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Abstract 

This paper examines the consequences of prescribing limits on opioid overdose mortality in the 

United States. Against the backdrop of a national health crisis driven by opioid overuse and 

addiction, this study employs an event study framework to assess the efficacy of legislation 

restricting opioid prescriptions as well as a theoretical framework to link this paper’s findings with 

prior work to better understand the pathway from prescription to addiction and overdose. 

Analyzing temporal and spatial variations in policy implementation, the findings indicate 

significant reductions in fatal heroin overdoses by 37% and fatal semi-synthetic opioid overdoses 

by 16% within a year following the enactment of prescribing limits. No systematic changes are 

observed in deaths from synthetic opioids like Fentanyl. The findings suggest that the quantity of, 

rather than exposure to any, prescribed opioids drives addiction from legal prescribing practices.  

 

Key Words: opioids; addiction; overdose; mortality 

JEL codes:   I12, I14, I18

 

 
* Avery, Monash University, Wellington Road, Clayton VIC 3800, Australia. Email: mallory.avery@monash.edu 

Thanks to David Bradford, Neeraja Gupta, Kelly Hyde, Marissa Lepper, and Andreas Leibbrandt as well as 

participants at the NARSC, SEA, and ASHEcon annual conferences. All errors are my own. 

mailto:mallory.avery@monash.edu


 2 

 

1. Introduction 

Opioid overuse and addiction have become a national health crisis in the United States, 

with almost 40,000 opioid-involved deaths in 2015 (Ruhm, 2018) and almost 50,000 in 2017 

(Scholl et al., 2019). Beyond these deaths, opioid misuse has been connected with many societal 

ills, such as increased crime (Dave et al., 2021; Maclean et al., 2022), increased suicide rates 

(Borgschulte et al., 2018), decreased labor force participation and increased unemployment 

(Aliprantis et al., 2019; Harris et al., 2019; Greenwood et al., 2022b), increased foster care 

admissions (Gihleb et al., 2019), increased intimate partner violence (Dave et al., 2023), and even 

threats to democracy (Arteaga and Barone, 2023). Unlike other misused substances, such as 

cocaine, many cases of opioid abuse can be traced back to a doctor’s prescription. While some of 

these prescriptions were from “pill mills” (Kaestner and Ziedan, 2019; Soliman, 2022), many came 

from fully well-intentioned (over-)prescribing for legitimate acute pain management (Ancona et 

al., 2015; Barnett et al., 2017; Meisel et al. 2019; Eichmeyer and Zhang, 2021).  

This paper studies the impact of legislation that restricts the quantity of opioids that can be 

prescribed at one time: prescribing limits. These policies limit opioid prescriptions by primary care 

providers and emergency room physicians to a certain number of days, typically 7, and extensions 

can only happen via a new prescription by the physician. Unlike other legislation, like Prescription 

Drug Monitoring Programs (PDMPs) and Pill Mill bans, which aim to prevent those with 

Substance Use Disorder (SUD) from accessing opioids, prescribing limits seek to prevent 

addiction from occurring in the first place by better controlling legal and medically necessary 

exposure to opioids. I study the impact of this legislation on opioid overdose deaths, both overall 

and from three major categories of opioids: semi-synthetic opioids (e.g. oxycodone and 

hydrocodone), heroin, and synthetic narcotics (e.g. fentanyl).  

I provide a brief conceptual framework to understand the potential implications of 

prescribing limits for opioid overdose deaths. One may think opioid overdose deaths must 

indubitably decrease following such legislation. However, there are two primary reasons to 

question its efficacy. First, these prescribing limits have been found to be ineffective at reducing 

the total amount of opioids prescribed; instead, there are more opioid prescriptions written to more 

people, for shorter durations (e.g. Sacks et al., 2021). Depending on the relative importance of 

exposure vs. supply, such prescribing limits may actually lead to increases in SUD and overdose 
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mortality. The second concern has to do with diversion: when fewer prescription opioids are 

available, people may be diverted to illegal and less safe opioids like heroin. This pattern, found 

strongly with the reformulation of Oxycotin (Alpert et al., 2018; Evans et al., 2019; Mallatt, 2019), 

could also occur here. The theoretical framework provided in this paper uses findings from the 

literature to understand how different elements of the prescription-to-addiction pipeline may be 

affected by prescribing limits, indicating different implications for overdose from different opioid 

categories. Combined with the empirical findings, we can then identify which elements are 

particularly important and which are less so, providing further evidence for how to address the 

ongoing opioid crisis. 

This paper uses an event study framework to exploit the roll-out of prescribing limit 

legislation across time and space to identify the effect of prescribing limits on opioid overdose 

mortality. This event study framework is important for two reasons: first, it allows for dynamic 

effects, which the theoretical framework suggests will be important for overdoses from certain 

opioid classes, particularly heroin. Secondly, the use of the event study framework addresses 

concerns about potential bias in two-way fixed effects models (Goodman-Bacon, 2021). 

Exogeneity in timing comes from random variation in the legislative process across states. While 

I find that states that select into this policy are systematically different from states that do not, 

primarily in having higher death rates from synthetic narcotics like Fentanyl, I find no systematic 

differences in pre-legislation mortality across legislation timing for those states that ever select 

into the policy, indicating that the timing of treatment is essentially random within the subset of 

states that pass such legislation. Thus, the primary sample is the sample of states that ever pass 

prescribing limit laws. 

I find that implementing prescribing limits decreases heroin overdoses by 37% and 

semisynthetic opioid overdoses by 16% within a year. There are no systematic changes in deaths 

from synthetic opioids such as Fentanyl following prescribing limits. These results are robust to 

various specifications and to controlling for other related legislation changing at the time. Finally, 

I consider heterogeneity by race, in line with the finding that the opioid crisis integral for the 

anomaly of the increasing mortality rate for mid-life non-Hispanic whites (Case and Deaton, 2015; 

Kochanek et al., 2016; Ruhm, 2019). However, I find that these laws are equally efficacious at 

decreasing mortality for both whites and non-whites. 
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These findings indicate that SUD is driven not by exposure to any amount of prescription 

opioids, but by the quantity of opioids one is prescribed at a given time. Furthermore, there is no 

evidence of diversion in this sample, as would be indicated by an increase in heroin and possibly 

synthetic narcotic deaths in the immediate aftermath of the legislation. These findings further 

emphasize the importance of controlling prescribing patterns of opioids, while reducing concerns 

that any exposure to these useful, though potentially dangerous, drugs will necessarily result in 

addiction. These findings also further emphasize the role of prescribers, including well-intentioned 

prescribers, in the opioid crisis.  

Prescribing limits emerge in this work as a positive way of decreasing opioid overdose 

deaths, suggesting that they should continue to be used as a legislative treatment of the opioid 

crisis. However, it is important to recognize that these laws were not instituted in a vacuum: other 

interventions that had already taken place created the environment in which prescribing limits were 

able to be successful. PDMPs, already adopted throughout most of the US by the time prescribing 

limits were being put into place, prevent people from easily circumventing prescribing limits by 

doctor shopping, and the Oxycontin reformulation potentially changed the balance between 

exposure and supply when it comes to causing addiction. Thus, prescribing limits without the 

above interventions may have led to very different results. 

