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1 Introduction

Intimate partner violence (IPV) is a significant public health problem, being the most com-

mon form of violence experienced by women and imposing adverse consequences for the

health of the victims and their children (World Health Organization 2013). According to

the National Intimate Partner and Sexual Violence Survey (NISVS), 6.6 percent of women

in the United States report experiencing IPV in the past 12 months, reaching a lifetime

prevalence of 37 percent. An important risk factor associated with IPV perpetration is sub-

stance abuse, which can trigger aggressive behavior and worsen impulse control problems

(Castilla and Murphy 2022; Chalfin et al. 2021; Angelucci and Heath 2020). With the U.S.

facing an epidemic of opioid overdose, public health experts raised concerns about the role

that opioid misuse plays in facilitating IPV (Warshaw et al. 2014; Packard and Warshaw

2018).1 While increasing trends in opioid misuse are causing a serious public health crisis

across the U.S., their consequences for IPV have not been explored systematically.

This paper examines the effects of opioid misuse on IPV by studying the reformula-

tion of the main legal opiate—OxyContin—into an abuse-deterrent form in 2010, a major

supply-side intervention implemented in the U.S. to curb excessive prescription of opioids

and reduce their addictive potential. We provide the first study on the spillover effects of

the OxyContin reformulation on domestic violence by intimate partners, and inform how

a supply-side shock that disrupted access for one particular, albeit important, segment of

the opioid market, generated downstream impacts on interpersonal violence and women’s

well-being. We combine IPV data from the National Incident Based Reporting System (NI-

BRS) from 2006 to 2019, which includes incident-based reports to law enforcement agencies,

with county-level opioid prescriptions prior to 2010, the year in which OxyContin was re-

formulated. We capitalize on the baseline spatial variation in treatment exposure within

a difference-in-differences (DID) framework to examine whether areas that were more ex-

1A recent review finds that among men using opioids, the prevalence of IPV perpetration ranged from

15% (past year physical IPV) to 58% (lifetime prevalence of any IPV); opioid use also raises the risk of being a

victim of IPV, with 32-75% of women, who had used opioids, reporting victimization in the past year (Stone

and Rothman 2019).

1



posed to prescription opioids prior to reformulation experienced differential changes in

IPV outcomes after the reformulation.

We find that the reformulation of OxyContin into an abuse-deterrent form led to a

significant relative decline in the rate of IPV experienced by women in counties with

greater exposure to prescription opioids prior to the reformulation. We show that these

declines occur after the policy change, and they are driven primarily by non-Hispanic

Whites. The coefficient estimates imply that a one standard deviation increase in pre-

reformulation exposure yields a relative decrease of 6.2 percent annually in the IPV rate

following OxyContin’s reformulation. We also document corollary declines in injuries and

arrests related to IPV (6.6 percent and 4.7 percent, respectively), indicating that the effects

are reflective of an actual decline in the incidence of IPV rather than a shift in reporting

behaviors. The overall decline in IPV, however, masks a significant uptick in IPV incidents

where the perpetrator was suspected of using heroin, particularly in more urban areas.

These findings highlight the importance of identifying populations at a higher risk of

substitution to illicit opioids post-reformulation and mitigating this risk with evidence-

based policies.

Exploring potential channels, we document that the reformulation reduced the IPV

rate primarily in states with less-developed illicit opioid markets, where options for sub-

stitution towards illicit drugs were much more limited ex ante. In states with larger and

more developed illicit opioid markets, we find no evidence of a decline in the IPV rate;

conversely, these locations which would offer greater substitution possibilities towards

illicit drugs actually experienced an increased rate of heroin-involved IPV following the

reformulation. Moreover, if the primary mechanism for reducing IPV prevalence is the

decline in prescription opioid misuse, we would expect to see larger reductions in IPV

among demographic groups and locations that initially had higher rates of prescription

opioid misuse and thus benefited more from the reformulation. Our pattern of results is

consistent with this mechanism: sub-populations (non-Hispanic Whites; younger adults)

and localities (lower-educated; high-poverty) which experienced higher rates of opioid
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prescribing and misuse at baseline, accrued the largest benefits in terms of lower IPV rates.

Finally, to the extent that the OxyContin reformulation resulted in a decline in employment

and labor force participation rates of both men and women at similar rates (Cho et al. 2021;

Harris et al. 2020; Aliprantis et al. 2023), we would expect this channel to increase IPV

risk through worsened financial distress at the household level. Our baseline specifica-

tion adds controls for local area unemployment and labor force participation rates, which

only marginally impacts our estimates. Hence, we largely rule out shifts in labor market

outcomes as a key channel underlying our main results.

We make several contributions to the literature. First, despite the well-known associa-

tions, most of the previous studies that document the relationship between opioid misuse

and IPV are based on small sample sizes and fail to account for selection bias and reverse

causality (Hughes et al. 2019; Stone and Rothman 2019; Pryor et al. 2021). Our empirical

setup allows us to estimate the effects of an exogenous supply-side intervention targeting

opioid misuse on the risk of IPV victimization.

Second, our study contributes to the literature on the broader repercussions of the opioid

crisis on families. Gihleb et al. (2022) find that must-access Prescription Drug Monitoring

Programs (PDMPs), a similar supply-side shock that constrained access to prescription

opioids for misuse purposes, reduced entry into foster care. Emerging evidence (Dave

et al. 2024; Barbos and Sun 2021) linking must-access PDMPs to IPV points to results

consistent with ours, that controlling the supply of Rx opioids (albeit via a different lever

and margin, by targeting prescribers) has led to a net decline in women’s exposure to

domestic violence. A closely related paper to ours is Evans et al. (2022), which finds that

counties with greater initial rates of prescription opioid usage experienced an increase in

child maltreatment after OxyContin reformulation. It is important to note that the rates

of IPV and child maltreatment within a county are almost orthogonal to each other.2 One

explanation could be the differences in reporting and censoring. Child maltreatment,

often reported by teachers, typically requires more concrete evidence, resulting in only

2The within county correlation of the rates of alleged child abuse or neglect and intimate partner violence

reported to the police is -0.05 for the overlapping counties from 2006 and 2016.
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the more severe cases being documented, while IPV is more frequently reported by third

parties, capturing a broader range of incidents. Additionally, child maltreatment data

censors counties with fewer than 1,000 total cases, focusing on counties with relatively

high rates of abuse. Moreover, the factors that increase the likelihood of partner abuse

differ significantly from those of child abuse, making it uncertain whether an event that

influences child maltreatment will have a similar impact on IPV.

Finally, we contribute to the growing literature on factors affecting IPV prevalence,

ranging from the effects of cash transfers (Bobonis et al. 2013), labor market shocks (Aizer

2010), education (Erten and Keskin 2018), divorce laws (Stevenson and Wolfers 2006) and

trade shocks (Erten and Keskin 2021). Evidence on the effects of substance use on IPV is

rare, and focuses on alcohol use (Castilla et al. 2022; Markowitz 2000). Using a randomized

control trial in rural Kenya, Castilla et al. (2022) find that the reduction in alcohol use lowers

sexual violence.

