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ABSTRACT. While medical research has addressed the clinical management of chronic opioid users, little is
known about how operational interventions shortly after opioid initiation can impact a patient’s likelihood of
long-term opioid use. Using a nationwide US database of medical and pharmaceutical claims, we investigate the
care delivery process at the most common entry point to opioid use: the primary care setting. For patients who
return to primary care for a follow-up appointment within 30 days of opioid initiation, we ask: who should revisit
(and potentially revise) the opioid-based treatment plan, the initial prescriber (provider concordance) or an
alternate clinician (provider discordance)? First, using a fully controlled logistic model, we find that provider
discordance reduces the likelihood of long-term opioid use 12 months after opioid initiation by 31% (95% CI:
[18%, 43%]). Both an instrumental variable analysis and propensity-score matching (utilizing the minimum-bias
estimator approach) that account for omitted variable bias indicate this is a conservative estimate of the true
causal effect. Second, looking at patient activities immediately after the follow-up appointment, we find that this
long-term reduction is at least partially explained by an immediate reduction in opioids prescribed after the
follow-up appointment. Third, the data suggest that the benefit associated with provider discordance remains
significant regardless of whether the patient’s initial prescriber was their regular provider (versus another
clinician). Overall, our analysis indicates that systematic, operational changes in the early stages of managing
new opioid patients may offer a promising, and hitherto overlooked, opportunity to curb the opioid epidemic.

1

1.

INTRODUCTION

Over the past 30 years, the opioid epidemic has escalated to claim more than 130 lives each day in the United
States. Opioid overdoses resulted in 47,600 deaths in 2017 alone, a 12% increase from 2016 (Scholl et al. 2019),
rendering the epidemic one of the driving contributors to the nation’s recent decrease in life expectancy (Dowell
et al. 2017). To curb inappropriate opioid usage, the US has introduced interventions including prescription drug
monitoring programs, increasing the availability of overdose-preventing drugs, and funding research into abusedeterrent or tamper-resistant opioid formulations (Grosser et al. 2017, Pitt et al. 2018). However, as demonstrated
by the surge in opioid-related overdoses and deaths during the recent Covid-19 crisis (American Medical
Association 2020, Holland et al. 2021), the opioid epidemic is far from over.
One limitation of many current opioid-reducing initiatives is their focus on high-risk chronic opioid users –
patients filling high dosage opioid prescriptions or heroin users. These high-risk patients can be difficult to treat,
as they are often dependent on prescribed opioids or else obtain opioids illicitly and no longer rely on the
healthcare system to provide opioid access (Pitt et al. 2018, Scholl et al. 2019). Moreover, while these patients
are at the highest immediate risk of overdose, they are, in a sense, only the tip of the iceberg. With the majority
of heroin users reporting that their journey to dependence began with a legal opioid prescription (Compton et al.
2016), more research is needed to identify early interventions that could effectively disrupt the pathway from
first prescription to opioid dependence.
We address this gap in the literature by empirically examining the process of managing new opioid initiates in
the primary care setting. Primary care clinicians are the largest group of opioid prescribers and often serve as the
first encounter for patients with noncancer pain (Grosser et al. 2017, Levy et al. 2015). While some patients do
not return to the primary care setting after their initial opioid prescription (either because their pain has subsided
or because they receive subsequent care from a different specialty), other patients return for further diagnosis or
to assess the progress of treatment. This follow-up appointment offers a chance to revisit and potentially revise
the initial treatment plan based on health progression and any other new information.
For those patients who continue seeking treatment in the primary care setting after opioid initiation, we therefore
ask: who should revisit the treatment plan with the patient, the original prescriber (i.e., provider concordance) or
another clinician (i.e., provider discordance)? 1 While a different clinician can expose the patient to a “fresh
perspective” and prevent anchoring to the original opioid treatment course, it may also lead to more fragmented
care and reduce physician “ownership” of the long-term health of the patient (Ahuja et al. 2020, Ariely et al.
2003, Senot 2019). Although prescriber continuity is typically recommended for patients already dependent on
opioids (Hallvik et al. 2018, Jena et al. 2014), the overall impact of exposing a patient to variation in providers
in the initial stages of opioid use is not immediately clear.
We examine the care delivery process for new opioid initiates in the primary care setting by leveraging a
nationwide claims database of more than 3.5 million patients. First, we find empirical evidence that incorporating
provider discordance early in the care management process may reduce long-term opioid use rates by at least
1

Note we do not make any evaluation on the clinical efficacy of the opioid regimen. Instead, we explore a change to the management process
(i.e. provider discordance or concordance after opioid initiation) that does not directly impact clinical judgement but may materially impact
the patient’s likelihood of long-term opioid use.
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31% (95% confidence interval [CI]: 18%, 43%). After identifying the main effect, we analyze a potential
mechanism for the relationship: whether the patient fills a subsequent opioid prescription after the follow-up
appointment. We also examine different discordant care pathways to determine whether the effect size differs
depending on whether the patient was prescribed opioids by their regular (i.e., most frequently visited) primary
care provider or by another clinician.
While continued opioid use is clinically justified and effectively reduces pain for some patients, the risks of
inappropriate or long-term opioid use can be severe (Dowell et al. 2017, Glod 2017, Pitt et al. 2018). Overall,
this research suggests that investigation into systematic changes following the initiation of opioids could be a
promising and hitherto overlooked opportunity to reduce the influx of patients afflicted by the opioid epidemic.
2.