This paper continues as follows: Section 2 describes the policy and related literature, and 

outlines the theoretical framework; Section 3 describes  my data and empirical strategy; Section 4 

presents the results, both for all opioid overdose deaths and split out by opioid category; Section 5 

combines the supply and demand results to evaluate market-level outcomes; Section 6 discusses 

robustness to other legislation and heterogeneity by race; and Section 7 concludes. 

 

2. Prescribing Limits: Policy, Literature, and Conceptual Framework 

2.1 Description of Prescribing Limit Legislation 

 Prescribing limit legislation limits the quantity, typically measured in days, of opioids that 

can be prescribed at a single time in acute settings. This limit is typically set to 7 or fewer days, 

with variation by state and by whether the individual is a minor or an adult. Prescribing limits 

arose from the growing concern about how opioid prescribing patterns may have been generating 

the opioid addiction epidemic. Research has found that prescribing for acute care was significantly 

in excess of what was actually required, leading most patients to use only a portion of their 
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prescriptions (Pino and Covington, 2019), often keeping the remaining pills rather than throwing 

them away. Mundkur et al. (2019) found that, based on 2014 data, 7 days-worth of pills was 

adequate for most patients in primary or emergency care settings in which the target was reducing 

acute pain. Not only does excess prescribing lead to more opioids in the environment that could 

be accidentally or intentionally consumed, given, or sold to others; it also increases the probability 

that someone will become a long-term opioid user (Barnett et al., 2017).  

As a result of this evidence that prescribers were responsible, in part, for the growth of 

opioid mis-use and dependence, in 2016 the CDC established guidelines suggesting that 

prescribing for acute pain be limited to the lowest-effective dose and shortest duration, with a 

general recommendation of a 3-day limit and a hard limit suggested at 7 days (Dowell et al. 2016).1 

States began establishing legislation that limited prescribing amounts to 7 or fewer days for certain 

prescriber types, such as primary care doctors and emergency room physicians (Davis et al. 2019). 

As of 2019, 24 states had prescribing limits of 7 days or fewer, with 12 of those becoming active 

during 2016 and 2017.2 These laws vary in terms of the duration and amount limits, the specific 

types of opioids covered, whether the law applies differently to minors and adults, whether they 

apply only to an initial prescription, and whether there are exemptions made for surgical pain and 

based on professional judgement (see Davis et al. (2019) for a summary for all states with 

legislation passed in 2017 and earlier). Violating these laws typically puts a physician in the 

position of being investigated by the state’s medical board, with punishments ranging from 

sanctions and fines to revocation of their medical license (LARA, 2019). 

 

2.2 Literature on the Impact of Prescribing Limits 

 Evaluations of prescribing limits have, until now, entirely focused on the impact of these 

limits on prescribing practices. Most of these papers have been limited in geographic or 

 

 
1 These guidelines were more generally focused on prescribing for chronic pain, due to the risks associated with 

long-term opioid use. The role of acute pain prescribing limits in this recommendation was to prevent patients’ long-

term opioid use and dependence. The 3- and 7-day limits on opioid prescribing for acute pain were some of the only 

strict guidelines set in terms of dosage amounts or durations, which otherwise focused on how doctors evaluate 

opioid use costs and benefits in a chronic setting. Thus, while the guidelines were specifically about chronic pain, 

the prescribing limits regarding acute pain ended up receiving most of the attention, resulting in state legislation. 
2 As Davis et al. (2019) points out, some states as early as 1989 had laws limiting prescribing of opioids in acute 

settings to 30 days. Given how early and loose these limits are compared to the rest of the sample, I will not be 

including them in the analysis and treating them as un-treated states. 
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practitioner scope and have found mixed outcomes (Sun et al., 2017; Lowenstein et al., 2019; Kim 

et al., 2023; Allen et al., 2024). However, the two comprehensive papers in this area, Cramer et al. 

(2021) studying Medicare beneficiaries and Sacks et al. (2021) studying opioid naïve patients, find 

decreases in the quantity of opioids prescribed per prescription, primarily in the number of days 

for which the prescription is written: a decrease of 1.75 days in the former and 0.477 days in the 

latter. Sacks et al. (2021) also finds a decrease of prescriptions of more than 7 days by 21%, in line 

with the policy requirement of the modal law.   

Despite these clear indications that the policy is effective and is being followed, at least 

some of the time, there is evidence that prescribing limits further change prescriber behavior. Sacks 

et al. (2021), in their sample of opioid naïve patients, also find that prescribing limit legislation 

leads to a 0.12 percentage point increase in the rate of prescribing for prescriptions lasting less 

than 7 days, leading to an 8.7% increase in the chance that an opioid naïve patient is exposed to 

opioids. The authors argue that their findings are consistent with opioid prescriptions seeming safer 

to prescribers, so long as they are within that 7-day limit, rather than other potential explanations. 

 

2.3 Conceptual Framework 

In this section, I outline the ways in which changing initial prescribing lengths may impact 

overdose mortality from a variety of types of opioids, in the face of the current research on the 

impact of prescribing limits on prescribing practices. This contributes to a literature that has sought 

to model drug addiction both individually and societally (e.g. Becker and Murphy, 1988; Strulik, 

2021; Greenwood et al., 2022a). While this paper does not propose a unique theoretical framework, 

it instead uses predictions based on prior empirical literature and the responses of different opioid 

classes to the prescribing limits to better understand various pathways of addiction specific to the 

prescribing process, specifically triggering addiction through prescribed opioids and moderating 

the supply of opioids on the market. A summary of the predicted directions of effect through these 

various channels can be found in Table 1. 

2.3.1 Triggering Addiction through Prescribing 

 Opioid addiction has been strongly associated with legitimate prescribing practices both 

anecdotally and in the literature (Eichmeyer and Zhang, 2022 & 2023). However, the findings of 

Sacks et al. (2021) indicate that multiple dimensions of prescribing may be important. Specifically, 

they find that while prescribing limits decrease the quantity of opioids prescribed at any given 
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time, they also increase exposure to opioids among opioid naïve patients. Thus, the impact of 

opioid prescribing limits on mortality through the pathway of triggering addiction will depend on 

the balance of the effect of exposure vs. quantity: if exposure to any quantity of opioids is what 

triggers addiction, then prescribing limits will increase addiction and thus mortality from overdose; 

if instead quantity is the important factor, prescribing limits should decrease overdose mortality 

(Shah et al., 2017). Either dynamic should be present similarly for semi-synthetic opioids and for 

heroin, though any changes for heroin should be delayed, as those who become or are prevented 

from becoming addicted in the prescribing process will take time to filter through to using heroin. 

 

Table 1: Changes in Mortality of Predicted Channels by Opioid Class  

  Expected response to prescribing limits: 

  Semi-Synthetic Heroin Synthetic 

If addiction is 

triggered by: 

Exposure Increase 
Increase 

(Delayed) 

Increase 

(Delayed) 

Quantity Decrease 
Decrease 

(Delayed) 

Decrease 

(Delayed) 

If mortality is 

exacerbated by: 

Availability Decrease -- -- 

Diversion -- Increase Increase 

 

2.3.2 Availability of Opioids, Legal and Illegal 

 Opioid prescribing practices are related to both the availability of opioids for the intended 

patient, as well as for the black market (e.g. Soliman, 2022; Bradford and Lozano-Rojas, 2023). 

