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Abstract

In many markets, consumers rely on experts for access to goods and services. Con-
sumer and expert preferences over outcomes are linked through consumers’ choice of
experts, or sorting. We investigate how consumer sorting contributes to observed
differences in outcomes and its implications for expert-targeted policies. Using rich
employer-sponsored health insurance claims data on opioid prescriptions for chronic
pain, we first show that prescription intensity is highly dispersed across physicians.
We decompose the variance of physicians’ prescription decisions and find that patient
sorting is three times as important as physicians’ inherent prescription propensity for
prescription intensity dispersion. Most of this sorting cannot be justified on medical
grounds. We develop and estimate an equilibrium model of patient choice of physi-
cians and physicians’ prescription decisions. Patients optimally choose their physicians
based on both their opioid preferences and their expectations of physicians’ prescrip-
tion decisions. Our counterfactual analysis shows that expert-targeted policies to curb
non-medically grounded opioid prescribing will be severely attenuated by patient resort-
ing. We propose an alternative policy that eliminates sorting based on non-medically
grounded preferences, while preserving appropriate care for patients with medical needs

for prescription opioids.
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1 Introduction

In many markets, consumers rely on experts for access to goods and services. For instance,
investors turn to asset managers to access complex investment opportunities, and patients
consult physicians for medical advice and treatment. The stakes of choosing the right expert
can be substantial: selecting the wrong asset manager may expose investors to levels of
financial risk that greatly differ from their preferences, and choosing the wrong physician
can significantly impact long-term health. Given the high stakes, consumers have strong
incentives to sort into experts, choosing an expert whose preferences, style, or philosophy
closely align with their own. As a result, market outcomes reflect both expert preferences and
consumer preferences, linked together through consumer sorting. Despite the importance of
disentangling these forces for policy design, empirical evidence quantifying the contribution
of each channel to observed outcomes remains extremely limited.

In this paper, we study the importance of consumer sorting versus expert preferences
for observed outcome differences and their implications for expert-targeted policies. Our
paper’s focus concerns opioid prescribing for chronic pain patients in the United States. In
this market, patients must obtain prescription opioids through physicians, but in most cases
can freely choose their physician. Using employer-sponsored health insurance claims data,
we show that patients’ choice of physicians, or patient sorting, is three times as important in
explaining the observed dispersion in opioid prescribing rates across physicians as physicians’
inherent prescribing propensity. Moreover, patient sorting is almost exclusively driven by
factors unrelated to patients’ medical needs. This finding suggests that policies targeting
top-prescribing physicians aiming to reduce clinically unwarranted opioid prescribing may
be severely attenuated by patient resorting. To understand how patient sorting interacts
with top physician-targeted policies, we develop and estimate a model of equilibrium patient
sorting and physician prescribing. We use this model to simulate several counterfactuals.
First, mimicking top expert-targeted policies, we consider a counterfactual in which the top
10% of physicians by risk-adjusted prescription rate are excluded from the market. Despite
being extreme, this policy reduces aggregate prescribing by only 12%. We show that this
result is driven by patients resorting to non-excluded physicians with similar prescription
propensities as the excluded physicians. In other words, resorting severely attenuates the
exclusion policy. If the affected patients were instead randomly reassigned to physicians,
aggregate prescribing would fall by approximately 22%. However, randomization breaks
sorting indiscriminately, disregarding patients’ medical needs. To address this issue, we
consider a counterfactual in which we force physicians to prescribe solely based on medical

needs but disregard patients’ opioid preferences, mirroring the CDC guideline for prescribing



opioids (Dowell et al.|[2022)). This eliminates patients’ incentives to sort based on non-medical
preferences. Breaking only this bad sorting, we find that this policy would reduce aggregate
opioid prescriptions by 21% while preserving treatment for patients with medical needs.

We establish these findings using health insurance claims data from the Merative Mar-
ketScan Research Databases for the New York City Metropolitan Statistical Area over the
period 2016-2022. These visit-level data allow us to link patients, their chosen physicians, and
any resulting opioid prescriptions. We begin by documenting that physicians’ prescription
rates are highly dispersed, even after controlling for a rich set of patient severity measures.
Only a relatively small fraction of physicians account for most opioid prescriptions. This
pattern aligns with the well-documented heterogeneity in physicians’ prescription intensity
reported in the literature (Finkelstein, Gentzkow, and Williams 2016; Molitor 2018; Cut-
ler, Skinner, Stern, and Wennberg 2019; Badinski, Finkelstein, Gentzkow, and Hull [2023;
Clemens, Léger, Nandan, and Town 2024).

Next, we assess the role of patient sorting in the dispersion of prescription rates across
physicians. To do so, we decompose the variance of physicians’ prescription decisions into pa-
tient fixed effects, physician fixed effects, time-varying patient controls, and a patient sorting
component, following the well-known two-way fixed effects approach developed by Abowd,
Kramarz, and Margolis (1999). There are two identification challenges. First, physician
fixed effects are identified from patients who switch physicians. When switching is limited,
fixed effects estimates can be severely biased, a problem known as limited mobility bias (An-
drews, Gill, Schank, and Upward 2012)). We follow recent advances in the labor literature to
address the limited-mobility bias by grouping physicians and patients via k-means clustering
and estimating group-level fixed effects (Bonhomme, Lamadon, and Manresa 2019; Mourot
2025)). Second, fixed effects estimates may be biased if patients’ switching decisions are due
to time-varying characteristics unobserved by the econometrician. We provide evidence to
mitigate this concern following Card, Cardoso, Heining, and Kline (2018]).

Using the two-way fixed effects estimator, we find that patient sorting is three times as
important as physicians’ inherent prescribing propensity in explaining the observed disper-
sion in opioid prescribing rates across physicians. This suggests that patients’ choice rather
than physicians’ inherent prescribing propensity is primarily responsible for observed pre-
scribing heterogeneity across physicians. We further investigate the determinants of patient
sorting. In particular, we separate sorting into sorting due to medical needs and sorting
due to non-medical opioid preferences. We find that medically grounded preferences explain
little of the variation in opioid prescribing rates. Instead, non-medical preferences account
for the majority of the observed dispersion. Accordingly, sorting on non-medical preferences

constitutes most of patient sorting in this market. Our findings are consistent with anecdo-



tal evidence from online forums, where patients with strong preferences for opioids actively
seek and share information about physicians’ propensity to prescribe.ﬂ Moreover, our find-
ings suggest that policies that punish or exclude top prescribers to curb unnecessary opioid
prescriptions may be severely attenuated by patient resorting.

To understand how patient sorting interacts with top physician-targeted policies, we
develop an equilibrium model of patient choice of physicians and physicians’ opioid pre-
scription decisions. We model the patients’ choice stage as a static, discrete choice demand
model in the spirit of Berry, Levinsohn, and Pakes (1995)).We model patient types as time-
persistent tuples that summarize both opioid preferences and patient information. We allow
opioid preference heterogeneity to arise from both medical needs and non-medical prefer-
ences. Patients’ information types determine how accurately patients perceive physicians’
prescription propensities. When choosing a physician, patients consider the expected pre-
scription probability based on their own opioid preferences and their perceptions about each
physician’s prescribing propensity. In the prescription stage, partially altruistic physicians
optimally prescribe opioids based on their own prescribing propensities and patients’ opioid
preferences.

Estimating our model is challenging because it features three dimensions of unobserved
heterogeneity: physicians’ prescription propensity, patients’ opioid preferences, and patients’
information types. To reduce the estimation burden, we estimate our model in three steps
using a limited-information maximum-likelihood approach. First, we use our panel on real-
ized opioid prescriptions to estimate both physicians’ prescription propensities and patients’
opioid preferences with a two-way fixed-effects logit model that includes time-varying con-
trols. This estimation closely mirrors our earlier decomposition of prescription rate variation
and follows the grouped fixed-effects approach in Bonhomme, Lamadon, and Manresa (2019)
and Mourot (2025)). This approach addresses both limited mobility and incidental parame-
ter biases. Second, conditional on the first-stage estimates, we estimate the patient choice
stage by constrained maximum likelihood, imposing a share constraint commonly relied on
in discrete choice demand models (Berry, Levinsohn, and Pakes [1995). This step recovers
mean utilities for each physician, parameters governing idiosyncratic preferences for office
visits, and the distribution of time-invariant patient information types by leveraging the
panel structure of the data. Finally, we decompose the estimates for patient opioid prefer-
ence from the first stage into medically grounded preferences and non-medical preferences

using a rich vector of patient-level controls, including patient severity measures and patients’

IFor example, https://www.reddit.com/r/hudsonvalley/comments/lccgimp/pain_
management_doctor_that_will_actually_manage/) and https://www.reddit.com/r/
grassvalley/comments/1kn7h0i/doctor_that_prescribes_opiates_in_town_or_nc/
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diagnosis histories.

We use our estimates to simulate several counterfactuals. We first illustrate how patient
sorting interacts with top physician-targeted policies, such as the Drug Enforcement Ad-
ministration (DEA)’s prescription license revocation policy. These top physician-targeted
policies implicitly posit that the variation in prescription rates must reflect differences in
physicians’ underlying propensity to prescribe. Our results on preference-based patient sort-
ing demonstrate that the underlying assumptions of these policies are misguided, and hence
their effectiveness will be severely attenuated. To illustrate this point, we consider an ex-
treme version of such policies by excluding the top 10% of prescribers from the market. We
find that even though our policy is extreme, aggregate opioid prescriptions drop by only 12%.
This muted response arises because patients do not choose physicians randomly. Instead,
our results imply that patients sort toward physicians whose prescribing propensity aligns
with their own preferences for opioids. When top physician-targeted policies eliminate these
first-best matches, patients optimally resort to the remaining physicians. Because high-
prescribing physicians are disproportionately chosen by patients with strong preference for
opioids, resorting disproportionately shifts demand toward the highest-prescribing remaining
physicians, attenuating the aggregate reduction in opioid prescribing.

To further illustrate how patient resorting attenuates the effect of our exclusion policy,
we simulate an alternative counterfactual that eliminates patient resorting among patients
who originally chose an excluded physician. In particular, patients who visited an excluded
physician in the baseline choose only whether to seek care. Conditional on seeking care,
they are randomly assigned to a physician. Under this counterfactual, eliminating the top
10% of physicians by prescription rate reduces aggregate opioid prescriptions by 22%. These
results demonstrate the constraints faced by supply-side-focused policies that are agnostic
to demand-side responses: ignoring consumer choice attenuates the effectiveness of expert-
targeted policies.

An important drawback of the randomization policy is that it prevents patients from
choosing their physician. The medical literature shows that the ability to choose a physician
is crucial for patients remaining in care (Hsu et al. 2003). Consistent with these findings,
our results predict that when patients are randomized to physicians, most patients would
rather forgo care than accept random assignment. Although randomization aggressively re-
duces aggregate opioid prescriptions, it achieves so by breaking optimal patient-physician
matches regardless of whether sorting is based on patient medical needs (“good sorting”)
or on medically unjustified preference for opioids (“bad sorting”). This makes randomiza-
tion an undesirable policy. To disentangle good from bad sorting, we consider a policy that

restricts opioid prescribing to medically grounded patient needs, excluding non-medical pref-



erences| By eliminating incentives for patients to choose providers based on non-medical
opioid preferences, this policy reduces aggregate prescribing rates by 21%, a result close to
randomization, while preserving appropriate care for patients with medical needs for opioid
treatment. In particular, we show that the number of patient visits under this alternative
policy closely mirrors the ones when we allowed for resorting on both medical needs and
non-medical opioid preferences.

This paper brings tools from the labor literature to the healthcare setting (Abowd, Kra-
marz, and Margolis |1999; Card, Heining, and Kline 2013; Card, Cardoso, Heining, and Kline
2018; Bonhomme, Lamadon, and Manresa [2019; Bonhomme, Holzheu, et al. 2023; Kline
2024)). Our main contribution is to provide the first evidence of strong positive sorting be-
tween patients and physicians in the U.S. prescription opioid market. A related paper is
Mourot (2025]), which studies surgeon—hospital sorting and complementarities in the context
of coronary artery bypass graft surgery. We go beyond by developing an equilibrium model
of endogenous patient sorting and physician prescribing decisions, which we use to study
counterfactual policy interventions. Our approach is also related to the “mover design” by
Finkelstein, Gentzkow, and D. Li (2025). They use migration to decompose risky opioid use
into individual-specific and place-specific drivers. While their framework emphasizes geo-
graphic variation in opioid use, our paper instead focuses on patients sorting into physicians.
In our setting, differences in opioid prescribing arise from how patients select into providers
with heterogeneous prescribing behavior, rather than from differences across locations. This
perspective highlights patient-provider sorting as a key mechanism shaping opioid use and al-
lows us to study how such sorting interacts with supply-side-targeted opioid policies. Finally,
we evaluate a policy that targets bad sorting driven by non-medical preferences, reducing
opioid prescribing while preserving access for patients with legitimate medical needs.