THEORY AND HYPOTHESIS DEVELOPMENT

2.1 Related Literature
In the early stages of opioid use, it is not always clear whether the pain relief offered by opioid treatment will
outweigh the possible risks of clinical harm and dependence (Deyo et al. 2017, Dowell et al. 2016). This
uncertainty can lead to variation in care, such that a patient may receive a different treatment based on nonclinical factors, including the medical knowledge of the diagnosing clinician and location of care (Green 2012).
This phenomenon has been acutely observed in the opioid context, where the number of opioid pills consumed
by patients after surgery varied markedly depending on, e.g., the default opioid pill count presented in the
electronic medical record system and the quantity contained in a first prescription (Chiu et al. 2018, Farley et al.
2019).
Traditionally, the healthcare operations community has helped address care variation by developing decision
support tools that, e.g., prioritize hospital discharge decisions (Chan et al. 2012), optimize cancer screening
schedules (Ayer et al. 2012), inform hospital capacity decisions (Song et al. 2019), and balance fairness with
efficiency when allocating organ transplant resources (Dickerson et al. 2019). In their respective clinical
contexts, these tools effectively minimize unwarranted care variation and improve overall patient outcomes.
However, in the context of opioids where clinicians lack an objective scale to measure the patient’s level of pain
(Morone and Weiner 2013), algorithms have limited utility in reducing variation of care.
Meanwhile, researchers have recently started to explore the potential benefits of variation when introduced within
the care pathway of an individual patient (Ahuja et al. 2020, Chan et al. 2019, Kuntz et al. 2019). Especially for
medical conditions where multiple viable treatment options exist, patients may benefit from exposure to a variety
of providers and treatment options as they search for the best solution to their problems (Christensen et al. 2009).
For pain management in particular, pharmacological therapy such as opioids represents only one of many potential
treatment modalities; alternatives include physical rehabilitation, psychological therapy, and interventional
treatments such as injections and surgical procedures (Owen et al. 2018).
In the early stages of pain management, the question of which provider is best positioned to revisit the treatment
plan is akin to the notion of gatekeeping. Past research has investigated the initial provider, who decides whether
to manage the patient’s treatment alone or to refer the patient to a specialist (Freeman et al. 2017, 2020, Shumsky
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and Pinker 2003). In these settings, the additional cost of treatment by a specialist is weighed against the cost of
failing to solve the patient’s problem without specialist input. Our context also involves the patient potentially
seeing two different clinicians. However, while the gatekeeping notion is predicated on referral to a specialist, we
focus on alternative providers within the same care level (i.e., primary care). Furthermore, gatekeeping is an
active, endogenous escalation decision by the initial clinician; in contrast, we study an exogenous process change
(e.g., to patient scheduling) that is not necessarily taken by the initial prescriber.
This concept of routing during the early stages of opioid use is also related to studies on continuity of care. Such
work typically focuses on the long-term management of patients who are already suffering from specific chronic
conditions, e.g., heart failure (Senot 2019), diabetes (Ahuja et al. 2020), or opioid dependence (Hallvik et al.
2018). While most studies in these chronic settings find that patients benefit from repeated appointments with the
same practitioner, we focus on patients prior to chronicity. Additionally, we highlight the importance of earlystage management as part of a strategy to prevent risk escalation in the first place. As outlined below, we
hypothesize that the process of care delivery (namely provider concordance or discordance) during these critical
initial stages may have a significant bearing on later outcomes.
2.2 The Effect of Provider Discordance
In medical settings, clinician discordance is generally recognized to confer two main advantages. First, combining
the knowledge pools of two clinicians enlarges the information base used in decision-making (Ahuja et al. 2020,
Brooks et al. 2015). The new clinician may know of alternative treatments or could elicit new information from
the patient that proves important in weighing the trade-offs between potential treatments. This new perspective
may be particularly important for the early stages of opioid use given the array of clinically viable treatment
options available for pain management (Owen et al. 2018).
Second, the sequential, independent decision-making process involved when seeing two different clinicians can
help counteract cognitive biases such as confirmation bias and anchoring (Ariely et al. 2003, Gino and Pisano
2008). Following the initial decision to prescribe an opioid, a practitioner’s desire to remain coherent over time
may bias them against stopping the prescription. For example, Staats et al. (2018) show that providers with more
experience may get caught in the status quo, rendering them less able to objectively update their beliefs in light
of new information. A change in provider may thus increase the odds of a patient being transitioned to a new (i.e.,
non-opioid) course of treatment.
Despite potential benefits, clinician discordance is typically discouraged in medicine as it increases fragmentation
of care. Receiving care from multiple clinicians can result in lapses in communication and coordination,
exacerbated when providers do not share clinical data (Clark et al. 2013, Senot 2019). Both tacit and explicit
information can be lost, reducing providers’ opportunities to learn (e.g., by augmenting existing data with new
information) and to adjust treatment over time (Reagans et al. 2005).
With respect to opioid-management specifically, the medical literature has examined the role of provider
discordance in the post-acute phase of opioid-use. Since the past prescription is a known risk factor for longterm use (Deyo et al. 2017), a provider’s awareness of the patient’s opioid history may reduce their likelihood
of offering additional opioids. Studies have also identified that involving fewer distinct clinicians in chronic
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opioid management is associated with a reduced number of high-risk prescriptions, opioid-related
hospitalizations, and overdose (Hallvik et al. 2018, Jena et al. 2014).
Generally, in this post-acute phase of opioid use, it appears important for patients to avoid the potential
disadvantages of care fragmentation. However, to our knowledge, the value of seeing multiple primary care
clinicians during the initial phase of opioid use has not been evaluated. We believe that for these new opioid
users, the advantages of clinician discordance (an enlarged information base and correction to confirmation bias
and anchoring) are likely to outweigh the disadvantages. This is captured in Hypothesis 1:
Hypothesis 1. After an initial opioid prescription, if the patient’s follow-up appointment is with an alternate
clinician compared to their initial opioid prescriber (provider discordance), then the patient’s likelihood of
becoming a long-term opioid user is reduced.
2.3 A Potential Mechanism
If a follow-up appointment with an alternate clinician reduces the likelihood of becoming a long-term opioid user
(Hypothesis 1), then one would also expect a change in the patient’s short-term opioid usage. A natural candidate
for a mechanism in the relationship between provider discordance and long-term opioid use is the patient’s opioid
use shortly after the follow-up visit.
If this relationship exists, we expect to observe that patients who see a different doctor for their follow-up
appointment will be less likely to fill an opioid prescription soon after the follow-up visit, following the arguments
of Section 2.2. We also expect to observe an association between filling an opioid prescription soon after the
follow-up appointment and the rate of long-term opioid use. These associations are tested in Hypotheses 2a-b:
Hypothesis 2a. Patients who experience provider discordance are less likely to fill an opioid prescription
immediately after the follow-up appointment.
Hypothesis 2b. Patients who fill an opioid prescription immediately after their follow-up appointment are more
likely to become long-term opioid users.
Note that our intention is not to establish a causal connection through these hypotheses. Instead, we aim to provide
further evidence of the effect of provider discordance on long-term opioid use (Hypothesis 1) by investigating an
observable change in patient activity shortly after the follow-up appointment.
2.4 Provider Discordance Pathways
Many patients have a regular primary care provider who the patient sees most frequently for their health needs
(Atlas et al. 2009). Through repeated interactions, the patient’s regular provider typically will have acquired
knowledge of the patient’s comorbidities, medical, and family history. Likewise, a patient is more likely to have
familiarity and trust in their regular provider, creating an environment where they may be more willing to share
personal information (Siemsen et al. 2009).
As a regular provider is more likely to take personal responsibility or ownership for the patient’s long-term health
(Jena et al. 2014, Senot 2019), we anticipate that they are well-positioned to balance short-term pain against long5