Providing a large quantity of opioids at a given time increases the risk of the intended patient or a 

family member, such as a child, accidentally overdosing, which would contribute to the mortality 

rate for semi-synthetic opioids. However, overprescribing opioids also can perpetuate addiction 

and mortality beyond the intended party, as most people with leftover opioids do not dispose of 

them and they instead may make their way into the hands of others, either through being sold, 

given away, or stolen (Han et al., 2017; Lipari and Hughes, 2017). Central to these pathways is the 

presence of excess pills, rather than just the total number of pills prescribed. Thus, while I cannot 

disentangle whether overdose from semi-synthetic opioids like hydrocodone or oxycodone 

resulted from prescribed or illegally obtained pills, the evidence similarly predicts that if 

availability is important for overdose mortality from this class of pills, prescribing limits should 

result in a decrease in semi-synthetic opioid overdose through limiting the excess opioids in the 

market. 
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 Diversion to heroin is a major concern when discussing any opioid-restricting policies. The 

literature has found evidence of shifts to heroin in response to both PDMPs (Mallatt, 2019) and 

the Oxycontin reformulation (Alpert et al., 2018; Evans et al., 2019; Mallatt, 2019; McInerney, 

2019; Powell et al., 2019; Graham et al., 2023), as well as from individual pill mill closures 

(Soliman, 2022). We should expect any diversion to happen fairly quickly, as people who are 

addicted become unable to access opioids through legal channels. However, there is strong reason 

to doubt that prescribing limits will have any impact on diversion to heroin, given the current 

policy environment. PDMPs, particularly mandatory PDMPs (mPDMPs), have been widely 

adopted and implemented by this point, already making it difficult for people to get prescription 

opioids for misuse.  

2.3.3 What about Fentanyl? 

 Fentanyl, and other fully synthetic opioids, have rapidly become an important dimension 

of the opioid crisis since 2012 (Moore et al., 2023). While initially a class of prescribed opioids, 

they have largely been removed from outpatient prescribing given their high overdose rate – they 

are 50 times more potent than heroin (Miller, 2020; Moore et al., 2023). Thus, any synthetic 

opioids outside of hospitals in our sample period are coming through illegal channels. These 

opioids are easily manufactured by non-experts and are suspected to be imported from outside the 

US (Miller, 2020; Moore et al., 2023). While some people do intend to take Fentanyl for its potency 

(Mars et al., 2019), many people are exposed to it unintentionally (Unick and Ciccarone, 2017). 

Drug dealers cut Fentanyl into other drugs because it is much cheaper and much more addictive 

than other drugs (Miller, 2020). While this has primarily been studied in the case of adulterating 

other opioids, like oxycodone and hydrocodone pills (Mars et al., 2019), Fentanyl has also been 

found in non-opioids such as cocaine, cannabis, and methamphetamines (Nolan et al., 2019; 

Hopwood et al., 2020; LaForge et al., 2022; Bazazi et al., 2024). Fentanyl and other synthetic 

opioids are thus less predictable given the conceptual framework laid out in this section – anything 

that changes addiction to or overdose from other classes of opioids should matter for Fentanyl, 

both through the direct use of Fentanyl and the indirect consumption of Fentanyl through 

adulterated opioids; however, the fact that Fentanyl is also found surreptitiously in other classes 

of drugs otherwise unassociated with opioids and depends so much on external supply factors 

(Zoorob, 2019) suggests that Fentanyl may not respond to opioid prescribing limits like either 

semi-synthetic opioids or heroin.  
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3. Data and Methodology 

3.1 Sources of Data   

Data on prescribing limits was collected from the NCLS Injury Prevention Legislation 

Database, Opioid Abuse Prevention section.  This online database collates state laws related to 

opioid abuse prevention and makes them searchable based on law type. For this paper, laws related 

to prescribing guidelines/limits were selected. Then, each law that either passed, failed, or was 

adjourned to that state’s next congressional session were found. I went through the laws for each 

state and found states that passed laws with limits on how many days’ worth of opioids could be 

prescribed. I then found the date the limits were to be enacted and verified those with external 

sources as much as possible. These were then checked against Davis et al. (2019) where applicable, 

though their review only reports laws passed through 2017 and includes longer (30 and 31 day) 

limits not included in this paper’s analysis. They also include limits that are more restrictive in to 

which prescribers these limits apply – this paper only considers laws in which at least emergency 

room physicians are held to these restrictions. Appendix Table A.1 presents the limits used in this 

paper, including the date of enactment, whether it was a 7-, 5-, or 3-day limit, and whether there 

was an accompanying morphine milligram equivalents limit. 

Data on mortality comes from the National Vital Statistics Individual Level Mortality Files 

from 2013-2018. From here I collected death counts from opioids in general (T40) as well as 

particular types of opioids: heroin (T40.1), semisynthetic opioids such as Oxycodone and 

Hydrocodone (T40.2), and synthetic opioids such as Fentanyl (T40.4) (Packham, 2019). I have 

this mortality at the state-by-month level from 2013-2018. 

The American Community Survey, accessed through IPUMS, provides year-by-state data 

used for controls: the percent of the population living in a metropolitan area, the percent of the 

population categorized as young (18-40), middle age (41-65), and older (65+), the percent of the 

population that is white, the percent of the population with health insurance, the percent of the 

population with less than high school education, high school education, or more than high school 

education, the percent of the population unemployed and not in the labor force, the percent of the 

population with a disability, the percent of the population that is a veteran, and the percent of the 

population living below the poverty line. Year-by-state population data was downloaded from the 

United States Census Bureau page “Annual Estimates of the Resident Population for the United 
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States, Regions, States, and Puerto Rico: April 1, 2010 to July 1, 2018”. This population data was 

used to create mortality rates from the counts data from the CDC. 

 

3.2 Methodology 

To study the impact of prescribing limits on opioid overdose mortality, I use an event study 

framework. The event study framework is superior to a two-way fixed effects (or staggered 

difference-in-difference) framework in this environment for two main reasons. The first is that the 

recently outlined concerns about bias when difference-in-differences with staggered treatment are 

obviated under an event study framework (Goodman-Bacon, 2021). The second reason is that the 

proposed effects of the policy are not necessarily immediate or uniform over time across  the 

different classes of opioids. For example, if the policy results in a decrease in the number of new 

addictions, we would expect to see a delayed decrease in overdose deaths from heroin, rather than 

an immediate one. Furthermore, concerns such as diversion from legal to illegal opioids may be 

more pronounced immediately after the policy change and then trending towards zero with time. 

The main sample of interest is the sample of all states that had laws on the books to 

implement prescribing limits as of 2019. Such laws could have been implemented before, during, 

or after 2019. 2019 is used as a cut-off because the COVID-19 pandemic changed legal priories, 

the legislative process, and the opioid environment in ways incompatible with the previous 

environment. As the mortality data runs through 2018, this methodology provides a sample of not-

yet-but-would-be treated states that ensures a better comparison group for the event study 

framework. Furthermore, by only considering the states that ever did or would get a prescribing 

limit, we have a more similar comparison group than the entire sample of states – as Davis et al. 