Our analysis contributes to a large and growing literature evaluating the role of physicians
in the opioid crisis (Schnell and Currie [2018; Currie and Schwandt 2020; Schnell 2025}
Currie, A. Li, and Schnell 2023)). While recent work shows that exposure to high-prescribing
physicians worsens health and labor market outcomes (Barnett, Olenski, and Jena 2017}
Staiger, Baker, and Hernandez-Boussard 2022; Eichmeyer and Zhang 2022; Eichmeyer and
Zhang 2023; Alpert, Schwab, and Ukert [2025)), surprisingly little is known about why patients

continue to seek care from these physiciansf| By emphasizing patient sorting, we link the

20ur counterfactual policy is in line with the DEA’s objective of reducing medically unjustified opioid
prescriptions. To do so, the DEA aims to identify physicians who do not prescribe based on patient’s medical
needs and revoke their license. However, it is rarely enforced in practice (Inspector General [2019).

3The studies above rely on quasi-random assignment of patients to physicians—for example, through
emergency room encounters or physician exit from Medicaid—to identify causal effects, abstracting from
endogenous patient decisions.



demand and supply sides of the opioid market and show that patient preferences play a
central role in shaping the effectiveness of supply-side interventions. This perspective is
particularly important given the widespread adoption of policies that restrict prescribers
(Meara et al. 2016; Buchmueller and Carey 2018} Sacks, Hollingsworth, Nguyen, and Simon
2021; Alpert, Dykstra, and Jacobson 2024). By endogenizing patient sorting, we provide
novel evidence that patients with stronger opioid preferences disproportionately sort toward
high-prescribing physicians, which attenuates the effectiveness of policies that target top

prescribers.

2 Prescription Opioids for Chronic Pain

In this paper, we focus on the use of prescription opioids for the treatment of chronic pain
in outpatient office visits. We first present the setting and afterwards discuss the data we

use in our research.

2.1 Setting

We begin by discussing chronic pain in the United States. According to the Centers for
Disease Control and Prevention (CDC), chronic pain is defined as an episode of pain that
lasts for at least 3 months (Dowell et al. [2022)). Chronic pain affects a significant fraction of
the general population. In 2023, around 24% of the United States’ adult population suffered
from chronic pain (Lucas and Sohi 2024). Due to its nature, chronic pain often leaves affected
individuals incapacitated and unable to function properly without treatment. Treatment
for chronic pain in the United States commonly involves the use of prescription opioids.
Around 22% of US adults suffering from chronic pain rely on prescription opioids for pain
management (Dahlhamer et al.|[2021). Chronic pain is not a condition of old age and affects
adults of all age groups. However, the use of prescription opioids for pain management is most
common among working-age adults. According to the National Center for Health Statistics,
adults aged 45-64 years exhibit the highest rates of prescription opioid use (Dahlhamer et al.
2021)). Because most of the affected patients are of working age, almost 2 in 3 payments for
opioid prescription collections are covered by private insurance (Schnell |2025)).

In the United States, patients must obtain prescription opioids by prescription from
a licensed healthcare provider. About 4 in 5 prescription opioids in the United States are
prescribed by physicians (Schnell 2025)). In outpatient settings, patients can generally choose
the physician they want to see, with limitations on their choice set depending on their

respective insurance network. Once a patient has chosen a physician, the physician examines



the patient and decides whether to prescribe opioids or not. If prescribing opioids, the
physician also has to decide on the number of days of supply. Contrary to acute pain, where
initial supply in 33 states is limited to 5 to 7 days or less, no such regulation exists for opioids
used for treating chronic pain (Department of Health and Human Services |2025). After the
days of supply are used, patients can get a refill if their prescription allows it, or they have
to see a physician to obtain a new prescription.

Prescription opioids are a common part of pain management for both acute and chronic
pain in the United States. The use of prescription opioids for acute pain for short peri-
ods of time is widely accepted as medically justified (Dowell et al. |2022)). However, the
use of prescription opioids for chronic pain management is posing substantial health risks
while lacking clear evidence of any health benefits for patients (Volkow and McLellan 2016]).
Metastudies have found an association of adverse health outcomes, such as increased risk of
opioid abuse and dependence, all-cause mortality, and myocardial infarction, with long-term
opioid treatment for chronic pain (Chou et al. 2020). There is also growing evidence that
long-term prescription opioids may make it harder to effectively manage pain in chronic
pain patients. Long-term opioid use may result in opioid induced hyperalgesia in patients, a
condition that increases pain sensitivity that may extend beyond areas initially affected by
chronic pain for which the opioids were prescribed (Lee et al. 2011). As a result, the CDC
Clinical Practice Guideline for Prescribing Opioids for Pain only mentions four conditions
that unequivocally warrant prescribing opioids for chronic pain: cancer-related pain treat-
ment, sickle cell disease, palliative care, and end-of-life care (Dowell et al. [2022). Outside of
these conditions, prescription opioids should not be used as a first line of treatment, but the
decision on whether to use prescription opioids for pain management is generally left to the
physician and patient (Dowell et al. 2022). This ambiguity leaves the eventual decision to
use prescription opioids as a course of treatment up to the physicians’ discretion and patient

preference.

2.2 MarketScan Data

As we discussed above, the majority of patients who receive prescription opioid treatment for
chronic pain are privately insured working-age adults. For this reason, we need to assemble a
data set that covers the relevant, privately insured working-age population comprehensively.
Consequently, we cannot rely on the often-used data from the Centers for Medicare & Med-
icaid Services. Instead, we rely on data from the Merative MarketScan Research Databases.
The MarketScan Commercial Database consists of individual-level, de-identified healthcare

claims for millions of enrollees and their dependents in employer-sponsored healthcare plans



in the United States. To construct our sample, we combine data from the Commercial
Database and the Merative Micromedex RED BOOK for the years 2016 to 2022. We link
the Outpatient Services Table, the Inpatient Services Table, and the Outpatient Pharma-
ceutical Claims Table from the Commercial Database with National Drug Code (NDC)-level
information on opioids from the Merative Micromedex RED BOOK.

Using our data sources, we build two data sets for the New York City Metropolitan
Statistical Area. We restrict our sample to patients who had an episode of chronic pain,
received at least one opioid prescription between 2016 and 2022, and whose prescribing
physician’s National Provider Identifier (NPI) is recorded in the data. The first data set
consists of claims data information on all office visits of covered patients linked with data
on their prescription collections. We refer to this data set as the wvisit data set. The second
data set supplements these data with information on time periods in which a given patient
chose not to see any physician. We refer to this data set as the choice data set. We use the
former data set to establish patient sorting for our motivating evidence and in our structural

estimation, and the second data set solely for our structural estimation.
Step I: Constructing the visit data set.

We construct our data sample in multiple steps. First, we develop a strategy to identify
whether a particular office visit for a patient resulted in the prescription of a prescription
opioid or not. Following the literature, we define an opioid prescription as any prescription
of substances that fall within both, the opioid analgesics category under the American Hos-
pital Formulary Service Classification Compilation Therapeutic Class scheme, and the Drug
Enforcement Administration (DEA) drug schedule fall into schedule IT or 111, indicating high
or moderate potential for abuse, respectively (Alpert, Dykstra, and Jacobson 2024} Staiger,
Baker, and Hernandez-Boussard 2022)@ As is common with commercial claims data, we
lack NPI information for the prescribing physician for prescription opioid collections from
the Outpatient Pharmaceutical Claims Table. Instead, we follow the literature to link pre-
scription drug collections with prescribing providers. In particular, we follow Ding and Liu
(2021)) and assign a prescription to an observed office visit if the prescription opioid collection
was within 14 days following the office visit , was the first collection within that time frame
among all prescription opioid collections for that patient, and could not be associated with
any prior office visit of that patient. Our final variable is a binary indicator for whether a
prescription opioid was prescribed during a particular office visit. Note that we are focusing
on the extensive rather than the intensive margin.

The MarketScan Commercial Database includes rich demographic and diagnosis infor-

4For the American Hospital Formulary Service Classificationn Compilation (AHFSCC) Therapeutic Class,
the opioid analgesics category is “28:08.08”.



mation on possible patient risk factors. In particular, for each patient, we observe age, sex,
and up to 4 primary diagnoses per outpatient visit. These diagnoses adopt the 10th revi-
sion of the International Classification of Diseases, ICD-10 codes. We leverage a patient’s
medical history within 12 months preceding an office visit to create measures of a patient’s
health status, as well as possible controls for opioid preference. The first health measure
we construct to capture a wide range of comorbidities is the Charlson Comorbidity Index
(Charlson, Pompei, Ales, and MacKenzie 1987)E] Additionally, we follow the CDC Clinical
Practice Guideline for Prescribing Opioids for Pain (Dowell et al. [2022)) to identify whether
a patient has a medical condition unequivocally qualifying for prescription opioid treatment.
These conditions are cancer-related pain, sickle cell disease, palliative care, and end-of-life
care. Next, we construct possible controls for opioid preference by identifying diagnoses for
which the CDC guidelines recommend against prescribing or urge caution when prescribing
opioids. These conditions are sleep-disordered breathing, renal or hepatic insufficiency, men-
tal health conditions (i.e., anxiety, depression, and post-traumatic stress disorder), substance
use disorders, opioid abuse, and non-fatal overdose (Dowell et al. 2022). We also construct
counts of emergency room visits related to non-fatal overdoses, and count inpatient and
outpatient visits during the 12 months preceding each office visit. We provide detailed de-
scriptions, including the ICD-10 diagnosis codes used to construct our health status and
opioid preference measures, in Appendices [A] and [B]

Lastly, we construct measures of out-of-pocket costs for prescription opioids and total
outpatient and inpatient spending during the 12 months preceding an office visit, using the
financial variables from the MarketScan Commercial Database. Since we do not observe
out-of-pocket costs when no opioid was prescribed, we construct out-of-pocket prescription
opioid costs per outpatient visit as the mean out-of-pocket cost across insurance-type-month
combinations. We provide more details on the construction of this variable in Appendix [C]

We summarize our first data set in table [1l

Step II: Constructing the choice data set.

For our choice data set, which we exclusively use to estimate our structural model, we
supplement the above data with additional information on months when a patient could

have seen a physician but chose not to see one.ﬂ For each month, we define the population

°In particular, we use the 17 categories considered in the popular Charlson/Deyo variant (Deyo [1992).
We adopt the more recent weights suggested in Schneeweiss, Wang, Avorn, and Glynn (2003) and provide
additional details in Appendix [A]

6We use a month in accordance with our evidence on average days of supply.
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Table 1: Summary Statistics of Chronic Pain Patients

Variable Mean SD 25 Perc 50 Perc 75 Perc
Panel A: Patient Severity and Constraints
Age (years) 48.20 11.61 40.00 50.49 58.00
Sex (Male=1) 0.47 0.50 0.00 0.00 1.00
Charlson Commorbidity Index 1.23 1.59 0.00 1.00 2.00
Counts of Prior Inpatient Visits 0.13 0.40 0.00 0.00 0.00
Counts of Prior Outpatient Visits 65.26 70.60 23.50 45.50 83.40
Counts of Prior ED Visits 0.48 1.31 0.00 0.00 0.50
Prior OOP Spending 1696.09 2019.36 394.57 1065.30 2315.74
Out-of-pocket Cost 1.04 0.37 0.79 0.93 1.25
Panel B: Conditions Justifying Opioid Prescription
Sickle Cell Disease 0.00 0.07 0.00 0.00 0.00
Cancer-Related Pain 0.05 0.23 0.00 0.00 0.00

Panel C: Conditions Discouraging Opioid Prescription

Renal/Hepatic Deficiency 0.02 0.15 0.00 0.00 0.00
Mental Health Conditions 0.33 0.47 0.00 0.00 1.00
Opioid Misuse 0.04 0.21 0.00 0.00 0.00
Substance Use Disorder 0.12 0.33 0.00 0.00 0.00
Prior Nonfatal Overdose 0.03 0.18 0.00 0.00 0.00

Counts of ED Visits Related to Overdose 0.00 0.05 0.00 0.00 0.00
Work in Construction or Transportation 0.08 0.27 0.00 0.00 0.00

Observations
Number of unique patients 11,909

of active patients (the set of potential patients) as the set of patients who had at least one
office visit in the corresponding quarter of that year. If we observe a patient visit a physician
in a given month, we record their choice[] If we do not observe a patient visiting a physician
in a given month for which this patient is part of the active population, we record that the
patient chose the outside option of not seeing a physician. If a patient chooses the outside
option for a given month, we assume that their characteristics, which we computed for the
first data set, are the same as the closest month in that quarter.

