
NBER WORKING PAPER SERIES

THE EFFECTS OF COMPETITION ON PHYSICIAN PRESCRIBING

Janet Currie
Anran Li

Molly Schnell

Working Paper 30889
http://www.nber.org/papers/w30889

NATIONAL BUREAU OF ECONOMIC RESEARCH
1050 Massachusetts Avenue

Cambridge, MA 02138
January 2023, revised April 2025

We thank Gadi Barlevy, Emily Cuddy, David Cutler, Leemore Dafny, Travis Donahoe, Gautam 
Gowrisankaran, Kate Ho, Sara Markowitz, Carol Propper, Hannes Schwandt, Nick Tilipman, and 
seminar participants at the Booth School of Business, George Washington University, the German 
Health Economics Association, the Tinbergen Institute, the University of California–Davis, the 
Vancouver School of Economics, Pontificia Universidad Católica de Chile, the Saieh Family 
Fellows Seminar at the University of Chicago, the 2023 NBER Summer Institute (Economics of 
Health), the 2024 North American Winter Meeting of the Econometric Society, the 2024 BFI 
Health Economics Initiative Conference, the 2024 CESifo Area Conference on Labor Economics, 
and the 2024 Southern Economics Association Meeting. We also thank Allen Campbell of IQVIA 
for his assistance in accessing the data and the Kellogg Research Support team for their assistance 
with data storage and management. The statements, findings, conclusions, views, and opinions 
contained and expressed herein are not necessarily those of IQVIA, nor any of its affiliated or 
subsidiary entities, nor of the National Bureau of Economic Research.

NBER working papers are circulated for discussion and comment purposes. They have not been 
peer-reviewed or been subject to the review by the NBER Board of Directors that accompanies 
official NBER publications.

© 2023 by Janet Currie, Anran Li, and Molly Schnell. All rights reserved. Short sections of text, not 
to exceed two paragraphs, may be quoted without explicit permission provided that full credit, 
including © notice, is given to the source.



The Effects of Competition on Physician Prescribing 
Janet Currie, Anran Li, and Molly Schnell
NBER Working Paper No. 30889
January 2023, revised April 2025
JEL No. I11, J44, L10

ABSTRACT

This study investigates how competition influences the prescribing practices of physicians. U.S. 
state law changes granting nurse practitioners (NPs) the authority to prescribe controlled substances 
without physician oversight generate exogenous increases in competition by expanding patients’ 
options when seeking care. In response, we find that general practice physicians (GPs)—the 
physician specialty that competes most directly with NPs—significantly increase their prescribing 
of opioids and controlled anti-anxiety medications. GPs also increase their co-prescribing of 
opioids and benzodiazepines, a practice that violates prescribing guidelines. These effects are more 
pronounced in areas with more NPs per GP at baseline and lead to sizable increases in fatal drug 
overdoses. In contrast, we observe no changes in prescribing among physician specialties that do 
not compete with NPs, nor in the prescribing of drug classes not directly affected by the law 
changes. Our findings are consistent with a simple model of physician behavior in which 
competition for patients leads physicians to move toward the preferences of marginal patients. 
These results demonstrate that more competition will not always lead to improvements in patient 
care and can instead lead to excessive service provision.
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I Introduction

Provider competition is a salient feature of health care markets around the world and is often

encouraged by policy makers. Although competition is a hallmark of the U.S. health care

system, competition is also pronounced in German, Dutch, and French health care markets

(Siciliani et al., 2022). Moreover, other European countries—including England, Italy, and

Norway—have taken steps in recent years to increase competition.1 While policies that

foster competition are frequently implemented with the aim of promoting high-quality, cost-

efficient care, increased competition need not improve welfare given the many imperfections

in health care markets (Gaynor et al., 2015). Increased competition could, for example,

lead other providers to exert their market power or increase demand inducement, thereby

increasing the provision of costly or inappropriate care (McGuire, 2000).

Most empirical research into the effects of competition in health care has focused on

large players, such as insurers and hospitals. There has been relatively little investigation

of competition at the level of individual physicians, even though a number of recent policies

affect the competitive landscapes facing physicians and physicians ultimately make most

decisions about patient care. This lack of research may be due in part to constraints on the

availability of physician-level data and the endogeneity of provider concentration, both in

the cross-section and in the time-series, which have made empirical analyses of the effects of

competition on physician behavior difficult.

This paper asks how the prescribing practices of physicians in general practice (GPs)

change following sharp increases in competition being experienced in many U.S. markets.

Between 2006 and 2018, nearly one-third of states changed their scope-of-practice laws to

allow nurse practitioners (NPs) to independently prescribe controlled substances such as

opioids, an authority that was previously only granted to physicians.2 This policy change is
1Propper (2018) notes that much of the work on policies intended to increase competition focuses on

England, whereas reforms in other countries have received less scrutiny.
2An NP is a nurse who has obtained at least a master’s degree in nursing and who has completed local

licensure and national certification requirements. States have the authority to define what NPs are allowed
to do and frequently update associated legislation, leading to wide variation in scope of practice for NPs
both across states and within states over time. Controlled (or “scheduled”) drugs are federally regulated in
the United States under the Controlled Substances Act because they are generally addictive and carry a risk
of fatal overdose. The United States has relatively lax oversight of controlled substances such as opioids,
allowing any doctor or dentist to prescribe them with few restrictions. In contrast, other countries enforce
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often the final step in enabling NPs to practice fully independently of physicians.

Physician groups such as the American Medical Association (AMA) have vociferously

opposed these law changes. While the AMA argues that allowing NPs to practice indepen-

dently endangers patient safety and fails to improve access—since NPs “tend to practice in

the same areas that physicians do” (AMA, 2024)—this opposition may also be motivated by

a desire to shield physicians from increased competition. Patients often view GPs and NPs

as substitute suppliers of primary care, and thus granting NPs the authority to prescribe

controlled substances without physician involvement heightens competition for GPs seeking

to attract the many patients who seek care for conditions such as pain that can be treated

with controlled substances (Case and Deaton, 2017; Cutler and Glaeser, 2021).3 Although

physicians can compete for these patients in various ways, increasing the prescribing of con-

trolled substances is a particularly salient strategy to attract and retain patients seeking

immediate—though potentially risky—relief (Zgierska et al., 2012; Ho, 2019).

We analyze comprehensive data from IQVIA covering prescriptions written by individual

providers across the United States and find that GPs begin to prescribe more opioids and

scheduled anti-anxiety medications when they are subject to increased competition from

NPs.4 GPs also increase their co-prescribing of opioids and benzodiazepines to the same

patient on the same day, a behavior that facilitates abuse and is strongly advised against

by the Centers for Disease Control and Prevention (CDC) prescribing guidelines (CDC,

2016). These results are observed at both the area level and in physician-level analyses,

indicating that existing physicians adjust their prescribing in response to the law changes

with aggregate implications for the provision of care. Moreover, the increases in prescribing

are accompanied by increases in fatal drug overdoses, underscoring the potential harm to

stricter rules for opioid prescribing, such as special training for doctors, dose limits, patient registration, or
pre-authorization requirements (Ho, 2019).

3Studies show that NPs and physicians provide similar quality of care in general practice settings
(Mundinger et al., 2000), with patients often reporting equal or higher satisfaction after seeing an NP
(Htay and Whitehead, 2021). These facts suggest that GPs may be concerned about losing patients to NPs
once they can offer the same services. Consistent with this concern, we find that the number of Medicare
patients seen by GPs declines after the law changes, supporting the idea that expanding the pool of providers
increases competition for patients.

4We show that our findings are robust to recent corrections proposed in the applied econometrics lit-
erature for bias in staggered difference-in-difference designs stemming from heterogenous treatment effects
(Goodman-Bacon, 2021; Sun and Abraham, 2021).
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patient health from competition-induced changes in physician behavior. Taken together, the

findings are reminiscent of the “medical arms race” literature in that they suggest that more

competition will not always lead to improvements in patient care and can instead lead to

excessive service provision.

Our findings are consistent with a theoretical model of physician behavior in which com-

petition leads providers to shift toward the preferences of marginal patients. As the number

of clinicians who can provide a given service increases in a market, each clinician sees fewer

patients all else equal (i.e., the provider-specific demand curve shifts inward) and the number

of patients that the provider attracts becomes more responsive to the level of service provi-

sion (i.e., the provider-specific demand curve becomes more elastic). In response, providers

cater more to patient demand to avoid losing too many patients, even when doing so reduces

their per-patient utility. Hence, when patient and provider preferences are in opposition,

providers set the level of service provision to balance the responsiveness of the number of

patients that they attract against their utility per patient seen.

Whether competition increases or decreases service provision therefore depends on whether

patients want more or less of the service in question. Clinicians frequently report that pa-

tient satisfaction suffers when they refuse to prescribe controlled substances, as many patients

seek fast and easy relief from their symptoms even when providers believe that the risks of

the medication may outweigh the medical benefits (Frantsve and Kerns, 2007; Zgierska et

al., 2012; NYTimes, 2016). Hence, we anticipate that additional competition should lead

physicians to write more controlled substance prescriptions.

Three additional sets of analyses leverage variation in competitive pressures induced

by the law changes and support the hypothesis that our findings are driven by increased

competition. First, the observed increases in physician prescribing are higher in areas with

a greater number of NPs per GP at baseline. That is, when NPs are allowed to prescribe

independently, GPs respond more in areas in which they are subject to greater competition

from NPs. Second, changes in prescribing are concentrated among physicians practicing

in the specialties that compete most directly with NPs rather than in specialties that face

little competitive pressure from NPs. Finally, using data on the prescribing of a number of

unscheduled drugs from both IQVIA and public-use Medicare Part D prescription files, we
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find little effect on the prescribing of drug classes that are not directly affected by the law

changes.

We also show that our findings are not driven by other changes in medical practices that

might occur as a result of law changes allowing NPs to independently prescribe controlled

substances. Using data from public-use Medicare Part B files covering outpatient visits, we

show that allowing NPs to independently prescribe controlled substances leads to a reduction

in the number of office visits per GP. Combined with null effects on the prescribing of non-

controlled substances, these findings suggest that GPs are neither seeing more patients nor

spending more time with each patient as a result of the law changes.5 Moreover, we run

balancing regressions to ask whether the law changes are associated with changes in the

types of patients seen by different provider types. We find no consistent effects of the law

changes on the patient age, gender, and insurance type profiles of prescriptions written by

GPs in the IQVIA data or on average risk scores of patients seen by GPs in the Medicare

Part B files. Hence, our results are unlikely to be driven by changes in the types of patients

seen by GPs following the law changes.

The results on opioid prescribing are particularly important considering the ongoing opi-

oid crisis in the United States. While not yet at U.S. levels, deaths due to opioids have

also been increasing in other counties including Australia, Canada, Sweden, and the United

Kingdom (Ho, 2019). To shed additional light on how competition affects opioid prescribing,

we conduct two additional analyses. First, focusing on patients who did not receive an opi-

oid prescription in the past six months, we find that competition-induced increases in opioid

prescribing are driven by prescriptions to these “opioid-naïve” patients. As many patients

seek primary care for pain management (Case and Deaton, 2017; Cutler and Glaeser, 2021),

and many non-naïve patients receive refills independent of the competitive environment, this

increase among opioid-naïve patients is to be expected if physicians seek to attract and re-

tain patients by becoming more accommodating to patient demand for controlled substances.

Moreover, examining changes in average morphine milligram equivalents (MMEs) per pre-
5If physicians were spending more time with patients following the law changes, then they might identify

additional conditions that warrant medication. However, there is little reason to believe that additional time
would lead only to the discovery of conditions that require treatment with controlled substances. Using
snapshots of the exact practice addresses of providers in two years, we further show that the law changes do
not affect the share of GPs practicing in clinics with NPs or the number of NPs per GP practice.
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scription shows that competition leads GPs to write prescriptions with higher dosages, both

for patients who are and are not opioid naïve. These results highlight the important role

played by clinicians in initiating opioid use and contribute to work documenting that the

opioid crisis is driven in large part by supply-side factors (Currie and Schwandt, 2021).

Our paper relates to four branches of literature. First, many studies examine the effects

of competition among insurers and hospitals.6 Seminal work by Dafny (2010) and Dafny et

al. (2012) documents high levels of concentration in markets for health insurance and finds

that insurers charge higher premiums in more-concentrated insurance markets. However,

Ho and Lee (2017) and Barrette et al. (2022) highlight that hospitals also have market

power; thus, increased concentration in insurance markets could enable insurers to negotiate

lower prices from hospitals, possibly increasing consumer welfare. Although studies focused

on care provision often find that competition between hospitals leads to improvements in

patient outcomes, this is not always the case (Gowrisankaran and Town, 2003; Propper et

al., 2008; Gaynor et al., 2013; Bloom et al., 2015; Kunz et al., 2020). Moreover, depending

on the market conditions, competition between hospitals can trigger a medical arms race

in which more costly and unnecessary care is supplied (Kessler and McClellan, 2000).7 We

complement this work by showing that increased competition among clinicians can likewise

have perverse effects, leading to increases in prescribing that are likely welfare reducing.

Second, this paper adds to a smaller literature examining the effects of competition

among physicians and its impact on physician-induced demand.8 Given limited variation in

concentration within markets over time, many investigations of competition at the physician

level have been cross-sectional (e.g., Dunn and Shapiro, 2014, 2018; Scott et al., 2022).

Looking within locations, Brekke et al. (2019) show that Norwegian physicians are more
6Recent work on retail pharmacies by Janssen and Zhang (2023) shows that competitive pressures can help

explain why independent pharmacies are more likely to dispense prescription opioids—both for legitimate
and non-medical uses—than chain pharmacies.

7A related literature examines the impacts of hospital mergers on prices, quality, and patient outcomes
(e.g., Dafny, 2009; Gaynor et al., 2015; Gowrisankaran et al., 2015).

8See McGuire (2000) for an overview of the literature on physician-induced demand. Early work by
Fuchs (1978) and Cromwell and Mitchell (1986) shows that rates of surgery are higher in locations with
more surgeons, a finding that the authors attribute to demand inducement. However, follow-up work by
Dranove and Wehner (1994) shows that similar findings also hold for obstetricians and childbirth, a service
for which induced demand is likely minimal. These findings highlight the difficulties with designs that
rely predominately on cross-sectional variation in provider supply. Another approach is to conduct a lab
experiment, as in Brosig-Koch et al. (2017).

5



likely to certify sick leave for patients when they are practicing in institutions with stronger

incentives to attract patients, whereas Gravelle et al. (2019) show that increases in the

number of GPs in local areas in England lead to increases in patient satisfaction and small

improvements in some measures of clinical quality. Focusing on prescribing practices, a

number of papers have shown that prescription levels are positively correlated with the

concentration of providers in various countries, including Norway (Kann et al., 2010; Zykova,

2020), Belgium (Shaumans, 2015), and Taiwan (Bennett et al., 2015). We contribute to this

literature by using a novel shock to competition to overcome endogeneity concerns and

document how increased competition can lead to a deterioration in clinical quality when

patients desire services that can cause medical harm.

Third, this paper relates to the large literature examining factors that drive clinical

decision-making. Studies have documented pronounced heterogeneity in the intensity of

health care provision across locations (e.g., Fisher et al., 2003; Finkelstein et al., 2016)

and individual providers (e.g., Currie et al., 2016; Parys, 2016; Currie and Zhang, 2023;

Gowrisankaran et al., 2023; Ginja et al., 2024). These findings have motivated work aimed

at identifying factors that can explain such differences, including investigations into the roles

played by financial incentives (Clemens and Gottlieb, 2014; Alexander and Schnell, 2024),

physician skill (Currie and MacLeod, 2017, 2020; Chan et al., 2022), professional boundaries

(Chan and Chen, 2022), and provider beliefs (Cutler et al., 2019). Particularly relevant for

our study, recent work focusing on supply-side drivers of the opioid crisis has examined how

opioid prescribing is affected by training (Schnell and Currie, 2018; Zhang, 2023), beliefs

about risks (Doctor et al., 2018), pharmaceutical marketing (Alpert et al., 2022; Arteaga

and Barone, 2022), and provider altruism (Schnell, 2017). We add to this literature by

considering a novel driver of variation in physician behavior—exposure to competition—and

show that the competitive landscape affects physicians’ prescribing of controlled substances.

Finally, our paper relates to a growing literature on the impacts of changes in scope-of-

practice legislation for NPs on patient care. As outlined in a recent overview by McMichael

and Markowitz (2023), much of this literature has focused on the impacts of expanded

scope of practice on patient access and health using either aggregate or patient-level data.9

9In a law review article, McMichael (2020) argues that law changes granting NPs full practice authority
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For example, Traczynski and Udalova (2018) document that allowing NPs to both practice

and prescribe independently leads to increases in utilization of primary care services, while

Alexander and Schnell (2019) show that allowing NPs to independently prescribe unsched-

uled drugs (including most antidepressants) leads to improvements in mental health. We

add to this work by examining how changes in competition induced by changes in scope-of-

practice legislation for NPs affect the behavior of physicians.

The rest of the paper proceeds as follows. Section II provides a theoretical framework that

outlines the competitive effects of the law changes and shows how increased competition can

lead physicians to increase unnecessary, and potentially harmful, service provision. Section

III provides an overview of the data. Section IV introduces our methods and presents our

main empirical findings. The role that competition versus alternative mechanisms play in

driving our results is considered in Section V, and Section VI provides a discussion and

concludes.

II Theoretical framework

This section presents a theoretical framework to examine how increased competition—

through the entry of additional providers offering a given service—affects the intensity of

services delivered by incumbent physicians. A key feature of this framework is the incentive

structure many physicians face: the most common employment contract for primary care

physicians includes a salary plus a bonus based on the number of patient encounters and/or

the volume of services provided (Singleton and Miller, 2021; AMN Healthcare, 2024). As a

result, physicians must maintain patient volume to sustain their compensation. At the same

time, prices are typically negotiated in advance—or, in the case of payers like Medicare, set

administratively—leaving little room for increased provider supply to affect consumer prices

in the short run. We therefore focus on how increased competition influences the quantity

of services provided, holding prices fixed.

The framework highlights the idea that the effects of competition will depend on the type

reduced opioid prescribing by physicians over the period 2011–2018. As outlined in Appendix E, there are
a number of differences between our analysis and his that fully account for the differences in findings.
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of service being rendered. In particular, the model predicts that increased competition should

put downward pressure on the provision of services like C-sections that physicians might

prefer to do more of (e.g., because they are time-efficient and highly remunerated) but that

marginal patients may not want (e.g., because they are unnecessary and cause complications).

In contrast, increased competition should put upward pressure on the provision of services

like prescription opioids that some marginal patients demand (e.g., because of addiction,

resale value, or the possibility of immediate pain relief) but that physicians may prefer to

limit (e.g., because additional prescribing conflicts with their views of medically appropriate

care). In both cases, physician behavior shifts toward the preferences of the marginal patient

when an increase in the number of suppliers intensifies competition to attract and retain

patients.10 Whether increased competition leads incumbent providers to increase or decrease

their service provision therefore depends on whether physicians are over- or under-providing

care from the perspective of the marginal patient at baseline.

II.A Baseline model

In order to capture these ideas, let x denote the intensity of service provision. This x can

either be thought of as an extensive margin measure of the share of patients receiving a

given service (e.g., the share of patients receiving an opioid or anti-anxiety prescription) or

an intensive margin measure that further captures the intensity of treatment conditional

on its provision (e.g., average daily MME per opioid prescription).11 For a given intensity

of service provision, the physician sees N(x) patients and receives utility u(x) per patient.

N(x) captures patient preferences and will be increasing (decreasing) in x if patients find

additional x beneficial (harmful). Analogously, u(x) captures the physician’s preferences and

financial incentives regarding treatment for a given patient and will be increasing (decreasing)

in x if physicians believe additional x to be beneficial (harmful) to their own utility.12 For
10This logic is consistent with evidence showing that increased competition leads to improvements in

patient satisfaction (Gravelle et al., 2019).
11If all patients are identical, x represents the fraction of these identical patients who receive a given

service. If patients differ and are ordered by their appropriateness for the treatment, then a higher value of x
indicates that additional patients for whom the treatment is less appropriate receive the service in question.