(2019) points out, there is substantial geographic variation in the states that do vs. do not adopt 

prescribing limits. As demonstrated in Appendix Table A.2, while there are substantial differences 

in treated vs. never-treated states, particularly in opioid overdose mortality rates, these numbers 

are much more similar for the treated vs. not-yet-but-would-be treated states. Furthermore, one 

would want to ensure that the timing of the policy implementation is not predicted by or predictive 

of something in the dataset. Again, in Appendix Table A.2, we can see little differences between 

the states that implement prescribing limits in 2016, 2017, and 2018. Appendix Table A.3 also 

shows that the timing of prescribing limit implementation is not predicted by opioid overdose rates 

prior to 2016. 
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Specifically, the specification used here is: 

𝑦𝑠𝑡 = 𝛼 + 𝜃𝑠 ∗ 𝛾𝑦 + 𝜃𝑠 ∗ 𝛾𝑚 + ∑ 𝜏𝑘𝑡𝑟𝑒𝑎𝑡𝑒𝑑𝑠1(𝑡 − 𝑡 ∗= 𝑘)

13

𝑘=−13

+ 𝜖𝑠𝑡                 (1) 

where 𝑦𝑠𝑡 is the mortality rate in question for state s in time period t, where time period t is a 

continuous measure across months and years. 𝜃𝑠 ∗ 𝛾𝑦 and 𝜃𝑠 ∗ 𝛾𝑚 are state-by year and state-by-

month-of-year fixed effects, respectively.3 1(𝑡 − 𝑡∗ = 𝑘) are event year dummies, which are equal 

to 1 when the year of observation is -13 (or earlier), -12, … ,12, 13 (or later) months from the 

initial treatment month, and 𝑡𝑟𝑒𝑎𝑡𝑒𝑑𝑠 is a binary variable equal to 1 if state s ever gets treated in 

2016-2017. The coefficients of interest are 𝜏𝑘 –  𝜏−13 to 𝜏−1 describe the evolution of the outcome 

variable in the months prior to treatment and provide an analysis of pre-trends; 𝜏1 through 𝜏13 

describe the difference in outcomes between treated and untreated states however many months 

after treatment.4 All regressions are population weighted and only include states that do not have 

0 deaths or omitted values for the entire time period, which runs from 2013-2018. In all regressions 

standard errors are clustered at the state level. 

 

 

4. Results 

4.1 Semisynthetic Opioids (e.g. Oxycodone, Hydrocodone) 

 In Table 1, I lay out the predicted effects of prescribing limits on semisynthetic opioid 

overdose deaths through three potential mechanisms: (1) if pure exposure to these opioids is 

important for triggering addiction, and thus increasing the chance of overdose, we should expect 

to see an increase in overdose deaths through prescribing limits, as the prescribing limits have been 

found to be associated with more prescriptions to opioid naïve patients; (2) if the intensity of 

exposure, rather than  exposure itself, matters more for triggering addiction, we should instead 

 

 
3 By using state-by-year fixed effects, there is less concern for the effect of other policies related to Opioid use or 

abuse that occurred not within the year before or after the Opioid prescribing limit was implemented. Results with 

state specific linear time trends, rather than state-by-year fixed effects will be provided in the appendix. In regressions 

with state-specific linear time trends, the regression also includes the following state-by-year controls: the percent of 

the population living in a metropolitan area, the percent of the population categorized as young (18-40), middle age 

(41-65), and elderly (65+), the percent of the population that is white, the percent of the population with health 

insurance, the percent of the population with less than high school education, high school education, or more than 

high school education, the percent of the population unemployed and not in the labor force, the percent of the 

population with a disability, the percent of the population that is a veteran, and the percent of the population living 

below the poverty line. 
4 k=0 is omitted and other coefficients are interpreted relative to the month of treatment. 
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expect to see a decrease in semisynthetic opioid overdose deaths, as fewer people are prescribed 

large amounts of opioids; (3) if the availability of excess semisynthetic opioids is important for 

overdose risk, then we should expect to see a decrease in overdose deaths due to the smaller pool 

of excess opioids that can either be accidentally or intentionally misused.  

 Figure 1 presents the event study results from the specification in equation 1. There is a 

clear drop in the level of overdose deaths from semi-synthetic opioids starting immediately after 

prescribing limits are implemented that is sustained at a similar level throughout the study period. 

Also, we can see no evidence of pre-trends, indicating that prescribing limits are not merely 

coming into states where a drop in semisynthetic opioid overdose deaths is already occurring for 

some other reason.  

 

 Figure 1: Event Study Results: Semisynthetic Opioid Overdose Deaths 

 
Notes: The figure represents results of Equation 1 for Semisynthetic opioid overdose deaths per 100,000 people. 

Bars present 95% confidence intervals. 0 presents the month that the prescribing limit took effect, negative 

values are months prior to the prescribing limits being implemented, and positive values are months post 

prescribing limit implementation. 
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Table 2: Regression Results, Overdose Deaths per 100,000 
 (1) (2) (3) (4) (5) (6) (7) (8) 

 Semi-Synthetic Heroin Synthetic All 

         

13+ months prior 0.011 -0.054 0.018 -0.060 -0.0194 -0.313** -0.063 -0.265* 

 (0.048) (0.042) (0.078) (0.067) (0.210) (0.132) (0.224) (0.150) 

         

10-12 months prior 0.017 -0.040 0.011 -0.024 -0.135 -0.186 -0.018 0.134 

 (0.053) (0.032) (0.066) (0.050) (0.217) (0.122) (0.242) (0.137) 

         

7-9 months prior 0.007 -0.046 -0.020 -0.056 -0.132 -0.167 -0.063 -0.161 

 (0.055) (0.038) (0.072) (0.054) (0.238) (0.137) (0.265) (0.159) 

         

4-6 months prior 0.018 -0.007 0.005 -0.029 -0.013 -0.039 0.040 -0.021 

 (0.046) (0.041) (0.051) (0.043) (0.238) (0.132) (0.195) (0.153) 

         

1-3 months prior 0.018 0.007 0.020 -0.000 0.009 -0.019 0.051 0.009 

 (0.037) (0.036) (0.040) (0.035) (0.094) (0.078) (0.122) (0.107) 

         

1-3 months post -0.050* -0.053** -0.069* -0.065 -0.008 -0.017 -0.059 -0.067 

 (0.026) (0.024) (0.036) (0.035) (0.059) (0.064) (0.066) (0.076) 

         

3-6 months post -0.044 -0.056** -0.070 -0.062 -0.019 -0.070 -0.074 -0.116 

 (0.028) (0.026) (0.045) (0.041) (0.088) (0.083) (0.098) (0.087) 

         

7-9 months post -0.075 -0.063** -0.136*** -0.095*** -0.053 -0.107 -0.142 -0.178* 

 (0.038) (0.026) (0.045) (0.030) (0.127) (0.112) (0.137) (0.095) 

         

10-12 months post -0.075 -0.102*** -0.140** -0.092* -0.058 -0.080 -0.170 -0.178 

 (0.044) (0.036) (0.057) (0.049) (0.182) (0.135) (0.197) (0.137) 