For our second data set, we also compute additional variables for physicians. Based on
the choices of physicians or the outside option by patients, we compute the market shares for
physicians for each month. The market share is defined as the number of patients we observe
choosing a given physician in a given month, divided by the total number of patients active

in that particular month. A common problem in defining market shares based on observable

713% of patient-months involve more than one visit. For these cases, we collapse multiple visits into a
single patient-month observation if they are all with the same physician (which occurs in about two-thirds
of these cases), and we record an opioid prescription if any of the visits resulted in one. If a patient has
multiple visits with different physicians, we retain the visit with the physician who has the highest number
of prescriptions in that month across all patients. If there is a tie in the total number of prescriptions, we
retain the visit with the physician who has the highest visit volume in that month across all patients.
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choices is that some options (physicians) may not be chosen in each month. If this happens
for some of our physicians, we follow the standard approach in the discrete choice literature
and assume that this physician was not active in a given month. We interpret this as the
possibility that physicians might close their offices periodically for vacation. We summarize

our data set for structural estimation in table 2

Table 2: Physician Market Share Summary Statistics

Variable Mean SD 25 Perc 50 Perc 75 Perc
Physician Market Share (%) 0.09 0.09 0.04 0.06 0.09
Inside Share in a Market (%) 46.97 2.82 4540  47.06  48.81
Observations

Number of markets 84

Number of physicians 8059

3 Establishing Patient Sorting

In this section, we first document variation in opioid prescription rates for chronic pain
patients across physicians. We then decompose the sources of this variation. A physician’s
prescribing rate reflects not only their underlying prescribing propensity, but also differences
in patient severity, patient preferences, and patient sorting into physicians based on both
medical needs and non-medical preferences. We are particularly interested in assessing the
relative importance of patient sorting versus physician prescribing propensity in explaining
cross-physician differences in prescription rates. Finally, we extend the analysis beyond
prescribing to opioid misuse, examining the extent to which patient sorting may contribute

to risky prescription opioid use.

Cross-Physician Variation in Prescription Rates. Our primary outcome is an indica-
tor equal to one if an office visit results in an opioid prescription. We estimate physician-level

raw prescription rates by regressing this indicator on physician fixed effects:

prescribe;, = ;i) + €, (1)

where prescribe;; equals one if patient 7 receives an opioid prescription at visit ¢, a;(; ) denotes
the fixed effect for physician j, capturing physician j’s average prescription rate in the data,
and e is the error term. Because a;(; 1) may be noisily estimated for physicians with relatively

few patient visits, we apply an empirical Bayes shrinkage estimator that shrinks imprecisely
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estimated fixed effects towards the overall mean, following Chandra, Finkelstein, Sacarny,
and Syverson (2016).

Figure [I| plots the density of the empirical Bayes-adjusted physician fixed effects, a; ).
The distribution reveals substantial heterogeneity in raw prescription rates across physi-
cians: the standard deviation is one-half of the mean prescription rate. This finding is
consistent with prior evidence documenting large differences in drug prescribing intensity
across providers (Finkelstein, Gentzkow, and Williams 2016; Molitor 2018; Cutler, Skinner,
Stern, and Wennberg 2019; Badinski, Finkelstein, Gentzkow, and Hull [2023} Clemens, Léger,
Nandan, and Town 2024). The distribution also features a thick upper tail, indicating that

a nontrivial share of physicians prescribe opioids at rates far above the average.

Figure 1: Raw Physician Prescription Rate

Density

0 2 4 .6 .8
Raw Prescription Rate

Notes: This figure plots the distribution of the empirical Bayes—adjusted physician
fixed effects from equation . We restrict the sample to patients with at least 10
visits and physicians with at least 10 patient visits over the sample period.

Our results demonstrate that opioid prescription rates across physicians are highly dis-
persed. We next investigate the determinants of the observed dispersion in opioid pre-
scription rates. A commonly believed source of opioid prescription rate dispersion may be
differences in the patient severity composition across physicians. To assess whether opioid
prescription rates mainly reflect differences in patient severity, we risk-adjust physicians’
prescribing decisions by controlling for a rich set of patient observables. Our data features
three categories of patient observables we leverage for risk-adjustment: (1) patient health
status and patient-specific constraints, such as patient age, sex, the Charlson comorbidity

index, counts of historical inpatient, outpatient, and emergency-department visits, historical
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out-of-pocket spending, and insurance cost sharing; (2) patient medical conditions for which
opioid use may be clinically warranted under the CDC’s opioid prescribing guidelines (Dow-
ell et al. 2022). These include sickle-cell disease and cancer-related pain; and (3) diagnoses
and risk indicators for which the CDC recommends caution or avoidance in the manage-
ment of chronic pain. This group includes diagnoses of renal or hepatic insufficiency, mental
health conditions, opioid misuse or substance-use disorder, a prior nonfatal overdose, counts
of emergency-department visits related to overdoses, and an indicator for employment in
construction or transportation industriesf]

We construct risk-adjusted prescription rates for each physician by regressing our pre-
scription indicator on physician fixed effects, a4, the full set of patient observables de-
scribed above, denoted by X;, as well as year fixed effects, 73, to absorb any potential com-
mon time-varying factors such as policy changes and guideline updates using the following

regression equation:

prescribe;; = a;( ¢ + Xib + 7 + €. (2)

where a;(; ) captures the physician-specific risk-adjusted mean prescription rate net of ob-
servable patient characteristics and common time effects. After applying the empirical Bayes
shrinkage procedure to correct the estimated @) for potential measurement error, we plot
the density for the empirical Bayes—adjusted a;(; ) in Figure .

Figure[2] shows that relative to Figure[I] controlling for patient observables and year fixed
effects leaves the dispersion in prescription rates largely intact. In other words, the prescrip-
tion rate heterogeneity across physicians is not primarily driven by patient observables or
common time trends. Specifically, the standard deviation of the distribution of risk-adjusted
prescription rates is nearly identical to that of the raw prescription rates.

At face value, the patterns we documented appear to suggest a natural empirical ratio-
nale justifying policies that target high-prescribing physicians: any remaining variation in
risk-adjusted prescription rates reflects inherent differences in physicians’ prescribing propen-
sities. However, such arguments and recommendations may be severely misguided. Observed
prescription rates may reflect unobserved patient preferences and positive sorting of patients
with a strong preference for prescription opioids into high-prescribing physicians, even af-
ter risk-adjustment for patient severity. In fact, positive sorting may amplify even modest
differences in physicians’ underlying prescribing propensities and lead to vast dispersion in

observed prescribing rates. Conversely, if patient sorting were negative, the true disper-

8Mental health conditions include anxiety, posttraumatic stress disorder, and depression (Dowell et al.
2022). Occupations warranting caution include driving, using heavy equipment, climbing ladders, working
at heights or around moving machinery, or working with high-voltage equipment (Dowell et al. [2022]).
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Figure 2: Risk-adjusted Prescription Rate

Density

0 .2 4 .6 .8
Risk-Adjusted Prescription Rate

Notes: This figure plots the distribution of the empirical Bayes—adjusted, risk-adjusted
physician fixed effects from equation . We restrict the sample to patients with at
least 10 visits and physicians with at least 10 patient visits over the sample period.

sion in physician prescribing propensities may be larger than the one implied by observed

risk-adjusted prescription rates.

Patient Sorting. To understand the importance of patient sorting versus physicians’ pre-
scribing propensities for the observed dispersion in prescription rates, we exploit the panel
structure of our data. In particular, we decompose the variation in raw prescription deci-
sions into components attributable to patient type, physician type, and sorting of patients
into physicians whose prescribing styles they prefer. We further distinguish sorting based on
medical needs versus non-medical preferences.

Our variance decomposition approach mirrors the well-known two-way fixed effects es-
timator of Abowd, Kramarz, and Margolis (1999) from the labor literature, but applied to
prescription decisions. Following their method, we specify a two-way fixed effects regression
in which we regress physicians’ prescription decisions on patient fixed effects, physician fixed

effects, patient observables, and year dummies:

prescribe;, = 1 + 0; + X8 + 7 + €4, (3)

where 7;(; ;) represents the physician prescribing propensity of the chosen physician, 6; rep-
resents patient unobserved type, and X; is a vector of patient observables defined as above,

T are year dummies, and €; is an idiosyncratic error term representing any unobserved
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time-varying patient Characteristics.ﬂ
Note that in equation , [ and 6; are not separately identified because #; and X; are
both patient-specific. Therefore, we define ©; = 0; + 5X; and treat ©; as patient fixed effect

for estimation in the spirit of Abowd, Kramarz, and Margolis (1999)). We therefore rewrite
equation as

prescribe;, = n;¢p) + 0; + Xi8 +7 + €i
6.

= Nj(i,t) + O, + 7 + €. (4)

Obtaining unbiased fixed effects in an Abowd, Kramarz, and Margolis (1999)) style model
is known to be challenging because physician fixed effects are identified only from patients
who switch physicians. When switching is limited, fixed effects estimates can be severely
biased, a problem known as limited mobility bias (Andrews, Gill, Schank, and Upward 2012}
Bonhomme, Holzheu, et al.|[2023)). Recent advances in the labor literature show that this bias
can be mitigated using a two-step estimator that first groups firms and then estimates group-
level fixed effects (Bonhomme, Lamadon, and Manresa 2019). We adopt the approach of
Bonhomme, Lamadon, and Manresa (2019) and follow Mourot (2025)) to adapt this approach
to our setting of opioid prescribing. Following Mourot (2025), in the first stage, we group
physicians and patients using k-means clustering based on physician-level and patient-level
risk-adjusted prescription rates, respectivelyH Appendix @ provides more details on the
grouping algorithm. Following standard practice in the labor literature (Kline 2024), we use
ten groups for physicians and ten groups for patients. We assess robustness by varying the
number of groups. In the second stage, we estimate equation (4 using group-level physician
and patient fixed effects.

After obtaining estimates for the group-level fixed effects, 7);; +) and éi, we further decom-
pose O, into preference components attributable to patient medical needs and non-medical
preferences. To do so, we regress patient fixed effects estimates, (:)i, on our full vector of

non-time-varying patient observables X;:

9Because most of patient observables exhibit little within-patient variation over time, we use patient-
level averages and treat them as time-invariant characteristics. Including time-varying versions of these
variables when available yields highly similar results in terms of the relative importance of each component
in explaining variation in prescription rates.

0Mourot (2025) groups surgeons and hospitals, whereas we group patients and physicians.
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~

0,= Xuf + XoifB2 + 0, . (5)
~—— ————

medical needs  non-medical preferences

We partition X; into two sets of time-invariant patient characteristics: medical needs,
X1, and non-medical preferences, Xo;. Xj; includes variables under (1) health severity and
patient-specific constraints, as defined before, and (2) diagnoses that warrant opioid use,
including sickle-cell disease and cancer-related pain. While not all of these variables reflect
clinical appropriateness in a narrow sense, they capture patient characteristics commonly
considered in pain management decisions emphasized in CDC guidance (Dowell et al. 2022)).
We collect the remaining non-medically justified factors in Xy; and ;. Xy; includes (3)
characteristics for which the CDC explicitly recommends caution or avoidance of opioid use
for managing chronic pain. 6; is the residualized patient fixed effects obtained after partialing
out X; from C:)Z

We now decompose the variance of the prescribing decision. Following the recommenda-
tion of Kline (2024), we scale each component of the decomposition by var(prescribel; ), the
variation in prescribing that can be explained by either the patient or physician side factors.
According to Kline (2024])), this normalization ensures the comparability of our results with

any future related studies. In particular, we have

U&T(prescribeg) = UCLT’(?’]j(Lt) + Xliﬁl + XQiﬂQ =+ 91) (6)
= var(njuy) + var(Xyf1) +var(Xe P + 0;)
+ 2c0v (X181, i) + 2c0v(Xai o + 05,m56.0)) + 2c0v(X1i B, XoiB2 + )

where var(Xy;/;) captures variation in prescribing explained by patient medical needs rele-
vant for opioid prescriptions, while var(Xs; 82 + 6;) reflects variation associated with patient
non-medical preferences. The term var(n;(;)) represents variation attributable to physician
prescribing propensity. The covariance term cov(X1;51,7j(,1)) captures patient sorting based
on medical needs, whereas cov(Xa;B32+0;,m;(i+)) captures sorting based on non-medical prefer-
ences. Finally, cov(Xy; 51, Xo;02 + 0;) reflects the covariance between patients’ medical needs
and non-medical preferences. Therefore, var(Xy;51)+var(Xay;fo+0;)+2cov(X1; 81, Xoifa+6;)
represents the portion of variation captured by the patient type ©;. We report the results
of our variance decomposition in table [3]

For our main results in Table 3, the baseline specification, we use 10 groups for both

patients and physicians, and restrict the sample to patients with at least 2 visits and physi-
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cians with at least 2 patient visits over the sample period. We report results from alternative
sample restrictions and alternative numbers of groups to assess the robustness of our results.
Additionally, we report the results of employing an empirical Bayes—adjusted estimator for
the patient and physician fixed effects.