12For our purposes, it is not necessary to specify a precise functional form for u(x), but it is typically
assumed that a physician derives utility both from the impact of their service provision on patient health
and from the revenue it generates (McGuire, 2000).
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simplicity, we assume that Nxx = uxx = 0.

The physician chooses her optimal level of service intensity to maximize her total utility.

The physician’s problem can therefore be written as:

max
x

N(x) · u(x).

Taking the derivative with respect to x and setting it equal to zero yields the following

first-order condition:

Nx · u(x∗) +N(x∗) · ux = 0

⇒ Nx

N(x∗)
= − ux

u(x∗)
. (1)

This first-order condition shows that the physician decides on the optimal level of service

provision by balancing the elasticities with respect to service intensity of the number of

patients that she attracts and the utility that she receives per patient.

There are four cases to consider. If both patients and physicians benefit from additional

service intensity (i.e., if Nx > 0 and ux > 0), then there is no trade-off between utility per

patient and the number of patients seen, and the physician sets x∗ at the highest possible

level. Analogously, the physician sets x∗ at the lowest possible level if both patients and

physicians are harmed by additional service delivery (i.e., if Nx < 0 and ux < 0). The

interesting cases involving interior solutions therefore occur when the incentives of patients

and physicians are misaligned. This will occur whenever: (1) physicians receive higher per-

patient utility by increasing service intensity, but additional service intensity loses them

patients (i.e., if Nx < 0 and ux > 0), or (2) patients desire additional service intensity that

physicians do not want to provide (i.e., if Nx > 0 and ux < 0).

II.B Competitive effects of law changes

How does allowing NPs to independently prescribe controlled substances affect the compet-

itive landscape facing physicians? As outlined below, allowing NPs to prescribe without

physician involvement affects the physician-specific patient demand curve, N(x), through

two channels.
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First, the law changes affect the level of demand. Since allowing NPs to independently

prescribe controlled substances is often the final step in allowing NPs to practice fully au-

tonomously, and because patients often view NPs and GPs as substitutes for primary care,

the law changes effectively increase the number of providers in the market. All else equal, a

greater number of providers reduces the number of patients per provider, shifting the demand

curve facing each physician inward—that is, decreasing N(x).

Second, the law changes affect the elasticity of demand. Increasing the number of

providers in the market makes the demand curve facing each physician more sensitive to

service intensity, as patients can more easily switch to other providers if they do not find

their current provider sufficiently accommodating. The law changes thus also rotate the

physician-specific patient demand curve upward (i.e., it becomes steeper), increasing | Nx |

all else equal.

These competitive effects of the law changes will be experienced by physicians who prac-

tice independently as well as those who operate in group practices. Since NPs can establish

their own practices and compete directly with physicians for patients once they have the

statutory authority to practice and prescribe independently, the impacts of the law changes

on the level and elasticity of demand facing physicians practicing in clinics composed only

of other physicians are clear. However, even when physicians operate in group practices

that employ NPs, competition for patients intensifies when NPs become legal substitutes

for physicians. When NPs are supervised by physicians, their services are often credited to

the collaborating physician under a practice called “indirect billing” (Patel et al., 2022). In

contrast, when NPs operate independently, physicians often do not receive credit for these

patients, making it more challenging to meet their practice’s patient volume expectations.

As a result, once NPs become legally substitutable for physicians, competition between clin-

icians increases, regardless of whether they practice in the same or in separate clinics.

Physicians’ equilibrium responses As outlined above, allowing NPs to independently

prescribe controlled substances heightens competition among clinicians, reducing the level

and increasing the elasticity of the physician-specific demand curve, N(x). Both of these

forces serve to increase the magnitude of the left-hand side of equation (1). As a result, either

10



N(x∗) must increase or u(x∗) must decrease for the first-order condition to remain satisfied,

causing physicians to adjust their optimal service intensity x∗ in equilibrium. Below, we

consider how physicians’ optimal level of service intensity changes in cases with interior

solutions.

Suppose first that physicians receive higher per-patient utility by increasing service in-

tensity (ux > 0) but additional service intensity loses them patients (Nx < 0). In this case,

an increase in competition leads to a reduction in x∗, which raises patient demand but lowers

the utility that the physician receives per patient. That is, for services that marginal patients

do not want (e.g., because the costs outweigh the potential benefits), but that physicians

would like to do more of (e.g., because they are highly remunerated), increased competition

should reduce the intensity of service provision. We can therefore use this model to explain

the results in Markowitz et al. (2017), who find that C-section rates decreased when scope-

of-practice laws for certified nurse-midwives were relaxed, thereby increasing competition

facing obstetricians.

Now suppose that patients desire additional service intensity (Nx > 0) that physicians

do not want to provide for a given patient (ux < 0). In this case, an increase in competition

instead leads to an increase in x∗, which again serves to raise patient demand at the expense of

the utility that the physician receives per patient. That is, for services that providers do not

want to provide more of (e.g., because they are unnecessary or harming marginal patients),

but that some marginal patients want (e.g., because of desired pain relief, addiction, or

non-health benefits like resale value), increased competition should increase the intensity

of service provision. As patients likely want clinicians to certify their sick leave, even if it

is against the clinician’s better judgement, this case can be used to explain Brekke et al.

(2019)’s finding that competitive pressures increase the issuance of sickness certificates.

How will physicians adjust their controlled substance prescribing in response to increased

competition? If patients demand more controlled substance prescriptions than clinicians are

willing to provide at baseline, the framework above predicts that physicians will increase

their prescribing following the law changes.13 Whether this occurs is ultimately an empirical
13Note that this does not imply that physicians are necessarily altruistic and trying to protect patients

from the dangers of addictive medications. As outlined in Schnell (2017), a physician’s optimal prescription
decision can be modeled as a threshold rule in which the provider chooses a level of patient pain above
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question, but existing evidence suggests that there is no shortage of patients who might

demand additional controlled substances. First, many patients seek medical care for pain

relief (Case and Deaton, 2017; Cutler and Glaeser, 2021). Although there are a number of

ways in which clinicians can ease patients’ pain, doctors report that many patients are not

interested in alternatives to opioids for pain management and are dissatisfied when denied

opioid prescriptions (Frantsve and Kerns, 2007; Zgierska et al., 2012; Onishi et al., 2017).

Second, many patients turn to illegal secondary markets to purchase controlled substances

(Schnell, 2017; SAMHSA, 2020). Because prices on these markets typically exceed those of

legal prescriptions—and purchasing medications on the secondary market carries legal risks—

many of these individuals would likely prefer to obtain a cheaper, legal prescription from a

clinician if they could.14 In Section IV, we test and confirm the prediction that controlled

substance prescribing by physicians increases in the presence of heightened competition.

Heterogeneity in responses If certain provider groups experience larger inward shifts

or upward rotations in their demand curves following the law changes, we would expect

them to adjust their practice styles more strongly in response to the changing competitive

environment. In Section V.A, we examine heterogeneity in responses across locations, physi-

cian types, and medication types for which physician-specific demand curves are expected

to be differentially affected. Specifically, allowing NPs to independently prescribe controlled

substances is expected to lead to larger changes in the effective number of providers in areas

with more NPs at baseline, among patients seeking care in specialties where NPs frequently

practice, and among patients seeking treatment for conditions that can be managed with

controlled substances. Accordingly, if the findings reflect equilibrium responses to heightened

competition, we expect the largest changes in physician behavior to occur in areas with a

which they prescribe. This threshold is set such that the physician’s marginal utility of prescribing to the
threshold patient is zero. If a provider cares both about their impact on patient health and their revenue,
this is the point at which the harm caused by the medication just offsets the monetary reimbursement that
the provider receives per office visit. In this context, the provider (1) harms their threshold patient from a
medical perspective (i.e., they overprescribe) but (2) does not want to prescribe more at the margin (i.e.,
they do not want to reduce their threshold). Nevertheless, some marginal patients—for example, those with
low pain but high tastes for opioids—will want additional prescriptions.

14In the U.S. context, an additional reason for patients to demand controlled substances is that they may
be influenced by direct-to-consumer advertising (Ventola, 2011). The United States is one of only three
countries that allow such advertising, though some states place restrictions on the advertising of controlled
substances.
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higher concentration of NPs at baseline, among physicians in specialties that compete closely

with NPs, and in the prescribing of controlled substances relative to other services.

Although the theory outlined above can rationalize both our findings and previous results

in the literature, alternative models of physician behavior can also micro-found the prediction

that increased competition leads to greater prescribing of certain medications. For example,

as shown in Appendix B, a model of demand inducement can likewise deliver this result

(Gruber and Owings, 1996; McGuire, 2000).15 Perverse effects of competition on physician

behavior are therefore consistent with a range of theoretical underpinnings.

III Data

We use two main data sources to examine how changes in competition affect the prescribing

practices of physicians. As outlined below, our primary provider-level data on prescriptions

come from the IQVIA LRx database, and information on state-level changes in scope-of-

practice legislation for NPs come from McMichael and Markowitz (2023). We supplement

these data with information from three additional sources. First, to construct measures of

prescriptions and providers per capita, we use population counts at the county-year level

from the five-year American Community Surveys (ACS).16 Second, provider-level data from

the annual public-use Medicare Part B and D files are used to examine impacts on the

number of office visits and on the prescribing of additional drug classes, respectively. Finally,

information from the National Vital Statistics System (NVSS) is used to investigate whether

competition-induced changes in prescribing affect fatal drug overdoses at the county-year
15In a demand-inducement framework, competition influences physician behavior through an income effect:

as physicians lose patients to competitors, their income declines. Given diminishing marginal utility of
income, inducing demand—which is assumed to have a constant marginal cost—becomes more attractive.
This mechanism will lead to an increase in the intensity of service provision—such as unnecessary opioid and
benzodiazepine prescribing—that physicians might find more profitable than alternative treatment options.
Notably, prescribing controlled substances can be more profitable for at least four reasons. First, patients
on these medications often require ongoing monitoring, which generates more billable visits (CDC, 2016).
Second, even absent the need for medication management, patients may be more likely to return to clinicians
who accommodate their preferences (Frantsve and Kerns, 2007). Third, physician compensation may be
directly tied to patient satisfaction, incentivizing more liberal prescribing (Van Zee, 2009; Zgierska et al.,
2012). Finally, managing these medications can justify higher billing—for example, using CPT code 99214
rather than 99213—due to increased patient complexity (AMA, 2023).

16The data for 2007–2018 are available here: https://www.socialexplorer.com/explore-tables. We use a
linear extrapolation to impute population for 2006.
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level.

III.A Prescription data

The primary prescription data come from IQVIA, a public company specializing in phar-

maceutical market intelligence. These data include detailed information on most opioid,

anti-anxiety, and antidepressant prescriptions written in the United States from 2006 to

2018.17

Three features of these data are important for the analyses. First, these data include a

provider identifier and information on each provider from the AMA. We use the provider

identifiers to track prescriptions written by a given provider over time, which allows us to

consider outcomes such as the number of prescribers and the total number of prescriptions

per prescribing provider. We further use information on each provider’s specialty to exam-

ine impacts on the prescribing of NPs as well as GPs and other physician types that are

differentially exposed to competition from NPs.18

Second, these data include an (anonymized) patient identifier and basic patient informa-

tion such as location and age. The patient identifiers allow prescriptions for a given patient

to be tracked over time. This in turn allows us to identify patients who are starting new

medications (“naïve” patients) and to measure instances of co-prescribing of different med-

ications to the same patient. Moreover, as outlined in Appendix C, prescription-specific

information on each patient’s zip code is used to construct a provider-year–level panel of

practice locations over our sample period.19 Information on patient characteristics such as
17IQVIA directly surveys most retail pharmacies, long-term care homes, and mail-order drug suppliers

and uses a patented projection methodology to impute any remaining prescriptions to match industry totals.
While IQVIA therefore tracks most retail prescribing in the United States, the LRx data contain the subset
of these prescriptions that are written for patients who can be tracked over time. We estimate that the
LRx data cover over 75 percent of U.S. retail prescriptions over our sample period for the drug classes that
we use, with nearly 90 percent coverage by 2018. The IQVIA data are available for purchase by qualified
researchers; for further information, contact Allen.Campbell@iqvia.com.

18We consider doctors in family, general, and internal medicine to be GPs; all of our results are robust to
including only physicians in family or general practice.

19The IQVIA data include snapshots of provider practice addresses in 2014 and 2018, whereas we aim to
know provider locations in each year from 2006 to 2018. As outlined in Appendix C, we use information on
the zip codes of patients who fill the prescriptions written by each provider in each year to assign providers to
their likely county of practice annually. This location-assignment algorithm identifies the same county (state)
in 2018 as IQVIA for 66.6 (89.7) percent of providers and 76.4 (94.8) percent of prescriptions; statistics are
similar when comparing our inferred locations to those in IQVIA’s 2014 snapshot. We further compare our
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age, gender, and insurance type is also used to examine the effects of the law changes on the

composition of patients who receive prescriptions.

Finally, these data have detailed information on the prescription being dispensed, in-

cluding the National Drug Code (NDC) of the product, the strength of the medication, and

the number of pills. We use the Food and Drug Administration’s (FDA’s) NDC data to

determine which products are controlled substances.20 Information on the size and strength

of prescriptions is used to examine intensive margin measures such as average daily MME

per opioid prescription.

Because the law changes that we consider only concern the ability of NPs to independently

prescribe controlled substances, we expect the law changes to have the largest impacts on the

prescribing of controlled substances (see Section II.B). Hence, our primary analyses focus on

the prescribing of opioids and scheduled anti-anxiety medications like benzodiazepines.21 We

also consider instances in which the same patient receives both an opioid prescription and

a benzodiazepine prescription from the same provider on the same day (“co-prescribing”), a

practice that the CDC recommends against because it leads to a heightened risk of respi-

ratory failure (CDC, 2016). To consider impacts on the prescribing of drugs that were not

directly affected by the law changes, we examine the prescribing of two types of unscheduled

medications that are available in our extract of the IQVIA data (non-controlled anti-anxiety

medications and antidepressants) as well as additional unscheduled medication classes that

are available in the public-use Medicare Part D data (see Section III.C) in supplementary

analyses.22

constructed location panel to locations provided in the AMA Masterfile, the National Plan and Provider
Enumeration System, and the Centers for Medicare and Medicaid Services’ “Physician Compare” database
in Appendix C. These comparisons highlight a number of problems with these alternative data sources—
including outdated location information and poor provider coverage—that motivate our use of a data-driven
location assignment algorithm.

20The FDA’s NDC data is available through the NBER at https://data.nber.org/data/national-drug-code-
data-ndc.html.

21IQVIA separates opioids into those used primarily for pain relief and those used predominantly to treat
opioid use disorder. We have access to information on the prescribing of the first group (medications for
pain relief); this class includes buprenorphine and methadone prescriptions in formulations that are used
mainly for pain and are filled through retail pharmacies (rather than clinics). We show in Figure A5 that
our results are not sensitive to dropping methadone and buprenorphine prescriptions.

22All antidepressant medications except for chlordiazepoxide products are unscheduled. As chlordiazepox-
ide products account for less than 0.5 percent of all antidepressant prescriptions, we exclude them from the
list of antidepressants and consider only the prescribing of non-controlled antidepressants.
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Table 1 provides an overview of the number of unique providers (column (1)) and the

total number of prescriptions across controlled drug types (columns (2)–(4)) observed in our

data. These statistics are provided over the entire sample period (panel (a)) and separately

for the first and last year of the sample (panels (b) and (c), respectively). The over 1.5

million unique prescribers observed in the data wrote 2.06 billion opioid prescriptions and 750

million prescriptions for controlled anti-anxiety medications from 2006 to 2018. Controlled

anti-anxiety medications such as benzodiazepines accounted for over 80 percent of all anti-

anxiety prescribing over the sample period, and over 100 million benzodiazepine prescriptions

were co-prescribed with an opioid prescription. Prescriptions for controlled anti-anxiety

medications increased substantially from 2006 to 2018; in contrast, prescriptions for opioids

increased nationally from 2006 to around 2010 and have since been trending downward.

Columns (2)–(4) of Table 1 report the shares of each type of controlled substance pre-

scription written by physicians in different specialties and by NPs. Across all drug types con-

sidered, GPs account for the largest share of prescriptions among all specialties. This promi-

nence reflects both the large number of GPs and their high prescribing rates per provider

relative to other specialties. Despite being unable to prescribe independently in many state-

years over our sample period, NPs also account for a substantial share of prescriptions. As

shown in panels (a) and (c), NPs accounted for the third-highest share of opioid prescriptions

from 2006 to 2018, behind GPs and orthopedic surgeons, and the second-highest share in

2018, behind only GPs. NPs also accounted for the third-highest share of controlled anti-

anxiety prescriptions over our sample period, behind GPs and psychiatrists/neurologists.

The sizable role played by NPs is due in large part to the rapid growth in the number of

prescribing NPs: as shown in column (1), the number of NPs prescribing these drug classes

nearly quadrupled from 2006 to 2018, making them the second-largest provider category by

the end of the sample period, behind only GPs.

III.B Scope-of-practice legislation

In Section IV, we exploit changes in scope-of-practice legislation regulating whether NPs

can independently prescribe controlled substances as a shock to the competitive landscape

facing GPs. These law changes come from McMichael and Markowitz (2023) and capture
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whether NPs could prescribe controlled substances without the supervision or collaboration

of a physician in each year of the sample.23 This legal change often removes the final barrier

to NPs practicing fully without any required physician oversight.

As shown in Figure 1, 11 states allowed NPs to independently prescribe controlled sub-

stances as of 2005. Over the study period (2006–2018), 16 states relaxed their scope-of-

practice restrictions and granted NPs the ability to prescribe these medications without

physician involvement. The geographic distribution of these states is diverse, with four

states in each of the four U.S. Census Regions granting NPs independent prescriptive author-

ity for controlled substances over the period.24 Because professional nursing organizations

and health policy advocates have pushed for scope-of-practice reform nationwide, the suc-

cess and timing of these policy changes reflect idiosyncrasies in state-level political processes

rather than differences in local health needs or market conditions (Alexander and Schnell,

2019). Moreover, we show below that the law changes are uncorrelated with changes in local

socio-demographic characteristics.

Before NPs are granted independent prescriptive authority for controlled substances,

NPs can typically prescribe the medications with physician collaboration or oversight. As of

2005, 45 states allowed NPs to prescribe controlled substances non-independently, with the

remaining six states updating their scope-of-practice legislation to allow NPs to prescribe

controlled substances with physician supervision or collaboration between 2006 and 2018.

Although law changes granting NPs the ability to prescribe controlled substances with physi-

cian oversight may offer additional variation in competitive landscapes, it is less obvious how

physicians should respond to an expansion of the services that NPs can provide only with

their support. We therefore focus on law changes allowing NPs to independently prescribe
23We use the years of the law changes from McMichael and Markowitz (2023) with two exceptions. First,

although the relevant statute in Rhode Island was not formally updated until 2013, McMichael and Markowitz
(2023) note that “regulations arguably granting full practice authority were promulgated in January/February
2012.” We therefore use 2012 as the year of the law change for the state. Moreover, while McMichael and
Markowitz (2023) categorize Nevada as having granted NPs independent prescriptive authority in 2013, they
outline that NPs in the state cannot prescribe Schedule II drugs unless the provider has two years/2,000
hours of clinical experience or the medications are prescribed pursuant to a protocol approved by a collabo-
rating physician. As we include Schedule II drugs in our analysis below, we do not consider NPs as having
independent prescriptive authority for controlled substances in Nevada.

24Nevertheless, it is worth noting that as of 2018, no state in the West South Central or East South
Central Census Divisions (subregions of the South Census Region) allowed NPs to independently prescribe
controlled substances.
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controlled substances in our main analysis while controlling for changes in non-independent

prescriptive authority over the sample period.

