from the American Community Survey. The regression model includes 
state and year-fixed effects. I control for several time-varying state characteristics, such as 
marijuana policy adoption year, population, age, race, unemployment rate and education 
variables. Standard errors adjusted for clustering at the state level are reported in parenthesis. 
Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1. Robust standard errors in parentheses  
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5. Policy Implications 

 
This dissertation presented evidence for the adverse effects of supply-side drug policy, 

specifically for Prescription opioids. The first and second papers showed that OxyContin 
reformulation policy adversely affected crime and the labor market. The third paper found that 
the must-access PDMP hurt child living arrangements. These papers provide two important 
findings.  

Using supply-side drug policy can create unintended adverse consequences. 
Cowan (Cowan 1986) introduced prohibition's Iron law to explain why the supply-side drug 

restriction would create an adverse consequence. In his example, he mentioned the transitions 
from opium to heroin. A similar pattern happened in the current opioid crisis (Alpert, Powell et 
al., 2018). Additionally, I found that the supply-side drug policy also led to consequences on 
non-health areas, such as crimes, the labor market, and child welfare.       

These unintended adverse consequences would be heterogenous based on different 
demographics.  

This dissertation showed that the adverse effects of policies were different based on 
individual characteristics. The first essay showed that these adverse effects on crime were 
different based on gender and race. The second essay showed that these effects on labor were 
heterogeneous based on gender, race, age, and industry. The third essay presented the evidence 
that these effects on child living arrangement would be different based on grandparents' or 
grandchildren's race.    

Based on these findings, we can find three critical policy implications.  
Demand-focusing policy alternatives also should be considered to address the opioid crisis.   
As implementing only the supply-side drug policies can create direct and indirect adverse 

consequences on health, crimes, labor, and child welfare, we need to consider also demand-
focusing policy alternatives to avoid these results. For example, providing access to pain 
management can help reduce the misuse of prescription opioids. Additionally, we need to 
provide more access to Medication-Assisted Treatment (MAT), which will help substance use 
disorder. As the effects of these policies will interact with each other, research on the overall 
opioid system and policy effect on the system should be conducted.     

Resources should be distributed not only in health but also in criminal justice, labor, and 
child welfare.  

As studies in this dissertation showed, various sectors were suffered due to the opioid crisis. 
However, as these are not directly associated with the opioid crisis, we might not consider 
enough about these areas when resources are distributed. Therefore, we need to consider indirect 
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effects when distributing opioid-related resources, and we also need to consider the opioid crisis 
when distributing non-opioid-related resources.  

Different approaches to address the opioid crisis based on demographic characteristics should 
be considered. 

Especially when we consider the age, we saw the less adverse effects of the supply-side drug 
policy on the elderly labor market. This phenomenon might be related to less frequency of drug 
misuse among the elderly population. Therefore, if the supply-side drug policy were 
implemented in the elderly population first, then expanded to other populations later, the adverse 
effect could have been more negligible. This approach can be applied to other demographic 
factors or drug use history.  
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