         

13+ months post -0.085* -0.079*** -0.187*** -0.142** -0.064 -0.003 -0.202 -0.132 

 (0.047) (0.023) (0.055) (0.064) (0.160) (0.150) (0.181) (0.113) 

         

State-By-Year FE Y N Y N Y N Y N 

State Specific 
Linear Time Trends 

N Y N Y N Y N Y 

         

N 1872 1872 1872 1872 1872 1872 1872 1872 

R2 0.858 0.825 0.902 0.848 0.947 0.905 0.923 0.884 

Notes: Each column represents an individual OLS regression. The omitted variable is the month of 

implementation. Each regression includes all states that would ever be treated, including after our data is 

completed. Each regression only includes those states that have any month with non-zero values. Odd 

columns present the specification with state-by-year FE as outlined in Equation 1. Even columns present a 

specification with state-specific linear time trends with additional state-by-year level controls for the 
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percent of the population living in a metropolitan area, the percent of the population categorized as young 

(18-40), middle age (41-65), and elderly (65+), the percent of the population that is white, the percent of 

the population with health insurance, the percent of the population with less than high school education, 

high school education, or more than high school education, the percent of the population unemployed and 

not in the labor force, the percent of the population with a disability, the percent of the population that is a 

veteran, and the percent of the population living below the poverty line. Significance levels are *** p<0.01, 

** p<0.05, * p<0.1.  
  

Table 2 presents these results at a higher level of time-aggregation, which shrinks the 

variability in the outcome measure and thus the standard errors. In Column 1, we see that our 

primary specification with state-by-year fixed effects indicates a drop of 0.05-0.08 deaths per 

100,000 in every time period after the implementation of the policy. A secondary specification, 

instead using state-specific linear time trends, presents very similar results. These decreases are 

equivalent to a decrease of 10-16% of the pre-2016 mean.  

 

4.2 Heroin 

 The predictions set forth in Table 1 for heroin follow a similar pattern to that of the semi-

synthetic opioids in that there are competing mechanisms that could drive outcomes in different 

directions. First, the patterns for those mechanisms causing addiction, specifically the pure 

exposure to and intensity of exposure to opioids, follow the expectations for semi-synthetic 

opioids, but delayed. The reason for the delay is that people who develop an addiction through 

legally prescribed opioids will first be using their legitimately prescribed opioids before turning to 

heroin. However, we would still expect to see that if pure exposure is most important, then 

prescribing limits should result in greater heroin overdose mortality, whereas if intensity of 

exposure is more important, we should see a decrease in deaths from heroin overdose. When 

considering heroin, however, we need to also consider diversion as a possible implication of 

opioid-access-restricting legislation. If prescribing limits lead to diversion, we should expect to 

see immediate and sustained increases in mortality from heroin overdose as people lose access to 

semisynthetic opioids either through prescription or through illicit markets.  

 Figure 2 presents the event study results for heroin, which are then reinforced by Columns 

3 and 4 of Table 2. We see that heroin overdose deaths seem to first decrease by about 0.07 per 

100,000 population for the first 6 months, though these effects are small and not stably significant 

at conventional levels. A much larger and statistically significant drop of 0.09-0.19 deaths follows 
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after 6 months and is consistent for the remainder of the study period. This decrease is equivalent 

to a 24-50% decrease in heroin overdose mortality per month after about a 6-month delay.  

 

 Figure 2: Event Study Results: Heroin Overdose Deaths 

 
Notes: The figure represents results of Equation 1 for heroin overdose deaths per 100,000 people. Bars present 

95% confidence intervals. 0 presents the month that the prescribing limit took effect, negative values are months 

prior to the prescribing limits being implemented, and positive values are months post prescribing limit 

implementation. 
 

 

4.3 Synthetic Opioids 

 Turning to synthetic opioids, the predictions set forth in Table 1 follow those of heroin, 

with the caveat that we should only expect similar patterns if the driving forces behind synthetic 

opioid addiction and overdose are similar to those of heroin. However, in section 2.3.3, I outline 

that there is mounting evidence that while some demand-side factors may be similar between the 

two categories of opioids, synthetic opioids seem to be significantly affected by different supply-

side factors that may result in very different behavior patterns.  
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 Figure 3 and Columns 5-6 of Table 2 indicate that heroin and synthetic opioid overdose do 

not follow similar patterns in response to prescribing limits. Specifically, there seems to be no 

response to the prescribing limits in terms of synthetic overdose mortality, either immediately or 

delayed. This suggests that the supply-side factors discussed in the recent literature on Fentanyl 

and other synthetic opioids outweigh demand-side factors common to other illicit opioids like 

heroin. 

 

Figure 3: Event Study Results: Synthetic Opioid Overdose Deaths 

 
Notes: The figure represents results of Equation 1 for synthetic opioid overdose deaths per 100,000 people. 

Bars present 95% confidence intervals. 0 presents the month that the prescribing limit took effect, negative 

values are months prior to the prescribing limits being implemented, and positive values are months post 

prescribing limit implementation. 
 

 

4.4 Section Discussion 

In this section, we have seen three distinct patterns of response to prescribing limits, 

varying in predictable and suggestive ways based on the category of opioid being considered. First, 
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we can see that prescribing limits cause a decrease in mortality from both semisynthetic opioids 

and heroin, with the latter being delayed. This decrease indicates that the intensity of exposure to 

initial prescriptions of opioids is more important for triggering addiction and subsequent mortality 

than any exposure. This conclusion is in line with medical literature indicating that the quantity of 

opioids per prescription is highly correlated with continued long-term use (Barnett et al., 2017; 

Shah et al., 2017). 

Second, the results indicate no sign of significant diversion to illicit opioid sources. It is 

important to clarify, however, that prescribing limits have been passed in an already crowded 

legislative space: PDMPs, pill mill bans, and the Oxycontin reformulation had already been put 

into practice in almost all of these states prior to the implementation of prescribing limits. Thus, it 

would be difficult, in this legislative environment, to have been able to continue an opioid 

addiction through prescription medications for an extended period, and much of the diversion of 

those addicted to prescription pills to heroin had already likely occurred before prescribing limits 

were ever enacted. Therefore, it seems likely that much more diversion to illicit, and more deadly, 

opioids would have happened if prescribing limits had been enacted without these other pieces of 

protective legislation already in place. 

Synthetic narcotics do not respond at all to the passing of prescribing limits. As the channel 

from prescribing limits to synthetic narcotic use would be primarily through demand-side factors, 

(i.e. causing opioid addictions,) it thus stands to reason that supply-side factors are much more 

important when understanding synthetic narcotic addiction and overdose mortality.  

Altogether, the results suggest that overall opioid overdose mortality should be reduced 

through the implementation of prescribing limits, though this measure will be watered down by 

the presence of unresponsive categories like synthetic narcotics. This reduction is exactly what we 

see. Appendix Figure A.1 and Columns 7-8 of Table 2 indicate a decrease in mortality from any 

opioid overdose after prescribing limits that reaches about 0.2 saved lives per 100,000 people, or 

18%, per month, though this is measured imprecisely and does not reach conventional levels of 

significance. This emphasizes both that considering different classes of opioids by their access 

points is important in understanding the effects of opioid prescribing limits, and that a large portion 

of opioid use and overdose is coming through less movable categories, like synthetic narcotics. 