2 Background and Data

2.1 Introduction of OxyContin Reformulation

In the US, the number of opioid prescriptions nearly quadrupled from 76 million in 1991 to

over 250 million in 2010 (Volkow 2014). During this period, Purdue Pharma–the company

that released OxyContin in 1996–invested heavily in advertising campaigns to increase the

use of opioids for treating chronic non-cancer pain (Boudreau et al. 2009; Alpert et al.

2022). However, OxyContin was highly addictive due to its formulation as a potent opioid

containing oxycodone, which directly interacted with the brain’s opioid receptors, leading

to feelings of euphoria and pain relief. Moreover, if the pill was tampered with by crushing

or dissolving, it could release a large dose of oxycodone all at once, increasing the risk of

addiction (Van Zee 2009).

In order to address the misuse of OxyContin and its diversion to illicit markets, Purdue

Pharma developed an abuse deterrent formulation that was designed to be harder to crush
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or dissolve. This version received approval from the Food and Drug Administration (FDA)

in April 2010. Purdue Pharma began distributing the new formulation while discontinuing

the shipment of the previous formulation in August 2010. The reformulation successfully

reduced prescription opioid abuse involving OxyContin (Butler et al. 2013). As Figure 1

shows, annual opioid prescribing rates leveled off from 2010 to 2012 and then declined

subsequently. These trends in opioid prescriptions were also highlighted by prior studies

(Guy Jr et al. 2017; Powell and Pacula 2021), with the rate of annual opioid prescriptions

increasing from 0.72 to 0.81 per person from 2006 to 2010, remaining constant from 2010 to

2012, and then decreasing steadily to 0.46 in 2019.

Several factors explain why opioid prescriptions remained stable for one to two years

before decreasing after the reformulation of OxyContin. First, although the reformulated

drug ceased shipments to retail pharmacies in August 2010, stockpiled original versions,

that were easier to misuse, remained available, consequently delaying the reformulation’s

full impact.3 Second, the reformulation reduced demand for new and existing users. New

users had fewer chances of misuse with the abuse-deterrent version, leading to fewer

prescriptions. For those already addicted and misusing OxyContin, substitution towards

other illicit opioids has been found to be more gradual as illicit markets expanded in

response to the reformulation (Powell and Pacula 2021); hence, this would be expected to

lead to a somewhat gradual decline in their reliance on prescription opioids.

While the reformulation has been found to be effective in reducing prescription opioid

prescribing and misuse/overdose related to prescription opioids (Hwang et al. 2015; Evans

et al. 2019; Coplan et al. 2016), several studies also find evidence of substitution from

licit prescription opioids into illicit opioids such as heroin and fentanyl, leading to an

increase in overdoses related to these drugs (Evans et al. 2019; Powell and Pacula 2021).4

A recent study has also documented an increase in child physical abuse and neglect after

OxyContin’s reformulation in impacted counties (Evans et al. 2022). In this study, we

3The FDA gave the reformulated drug an “abuse-deterrent” designation in April 2013.

4For a comprehensive review of the literature on the effects of opioid policies on health and crime outcomes,

see Maclean et al. (2022). Several studies also examined the effects of mandatory access PDMPs on heroin use,

crime, and mortality (Meinhofer 2018; Mallatt 2018; Dave et al. 2021; Kim 2021).
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further widen the lens and examine how the reformulation of OxyContin has affected IPV

prevalence in affected counties, thereby informing broader impacts on women’s and their

children’s well-being.

2.2 IPV data

Our empirical analysis leverages police-reported intimate partner violence (IPV) incidents

recorded in the National Incident-Based Reporting System (NIBRS) from 2006 to 2019.

NIBRS is a system that U.S. law enforcement agencies had voluntarily used to report

incident-based crime data. Each report in the NIBRS contains information about the char-

acteristics of the victim (age, gender, race, ethnicity, and relationship to the offender), the

offender (age, gender, race, ethnicity, and whether they were suspected of using substances,

including heroin), and the incident itself (date/time, injuries, arrests). This dataset offers

a significant improvement over survey data as it is less reliant on self-reports, was con-

sistently collected over a prolonged period, and permits us to identify if an offender was

suspected of using opioids.

We examine IPV experienced by female victims, including relationships that consist of

spouses, common-law spouses, boyfriends/girlfriends, homosexual partners, ex-spouses,

and ex-boyfriends/girlfriends. The incidents considered are aggravated assaults, simple

assaults, forced sex, and intimidation. Our primary indicator is the annual IPV rate per

1,000 population at the county level. We use a balanced panel of county-level data from

2006-2019.

The average county had an IPV incident rate of 2.65 per 1,000 population annually, with

50 percent of these incidents resulting in injuries and 55 percent of them ending with the

perpetrator being arrested (Appendix Table A1). Figure 1 illustrates that the annual IPV

rate in the US followed a declining trend from 2.83 per 1,000 in 2006 to 2.36 per 1,000 in

2019.
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2.3 Data on opioid prescriptions and county-level covariates

Our primary explanatory variable—the pre-reformulation exposure to prescription opioids—

is measured by the population-weighted average number of Schedule II opioid prescrip-

tions per capita by county from 2006 to 2009 following Evans et al. (2022). These data are

reported by the Centers for Disease Control (CDC).

We use multiple data sources to account for time-varying county characteristics that

could influence IPV outcomes. Demographic data, including gender, racial and age com-

position, come from the Surveillance, Epidemiology, and End Results (SEER) Program. We

also use the cancer death rates per 100,000 individuals reported by the CDC and the annual

average unemployment and labor force participation rates reported by the Bureau of Labor

Statistics to account for socioeconomic conditions at the county level.

We also control for baseline (2006) values of the following county characteristics, in-

teracting them with year fixed effects to account for time-varying spatial shocks. First,

we include the share of the population without any college education, from the Ameri-

can Community Survey, to account for counties more exposed to labor-saving technical

changes and associated deaths of despair (Case and Deaton 2017, 2020). Second, we add

the share of employment in mining, reported by the BLS, to control for higher rates of injury

in underground mining, which increase opioid consumption and mortality rates (Monnat

2018; Metcalf and Wang 2019).

Furthermore, we control for indicators for whether the state has a PDMP of any form

and whether it has a medical marĳuana law in our baseline analysis. We incorporate

further state policies in robustness checks. Appendix A provides descriptions of data

sources. Appendix Table A1 provides summary statistics.
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3 Empirical Analysis

3.1 Identification

We focus on the effects of OxyContin reformulation on the IPV outcomes by employing

event study and difference-in-differences methodologies, leveraging spatial variation in

the intensity of the treatment driven by the variation in pre-intervention exposure to pre-

scription opioids across counties. The reformulation of OxyContin serves as an exogenous

shock since it occurred unexpectedly in 2010 and affected all counties in our sample to

varying degrees based on pre-reformulation exposure. Following Evans et al. (2022), we

measure the pre-intervention exposure at the county level by the population-weighted av-

erage number of opioid prescriptions per capita using CDC data from 2006 to 2009. For

ease of interpretation, we standardize this exposure measure to have a mean of 0 and a

standard deviation of 1.