Table 2 provides an overview of prescribing patterns among GPs (panel (a)) and NPs

(panel (b)) across states. We provide averages separately in the 11 states in which NPs

had independent prescriptive authority for controlled substances since 2005 (“always takers,”

columns (1)–(3)), the 24 states in which NPs could not independently prescribe controlled

substances as of 2018 (“never takers,” columns (4)–(6)), and the 16 states that granted

NPs independent prescriptive authority for controlled substances between 2006 and 2018

(“treatment states,” columns (7)–(9)). For controlled substance prescriptions of each type

written by either GPs or NPs in each group of states, we consider the number of prescriptions

per 1,000 people, the number of prescribing providers per 1,000 people, and the average

number of prescriptions per prescribing provider at the county-year level. As in Table 1, we

provide statistics over the entire sample period and separately for the first and last year of

the sample.

The number of prescriptions per 1,000 people written by NPs was generally higher in

treatment states than in never-taker states over the sample period, with prescriptions by NPs

being highest in the always-taker states. Similar patterns are observed for the number of

prescribing NPs per 1,000 people and the average number of prescriptions per prescribing NP,

with the highest rates generally observed in the always-taker states, the lowest rates observed

in the never-taker states, and the rates in treatment states generally falling in-between. In

contrast, prescriptions per 1,000 people written by GPs were higher in both never-taker

and always-taker states than in treatment states over the sample period. Moreover, while

the concentration of prescribing GPs was relatively similar in treatment and control states,

the average number of prescriptions per prescribing GP was generally lowest in treatment

states throughout the sample period. These observations suggest that simple cross-state

comparisons between treatment and control states could be misleading.

An important question is whether changes in scope-of-practice legislation granting NPs

the ability to prescribe controlled substances independently are correlated with other changes

that might also influence prescribing patterns. Previous work has shown that changes in

prescriptive authority for NPs are uncorrelated with changes in local health care needs and
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market characteristics (Alexander and Schnell, 2019). To further examine whether our iden-

tifying variation is orthogonal to changes in local socio-demographics such as the age, racial,

and educational structure, we estimate balancing regressions that use these candidate con-

trols as dependent variables (Pei et al., 2019).25 Reassuringly, as shown in Figure A1, there

is no evidence that changes in scope-of-practice legislation are correlated with changes in

local socio-demographics. Accordingly, estimation results are nearly identical regardless of

whether socio-demographic controls are included.

III.C Medicare data

Additional outcomes come from two data sets covering services provided to the nearly 20

percent of the U.S. population enrolled in Medicare, the public health insurance program that

primarily serves the elderly.26 In addition to capturing prescription and practice outcomes

not available in our extract of the IQVIA data, a key advantage of the Medicare data is that

prices are set centrally and cannot be adjusted in response to changes in the level or slope

of physician-specific demand curves.

To examine impacts on additional drug classes that are not included in our IQVIA data,

we use data on prescriptions paid for by Medicare Part D at the provider-year level. These

data cover the period 2012–2018 and are made publicly available by the Centers for Medicare

and Medicaid Services (CMS).27 We consider prescriptions for eight drug classes in the

Medicare Part D files: opioids, controlled anti-anxiety medications, non-controlled anti-

anxiety medications, antidepressants, antihypertensives, cholesterol medications, antibiotics,

and diuretics. The first four drug classes are used to validate our findings obtained using

the IQVIA data using an alternative source, while the later four are used to extend the
25In particular, we estimate analogs of equation (3) introduced in Section IV.B both with and without

controls for county-specific linear time trends.
26Although we do not have access to comparable data for patients with other types of insurance, our

primary IQVIA data cover all prescriptions regardless of insurance coverage or type. Moreover, since reports
of pain and opioid use are particularly high in the Medicare population, Medicare data have frequently been
used to examine the causes and consequences of opioid prescribing (see, e.g., Meara et al., 2016; Barnett et
al., 2017; Buchmueller and Carey, 2018; Finkelstein et al., 2025).

27CMS currently maintains the files from 2013 onward on their website here:
https://data.cms.gov/provider-summary-by-type-of-service/medicare-part-d-prescribers/medicare-part-d-
prescribers-by-provider-and-drug. Although historical files are periodically removed as new years are added,
ProPublica maintains a version for 2012 here: https://www.propublica.org/datastore/dataset/medicare-
part-d-prescribing-data-2012.
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analysis to additional non-controlled substances. We combine these data with county-year–

level information on the number of individuals aged 65 and older from the ACS to construct

measures of prescriptions per capita among the Medicare population.

In addition to prescribing behavior, we also examine impacts on the frequency of office

visits and the severity of patients seen by GPs using the Medicare Part B files. These data

are also publicly available from CMS and again cover the period 2012–2018.28 To measure

effects on office visits, we use data on the number of new and existing patient evaluation and

management services (CPT codes 99201–99205 and 99211–99215) paid for by Medicare Part

B at the provider-year level. As with Part D Medicare prescriptions, we combine these counts

with relevant population data from the ACS to construct office visits with GPs per capita

among the Medicare population. Moreover, to measure patient severity, we use information

on the average annual risk scores of beneficiaries seen by each provider in the Part B files.

These scores are assigned by CMS based on patient demographics and diagnoses and are used

for payment adjustments and performance measurement. We consider both the unweighted

and the beneficiary-weighted average across GPs in a county to capture the average severity

per GP and the average patient severity at the county-year level, respectively.

III.D Mortality data

Data on drug-related mortality come from the NVSS for 2006–2018. These data include

information on the date, location, and cause for all deaths in the United States. We follow

previous work and define fatal drug overdoses as deaths with International Classification

of Disease Version 10 (ICD-10) underlying cause of death codes X40–44, X60–X64, X85,

and Y10–Y14. Multiple cause of death codes are used to identify fatal drug overdoses that

involved any opioid (T40.0–T40.4 and T40.6), prescription opioids (T40.2 and T40.3), and

benzodiazepines (T42.2). As with the prescription data, we combine mortality at the county-

year level with population data from the ACS to measure fatal drug overdoses per capita.
28As with the publicly available Part D data, CMS currently maintains the Part B files for 2013 on-

ward on their website here: https://data.cms.gov/provider-summary-by-type-of-service/medicare-physician-
other-practitioners/medicare-physician-other-practitioners-by-provider-and-service. ProPublica unfortu-
nately does not maintain historical versions of the Part B files, although we had downloaded a version
of the 2012 data from CMS before it was removed.
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IV Effects of law changes on prescribing practices

To examine how competition affects the prescribing practices of physicians, we leverage

changes in scope-of-practice legislation granting NPs the ability to prescribe controlled sub-

stances independently. By increasing the number of providers in a given area who compete

with physicians to attract and retain patients, these law changes serve as a shock to the

competitive landscape. As outlined in Section II.B, we expect physicians to respond by be-

coming more accommodating to patient demand, increasing their prescribing of controlled

substances. This section presents our main empirical analyses of the impacts of the law

changes on controlled substance prescribing by NPs and GPs. Section V then examines a

number of supplementary outcomes—including prescribing by other physician specialties,

non-controlled substance prescribing, co-practice patterns, the number of office visits, and

patient composition—to shed light on the mechanisms underlying our main results.

IV.A Graphical evidence

Figure 2 provides an initial look at the impacts of competition by examining the relationship

between the number of prescribers of controlled substances and prescribing patterns. In the

figure, the number of NPs is set to zero until NPs are allowed to independently prescribe

controlled substances. For each medication type, we consider the number of prescriptions

per 1,000 people written by GPs and NPs (left subfigures) and the average number of pre-

scriptions written by each prescribing GP (right subfigures) at the county-year level. These

county-year observations are residualized from county and year fixed effects and grouped

into deciles based on the number of GPs and NPs per 1,000 people.

The subfigures show a positive relationship between within-county changes in the number

of prescribers per capita and the number of opioid prescriptions (panel (a)), controlled anti-

anxiety prescriptions (panel (b)), and opioid and benzodiazepine co-prescriptions (panel (c))

per capita and per prescribing GP. While the positive association between the number of

prescribers and prescriptions per capita may reflect the impact of better health care access

when there are more providers, the positive association between the number of prescribers

per capita and the average number of prescriptions written by each prescribing GP is notable.
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Holding demand fixed, each prescribing GP should need to write fewer—rather than more—

prescriptions when there is a greater concentration of other providers available to prescribe.

However, because other factors may be correlated with changes in provider concentration

over time, these figures do not necessarily isolate the role of competition in driving increases

in prescribing.

To examine the impacts of law changes that shift the competitive landscape, we begin

by estimating event-study specifications. In estimating these event studies, we focus on a

balanced panel to ensure that a consistent sample of states is used to identify the event-time

coefficients of interest. In particular, we consider law changes for which at least three years

of prescription data are available before and after the event. Since the IQVIA data cover

the period 2006–2018, this restriction leads us to consider the 11 law changes granting NPs

the ability to independently prescribe controlled substances between 2009 and 2015.

Let Rxp
cst denote a prescription outcome for providers of type p in county c of state s in

year t. County-year prescription outcomes are considered for all providers and for NPs and

GPs separately (i.e., p ∈ {all,NPs,GPs}). Letting t∗s denote the year of the law change in

state s, the event-study specifications take the following form:

Rxp
cst =

∑
n∈{(−4)+,−3,..., 3, 4+}

αn ·Bs·1 {t∗s + n = t}

+ θ ·Xst + δ ·Xct + γc + γt + γc · t+ ϵcst, (2)

where 1 {t∗s + n = t} is an indicator denoting whether year t for state s is n years from the

law change; Bs is an indicator denoting whether state s is part of the balanced panel; Xst are

time-varying, state-level controls for changes in independent prescriptive authority outside

of the balanced panel window and changes in non-independent prescriptive authority for

controlled substances; Xct are the time-varying, county-level controls listed in Figure A1; γc

and γt are county and year fixed effects, respectively; and γc · t are county-specific linear time

trends.29 The year before the law change (n = −1) is the omitted category. Standard errors
29We include county-specific trends in our primary specification for prescription outcomes, as event studies

show pre-trends in prescribing among NPs in the absence of such controls (see Figure A6). While unit-
specific time trends help account for differential pre-trends across locations, they over-control for time-varying
treatment effects (Neumark et al., 2014; Goodman-Bacon, 2021). As discussed further below, our results are
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are clustered by state, and observations are weighted by county population. Because of the

balanced panel restriction, the coefficients [α−3, α3] are identified by a consistent sample of

states.

We begin by considering the impacts of the law changes on the county-year number

of controlled substance prescriptions written by providers of any type per 1,000 people.

Results from estimation of equation (2) are presented in Figure 3. Panels (a) and (b) show

that there were no significant differences in trends in opioid and controlled anti-anxiety

prescribing between treatment and control counties in the years before the law changes.

However, prescribing of opioids and controlled anti-anxiety medications jumped when NPs

were granted the authority to independently prescribe controlled substances and steadily

increased over the next three years. As shown in panel (c), co-prescribing of opioids and

benzodiazepines per 1,000 people likewise increased when NPs were granted independent

prescriptive authority. While there is some suggestion of a pre-trend for co-prescribing,

there is nevertheless a clear jump in the year of the law change that persists for at least

three years.

In addition to presenting results using a traditional two-way fixed effects estimator, we

also report results from imputation- and regression-based approaches that correct for treat-

ment effect heterogeneity. Reassuringly, results derived from a two-way fixed effects estimator

(dark lines), the estimator proposed by Goodman-Bacon (2021) (medium lines), and the es-

timator proposed by Sun and Abraham (2021) (light lines) are very similar. We therefore

focus on a simple two-way fixed effects estimator in the analyses that follow, while confirming

that our findings are robust to heterogeneity-robust methods in Section IV.D.

It is important to determine which types of providers are driving the observed increases

in prescribing. In particular, we are interested in whether the aggregate rise in controlled

substance prescribing reflects a response by physicians to NPs’ expanded prescriptive au-

thority or simply increased prescribing by NPs themselves. Figure 4 presents the estimated

impacts on the average annual number of opioid prescriptions (panel (a)), anti-anxiety pre-

scriptions (panel (b)), and co-prescriptions for opioids and benzodiazepines (panel (c)) per

robust to including county-specific time trends that are predicted using only pre-period data and to including
state-specific rather than county-specific linear time trends.
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NP (left subfigures) and per GP (right subfigures). The left subfigures show that prescribing

by NPs rose after they were granted the authority to prescribe these medications indepen-

dently. These findings are not surprising given that such increases were arguably the intent

of the law changes. Strikingly, however, the right subfigures show that prescribing by GPs

also jumped when NPs gained independent prescriptive authority. If patients had merely

switched from GPs to NPs following the law changes, prescribing by GPs should have fallen

in tandem with the rise in NP prescribing. Instead, the simultaneous increases among both

groups suggest a behavioral response on the part of GPs facing increased competition.30

IV.B Primary estimates

To summarize the effects in the years following the law changes, we estimate specifications

that pool the post-period coefficients from equation (2):

Rxp
cst = β1 ·Bs · 1 {t− t∗s ∈ [0, 3]}+ β2 ·Bs · 1 {t− t∗s ≥ 4}

+ θ ·Xst + δ ·Xct + γc + γt + γc · t+ ϵcst, (3)

where 1 {t− t∗s ∈ [0, 3]} is an indicator denoting the year of and the three years following

the law change in state s (balanced post-period), 1 {t− t∗s ≥ 4} is an indicator denoting

years that are at least four years after the law change in state s, and all other variables are

defined as in equation (2). Standard errors are again clustered by state, and observations

are weighted by county population. The coefficient of interest is β1, which measures the

average county-level change in a given prescription outcome in the three years following a

change in state-level scope-of-practice laws granting NPs the ability to prescribe controlled

substances independently. Because of the balanced panel restriction, all treatment states

used to identify β1 are observed for the entirety of this three-year post-period. Given the

similarity across estimators demonstrated in our setting in Figure 3, we focus primarily on

results from a traditional two-way fixed effects specification, although we confirm that the
30Figure A2 presents event studies analogous to those in Figure 3 except that they show controlled sub-

stance prescribing per 1,000 people at the county-year level separately for NPs (left subfigures) and GPs
(right subfigures). The takeaways are very similar to those observed in the per-prescriber analyses shown in
Figure 4.
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findings are robust to the use of heterogeneity-robust estimators in Section IV.D below.

Results from estimation of equation (3) are shown in Table 3. As in Figures 3 and A2,

panel (a) considers the number of prescriptions per county-year written by all providers

(columns (1)–(3)), NPs (columns (4)–(6)), and GPs (columns (7)–(9)) per 1,000 people for

opioids, controlled anti-anxiety medications, and opioid and benzodiazepine co-prescribing.

Consistent with Figure 3, panel (a) shows that granting NPs independent prescriptive au-

thority for controlled substances leads to increases in the total number of controlled substance

prescriptions. As shown in columns (1)–(3), the law changes increase the number of pre-

scriptions per 1,000 people at the county-year level by 38.3 for opioids (7.6 percent relative

to the baseline mean; p-value = 0.053), 10.4 for controlled anti-anxiety medications (5.9

percent; p-value = 0.046), and 4.2 for co-prescriptions of opioids and benzodiazepines (15.7

percent; p-value < 0.001). It is notable that the effect on co-prescribing, an unambiguously

dangerous practice, is so large.

The remaining columns of panel (a) of Table 3 show impacts on the number of controlled

substance prescriptions per 1,000 people written separately by NPs and GPs. As expected,

the estimated effects on NP prescribing (columns (4)–(6)) are positive. However, as shown

in columns (7)–(9), the estimates for GPs are much larger in levels, and the impacts on all

three prescription outcomes are statistically significant. Comparing the estimates for GPs to

those for all providers indicates that more than half of the total increases in prescribing come

from increases among GPs. The estimates in panel (a) show that granting NPs independent

prescriptive authority for controlled substances increases the number of prescriptions written

by GPs per 1,000 people at the county-year level by 20.7 for opioids (8.9 percent relative to the

GP-specific baseline mean; p-value = 0.099), 6.5 for controlled anti-anxiety medications (6.0

percent; p-value = 0.057), and 2.3 for opioid–benzodiazepine co-prescriptions (14.4 percent;

p-value = 0.009).

The increases in prescribing observed in panel (a) of Table 3 could come either from addi-

tional providers starting to prescribe a certain drug type (extensive margin adjustments) or

from existing prescribers increasing their prescription levels (intensive margin adjustments).

To shed light on these mechanisms, we examine effects on the number of providers of a given

type (i.e., all, NPs, or GPs) who are observed prescribing a medication of a given type per
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1,000 people at the county-year level, as well as the average annual number of prescriptions

per prescribing provider for each provider and drug type.

The results in panel (b) of Table 3 show that the law changes do not draw new providers

into prescribing controlled substances.31 This is because many NPs were already prescribing

controlled substances—with physician supervision or collaboration—before the law changes

(see Table 2).32 Rather, consistent with Figure 4, increases in prescribing come mainly

from increases in the number of prescriptions per prescribing provider (panel (c)). Among

prescribing GPs, allowing NPs to independently prescribe controlled substances leads to an

average of 24.2 more opioid prescriptions (p-value = 0.046), 10.1 more controlled anti-anxiety

prescriptions (p-value = 0.009), and 3.9 more opioid and benzodiazepine co-prescriptions (p-

value = 0.008) per year. Compared to the respective baseline means, these estimates reflect

increases of 8.6, 6.9, and 12.7 percent, respectively. While the point estimates are about

half as large among prescribing NPs, the percent effects are even more pronounced given

substantially lower baseline means among these providers.

IV.C Additional analyses

Opioid prescribing To probe how competition affects opioid prescribing in particular, we

conduct two additional sets of analyses. First, a distinction is often made in the literature

between opioid-naïve and non–opioid-naïve patients. If physicians respond to increased

competition by prescribing opioids to naïve patients, competition could have important

implications for the initiation of opioid use and the risk of future misuse. To examine effects

by patient type, we divide prescriptions based on whether they were written for patients who

had not received an opioid prescription from any provider in the past six months (“opioid
31We require providers to write at least one opioid prescription or controlled anti-anxiety prescription in

each month of a given year to be considered a prescriber of the medication. In contrast, we only require
providers to co-prescribe opioids and benzodiazepines at least once in a given year since co-prescribing is
a relatively rare outcome. Although the law changes do not lead to an increase in the overall number of
prescribers, they do lead to an increase in the number of prescribers for whom a given type of prescribing
has become a relevant part of their clinical practice. Figure A3 shows impacts on the number of “frequent”
prescribers, where a clinician’s prescribing is considered frequent if they both (1) write a given type of
prescription in each month (or year for co-prescribing of opioids and benzodiazepines) and (2) are above the
xth percentile among all GPs who satisfy criterion (1). Across all prescription types, impacts on the number
of “frequent” prescribers generally become more pronounced as higher thresholds are used.

32Event-study results for the number of prescribers per 1,000 people are shown in Figure A4.
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naïve”) or for those who had (“non-opioid naïve”). Second, because larger opioid prescriptions

carry a greater risk of physical dependence and misuse (CDC, 2016), we examine effects on

average days supplied and average daily MME per prescription, as well as on the number of

opioid prescriptions exceeding 120 MME per day per 1,000 people. Prescriptions of this size

are strongly correlated with adverse patient outcomes (Sullivan et al., 2010; Bohnert et al.,

2011).

Results from these analyses are shown in Table 4 for NPs (columns (1)–(3)) and GPs

(columns (4)–(6)). Panel (a) shows that the increases in opioid prescribing are mainly driven

by prescriptions for opioid-naïve patients. Allowing NPs to prescribe controlled substances

independently leads GPs to write 20.4 more opioid prescriptions for opioid-naïve patients

per 1,000 people at the county-year level (10.2 percent relative to the baseline mean; p-value

= 0.089) compared to only 0.33 additional prescriptions for non–opioid-naïve patients (1.0

percent; p-value = 0.685). These estimates are intuitive: many non–opioid-naïve patients

receive refills regardless of the competitive landscape, so adjustments to the extensive margin

of prescribing are primarily possible for opioid-naïve patients.33 Nevertheless, this finding

suggests that competition-induced increases in opioid prescribing put additional patients at

risk of developing opioid use disorder.