term risks of continued opioid use. Therefore, we would expect a regular provider to be more likely than an
alternate clinician to encourage conservative treatment plans. Likewise, greater familiarity and trust may increase
a patients’ willingness to explore alternative non-opioid treatment options proposed by a regular provider (Ahuja
et al. 2020b).
Not only could seeing a regular provider have a net impact on opioid use, but patients who switch to and from
their regular clinician in the early stages of opioid use may not benefit equally from provider discordance. For
instance, we might expect that patients who were initially prescribed opioids by their regular provider will receive
little benefit from discordance if the follow-up provider is less willing to adjust the regular provider’s care plan.
By comparison, a patient who initiates opioids with an alternate provider (perhaps due to acute onset of pain and
unavailability of their regular provider) then switches to their regular provider for follow-up may benefit greatly
from the fresh perspective and familiarity of their regular provider. This motivates Hypothesis 3:
Hypothesis 3. The relative reduction of long-term opioid use rates from provider discordance is stronger when
patients change from an alternate clinician to their regular provider for the follow-up appointment, compared
to patients who switch away from their regular provider to an alternate clinician.
3.

DATA SOURCES AND VARIABLE CONSTRUCTION

3.1 Data Description
For this retrospective cohort study, we used a multi-payer dataset that includes the insurance claim information
of approximately 3.5 million beneficiaries in the US. While claims data are complex to analyze – often containing
duplicated or missing information – they are also a rich source for observational studies (Hopp et al. 2018, Jena
et al. 2014). They contain past utilization patterns, information about patient comorbidities, prescription fills,
and details of the clinicians involved in the patient journey.
Patients in the sample were insured by a commercial or government (Medicare or Medicaid) plan and each has
at least 18 months of continuous medical and pharmaceutical claims eligibility between September 2012 and
December 2018. This continuous eligibility requirement ensured that we could observe the patient history both
before and after their initial opioid prescription. The patient-level eligibility data also included the date of birth,
gender, and location information for each unique patient-payer entry.
The medical claims data contain information including the unique patient and payer identifier, up to the first ten
diagnosis codes (International Classification of Disease, ICD9 and ICD10), rendering provider identifier (linked
to the National Provider Identifier [NPI]), and service location type (office, inpatient, emergency department,
etc.). The NPI was linked to the National Plan and Provider Enumeration System (NPPES) database to obtain
clinician information including credentials (MD, DO, PA, NP, etc.), specialty description, and office name and
location(s).
The pharmaceutical claims data contain information including the unique patient identifier, prescribing physician
identifier (linked to the NPI), generic product identifier (GPI) classification, drug base, drug strength, drug
dosage form (e.g., tablet, patch), prescription quantity, days supplied, and filled date. The research methodology
was reviewed and approved by the Ethics Committee at [INTENTIONALLY LEFT BLANK].
6