Using an event study analysis, we disentangle dynamics in the causal relationship

between the reformulation and our outcomes by interacting indicators for single years and

the county-specific pre-intervention measure of exposure using the following specification:

𝑌𝑐𝑡 =
∑
𝑡

𝛾𝑡1{𝑦𝑒𝑎𝑟 = 𝑡} × 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒𝑐 + 𝛽𝑋𝑐𝑡

+
∑
𝑡

𝜃𝑡1{𝑦𝑒𝑎𝑟 = 𝑡} × 𝑋𝑐 + 𝛿𝑐 + 𝛿𝑡 + 𝜖𝑐𝑡 ,
(1)

where 𝑌𝑐𝑡 represents the outcome of IPV rate per 1,000 in county 𝑐 and year 𝑡. We con-

sider related outcomes, including the heroin-involved IPV rate, injury rate, and arrest rate

associated with an IPV incident. The first terms on the right-hand side are the difference-

in-differences (DID) terms, interactions of a full set of year dummies (excluding 2010,

the year in which OxyContin was reformulated) with the (time-invariant) county-level

pre-intervention exposure to prescription opioids, 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒𝑐 , as described above. The

coefficients of interest are 𝛾𝑡 event year coefficients, which reveal the differences in IPV
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rates between counties with higher and lower pre-intervention exposure in year 𝑡, rela-

tive to 2010, the year in which OxyContin was reformulated. The term 𝑋𝑐𝑡 represents a

vector of covariates that vary across counties and over time. These include county-level

covariates—percent female, White, Black, Hispanic population; number of cancer deaths

per 100,000 population; percent population in different age groups; unemployment and

labor force participation rates—and state-level policies including indicators for a PDMP of

any form and a medical marĳuana law. The term 𝑋𝑐 represents initial (2006) county charac-

teristics as discussed in Section 2.3: share of population without any college education and

the share of employment in mining. Including interactions of these characteristics with

the full set of year dummies allows their relationship with IPV rates to differ before and

after the reformulation of OxyContin. The county fixed effects 𝛿𝑐 absorb time-invariant

differences across counties that contribute to disparities in the IPV rate, while the year fixed

effects 𝛿𝑡 account for any time-varying national shocks affecting all counties identically in

a particular year. Regressions are weighted by 2006 county population. Standard errors

are clustered at the county level to account for serial correlation in the error term within a

county.

To facilitate a more standard interpretation of the average treatment effect of the refor-

mulation on IPV over the entire post-reformulation period, we employ a generalized DID

specification:

𝑌𝑐𝑡 = 𝛾1𝑃𝑜𝑠𝑡𝑡 × 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒𝑐 + 𝛽𝑋𝑐𝑡 +
∑
𝑡

𝜃𝑡1{𝑦𝑒𝑎𝑟 = 𝑡} × 𝑋𝑐 + 𝛿𝑐 + 𝛿𝑡 + 𝜖𝑐𝑡 , (2)

where the indicator variable 𝑃𝑜𝑠𝑡𝑡 takes a value of 1 for the post-reformulation period,

which is from 2010 to 2019. The other terms are defined as in Eq. (1).

An attractive feature of this DID identification strategy is its ability to isolate the effects

of OxyContin reformulation on IPV outcomes. While counties with high and low pre-

intervention exposure are not identical, comparing outcomes within counties over time

isolates the differential impact of the OxyContin reformulation.
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3.2 Primary Results

We begin by graphically illustrating that the pre-reformulation exposure to prescription

opioids in a county strongly predicts differential changes in prescription opioid misuse

after the OxyContin reformulation in 2010. Appendix Figure A1 plots the “first-stage"

relationship between the population-weighted average per capita Schedule II opioid pre-

scriptions in the county in the pre-reformulation exposure period from 2006 to 2009 and

the state-level change in the OxyContin misuse rate from 2008 to 2012 using data from

Alpert et al. (2018) (Panel A) and the county-level change in per capita Schedule II opioids

from 2008 to 2019 using the CDC data (Panel B). Categorizing counties into quartiles based

on their pre-reformulation exposure to prescription opioids, we observe that counties with

higher pre-reformulation exposure experience greater reductions in both the OxyContin

misuse rate between 2008 and 2012 and Schedule II opioid prescriptions per capita between

2008 and 2019.

We start by exploring the dynamic effects of OxyContin reformulation on IPV outcomes.

Figure 2 shows event-study plots. In Panel A, we find that in the period prior to the inter-

vention in 2010, the coefficient estimates are statistically indistinguishable from zero. This

lack of a pre-existing differential trend in counties that are more exposed to OxyContin

reformulation provides a validation of the common trends assumption, supporting our

DID strategy.5 By contrast, after the reformulation, the coefficient estimates shift down

noticeably and become statistically different from zero after two years, a lag which is con-

sistent with the delayed reduction in OxyContin misuse as the original versions remained

accessible due to stockpiling and availability on the street markets as explained in Section

5Table A2 presents the pre-trend evaluation, following the approaches outlined by Roth (2022). For all the

outcomes depicted in Figure 2, we observe that none of the individual pretreatment coefficients are statistically

significant, with all t-values being less than 1.96. A joint significance test of all pre-period coefficients indicates

that we cannot reject the null hypothesis that all pre-period coefficients are zero (p-values > 5%). The slopes

of the fitted lines of pretreatment coefficients are all insignificant. In addition, we conducted a pre-trend test

to assess whether there are linear violations of parallel trends that conventional pretests would detect 50% or

80% of the time (𝛾0.5 and 𝛾0.8 ). We found that all slopes are less than 0.05 for more than 50% or 80% of the

time.
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2.1.6, 7 These findings indicate that counties that had high opioid prescribing rates at base-

line and thus were more exposed to the OxyContin reformulation experience significantly

larger declines in IPV relative to those that are less affected.

Table 1 shows the estimated average treatment effects realized over the entire post-

intervention period, and their robustness to progressively adding more covariates, with

column (5) representing the fully saturated model. In the first row, the coefficient estimate

implies that a one standard deviation increase in pre-reformulation exposure yields about a

6.2 percent annual decline in the IPV rate on average following OxyContin’s reformulation.8

In Panel B of Figure 2, the event study plot for the heroin-involved IPV rate shows that

following the reformulation, there is a gradual increase in the rate of heroin-involved IPV

incidents (i.e., those where the police suspected the offender of having used heroin), while

the estimates are for the most part imprecisely estimated for the full sample. The delayed

effects may be due to the gradual shift of highly addicted individuals from OxyContin to

heroin and the expansion of illicit drug markets to meet the increasing demand (Powell

and Pacula 2021). Despite the delay, the magnitude of the pooled coefficient estimate is

quite substantial. The average treatment effects reported in the second row of Table 1

imply that a one standard deviation increase in pre-reformulation exposure is associated

with a tripling of the rate of heroin-involved IPV rate per 1,000 population in the post-

reformulation period. This increase in heroin-involved IPV rate is consistent with some

opioid-dependent individuals substituting into heroin use once it became difficult to access

and abuse OxyContin (Alpert et al. 2022), and heroin use being associated with a greater

risk of IPV perpetration (El-Bassel et al. 2007; Tran et al. 2014). However, since heroin-

involved IPV is a small fraction of the total IPV incidents (less than 1%), the large increase

in IPV incidents driven by heroin consumption of highly addicted individuals does not

6These findings are also in line with Figure 1, illustrating a flattening of the trend in per capita prescription

opioid consumption from 2010–2012, with a steady decline star starting in 2013.