The rest of Table 4 shows that the law changes do not affect prescription length for either

opioid-naïve or non–opioid-naïve patients (panel (b)). However, there are sizable increases in

the average MME per day supplied for both groups, with the increase being almost 50 percent

larger for non-naïve patients (panel (c)). The number of prescriptions exceeding 120 MME

per day written by GPs also increases among opioid-naïve patients (panel (d)). Given that

the CDC recommends starting patients on the lowest effective dose and advises that doses

above 90 MME per day should be “avoided” or “carefully justified,” this result is especially

striking. As competition increases both the number of prescriptions for opioid-naïve patients

and the strength of prescriptions for naïve and non-naïve patients, these results suggest that

the competitive landscape is an important component of both the addiction and availability

channels of place-based factors identified by Finkelstein et al. (2025).
33If physicians become more lenient in their prescribing following the law changes—for example, by lowering

the pain threshold required for a patient to receive a prescription—then prescriptions to opioid-naïve patients
would increase.
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Mortality To ask how granting NPs the ability to independently prescribe controlled

substances affects drug overdose deaths, analogs of equation (2) are estimated using the

county-year number of fatal drug overdoses per million people as the outcome.34 Figure 5

reports results for fatal drug overdoses involving prescription opioids (subfigure (a)), ben-

zodiazepines (subfigure (b)), and prescription opioids in combination with benzodiazepines

(subfigure (c)).

As shown in Figure 5(a), deaths involving prescription opioids begin to rise in treatment

counties in the year after the law change. Averaging the effects in years 1–3 shows that the

law changes lead to 10.3 more prescription opioid fatalities per million people per year, a

21.8 percent increase relative to the baseline mean (p-value = 0.017; see column (2) of Table

A1). Moreover, the increase in all opioid mortality (column (1) of Table A1) is accounted

for by the rise in prescription opioid mortality, suggesting that any mortality effects are

driven by changes in prescribing rather than general changes in population drug use. As

shown in Figures 5(b) and (c), deaths involving benzodiazepines and the combination of

prescription opioids and benzodiazepines may also have risen in the years following the law

changes. While sizable, the effects on fatal drug overdoses involving benzodiazepines and

opioids combined with benzodiazepines are less precisely estimated (p-values of 0.141 and

0.127, respectively; see Table A1).

These results provide evidence that increases in controlled substance prescribing induced

by the law changes lead to increases in fatal overdoses involving prescription opioids and

may also lead to increases in deaths involving benzodiazepines. While we do not know if the

mortality increases stem from changes in prescribing by NPs or physicians, changes in NP

prescribing account for only a small share of the total increase following the law changes (see

Table 3). Thus, it is likely that much of the rise in mortality is driven by competition-induced

changes in prescribing among physicians.35

34County-specific linear time trends are excluded from these analyses because there is little evidence of
differential pre-trends between treatment and control counties in specifications without trend controls.

35It is possible that the effects of increased prescribing are mitigated by increases in access to treatment
for drug addiction. This would be consistent with results from Grecu and Spector (2019), who find that
relaxing scope-of-practice laws increases access to treatment for opioid use disorders. It is also possible that
new prescribing takes time to lead to drug abuse and increases in overdose deaths, and thus our difference-
in-difference framework may be less well suited to examine impacts on mortality than on prescribing.
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IV.D Robustness

The results of several robustness checks are summarized in Figure A5, which shows that the

results are remarkably consistent. Recall from Section IV.B that the primary specification

for prescription outcomes includes county-specific linear time trends. These time trends

are included because there is some evidence of differential pre-trends in prescribing by NPs

between treatment and control counties in the absence of trend controls (see Figure A6).

However, as there is no evidence of differential pre-trends among GPs, the results for GPs

remain very similar regardless of whether or how time trends are incorporated. For example,

as shown in Figure A5, the estimates for GPs are very similar when we use state-specific

rather than county-specific linear time trends. Moreover, the effects on all prescription

outcomes considered are, if anything, more pronounced when county-specific time trends are

estimated using only pre-period data (Goodman-Bacon, 2021).

Recent developments in the applied econometrics literature highlight the importance of

addressing potential biases in two-way fixed effects designs when treatment effects are poten-

tially heterogeneous. In addition to presenting results from the imputation-based correction

proposed by Goodman-Bacon (2021), Figure A5 reports estimates using the estimator pro-

posed by Sun and Abraham (2021). As suggested by Figure 3, results derived from these

alternative estimators are very similar in magnitude. Notably, estimates based on the Sun

and Abraham (2021) approach are more precise than our baseline findings, suggesting that

the two-way fixed effects estimator yields conservative estimates. The figure also presents

results excluding states with law changes that occurred over the sample period but outside

the balanced panel window, as well as results using only “never-takers” as controls. The

results remain nearly identical when these alternative sets of states are used in the control

group.

Recall that the primary specification includes time-varying controls for socio-demographics

and state-level changes in non-independent prescriptive authority for NPs over the sample

period (see equation (3)). As there is little evidence that law changes granting NPs inde-

pendent prescriptive authority for controlled substances are correlated with changes in local

socio-demographics (Figure A1), it is not surprising that the results are unaffected by the
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exclusion of socio-demographic controls. Moreover, controlling for law changes that allowed

NPs to prescribe controlled substances with physician collaboration or supervision has no

impact on the findings. The results are also unaffected by controlling for the state-level

adoption of must-access prescription drug monitoring programs (PDMPs) or for state-level

Medicaid expansions as potential confounders.36 In fact, Figure A7 shows that the results are

very similar if one considers impacts on prescriptions paid for by payers other than Medicaid,

further emphasizing that the findings are not driven by state-level Medicaid expansions or

changes in socio-demographics that could affect Medicaid enrollment.

Figure A5 shows the results from two additional robustness exercises. The penultimate

row in each subfigure considers results excluding methadone and buprenorphine from the

definition of “opioids.” The results are nearly identical when these medications are excluded,

which demonstrates that our findings are not driven by changes in the provision of medi-

cations that can be used to treat opioid use disorder rather than to manage pain. Lastly,

the final row in each subfigure shows results from specifications that include provider fixed

effects in a provider-level analog of our primary specification. The results are very similar

and even somewhat more precise in this alternative specification.

Finally, Figure A8 asks whether our results are driven by counties in a particular treat-

ment state. In the baseline specification, county-year observations are weighted by popu-

lation since there is likely to be more noise in the prescription outcomes of less populous

counties. Comparing the top two rows in each subfigure of Figure A8 shows that exclud-

ing population weights generally leads to larger standard errors, as expected. However, the

point estimates for most outcomes are closely aligned regardless of whether observations

are weighted by population, highlighting that the effects are not driven by impacts in large

counties. The remaining rows in Figure A8 drop each treatment state one at a time from

this unweighted specification. The findings are similar regardless of which state is excluded,

indicating that the results are not driven by counties in a single state.
36Data on the state-level enactment dates of must-access PDMPs come from the PDMP Training and Tech-

nical Assistance Center (see here: https://www.pdmpassist.org/State), and information on state-level Med-
icaid expansions come from the Kaiser Family Foundation (see here: https://www.kff.org/affordable-care-
act/state-indicator/state-activity-around-expanding-medicaid-under-the-affordable-care-act). Balancing re-
gressions show that our identifying variation is orthogonal to state-level opioid legislation such as the adoption
of must-access PDMPs as well as state-level Medicaid expansions. It is therefore unsurprising that our results
are unaffected by the inclusion of such controls.
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V Mechanisms

We interpret the results in Section IV as being driven by changes in competition induced

by changes in state-level scope-of-practice laws allowing NPs to independently prescribe

controlled substances. This section provides further evidence in support of this interpreta-

tion. Section V.A examines the pattern of effects across groups who experienced differential

changes in competitive pressures as a result of the law changes. Section V.B asks whether

there are other changes in physician practices resulting from the law changes that can explain

our findings.

V.A Heterogeneity by changes in competitive pressure

We conduct three sets of tests to probe whether it is indeed competition from NPs that is

driving the increases in prescribing among GPs. If heightened competition is a key mech-

anism underlying the responses to the law changes observed in Section IV, then provider

groups that experienced larger inward shifts or upward rotations in their demand curves fol-

lowing the law changes should have adjusted their practice styles more strongly in response

to the changing competitive environment (Section II.B). Below, we examine heterogeneity in

responses across locations, physician types, and medication types for which physician-specific

demand curves are expected to be differentially affected.

Heterogeneity by baseline concentration of NPs First, we ask whether the effects

are more pronounced in areas where GPs face greater increases in competition from NPs

following the law changes. In particular, counties are divided into two groups based on

whether they had an above- or below-median number of NPs per GP among treatment states

at the start of the sample period. We then estimate an augmented version of equation (3)

that includes an interaction between the treatment indicator and an indicator for whether the

county had an above-median number of NPs per GP in 2006. Allowing NPs to independently

prescribe controlled substances should have greater effects on the prescribing behaviors of

GPs practicing in areas with a greater concentration of NPs at baseline.
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Results from this analysis are presented in Table 5.37 The estimates show that GPs

respond more strongly to the law changes in counties in which NPs are more of a competitive

threat: the estimated effects for opioids (column (1)) and controlled anti-anxiety medications

(column (2)) among GPs are 47.4 and 75.0 percent higher, respectively, in counties with an

above- versus below-median number of NPs per GP in 2006. Moreover, all of the impacts

in the above-median counties are strongly statistically significant, whereas the estimates for

opioids and controlled anti-anxiety medications have p-values of 0.131 and 0.118, respectively,

in the below-median counties.

Heterogeneity across physician specialties Second, we ask whether the effects differ

across physicians in different specialties. Since approximately 90 percent of NPs are certified

in primary care, NPs are likely to compete most directly with GPs (AANP, 2022). How-

ever, NPs also practice in a range of specialties, with nearly 8 percent certified in acute care

medicine, 5 percent certified in psychiatry/mental health, and 3 percent certified in women’s

health. We therefore consider the effects of allowing NPs to independently prescribe con-

trolled substances on the prescribing behaviors of physicians in emergency medicine, psy-

chiatry and neurology, and obstetrics and gynecology. We also consider the effects of the

law changes on prescribing practices among two types of surgeons: orthopedic surgeons and

general surgeons. While NPs do not provide surgeries, NPs with independent prescriptive

authority for controlled substances can offer services such as pain management that are al-

ternatives to some orthopedic surgeries (Blom et al., 2021), thereby competing indirectly

with orthopedic surgeons. On the other hand, allowing NPs to independently prescribe con-

trolled substances should not substantively change the competitive landscape facing general

surgeons. Constructing the average number of opioid prescriptions, controlled anti-anxiety

prescriptions, and co-prescriptions of opioids and benzodiazepines written by physicians in

each of these five additional specialties at the county-year level, equation (3) is estimated
37GPs are more likely to co-practice with NPs when there are more NPs per GP in the market. Thus,

the results in Table 5 can also be interpreted as reflecting differences by baseline co-practice patterns. Since
clinicians often have patient volume expectations within their practice, the competitive dynamics across
practices—with GPs seeking to attract patients by catering to patient demand—are also relevant within
practices.

32



separately for these physician types.38

Table 6 tests the hypothesis that physicians who face more direct competition from NPs

will respond more strongly to the law changes. For reference, column (1) repeats the es-

timates for GPs from panel (c) of Table 3. As shown in columns (2)–(4) of panel (a),

physicians in emergency medicine, psychiatry/neurology, and obstetrics/gynecology respond

to increased competition from NPs by writing more opioid prescriptions. Physicians in

psychiatry/neurology also increase their prescribing of controlled anti-anxiety prescriptions,

while physicians in obstetrics/gynecology write more co-prescriptions for opioids and ben-

zodiazepines (panel (c)). These findings are consistent with the fact that many NPs are

certified in related specialties (AANP, 2022). However, given that more NPs are certified in

primary care, the results for GPs are often more precise and generally larger—both in levels

and relative to the group-specific baseline means—than in these other specialties.

The remainder of Table 6 focuses on surgeons. As shown in column (5), orthopedic

surgeons do not significantly increase their prescribing when NPs are allowed to prescribe

controlled substances independently. However, the results are marginally significant (e.g.,

the increase in controlled anti-anxiety prescribing has a p-value of 0.110), suggesting that

orthopedic surgeons may adjust their prescribing in response to increased alternatives to

their services from NPs. As predicted, there are no statistically significant effects for general

surgeons (column (6)), a class of physicians who likely face little competitive pressure from

NPs.

Heterogeneity by drug class Finally, we ask whether the effects on prescribing are con-

centrated among controlled substances. While the prescribing of non-controlled substances

like antibiotics might also be responsive to competitive pressures, the law changes that we

consider most directly influence the competitive landscape for controlled substances. We

therefore anticipate that the impacts of the law changes will be larger for controlled sub-

stance prescribing.

To examine effects on the prescribing of non-controlled substances, we use both the IQVIA
38As the number of physicians differs greatly across the specialties considered, we use the average number

of prescriptions per prescribing provider as the outcome rather than the total number of prescriptions per
capita for this analysis. This choice makes the results easier to compare across physician types, although
the take-aways are very similar if prescriptions by physician type per capita are used as the outcome.
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data and the public-use Medicare Part D files. As outlined in Section III, the IQVIA data

include information on the prescribing of non-controlled anti-anxiety medications and antide-

pressants, while the public-use Medicare Part D files contain information on the prescribing

of non-controlled anti-anxiety medications, antidepressants, antihypertensives, cholesterol

medications, antibiotics, and diuretics. Given the limited time frame available in the Medi-

care data (2012–2018), we examine the effects of the law changes from two years before to

two years after among the balanced panel of five states that granted NPs the ability to in-

dependently prescribe controlled substances between 2014 and 2016.39 To make the samples

more comparable across the IQVIA and Medicare data, we focus on prescriptions to those

aged 65 and older in the IQVIA data, although we verify that the results for non-controlled

substance prescribing in the IQVIA data are robust to using the same sample of years and

patients as in the primary analysis.

The first step in this analysis is to confirm that the law changes increased GP prescribing

of controlled substances in the Medicare population. Figure 6(a) provides event-study results

from estimation of equation (2) using either the county-year number of opioid prescriptions

(left subfigure) or controlled anti-anxiety prescriptions (right subfigure) written by GPs per

1,000 people aged 65 and older from 2012 to 2018. Estimates using the IQVIA data for

those aged 65 and older are shown in the light dots and bars, whereas estimates using the

Medicare Part D data are shown in the dark dots and bars. Although the estimates using

these more limited samples are less precise, there is clear evidence of increases in opioid and

controlled anti-anxiety prescribing by GPs following the law changes. The point estimates

are generally larger than those observed when considering prescriptions for all patients from

2006 to 2018 (see Figure A2), but the effect sizes are similar relative to the respective baseline

means. For example, the effects on opioid prescribing by GPs shown in the left subfigure of

Figure 6(a) reflect increases of 6–8 percent relative to the respective baseline means after two

years, whereas we observed a 9 percent increase in opioid prescribing by GPs in the baseline

specification reported in Table 3.
39The shorter sample window makes it difficult to estimate stable unit-specific time trends. We therefore

exclude county-specific linear time trends when using data for 2012–2018 and focus on results for GPs,
as these results were shown in Figures A6 and A5 to be insensitive to the inclusion of various time trend
controls.
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Figure 6(b) shows analogous results for the prescribing of non-controlled substances. To

allow for a more direct comparison with the estimates for controlled substance prescribing,

in which the y-axes extend to at least one-third of the baseline mean, the y-axes in Figure

6(b) are scaled to range from -33 to +33 percent of the baseline mean of each outcome. The

effects of the law changes on non-controlled substance prescribing are much less pronounced

than the effects on controlled substance prescribing. While there is some evidence that the

prescribing of non-controlled anti-anxiety medications may have gradually fallen following

the law changes, which would be consistent with the replacement of some non-controlled

anti-anxiety medications with controlled alternatives such as benzodiazepines, there are no

measurable effects on most of the non-controlled medication classes considered.40

V.B Ruling out alternative mechanisms

This section asks whether other changes in physician practices that may have occurred in

response to the law changes contribute to the findings.

Physician workloads It is possible that allowing NPs to independently prescribe con-

trolled substances could affect physician workloads. If GPs who were previously collab-

orating with or supervising NPs have additional time to devote to patient care, then an

increase in controlled substance prescribing could reflect either more time spent with each

patient—which might allow providers to identify additional ailments requiring treatment—

or an increase in the number of patients seen. The null results for non-controlled substance

prescribing shown in Figure 6 already provide strong evidence against these possibilities: if

GPs were spending more time with each patient or taking on additional patients following

the law changes, then their prescribing of non-controlled substances should have increased

as well.
40Figure A9 replicates our primary analysis, in which we consider prescriptions for all patients in the

IQVIA data from 2006 to 2018, for non-controlled anti-anxiety medications (left subfigures) and antide-
pressants (right subfigures). There is suggestive evidence that the prescribing of non-controlled anti-anxiety
medications fell slightly, particularly among NPs (panel (b)). There is also suggestive evidence that the
prescribing of antidepressants may have risen slightly after the law changes among GPs, although we do
not observe an increase in antidepressant prescribing in the public-use Medicare Part D data (Figure 6(b)).
These results are thus less robust than our main findings.
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Nevertheless, to ask whether GPs see additional patients following the law changes, we

examine effects on the number of office visits using the public-use Medicare Part B files. As

with the public-use Medicare Part D files, these data are available for 2012–2018. Given this

shorter sample window, we again consider the effects of the law changes from two years before

to two years after among the balanced panel of five states that granted NPs the ability to

independently prescribe controlled substances between 2014 and 2016. Figure 7(a) presents

event-study estimates from an analog of equation (2). The figure shows two outcomes at the

county-year level: (1) the number of Part B office visits with GPs per 1,000 people aged 65

and over, and (2) the average number of Part B office visits per GP. In line with the findings

for non-controlled substance prescribing, the left subfigure in Figure 7(a) shows that there

is no increase in the number of GP office visits per capita after the law changes. The right

subfigure shows that the law changes instead led to a reduction of around four office visits

per GP, a 1.9 percent reduction relative to the baseline mean of approximately 190 visits

with Medicare beneficiaries annually.

A related concern is that the results could be driven by increases in physician workloads

resulting from NPs leaving their joint practices. Such changes in workloads should also be

reflected in non-controlled substance prescribing and in the number of office visits. But

we can also ask whether NPs who were practicing with a physician leave that physician’s

practice to work elsewhere (e.g., open their own practice) when they can prescribe controlled

substances independently. As shown in Appendix D, although the growth in co-practicing

was slightly less pronounced in treatment states, the number of NPs per GP practice was,

if anything, higher in such states. These findings provide additional evidence against the

possibility that the observed increases in prescribing among GPs are driven by changes in

workloads following the law changes.

Patient composition It is also possible that increases in controlled substance prescribing

by GPs could be driven by changes in the types of patients seen by such providers when NPs

are allowed to prescribe controlled substances independently. Even if there are no changes

in the number of patients seen by GPs, the law changes might lead more severe patients

to sort away from NPs and toward GPs for their care. While such sorting should lead to
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reductions rather than the observed increases in controlled substance prescribing among NPs,

we can nevertheless ask whether the law changes are associated with changes in the types

of patients treated by GPs.41 To do so, we estimate balancing equations similar to equation

(3) that examine the impacts of the law changes on the average risk scores of the Medicare

patients seen by GPs from 2012 to 2018. We also consider the effects of the law changes

on the average patient age, gender, and insurance type among patients receiving controlled

substance prescriptions from each provider type in the IQVIA data from 2006 to 2018.