3.2 Sample Selection
To ensure clinical accuracy and interpretability, we closely followed related medical literature on opioid misuse
when selecting the sample (Barnett et al. 2017, Dowell et al. 2016, Jena et al. 2014). New opioid users were
identified using the two-digit GPI classification in the pharmaceutical claims. After a clean period of at least six
months during which no opioid prescriptions were filled, we identified the start of a new opioid episode based
on when the patient filled their index opioid prescription.
We then used the prescriber’s unique identifier to subset the sample to new patient opioid use episodes that could
be linked to a corresponding medical claim (considered to be the prescribing visit) in the 14 days prior to filling
the prescription (Hoopes et al. 2018). The prescribing appointment must have taken place in the primary care
office setting, which we identified using the Centers for Medicare and Medicaid Services (CMS) service location
code and the prescriber’s specialty as reported in NPPES.
To study the beginning phase of primary care management for new opioid initiates, we excluded all patients who
did not return to the primary care setting within 30 days of filling the initial opioid prescription for the same
condition. Consistent with defining the study sample, any corresponding intervention should be designed only
to target patients who were already returning to the primary care for follow-up (i.e., not the “one-and-done”
patients). However, for completeness, models within Supplement Methods S14 account for this censoring to
estimate the effect of provider discordance if the intervention were applied to the full population of opioid
initiates.
We also excluded patients who were diagnosed with cancer or end-stage renal disease or who were under the
age of 18 at the start of the episode. In this way, we identified 11,340 new opioid patients who had follow-up
appointments within 30 days. Supplement Part I provides summary statistics of the patient sample and a detailed
list of inclusion and exclusion criteria.
3.3 Independent Variable
For each opioid episode, we identified the patient’s first follow-up appointment in the primary care setting
occurring within 30 days after filling the initial opioid prescription. To increase confidence that the follow-up
was related to the initial prescription, the prescribing and follow-up appointments were required to share at least
one of the top three ICD diagnosis chapters. A binary independent variable captured whether the initial prescriber
was different from the clinician seen for the follow-up appointment (i.e., provider discordance). Of the 11,340
episodes in the sample, 3,211 (28.3%) experienced provider discordance.
3.4 Dependent Variable
The primary dependent variable was long-term opioid use. This is typically defined in the medical literature as
the patient having filled a minimum of 180 days supplied of opioid prescriptions within the first 360 days after
opioid initiation, excluding any days supplied within the first 30 days of the initial prescription (Barnett et al.
2017). The 30-day exclusion period separates the exposure period from the outcome measure, eliminating the
concern that the exposure and outcome are correlated by definition.
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Because the days supplied field is often auto-populated in pharmaceutical claims, we confirmed robustness of
the findings by computing an alternative definition of long-term opioid use that does not depend on the days
supplied. Using the CMS standard baseline conversion to compute the full prescription dosage, we calculated
patients’ daily strength of opioids using the number of days between prescription filled dates (Centers for
Medicare and Medicaid Services 2018). Patients were flagged for long-term opioid use if they had a daily dosage
of 20 MME or higher 360 days after the initial prescription, a moderate threshold associated with an elevated
risk of opioid-related complications and overdose (Dowell et al. 2016).
The two measures of long-term opioid use will be referred to as the days supplied or daily strength definitions
throughout the paper. Whenever the measurement is not specified in the paper, the results correspond to the days
supplied measure. In our sample, 10.0% of patients were considered long-term opioid users based on the days
supplied definition and 5.9% using the daily strength definition. The rates of long-term opioid use were higher
amongst patients who experienced provider concordance (11.5% and 6.9%, using the two long-term opioid use
definitions, respectively) compared to those who experienced provider discordance (6.2% and 3.4%,
respectively). More information on the construction of the dependent variable can be found in Supplement
Methods S2.
3.5 Controls
To isolate the impact of provider discordance on long-term opioid use, it is important to control for any
observable factors which influence both provider discordance and a patient’s propensity to continue opioid use.
First, we gathered characteristics of the initial prescription which may be related to the patient’s acuity (i.e., the
speed of onset of the condition and need for timely evaluation) and severity (i.e., how bad the condition is).
These included covariates for the drug base, average daily opioid strength, and prescription days supplied of the
initial opioid prescription (Deyo et al. 2017, Levy et al. 2015).2 We also included the specialty category of the
patient’s first prescriber (family medicine, internal medicine, nurse practitioner, or physician assistant), which
may be related to the urgency under which the first appointment was scheduled (e.g., a more acute patient may
schedule a last-minute appointment with a covering nurse practitioner or physician assistant).
Second, patient characteristics and clinical factors may have influenced both the patient’s access to and
preference for an alternate primary care clinician, as well as their likelihood of continuing long-term opioid use
(Green 2012, Scholl et al. 2019). As such, we included the following patient characteristics: age, sex, payer type,
disability status (defined as patients under 65 qualified for a Medicare plan). Condition-related controls included
the ICD diagnosis chapter common to the initial and follow-up appointments of the episode, as well as a set of
binary variables identifying chronic conditions within the patient’s medical history: asthma, coronary artery
disease, congestive heart failure, chronic obstructive pulmonary disease, depression, diabetes, and hypertension.
Last, we controlled for the context in which the initial opioid prescription was made. As the study included over
five years of observations for patients located across the United States, macro-level changes to primary care
scheduling practices or opioid management may have occurred during that time (Dowell et al. 2017, Grosser et
2

To estimate the average daily opioid strength, the total MME of the initial prescription was divided by the days supplied reported in the
pharmaceutical claims (Shah et al. 2017). If multiple prescriptions were filled on the same day, we combined the total MME and divided by
the longest period of days supplied.
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al. 2017). For example, patients have become more aware of the risks associated with opioids throughout the
study period, e.g., driven by media attention. As such, a time covariate that counts the months since the beginning
of the study. We also linked the patient’s address information to the annual state-level opioid prescription rate
to account for the opioid prescribing culture in the patient’s state at the start of their episode (Centers for Disease
Control and Prevention 2018).
Within this set of context-related controls, we also adjusted for geographical disparities in opioid prescription
and overdose rates by controlling for the patient’s geographical census region as well as a nine-level
classification of the degree of urbanization and proximity to a metropolitan area for the patient’s home address
(Cromartie 2013). In addition, we controlled for the opioid-prescribing practices of the initial primary care
provider. For this covariate, we calculated the rate at which the prescribing clinician’s other patients continued
long-term opioid use 12 months after opioid initiation. Supplement Methods S1-S2 contain further details on
definitions and calculations of the control variables.
3.6 Identifying the Regular Primary Care Provider
To investigate the different discordant care pathways, we used up to two years of a patient’s medical history
prior to opioid initiation to infer the patient’s regular primary care provider. This regular provider was identified
as the provider who saw the patient most frequently; in case of a tie, the regular provider was assigned based on
which provider saw the patient most recently. As detailed in Supplement Methods S2 and S8, we could identify
a regular provider for 10,465 of the 11,340 episodes. We then created an alternate independent variable with the
following four levels: (1) provider concordance (N=8,129), (2) patient saw their regular provider for the initial
prescribing appointment and had a follow-up with an alternate clinician (N=1,123), (3) patient saw an alternative
clinician for their initial prescribing appointment and followed up with their regular provider (N=934), and (4)
patient experienced provider discordance, but neither clinician involved was identified as the patient’s regular
clinician (N=1,154).
4.