7Similar effects operating with some delay and compounding over time are not uncommon in studies of

the OxyContin reformulation and of policies (i.e., PDMPs) that aim to restrict access to prescription opioids

(Beheshti and Kim 2022; Gihleb et al. 2022; Powell and Pacula 2021; Park and Powell 2021; Dave et al. 2021).

8This reduction represents a decline in IPV of 0.1762 incidents per 1,000 population as share of the pre-

reformulation outcome mean of 2.8319 (-0.1762/2.8319*100).
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offset the decline in total IPV incidents observed overall in affected counties.

The event study results for the injury rate and arrest rate per 1,000 population are consis-

tent with the results observed for the IPV rate (Panels C and D of Figure 2). Specifically, the

affected counties experience a significant relative decline in the rates of injury due to IPV as

well as a decline in the arrest rates for IPV incidents after the reformulation. Table 1 shows

that a one standard deviation increase in pre-reformulation exposure yields about a 6.6

percent annual decline in the injury rate and a 4.7 percent annual decline in the arrest rate

for IPV cases after the reformulation. The corollary declines for injuries and arrests related

to IPV imply that the overall decline in reported IPV incidents to law enforcement agencies

(Panel A of Figure 2) reflects an actual decline in incidence in more affected counties rather

than just a shift in reporting behaviors.

To place our effects in context, Evans et al. (2019) report an 11 percent short-term decline

in non-heroin opioid-related mortality due to the reformulation, compared to our 6 percent

annual decline in the IPV rate. Evans et al. (2019) and Alpert et al. (2018) find that each

prevented non-heroin opioid death from the reformulation is approximately replaced by a

heroin death, resulting in no significant impact on the combined opioid death rate. While

we also find a substantial increase in heroin-involved IPV rate, there are several reasons

for why this increase in heroin-involved IPV is not large enough to offset the decline in

non-heroin related IPV. First, the one-to-one offset in opioid versus heroin deaths does not

imply that the same number of opioid abusers switch to heroin. In fact, Evans et al. (2019)

impute that less than 10 percent of recreational pain medication users transition to heroin

annually. However, because heroin is much more potent and has a higher overdose risk,

even a less than one-to-one substitution results in a larger offset in overall mortality. In the

case of IPV perpetration, although heroin abusers have a higher risk of perpetration than

prescription opioid abusers, this increased probability is not sufficient to fully offset the

decline in non-heroin IPV incidents resulting from the reformulation-induced reduction in

prescription opioid misuse for the full sample. However, in areas with greater substitution

into heroin given the presence of (and subsequent expansion of) illicit opioid markets, offset
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effects may be much stronger, which we explore in the next section to elucidate potential

mechanisms underlying our results.

3.3 Potential Channels

Our findings highlight a distinct "reduced form" effect of OxyContin reformulation on

intimate partner violence. This evidence suggests that a major supply-side intervention

that made the main legal opiate abuse-deterrent can contribute to substantial mitigation

of violence perpetrated against women. While several causal mechanisms may underlie

these effects, many of which we are not able to definitively test due to data limitations, in

this section we examine some key potential channels that could account for these findings.

We do so by drawing primarily on existing evidence on potential mediators and indirect

evidence through supplementary analyses.

First, although the reformulation of OxyContin reduced prescription opioid misuse,

it also induced addicted individuals to turn to more potent illicit opioids (Evans et al.

2019; Powell and Pacula 2021). This shift was particularly pronounced in areas with a pre-

existing large illicit drug market (Unick et al. 2014; Gupta and Mazumder 2023). Given that

illicit opioid use is an important risk factor for IPV perpetration (El-Bassel et al. 2007), one

would expect the decline in IPV to be stronger in regions with a small illicit drug market,

limiting the substitution towards illicit opioids. In Figure 3, we assess whether the effects

of OxyContin reformulation vary by the size of the illicit opioid market activity. We proxy

the size of illicit opioid market activity by the ratio of deaths due to illicit and synthetic

opioids to deaths from prescription opioids in a state over the period 2006 to 2009, prior to

reformulation in 2010.9 We then bifurcate the sample into two groups based on the median

level of illicit opioid market activity. The estimates in Panel A indicate that the OxyContin

reformulation reduced the IPV rate only in states with small illicit opioid markets. In

states with larger and more developed illicit opioid markets, we find no evidence of any

9We follow Gupta and Mazumder (2023) in using this proxy for the size of illicit market activity at the state

level. We derive this information from CDC WONDER from Multiple Cause of Death (MCOD) vital statistics

data made available by the National Center for Health Statistics (NCHS) https://wonder.cdc.gov/mcd.html.

For states with very low illicit mortality, the data are suppressed and we recode these values as zero.
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significant impact on IPV rates. Furthermore, Panel B estimates show that the OxyContin

reformulation increased heroin-involved IPV rate in states with large illicit opioid markets,

with no significant changes in states with small illicit markets. These findings provide

support to the hypothesis that the reduction in addiction stemming from the reformulation

policy drive a decline in IPV risk, but only in locations with limited substitution towards

illicit drugs.10 In locations with strong options for substitution into other illicit opioids, the

results show no evidence of a decline in IPV rate, and in fact, these counties experience a

heightened risk of heroin-involved IPV incidents.

Second, if the primary mechanism for reducing IPV prevalence is the decrease in

prescription opioid misuse due to the reformulation, one could expect to see larger re-

ductions in IPV among demographic groups that initially had high rates of prescription

opioid misuse and benefited more from the reformulation. As shown in Appendix Figure

A1, OxyContin misuse declined differentially more in counties with initially higher rates of

prescription opioid misuse at baseline. We examine whether OxyContin reformulation had

heterogeneous treatment effects on IPV outcomes by victim characteristics by constructing

the incident rate for each specific population subgroup (e.g., non-Hispanic White/Black,

Hispanic, younger than 30, etc.). The left side of Panel A in Figure 4 shows that the de-

cline in the IPV rate from the reformulation is strongest among the non-Hispanic White

population, with little to no effects observed for non-Hispanic Black, Hispanic, or other

racial/ethnic groups. This finding is consistent with the misuse of prescription opioids

being highest among non-Hispanic White individuals in the first wave of the opioid crisis in

late 1990s and 2000s in the US (National Academies of Sciences, Engineering, and Medicine

and others 2017; Humphreys et al. 2022). Moreover, the magnitude of the estimated re-

ductions in the IPV rate is larger among younger adults (ages 30 and below) compared to

those older adults, while we cannot reject that they are statistically significantly different.11

However, the relatively larger reduction in IPV risk for younger women is consistent with

10Appendix Figure A4 shows that the changes in injury and arrest rates in more exposed counties followed

similar patterns with respect to heterogeneous impacts.

11Appendix Figure A2 reports that the reductions in injury and arrest rates in more affected counties largely

followed similar patterns in heterogeneity by victim characteristics.
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the evidence that younger individuals had a higher risk of consuming prescription opioids

before 2010 and thus would be impacted more intensively from the lack of access to abuse-

prone opioids (Palmer et al. 2015). The right side of Panel A in Figure 4 also shows that the

non-Hispanic White population experienced the largest increase in the risk of exposure to

heroin-involved IPV, in the post-reformulation period in more affected counties.