As shown in Figure 7(b), there is no evidence that GPs begin seeing patients with higher

risk scores following the law changes. The 95 percent confidence intervals demonstrate

that average risk scores of Medicare patients seen by GPs did not decrease by more than

0.019 (1.3 percent) or increase by more than 0.015 (0.97 percent) after NPs were allowed

to independently prescribe controlled substances. As shown in Figure A10, there is also

no consistent evidence that allowing NPs to independently prescribe controlled substances

affects the types of patients receiving controlled substance prescriptions from all providers

(subfigure (a)), NPs (subfigure (b)), or GPs (subfigure (c)). While an occasional estimate is

statistically significant, which might reflect spurious associations given the number of out-

comes examined, the characteristics of patients receiving controlled substance prescriptions

from GPs are quite stable despite the large increases in prescribing. It is therefore unlikely

that the results are driven by changes in the types of patients seen by GPs following the law

changes.

Finally, we consider whether increases in prescribing among NPs might lead GPs to

increase their prescribing for medically justified reasons. For example, if NPs start new

patients on opioids following the law changes, then GPs might increase their prescribing

for these same patients on subsequent visits to avoid disrupting the patients’ treatment.

However, as previously shown in Table 4, the increases in opioid prescribing among GPs come

almost entirely from prescriptions for opioid-naïve patients, and thus GPs are not simply

continuing pain management treatment initiated by NPs. Relatedly, if NPs get additional
41Simultaneous increases in prescribing among GPs and NPs could be observed if both (1) less severe

patients sort toward NPs following the law changes and (2) NPs are more lenient in their prescribing.
However, recent work by Chan and Chen (2022) shows that NPs are significantly less likely to prescribe
opioids than physicians.
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patients addicted to opioids, then GPs might increase their prescribing of opioids used for

medication-assisted treatment of opioid use disorders. As previously shown in Figure A5,

the results are nearly identical when prescriptions for methadone and buprenorphine are

excluded, and thus the prescribing increases among GPs are not coming from the initiation

of treatment for opioid use disorder.42

VI Conclusion

We document changes in the prescribing practices of physicians following increases in com-

petition precipitated by changes in state-level scope-of-practice laws granting NPs the ability

to prescribe controlled substances without physician oversight. By increasing the effective

number of providers, allowing NPs to independently prescribe controlled substances leads to

both an inward shift and an upward rotation in the demand curve facing incumbent physi-

cians. A simple model of physician behavior predicts that physicians will respond to such

changes by catering to the preferences of marginal patients.

Consistent with this prediction, we find that GPs increase their prescribing of opioids

and controlled anti-anxiety medications such as benzodiazepines when NPs’ scope of practice

is extended. GPs also increase their co-prescribing of opioids and benzodiazepines to the

same patient on the same day—a behavior that facilitates abuse and is advised against by

the CDC due to its potential to cause respiratory failure (CDC, 2016). Notably, over half

of the additional controlled substance prescriptions following the law changes are driven by

increased prescribing by GPs. While NPs experience a larger percentage increase relative to

their baseline prescribing, the greater number of GPs and their substantially higher baseline

levels of prescribing result in GPs contributing more to the overall increase in prescriptions.

Three additional tests support the hypothesis that the increases in controlled substance

prescribing among GPs after the law changes are driven by increased competition from NPs.
42Recent work highlights the role played by pharmaceutical companies in contributing to the opioid crisis

and affecting prescribing practices more generally (Carey et al., 2021; Alpert et al., 2022; Arteaga and
Barone, 2022). If pharmaceutical companies adjust their marketing to clinicians following law changes
granting NPs independent prescriptive authority, then these changes might affect how prescribing evolves
in the law changes’ aftermath. However, using publicly available data from Open Payments covering all
monetary and in-kind payments made to physicians from pharmaceutical companies from 2013–2018, we
find that payments made to GPs were stable in the years surrounding the law changes.
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Each test isolates locations, types of physicians, or services for which we expect the demand

curve facing incumbent physicians to be more strongly affected. In line with the predicted

responses to increased competition, we find that the observed increases in GP prescribing are

larger in areas with a greater number of NPs per GP at baseline; that changes in prescribing

are concentrated in physician specialties that compete most directly with NPs; and that the

law changes do not affect the prescribing of commonly used non-controlled substances, such

as antihypertensives and antibiotics.

Moreover, additional evidence indicates that the increases in controlled substance pre-

scribing are unlikely to be driven by other changes to GPs’ practices that might occur as

a result of the law changes. First, the law changes lead to slight reductions in the number

of office visits with GPs among Medicare beneficiaries, which should lead prescribing to de-

crease all else equal. Moreover, we find no evidence that the law changes lead to reductions

in the share of GPs practicing in the same clinics as NPs or in the number of NPs per GP

practice. Taken together, these findings suggest that our results are not driven by increases

in workloads among physicians resulting either from GPs spending more time on patient care

or from newly independent NPs leaving joint practices. Finally, the law changes do not affect

the age, gender, or payment types of patients receiving controlled substance prescriptions

from GPs or the risk scores of Medicare patients seen by GPs. These results suggest that

the observed increases in prescribing cannot be explained by changes in the composition of

patients seen by GPs.

Examining the increases in opioid prescribing in greater depth shows that in addition

to increasing the number of prescriptions, GPs increase the strength of opioid prescriptions

and the number of very high-strength prescriptions in response to increased competition.

Moreover, competition-induced increases in the number of opioid prescriptions are due pre-

dominately to increases among opioid-naïve patients, suggesting that competition among

providers puts additional patients at risk of developing opioid use disorder. Consistent with

these increases in prescribing, we find that the law changes lead to increases in fatal drug

overdoses involving prescription opioids. A back-of-the-envelope calculation based on our

estimates suggests that relaxed scope-of-practice restrictions contributed to nearly 30,000

fatal overdoses involving prescription opioids between 2006 and 2018, accounting for over
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five percent of such deaths nationwide and nearly 20 percent of those occurring in treated

state-years during this period.43 Our work focusing on the role of competition therefore

adds another consideration to recent research showing that physician prescribing of opi-

oids is driven in part by training (Schnell and Currie, 2018), beliefs about risks (Doctor et

al., 2018), pharmaceutical marketing (Alpert et al., 2022; Arteaga and Barone, 2022), and

provider altruism coupled with the existence of secondary markets (Schnell, 2017).

Of course, there are important benefits to relaxing scope-of-practice restrictions. As

health care demand continues to exceed supply, allowing NPs to practice and prescribe inde-

pendently has been shown to be a promising tool for improving access and addressing provider

shortages (e.g., Traczynski and Udalova, 2018; Alexander and Schnell, 2019; McMichael and

Markowitz, 2023). Furthermore, in settings where service prices are not set administratively,

increased access may reduce prices paid by patients over the long run. Thus, our findings do

not necessarily imply that allowing NPs to independently prescribe controlled substances is

welfare reducing for patients. Rather, our results highlight that physicians are not immune

to competitive pressures, and thus the competitive landscape must be considered when ex-

amining factors that shape physician practice styles. Our finding that increased competition

can lead physicians to increase their provision of powerful and dangerous medications is con-

sistent with the cautions of authors such as Gaynor et al. (2015) and McGuire (2000), who

argue that more competition will not always improve patient care and can instead lead to

excessive—and even harmful—service provision.
43As shown in Table A1, allowing NPs to independently prescribe controlled substances results in an

additional 10.3 fatal overdoses involving prescription opioids per million people per year. Multiplying this
estimate by the total population across treated state-years (2.8 billion person-years) implies that the law
changes led to approximately 28,889 prescription opioid fatalities from 2006 to 2018. For comparison, 565,100
individuals died from a fatal overdose involving prescription opioids nationwide over the same period, with
155,631 of these deaths occurring in treated state-years.

40



References
Alexander, D. and M. Schnell, “Just What the Nurse Practitioner Ordered: Indepen-

dent Prescriptive Authority and Population Mental Health,” Journal of Health Economics,
2019, 66, 145–162.

and , “The Impacts of Physician Payments on Patient Access, Use, and Health,”
American Economic Journal: Applied Economics, 2024, 16 (3), 142–177.

Alpert, A., W. Evans, E. Lieber, and D. Powell, “Origins of the Opioid Crisis and Its
Enduring Impacts,” Quarterly Journal of Economics, 2022, 137 (2), 1139–1179.

American Association of Nurse Practitioners, “NP Fact Sheet,” 2022.

American Medical Association, “Evaluation and Management (E/M) Services Guide-
lines,” Technical Report 2023.

, “How the APRN Compact Would Undermine Physician-led Care,” Technical Report
2024.

AMN Healthcare, “2024 Review of Physician and Advanced Practitioner Recruiting In-
centives,” Technical Report 2024.

Arteaga, C. and V. Barone, “The Opioid Epidemic: Causes and Consequences,” Working
Paper 2022.

Barnett, M., A. Olenski, and A. Jena, “Opioid-Prescribing Patterns of Emergency
Physicians and Risk of Long-Term Use,” New England Journal of Medicine, 2017, 376,
663–673.

Barrette, E., G. Gowrisankaran, and R. Town, “Countervailing Market Power and
Hospital Competition,” Review of Economics and Statistics, 2022, 104 (6), 1351–1360.

Bennett, D., C.-L. Hung, and T.-L. Lauderdale, “Health Care Competition and An-
tibiotic Use in Taiwan,” Journal of Industrial Economics, 2015, 63 (2), 371–393.

Blom, A., R. Donovan, A. Beswick, M. Whitehouse, and S. Kunutsor, “Common
Elective Orthopaedic Procedures and Their Clinical Effectiveness: Umbrella Review of
Level 1 Evidence,” British Medical Journal, 2021, 364, n1511.

Bloom, N., C. Propper, S. Seiler, and J. Van Reenen, “The Impact of Competition
on Management Quality: Evidence from Public Hospitals,” Review of Economic Studies,
2015, 82 (2), 457–489.

Bohnert, A., M. Valenstein, M. Bair, D. Ganoczy, J. McCarthy, M. Ilgen, and
F. Blow, “Association Between Opioid Prescribing Patterns and Opioid Overdose-related
Deaths,” Journal of the American Medical Association, 2011, 305 (13), 1315–1321.

41



Brekke, K., T.H. Holmas, K. Monstad, and O.R. Straume, “Competition and Physi-
cian Behaviour: Does the Competitive Environment affect the Propensity to Issue Sickness
Certificates?,” Journal of Health Economics, 2019, 66, 117–135.

Brosig-Koch, J., B. Hehenkamp, and J. Kokot, “The Effects of Competition on Medical
Service Provision,” Health Economics, 2017, 26 (S3), 6–20.

Buchmueller, T. and C. Carey, “The Effect of Prescription Drug Monitoring Programs
on Opioid Utilization in Medicare,” American Economic Journal: Economic Policy, 2018,
10 (1), 77–112.

Carey, C., E. Lieber, and S. Miller, “Drug Firms’ Payments and Physicians’ Prescribing
Behavior in Medicare Part D,” Journal of Public Economics, 2021, 197.

Case, A. and A. Deaton, “Mortality and Morbidity in the 21st Century,” Brookings Papers
on Economic Activity, Spring 2017, pp. 397–476.

Chan, D. and Y. Chen, “The Productivity of Professions: Evidence from the Emergency
Department,” NBER Working Paper No. 30608, 2022.

, M. Gentzkow, and C. Yu, “Selection with Variation in Diagnostic Skill: Evidence
from Radiologists,” Quarterly Journal of Economics, 2022, 137 (2), 729–783.

Clemens, J. and J. Gottlieb, “Do Physicians’ Financial Incentives Affect Medical Treat-
ment and Patient Health?,” American Economic Review, 2014, 104 (4), 1320–1349.

Cromwell, J. and J. Mitchell, “Physician-Induced Demand for Surgery,” Journal of Health
Economics, 1986, 5 (4), 293–313.

Currie, J. and H. Schwandt, “The Opioid Epidemic Was Not Caused by Economic Dis-
tress but by Factors that Could Be More Rapidly Addressed,” ANNALS of the American
Academy of Political and Social Science, 2021, 695 (1), 276–291.

and J. Zhang, “Doing More with Less: Predicting Primary Care Provider Effectiveness,”
Review of Economics and Statistics, 2023.

and W.B. MacLeod, “Diagnosing Expertise: Human Capital, Decision Making, and
Performance among Physicians,” Journal of Labor Economics, 2017, 35 (1), 1–43.

and , “Understanding Doctor Decision Making: The Case of Depression Treatment,”
Econometrica, 2020, 88 (3), 847–878.

, , and J. Van Parys, “Provider Practice Style and Patient Health Outcomes: The
Case of Heart Attacks,” Journal of Health Economics, 2016, 47, 64–80.

Cutler, D. and E. Glaeser, “When Innovation Goes Wrong: Technological Regress and
the Opioid Epidemic,” Journal of Economic Perspectives, 2021, 35 (4), 171–196.

42



, J. Skinner, A.D. Stern, and D. Wennberg, “Physician Beliefs and Patient Prefer-
ences: A New Look at Regional Variation in Health Care Spending,” American Economic
Journal: Economic Policy, 2019, 11 (1), 192–221.

Dafny, L., “Estimation and Identification of Merger Effects: An Application to Hospital
Mergers,” Journal of Law and Economics, 2009, 52 (3), 523–550.

, “Are Health Insurance Markets Competitive?,” American Economic Review, 2010, 100
(4), 1399–1431.

, M. Duggan, and S. Ramanarayanan, “Paying a Premium on Your Premium? Con-
solidation in the U.S. Health Insurance Industry,” American Economic Review, 2012, 102
(2), 1161–1185.

Doctor, J., A. Nguyen, R. Lev, J. Lucas, T. Knight, H. Zhao, and M. Menchine,
“Opioid Prescribing Decreases After Learning of a Patient’s Fatal Overdose,” Science,
2018, 361 (6402), 588–590.

Dowell, D., T.M. Haegerich, and R. Chou, “CDC Guideline for Prescribing Opioids
for Chronic Pain—United States, 2016,” MMWR Recommendations and Reports, 2016,
65, doi:10.15585/mmwr.rr6501e1er.

Dranove, D. and P. Wehner, “Physician-Induced Demand for Childbirths,” Journal of
Health Economics, 1994, 13 (1), 61–73.

Dunn, A. and A. Shapiro, “Do Physicians Possess Market Power?,” Journal of Law and
Economics, 2014, 57 (1), 159–193.

and , “Physician Competition and the Provision of Care: Evidence from Heart Attacks,”
American Journal of Health Economics, 2018, 4 (2), 226–261.

Finkelstein, A., M. Gentzkow, and D. Li, “What Drives Risky Prescription Opioid
Use? Evidence from Migration,” Quarterly Journal of Economics, 2025.

, , and H. Williams, “Sources of Geographic Variation in Health Care: Evidence from
Patient Migration,” Quarterly Journal of Economics, 2016, 131 (4), 1681–1726.

Fisher, E., D. Wennberg, T. Stukel, D. Gottlieb, F. Lucas, and E. Pinder, “The
Implications of Regional Variations in Medicare Spending: The Content, Quality, and
Accessibility of Care,” Annals of Internal Medicine, 2003, 138 (4), 273–298.

Frantsve, L. and R. Kerns, “Patient-Provider Interactions in the Management of Chronic
Pain: Current Findings with the Context of Shared Medical Decision Making,” Pain
Medicine, 2007, 8, 25–35.

Fuchs, V., “The Supply of Surgeons and the Demand for Operations,” Journal of Human
Resources, 1978, 13 (Supplement), 35–56.

Gaynor, M., K. Ho, and R. Town, “The Industrial Organization of Health Care Markets,”
Journal of Economic Literature, 2015, 53 (2), 235–284.

43



, R. Moreno-Serra, and C. Propper, “Death by Market Power: Reform, Competition,
and Patient Outcomes in the National Health Service,” American Economic Journal: Eco-
nomic Policy, 2013, 5 (4), 134–166.

Ginja, R., J. Riise, B. Willage, and A. Willen, “Does Your Doctor Matter? Doctor
Quality and Patient Outcomes,” Journal of Political Economy: Microeconomics, 2024.

Goodman-Bacon, A., “Difference-in-Differences with Variation in Treatment Timing,”
Journal of Econometrics, 2021, 225 (2), 257–277.

Gowrisankaran, G., A. Nevo, and R. Town, “Mergers When Prices Are Negotiated:
Evidence from the Hospital Industry,” American Economic Review, 2015, 175 (1), 172–203.

and R. Town, “Competition, Payers, and Hospital Quality,” Health Services Research,
2003, 38, 1403–1422.

, K. Joiner, and P.T. Leger, “Physician Practice Style and Healthcare Costs: Evidence
from Emergency Departments,” Management Science, 2023, 69 (6), 3202–3219.

Gravelle, H., D. Liu, C. Propper, and R. Santos, “Spatial Competition and Quality:
Evidence from the English Family Doctor Market,” Journal of Health Economics, 2019,
68, 102249.

Grecu, A. and L. Spector, “Nurse Practitioner’s Independent Prescriptive Authority and
Opioids Abuse,” Health Economics, 2019, 28, 1220–1225.

Gruber, J. and M. Owings, “Physician Financial Incentives and Cesarean Section Deliv-
ery,” RAND Journal of Economics, 1996, 27 (1), 99–123.

Ho, J., “The Contemporary American Drug Overdose Epidemic in International Perspec-
tive,” Population and Development Review, 2019, 45 (1), 7–40.

Ho, K. and R. Lee, “Insurer Competition in Health Care Markets,” Econometrica, 2017,
85 (2), 379–417.

Htay, M. and D. Whitehead, “The Effectiveness of the Role of Advanced Nurse Practi-
tioners Compared to Physician-Led or Usual Care: A Systematic Review,” International
Journal of Nursing Studies Advances, 2021, 3, 100034.

Janssen, A. and X. Zhang, “Retail Pharmacies and Drug Diversion During the Opioid
Epidemic,” American Economic Review, 2023, 1, 1–33.

Kann, I., E. Biorn, and H. Luras, “Competition in General Practice: Prescriptions to
the Elderly in a List Patient System,” Journal of Health Economics, 2010, 29 (5), 751–764.

Kessler, D. and M. McClellan, “Is Hospital Competition Socially Wasteful?,” Quarterly
Journal of Economics, 2000, 115 (2), 577–615.

44



Kunz, J., C. Propper, K. Staub, and R. Winkelmann, “Assessing the Quality of
Public Services: Does Hospital Competition Crowd-out the For-profit Quality Gap?,”
CEPR Discussion Paper No. 15045, 2020.

Layard, R., G. Mayraz, and S. Nickell, “The Marginal Utility of Income,” Journal of
Public Economics, 2008, 92 (8-9), 1846–1857.

Markowitz, S., E. Adams, M. Lewitt, and A. Dunlop, “Competitive Effects of Scope
of Practice Restrictions: Public Health or Public Harm?,” Journal of Health Economics,
2017, 55, 201–218.

McGuire, T., “Physician Agency,” in A. Culyer and J. Newhouse, eds., Handbook of Health
Economics, 1 ed., Vol. 1, Elsevier, 2000, chapter 09, pp. 461–536.

McMichael, B., “Occupational Licensing and the Opioid Crisis,” 54 UC Davis Law Review,
2020, 887.

and S. Markowitz, “Toward a Uniform Classification of Nurse Practitioner Scope of
Practice Laws,” Medical Care Research and Review, 2023, 80 (4), 444–454.

Meara, E. et al., “State Legal Restrictions and Prescription-Opioid Use among Disabled
Adults,” New England Journal of Medicine, 2016, 375, 44–53.

Mullahy, J. and E. Norton, “Why Transform Y? A Critical Assessment of Dependent-
Variable Transformations in Regression Models for Skewed and Sometimes-Zero Out-
comes,” NBER Working Paper No. 30735, 2022.

Mundinger, M., R. Kane, E. Lenz, A. Totten, W.-Y. Tsai, P. Cleary, W. Friede-
wald, A. Siu, and M. Shelanski, “Primary Care Outcomes in Patients Treated by
Nurse Practitioners or Physicians,” Journal of the American Medical Association, 2000,
283 (1), 59–68.