 

5 Robustness and Heterogeneity 
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5.1 Robustness: Competing Policy Changes 

 Prescribing limits are just one of many policy tools that have been leveraged in the past 

decade to attempt to combat the opioid epidemic. In this section, we consider the two policies with 

the greatest temporal overlap with the implementation of prescribing limits in order to address 

whether the decreases in opioid overdose deaths we are attributing to prescribing limits may 

actually be arising from other policies: mPDMPs, which sought to prevent people from being 

prescribed or accessing excessive amounts of prescription opioids, and Good Samaritan Laws, 

which allow civilians to carry Naloxone in order to treat opioid overdose.5 The timing of mPDMP 

laws come from Mallatt (2019) and Earlywine et al. (2020), while the timing of Naloxone/Good 

Samaritan Laws come from Doleac and Mukherjee (2019) and LAPPA (2020). 

 While these laws have similar mechanisms of action and overlapping implementation 

timing to that of prescribing limits, there are three primary reasons why we would not expect that 

the findings thus far are due to either or both laws. First, prescribing limits were not bundled with 

these other pieces of legislation but were rather a response to new CDC guidelines that were shared 

in 2016. In reading both the CDC guidelines and the legislation enacting prescribing limits in the 

various states, they are clearly specifically geared towards prescribing limits and do not also 

encompass either mPDMPs or Good Samaritan Laws. Second, the state-by-year fixed effects 

framework used in Table 2 should absorb any changes to state policy that happened outside the 

year in which prescribing limits were implemented. Third, there does not appear to be a strong 

correlation between the implementation of prescribing limits with the implementation of either 

mPDMPs (0.20, p=0.40) or Good Samaritan Laws (0.22, p=0.32).6  

 Appendix Table A.4 confirms that the findings have not been due to these other opioid-

related laws. Controlling for the co-existence of mPDMPs or Good Samaritan Laws (even rows) 

results in very similar patterns in opioid overdose mortality from semi-synthetic opioids and heroin 

as is found without controlling for those additional pieces of legislation (odd rows).  

 

5.2 Heterogeneity by Race 

 

 
5 Other laws of concern, such as non-mandatory PDMPs, Pill Mill laws, and changes to Medicaid have no overlap 

within a year of any treated state, and typically were implemented in most if not all states before any opioid 

prescribing limiters were implemented. 
6 However, there is some evidence that the implementation of mPDMPs and Good Samaritan Laws may be weakly 

correlated (0.29, p=0.10). 
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Previous work has found that the opioid epidemic is not equally distributed: non-Hispanic 

Whites seem to be disproportionately associated with opioid overdose mortality (Case and Deaton, 

2015; Ruhm, 2019). Various explanations have been put forward for this phenomenon, ranging 

from economic explanations such as labor market stagnation (e.g., Pierce and Schott, 2020) to 

differential prescribing patterns for White and non-White patients (e.g., Anderson et al., 2009; 

Singhal et al., 2016). Given the higher impact of the opioid epidemic on White individuals, one 

may predict that opioid prescribing limits would have a differentially large impact on Whites over 

non-Whites, particularly if differences in prescribing patterns were driving these racial disparities.  

Appendix Table A.5 shows that this is not the case: there are no significant differences in 

the change in opioid overdose mortality between White and non-White individuals after the 

implementation of prescribing limits. This suggests that more excessive prescribing among Whites 

than non-Whites is unlikely to explain the racial gap in the opioid epidemic, as both groups seem 

to benefit similarly from reducing that excessive prescribing.  

 

6. Conclusion 

 The opioid epidemic has killed over 645,000 people in the United States since 1999 (CDC, 

2023). In that time, many attempts were made to control the spread of this epidemic, with a focus 

on limiting access to opioids by those who are already misusing them (i.e. through mPDMPs and 

Pill Mill laws). However, these methods generate the problem of diversion – pushing those who 

are already addicted away from relatively safer prescription opioids to illegally sourced opioids 

like heroin. A decade of research has shown that while these policies can have some positive 

impacts, they often lead to unintended consequences as more people are pushed towards illicit 

opioids and criminal activity.  

 This paper considers instead a legislative attempt to prevent opioid addiction, rather than 

to restrict access to opioids for the already addicted. Prescribing limits are based on the premise 

that much of the opioid epidemic started in doctor’s offices, with well-intentioned but excessive 

prescribing of opioids for acute or post-operative pain. Through the analysis of the outcome of 

prescribing limits on opioid overdose deaths, we can both study whether this policy tool is effective 

in reducing mortality and better understand the mechanisms driving opioid overdose mortality in 

the first place. 
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 Prescribing limits are found to be effective at reducing opioid overdose mortality for both 

semi-synthetic opioids, such as oxycodone and hydrocodone, and heroin, indicating that this 

legislation has improved mortality outcomes in the opioid epidemic. These results are robust to 

different specifications and controlling for other interventions, and do not differ by race despite 

ample evidence that the opioid epidemic has disproportionately hit White Americans. There is no 

evidence that prescribing limits have any impact on deaths from synthetic opioids, such as 

Fentanyl; this is in line with previous research suggesting that synthetic opioid use and overdose 

are more related to supply-side factors (Zoorob, 2019). Thus, as the opioid epidemic shifts further 

towards synthetic opioids, prescribing limits would likely have less impact than they do in this 

sample. 

 Using the patterns of responses to the prescribing limits for different classes of opioids, 

one can start to investigate the underlying mechanism of addiction that stems from prescription 

opioid prescribing. Using the framework in Table 1, along with the findings of Sacks et al. (2021) 

which show that prescribing limits decrease the amount of opioids prescribed to a particular patient 

while increasing the number of patients to whom opioids are prescribed, we can argue that quantity 

of opioids prescribed, rather than exposure to any opioid prescription, drives opioid misuse and 

overdose. Furthermore, the delayed decrease in heroin overdose mortality indicates that these 

individuals who are prevented from becoming exposed to excessive amounts of opioids are then 

less likely to divert to heroin. The lack of evidence of diversion, which would have been seen 

through an initial increase in heroin overdose mortality after the prescribing limits were 

implemented, suggests that prior policies, such as mPDMPs and Pill Mill laws, have already 

pushed those who were sustaining addictions to opioids away from prescription sources.  

 These results suggest that opioid prescribing limits can prevent one death each from semi-

synthetic opioids and heroin per 100,000 people every month. However, given the limited scope 

of this study, these estimates may understate the impact that prescribing limits have on the opioid 

epidemic: for example, Cutler and Donahoe (2024) find that the thick market externalities of opioid 

use indicate that changes in opioid use can have large spillovers that increase over time, which 

would likely not be captured during the short timespan covered by this paper; furthermore, this 

paper does not capture the benefits from decreased non-fatal opioid misuse, which has been 

associated with various societal ills such as increased crime and violence (Dave et al., 2021; 
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Maclean et al., 2022; Dave et al., 2023). As such, these estimates likely underestimate the societal 

benefits of preventing addiction through prescribing limits. 
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Appendix A. Supplemental Figures and Tables 

 

Figure A.1: Event Study Results: All Opioid Overdose Deaths 

 
Notes: The figure represents results of Equation 1 for all opioid overdose deaths per 100,000 people. Bars 

present 95% confidence intervals. 0 presents the month that the prescribing limit took effect, negative values 

are months prior to the prescribing limits being implemented, and positive values are months post prescribing 

limit implementation. 
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Table A.1: Experiment 1 Summary Statistics 

 

 

Notes: This table reports the dates of legislation enactment for prescribing limits by state as collected by the 

author from  NCLS Injury Prevention Legislation Database, Opioid Abuse Prevention section and checked 

against Davis et al. (2019) where applicable.