Third, another source of heterogeneity that could shed light on the underlying mech-

anisms is the location characteristics. One could, for example, expect the impacts on

IPV outcomes to be larger in areas more severely affected by the first wave of the opioid

epidemic due to greater reductions in prescription opioid misuse post-reformulation. Con-

sistent with this hypothesis, the left side of Panel B in Figure 4 shows that the reformulation

of OxyContin had stronger impacts in terms of IPV reduction in counties with lower levels

of education (e.g., counties below the median share of high school graduates), which were

more adversely impacted by the opioid epidemic during the first wave. We also find some

suggestive evidence that IPV reduction was larger in poorer counties (e.g., counties below

the median share of families at or below the poverty threshold), while the difference from

less poor counties is not statistically significant. Similarly, we find no statistically signifi-

cant difference in the estimated IPV reduction estimates between more metropolitan (e.g.,

counties with higher than median share of metropolitan population) or micropolitan and

noncore counties. The right side of Panel B further illustrates that the post-reformulation

increase in the heroin-involved IPV rate is higher among more metropolitan counties, con-

sistent with urban regions having more developed illicit drug markets that can facilitate

substitution into illicit opioids.12 Appendix Figure A3 shows similar heterogeneity patterns

for our other IPV-related injury and arrest rate outcomes.

Fourth, the OxyContin reformulation could also affect labor market outcomes through

reductions in prescription misuse and potential substitution into illicit opioid consumption,

with potentially differential effects by gender. Cho et al. (2021) find that more exposed states

experienced a decline in employment and labor force participation rates for both men and

12These effects also seem larger in relatively more educated counties with higher poverty rates on average.
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women, with no statistically significant differences between these two groups.13 The decline

in employment and labor force participation at the household level could increase the risk

of IPV through increased financial distress in affected households. To the extent that this

channel is operating, it would bias our estimates in the opposite direction. Moreover,

controlling for unemployment and labor force participation rates at the county level makes

no meaningful change to our estimates (i.e., the difference in column 1 and 2 estimates in

Table 1 is marginal). Hence, we largely rule out the labor market channel as a key driver of

our main results.

3.4 Robustness Checks

We conduct several sensitivity analyses. In Appendix Table A3, we incorporate additional

state policies and regulations that could affect opioid use and IPV prevalence. We control

for harm reduction policies, such as Good Samaritan Laws and Naloxone access laws,

as well as policies related to recreational marĳuana legalization and decriminalization.

Additionally, we include controls for physical exam requirement (PER) laws, Medicaid

expansion under the Affordable Care Act (ACA), and the Earned Income Tax Credit (EITC)

coverage. Remarkably, these additional controls yield consistent estimates similar to those

in Table 1.

In Appendix Table A4, we assess the sensitivity of our estimates to alternate specifica-

tions, samples, and covariates. First, we cluster standard errors at the state level to account

for spatially and temporally correlated errors across localities and over time within the same

state. Second, we add interactions of census division fixed effects with a post-reformulation

period indicator to account for unobserved regional shocks. Third, we control for differ-

ences in police deployment by including the number of officers per capita. Fourth, to ensure

data quality, we control for the number of agencies reporting IPV incidents within each

county and year, and we exclude counties with inadequate IPV data reporting following

13Other studies also find mostly negative labor market effects (Harris et al. 2020; Aliprantis et al. 2023), with

the exception of Currie et al. (2019), which finds small positive effects for women.
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prior studies (Freedman and Owens 2011; Thomas and Shihadeh 2013; Fone et al. 2023).14

These various checks yield findings consistent with our baseline estimates in Table 1.

Moreover, we incorporate an OxyContin-specific measure of pre-intervention opioid

misuse to better assess OxyContin abuse, following Evans et al. (2022) and using the

population-weighted rate of OxyContin misuse at the state level from 2004 to 2009 intro-

duced by Alpert et al. (2018). The event-study estimates in Appendix Figure A5 align with

our main estimates in Figure 2. Finally, we control for the housing market index (HHI)

and 90-day mortgage delinquency rates at the county and state levels to account for the

potential impact of the 2007–2009 housing bust and the Great Recession. Our estimates

reported in Appendix Table A5 are robust to accounting for housing market fluctuations.

4 Conclusion

In this study, we provide the first evidence of the spillover effects of a key supply-side

intervention targeting opioid misuse – the abuse-deterrent reformulation of OxyContin – on

IPV. Using administrative data on incidents by female victims to law enforcement agencies

combined with a difference-in-differences design, our results show that the reformulation

led to a significant decline in exposure of women to IPV. Our estimates indicate that a

one standard deviation increase in exposure to OxyContin reformulation resulted in a 6.2

percent decline in the IPV rate among women. The economic burden of IPV is staggering,

amounting to over $4.1 trillion (inflated to 2022$), including $2.4 trillion in medical costs

and $1.5 trillion in productivity losses (Peterson et al. 2018); almost 40% of the economic

burden is borne by the public sector. The annual economic burden is estimated to reach

$714 billion (inflated to 2022$) (Peterson et al. 2018). Monetizing the estimated decline in

IPV observed for a one standard deviation shift for exposed counties, our results suggest

that the OxyContin reformulation generated additional cost-savings on the order of $42

billion annually.

14We follow Fone et al. (2023) and use 65% coverage rate, although results are similar for alternative cutoffs.

See Appendix A for the definition of coverage indicator.
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Our findings are consistent with the decline in IPV being driven by a reduction in

prescription opioid misuse in locations where substitution to illicit drugs was limited.

Specifically, we find that the reformulation reduced the IPV rate only in states with rela-

tively low levels of illicit opioid market activity. In states with larger and more developed

illicit opioid markets, there is no decline in the IPV rate; instead, our findings point to a sub-

stantial increase in heroin-involved IPV rate in these areas. Such unintended consequences

underscore the importance of identifying populations and areas where the risk of substi-

tution to illicit opioids is high, and targeting evidence-based policies that can counteract

this risk.
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Figure 1: Opioid Prescriptions per capita and Intimate Partner Violence Rate
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Note: Figure depicts annual opioid prescriptions per capita reported by the CDC and the intimate partner

violence rate per 1,000 population calculated from the 2006–2019 NIBRS. Opioid prescriptions per capita refer

to the population-weighted median per capita prescriptions in a given year. Intimate partner violence rate

refers to the annual means based on the number of intimate partner violence incidents per 1,000 population.
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Figure 2: The Effects of OxyContin Reformulation on IPV Rates over time
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Note: Data are from the 2006–2019 NIBRS. Event-study plots showing the response of IPV rate, heroin-

involved IPV rate, injury rate, and arrest rate per 1,000 population reported by female victims at the county

level (N=12,516 county-years) to OxyContin reformulation in 2010. The population-weighted mean opioid

prescriptions per capita during the pre-reformulation period (2006–2009) is standardized (mean=0, std=1).