Our results in Table [3|demonstrate that across specifications, and irrespective of whether
we apply Bayesian shrinkage, there exists strong positive assortative matching between pa-
tients and physicians.ﬂ We find that assortative matching is overwhelmingly due to non-
medical preferences for opioid prescriptions rather than medical needs. Patient sorting based
on medical needs explains only about 2 percent of the variation in prescription rates, whereas
sorting based on non-medical preferences accounts for nearly 30 percent. Perhaps surpris-
ingly, physicians’ intrinsic prescribing propensity explains only around 11 percent of the vari-
ation in prescribing decisions. Our results imply that patient sorting accounts for roughly
three times as much of the observed heterogeneity in prescribing rates as providers’ own
prescribing propensity. Consistent with this finding, the correlation coefficient between pa-
tients’ non-medical preferences and their chosen physicians’ prescribing propensity is as high
as 0.55.

"Due to space constraints, we do not report the term 2cov(X1; 81, Xo; 82 + 0;), which is close to zero. As
a result, summing the first five rows for a given column yields nearly 100%.
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Table 3: Percentage of Variance Explained in Raw Prescription Rates (%)

Baseline Alternative Number of Groups Alternative Sample Restrictions, K = 10 Bayesian Shrinkage
K =10 K =10
> 1 visits tient > 5 visit tient > 10 visit: tient
> 9 visits/patient K =5 K=15 K=20 K=50 ~—_ ' s/patient > 5 visits/patient > 10 visits/patien > 10 visits/patient
> 2 visits/provider > 10 visits/provider

> 1 visits/provider > 5 visits/provider > 10 visits/provider

61

Patient
Var(Xo; 32 + 0;) 58.36 58.69 5849  58.61 59.12 56.41 59.61 60.14 63.46
Var(prescribe®)
L?I)E 1.88 1.81 1.87 1.80 1.80 1.43 3.38 3.49 3.66
Var(prescribe™)
Provider

Var(n;() 10.99 10.82  11.00  10.94 10.95 12.87 8.45 7.42 5.96

Var(prescribe?)

Sorting

y Cov(Xaif2 + 0i,mj(ir)) 28.03 2777 2791 27.90 27.41 28.67 27.26 27.30 25.46

Var(prescribe®)

" Cov(X1iB1,Mj(ie))
Var(prescribe”)

0.72 0.89 0.72 0.72 0.70 0.58 1.27 1.53 1.41

Correlation
corr(Xoi B2 + 0i,mjiv))
corr(X1i 1, M(it)) 0.08 0.10 0.08 0.08 0.08 0.07 0.12 0.15 0.15

0.55 0.55 0.55 0.55 0.54 0.53 0.61 0.65 0.65
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Figure 3: Patient Sorting

We further illustrate strong positive assortative matching in Figure 3] Figure [3] shows
that patients with low opioid preference (patient group 1) make more than half of their visits
to providers who prescribe the least opioids (provider groups 1 and 2). Conversely, patients
with high opioid preference (patient group 10) disproportionally choose providers with the
highest prescription rates (provider group 10). Figure in Appendix [E| shows the same
patterns when patients and providers are divided into 5 groups instead of 10.

Positive patient sorting implies that the observed differences in prescription rates across
physicians are larger than the underlying differences in physicians’ true prescribing propen-
sities. In other words, positive sorting amplifies variation in prescribing behavior, leading
to a steeper gradient in the raw prescription rate. Figure [4] illustrates this mechanism: the
horizontal axis represents ten physician groups ranked by their raw prescription rates. Each
blue triangle shows the raw prescription rate for a physician group, while each red circle
indicates the estimated physician fixed effect, i.e., the group’s prescribing propensity, scaled
by a base prescription rate. The fitted line for the raw prescription rate is visibly steeper,
reflecting positive patient sorting. At the upper end of the distribution, physicians appear to
prescribe much more liberally than they truly are: raw prescription rates overstate their true
prescribing propensities. Similarly, physicians in the lower percentiles appear to prescribe
far more conservatively, even though their true propensities are not that different from those

of higher prescribers.

20



Prescription Rate

e Physician Type
4 Raw Prescription

0 2 4 6 8 10
Physician Group Rank

Figure 4: Patient Sorting Versus Physician Propensity Type

Patient Sorting Contributes to Risky Opioid Use. We have established that variation
in observed cross-physician prescription rates is driven less by differences in physicians’
prescribing propensities and more by patients sorting into physicians according to those
propensities. We now examine whether positive patient sorting also plays an important
role in explaining adverse health outcomes. To do so, we revisit the decomposition exercise
in equation (4]), replacing the prescription outcome variable with an indicator for opioid
misuse at that visit. Literature has documented a correlation between high prescription
levels, defined as the patient’s daily MED being 120 mg or greater, and opioid abuse (Meara
et al. 2016} Staiger, Baker, and Hernandez-Boussard [2022; Finkelstein, Gentzkow, and D. Li
2025)). Following this literature, we classify a visit as involving opioid misuse if the patient’s
daily MED is 120 mg or greater. We provide details on the construction of our measure of
daily MED in Appendix[F] We focus on this health outcome because it is well defined at the
visit level. Additionally, it provides a more objective measure of opioid misuse than opioid-
abuse-related diagnoses coded by the physician, which depend on both the physician’s or
patient’s willingness to test and assessment. Moreover, opioid misuse is both a strong risk
factor for, and a precursor to, opioid addiction. Based on this definition, 4% of visits in our
sample involve risky opioid use.E

In Table [ we decompose the explained variation in opioid misuse into components

12Finkelstein, Gentzkow, and D. Li (2025) used data from the Social Security Disability Insurance (SSDI)
in a 20% random sample of Medical beneficiaries from 2006 through 2019 and identified 2.98% of visits
involve risky opioid use.

21



attributable to patient medical needs (X;;0;), patient non-medical preferences (Xs;55 + 6;),
physician prescribing propensity (7;(4) ), and patient sorting on both medical needs and
non-medical preferences (Cov(X1;81,n;i4)) and Cov(XafB2 + 0:,mj¢ir))). All specifications
yield qualitatively similar results. Moreover, the patterns closely mirror those from the
decomposition of raw opioid prescription rates. Patient sorting explains nearly one-third
of the variation in opioid misuse, far outweighing the contribution of physician prescribing
propensity, which accounts for less than 10% in the baseline specification. The correlation
coefficient between patient non-medical preference type and physician propensity is as high
as 0.54. Furthermore, the contribution of patient medical needs is much smaller in this
context, suggesting that non-medical preferences play a central role in driving opioid misuse.
These results indicate that patient sorting not only drives high opioid prescription rates but

is also associated with worse health outcomes, thereby amplifying the opioid epidemic.
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Table 4: Percentage of Variance Explained in Opioid Misuse (%)

Baseline Alternative Number of Groups Alternative Sample Restrictions, K = 10 Bayesian Shrinkage

K =10
> 2 visits/patient K =5 K=15 K=20 K =50

> 1 visits/patient > 5 visits/patient > 10 visits/patient K=10

€¢

JQita 1 |4 it 3 jQifa 3 T Q 1 s
> 2 visits/provider > 1 visits/provider > 5 visits/provider > 10 visits/provider Bayes shrinkage
Patient
Var(Xo; 82 + 6;) 60.93 57.87 64.05  64.10 64.26 57.83 62.92 57.52 66.23
Var(opioid misuse?)
arlXub) 0.98 120 093 093 091 0.77 1.40 1.49 1.64
Var (opioid misuse™)
Provider
Var(n;.e)) 10.42 12.85  8.49 8.52 8.46 12.41 8.25 10.28 6.15
Var(opioid misuse®)
Sorting
Cov(Xaif2 + 0i,mj(ir)) 27.37 2771 26.25  26.15 26.07 28.74 26.96 30.12 25.40
Var(opioid misuse®)
Cov (X181, mj(
ov(Xasb, ) 0.34 043 035 035 035 0.30 0.50 0.56 0.58
Var(opioid misuse™)
Correlation
0.54 0.51 0.56 0.56 0.56 0.54 0.59 0.62 0.63

corr(Xoi B2 + 0i,mj(iv))
corr(Xy;01, Uj(i,t)) 0.05 0.05 0.06 0.06 0.06 0.05 0.07 0.07 0.09




Threats to Identification. Including patient fixed effects, which absorb all time-invariant
unobserved patient characteristics, addresses many sources of possible confounders. However,
fixed effects estimates may still be biased if patients’ switching decisions are correlated
with unobserved time-varying characteristics €;;. Following the labor literature, we provide
evidence that switching is not driven by omitted time-varying unobservables in our setting.
In particular, Card, Cardoso, Heining, and Kline (2018)) show that if worker switching is
exogenous, workers exhibit symmetric wage responses with opposite signs when switching
to higher- versus lower- type firms. Analogously, if patient switching is exogenous in our
context, patients who switch to more aggressive prescribers should experience prescription
probability changes that are symmetric, with opposite signs, to those who switch to less
aggressive prescribers.

We test this implication in Figure [5| . Figure [5| presents pairwise analyses of movers
between physician groups. For each pair of physician groups, we estimate the effect of
switching across groups relative to remaining within the same group. For example, for
the physician group pair 1 and 2, some patients move from physician group 1 to group 2
(“move up”), others move from group 2 to group 1 (“move down”), while patients who
switch physicians but remain within the same group serve as a control group. We implement
a difference-in-differences—style design to estimate the effect of crossing groups relative to
staying within a group.

Across all 45 group pairs, with one exception, we find that the change in prescription
probability has opposite signs for move-up and move-down patients, and that the magnitudes
are highly similar. As shown in Figure[5] each dot reports the sum of the estimated move-up
and move-down effects, which is generally close to zero and statistically insignificant. This
symmetric response pattern holds across almost all pairs of physician groups.

We further conduct an event-study analysis, pooling all movers into move-up and move-
down categories, to examine whether switching is preceded by differential pre-trends. As
shown in Figure [6] we find no evidence of pre-trends in prescribing behavior prior to the
switch. This absence of pre-trends further suggests that switching is not driven by patients’

gradual learning or other time-varying unobserved factors.

Discussion. Our finding that patient sorting dominates providers’ prescribing propensity
in explaining variation in both prescription rates and opioid misuse has important policy
implications. First, policies that target only high prescribers are unlikely to be effective
in curbing prescription rates or opioid misuse, as patients who initially sought care from
these top prescribers are likely to resort to other providers whose prescribing propensity is

just below the targeted prescribers. Second, exploiting patient sorting might be a promising
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Figure 5: Net Prescription Rate Response to Upward and Downward Patient Switching

Sum of Upward and Downward Switching Effects

Physician Group Pair

Notes: This figure plots the sum of the changes in prescription rates for patients who
switch upward and downward within each pair of physician groups. Physician groups
are defined based on physician-level risk-adjusted prescription rates and are ordered
from 1 (lowest-prescribing group) to 10 (highest-prescribing group).

Figure 6: Magnitude of Prescription Rate Responses to Patient Switching
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Notes: This figure plots the magnitude of changes in prescription rates for patients who
switch to higher-prescribing physicians (“move up”) and to lower-prescribing physicians
(“move down”). Time 0 corresponds to the visit at which the physician switch occurs.
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avenue to address opioid over-prescription, especially if policy can discourage patient sorting
based on non-medical preferences while preserving patient sorting based on medical needs.

To examine how patient sorting interacts with top-prescriber-targeted policies and to
evaluate alternative policies, we propose and estimate a structural model that explicitly

accounts for patient sorting in the next section.