STATISTICAL ANALYSIS AND RESULTS

4.1 Testing Hypothesis 1: The Main Effect
We first tested Hypothesis 1 using a standard logistic model on the 11,340-episode sample. The full model output
and a description of the estimation procedure are provided in Supplement Methods S4. As summarized in Table
1, the estimation results for the logistic models identify a large and statistically significant effect of provider
discordance on long-term opioid use.
After accounting for all initial prescription, patient, condition, and context covariates in the episode-level logistic
model, we found that patients who experienced provider discordance were less likely to become long-term opioid
users compared to those who returned to the initial prescribing clinician for the follow-up appointment (adjusted
odds ratio of 0.69 [95% CI: (0.57, 0.82)] using the days supplied measure and 0.63 [95% CI: (0.50, 0.80)] using
the alternative daily strength outcome measure). These findings support Hypothesis 1.
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Initial
+ Patient
+ Patient
+ Context
Prescription CharacterConditions
(𝑇" )
(𝑂" )
istics (𝑃" )
(𝐶" )
Initial Prescription (𝑂" )
No
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Patient Characteristics (𝑃" ) No
Patient Condition (𝐶" )
No
No
No
Yes
Yes
No
No
No
No
Yes
Context (𝑇" )
Adjusted Odds Ratio of Provider Discordance on Long-Term Opioid Use: Days Supplied Measurement
Adjusted Odds Ratio
0.51
0.66
0.72
0.70
0.69
95% Confidence Interval
(0.43-0.60)
(0.55-0.78)
(0.60-0.85)
(0.59-0.84)
(0.57-0.82)
P-Value
<0.001***
<0.001***
<0.001***
<0.001***
<0.001***
+
AUC
0.56
0.78
0.82
0.83
0.84
Adjusted Odds Ratio of Provider Discordance on Long-Term Opioid Use: Daily Strength Measurement
Adjusted Odds Ratio
0.47
0.61
0.66
0.65
0.63
95% Confidence Interval
(0.38-0.58)
(0.49-0.77)
(0.53-0.83)
(0.51-0.82)
(0.50-0.80)
P-Value
<0.001***
<0.001***
<0.001***
<0.001***
<0.001***
+
AUC
0.56
0.80
0.84
0.85
0.86
* p<0.05, ** p<0.01, *** p<0.001; AUC+ = Area under the receiver operating characteristics (ROC) curve
Control Structure

None

Table 1. Logistic models. The models consistently estimate a significant effect of provider discordance on longterm opioid use at the 0.1% level, suggesting that the effect of provider discordance was not driven by model
specification. The largest gain in fit (measured by AUC) comes from the initial prescription controls; additional
patient characteristics, condition, and context controls make little difference to model fit or estimates.
4.2 Investigating Endogeneity Bias Within the Main Effect
Although results of the controlled logistic models above are in line with Hypothesis 1, the data are retrospective,
and patients were not assigned to a control group (provider concordance) or treatment group (provider
discordance) at random. Consequently, coefficients may be biased by the presence of unobserved confounders
that simultaneously affected the likelihood of a patient experiencing provider discordance and their likelihood
of becoming a long-term opioid user. We therefore introduced two additional analysis techniques to identify and
correct for endogeneity biases: (1) an instrumental variable method and (2) a propensity-score matching approach
called the minimum-bias estimator.
4.2.1 Instrumental Variable Method
When correctly specified, the instrumental variable (IV) approach addresses concerns about self-selection bias
in the model by effectively randomizing patient assignment into the exposure group to balance differences in
both observed and unobserved confounders (Clarke and Windmeijer 2012, Heckman 1979). This technique
makes it possible to accurately estimate causal treatment effects despite the lack of randomization in our study
design (Wooldridge 2015 p. 594).
The IV approach typically requires the inclusion of an IV: a variable that should be predictive of the treatment
(i.e., relevant) but have no direct impact on the outcome, nor be correlated with omitted variables that affect the
outcome (i.e., valid). We chose the IV as the rate at which the prescribing clinician’s other patients saw a different
clinician for their follow-up appointment. Specifically, for each initial prescriber, we identified primary care
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appointments in the 12 months prior to the start of the episode where the patients in those appointments had a
follow-up primary care visit within 30 days. The prescribing clinician’s switching rate was defined as the
proportion of appointments where their past patients saw a different clinician for their follow-up appointment.
If the prescribing clinician’s other patients were frequently changing clinicians for their follow-up appointment
(for any reason, e.g., scheduling availability of the provider), we expected the focal patient of the episode also
to be more likely to experience provider discordance (i.e., relevant). However, because the IV is constructed
using patients other than the focal patient, we have no reason to expect that the switching rate of these other
patients should directly impact the focal patient’s likelihood of becoming a long-term opioid user (i.e., valid).
That said, the IV may be invalidated if other, unobserved, factors (such as a patient’s motivation to seek out nonopioid treatment) are correlated with both the IV and the likelihood of long-term opioid use. The extensive set
of covariates – including the long-term opioid use rate for other opioid initiates at the same initial prescriber –
reduces the likelihood that this will be the case. Further exploration of the IV relevance and validity is presented
in Supplement Methods S5.
Using this IV, we estimated a patient’s selection for treatment and outcome simultaneously in a recursive
bivariate model:
Treatment Equation: 𝑥"∗ = 𝛼 + 𝛽, 𝑧". + 𝑏, 𝑉". + 𝛾, 𝑂". + 𝛿, 𝑃". + 𝜆, 𝐶". + 𝜃, 𝑇". + 𝜀6" ,

[1]

Outcome Equation: 𝑦"∗ = 𝛼 + 𝛽6 𝑥" + 𝑏6 𝑉". + 𝛾6 𝑂". + 𝛿6 𝑃". + 𝜆6 𝐶". + 𝜃6 𝑇". + 𝜀," ,

[2]