Each figure reports treatment effect estimates and 95 percent confidence intervals with 2010, the reformulation

year, normalized to zero. Specifications include county and year fixed effects, county-level covariates (percent

female, White, Black, Hispanic population; number of cancer deaths per 100,000 population; percent population

under age 19, between 20 and 24, between 25 and 34, between 35 and 44, between 45 and 54, and between 55

and 64; unemployment and labor force participation rates), initial (2006) shares of the population without any

college education and of employment share in mining, both interacted with year fixed effects, and state-level

policies (indicators for a PDMP of any form and a medical marĳuana law). Standard errors are clustered at the

county level.
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Figure 3: Heterogeneity Analyses by Size of Illicit Opioid Market Activity
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Note: Data are from the 2006–2019 NIBRS. The figure presents subgroup analyses by the size of the illicit

opioid market activity in a state, which is proxied by the share of deaths due to illicit or synthetic opioids

in total deaths due to opioids over the period 2006 to 2009, prior to OxyContin reformulation in 2010. The

coefficient estimates show treatment effects on IPV rate and heroin-involved IPV rate per 1,000 population, as

reported by female victims at the county level. Vertical bars represent the respective 95% confidence intervals

for these estimates.
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Table 1: The Effects of OxyContin Reformulation on IPV Rates

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

Intimate partner violence rate -0.2081*** -0.1756*** -0.1764*** -0.1767*** -0.1762***

(0.0558) (0.0578) (0.0618) (0.0619) (0.0625)

Observations 12,516 12,516 12,516 12,516 12,516

Mean in 2006-09 2.8319 2.8319 2.8319 2.8319 2.8319

Heroin-involved IPV rate 0.0002** 0.0002** 0.0003*** 0.0003*** 0.0003***

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

Observations 12,516 12,516 12,516 12,516 12,516

Mean in 2006-09 0.0001 0.0001 0.0001 0.0001 0.0001

Injury rate -0.0823*** -0.0783** -0.0918*** -0.0915*** -0.0920***

(0.0286) (0.0339) (0.0349) (0.0347) (0.0351)

Observations 12,516 12,516 12,516 12,516 12,516

Mean in 2006-09 1.3857 1.3857 1.3857 1.3857 1.3857

Arrest rate -0.0740*** -0.0636** -0.0708** -0.0712** -0.0716**

(0.0248) (0.0285) (0.0294) (0.0293) (0.0293)

Observations 12,516 12,516 12,516 12,516 12,516

Mean in 2006-09 1.5122 1.5122 1.5122 1.5122 1.5122

County and year fixed effects ! ! ! ! !

Time-varying county socioeconomic controls × ! ! ! !

Initial county characteristics X year fixed effects × × ! ! !

Any Prescription Drug Monitoring Program × × × ! !

Medical marĳuana law × × × × !

Notes: Data are from the 2006–2019 NIBRS. Estimates of average treatment effects of the OxyContin reformulation on

the IPV rate, heroin-involved IPV rate, injury rate, and arrest rate per 1,000 population reported by female victims at

the county level (N=12,516 county-years). The population-weighted mean opioid prescriptions per capita during the

pre-reformulation period (2006–2009) is standardized (mean=0, std=1). All specifications include county and year fixed

effects. Column (2) adds county-level demographic, health, and economic controls (percent female, White, Black, Hispanic

population; number of cancer deaths per 100,000 population; percent population under age 19, between 20 and 24, between

25 and 34, between 35 and 44, between 45 and 54, and between 55 and 64; unemployment and labor force participation

rates), column (3) controls for initial (2006) shares of the population without any college education and of employment

share in mining, both interacted with year fixed effects, column (4) controls for whether the state has a Prescription Drug

Monitoring Program (PDMP) of any form, and column (5) controls for whether the state has a medical marĳuana law.

Outcome means for the pre-reformulation period (2006–2009) are listed in rows under standard errors. Standard errors in

parentheses are clustered at the county level. ***, **, and * denote significance at the 1, 5, and 10 percent levels.
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APPENDIX

Appendix A Additional Data Sources

A.1 Additional county-level data

For heterogeneity analysis based on county characteristics, we collected data on average educa-

tional attainment, poverty rate, and metropolitan share of population. For educational attainment,

we use the percentage of adults whose highest level of education is higher than high school degree.

To account for the effect of urbanization, we classified counties into three categories based on their

metropolitan status: metropolitan, micropolitan, or non-core. Metropolitan counties have a core

urban area of 50,000 or more people. They are generally characterized by significant economic

ties throughout the area, including social and economic integration, as indicated by commuting

patterns. In contrast, micropolitan counties have an urban core of at least 10,000 (but less than

50,000) people. Non-core counties do not have an urban core of 10,000 or more people and thus

represent the most rural counties. We use the share of metropolitan population for our subgroup

analyses.

In conducting our robustness checks, we compiled housing market indicators at the county

level. These include the Housing Market Index (HHI) from the Federal Housing Finance Agency,

and the mortgage delinquency rate based on mortgages delinquent by 90 days or more from the

Consumer Financial Protection Bureau. These data span the period 2008–2019.

The coverage indicator represents the effective coverage of reporting of IPV by agencies for a

county in a given year, with higher values representing more complete coverage. Following Fone

et al. (2023), the coverage indicator is calculated as:

𝐶𝐼𝑐,𝑡 = (1 −
𝑛𝑐,𝑡∑
𝑎=1

(
𝐴𝑎,𝑐,𝑡

𝑇𝑐,𝑡
· 12 − 𝑀𝑎,𝑡

12

)
) × 100 (3)

where 𝐶𝐼𝑐,𝑡 is the coverage indicator for county 𝑐 in year 𝑡; 𝑛𝑐,𝑡 is the number of agencies in county

𝑐 at time 𝑡; 𝐴𝑎,𝑐,𝑡 is the population of agency 𝑎 in county 𝑐 in year 𝑡; 𝑇𝑐,𝑡 is the total population in

county 𝑐 in year 𝑡; and 𝑀𝑎,𝑡 is the number of months agency 𝑎 reported in year 𝑡.
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A.2 Additional state-level data

Our baseline analysis controls for two state-level policies: indicators for whether the state has a

Prescription Drug Monitoring Program (PDMP) of any form and for whether it has a medical

marĳuana law. Specifically, we accounted for whether a Prescription Drug Monitoring Program

(PDMP) law was in effect in a given state during a particular year. These laws establish electronic

databases that track controlled substance prescriptions within a state, providing valuable and

timely information to health authorities about prescribing and patient behaviors that may lead to

substance misuse. We accounted for the presence of a PDMP of any form, whether it involves

voluntary database access or requires mandatory queries before prescribing or dispensing con-

trolled substances. We also controlled for whether the state has a medical marĳuana law in place

considering marĳuana as a therapeutic substitute to opioid consumption.

In our robustness analysis, we included several state policies to control for state-level differences

in social welfare and health policies. Our analysis incorporated Good Samaritan Laws that protect

individuals who provide emergency aid during a medical emergency or call for help during a

drug-related overdose, and Naloxone Laws that give legal protection to healthcare providers who

prescribe or dispense naloxone. We also added indicators for whether a state decriminalized the

use of marĳuana, and whether a state has passed recreational marĳuana laws to reflect the legal

status of marĳuana in a state for a given year. We also accounted for the Physical Examination Laws,

which vary among states but require a licensed practitioner to examine a patient before prescribing

medication. Next, we included a binary variable that indicates whether a state expanded Medicaid

coverage under the Affordable Care Act (ACA) provisions. Moreover, we incorporated the State

Earned Income Tax Credit (EITC) policy as a percentage of the federal EITC. This policy reduces

the tax owed by low to moderate-income working individuals and couples on a dollar-for-dollar

basis. Lastly, we used the police per capita as a control variable, reflecting the number of law

enforcement officers per 1,000 residents in a state for a given year.