Neumark, D., J. Salas, and W. Wascher, “Revisiting the Minimum Wage–Employment
Debate: Throwing Out the Baby with the Bathwater?,” Industrial and Labor Relations
Review, 2014, 67 (2.5), 608–648.

Onishi, E., T. Kobayashi, E. Dexter, M. Marino, T. Maeno, and R. Deyo, “Com-
parison of Opioid Prescribing Patterns in the United States and Japan: Physicians’ Atti-
tudes and Perceptions,” Journal of the ABFM, 2017, 30, 248–254.

Parys, J. Van, “Variation in Physician Practice Styles Within and Across Emergency De-
partments,” PloS One, 2016, 11 (8), e0159882.

Patel, S., H. Huskamp, A. Frakt, D. Auerbach, H. Neprash, M. Barnett,
H. James, and A. Mehrotra, “Frequency Of Indirect Billing To Medicare For Nurse
Practitioner And Physician Assistant Office Visits,” Health Affairs, 2022, 41 (6), 805–813.

Pei, Z., J.-S. Pischke, and H. Schwandt, “Poorly Measured Confounders are More
Useful on the Left than on the Right,” Journal of Business and Economic Statistics, 2019,
37 (2), 205–216.

45



Propper, C., “Competition in Health Care: Lessons from the English Experience,” Health
Economics, Policy and Law, 2018, 13 (3–4), 492–508.

, S. Burgess, and D. Gossage, “Competition and Quality: Evidence from the NHS
Internal Market 1991–9,” The Economic Journal, 2008, 118 (525), 138–170.

Schnell, M., “Physician Behavior in the Presence of a Secondary Market: The Case of
Prescription Opioids,” Princeton University Working Paper 2017.

and J. Currie, “Addressing the Opioid Epidemic: Is There a Role for Physician Educa-
tion?,” American Journal of Health Economics, 2018, 4 (3), 383–410.

Scott, A., J. Li, H. Gravelle, and M. McGrail, “Physician Competition and Low-Value
Health Care,” American Journal of Health Economics, 2022, 8 (2), 252–274.

Shaumans, C., “Prescribing Behavior of General Practitioners: Competition Matters,”
Health Policy, 2015, 4, 456–463.

Siciliani, L., M. Chalkley, and H. Gravelle, “Does Provider Competition Improve
Health Care Quality and Efficiency?: Expectations and Evidence from Europe,” World
Health Organization, European Observatory on Health Systems and Policies, Policy Brief
48, 2022.

Singleton, T. and P. Miller, “Employment and Contract Considerations for Family Physi-
cians in the Era of COVID-19,” Family Practice Management, 2021, 28 (1), 11–16.

Substance Abuse and Mental Health Services Administration, “Key Substance Use
and Mental Health Indicators in the United States: Results from the 2019 National Survey
on Drug Use and Health,” HHS Publication No. PEP20-07-01-001, NSDUH Series H-55
2020.

Sullivan et al., “Risks for Possible and Probable Opioid Misuse Among Recipients of
Chronic Opioid Therapy in Commercial and Medicaid Insurance Plans: The TROUP
Study,” Pain, 2010, 150 (2), 332–339.

Sun, L. and S. Abraham, “Estimating Dynamic Treatment Effects in Event Studies with
Heterogeneous Treatment Effects,” Journal of Econometrics, 2021, 225 (2), 175–199.

The New York Times, “Vexing Question on Patient Surveys: Did We Ease Your Pain?,”
August 2016.

Traczynski, J. and V. Udalova, “Nurse Practitioner Independence, Health Care Utiliza-
tion, and Health Outcomes,” Journal of Health Economics, 2018, 58, 90–109.

Van Zee, A., “The Promotion and Marketing of OxyContin: Commercial Triumph, Public
Health Tragedy,” American Journal of Public Health, 2009, 99 (2), 221–227.

Ventola, C.L., “Direct-to-Consumer Pharmaceutical Advertising: Therapeutic or Toxic?,”
Pharmacy and Therapeutics, 2011, 36 (10), 669–684.

46



Zgierska, A., M. Miller, and D. Rabago, “Patient Satisfaction, Prescription Drug Abuse,
and Potential Unintended Consequences,” Journal of the American Medical Association,
2012, 307 (13), 1377–1378.

Zhang, J., “Can Educational Outreach Improve Experts’ Decision Making? Evidence from
a National Opioid Academic Detailing Program,” Working Paper 2023.

Zykova, Y., “Competition in Primary Care and Prescription of Antibiotics in Norway,” UiT
School of Business and Economics Working Paper 2020.

47



VII Figures

Figure 1: NP independent prescriptive authority for controlled substances: 2006–2018

None
Since 2005
Granted 2006−2018

Prescriptive authority:           

Notes: We consider states as having independent prescriptive authority if nurse practitioners (NPs) registered
in the state have the statutory authority to prescribe controlled substances without physician collaboration
or supervision. Years in which states granted NPs independent prescriptive authority come from McMichael
and Markowitz (2023); see footnote 23 for additional details.
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Figure 2: Changes in the number of prescribers and controlled substance prescribing
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(b) Controlled anti-anxiety prescriptions
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(c) Opioid + benzo. co-prescriptions
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Notes: The above figures show the relationship between changes in the number of general practice physi-
cians (GPs) and nurse practitioners (NPs) per 1,000 people and changes in measures of opioid prescribing
(subfigure (a)), anti-anxiety controlled substance prescribing (subfigure (b)), and opioid and benzodiazepine
co-prescribing (subfigure (c)) at the county-year level from 2006 to 2018. All relationships are conditional on
county and year fixed effects. The left subfigure in each subplot considers the amount of a given prescribing
behavior by GPs and NPs per 1,000 people; the right subfigure considers the average amount of a given
behavior per prescribing GP. The number of NPs is set to zero until NPs are allowed to prescribe controlled
substances independently in a given state. We exclude the six states that granted NPs the ability to prescribe
controlled substances non-independently between 2006 and 2018 from these figures. Counties are grouped
into deciles accounting for approximately equal shares of the population based on the number of GPs and
NPs per 1,000 people. The dotted line is the fitted line across deciles. Data come from the IQVIA LRx
database.
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Figure 3: Effects of NP independent prescriptive authority on aggregate controlled substance
prescribing
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(c) Opioid + benzo. co-prescriptions
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Notes: The above figures present coefficients and 95% confidence intervals from estimation of equation (2)
using county-year–level data for 2006–2018. Outcomes are the number of opioid prescriptions per 1,000 people
(subfigure (a)), the number of anti-anxiety controlled substance prescriptions per 1,000 people (subfigure
(b)), and the number of instances in which an opioid and benzodiazepine prescription were written for the
same patient by the same provider on the same day (“co-prescriptions”) per 1,000 people (subfigure (c)).
Results derived from a traditional two-way fixed effects estimator (dark lines), the estimator proposed by
Goodman-Bacon (2021) (medium lines), and the estimator proposed by Sun and Abraham (2021) (light
lines) are shown. To allow for a balanced panel, these figures consider effects in the 11 states with law
changes between 2009–2015. Standard errors are clustered by state. Outcome data come from the IQVIA
LRx database.
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Figure 4: Effects on average annual prescriptions per prescriber
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(b) Controlled anti-anxiety prescriptions
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Notes: The above figures present coefficients and 95% confidence intervals from estimation of equation
(2) using county-year–level data for 2006–2018. The left (right) subfigure in each subplot considers nurse
practitioners [NPs] (physicians in general practice [GPs]). Outcomes are the average annual number of
prescriptions per prescriber of opioids (subfigure (a)), anti-anxiety controlled substances (subfigure (b)), and
co-prescriptions of opioids and benzodiazepines (subfigure (c)). To allow for a balanced panel, these figures
consider effects in the 11 states with law changes between 2009–2015. The regressions include county and year
fixed effects; county-specific linear time trends; time-varying, state-level controls for changes in independent
prescriptive authority for controlled substances outside of the balanced panel window and changes in non-
independent prescriptive authority for controlled substances; and all time-varying, county-level controls listed
in Figure A1. Standard errors are clustered by state. Outcome data come from the IQVIA LRx database.
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Figure 5: Effects of NP independent prescriptive authority on fatal drug overdoses

(a) Prescription opioid deaths
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(b) Benzodiazepine deaths
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Notes: The above figures present coefficients and 95% confidence intervals from estimation of an analog of
equation (2) using county-year–level data for 2006–2018. Outcomes are the number of fatal drug overdoses
per 1,000,000 people involving prescription opioids (subfigure (a)), benzodiazepines (subfigure (b)), and
prescription opioids in combination with benzodiazepines (subfigure (c)). To allow for a balanced panel, these
figures consider effects in the 11 states with law changes between 2009–2015. The regressions include county
and year fixed effects; time-varying, state-level controls for changes in independent prescriptive authority
for controlled substances outside of the balanced panel window and changes in non-independent prescriptive
authority for controlled substances; and all time-varying, county-level controls listed in Figure A1. Standard
errors are clustered by state. Outcome data come from the NVSS database.
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Figure 6: Effects of NP independent prescriptive authority on controlled and non-controlled
substance prescribing by GPs (IQVIA and Medicare data, 2012–2018)
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Notes: The above figures present coefficients and 95% confidence intervals from estimation of an analog of
equation (2) using county-year–level data for 2012–2018. Outcomes are the number of prescriptions written
by physicians in general practice (GPs) for patients aged 65+ in the IQVIA data (light dots and bars) or
paid for by Medicare Part D in the public-use Medicare files (dark dots and bars) per 1,000 people aged
65+ for controlled (subfigure (a)) and non-controlled (subfigure (b)) medication classes. To make effect sizes
more comparable across medication classes, the y-axes in subfigure (b) are scaled to range from −33 to
+33 percent of the baseline mean of each outcome; in subfigure (a), the axes extend to +33 percent of the
baseline mean for opioids and +200 percent of the baseline mean for controlled anti-anxiety medications. To
allow for a balanced panel, these figures consider effects in the five states with law changes between 2014–
2016. The regressions include county and year fixed effects; time-varying, state-level controls for changes
in independent prescriptive authority for controlled substances outside of the balanced panel window and
changes in non-independent prescriptive authority for controlled substances; and all time-varying, county-
level controls listed in Figure A1. Standard errors are clustered by state. See Figure A9 for analogous figures
for non-controlled substance prescribing in the full IQVIA data for 2006–2018.

53



Figure 7: Effects of NP independent prescriptive authority on office visits and patient risk
scores among GPs (Medicare data, 2012–2018)

(a) Office visits with GPs
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(b) Patient risk scores among GPs
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Notes: The above figures present coefficients and 95% confidence intervals from estimation of an analog of
equation (2) using county-year–level data for 2012–2018. The outcomes in subfigure (a) are the number of
office visits with physicians in general practice (GPs) paid for by Medicare Part B per 1,000 people aged
65+ (left panel) and per GP in the Part B files (right panel). The outcomes in subfigure (b) are the average
risk score among patients seen by GPs in the Medicare Part B files per county (left panel) and per GP (right
panel). The y-axes are scaled to range from −10 to +10 percent of the baseline mean of each outcome. To
allow for a balanced panel, these figures consider effects in the five states with law changes between 2014–
2016. The regressions include county and year fixed effects; time-varying, state-level controls for changes
in independent prescriptive authority for controlled substances outside of the balanced panel window and
changes in non-independent prescriptive authority for controlled substances; and all time-varying, county-
level controls listed in Figure A1. Standard errors are clustered by state. Outcome data come from the
public-use Medicare Part B files.
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VIII Tables

Table 1: Number of prescribers and prescription shares by provider type

Controlled substance prescription shares

Unique
providers

Opioids Anti-anxiety Opioid + benzo.

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

a. 2006–2018
Select physician specialties

General practice 401,916 0.443 0.596 0.609
Emergency medicine 60,035 0.063 0.017 0.036
Psych. & neurology 95,655 0.018 0.162 0.024
Obstetrics & gyn. 62,200 0.026 0.015 0.014
General surgery 71,344 0.055 0.008 0.019
Orthopedic surgery 38,413 0.075 0.007 0.020

Nurse practitioners 269,015 0.068 0.075 0.064

Total providers 1,569,881 1.000 1.000 1.000
Total pres. (billions) 2.060 0.752 0.100

b. 2006
Select physician specialties

General practice 241,131 0.477 0.643 0.649
Emergency medicine 32,567 0.074 0.018 0.039
Psych. & neurology 59,902 0.022 0.163 0.034
Obstetrics & gyn. 40,759 0.033 0.018 0.014
General surgery 42,268 0.064 0.010 0.021
Orthopedic surgery 24,856 0.095 0.008 0.023

Nurse practitioners 56,608 0.028 0.030 0.026

Total providers 763,278 1.000 1.000 1.000
Total pres. (millons) 132.3 44.63 5.711

c. 2018
Select physician specialties

General practice 305,295 0.382 0.543 0.588
Emergency medicine 51,117 0.042 0.012 0.022
Psych. & neurology 71,910 0.014 0.166 0.017
Obstetrics & gyn. 45,325 0.020 0.011 0.012
General surgery 49,527 0.052 0.007 0.020
Orthopedic surgery 29,476 0.058 0.005 0.017

Nurse practitioners 201,764 0.119 0.132 0.102

Total providers 1,111,232 1.000 1.000 1.000
Total pres. (millons) 131.9 56.30 5.023

Notes: Observations are at the provider-year level. Total prescriptions reflect the total number of prescrip-
tions written by providers of all types (including specialties not reported in the table) in the reported time
period; prescription shares are calculated relative to these totals. “Opioid + benzo.” denotes instances of
co-prescribing of an opioid and a benzodiazepine to the same patient by the same provider on the same day.
Data come from the IQVIA LRx database.
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Table 2: Average county-level prescription outcomes by treatment status

Always takers Never takers Treatment states

‘06–‘18 2006 2018 ‘06–‘18 2006 2018 ‘06–‘18 2006 2018
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Number of states 11 24 16

a. General practice physicians
Prescriptions per thousand

Opioids 233.5 227.4 150.1 236.5 220.9 165.1 177.5 169.6 117.2
Anti-anxiety (cont.) 89.31 80.88 69.32 120.4 104.8 102.7 82.32 70.27 70.38
Opioid + benzo. 10.56 9.541 5.862 16.89 13.96 10.27 9.604 7.890 5.904

Prescribing providers per thousand
Opioids 0.868 0.776 0.846 0.801 0.741 0.782 0.869 0.806 0.823
Anti-anxiety (cont.) 0.770 0.703 0.746 0.710 0.669 0.692 0.750 0.698 0.713
Opioid + benzo. 0.539 0.523 0.436 0.489 0.481 0.406 0.478 0.455 0.381

Average prescriptions per prescribing provider
Opioids 267.9 289.3 175.6 295.4 295.8 211.4 204.4 209.9 142.7
Anti-anxiety (cont.) 114.7 112.7 91.74 168.3 154.4 147.4 107.5 97.61 96.84
Opioid + benzo. 19.03 17.57 13.20 33.24 28.06 24.38 19.03 15.90 14.85

Unique providers 40,964 17,729 23,154 298,790 168,120 213,203 116,080 55,282 68,938

b. Nurse practitioners
Prescriptions per thousand

Opioids 66.67 31.80 84.92 29.86 8.664 44.23 37.22 17.93 47.30
Anti-anxiety (cont.) 26.24 12.06 34.03 12.13 3.226 21.40 15.17 6.042 22.94
Opioid + benzo. 2.429 1.144 2.056 1.502 0.412 1.553 1.524 0.586 1.423

Prescribing providers per thousand
Opioids 0.414 0.272 0.544 0.255 0.115 0.389 0.345 0.226 0.443
Anti-anxiety (cont.) 0.379 0.235 0.537 0.200 0.082 0.344 0.296 0.174 0.417
Opioid + benzo. 0.182 0.107 0.218 0.093 0.034 0.136 0.128 0.070 0.151

Average prescriptions per prescribing provider
Opioids 153.4 111.9 150.9 85.58 48.95 92.77 94.58 67.90 95.45
Anti-anxiety (cont.) 65.18 49.35 59.12 43.64 24.35 54.75 44.21 30.42 49.97
Opioid + benzo. 12.29 9.528 8.843 10.41 5.974 8.506 10.15 6.957 8.136

Unique providers 27,722 7,046 17,773 192,223 31,645 139,440 69,260 17,917 44,551

Notes: Observations are at the county-year level, and averages are weighted by population. “Always takers”
refers to states in which NPs has independent prescriptive authority for controlled substances since 2006,
“never takers” refers to states in which NPs did not have independent prescriptive authority for controlled
substances as of 2018, and “treatment states” refers to states in which NPs were granted the ability to
independently prescribe controlled substances between 2006 and 2018. “Opioid + benzo.” denotes instances
of co-prescribing of an opioid and a benzodiazepine to the same patient by the same provider on the same
day. Data come from the IQVIA LRx database.
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Table 4: Effects of NP independent prescriptive authority on opioid prescribing by patient
type

Nurse practitioners General practice physicians

Overall Opioid
naive

Non-
opioid
naive

Overall Opioid
naive

Non-
opioid
naive

(1) (2) (3) (4) (5) (6)

a. Prescriptions per thousand
Post law change, 0–3 years 2.217 1.880 0.336 20.728 20.398 0.331

(1.807) (1.474) (0.430) (12.321) (11.772) (0.811)
[0.226] [0.208] [0.438] [0.099] [0.089] [0.685]

Baseline mean 25.45 20.44 5.013 232.1 199.2 32.94
Relative to mean 0.087 0.092 0.067 0.089 0.102 0.010

b. Average days supplied per prescription
Post law change, 0–3 years –0.025 –0.041 –0.016 –0.110 –0.122 –0.143

(0.211) (0.211) (0.137) (0.133) (0.139) (0.151)
[0.907] [0.848] [0.908] [0.414] [0.385] [0.348]

Baseline mean 3.250 3.255 2.081 10.46 10.94 6.882
Relative to mean –0.008 –0.013 –0.008 –0.010 –0.011 –0.021

c. Average MME per day supplied
Post law change, 0–3 years 21.029 16.382 21.773 26.274 22.688 32.374

(11.387) (10.158) (12.674) (8.638) (8.379) (10.185)
[0.071] [0.113] [0.092] [0.004] [0.009] [0.003]

Baseline mean 189.3 156.3 198.3 388.0 339.1 479.8
Relative to mean 0.111 0.105 0.110 0.068 0.067 0.067

d. Prescriptions with > 120mg MME daily per thousand
Post law change, 0–3 years 0.881 0.752 0.129 6.085 5.908 0.177

(0.760) (0.552) (0.271) (2.821) (2.702) (0.613)
[0.252] [0.179] [0.637] [0.036] [0.033] [0.774]

Baseline mean 8.644 6.278 2.366 75.94 61.63 14.31
Relative to mean 0.102 0.120 0.054 0.080 0.096 0.012

Observations 40,911 40,911 40,911 40,911 40,911 40,911

Notes: The above table reports coefficients, standard errors (in parentheses), and p-values [in brackets] from
estimation of equation (3) using county-year–level data for 2006–2018. For each patient and provider type,
outcomes are the number of opioid prescriptions per 1,000 people (panel (a)), the average number of days
supplied per opioid prescription (panel (b)), the average daily morphine milligram equivalents (MMEs) per
opioid prescription (panel (c)), and the number of opioid prescriptions with greater than 120 MME daily
per 1,000 people (panel (d)). Columns (1)–(3) consider prescriptions written by nurse practitioners, and
columns (4)–(6) consider prescriptions written by physicians in general practice. “Opioid naive” refers to
patients who did not fill an opioid prescription in the past six months. To allow for a balanced panel, this
table considers the effects 0–3 years after the law change in the 11 states with law changes between 2009–
2015. The regressions include county and year fixed effects; county-specific linear time trends; time-varying,
state-level controls for changes in independent prescriptive authority for controlled substances outside of the
balanced panel window and changes in non-independent prescriptive authority for controlled substances; and
all time-varying, county-level controls listed in Figure A1. The baseline mean is measured as the average
across all counties in 2010. Standard errors are clustered by state. Outcome data come from the IQVIA
LRx database.
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Table 5: Effects of NP independent prescriptive authority on GP controlled substance pre-
scribing by exposure to NPs

General practice physicians

Prescriptions per 1,000: Opioids Anti-anxiety Opioid + benzo.
(1) (2) (3)

Post law change, 0–3 years (β1) 18.526 5.445 2.285
(12.071) (3.428) (0.911)
[0.131] [0.118] [0.015]

× Above median (β2) 8.775 4.086 0.219
(3.017) (1.362) (0.280)
[0.005] [0.004] [0.437]

β1 + β2 27.301 9.531 2.504
(13.086) (3.076) (0.712)
[0.042] [0.003] [<0.001]

Baseline mean (below median) 215.4 101.7 14.22
Baseline mean (above median) 267.9 119.6 20.70
Relative to mean (below median) 0.086 0.054 0.161
Relative to mean (above median) 0.102 0.080 0.121
Observations 40,911 40,911 40,911

Notes: The above table reports coefficients, standard errors (in parentheses), and p-values [in brackets]
from estimation of an augmented version of equation (3) that includes an interaction between the treatment
indicator and an indicator denoting whether the county had an above-median number of nurse practitioners
(NPs) per general practice physicians (GPs) among treatment states in 2006 using county-year–level data
for 2006–2018. Outcomes are the number of prescriptions of a given type written by GPs per 1,000 people.
“Opioid + benzo.” denotes instances of co-prescribing of an opioid and a benzodiazepine to the same patient
by the same provider on the same day. To allow for a balanced panel, this table considers the effects 0–3
years after the law change in the 11 states with law changes between 2009–2015. The regressions include
county and year fixed effects; county-specific linear time trends; time-varying, state-level controls for changes
in independent prescriptive authority for controlled substances outside of the balanced panel window and
changes in non-independent prescriptive authority for controlled substances; and all time-varying, county-
level controls listed in Figure A1. The baseline mean is measured as the average across all counties of a given
type in 2010. Standard errors are clustered by state. Outcome data come from the IQVIA LRx database.
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Table 6: Effects of NP independent prescriptive authority on controlled substance prescribing
across physician specialties

General
practice

Emergency
medicine

Psych. &
neurology

Obstetrics
& gyn.