𝑥" = 𝕀[𝑥"∗ > 0], 𝑦" = 𝕀[𝑦"∗ > 0],
where 𝑥"∗ and 𝑦"∗ are latent variables indicating provider discordance and long-term opioid usage, respectively.
The vectors 𝑂" , 𝑃" , 𝐶" , and 𝑇" contain the set of all prescription, patient, condition, and context covariates,
respectively, 𝕀[∙] is the indicator function, 𝑧". contains the IV and 𝑉". contains an additional binary IV control that
equals 1 when fewer than ten observations are available to calculate the IV and 0 otherwise. The error terms 𝜀,"
and 𝜀6" are jointly distributed, with the estimated correlation capturing the aggregate effect of all omitted
variables that affect selection into both the treatment and outcome.
To minimize misspecification error, we imposed no prior restriction on the distributional form of (𝜀," , 𝜀6" ). We
tested a variety of link functions (probit, logit, complementary log-log [cloglog]) and joint error distributions
(modeled as copulas, such as Normal, Clayton, and Gumbel) to allow for either bivariate normal or non-normal
dependencies between the treatment and outcome equations. The Supplement Methods S6 contains more details
on the methodology and results from the full set of model specifications.
In the selection equation, the IV was highly predictive of provider discordance: a coefficient of 0.23 (95% CI:
[0.22-0.25], p<0.001) was estimated for a 10% change in the IV. The bivariate models indicated an insignificant
or small positive selection bias across a range of model specifications, as evidenced by the respective Kendall
tau parameters. The best-fit recursive bivariate model with probit-logit marginals and a Clayton copula yielded
an adjusted odds ratio of provider discordance of 0.46 (95% CI: [0.30, 0.70]) using the days supplied outcome
measure and 0.42 (95% CI: [0.24, 0.72]) using the daily strength outcome measure. As such, the results from the
logistic model appear conservative.
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4.2.2 Minimum Bias Estimator
Despite the range of sensitivity analyses we performed on the IV model (see Supplement Methods S5-S6) to
validate the IV and corresponding results, there may still be concerns about the validity of the instrument. We
therefore leveraged a second approach to address endogeneity concerns based on propensity-score matching
methods. We matched patients in the control group (concordance) in a 1:1 ratio with patients in the treatment
group (discordance) using nearest neighbor matching, with the condition that the closest propensity score can be
no greater than 0.2 standard deviations away from the switchers’ propensity score. This condition has been shown
to reduce more than 90% of the bias due to observable differences (Gu and Rosenbaum 1993) as well alleviate
some of the impact of unobserved bias (Rosenbaum 2005).
We then followed a technique detailed by Millimet and Tchernis (2013, p. 983) that uses the propensity scores
from matching to estimate a minimum-biased estimator (MBE). The MBE aims to minimize the potential impact
of omitted variable bias by restricting the sample to matched cases with propensity scores within a defined
interval around 0.5, the propensity score which most closely mimics a coin-flip or random assignment to the
treatment and control groups. By estimating the logistic model on increasingly restricted subsamples (for
example, limiting to propensity scores between 0.10 and 0.90, then 0.25 to 0.75, etc.), the method will allow us
to detect the direction of endogeneity and reduce bias in the estimated effect size.
As shown in Table 2, the adjusted odds ratios get increasingly smaller as the range of propensity scores narrow.
When we reach the narrowest propensity-score range ([0.33, 0.67], as recommended by Black and Smith (2004))
the estimated size of the effect of provider discordance on long-term opioid use increases to 0.55 (95% CI: [0.380.79]) and 0.45 (95% CI: [0.28-0.73]) for the days supplied and daily strength measures, respectively.3 These
estimates of the effect size using the MBE approach are similar to those observed using the IV approach.
Days Supplied Measurement
Adjusted Odds Ratio on Long-Term
Adjusted Odds
Opioid Use (95% Confidence
P-value
Ratio
Interval)
Full sample (N=11,340)
0.69 (0.57-0.82)
<0.001***
Propensity matched sample (N=6,084)
0.75 (0.62-0.91)
0.003**
Propensity matched sample with
0.72 (0.59-0.88)
0.001**
scores 0.10-0.90 (N=5,966)
Propensity matched sample with
0.65 (0.49-0.87)
0.003**
scores 0.25-0.75 (N=4,113)
Propensity matched sample with
0.55 (0.38-0.79)
0.001**
scores 0.33-0.67 (N=2,745)
^ p<0.10, * p<0.05, ** p<0.01, *** p<0.001

Daily Strength Measurement
Adjusted Odds
Ratio

P-value

0.62 (0.50-0.80)
0.62 (0.48-0.79)

<0.001***
<0.001***

0.59 (0.46-0.76)

<0.001***

0.45 (0.32-0.65)

<0.001***

0.45 (0.28-0.73)

0.001**

Table 2. Estimated effect of provider discordance using the Minimum Bias Estimator method. The
propensity-matched sample is reduced to observations with scores closer to 0.5 to correct for unobserved
confounders. The estimates of the effect of provider discordance on long-term opioid use become more negative
as endogeneity bias is increasingly addressed.
In summary, the IV and MBE methods consistently suggest that unobserved factors, such as self-selection,
rendered the group of patients who experienced discordance more likely to become long-term opioid users. In
3

Note that the p-values may be less significant as the effects are estimated on a smaller sample.
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other words, those patients who chose not to change provider or who were unable to do so (i.e., from limited
provider access in their region) would have benefitted even more from discordant care than those patients in our
sample who already received the treatment. In conjunction with additional analyses presented in Supplement
Part VI, all evidence indicates that the logistic model estimates underestimate the beneficial effect of provider
discordance on long-term opioid use and support Hypothesis 1.
4.3 Testing Hypothesis 2: A Mechanism
Hypotheses 2a and 2b investigate a potential mechanism (a change in short-term opioid usage) that could explain
the relationship between provider discordance and long-term opioid use. To test the hypotheses, we separately
estimated the following equations:
𝑚"∗ = 𝜇 + 𝜂𝑥" + 𝑂". 𝜈 + 𝑃". 𝜉 + 𝐶". 𝜑 + 𝑇". 𝜓 + 𝜈" , 𝑚" = 𝕀[𝑚"∗ > 0]

[3]

𝑦"∗ = 𝛼 + 𝜔𝑚" + 𝑂". 𝛾 + 𝑃". 𝛿 + 𝐶". 𝜆 + 𝑇". 𝜃 + 𝜀" , 𝑦" = 𝕀[𝑦"∗ > 0]

[4]

where 𝑚"∗ captures whether the patient filled an opioid prescription after their follow-up appointment, and both