4 Model

Our results in section |3 suggest that patients choose physicians according to physicians’
prescribing propensities. In this section, we develop a static two-stage model of physician-
patient interaction that is able to capture the uncovered patient sorting. In the first stage, the
choice stage, in each month ¢, patients choose either to see a physician j € 7, in their market
(month) or to select the outside option of not seeking care. Patients choice is based on their
beliefs about each physician’s prescribing behavior. In the second stage, the prescription
stage, the chosen physician decides whether to prescribe or not. We illustrate our two-stage

model for a single month ¢ and a single patient 7 in figure [7]
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Figure 7: Illustration of two-stage model for each month t.

4.1 Indirect Utility and Information Environment

Physician’s Indirect Utility Function. In each month ¢, conditional on being chosen

by patient ¢, physician 57 makes a binary treatment decision: prescribe an opioid or not.
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Physician j’s indirect utility from treating patient 7 is given by
Vigt = =7 + e + njaije + Uije(aige) + ije(aije). (7)

Here, mj; represents the baseline profit from seeing a patient, measured in utils and
independent of treatment choices, such as the office visit fee, n; is a physician-specific fixed
effect capturing physician j’s inherent propensity to prescribe opioids, reflecting factors such
as treatment philosophy, graduate medical education, risk tolerance, and regulatory scrutiny,
a;j equals 1 if physician j prescribes an opioid to patient ¢ in month ¢, and 0 otherwise,
represents Euler’s constant, and ¢ is an i.i.d. alternative-specific Type 1 extreme value shock,
independent of all other components. In this specification, everything else equal, physicians
with higher n; are more likely to prescribe, whereas those with lower n; prescribe less often,
independent of the patient’s utility from receiving a prescription. For estimation, we impose

that one of the n; parameters of our model is equal to 0.

Physicians’ Information. Physicians make prescription decisions by combining patient
needs they can learn with their own treatment preferences. While physicians are medical
experts, they may not fully observe a patient’s preferences. We assume that the components
of patient preference that are observable and unobservable to the physician are additively

separable, such that

Uijt(aije) = wije(aijt) + vije, (8)

where u;j;(a;;1) represents the part of patient utility observable to the physician, and v;;
the unobservable part. We assume that while physicians do not observe the realization of
Vijt, they know its distribution. In addition, we assume that this informational structure is

common knowledge to both patients and physicians.

Patient’s Indirect Utility Function. We start by defining patient types in our model.
We assume that patient i’s type is a tuple (0, (;), consisting of two time-invariant compo-
nents. The first component, ©;, captures both medical needs and non-medical preferences
for opioids. The second component, (;, measures how informed patient i is about physicians’
prescription types. We assume that ©; enters patients’ utility, whereas the information type
(; affects patient choice only through patient beliefs and does not directly enter utility. We
refer to ©; as the patient’s opioid preference type and to (; as the patient’s information type.

Patient ¢’s indirect utility from choosing physician j at time ¢ is
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Uijt(aije) = jt + @it (0; + 1) + Zit(é‘i‘yijty (9)

=uiji(aijt)
where d,; denotes the mean utility associated with physician j in month ¢. The mean utility
varies across physicians because they differ in amenities or are subject to physician-specific
demand shocks. For example, a physician may have more friendly front desk staff, offer
appointment reminders, or be perceived as having greater expertise in treating chronic pain,
independent of their prescribing behavior.

O, measures patient ¢’s inherent preference for opioid prescriptions. As discussed in
section [3] it includes both patient medical needs and non-medical preferences, which may
arise from prior opioid misuse or addiction. As in equation , we assume that patients’
preference types are a linearly seperable function of patients’ medical needs (Xi;0;) and
non-medical preference (Xo;52 + 6;).

7; denotes a yearly fixed effect for patient taste for prescription opioids. Z;; represents
time-varying patient characteristics that affect the utility from an office visit at time ¢, and
vije s an ii.d. Type 1 extreme value shock. We further assume that the distribution of
patients’ opioid preference type ©; has mean zero, E[©;] = 0, and normalize the value of the

outside option (not seeing any physician) to U = Vio-

Patients’ Information. We assume that patients do not have perfect information about
physicians’ preferences. First, patients cannot observe the alternative-specific preference
shock €;j1(a;;¢), because this shock is realized only after a physician is chosen. We assume,
however, that patients know the distribution of this shock. Second, patients do not perfectly
observe physicians’ inherent prescription propensity 7; when choosing a physician. Instead,
we assume that patient i’s perceived prescription type of physician j, denoted by w;;, equals

the physician’s true type plus noise:

wij = 05 + G- (10)

A patient’s information type (; captures their uncertainty about a physician’s prescription
type 77]-F_3] We allow patients to differ in their level of informedness, represented by their
information type. In practice, patients may differ in their ability to search for and interpret
informal information sources, such as online forums (e.g., Bluelight, Reddit), word-of-mouth,
or prior experiences, which can systematically shape how well informed they are about

physicians’ willingness to prescribe opioids.

13We currently assume the information type to be patient-specific. In a work-in-progress version of this
paper, we allow patient information to be i-j specific such that w;; = n; + ;.
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We further assume that ¢ N (0, ag). Under this information structure, a given patient
either overestimates or underestimates all physicians’ prescription propensities by the same
amount. We interpret this assumption as reflecting a uniform bias in their expectations,
such as general optimism or skepticism about physicians’ willingness to prescribe, rather
than idiosyncratic misperceptions about individual physicians. If all patients have accurate
perception on each physician, the variance of (; will be zero. Finally, we assume that the
information structure of the game is common knowledge to both physicians and patients.

Given the two sources of uncertainty regarding a physician’s preference, patients cannot
perfectly predict a physician’s treatment decision at the time of choosing a physician. In-
stead, they form expectations about a physician’s probability of prescribing based on their

perceived prescription type.

4.2 Equilibrium

This two-stage model is solved by backwards induction. We start by describing a physician’s
optimal prescribing behavior, conditional on being chosen by the patient. We then derive

patients’ optimal physician choice in the first stage.

4.2.1 Optimal Prescription Choice

Because the physician can observe the patient’s utility up to the realization of the shock v,
we can rewrite the physician’s indirect utility Vj;; as an explicit function of the prescription

decision a;j:

Vijt(aijp =1) =+ 1+ 60 + O, + 7o + Zyyp + €451(1), and (11)
Vijt(aijs = 0) = mje + 60 + Zud + €;54(0). (12)

Physician j will choose to prescribe if her indirect utility from prescribing an opioid

weakly exceeds the indirect utility from not prescribing i:

Vijt(aije = 1) — Vije(aije = 0) = n; + 0; + 74 + €450(1) — £45:(0) > 0. (13)

Note that this difference and, therefore, the physician’s prescription decision, is indepen-
dent of the demand side parameters d,;, the patient’s information type ¢;, and the base profit
from treating a patient m;. Therefore, in deciding whether to prescribe, the physician does

not consider her relative attractiveness to the patient or the information a patient has about
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her prescription type in the first stage. Instead, the prescription decision depends solely on
the patient’s preference from receiving the prescription and the physician’s own preference
for prescribing opioids.

Since we assume that the alternative-specific error terms ¢ follow type 1 extreme value
distribution, the probability that physician j prescribes an opioid to patient ¢ at time ¢ can

be expressed as:

exp(n; +©; +7)
l+exp(n+0;+7)

(14)

Pijt =

4.2.2 Optimal Physician Choice

Patients face a discrete choice among J; physicians in a market, given their information
about each physician. As described in section [.1], patients do not observe the realization
of the type 1 extreme value shocks € and instead hold potentially inaccurate perception w;;
about each physician’s prescription propensity 7n;. Based on this information, patients form

beliefs over the probability of receiving a prescription from physician j:

exp(wij + ©; + 1)
1+exp(wij+0; +7)

(15)

Pijt =

Given the patient’s beliefs about physician j’s prescribing probability, p;j:, conditional
on being chosen, and the assumption that v;;; follows a Type 1 extreme value distribution,

the probability that patient ¢ chooses physician j at time ¢ can be expressed as:

exp(5jt —+ ﬁijt X (C"‘)Z + Tt) + Zzt¢)
1+ Zk eXp(ékt + Pikt X (@i + Tt) + Zit(b).

(16)

Sijt =

Lastly, we obtain aggregate choice probabilities s;; by integrating over individual choice

probabilities s;;;
Sjt = /Sz]tdl (17>

5 Identification

The parameter vector of the model is {n, ®, 7,8, 0., ¢, w}. We start by noting that physi-
cians’ base profit from treating patients, 7, is neither identified nor relevant for physicians’
prescribing decisions, because only differences in utilities matter, as is standard in discrete

choice models. Therefore, without loss of generality, we normalize 7;; to zero.
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For the remaining parameters, our identification strategy exploits the fact that the pa-
rameter vector can be partitioned into two sets. The first set consists of parameters that
govern both the choice stage and the prescription stage of the model, Z; = {n,®,7}. The
second set consists of parameters that exclusively govern the choice stage, Zo = {8, 0, ¢}.
This partition allows us to separately discuss the sources of variation identifying =; and =s.

We start with the first set of parameters, =; = {n, ®, 7}, which govern both the prescrip-
tion and the choice stage. Importantly, these parameters can be identified using variation
in the prescription stage alone. In particular, identification follows the same logic as the
two-way fixed effects model used in our motivating evidence, following Abowd, Kramarz,
and Margolis (1999). Physician-specific prescribing propensities ) are identified from vari-
ation in observed prescriptions for the same patient across different physicians. Similarly,
the vector of patient opioid preference types © is pinned down from variation in observed
prescriptions written by the same physician for different patients. Note that this requires
patients to switch exogenously between physicians. As in Abowd, Kramarz, and Margolis
(1999), parameters are identified only for physicians and patients who are connected through
patient switching. We provide evidence of patients exogenously switching across physicians
in section [3l The coefficients of the yearly fixed effects 7 are identified from within-patient
variation in observed prescriptions across years, holding fixed both patient opioid preference
types ® and physician prescribing propensities 7.

Next, conditional on the identification of =;, we now discuss how data from the choice
stage of our model identify the remaining parameters Zo = {9, o¢, ¢}. The physician mean
utility parameters are physician-month fixed effects. Since our data contains observations for
all patients and physicians in a given month, these parameters are identified from differences
in observed physician choice frequencies, or market shares, within a month, holding fixed
Z;, the patient characteristics that affect the utility from an office visit. In other words, our
micro data allows us to directly identify the physician mean utility parameters. Next, the
demographic heterogeneity parameter vector ¢ is identified from differences in the probability
of seeking care across patients with different demographics Z;;, holding fixed physician mean
utilities . Lastly, the dispersion of patient information types o¢ is identified from the
time-persistent residual variation in patients’ perceived prescription probabilities p;;; over
time, conditional on patient opioid preference types ©®, physician prescribing propensities
1, and year fixed effects 7. Intuitively, patients choosing physicians differently from their
optimal choice if they knew the true physician prescribing propensities systematically and

persistently over time identifies the dispersion in patient information types, o¢.
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6 Estimation and Results

In this section, we describe how we estimate our structural model and present the estimation

results.

6.1 Estimation

Since our model implies that in the second stage of prescribing, the physician does not
consider her relative attractiveness to the patient or the information a patient has about
her prescription type in the first stage, it is natural to estimate the choice stage and the
prescription stage separately using a limited information maximum likelihood estimation
procedure closely following our identification argument.

In particular, we estimate the model in three steps. In the first step, we focus on the
prescription stage and estimate patients’ opioid preference types ©;, physicians’ prescribing
types n;, and yearly fixed effects T that affect prescription decisions, using realized prescrip-
tion decisions. In the second step, we take our prescription stage estimates as given and
estimate the demand parameters in the choice stage. These include the mean utility asso-
ciated with a physician d;;, the standard deviation of patients’ information types o, and
the parameter vector ¢, which governs time-varying patient characteristics that affect the
utility of an office visit. Identification comes from variation in patients’ physician choices.
In the last stage, we decompose estimated patients’ types ©O; into patients’ medical needs
(governed by f3;), patients’ opioid preference reflected in observables (governed by (), and
the residual unobservable patient opioid preference ;. We elaborate on each estimation step

below.
Step I: Estimation of Z; = {©,n, 7} from the prescription stage

We first note that the prescription stage depends only on E; = {®,n,7}. As shown
in equation in section [4 a physician’s prescription probability is given by p;;; =
%. We can reformulate this equation to the following two-way fixed effects logistic

regression model:

log(—L9L ) =, + ©; + 7. (18)

L — piji

Note that this reduced-form equation derived from the prescription stage closely resembles
our Abowd, Kramarz, and Margolis (1999)-style specification in equation for establishing
patient sorting. It differs from equation only due to the parametric type 1 extreme value

assumption on the error term ¢ in physician’s indirect utility.
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Given its similarity to equation (4f), equation is subject to the same identification
concerns. In particular, limited mobility bias might cause non-trivial bias when estimating
the fixed effects (Andrews, Gill, Schank, and Upward 2012; Bonhomme, Lamadon, and
Manresa [2019). Moreover, logit models are known to suffer from incidental parameter bias
when including fixed effects for each patient and physician. To address these issues, we
follow Bonhomme, Lamadon, and Manresa (2019) and Mourot (2025) and group physicians
and patients in exactly the same manner as in section [3] We then estimate the grouped
parameters using the prescription stage panel data via maximum likelihood. This step yields

estimates of 2 = {©,n, 7}, which we denote by él and take as given in step II.