Orthopedic
surgery

General
surgery

(1) (2) (3) (4) (5) (6)

a. Opioids per prescriber
Post law change, 0–3 years 24.192 15.079 7.273 5.061 27.142 0.697

(11.799) (5.525) (2.820) (2.957) (19.937) (4.065)
[0.046] [0.009] [0.013] [0.093] [0.179] [0.865]

Baseline mean 281.6 252.4 74.61 99.60 428.2 179.9
Relative to mean 0.086 0.060 0.097 0.051 0.063 0.004

b. Anti-anxiety per prescriber
Post law change, 0–3 years 10.070 1.188 8.246 1.209 1.916 0.342

(3.695) (0.967) (4.334) (0.988) (1.178) (0.314)
[0.009] [0.225] [0.063] [0.227] [0.110] [0.281]

Baseline mean 145.3 27.37 166.7 24.77 17.48 15.17
Relative to mean 0.069 0.043 0.049 0.049 0.110 0.023

c. Opioid + benzo. per prescriber
Post law change, 0–3 years 3.877 1.021 0.567 0.874 2.563 0.079

(1.402) (0.613) (0.911) (0.418) (1.853) (0.595)
[0.008] [0.102] [0.536] [0.042] [0.173] [0.895]

Baseline mean 30.57 11.46 13.46 8.074 11.20 9.139
Relative to mean 0.127 0.089 0.042 0.108 0.229 0.009

Observations 40,911 40,911 40,911 40,911 40,911 40,911

Notes: The above table reports coefficients, standard errors (in parentheses), and p-values [in brackets]
from estimation of equation (3) using county-year–level data for 2006–2018. Outcomes are the number of
prescriptions of a given type written by physicians of a given type per 1,000 people. “Opioid + benzo.”
denotes instances of co-prescribing of an opioid and a benzodiazepine to the same patient by the same
provider on the same day. To allow for a balanced panel, this table considers the effects 0–3 years after the
law change in the 11 states with law changes between 2009–2015. The regressions include county and year
fixed effects; county-specific linear time trends; time-varying, state-level controls for changes in independent
prescriptive authority for controlled substances outside of the balanced panel window and changes in non-
independent prescriptive authority for controlled substances; and all time-varying, county-level controls listed
in Figure A1. The baseline mean is measured as the average across all counties in 2010. Standard errors are
clustered by state. Outcome data come from the IQVIA LRx database.
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A Supplementary figures and tables

Figure A1: Relationship between changes in NP independent prescriptive authority and
potential confounders

Share age below 18

Share age above 64

Share White

Share Black

Share Hispanic

Median income (millions)

Share in poverty

Share employed

Share high school graduates

Share some college

Share college graduates

 

−.05 −.04 −.03 −.02 −.01 0 .01 .02 .03 .04 .05

No time trends County−specific time trends

Notes: The above figure presents coefficients and 95% confidence intervals from estimation of balancing
analogs of equation (3) using county-year–level data for 2006–2018. Each row presents output from a
separate regression in which the potential confounder denoted on the y-axis is the dependent variable. As in
our primary analysis, this figure considers the effects 0–3 years after the law change in the 11 states with law
changes between 2009–2015. The regressions include county and year fixed effects; time-varying, state-level
controls for changes in independent prescriptive authority for controlled substances outside of the balanced
panel window and changes in non-independent prescriptive authority for controlled substances; and all time-
varying, county-level controls listed in Figure A1. The dark dots and bars (light dots and bars) show results
from specifications that include (exclude) county-specific linear time trends. Standard errors are clustered
by state. Outcome data come from the ACS.
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Figure A2: Effects of NP independent prescriptive authority on controlled substance pre-
scribing by NPs and GPs

(a) Opioid prescriptions
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(b) Controlled anti-anxiety prescriptions
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(c) Opioid + benzo. co-prescriptions
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Notes: The above figures present coefficients and 95% confidence intervals from estimation of equation
(2) using county-year–level data for 2006–2018. The left (right) subfigure in each subplot only considers
prescriptions written by nurse practitioners [NPs] (physicians in general practice [GPs]). Outcomes are
the number of opioid prescriptions per 1,000 people (subfigure (a)), the number of anti-anxiety controlled
substance prescriptions per 1,000 people (subfigure (b)), and the number of instances in which an opioid and
benzodiazepine prescription were written for the same patient by the same provider on the same day (“co-
prescriptions”) per 1,000 people (subfigure (c)). To allow for a balanced panel, these figures consider effects
in the 11 states with law changes between 2009–2015. The regressions include county and year fixed effects;
county-specific linear time trends; time-varying, state-level controls for changes in independent prescriptive
authority for controlled substances outside of the balanced panel window and changes in non-independent
prescriptive authority for controlled substances; and all time-varying, county-level controls listed in Figure
A1. Standard errors are clustered by state. Outcome data come from the IQVIA LRx database.
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Figure A3: Effects on number of “frequent” prescribers: Alternative definitions

(a) Opioid prescribers
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(b) Controlled anti-anxiety prescribers
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(c) Opioid + benzo. co-prescribers
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Notes: The above figures present coefficients and 95% confidence intervals from estimation of equation (3)
using county-year–level data for 2006–2018. Each coefficient comes from a separate regression in which the
outcome is an alternative definition of the number of “frequent” prescribers of a given type per 1,000 people;
the left (right) subfigures consider the number of NPs (GPs). “Frequent” is defined as both (1) writing a
given type of prescription in each month (or year for opioid-benzo. co-prescribing) and (2) being above the
xth percentile of prescribing among all GPs who satisfy criterion (1), where x is defined on the x-axis. As
in our primary analysis, these figures consider the effects 0–3 years after the law change in the 11 states
with law changes between 2009–2015. The regressions include county and year fixed effects; time-varying,
state-level controls for changes in independent prescriptive authority for controlled substances outside of the
balanced panel window and changes in non-independent prescriptive authority for controlled substances; and
all time-varying, county-level controls listed in Figure A1. Standard errors are clustered by state. Outcome
data come from the IQVIA LRx database.
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Figure A4: Effects on number of controlled substance prescribers

(a) Opioid prescribers
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(b) Controlled anti-anxiety prescribers
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(c) Opioid + benzo. co-prescribers
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Notes: The above figures present coefficients and 95% confidence intervals from estimation of equation
(2) using county-year–level data for 2006–2018. The left (right) subfigure in each subplot considers nurse
practitioners [NPs] (physicians in general practice [GPs]). Outcomes are the number of prescribers per 1,000
people of opioids (subfigure (a)), anti-anxiety controlled substances (subfigure (b)), and co-prescriptions of
opioids and benzodiazepines (subfigure (c)). In subfigures (a) and (b), prescribers are required to write the
given prescription type at least once per month in a given year to be included. To make effect sizes more
comparable with other figures, the y-axes are scaled to range from −33 to +33 percent of the baseline mean of
each outcome. To allow for a balanced panel, these figures consider effects in the 11 states with law changes
between 2009–2015. The regressions include county and year fixed effects; county-specific linear time trends;
time-varying, state-level controls for changes in independent prescriptive authority for controlled substances
outside of the balanced panel window and changes in non-independent prescriptive authority for controlled
substances; and all time-varying, county-level controls listed in Figure A1. Standard errors are clustered by
state. Outcome data come from the IQVIA LRx database.
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Figure A5: Effects on controlled substance prescribing: Robustness

(a) All providers
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(c) General practice physicians
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Notes: The above figures present coefficients and 95% confidence intervals from estimation of analogs of
equation (3) using county-year–level data for 2006–2018. Each row presents output from a separate regression
using the specification denoted on the y-axis. Outcomes are the number of prescriptions of a given type
per 1,000 people written by all providers (panel (a)), nurse practitioners (panel (b)), and physicians in
general practice (panel (c)). As in our primary analysis, these figures consider the effects 0–3 years after
the law change in the 11 states with law changes between 2009–2015. The dashed vertical line in each
subfigure displays the coefficient estimate from our baseline specification (as reported in Table 3). Our
baseline specification includes county and year fixed effects; county-specific linear time trends; time-varying,
state-level controls for changes in independent prescriptive authority for controlled substances outside of the
balanced panel window and changes in non-independent prescriptive authority for controlled substances; and
all time-varying, county-level controls listed in Figure A1. Standard errors are clustered by state. Outcome
data come from the IQVIA LRx database. 66



Figure A6: Effects on controlled substance prescribing: Alternative time trends

(a) All providers
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(c) General practice physicians
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Notes: The above figures present coefficients and 95% confidence intervals from estimation of analogs of
equation (2) using county-year–level data for 2006–2018. Outcomes are the number of opioid prescriptions
per 1,000 people (left subfigures), the number of anti-anxiety controlled substance prescriptions per 1,000
people (middle subfigures), and the number of instances in which an opioid and benzodiazepine prescription
were written for the same patient by the same provider on the same day per 1,000 people (right subfigures) by
a given provider type. Subfigure (a) considers prescriptions written by all providers, subfigure (b) considers
prescriptions written by nurse practitioners, and subfigure (c) considers prescriptions written by physicians
in general practice. To allow for a balanced panel, these figures consider effects in the 11 states with law
changes between 2009–2015. The regressions include county and year fixed effects; time-varying, state-level
controls for changes in independent prescriptive authority for controlled substances outside of the balanced
panel window and changes in non-independent prescriptive authority for controlled substances; and all time-
varying, county-level controls listed in Figure A1. The light dots and bars are from specifications without
time trends; the medium dots and bars are from specifications that include county-specific linear pre-trends
following Goodman-Bacon (2021); and the dark dots and bars are from specifications that include county-
specific linear time trends estimated over the entire sample period. Standard errors are clustered by state.
Outcome data come from the IQVIA LRx database.
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Figure A7: Effects of controlled substance prescribing: Excluding Medicaid patients
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(b) Controlled anti-anxiety prescriptions
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(c) Opioid + benzo. co-prescriptions
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Notes: The above figures present coefficients and 95% confidence intervals from estimation of equation
(2) using county-year–level data for 2006–2018. The left (right) subfigure in each subplot only considers
prescriptions written by nurse practitioners [NPs] (physicians in general practice [GPs]). Outcomes are
the number of opioid prescriptions per 1,000 people (subfigure (a)), the number of anti-anxiety controlled
substance prescriptions per 1,000 people (subfigure (b)), and the number of instances in which an opioid
and benzodiazepine prescription were written for the same patient by the same provider on the same day
(“co-prescriptions”) per 1,000 people (subfigure (c)). These outcomes are shown both for all prescriptions
(light dots and lines) and for prescriptions paid for by payers other than Medicaid (dark dots and lines). To
allow for a balanced panel, these figures consider effects in the 11 states with law changes between 2009–2015.
Standard errors are clustered by state. Outcome data come from the IQVIA LRx database.
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Figure A8: Effects on controlled substance prescribing: Dropping each treatment state
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Notes: The above figures present coefficients and 95% confidence intervals from estimation of equation (3)
using county-year–level data for 2006–2018. Each row presents output from a separate regression using the
specification denoted on the y-axis. Outcomes are the number of prescriptions of a given type per 1,000
people written by all providers (panel (a)), nurse practitioners (panel (b)), and physicians in general practice
(panel (c)). The dashed vertical line in each subfigure displays the coefficient estimate from our baseline
specification (as reported in Table 3); this specification includes all 11 treatment states in the balanced panel
window and weights observations by population. All other specifications in the figure are unweighted. The
regressions include county and year fixed effects; county-specific linear time trends; time-varying, state-level
controls for changes in independent prescriptive authority for controlled substances outside of the balanced
panel window and changes in non-independent prescriptive authority for controlled substances; and all time-
varying, county-level controls listed in Figure A1. Standard errors are clustered by state. Outcome data
come from the IQVIA LRx database. 69



Figure A9: Effects on non-controlled substance prescribing (IQVIA data, 2006–2018)

(a) All providers
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(c) General practice physicians
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Notes: The above figures present coefficients and 95% confidence intervals from estimation of equation (2)
using county-year–level data for 2006–2018. The outcome in the left (right) subfigure in each subplot is
the number of prescriptions for non-controlled anti-anxiety medications (antidepressants) per 1,000 people
written by all providers (subfigure (a)), nurse practitioners (subfigure (b)), and physicians in general practice
(subfigure (c)). To make effect sizes more comparable with Figure 6, the y-axes are scaled to range from
−33 to +33 percent of the baseline mean of each outcome; the one exception is non-controlled anti-anxiety
prescribing among NPs, for which the y-axis ranges from -100 to +100 percent of the baseline mean. To
allow for a balanced panel, these figures consider effects in the 11 states with law changes between 2009–2015.
Standard errors are clustered by state. The regressions include county and year fixed effects; county-specific
linear time trends; time-varying, state-level controls for changes in independent prescriptive authority for
controlled substances outside of the balanced panel window and changes in non-independent prescriptive
authority for controlled substances; and all time-varying, county-level controls listed in Figure A1. Outcome
data come from the IQVIA LRx database.
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Figure A10: Effects on patient composition of controlled substance prescriptions

(a) All providers
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Notes: The above figures present coefficients and 95% confidence intervals from estimation of analogs of
equation (3) using county-year–level data for 2006–2018. Each row presents output from a separate regression
using the outcome denoted on the y-axis. As in our primary analysis, this figure considers the effects 0–3 years
after the law change in the 11 states with law changes between 2009–2015. The regressions include county
and year fixed effects; time-varying, state-level controls for changes in independent prescriptive authority
for controlled substances outside of the balanced panel window and changes in non-independent prescriptive
authority for controlled substances; and time-varying, county-level controls outside of the outcome domain
listed in Figure A1. Standard errors are clustered by state. Outcome data come from the ACS.
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Table A1: Effects of NP independent prescriptive authority on fatal drug overdoses

Fatal overdoses per 1,000,000: Any opioid Prescription
opioids

Benzodiazepines Prescription
opioid + benzo.

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

Post law change, 1–3 years 13.008 10.303 8.574 8.283
(17.366) (4.183) (5.734) (5.341)
[0.457] [0.017] [0.141] [0.127]

Baseline mean 68.21 47.16 21.01 17.84
Relative to mean 0.191 0.218 0.408 0.464

Observations 40,911 40,911 40,911 40,911

Notes: The above table reports coefficients, standard errors (in parentheses), and p-values [in brackets]
from estimation of an analog of equation (3) using county-year–level data for 2006–2018. Outcomes are the
number of fatal drug overdoses per 1,000,000 people involving any opioid (column (1)), prescription opioids
(column (2)), benzodiazepines (column (3)), and prescription opioids in combination with benzodiazepines
(column (4)). To allow for a balanced panel, this table considers effects in the 11 states with law changes
between 2009–2015. Because the event studies in Figure 5 suggest that any mortality effects take at least
a year following the law changes to surface, we report estimates for years 1–3 rather than years 0–3 as for
the prescription outcomes. The regressions include county and year fixed effects; time-varying, state-level
controls for changes in independent prescriptive authority for controlled substances outside of the balanced
panel window and changes in non-independent prescriptive authority for controlled substances; and all time-
varying, county-level controls listed in Figure A1. The baseline mean is measured as the average across all
counties in 2010. Standard errors are clustered by state. Outcome data come from the NVSS database.
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B Alternative micro-foundation: demand inducement

In Section II, we introduced a model of physician behavior that can rationalize an increase in

prescribing among physicians following an increase in competition. This framework formal-

ized the idea that the elasticity of patient demand to service use is increasing in competition;

as such, physician behavior shifts toward the preferences of marginal patients in the presence

of increased competition to retain demand.

Alternative models of physician behavior can also be used to micro-found our finding

that increased competition leads to increases in prescribing of certain medications. Notably,

models of demand inducement likewise deliver this result. In these models, the effect operates

through an income effect: When competition increases, physicians lose patients, thereby

reducing their income. Given diminishing marginal utility of income, physician utility is more

responsive to changes in income at lower levels of income, and thus, inducing demand—which

is assumed to have a constant marginal cost—is now more appealing. Competition therefore

increases optimal demand inducement, putting upward pressure on service provision.

We formalize this intuition below in a standard model of physician-induced demand.

In particular, we present a framework that closely follows the one outlined in Gruber and

Owings (1996) and McGuire (2000) but that is framed for the case of prescription opioids.

We only discuss prescription opioids for simplicity, though the same model holds for addictive

anti-anxiety drugs and other controlled substances.

Following the literature on physician-induced demand, suppose that physician utility is

given by U = U(Y, I), where Y is income and I is demand inducement. In the case of

prescription opioids, I can be thought of as inducing demand for prescription opioids among

patients who would be better off with some other treatment. We assume that utility is

increasing in income (UY > 0) at a decreasing rate (UY Y < 0), while utility is decreasing in

demand inducement (UI < 0) at a decreasing rate (UII < 0). Let the number of patients

that a doctor treats at baseline be given by N , and let α(I) be the fraction of patients who

are prescribed opioids. Since prescribing is increasing in demand inducement, we have that

αI > 0. We further assume that αII = 0, UY I = 0, UIY = 0.

Let ROP be the full revenue associated with treatment including prescription opioids,
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and let RnoOP be the full revenue associated with treatment that does not include opioids.

Since it is often simpler and less time consuming to prescribe opioids to a patient rather

than providing some other treatment, we assume that ROP > RnoOP .44 Moreover, although

we are not explicitly modeling the dynamics, ROP will further exceed RnoOP if prescribing

opioids increases the probability that patients return for future visits (e.g., for refills).

Physicians choose the level of inducement to maximize their utility subject to a budget

constraint. The physician’s problem can therefore be written as:

max
I

U(Y, I) s.t. Y = N · (ROP · α(I) +RnoOP · (1− α(I))) .