𝜈 and 𝜀 are error terms following the standard logistic distribution. To remain consistent with the 14-day time
window used when matching the initial prescription with the prescribing appointment, this subsequent opioid
prescription must have been filled within 14 days of that follow-up appointment. The coefficient 𝜂 in Equation
[3] captures the extent to which patients who change clinicians for their follow-up appointment are more likely
to fill a subsequent opioid prescription (Hypothesis 2a). Meanwhile, 𝜔 in Equation [4] estimates the association
between filling a subsequent prescription and becoming a long-term opioid user (Hypothesis 2b).
The model estimates support Hypotheses 2a and 2b. Patients who experienced provider discordance were less
likely to fill an opioid prescription in the subsequent 14-day period (adjusted odds ratio 0.79 [95% CI: 0.71,
0.88]). Furthermore, patients who filled an opioid prescription within 14 days after the follow-up appointment
were much more likely than those who did not to become long-term users (adjusted odds ratio 6.31 [95% CI:
5.41, 7.36] using the days supplied outcome measure, and 5.34 [95% CI: 4.40, 6.49] using the daily strength
outcome measure). While we do not claim causal identification using these models, these correlational results
identify a potential mechanism underlying the effect that provider discordance has on long-term opioid use.
4.4 Testing Hypothesis 3: Provider Discordance Pathways
To test the consistency of the provider discordance effect, we examined whether the strength of the effect differed
depending on whether and when the patient saw their regular provider. In the fully controlled logistic models,
we replaced 𝑥" with the categorical variable 𝑋" which has four levels corresponding to each of the pathways
described in Section 3.6. We also added a binary variable 𝑟" that specified whether the patient saw their regular
provider for either the first or second appointment (𝑟" = 0 if neither the first nor the second appointment was
with the regular provider). This ensured that any advantage associated with a patient seeing their regular provider
during the observed care episode was already accounted for in the models before testing for the potential
additional benefit of discordant care.
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𝑦"∗ = 𝛼 + 𝛽𝑋" + 𝜎𝑟" + 𝛾𝑂". + 𝛿𝑃". + 𝜆𝐶". + 𝜃𝑇". + 𝜀" , 𝑦" = 𝕀[𝑦"∗ > 0].

[5]

As displayed in Table 3 (and further detailed in Supplement Methods S8), the effect of provider discordance
appears strongest for the set of patients who started with a non-regular provider for their first visit then switched
to their regular PCP (adjusted odds ratio 0.58 [95% CI: (0.40-0.84)] and 0.51 [95% CI: (0.31-0.84)] for the days
supplied and daily strength measurements, respectively). However, even for those patients who start with their
regular provider and then switch to an alternative clinician, we find that discordance reduces their likelihood of
becoming long-term opioid users.
We ran a series of hypothesis tests to determine whether the discordant care effect sizes are statistically different
depending on the discordance pathway. The corresponding p-values (all greater than 0.31 using the chi-squared
test) do not allow us to reject the hypothesis that the effect sizes are the same. While the sample size may limit
the power to identify significant differences in effect sizes, the above results indicate that all types of patient
pathways (even those where the patient is initially prescribed by their regular PCP) benefit from provider
discordance at the beginning of the opioid episode. As such, we do not find evidence in support of Hypothesis 3.

Effect on Long-Term Opioid Use
Discordance pathway 1: regular provider to
alternate provider
Discordance pathway 2: alternate provider to
regular provider
Discordance pathway 3: alternate provider to
alternate provider
^ p<0.10, * p<0.05, ** p<0.01, *** p<0.001

Days Supplied
Measurement
Adjusted Odds
P-value
Ratio (95% CI)

Daily Strength
Measurement
Adjusted Odds
P-value
Ratio (95% CI)

0.73 (0.56-0.94)

0.014*

0.68 (0.49-0.95)

0.024*

0.58 (0.40-0.84)

0.004**

0.51 (0.31-0.84)

0.008**

0.72 (0.53-0.97)

0.034*

0.65 (0.44-0.97)

0.036*

Table 3. Effect of provider discordance within different pathways. Pathways describe whether and when the
patient was seen by their regular (most frequently visited) primary care provider, during the initial prescribing
appointment or follow-up appointment.
4.5 Alternative Explanations and Robustness Tests
One alternative explanation for our findings is that provider discordance is a proxy for the acuity of pain onset.
High acuity patients may be more likely to receive an opioid script from a covering clinician (due to
unavailability at short notice of their preferred provider) and then return to their regular provider for follow-up.
If this is the case, these patients may be simultaneously more likely to experience discordance between the initial
providers and less likely to become long-term opioid users (as their condition is more acute than chronic).
This potential omitted variable has been addressed in part by both the IV and MBE approaches, as they are
designed to estimate the causal effect of provider discordance after adjusting for potential confounds such as
acuity (see Supplement Methods S5-S7 for further discussion). In addition, the pathway analysis described in
Section 4.4 indicates that all provider discordance pathways lead to reduced long-term opioid use rates, i.e., the
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effect we find does not appear to be explained exclusively by patients switching from a covering clinician to
their regular clinician (the pathway expected to occur more likely amongst acute patients).
Despite these analyses, we acknowledge that unobserved factors that may still bias the results. For example,
certain providers may be more available than others for more urgent appointments, and so may have a higher
proportion of patients with acute pain onsets. To account for this and for other forms of provider-level
heterogeneity, we included fixed and random effects at the initial prescriber-level in Supplement Methods S11.
In Supplement Methods S12, we explored whether the observed effect of provider discordance differed
depending on whether opioid initiates were being treated for a new (likely more acute pain) or a potentially preexisting condition. In Supplement Methods S13, we included additional controls (available for 80.2% of patient
episodes) that estimated the patient’s socioeconomic status (differences which have been associated with
variation in opioid use) and the estimated average patient knowledge of opioid risk, as measured by changes to
the media attention and interest in the opioid epidemic across the study period. Other sensitivity analyses include
relaxing the assumption that provider discordance must occur during the first two appointments of the patient’s
opioid journey (Supplement Methods S15), and measuring the impact of provider discordance on opioid use at
different points throughout the first year, e.g., 6 months, 9 months, etc. (Supplement Methods S16). All estimates
were consistent with the main results.
5.