State Year Enacted Month Enacted Day Enacted Limit Length 

Daily MME 

limit 

Alaska 2019 7 1 7 No 

Arizona 2018 12 31 5 No 

Colorado 2021 9 1 7 No 

Connecticut 2018 7 1 7 No 

Delaware 2017 4 1 7 No 

Florida 2018 7 1 7 No 

Hawaii 2017 7 1 7 No 

Indiana 2017 7 1 7 No 

Kentucky 2017 6 29 3 No 

Louisiana 2017 7 10 7 No 

Maine 2016 7 29 7 100 MME 

Massachusetts 2016 3 14 7 No 

Missouri 2018 7 6 7 No 

Nebraska 2018 4 4 7 No 

Nevada 2017 7 16 14 90 MME 

New Hampshire 2017 1 1 7 No 

New Jersey 2017 3 1 5 No 

New York 2016 7 22 7 No 

North Carolina 2018 1 1 5 No 

Ohio 2017 8 31 7 30 MME 

Oklahoma 2018 11 1 7 No 

Pennsylvania 2017 1 1 7 No 

South Carolina 2018 6 4 7 No 

Tennessee 2018 7 1 3 No 

Utah 2017 5 9 7 No 

Virginia 2017 3 15 7 No 
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Table A.2: Regressions of Completed Applicant Characteristics by Gender and Treatment 

     Whole Sample 
Ever-Treated 

Sample Treated before 2019 Sample    

    
Trea
ted 

Un-

Treate
d 

Differ
ence 

Un-

Treate
d 

Differ
ence 

Treated 
2016 

Treated 
2017 

Differ
ence 

Treated 
2018 

Diff from 
2016 

Diff from 
2017 

Number 24 27   2   3 12   9     

Death 

Rates/100,000 pop               

 All Opioids 1.12 0.75 

-

0.37**

* 0.84 -0.28 1.24 1.08 0.17 1.13 0.11 -0.06 

   

(0.1

1) (0.08) (0.13) (0.09) (0.40) (0.19) (0.14) (0.31) (0.24) (0.44) (0.26) 

 

Semi-synthetic 
Opioids 0.49 0.34 

-
0.16** 0.45 -0.04 0.40 0.44 -0.04 0.59 -0.19 -0.15 

   

(0.0

7) (0.03) (0.07) (0.07) (0.24) (0.11) (0.08) (0.16) (0.15) (0.27) (0.16) 

 Heroin 0.38 0.26 -0.12* 0.33 -0.05 0.43 0.40 0.03 0.33 0.10 0.06 

   

(0.0

5) (0.04) (0.06) (0.06) (0.17) (0.11) (0.06) (0.14) (0.10) (0.19) (0.11) 

 

Synthetic 

Opioids 0.39 0.20 

-

0.20** 0.13 -0.27 0.63 0.38 0.25 0.35 0.28 0.03 

   
(0.0
7) (0.04) (0.07) (0.02) (0.23) (0.19) (0.10) (0.23) (0.09) (0.19) (0.14) 

Control Variables: 

Percent                       

 Metropolitan 0.69 0.55 -0.14* 0.51 -0.17 0.75 0.72 0.03 0.62 0.13 0.10 

   

(0.0

4) (0.06) (0.07) (0.31) (0.17) (0.15) (0.06) (0.13) (0.07) (0.15) (0.09) 

 Young 0.27 0.28 0.01 0.30 0.03** 0.27 0.27 0.00 0.26 0.01 0.01 

   

(0.0

0) (0.01) (0.01) (0.01) (0.01) (0.02) (0.00) (0.01) (0.00) (0.01) (0.01) 

 Middle Age 0.35 0.34 -0.01 0.33 -0.02 0.36 0.35 0.01 0.35 0.01 0.00 

   

(0.0

0) (0.00) (0.01) (0.01) (0.02) (0.01) (0.01) (0.02) (0.00) (0.01) (0.01) 

 White 0.79 0.79 0.00 0.69 -0.09 0.82 0.76 0.06 0.81 0.01 -0.05 

   

(0.0

3) (0.03) (0.04) (0.17) (0.11) (0.07) (0.05) (0.11) (0.03) (0.06) (0.07) 

 

With Health 
Insurance 0.91 0.90 -0.01 0.86 

-
0.05** 0.94 0.92 0.02 0.90 0.04* 0.02 

   

(0.0

1) (0.01) (0.01) (0.06) (0.02) (0.02) (0.01) (0.02) (0.01) (0.02) (0.01) 

 Less than HS 0.28 0.29 0.01 0.31 0.03 0.26 0.28 -0.03 0.29 -0.03* 0.00 

   

(0.0

1) (0.01) (0.01) (0.04) (0.02) (0.01) (0.01) (0.02) (0.01) (0.01) (0.01) 

 HS Diploma 0.50 0.49 -0.00 0.47 -0.03 0.48 0.49 -0.02 0.51 -0.03 -0.01 

   

(0.0

1) (0.01) (0.01) (0.03) (0.03) (0.04) (0.01) (0.03) (0.01) (0.03) (0.01) 

 Unemployed 0.03 0.03 0.00 0.04 0.01** 0.03 0.03 0.00 0.03 0.00 0.00 

   

(0.0

0) (0.00) (0.00) (0.01) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) 

 

Not In 
Laborforce 0.33 0.32 -0.01 0.27 

-
0.06** 0.33 0.32 0.01 0.34 -0.02 -0.02 

   

(0.0

1) (0.01) (0.01) (0.01) (0.02) (0.02) (0.01) (0.02) (0.01) (0.03) (0.01) 

 Any Disability 0.16 0.15 -0.01 0.13 -0.03 0.15 0.15 0.00 0.17 -0.02 -0.02* 

   

(0.0

1) (0.00) (0.01) (0.00) (0.02) (0.02) (0.01) (0.02) (0.01) (0.02) (0.01) 

 Veteran 0.07 0.07 0.00 0.08 0.00 0.07 0.07 -0.01 0.08 -0.01 0.00 

   

(0.0

0) (0.00) (0.00) (0.00) (0.01) (0.01) (0.00) (0.01) (0.00) (0.01) (0.01) 
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Below Poverty 
Line 0.17 0.17 0.01 0.17 -0.00 0.17 0.16 0.01 0.18 -0.01 -0.03* 

   

(0.0

1) (0.01) (0.01) (0.03) (0.02) (0.01) (0.01) (0.02) (0.01) (0.02) (0.01) 

 
Notes: T-tests of equivalence of variable across different samples. Mortality data are from National Vital Statistics Individual Level 

Mortality Files from 2013-2018 and control variables are from the American Community Survey, accessed through IPUMS. Significance 

levels are *** p<0.01, ** p<0.05, * p<0.1. 