Assuming that utility is separable in income and inducement, taking the derivative with

respect to I and setting it equal to zero yields the following the first-order condition:

[I] UY ·N · αI · (ROP −RnoOP ) + UI = 0.

This first-order condition shows that the physician decides how much demand to induce by

trading off the utility from additional income that prescribing opioids provides against the

disutility of inducing demand.

Now, suppose that NPs are granted independent prescriptive authority for controlled

substances. Since some patients will now find it preferable to see an NP, N goes down for a

given physician. Fully differentiating the first-order condition and rearranging, we obtain:

∂I

∂N
= − 1

UII

αI (ROP −RnoOP )UY

(
UY Y Y

UY

+ 1

)
.

It is reasonable to assume that the absolute value of the elasticity of marginal utility with

respect to income, UY Y Y
UY

, is greater than one.45 In this case, UY Y Y
UY

+1 < 0 and ∂I
∂N

< 0. There-

fore, as N goes down, physicians induce more demand for prescription opioids. Although
44To see this, consider a patient with lower back pain. If the physician decides to prescribe opioids, the

provider can quickly write a prescription and move on to the next patient. If the doctor instead decides to
focus on non-opioid treatment, an alternative treatment regime might involve counseling the patient to lose
weight or coordinating with other providers to incorporate physiotherapy, cognitive behavioral therapy, and
other interventions into the patient’s treatment program.

45For example, Layard et al. (2008) estimate that the elasticity of marginal utility with respect to income
ranges from 1.19 to 1.34 using surveys covering over 50 countries between 1972 and 2005.
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physicians may dislike prescribing unnecessary opioids (i.e., they experience disutility from

inducing demand), a drop in their revenue resulting from increased competition increases

the marginal utility of revenue sufficiently to increase such prescribing.
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C Provider practice locations

Our extract of the IQVIA data contains an exact practice address for each provider in 2014

and 2018. However, our empirical design requires that we know the county of each prescriber

in each year over our 13-year sample (2006–2018). We therefore designed and implemented a

location assignment algorithm that uses information on the zip codes of the patients who filled

the prescriptions written by each provider in each year to infer the county of each provider

annually. The idea behind the algorithm is simple: if, for example, a provider predominately

writes prescriptions for patients in Baltimore County, Maryland, but then begins writing

prescriptions predominately for patients in Cook County, Illinois, then we assume that the

provider moved from Baltimore to Chicago when the locations of her patients changed.

Our location assignment algorithm is implemented as follows. First, for each provider-

month, we calculate the share of the provider’s total prescriptions across all three of the drug

classes included in our data extract (opioids, anti-anxiety medications, antidepressants) that

were filled by patients in each zip code. Starting with the zip code with the highest share

of prescriptions for that provider, we then add additional zip codes in order of descending

prescription shares until we have a set of zip codes covering at least 90 percent of the

provider’s prescriptions in that month.46 We call this starting set of zip codes the provider’s

“monthly practice area.”

To determine provider moves, we then compare the monthly practice area in month t to

the monthly practice area in month t−2.47 We say that a move potentially occurred between

month t and month t− 2 if there is no overlap between the set of zip codes in the monthly

practice areas across these two months. We use a two-period lagged comparison group to
46We select zip codes covering 90 percent of prescriptions, rather than only choosing the zip code with the

highest share, to avoid having providers “flip-flop” between zip codes across months. For example, suppose
that a provider wrote 60 (40) percent of her prescriptions for patients in zip code A (B) in month 1, 40
(60) percent of her prescriptions for patients in zip code A (B) in month 2, and 60 (40) percent of her
prescriptions for patients in zip code A (B) in month 3. If we only considered the zip code with the highest
share of prescriptions, it would appear as if the provider moved from zip code A to zip code B and then back
to zip code A. Rather, the provider was serving a consistent area throughout—a pattern that is accurately
captured with our 90 percent threshold.

47If a given provider wrote zero prescriptions in month t − 2, then the monthly practice area in month
t − 2 is not defined. When this occurs, we compare the monthly practice area in month t to the monthly
practice area in month t−x, where x > 2 is the unique x such that (1) the provider wrote zero prescriptions
in months t − x + 1 through t − 2 and (2) the provider wrote a positive number of prescriptions in month
t− x.
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account for the fact that mid-month moves will result in prescriptions being written to

patients in both the origin and destination locations in the month of the move. For example,

suppose that a provider wrote 60 (40) percent of her prescriptions for patients in zip code A

(B) in month t− 2, 30 (20) (30) (20) percent of her prescriptions for patients in zip code A

(B) (C) (D) in month t− 1, and 60 (40) percent of her prescriptions for patients in zip code

C (D) in month t. If we compared the monthly practice areas in periods t and t − 1 and

periods t − 1 and t − 2, we would determine that the provider did not move (since there is

always some overlap in the set of zip codes in these adjacent period comparisons). Rather,

the provider likely moved from an area with zip codes A and B to an area with zip codes

C and D in period t− 1, a pattern which is accurately captured with our two-period lagged

comparison group.

With the months of potential moves identified, we then redefine time spells to be periods

between moves rather than months. That is, if a provider was writing prescriptions for

patients in overlapping monthly practice areas (as defined above) in months t1 through tn,

but then began writing prescriptions for patients in a new set of overlapping monthly practice

areas in months tn+1 through tN , then we would define months t1 through tn as one spell

and months tn+1 through tN as another. We call this starting set of spells the provider’s

“initial spell set.”

Below, we assign a specific location to each provider-spell by taking the zip code with

the highest share of the provider’s prescriptions across that spell. In principle, the most

frequent zip code could be the same across two consecutive spells for the same provider. As

this is inconsistent with the idea that the provider moved between spells, we iterate on the

above procedure until the zip code with the highest share of the provider’s prescriptions at

the spell level differs across consecutive spells for the same provider.

In particular, after identifying the initial spell set for each provider as outlined above,

we determine the set of zip codes needed to cover 90 percent of each provider’s prescriptions

within each spell. We then compare the practice area in spell t to the practice area in

spell t− 1 and say that a move occurred between these spells if there is no overlap between

the set of zip codes in these spell-level practice areas. If a move did not occur between

two spells, we merge the spells in question, calculate the practice area for this new spell,

77



and compare the new spell’s practice area to the practice area of the spell a period before.

We iterate on this procedure—that is, redefining spells, defining spell-level practice areas,

and identifying potential moves—until there is no overlap in the practice areas of consecutive

spells. This ensures that the zip code with the highest share of prescriptions in each provider-

spell changes across identified moves. We use a zip code to county crosswalk provided by the

U.S. Department of Housing and Urban Development to assign counties to the most frequent

zip code in each provider-spell and use this county as the provider’s location for the period

covered by the spell.48

We can compare the practice counties that we assign to providers in 2014 and 2018

using our algorithm to the practice counties provided by IQVIA in the same years.49 These

snapshots of addresses from IQVIA are the company’s best assessment of each provider’s

location in each of these years based on information from various sources. Reassuringly, our

algorithm assigns the same county (state) as IQVIA for 66.6 (89.7) percent of providers in

2018. Unsurprisingly, our algorithm is more accurate for more frequent prescribers, with 76.4

(94.8) percent of prescriptions in 2018 being written by providers whose county (state) we

assign in accordance with the IQVIA data. A similar pattern is observed in 2014, with our

location assignment algorithm assigning the same county (state) as IQVIA for 53.5 (73.0)

percent of providers and 64.8 (81.9) percent of prescriptions.

Comparing our constructed panel of provider locations to one constructed from the Na-

tional Plan and Provider Enumeration System (NPPES)—a data source that is commonly

used to track provider locations over time—suggests that physician moves are significantly

underreported in the NPPES.50 Using our location assignment algorithm, we find that among
48The crosswalk is available here: https://www.huduser.gov/portal/datasets/usps_crosswalk.html.
49We can further compare the practice counties that we infer in 2018 using our location assignment

algorithm to those provided in the 2018 AMA Masterfile, an input into IQVIA’s 2018 location snapshot.
Physicians are added to the AMA Masterfile when they receive their medical education number; practice
locations among physicians who have since moved will therefore be outdated unless the provider choses to
update their information with the AMA, and there is little incentive to do so. Our algorithm identifies the
same county (state) of practice for 54.2 (84.7) percent of the 84.4 percent of physicians in the IQVIA data
who can be linked to the 2018 AMA Masterfile.

50Another source of data that is commonly used to identify provider locations is the Centers for Medicare
and Medicaid Services’ “Physician Compare” database. While these data come from billing records and
therefore should in principle have updated address information for providers, it unfortunately only includes
a subsample of providers. For example, only 49.3 percent of providers in the IQVIA data in 2018 are also in
Physician Compare.
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the 94.7 percent of providers in the IQVIA data who can be linked to the NPPES, an aver-

age of 13.6 (6.4) percent moved counties (states) annually over the periods 2008–2013 and

2015–2018 (the years for which the NPPES is available through NBER). Among the same

set of providers and years in the NPPES, annual cross-county (cross-state) moves are re-

ported for an average of only 4.4 (2.5) percent of providers. This underreporting of provider

moves in the NPPES is perhaps not surprising given that providers enter the NPPES when

they apply for a National Provider Identifier (NPI) and have little reason to update their

location information subsequently. Nevertheless, it highlights the limitations of the NPPES

and motivates our use of a data-driven location assignment algorithm.
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D Co-practice patterns

Recall that in our main analyses, we use information on patient zip codes to infer the

practice counties of prescribing providers in each year of the sample (see Section III.A and

Appendix C). To examine whether independent prescriptive authority affects co-practice

patterns among GPs and NPs, we instead use the two snapshots of exact practice addresses

in 2014 and 2018 provided by IQVIA. Calculating the share of GPs who had at least one

NP practicing at their practice address and the average number of NPs per GP practice in

each county in these two years, we compare how co-practice patterns changed from 2014 to

2018 in the eight states with law changes between 2015 and 2018 (“treatment”), the 19 states

with law changes in or before 2014 (“always takers”), and the states that did not allow NPs

to independently prescribe controlled substances by 2018 (“never takers”).

As shown in Figure A11(a), around 62 percent of GPs were practicing at the same address

as at least one NP in 2014. The share of GPs co-practicing with NPs increased by 2018 in all

state groupings to an average of 67 percent across the United States. Although the growth

in co-practicing over this period was slightly less pronounced in states that granted NPs the

ability to prescribe controlled substances between 2015 and 2018, the number of NPs per

GP practice was, if anything, higher in these treatment states. As shown in Figure A11(b),

GPs in treatment states on average worked in practices with 13.3 NPs in 2018, an increase

of 2.9 NPs from 2014. In contrast, GPs in never-taker and always-taker states on average

worked in practices with 11.0 and 10.3 NPs in 2018, respectively, reflecting increases of 2.9

and 2.5 NPs from 2014. These findings provide additional evidence against the possibility

that the observed increases in prescribing among GPs are driven by changes in workloads

following the law changes.

An interesting question is whether the results differ in areas with a higher share of co-

practicing physicians. Because GPs are more likely to co-practice with NPs in markets with

a higher number of NPs per GP, the heterogeneity in effects shown in Table 5—by baseline

NP-to-GP ratios—can also be interpreted as capturing variation in co-practice patterns.

Importantly, the same competitive dynamics apply both across and within practices, as

clinicians often face patient volume expectations regardless of whether they work alongside

or independently from NPs.
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Figure A11: Co-practice patterns of NPs and GPs in 2014 and 2018

(a) Percent of GPs co-practicing with NPs

61.0

68.7

62.4

66.2

72.0

65.2

5.2

3.3

2.7

0
3

6
9

1
2

C
h

an
g

e 
fr

o
m

 2
0

1
4

 t
o

 2
0

1
8

0
2

0
4

0
6

0
8

0

P
er

ce
n

t 
o

f 
G

P
s 

co
−

p
ra

ct
ic

in
g

 w
it

h
 N

P
s

2014 2018 Difference

(b) Average number of NPs per GP practice
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Notes: The above figures report co-practice patterns among nurse practitioners (NPs) and physicians in
general practice (GPs) in states that did not allow NPs to independently prescribe controlled substances
by 2018 (light purple), states that granted NPs independent prescriptive authority for controlled substances
by 2014 (medium purple), and states that granted NPs the ability to independently prescribe controlled
substances between 2015 and 2018 (dark purple). Subfigure (a) shows the population-weighted average of
county-year level shares of GPs who were observed practicing in the same clinic as at least one NP; subfigure
(b) shows the population-weighted average of the county-year number of NPs who were observed practicing
in the same clinic as each GP (including zeros). In both subfigures, the left (middle) panel presents results
for 2014 (2018); the right panel shows the difference between the two. We exclude the six states that granted
NPs the ability to prescribe controlled substances non-independently between 2006 and 2018 from these
figures. Outcome data come from the location snapshots provided by IQVIA and include the exact practice
addresses for all providers in the IQVIA data in 2014 and 2018.
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E Comparison to McMichael (2020)

This section provides a comparison of estimates using our methods to those of McMichael

(2020) to investigate the reasons why our conclusions are different than his.

Recall that our work considers the impacts of law changes granting NPs independent

prescriptive authority for controlled substances on the prescribing of controlled and non-

controlled substances from 2006 to 2018. Information on the law changes that we use comes

from McMichael and Markowitz (2023), and our primary prescription data come from IQVIA.

When examining effects on opioid prescribing, we consider five primary outcomes at the

county-year level: (1) number of opioid prescriptions per 1,000 people (Table 3), (2) number

of opioid prescribers per 1,000 people (Table 3), (3) average annual opioid prescriptions

per opioid prescribing provider (Table 3), (4) average days supplied per opioid prescription

(Table 4), and (5) average MME per day supplied (Table 4). We estimate models with

county and year fixed effects and find significant positive effects of the law changes on all

outcomes among GPs except for the number of prescribing providers and the average days

supplied per prescription (for which we find negative but insignificant effects).

In contrast, McMichael (2020) considers the impacts of law changes granting NPs full

practice authority on the prescribing of opioids from 2011 to 2018. He uses self-collected

data on the years of the law changes and prescription data from the proprietary Symphony

prescription drug database. Like the IQVIA data, the Symphony data cover the near universe

of prescriptions filled at retail pharmacies. McMichael considers four opioid-prescribing

outcomes at the provider-year level: (1) ln(total MME + 1), (2) ln(total days supplied + 1),

(3) ln(opioid patients + 1), and (4) an indicator denoting whether the provider prescribed any

opioids. Estimating models with provider, state, and year fixed effects, he finds significant

negative effects of the law changes on all outcomes among physicians (Table A1, panel (c)).

Our analysis therefore differs from that of McMichael (2020) in terms of the treatment,

sample period, data, outcome measures, and specification. We aim to determine which of

these factors help explain the difference between our findings. To do so, column (1) of Table

A2 begins by reproducing the estimates reported in McMichael (2020). We focus on his first

three outcomes, as those are the outcomes for which there is the greatest difference between
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his estimates and our own.

Column (2) then replicates McMichael’s analysis in the IQVIA data. We consider the

three outcomes from column (1) as well as three additional outcomes that are in a similar

spirit but are more closely aligned with the outcomes that we use in our analyses.51 The

baseline means for annual opioid patients per provider (panel (b)) and annual days sup-

plied per provider (panel (d)) match McMichael’s well, suggesting that the two databases

are similar. However, while we find effects in panels (b) and (d) that are negative as in

McMichael (2020), the effects using McMichael’s law changes and specification in the IQVIA

data are substantially smaller and less precise than those reported in McMichael (2020).52

This discrepancy may stem from the fact that the IQVIA sample contains over two million

(approximately 25 percent) more physician-year observations than the Symphony data over

the period 2011–2018.

Moreover, we obtain a different signed estimate for MME per provider-year in panel (f),

and the baseline means differ by two orders of magnitude between columns (1) and (2).

This is likely due to an error in the calculation of MME per provider-year in McMichael

(2020): as outlined on page 952 in the Technical Appendix, McMichael calculates “MME

per provider-year” by aggregating average MME per day supplied at the prescription level

within provider-year cells. Rather, total MME per provider-year requires aggregating total

MME per prescription within provider-year cells.53

The remaining columns of Table A2 show the impact of additional incremental changes

moving between McMichael’s analysis and our own. Comparing columns (2) and (3) shows
51The estimates reported in panels (c) and (e) of column (10) of Table A2 reproduce those first reported

in column (4) of Table 4 of this paper. The estimate reported in panel (a) of column (10) of Table A2 is
similar to that reported in column (7) of Table 3, except that we include GPs with zero opioid prescriptions
when calculating opioid prescriptions per provider in Table A2 to more closely reflect the measures used in
McMichael (2020).

52We obtain similar precision to McMichael (2020) when we cluster standard errors at the provider level.
As the state is the level of treatment, it is important to allow for correlation in the errors of observations
from the same state. We therefore cluster our standard errors by state throughout.

53To investigate this issue further, we obtained information on MME shipments at the county level from
ARCOS for 2006–2014. These data were unsealed as part of multi-district litigation against opioid manufac-
turers, wholesalers, and pharmacies and are only available for those years (see https://www.slcg.com/opioid-
data). The ARCOS data report that the total MME in 2011 was nearly 350 billion. A mean MME per
provider of 0.008 million (as reported by McMichael, 2020) would imply that the number of physician-years
in 2011 (i.e., the number of physicians in 2011) was nearly 45 million (350 billion divided by 8,000). Given
that there are only approximately a million physicians practicing at any given point in time, this number is
not possible.
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that when we use law changes granting NPs independent prescriptive authority for controlled

substances from McMichael and Markowitz (2023) as in our analysis (rather than full prac-

tice authority from McMichael, 2020), the signs of the effects on the first three outcome

measures also flip to align with our primary findings. This is perhaps surprising: allowing

NPs to independently prescribe controlled substances is typically the final legislative change

required to allow NPs to practice without any restrictions, and thus the law changes for in-

dependent controlled substance authority and full practice authority should largely overlap.

This is confirmed by McMichael and Markowitz (2023), who report years of full practice au-

thority that align with those for independent controlled substance prescribing in most states.

Comparing the law changes used in McMichael (2020) to those reported in McMichael and

Markowitz (2023) shows that McMichael updated the years of full practice authority after his

sole-authored 2020 publication, and thus we believe that the law changes used in our work

more accurately capture the legislative environment surrounding NPs’ scope of practice.

Columns (4)–(10) show what happens when we make additional changes to the specifica-

tion. In addition to the set of laws considered, two other changes make a noticeable impact

on the findings. First, moving from columns (3) to (4), we see that the effects are typically

larger (in percent terms) and more precise when the outcome is specified in levels as in our

analysis rather than ln(x+ 1) as in McMichael (2020). Work in applied econometrics shows

that transforming the outcome by ln(x+ c) for some constant c can be problematic because

the choice of c is not determined by theory and can have a large influence on the point

estimates (Mullahy and Norton, 2022). This difficulty in working with provider-level data

with many zeros in part motivated our decision to focus primarily on county-level aggregates,

although a comparison of columns (9) and (10) shows that the level of aggregation makes

remarkably little difference to the results when the outcome is specified in levels. Second,

moving from columns (4) to (5), we see that the effects on all outcomes are larger in per-

cent terms when we focus on GPs (as in our analysis) rather than on all physicians (as in

McMichael, 2020). This mirrors the patterns shown in Table 6 and, as outlined in Section

V.A, is consistent with the fact that NPs are more of a competitive threat to GPs than to

physicians in most other specialties.

The remainder of the columns show that other differences have limited impacts on the
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findings. Controlling for county fixed effects rather than state fixed effects (column (6) versus

column (5)) leads to very similar results. Moreover, considering additional law changes using

data for 2006–2018 rather than 2011–2018 (column (7) versus column (6)), using a balanced

panel of states (column (8) versus column (7)), and controlling for time trends (column

(9) versus column (8)) does not meaningfully change the conclusions. Finally, as noted

above, the results are remarkably consistent whether we estimate variants of our primary

specification with physician fixed effects in physician-level data or county fixed effects in

county-level data (column (9) versus column (10)).
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