Step II: Estimation of Z, = {J, 0, ¢} from the choice stage

Conditional on our estimates @1 from the prescription stage, we estimate the demand
side parameters 8, ¢, and o, in a second step using maximum likelihood. Our approach is
closely related to commonly used estimators in the health economics and industrial organi-
zation literature (Goolsbee and Petrin [2004; Ho 2006), but additionally leverages the panel
dimension of our choice stage data.

Although in principle the choice stage of our model could be estimated via unconstrained
maximum likelihood, doing so would require estimating thousands of § parameters, which
poses a substantial computational burden. Our data contain thousands of physicians ob-
served over 84 months, making it impractical to estimate a separate parameter for each
physician-month combination. We therefore follow the industrial organization literature and
concentrate out the demand side mean utilities d by imposing a market share constraint
(Berry 1994; Berry, Levinsohn, and Pakes |1995). We then maximize the constrained log-
likelihood of the choice stage over 2y = {o¢, ¢} only.

Conditional on our estimates from the prescription stage él, the constrained log-likelihood

of the choice stage can be written as

teT; jedt

N

Ly = Zlog/ H H(%t(f? Ezaéﬂ)yijtf((’;ag)d{ (19)
i=1

st 5j(Ba, §1) = Sji, (20)

where y;;; is an indicator equal to 1 if patient ¢ chooses physician j in month ¢, and 0
otherwise. S;; represents the observed market share of physician j in month ¢ in our data.
Because we use a two-step estimator, we need to adjust the standard errors of ég in the

second stage to account for the first-step estimation. Since we use maximum likelihood for
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both the first and the second step, it follows that under standard regularity conditions, the

variance-covariance matrix for the second step, ‘722, is given by (Murphy and Topel [2002)):

—~ ~ o~ o~~~ o~
Ve, =Va+ Vy(AVA)V,, (21)
where ‘71 is the variance-covariance matrix from the first-step logit estimation, ‘72 denotes
the variance-covariance matrix from the second-step likelihood estimation, and A is defined

as

~ 0Lz, 0L
A=3022)0), (22)

i =2 =1
where L;; denotes patient ¢’s individual contribution to the second-step likelihood. We

provide the details of these derivations in Appendix [G]

Step 11I: Separating Patient’s Opioid Preference from Patient’s Medical Needs

An important question for policy is whether prescription opioids are prescribed for medi-
cal reasons or instead reflect non-medical preferences. To answer this question, we decompose
our estimates of patients’ preference type (:)i, as in equation , into three components: pa-
tients’ medical needs (governed by f3;), observed opioid preference (governed by (3;), and a
residual unobservable patient opioid preference term 6;. We further adjust the corresponding
standard errors of step III to account for the multi-step estimation procedure. Specifically,
we adjust the standard errors analogous to equation following Murphy and Topel (2002).

6.2 Results

Estimates of patients’ preference and information types, as well as physicians’ prescribing
types, are reported in table ). We further decompose patients’ preference types in table [0

In table , the estimated variance of the patient information type, o¢, indicates sub-
stantial dispersion in patients’ perceptions about physicians’ prescribing propensities. This
suggests considerable heterogeneity in information across patients. While some patients ap-
pear to be well informed, others substantially overestimate or underestimate their likelihood
of obtaining prescription opioids during office visits.

Table 5| also shows that the patient preference type O is highly dispersed: some patients
exhibit a strong preference for prescription opioids, while others exhibit a strong distaste
for them. To gauge the magnitude, if a group 1 patient and a group 10 patient visit the
middle group physician in the base year, the difference in their likelihood of receiving an

opioid prescription is greater than 90%.
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When we decompose the patient preference type in table 0], it shows that our estimates
for patient preference types are strongly correlated with factors that the literature associates
with opioid demand. For instance, we estimate that patients with sickle cell disease, a condi-
tion explicitly mentioned in CDC prescribing guidelines as warranting opioid prescriptions,
exhibit a much higher opioid preference type than patients without the condition. Simi-
larly, patients with higher comorbidity scores, as measured by the Charlson Comorbidity
Index, and older patients tend to exhibit higher opioid preference. At the same time, our
estimates are also strongly correlated with factors for which the CDC recommends caution
in opioid prescribing. For example, previous opioid misuse or emergency room visits related
to overdoses strongly and positively correlate with patients’ opioid preference.

Regarding patient heterogeneity in the utility of an office visit in table [5, most patient
characteristics do not significantly affect whether patients initiate an office visit. The ex-
ception is prior opioid misuse, which is associated with a significantly higher likelihood of
visiting a physician.

We further estimate strong heterogeneity in prescribing propensities across physicians.
For example, consider a physician A with the lowest prescribing type (group 2) and a physi-
cian B with the highest prescribing type (group 1). The likelihood of prescribing opioids for
a patient with an average preference for opioids is 0.1% and 91%, respectively. These results
suggest that the choice of physician meaningfully affects prescribing outcomes, regardless of

patient opioid preference type.
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Table 5: Estimated Model Parameters

Estimate (Std. Error) Estimate (Std. Error)
Patient Information Type Patient Demographic Heterogeneity ¢
o¢ 2.7139 (0.093) Male -0.015 (0.012)
Charlson Comorbidity Index 0.002 (0.005)
Patient Preference Type ©; Opioid Misuse 0.071 (0.027)
Substance Use 0.027 (0.017)
O, -4.466 (0.589) Nonfatal Overdose -0.008 (0.023)
(C)) -1.995 (0.170) Age 20-24 0.095 (0.149)
O3 0.300 (0.136) Age 25-29 0.186 (0.143)
04 1.542 (0.132) Age 30-34 0.124 (0.141)
Os 2.006 (0.132) Age 35-39 0.149 (0.143)
O 2.312 (0.132) Age 40-44 0.233 (0.143)
07 2.759 (0.132) Age 45-49 0.186 (0.141)
Os 3.036 (0.134) Age 50-54 0.154 (0.141)
Oy 3.649 (0.139) Age 55-59 0.117 (0.145)
O19 5.905 (0.197) Age 60-65 0.042 (0.145)

Physician Prescribing Type 7;

" “8.678 (0.608)
ns -6.102 (0.229)
m -3.915 (0.195)
5 -3.573 (0.190)
6 -3.351 (0.188)
N7 -3.227 (0.188)
s -3.092 (0.187)
19 -2.909 (0.187)
o -2.603 (0.189)
Constant 0.440 (0.226)
Year FE v
Data

Patients (N) 11,909
Physicians (J) 8,059
Months (T) 84
Total Observations 126,357

Notes: This table reports estimated model parameters from the structural model. Standard errors
are adjusted for two-step estimation and reported in parentheses. The omitted age group is below
the age of 20.
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Table 6: Projecting estimated patient preference type onto medical needs and non-medical
opioid preference

Panel A: Type 1 (X)) Panel B: Type 2 (X3)
Variable Estimate (SE) Variable Estimate (SE)
Constant -1.829 (0.405) ER Visit Overdose 0.750 (0.473)
Cancer Pain 0.161 (0.106) Renal/Hepatic Insufficiency ~ -0.239 (0.150)
Sickle Cell Disease 1.183 (0.346) Mental Health Condition 0.059 (0.048)
Male 0.185 (0.046) Opioid Misuse 1.571 (0.132)
Outpatient Spend (avg.) -0.003 (0.000) Substance Use Disorder 0.307 (0.071)
Inpatient Spend (avg.) 0.187 (0.066) Nonfatal Overdose 0.173 (0.126)
Charlson CCI (avg.) 0.087 (0.020) Safety Profession 0.106 (0.081)
OOP visits (avg.) 0.000 (0.000)
ER visits (avg.) -0.015 (0.018)
OOP drugs (avg.) 0.274 (0.061)
Age 20-24 0.004 (0.270)
Age 2529 0.077 (0.255)
Age 30-34 0.356 (0.255)
Age 3539 0.409 (0.256)
Age 40-44 0.598 (0.276)
Age 45-49 1.524 (0.475)
Age 5054 1.538 (0.498)
Age 55-59 1.730 (0.496)
Age 60-65 2.532 (0.494)
Data
Patients (N) 11,909

Notes: OLS estimates from regressions of ©; on covariate sets Xy (Panel A) and X, (Panel B). Standard
errors are adjusted for two-step estimation and reported in parentheses. The omitted age group is below
the age of 20.
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7 Counterfactual Simulations

In this section, we demonstrate how patient sorting can influence the effectiveness of top
provider-targeted policies. Moreover, we show how an alternative policy eliminating pre-
scriptions based on non-medically justified preferences would lead to a larger and more
targeted reduction in aggregate prescriptions. We highlight the underlying economic mech-

anisms below and provide technical details on our implementation in Appendix [H]

7.1 Excluding Top Prescribers

We start by simulating the exclusion of the top 10% of physicians by risk-adjusted pre-
scription rate across all markets.[lz] This policy prevents patients from choosing any of the
excluded physicians. Our counterfactual exclusion policy closely mirrors real-world policies
such as the Drug Enforcement Administration’s prescription license revocation policy for
opioid prescribing physicians, but is more extreme in the percentage of excluded physicians
to illustrate the economic mechanisms and effects of these policies. We simulate the counter-
factual choices for all patients who see an excluded physician in the baseline. Patients who
chose an excluded physician in the baseline may either choose to see any of the remaining,
non-excluded physicians or the outside option of not seeing any physician in that month.

We hold fixed the choices of patients who did not see an excluded physician.

Figure 8: Excluding the top 10% of physicians by risk-adjusted prescription rate

100% 100%

95% 95%

90% 90%

85% 85%
80% 80%
“Baseline Exclude top 10% 75%Baseline Exclude top 10%
(a) Aggregate prescriptions (b) Aggregate visits

Notes: This figure plots the aggregate prescriptions and visits after excluding the top 10% of physicians by
risk-adjusted prescription rate. The numbers are expressed as percentage points relative to the baseline.

The left panel of Figure |8 compares the baseline and counterfactual aggregate prescrip-

tions in percentage points of the baseline. Aggregate opioid prescriptions are a key metric

14We define the risk-adjusted prescription rate in Appendix @
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for policymakers because opioid prescribing in the primary market is closely associated with
drug overdoses and mortality, with the majority of secondary market opioid supply orig-
inating from the primary market (Schnell . Figure [§] shows that our policy reduces
aggregate prescriptions by only around 12%, while aggregate visits drop by around 3%. In
light of the evidence presented in section [3| that the distribution of physicians’ prescription
intensity is highly skewed, with the top 10% of physicians in terms of raw prescription rates
accounting for 30% of aggregate prescriptions, this muted response is surprising. Given
the skewed distribution, everything else equal, excluding high-prescribing physicians should

reduce opioid prescription rates more dramaticallyﬁ

Figure 9: Average choice probabilities for each patient group (O group) by physician group
(n group).

0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000% 0.000%

0.096% 0.091% 0.098%

0.108%

0.098% 0.079% 0.074%

0.093% 0.080% 0.065% 0.055% 0.039% 0.019%

@1 e2 63 @4 @5 G)6 67 98 69 @10

Notes: Average choice probability of patients conditional on choosing a physician in the market. Patient
and physician groups are in ascending order.