DISCUSSION AND PRACTICAL IMPLICATIONS

5.1 Discussion and Policy Recommendations
As opioid overdoses tend to occur with patients who are already in a pattern of chronic opioid use, many
intervention strategies have aptly approached the opioid epidemic from the perspective of clinical management
of ongoing dependence (Grosser et al. 2017, Hallvik et al. 2018, Pitt et al. 2018). However, our analysis suggests
that operational interventions during the early phases of opioid use may also be extremely valuable. For opioidnaïve patients initially managed with an opioid treatment in the primary care setting, this research identified that
clinician discordance can significantly disrupt the path to long-term opioid use.
A logistic regression model estimated that the likelihood of long-term opioid use at 360 days is 31% lower (95%
CI: [18%, 43%]) for patients who followed up with an alternate primary care clinician, controlling for the strength
and days supplied of the initial opioid prescription (known to be associated with risk of long-term opioid use and
overdose) as well as a range of patient, condition, and context factors. Robustness tests including an IV analysis
and propensity-score matching (utilizing the MBE approach) suggest that this estimate is, if anything, a
conservative assessment of the true causal effect. While multiple potential mechanisms may explain the
difference in long-term opioid use, one identified explanatory factor is that patients who experienced provider
discordance were also 21% (95% CI: [12%, 29%]) less likely to fill a subsequent opioid prescription after the
follow-up appointment. This decrease can have a large long-term impact, as filling an opioid prescription after
the follow-up appointment was associated with a 6.31 [95% CI: 5.41, 7.36] times higher likelihood of continuing
long-term opioid use.
We also performed a pathway analysis to assess whether the effects of provider discordance remained significant
for patients whose initial prescriber was their regular provider. While there was evidence of a stronger effect on
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patients whose initial prescriber was not their non-regular clinician – with long-term opioid use at 360 days for
such patients reduced by 42% (95% CI: [16%, 60%]) – the difference compared to other pathways was not
statistically significant. This indicates that the benefits of provider discordance are pervasive and that, on
average, patients benefit from seeing a different clinician regardless of who they saw for the first or follow-up
appointments.
While it is critical for the results of this study to be corroborated through other data sets and study designs, there
are multiple potential policy changes that could help facilitate provider discordance within the early stages of
opioid use. As an example, approximately 85% of primary care physicians practice in an office with at least one
other physician (Liaw et al. 2016). If a patient is flagged in the medical record system upon receiving a new
opioid prescription, and the patient subsequently contacts the practice to schedule a follow-up appointment, then
the office manager could schedule this appointment with a clinician other than the initial prescriber.4 Without
posing significant additional overhead or risking patient loss for practices involved, such a policy could impact
a large portion of new opioid initiates in the primary care setting. As an operational process change, this
intervention also circumvents the need for clinician education and other resource-intensive efforts to elicit
longstanding behavior change for individual providers (Morris et al. 2011). In a new era of opioid management
where tools such as prescription drug monitoring programs are becoming increasingly available for clinicians to
see a broader picture of the patient’s history and opioid-use patterns, the medical community is well poised to
incorporate safeguarding measures focused on the early stages of opioid use.
5.2 Limitations
While these results provide promising evidence that the design of care management shortly after opioid initiation
may significantly disrupt the pathway to long-term opioid use, the implications are not without limitations. First,
it must be emphasized that this research does not claim that all opioid use is unnecessary or that conservative,
alternative treatments are always more appropriate to manage ongoing pain; while aggressive opioid prescribing
may induce significant clinical harm without providing meaningful pain improvement, some patients and
conditions may respond well to pain management through opioids (Glod 2017). There is also a possibility that
provider discordance shortly after opioid initiation could negatively affect other aspects of care quality.5
Second, this study is focused on new opioid initiates who return for a follow-up appointment in the primary care
setting. As such, the findings cannot necessarily be extended to all new opioid users – for instance, to patients
who require a one-off prescription or who have higher acuity pain that requires them to receive their first
prescription in an emergency or urgent care setting. While our analyses show an aggregate net positive effect of
introducing provider discordance within the primary care setting (see Supplement Methods S14), further analyses
should investigate the impact of potential policy interventions on specific at-risk populations.
Third, although there are plausible explanations as to why provider discordance might be effective in this context
(including an enlarged information base and correction to confirmation bias and anchoring), this study does not
4

As shown in Supplement S10, we did not observe any significant difference in the effect of provider discordance when the two clinicians
shared an office versus when the two clinicians operated out of different offices.
5
In Supplement Methods S17, we investigate whether provider discordance shortly after opioid initiation is associated with an increase in
emergency room usage (a quality measure that indicates poor pain management). While we recommend further analyses to explore this
possibility of negative externalities, we did not identify any effect.
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identify the precise behavioral mechanism behind the observed effect. Developing a clearer understanding of
why this effect exists and whether the impact would be observed in other (i.e., non-opioid related) contexts could
help researchers design and target potential interventions effectively.
Last, while we have taken various steps in our paper to address the issue of causality (e.g., by including an
extensive set and combinations of controls in sensitivity analyses and employing IV and MBE methods), as is
the case with all observational studies we cannot fully rule out the possibility of omitted variable bias. Although
retrospective cohort studies are the norm in opioid research (Longhurst et al. 2014) and we recommend that
similar analyses be replicated with other datasets, the only way to definitively confirm our findings is through a
randomized control trial. The size and consistency of our findings across models suggest that such trials and
corresponding investment into designing and testing clinical interventions may be warranted.
5.3 Conclusion
High-quality medical decision-making is at the heart of good medicine, yet it cannot be taken for granted. This
study demonstrates that systematic operational changes in the primary care setting following opioid initiation may
be a promising target to reduce the influx of patients afflicted by the opioid epidemic. We advocate for future
research to identify potential interventions early in the process of opioid management that can safely and
effectively lower rates of long-term opioid use.
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