 

 

 

 

 

 

 

Table A.3 Determinants of Rollout of Laws 

 

Deaths from: 

Treatment 

Month 

Semisynthetic 7.66 

Opioids (5.33) 

Heroin -5.49 

  (7.67) 

Synthetic -7.29 

Narcotics (5.57) 

All Opioids -0.20 

  (3.36) 

 
Notes: Each cell represents the outcome of an individual regression, regressing the death rate from the particular cause of death 

on the month of treatment. Significance levels are *** p<0.01, ** p<0.05, * p<0.1.  

 

Table A.4: Regression Results Controlling for Other Legislation, Overdose Deaths per 100,000 
 (1) (2) (3) (4) (5) (6) 

 Semi-Synthetic Heroin All Opioids 

       

13+ months prior -0.053 -0.060 -0.061 -0.059 -0.265* -0.273* 
 

(0.044) (0.043) (0.067) (0.068) (0.152) (0.153) 
 

      

10-12 months prior -0.040 -0.042 -0.026 -0.028 -0.136 -0.139 
 

(0.033) (0.032) (0.049) (0.049) (0.138) (0.138) 
 

      

7-9 months prior -0.045 -0.048 -0.058 -0.058 -0.163 -0.166 
 

(0.040) (0.040) (0.054) (0.053) (0.161) (0.163) 

       

4-6 months prior -0.007 -0.008 -0.029 -0.030 -0.022 -0.024 

 (0.041) (0.041) (0.043) (0.043) (0.154) (0.155) 
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1-3 months prior 0.007 0.005 -0.000 0.000 0.010 0.007 

 (0.036) (0.036) (0.035) (0.035) (0.107) (0.109) 

       

1-3 months post -0.053** -0.050* -0.064* -0.067* -0.066 -0.063 

 (0.024) (0.027) (0.035) (0.033) (0.076) (0.076) 

       

3-6 months post -0.056** -0.053* -0.060 -0.063 -0.113 -0.110 

 (0.026) (0.028) (0.041) (0.040) (0.086) (0.090) 

       

7-9 months post -0.063** -0.064** -0.094*** -0.087*** -0.175* -0.176* 

 (0.026) (0.027) (0.030) (0.030) (0.094) (0.095) 

       

10-12 months post -0.103** -0.104*** -0.090* -0.080 -0.175 -0.176 

 (0.037) (0.036) (0.050) (0.052) (0.136) (0.138) 

       

13+ months post -0.080*** -0.083*** -0.137** -0.120* -0.122 -0.123 

 (0.024) (0.026) (0.064) (0.070) (0.109) (0.113) 

       

mPDMP  -0.032  0.052  -0.028 

  (0.020)  (0.050)  (0.063) 

       

Good Samaritan Law  0.009  0.017  0.012 

  (0.015)  (0.022)  (0.042) 

       

N 1728 1728 1728 1728 1728 1728 

R2 0.832 0.833 0.852 0.853 0.886 0.886 

Notes: Each column represents an individual OLS regression. The omitted variable is the month of 

implementation. Each regression includes all states that would ever be treated, including after our data is 

completed. Each regression only includes those states that have any month with non-zero values. Each 

regression uses state-specific linear time trends with additional state-by-year level controls for the percent 

of the population living in a metropolitan area, the percent of the population categorized as young (18-40), 

middle age (41-65), and elderly (65+), the percent of the population that is white, the percent of the 

population with health insurance, the percent of the population with less than high school education, high 

school education, or more than high school education, the percent of the population unemployed and not in 

the labor force, the percent of the population with a disability, the percent of the population that is a veteran, 

and the percent of the population living below the poverty line.. Odd columns present the specification 

without additional controls. Even columns present specifications with additional indicators for that state in 

that month having a mandatory prescription drug monitory program (mPDMP) or having a Good Samaritan 

Law. Significance levels are *** p<0.01, ** p<0.05, * p<0.1.  
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Table A.5: Regression Results by Race, Overdose Deaths per 100,000 
 (1) (2) (3) (4) (5) (6) 

 Semi-Synthetic Heroin All Opioids 

 White 
Non-
White 

White 
Non-
White 

White 
Non-
White 

       

13+ months prior -0.051 -0.093 -0.047 -0.100 -0.272 -0.293* 
 

(0.051) (0.067) (0.072) (0.062) (0.163) (0.163) 
 

      

10-12 months prior -0.035 -0.073 -0.018 -0.027 -0.137 -0.127 
 

(0.036) (0.063) (0.050) (0.061) (0.145) (0.153) 
 

      

7-9 months prior -0.052 -0.037 -0.053 -0.070 -0.174 -0.153 
 

(0.046) (0.061) (0.054) (0.070) (0.169) (0.156) 

       

4-6 months prior -0.004 -0.019 -0.016 -0.065 -0.010 -0.100 

 (0.047) (0.060) (0.043) (0.063) (0.163) (0.141) 

       

1-3 months prior 0.021 -0.052 0.017 -0.042 0.036 -0.095 

 (0.046) (0.061) (0.041) (0.054) (0.116) (0.164) 

       

1-3 months post -0.052 -0.078 -0.070* -0.033 -0.076 -0.042 

 (0.033) (0.050) (0.039) (0.053) (0.087) (0.125) 

       

3-6 months post -0.056 -0.065 -0.049 -0.090* -0.113 -0.113 

 (0.036) (0.051) (0.046) (0.045) (0.101) (0.099) 

       

7-9 months post -0.067* -0.060 -0.096*** -0.082 -0.177* -0.188 

 (0.034) (0.043) (0.030) (0.057) (0.103) (0.140) 

       

10-12 months post -0.106** -0.083 -0.081 -0.080 -0.174 -0.123 

 (0.047) (0.053) (0.058) (0.070) (0.151) (0.160) 

       

13+ months post -0.092** -0.028 -0.146* -0.085 -0.149 0.030 

 (0.035) (0.045) (0.076) (0.051) (0.131) (0.112) 

       

N 1728 1728 1728 1728 1728 1728 

R2 0.797 0.482 0.839 0.685 0.867 0.792 

Notes: Each column represents an individual OLS regression. The omitted variable is the month of 

implementation. Each regression includes all states that would ever be treated, including after our data is 

completed. Each regression only includes those states that have any month with non-zero values. Each 

regression uses state-specific linear time trends with additional state-by-year level controls for the percent 

of the population living in a metropolitan area, the percent of the population categorized as young (18-40), 

middle age (41-65), and elderly (65+), the percent of the population that is white, the percent of the 

population with health insurance, the percent of the population with less than high school education, high 

school education, or more than high school education, the percent of the population unemployed and not in 
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the labor force, the percent of the population with a disability, the percent of the population that is a veteran, 

and the percent of the population living below the poverty line. Odd columns present results for only White 

mortality. Even columns present results for only non-White mortality. Significance levels are *** p<0.01, 

** p<0.05, * p<0.1.  
 

 