Moreover, at the state level, we have integrated controls for the rate of mortgage delinquency,

specifically focusing on mortgages overdue by 90 days or more, utilizing data derived from the

Residential Mortgage Performance Statistics.

30



Additional Tables

Table A1: Summary Statistics

Pre-reformulation Post-reformulation Whole period

(2006–2009) (2010–2019) (2006–2019)

Mean Mean Mean SD Min Max N

Intimate partner violence rate (per 1,000) 2.8319 2.5613 2.6517 1.9127 0 15.0699 12,516

Heroin-involved IPV rate (per 1,000) 0.0001 0.0005 0.0004 0.0034 0 0.125 12,516

Injury rate (per 1,000) 1.3857 1.3111 1.3353 0.9626 0 9.0921 12,516

Arrest rate (per 1,000) 1.5122 1.4274 1.4573 0.9814 0 7.9778 12,516

Percent female 0.5032 0.5013 0.5019 0.0174 0.2631 0.5642 12,516

Percent Black 0.0764 0.08 0.0788 0.1242 0.0011 0.7447 12,516

Percent White 0.8968 0.8881 0.891 0.1319 0.1914 0.9961 12,516

Percent Hispanic 0.0527 0.0639 0.0602 0.0791 0.0032 0.6446 12,516

Percent under age 0 to 19 0.2655 0.25 0.2551 0.034 0.1234 0.397 12,516

Percent age 20 to 24 0.0627 0.0642 0.0636 0.0257 0.0262 0.2833 12,516

Percent age 25 to 34 0.1144 0.1179 0.1168 0.0202 0.0531 0.2832 12,516

Percent age 35 to 44 0.1299 0.1167 0.1208 0.0156 0.0646 0.2031 12,516

Percent age 45 to 54 0.1509 0.1329 0.1392 0.0177 0.0586 0.2219 12,516

Percent age 55 to 64 0.1243 0.1403 0.1353 0.0213 0.0467 0.2139 12,516

Percent age over age 64 0.1522 0.178 0.1692 0.0426 0.0424 0.3788 12,516

Cancer deaths per 100,000 population 231.0289 237.7321 235.4256 66.4929 35.2602 697.6744 12,516

Unemployment rate 6.2791 5.6195 6.0619 2.9403 1.1 25.6 12,516

Labor force participation rate 0.6191 0.5914 0.6004 0.0838 0.2759 1.2668 12,516

Indicator for having medical marĳuana law 0.1385 0.3528 0.2797 0.4489 0 1 12,516

Indicator for having a PDMP of any form 0.7199 0.9814 0.8968 0.3043 0 1 12,516

Initial percent without any college education (in 2006) 0.5112 0.511 0.511 0.1155 0.1501 0.7846 12,516

Initial percent of employment in mining (in 2006) 0.0071 0.007 0.007 0.027 0 0.2773 12,516

Notes: Data are from the 2006–2019 NIBRS. The table presents the means, standard deviations, minimum and maximum values, and the number of observations for

variables used in the analysis at the county level (N=12,516 county-years).
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Table A2: Pre-trend Analysis

# pre-periods # significant Max|t| Joint p-value |t| for slope 𝛾0.5 𝛾0.8

Intimate partner violence rate 4 0 1.153 0.221 0.530 0.033 0.049

Heroin-involved IPV rate 4 0 1.486 0.324 1.069 0.000 0.000

Injury rate 4 0 0.844 0.483 0.396 0.014 0.022

Arrest rate 4 0 1.228 0.677 0.259 0.011 0.017

Notes: This table presents the pre-trend analysis of our main outcomes, as shown in Figure 2. Following the methodology of

Roth (2022), it reports the individual significance and t-values of the pre-treatment coefficients, the p-values from a joint test of

all pre-period coefficients, and the significance of the slope for the fitted line on the pre-period coefficients. The last two columns

provide the slopes corresponding to the tests on linear violations of parallel trends that conventional pretests would detect 50% or

80% of the time (𝛾0.5 and 𝛾0.8).
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Table A3: Robustness Analysis-I

IPV rate per Heroin-involved IPV rate Injury rate per Arrest rate per

1,000 population per 1,000 population 1,000 population 1,000 population

Controlling for:

Good Samaritan Laws -0.1587*** 0.0002** -0.0796** -0.0662**

(0.0603) (0.0001) (0.0339) (0.0287)

Naloxone Laws -0.1590*** 0.0002** -0.0801** -0.0675**

(0.0602) (0.0001) (0.0338) (0.0286)

Decriminalization of Marĳuana -0.1747*** 0.0003*** -0.0904*** -0.0712**

(0.0622) (0.0001) (0.0345) (0.0292)

Recreational Marĳuana Laws -0.1573*** 0.0002** -0.0790** -0.0653**

(0.0598) (0.0001) (0.0334) (0.0282)

Physical Examination Requirements -0.1602*** 0.0001** -0.0821** -0.0673**

(0.0592) (0.0001) (0.0334) (0.0277)

ACA Expansion -0.1703*** 0.0003*** -0.0904** -0.0682**

(0.0620) (0.0001) (0.0352) (0.0285)

EITC Policy -0.1678*** 0.0003*** -0.0887** -0.0675**

(0.0609) (0.0001) (0.0346) (0.0281)

Notes: Data are from the 2006–2019 NIBRS. Analyses showing the IPV rate, heroin-involved IPV rate, injury rate, and arrest rate per 1,000

population reported by female victims at the county level (N=12,516 county-years). The population-weighted mean opioid prescriptions

per capita during the pre-reformulation period (2006–2009) is standardized (mean=0, std=1). Specifications include county and year

fixed effects, county-level covariates (percent female, White, Black, Hispanic population; number of cancer deaths per 100,000 population;

percent population under age 19, between 20 and 24, between 25 and 34, between 35 and 44, between 45 and 54, and between 55 and 64;

unemployment and labor force participation rates), initial (2006) shares of the population without any college education and of employment

share in mining, both interacted with year fixed effects, and state-level policies (indicators for a PDMP of any form and a medical marĳuana

law). Standard errors in parentheses are clustered at the county level. ***, **, and * denote significance at the 1, 5, and 10 percent levels.
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Table A4: Robustness Analysis-II

IPV rate per Heroin-involved IPV rate Injury rate per Arrest rate per

1,000 population per 1,000 population 1,000 population 1,000 population

Clustering at the State Level -0.1762** 0.0003** -0.0920** -0.0716**

(0.0805) (0.0001) (0.0425) (0.0330)

Observations 12516 12516 12516 12516

Controlling for:

Census division × post-reformulation dummy -0.1586* 0.0003*** -0.0797 -0.1089***

(0.0851) (0.0001) (0.0485) (0.0371)