However, this argument ignores the demand side response to top physician-targeted poli-
cies. To illustrate how the exclusion policy leads to patient choice reoptimization, we plot the
average choice probability for each physician prescribing propensity type group n across each

patient benefit type group ©. Figure [9 shows that patients with high opioid benefit type ©

15Given that the top 10% of physicians in terms of raw prescription rates accounting for 30% of aggregate
prescriptions, if we naively assume that affected patients would randomly switch to the remaining physicians,
a simple back-of-the-envelope calculation—without the structural model—would suggest that this counter-
factual reduces aggregate prescriptions by about 22%, even without considering the possibility of patient
forgo care. However, our structural model estimates show that this policy reduces aggregate prescriptions
by only 12%.
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are disproportionally more likely to choose physicians who prescribe opioids more frequently,
regardless of patients’ benefit type. In other words, when we limit patients’ choice sets to a
subset of physicians, affected patients will reoptimize by choosing the physician who, ceteris
paribus, most closely aligns with their preferences for prescription opioids. However, Fig-
ure [J also demonstrates that resorting is not perfectly aligned with patients automatically
choosing the highest prescribers. Our demand system flexibly captures differences in the
attractiveness of physicians, such as quality of care, friendliness of front desk staff, etc., via
the mean utility terms 6. Our estimates imply that these differences matter. In particular,
we show that although patients with positive benefit type ©, groups O3 to O, exhibit a
strong preference for prescription opioids, patients are slightly more likely to trade off a
higher probability for obtaining a prescription for better quality of care. Similarly, patients
who dislike prescription opioids, groups ©; and ©,, accept higher prescription probabilities
for better quality of care. Nevertheless, Figure [J] clearly demonstrates that patients do not
randomly choose physicians in response to exclusion policies. Patients resort to physicians.

Next, notice that aggregate visits decline under the exclusion policy as illustrated in
the right panel of Figure [§l This implies that a fraction of the observed reduction in the
aggregate prescription rate is driven by patients forgoing care. Our results imply that 64% of
the predicted reduction in aggregate prescriptions is attributable to patients being forced to
switch to physicians with lower prescription propensity, while the remaining 36% is caused

by patients forgoing care. We discuss this decomposition in Appendix [H.5]

7.2 Excluding Top Prescribers & No Resorting

A surprising outcome of our first counterfactual policy is that the exclusion policy’s effect
is attenuated by affected patients resorting to remaining physicians who are, everything else
equal, most likely to prescribe opioids. In this counterfactual, we quantify the importance
of the patient resorting effect by explicitly prohibiting resorting, i.e., preventing affected
patients from choosing their physicians. We simulate a counterfactual in which we allow
patients to only choose between being randomly assigned to a physician and not seeking
care in a given month. As before, we hold fixed all choices of unaffected patients.

Figure [10] illustrates that, without allowing patients to reoptimize their choices of physi-
cians, the exclusion policy studied in counterfactual 1 would reduce the opioid prescription
rate by an additional 11 percentage points. When policymakers naively ignore patient resort-
ing, expected policy effects may be substantially overstated, aligning more closely with our
results from counterfactual 1 than counterfactual 2. If a policy purely focuses on aggregate

prescriptions, top provider-targeted policies combined with restrictions for patient choices
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Figure 10: Excluding the top 10% of physicians and banning patient resorting

100% - x-————"—"—"—""—"—"—"———————————————————— 100% - Ge=—=x——"""""—""" "~ ———————————————
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85% 85%
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78.1%

75% - 75% -
Baseline Exclude top 10% Baseline Exclude top 10%

(a) Aggregate prescriptions (b) Aggregate visits

Notes: This figure plots the aggregate prescriptions and visits after excluding the top 10% of physicians by
risk-adjusted prescription rate and randomly assigning patients to the remaining physicians. The numbers
are expressed as percentage points relative to the baseline.

appear effective.

However, while banning resorting can substantially reduce aggregate prescribing, this
policy comes at a cost: patients forgoing care. Note that compared to counterfactual 1, the
additional reduction in aggregate prescriptions originates from two channels. First, elimi-
nating resorting prevents patients who remain in the market from optimally choosing their
physician. This eliminates resorting to physicians whose prescribing propensities are, ceteris
paribus, close to those of their original physicians who got excluded. Second, prohibiting re-
sorting also induces some patients to forgo care altogether, as random assignment makes the
outside option relatively more attractive. The right panel of figure [10] shows that aggregate
physician visits drop to only 93% of the baseline when resorting is prohibited. Preventing
affected patients from choosing their physician optimally based on their preferences leads
many to forgo care. Mechanically, this happens because we estimate substantial heterogene-
ity in benefit types © and prescribing propensity types 1. Random assignment makes it very
likely that a patient will be matched with a physician whose prescribing type does not align
with the patient’s preference irrespective of the patient’s benefit type.

We further decompose the additional 10.5 percentage point reduction in aggregate pre-
scriptions into the contribution of banning resorting (conditional on market participation)
and the contribution of patients forgoing care. We find that 15% of the reduction under
randomization is due to the elimination of patient resorting, while the remaining 85% is
driven by increased patient exit. We discuss this decomposition in Appendix [H.5 Because
a patient’s benefit type includes both medical necessity and preference for opioids due to

addiction, even patients who would qualify for opioid treatment under standard clinical
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guidelines (e.g., CDC recommendations) may be prevented from obtaining appropriate care.
This constitutes a clearly undesirable policy outcome.

In our next counterfactual, we explicitly address the trade-off between limiting non-
medically related preference-based sorting and the risk of denying access to medically ap-

propriate opioid prescriptions.

7.3 Breaking Bad Opioid Sorting

We now consider policies that allow patients with objective medical needs to remain in care
and receive opioid treatment while at the same time eliminating opioid prescriptions that are
based on patients’ non-medically justified preferences for prescription opioids. To do so, we
distinguish two types of sorting as in section [3} (i) sorting based on non-medically justified
preferences for prescription opioids (“bad sorting”), and (ii) sorting based on medical needs
(“good sorting”). In our counterfactual simulation, we enforce that physicians prescribe only
for legitimate medical reasons. Physicians cannot consider non-medically justified opioid
preferences for prescribing. Essentially, this policy aims to break bad sorting based on
non-medically justified preferences while preserving good sorting based on objective medical
needs. Specifically, for each patient in our data set, we require physicians to prescribe based

on the following rules:

1. A physician will consider the full benefit type © if the patient suffers from sickle cell
disease, cancer-related pain, or is in end-of-life care or palliative care. In other words,
we do not interfere with opioid prescribing for chronic pain associated with conditions

that are explicitly identified as medically justified in the CDC guidelines.

2. In all other cases, if a patient’s non-medically justified preference for opioids is positive,
ie., Xo Bg—i—éi > 0, the physician should ignore this preference and base the prescription
decision solely on medical needs, X; Bl. If a patient’s non-medically justified preference
is negative, we do not intervene, and the physician should take this preference into

account as well 19

Figure shows that eliminating bad sorting results in almost the same reduction in
opioid prescriptions as the randomization policy studied in counterfactual 2. Turning to
patient visits, however, we find a stark contrast: unlike randomization, enforcing more strin-
gent opioid prescribing guidelines leads to only a moderate decline in office visits comparable

to that under counterfactual 1, because patients are allowed to resort. In other words, our

Y6This rule implies that if a patient has any conditions mentioned in the CDC guideline (Dowell et al.
2022) that warrant caution, physicians must not prescribe opioids for pain based on this preference.
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Figure 11: Excluding the top 10% of physicians and breaking sorting based on non-medical
preference for opioids
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(a) Aggregate prescriptions (b) Aggregate visits

Notes: This figure plots the aggregate prescriptions and visits after excluding the top 10% of physicians
by risk-adjusted prescription rate and eliminating sorting based on non-medical preference for opioids. The
numbers are expressed as percentage points relative to the baseline.

counterfactual policy eliminates bad resorting almost as effectively as randomization while
largely keeping patients in care. Figure [12| further shows that these results do not depend

on the choice of cutoff value used to exclude physicians.

Figure 12
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(a) Aggregate prescriptions (b) Aggregate visits

Notes: Prescription rates and visits across all three counterfactuals as a function of exclusion percentile.

Such results further suggest that policy could eliminate discretionary prescribing for all
physicians, rather than targeting only top prescribers. Our final counterfactual explores
this possibiliity by applying the prescription rules to the universe of physicians. We find
that a policy eliminating discretionary prescribing for all physicians, without excluding any
physicians from the market, is approximately as effective as an exclusion policy that removes

the top 37% of physicians by risk-adjusted prescription rate, while still maintaining access
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to care for patients with medically justified preference for opioids.

8 Conclusion

In this paper, we provide novel evidence on how consumers sort into experts based on aligned
preferences. We demonstrate that patients with chronic pain strongly sort into physicians
based on their preferences for prescription opioids. We then estimate a structural model of
patient sorting and physician prescribing to understand the policy implications of patient
sorting.

Through counterfactual analyses, we quantify how sorting undermines policies that target
high-prescribing physicians, substantially attenuating their effectiveness. Moreover, nearly
all of this attenuation of top physician-targeted policies arises from resorting driven by non-
medically justified preferences for opioids. We further show that relatively straightforward
policies that eliminate physician discretion can fully eliminate undesirable patient sorting

while still preserving patients’ necessary medical needs.
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A Charlson Commorbidity Index (CCI)

We use weights in Schneeweiss, Wang, Avorn, and Glynn 2003 for each of the 17 conditions

suggested for the Charlson/Deyo variant (Deyo [1992). The 17 conditions are:

Comorbid Condition ICD10 Diagnosis Codes ‘Weights

Myocardial Infarction 121, 122, 125.2 1

Congestive Heart Failure 109.9, 111.0, 113.0, 113.2, 125.5, 142.0, 142.5-142.9, 143, 1
150, P29.0

Peripheral Vascular Disease 170, 171, 173.1, 173.8, 173.9, I77.1, 179.0, 179.2, K55.1, 1
K55.8, K55.9, 795.8, 795.9

Cerebrovascular Disease G45, G46, H34.0, 160-169 1

Dementia F00-F03, F05.1, G30, G31.1 1

Chronic Pulmonary Disease 127.8, 127.9, J40-J47, J60-J67, J68.4, J70.1, J70.3 1

Connective Tissue Disease MO05, M06, M31.5, M32-M34, M35.1, M35.3, M36.0 1

Peptic Ulcer Disease K25-K28 1

Mild Liver Disease B18, K70.0-K70.3, K70.9, K71.3-K71.5, K71.7, K73, 1
K74, K76.0, K76.2-K76.4, K76.8, K76.9, Z294.4

Diabetes w/o Complications E10.0-E10.1, E10.6, E10.8-E10.9, E11.0-E11.1, 1
E11.6, [E11.8-E11.9, E12.0-E12.1, E12.6,
E12.8-E12.9, E13.0-E13.1, E13.6, E13.8-E13.9,
E14.0-E14.1, E14.6, E14.8-E14.9

Diabetes w/ Chronic Complications | E10.2-E10.5, E10.7, E11.2-E11.5, E11.7, 2
E12.2-E125, EI12.7, E13.2-E13.5, E13.7,
E14.2-E14.5, E14.7

Paraplegia and Hemiplegia G04.1, G11.4, G80.1, G80.2, G&1, 82, (G83.0-(GR3.4, 2
G83.9

Renal Disease 112.0, 113.1, N03.2-N03.7, N05.2-N05.7, N18, N19, 2
N25.0, Z49.0-749.2, 794.0, 7Z99.2

Cancer C00-C26, C30-C34, C37-C41, (C43, (C45-C5h8, 2
C60-C76, C81-C85, C88, CI0—-C97

Moderate or Severe Liver Disease 185.0, 185.9, 186.4, 198.2, K70.4, K71.1, K72.1, K72.9, 3
K76.5-K76.7

Metastatic Carcinoma, C77-C80 6

HIV/AIDS B20-B22, B24 6

Table 7: Charlson Comorbidity Index: ICD10 Diagnoses and Weights

Patients in the following age groups receive additional points for their index:

Age Groups ‘Weights
<50 years 0
50-H9 years 1
60-69 years 2
70-79 years 3
>80 years 4

Table 8: Charlson Comorbidity Index: Age Groups and Weights
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B CDC Clinical Practice Guideline for Prescribing Opi-

oids for Pain

Dowell et al. 2022 provides recommendations for clinicians providing pain care, including
those prescribing opioids, for outpatients aged >18 years. For section [7.3] we follow the
guidelines and identify the medical conditions that justify (Table @ and discourage (Table
opioid prescriptions. In our data, we do not observe any patients receiving the palliative/

end-of-life care diagnosis.

Medical Diagnosis ICD10 Diagnosis Codes
sickle cell disease D57
cancer-related pain G89.3
palliative / end-of-life care 751.5

Table 9: Medical conditions that justify opioid prescriptions

Medical Diagnosis ICD10 Diagnosis Codes
sleep-disordered breathing G47.3

renal or hepatic insuffi- N17, K72
ciency

mental health condition F32, F41, F43
(anxiety, depression and

post-traumatic stress disor-

der)

opioid abuse F11, T40
substance use disorder F10, F12-F19
non-fatal overdose T36 - T39, T41 - 'T50

Table 10: Medical conditions that discourage opioid prescriptions

C Constructing expected out-of-pocket prescription opi-

oid costs

In our data, out-of-pocket opioid costs are observed only for chronic pain patients who
fill an opioid prescription. Following the demand-estimation literature (Berry, Levinsohn,
and Pakes (1995 Goolsbee and Petrin 2004)), we construct a measure of expected out-of-
pocket costs by computing the average opioid OOP cost at the plan—year—-month level among

observed users.
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1
N,

plan(i)t

OOPDy = Y 00PDy
i/€plan(i)t

Npian(iye is the number of patients in the same plan as patient ¢ in year-month ¢ that had
an opioid prescription. OOP Dy, is the average OOPD for all patient i’ that are in the same

insurance plan as patient ¢ in year-month ¢.

D Grouping Algorithm

To group both patients and providers, we first run two regressions to construct the average
risk-adjusted prescription rate across patients for providers, and the average risk-adjusted

prescription rate across providers for patients. In particular, we run

prescribe;;, — X8 = 1; + €t (23)

and
prescribe;;, — X8 = 0; + €. (24)

where X, is the patient characteristics defined in section [3] Whenever available, we use the
time-varying versions of these variables, including the Charlson comorbidity index, counts
of historical inpatient, outpatient, emergency-department visits, and emergency-department
visits related to overdose, historical out-of-pocket spending, and insurance cost sharing. We
then use our estimates for 7; and 0; to group patients and providers using the k-mean
clustering algorithm (Bonhomme, Lamadon, and Manresa [2019)) as in Mourot (2025). In the
second stage, we can then consistently estimate the two-way fixed effects model in equation

using our groups from the first stage.

E Figures
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Figure 13: Sorting

F Constructing a measure of opioid misuse

Following the literature, we classify an outpatient visit as involving opioid misuse if the
patient’s daily Morphine Equivalent Dosage (MED) exceeds 120 mg, given the documented
correlation between such prescription levels and opioid abuse (Meara et al. ; Staiger,
Baker, and Hernandez-Boussard 2022, Finkelstein, Gentzkow, and D. Li [2025). In this
section, we describe how we calculate the MED for an outpatient visit.

For a visit ¢, we observe all prescription drugs d, their active opioid ingredients o, and
the respective dosages in milligrams (mg). |T_7| Following the CDC guidelines (Dowell et al.
2022), we consider commonly prescribed opioid ingredients in pain management: codeine,
fentanyl, hydrocodone, hydromorphone, methadone, morphine, oxycodone, oxymorphone,
tapentadol, and tramadol. For each prescription drug d, we define its morphine equivalent

dosage (MED) as the sum of all opioid’s dosage multiplied by the conversion factor:

MED, = E dosage, X conversion,

optoid
0EN,

NP “0id Jenotes all the opioid ingredients found in drug d. conversion, is the conversion
factor used by the CDC to standardize the comparisons between opioids relative to morphine
and are found in Dowell et al. 2022l Hence, patient i’s daily MED in outpatient visit ¢ is
defined as the sum of all drug’s total daily MED:

1"Dosages in micromilligram (mcg) are divided by 1,000 to convert to milligrams (mg).
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MED; x METQTY 41
DAY SUP Py

MED; =
deNgre
N9 denotes all the drugs prescribed to patient i in outpatient visit t. METQT Yy
is the metric quantity of drug d for patient ¢ in outpatient visit ¢ (i.e., number of pills
prescribed). DAY SU P Py;; is drug d’s days of supplement for patient 7 in outpatient visit ¢.

Hence, an outpatient visit ¢ is defined as an opioid misuse if M ED;; exceeds 120 mg.

G Gradient for likelihood equation

In this section, we describe how we derive the gradient for the likelihood equation [I9, We

use these derivations to calculate the Murphy-Topel adjusted standard errors in equations

and 22

We can now derive the following partial derivatives. For each element m of the ¢ vector

and with some abuse of notation (integral vs sum), we have

asjt _ Z +o0 asijt Z ' S s dF(C) (25)
a(;s{m} - o a¢{m} Z ijt930t

Osji = O [+

Tag = ZZ: aUC/oo Sijt dF(C) (26)

Let g denote a specific physician group. For each element g of the n vector, we consider:

e if physician j € ¢

aSjt aszgt
Z / {g} FQ)

8773{9} oo On;

+0oo
— Z/ Szgt @ +Oéth)

ngt(l - ngt szlt 1 - pzlt)szlt:| dF(C) (27)

leg
e if physician j ¢ g

aSjt /+OO asm
= dF(¢)
877{9} Z 0o an{g}

j %

+oo
= _Z/ Szyt @ +04th

szlt 1- let Szlt:| dF(C) (28)

leg
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Similarly, for the constant term, we have

88]‘t (%Ut
Ocons Z/ acons FQ
+00
= Z/ 8ijt(0i + aXit) | pige(1 — pije) — Z Pit(L = pae)sie | dF(C). (29)
i VT l
Let k denote a specific patient group. For each element k of the © vector, we have:

ol =3 B o (30)

a0 a@{’“}
with:
Osiyr ) St [(©; + Xira) (Pije(1 — pije) — Doy Sawepae (L — piwe)) + Pije — Yy Siepire] i €k
L =
O ifi¢k

For each element m of a, we have
aSjt 0 88Z]t
Dalm) Z / datmr ()
= Z/ SZ]tX{m}

it — Y Surhie
I

(@z + Xz‘tOé) <ﬁz]t pzyt Z Szltpzlt 1 - let)>

dF((). (31)

For the partial derivatives with respect to d, we have

0sjt 08;it _ +00 )
&Sjt Z/ aajt dF(C) —Zi: / . sijt(1 — sije) dF(C), (32)

and

85 881 +oo
o~ Z/ 5, oF (0:; /_ s dF(Q) (33)

The fixed point imposes that the predicted shares are equal to the observed shares. That

is, 0 = 54(Z) — Sj;. By the implicit function theorem, we have that

(ddt s, do, dé,  db, d(St) B (83t>_1[38t dsy Osy  Os¢  0sy Osy

E@%dcons%@ T&?q8¢%ﬁcons%%
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Now, we can use these to form the components of the Murphy-Topel adjusted standard
errors, which consist of the gradients of the loglikelihood with respect to =, = (O’C, gzﬁ{m})
and =, = (cons, nie} otk a{m}). From equation , we have:

oL -
852 —1og / 1T 11 (siit(¢ B2, Ba))visr dF(C) (34)

teT; g€

8£2 _ A it
==Y e tow [ TT [ Gsuntci=a B ar (o) (35)

teT; jeJt

Note that we can easily calculate the gradients for the outside good choice probabilities because

siot = 1 — >, sir. Therefore, the respective gradients are

85@07& — _ Z asllt (36)
l

where v € {o¢, ot cons, pled, @tk olmiy,

H Technical Details on Counterfactual Simulations

We consider four counterfactual scenarios. Table presents each of the scenarios. When we
exclude physicians, we focus on the counterfactual choice probabilities of the affected patients,
holding the choices of non-affected patients fixed. We need s;j; and p;j; of the affected patients

to examine the counterfactual physician choice and opioid prescriptions. Note: BBS = break bad

sorting.
Did s;;; change? | Did p;;; change? Affected Patients
CF1 (exclude, resort) Yes No Patients that chose excluded physicians
CF2 (exclude, randomize) Yes No Patients that chose excluded physicians
Patients that chose excluded physicians
d hs dical conditions that
CF3 (exclude, BBS) Yes, through p Yes RE ave medica’ CoNAUONS Tha

discourage opioid preference

and (Xzi,ég + él) >0

Patients that chose inside physicians
and have medical conditions that
discourage opioid preference

and (Xo;520;) > 0

CF4 (BBS) Yes, through p Yes

Table 11: Counterfactual simulations
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H.1 CF1: Exclude top % physician and affected patients resort

We simulate the exclusion policy by dropping physicians in the top n‘* percentile of risk-adjusted
prescription rate. We set the mean utility d;; of the excluded physicians as —oco. We use Gaussian
quadrature to calculate the choice probabilities s;;;. Thus, the patient’s perceived prescription

probabilities p;j;n at each integration node h is:

exp(nj + ©; + 1) * exp(()
1 +exp(nj + O; + 7¢) * exp((;)

Pijt =

where (j, is the integration node. The patient’s choice probabilities s;js, are:

exp (65 + pijt X (05 + T¢) + Zud)
14> exp(0t + ikt X (©; + T¢) + Zud)

Sijt =

H.2 CF2: Exclude top % physician and randomize affected pa-
tient choice

For this counterfactual, we use Monte Carlo integration to compute the choice probabilities s;;;.
At each Monte Carlo draw m, we have J + 1 T1EV errors and one standard normal draw for each
patient 7, scaled by the dispersion of information type, o¢. The perceived prescription probabilities

are:

exp(nj + ©; + 7¢) x exp(Gn)
1 +exp(n; +0O; + 7) *exp(Gm)

Pijtm =

The indirect utility of a non-excluded physician is given by:

Wijtm = Ojt + [Pijtm * (O + 7¢)| + Zitd + Vjtm

We calculate the weighted-average utility of all non-excluded physicians and compare it with the
realized T1EV error of the outside option. The weights are the conditional market share of the

non-excluded physicians. Patients choose the outside option if and only if:

Votm = Uitm

where vy, is the TIEV of the outside option in market ¢ at MC draw m and @y, is the weighted

average utility of the non-excluded physicians and takes the form:

— cond
Ujtm = E Sit - X Uijtm

jé¢excluded
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s%’"d is the conditional market share of the non-excluded physicians. We implement this 100 times
per patient and use the average across the 100 trials to calculate the counterfactual probability
of choosing the outside option, s;o;. We calculate the counterfactual choice probabilities s;;; by

multiplying 1 — s;0; with the conditional market shares of the non-excluded physicians.

H.3 CF3: CF1 + breaking bad sorting

This counterfactual exercise is similar to CF1, where we exclude physicians and allow patients to
resort. Additionally, we enforce the CDC guidelines (Dowell et al.|2022) and require physicians to

prescribe based on the following rules:

1. If the patient suffers from sickle cell disease, cancer-related pain, or is in end-of life care,
palliative care, or has negative non-medical preferences (i.e.,Xi2BQ +6; < 0), the prescription

rates are unchanged:

9;
exp | nj + XuB1 + XipfBo + 0, + 7

Pijt =
1+ > exp [+ X1+ Xiofo+ 0+ 7
6

2. If the patient does not suffer from sickle cell disease, cancer-related pain, and is not in end-of-
life care, palliative care, and has positive non-medical preferences, physicians should ignore

the non-medical preferences and base the prescription decision on medical needs:

9;
—~
exp [ n; + Xafr1+ 7

Pijt =
l+exp | n+Xubi+ 7
—
0O;

As a result, the choice probabilities s;;; for the first group of patients remain unchanged; whereas
the choice probabilities for the second group of patients are:

f(©i=X;151) unchanged
~~

~ =
exp [ 60+ pijr  x( Oy A+ m)+ Zud

Sijt =

14> exp | Ot + 5ikt xX( ©; 4 7))+ Zud

f(é)i:XﬂBl) unchanged
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H.4 CF4: Breaking Bad Sorting

Similar to CF3, we adapt the CDC guidelines and require physicians to ignore non-medical prefer-
ences for patients not suffering from sickle cell disease, cancer-related pain, and not in end-of-life
care, palliative care, and have positive non-medical preferences. We do not exclude any physicians
and allow patients to resort, knowing that physicians are now strictly following the CDC guide-
lines for opioid prescriptions. We examine the counterfactual choice probabilities of patients who

originally chose a physician, holding the shares of patients who chose the outside option fixed.

H.5 Decomposing the drop in aggregate prescriptions

Table 12: Excluding top 10% of physicians

‘ Resorting ‘ No Resorting

Abaseline (pp) -114 -10.5
— Forego Care -4.0 (36%) | -8.9 (85%)
— Switch Physicians | -7.3 (64%) | -1.6 (15%)

Note: To quantify foregone care and switch-physician channels, we implement versions of CF1
and CF2 where we restrict patients to choose the inside options. Denote Ya’%l as the outcome of
counterfactual k£ when patients can choose both inside and outside options and YZ’Z as the outcome
of counterfactual £ when patients can only choose the inside options. In the “resorting” column, the
switch-physician channel is identified by YZ%, and the forego care channel is identified by Y} — Yalll'
In the “no resorting” column, the switch physician channel is identified by Y“I1 — YZ% and the forego
care channel is identified by (Y2 —Y2) — (YL — Y1)
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