Observations 12516 12516 12516 12516

Police per capita (in logs) -0.1620** 0.0003*** -0.0866** -0.0671**

(0.0632) (0.0001) (0.0360) (0.0296)

Observations 12516 12516 12516 12516

Number of agencies reporting at the county -0.2105*** 0.0003*** -0.1087*** -0.0849***

(0.0623) (0.0001) (0.0360) (0.0291)

Observations 12516 12516 12516 12516

Dropping counties below 65% coverage rate -0.1977*** 0.0003*** -0.1104*** -0.0831***

(0.0663) (0.0001) (0.0382) (0.0319)

Observations 9316 9316 9316 9316

Notes: Data are from the 2006–2019 NIBRS. Analyses showing the IPV rate, heroin-involved IPV rate, injury rate, and arrest rate per 1,000 population

reported by female victims at the county level. County-year observations are noted for each regression. The population-weighted mean opioid

prescriptions per capita during the pre-reformulation period (2006–2009) at county level and state-level Oxycontin misuse is standardized (mean=0,

std=1). Specifications include county and year fixed effects, county-level covariates (percent female, White, Black, Hispanic population; number of

cancer deaths per 100,000 population; percent population under age 19, between 20 and 24, between 25 and 34, between 35 and 44, between 45 and

54, and between 55 and 64; unemployment and labor force participation rates), initial (2006) shares of the population without any college education

and of employment share in mining, both interacted with year fixed effects, and state-level policies (indicators for a PDMP of any form and a medical

marĳuana law). Standard errors in parentheses are clustered at the county level. ***, **, and * denote significance at the 1, 5, and 10 percent levels.
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Table A5: Robustness Analysis-III

IPV rate per Heroin-involved IPV rate Injury rate per Arrest rate per

1,000 population per 1,000 population 1,000 population 1,000 population

Controlling for:

Intimate partner violence rate -0.2081*** -0.1756*** -0.1764*** -0.1767***

-0.1762***

(0.0558) (0.0578) (0.0618) (0.0619)

(0.0625)

12,516 12,516 12,516 12,516

12,516

2.8319 2.8319 2.8319 2.8319

2.8319

Mortgage delinquency rate -0.1861*** 0.0003*** -0.0983*** -0.0724**

(0.0659) (0.0001) (0.0369) (0.0312)

Observations 11,072 11,072 11,072 11,072

State level mortgage delinquency rate -0.1645*** 0.0003*** -0.0962*** -0.0801***

(0.0599) (0.0001) (0.0369) (0.0303)

Observations 10,373 10,373 10,373 10,373

Notes: Data are from the 2006–2019 NIBRS. Analyses showing the IPV rate, heroin-involved IPV rate, injury rate, and arrest rate per 1,000

population reported by female victims at the county level. The population-weighted mean opioid prescriptions per capita during the

pre-reformulation period (2006–2009) is standardized (mean=0, std=1). Specifications include county and year fixed effects, county-level

covariates (percent female, White, Black, Hispanic population; number of cancer deaths per 100,000 population; percent population under

age 19, between 20 and 24, between 25 and 34, between 35 and 44, between 45 and 54, and between 55 and 64; unemployment and labor

force participation rates), initial (2006) shares of the population without any college education and of employment share in mining, both

interacted with year fixed effects, and state-level policies (indicators for a PDMP of any form and a medical marĳuana law). Standard errors

in parentheses are clustered at the county level. ***, **, and * denote significance at the 1, 5, and 10 percent levels.

35



Figure A1: Relationship between Pre-reformulation Exposure and the Change in Prescription

Opioid Misuse
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Panel (b): Prereformulation exposure and the change in opioid prescriptions per capita, 20082019

Note: We use the population-weighted mean per capita opioid prescriptions in the county from 2006 to 2009, pre-

reformulation exposure period, to create quartiles of exposure (with the quartile 1 representing lowest average exposure

and quartile 4 highest average exposure). Panel (a) plots the reductions in the state-level population-weighted average

rate of OxyContin misuse from 2008 to 2012, while Panel B plots the reductions in the county-level population-weighted

average per capita Schedule II opioid prescriptions based on the CDC data from 2008 to 2019.
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Figure A2: Heterogeneity Analyses by Victim Characteristics

0.092

0.063

0.011 0.012
0.007

0.066

0.025

0.15

0.10

0.05

0.00

0.05

A
v

er
a

g
e 

tr
ea

tm
en

t 
ef

fe
ct

Pooled

NonH
ispanic W

hite

NonH
ispanic Black

Hispanic
Other

Younger t
han 30

Older t
han 30

 

(a) Injury rate

0.072

0.044

0.009 0.011
0.007

0.047

0.022

0.15

0.10

0.05

0.00

A
v

er
a

g
e 

tr
ea

tm
en

t 
ef

fe
ct

Pooled

NonH
ispanic W

hite

NonH
ispanic Black

Hispanic
Other

Younger t
han 30

Older t
han 30

 

(b) Arrest rate

Note: Data are from the 2006–2019 NIBRS. The figure presents victim-level subgroup analyses, displaying estimated

treatment effects on injury rate and IPV arrest rate per 1,000 population, as reported by female victims at the county

level. Vertical bars represent the respective 95% confidence intervals for these estimates.
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Figure A3: Heterogeneity Analyses by County Characteristics
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(b) Arrest rate

Note: Data are from the 2006–2019 NIBRS. The figure presents county-level subgroup analyses, displaying estimated

treatment effects on injury rate and IPV arrest rate per 1,000 population, as reported by female victims at the county

level. Vertical bars represent the respective 95% confidence intervals for these estimates.
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Figure A4: Heterogeneity Analyses by Size of Illicit Opioid Market Activity
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Note: Data are from the 2006–2019 NIBRS. The figure presents subgroup analyses by the size of the illicit opioid market

activity in a state, which is proxied by the share of deaths due to illicit or synthetic opioids in total deaths due to opioids

over the period 2006 to 2009, prior to OxyContin reformulation in 2010. The coefficient estimates show treatment effects

on injury rate and arrest rate per 1,000 population, as reported by female victims at the county level. Vertical bars

represent the respective 95% confidence intervals for these estimates.
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Figure A5: Event Study Results using Alpert et al. (2018) OxyContin Misuse Measure
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(b) Heroin-involved IPV rate
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(d) Arrest rate

Note: Data are from the 2006–2019 NIBRS. Event-study plots showing the response of IPV rate, heroin-involved IPV rate,

injury rate, and arrest rate per 1,000 population reported by female victims at the county level (N=12,516 county-years)

to OxyContin reformulation in 2010. State-level OxyContin misuse prior to the intervention is obtained from Alpert

et al. (2018), and is standardized. Each figure reports treatment effect estimates and 95 percent confidence intervals

with 2010, the reformulation year, normalized to zero. Specifications include county and year fixed effects, county-level

covariates (percent female, White, Black, Hispanic population; number of cancer deaths per 100,000 population; percent

population under age 19, between 20 and 24, between 25 and 34, between 35 and 44, between 45 and 54, and between 55

and 64; unemployment and labor force participation rates), initial (2006) shares of the population without any college

education and of employment share in mining, both interacted with year fixed effects, and state-level policies (indicators

for a PDMP of any form and a medical marĳuana law). Standard errors are clustered at the county level.
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