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BACKGROUND: The continued rise in fatalities from opioid
analgesics despite a steady decline in the number of individ-
ual prescriptions directing ≥90 morphine milligram equiv-
alents (MME)/daymay be explained by patient exposures to
redundant prescriptions frommultiple prescribers.
OBJECTIVES:We evaluated prescribers’ specialty and so-
cial network characteristics associated with high-risk opi-
oid exposures resulting from single-prescriber high-daily
dose prescriptions or multi-prescriber discoordination.
DESIGN: Retrospective cohort study.
PARTICIPANTS: A cohort of prescribers with opioid anal-
gesic prescription claims for non-cancer chronic opioid
users in an Illinois Medicaid managed care program in
2015–2016.
MAIN MEASURES: Per prescriber rates of single-
prescriber high-daily-dose prescriptions or multi-
prescriber discoordination.
KEY RESULTS: For 2280 beneficiaries, 36,798 opioid
prescription claims were submitted by 3532 prescribers.
Compared to 3% of prescriptions (involving 6% of pre-
scribers and 7% of beneficiaries) that directed ≥ 90
MME/day, discoordination accounted for a greater share
of high-risk exposures—13% of prescriptions (involving
23% of prescribers and 24% of beneficiaries). The follow-
ing specialties were at highest risk of discoordinated pre-
scribing compared to internal medicine: dental (incident
rate ratio (95% confidence interval) 5.9 (4.6, 7.5)), emer-
gencymedicine (4.7 (3.8, 5.8)), and surgical subspecialties
(4.2 (3.0, 5.8)). Social network analysis identified 2 small
interconnected prescriber communities of high-volume
pain management specialists, and 3 sparsely connected
groups of predominantly low-volume primary care or
emergency medicine clinicians. Using multivariate
models, we found that the sparsely connected sociometric
positions were a risk factor for high-risk exposures.

CONCLUSION: Low-volume prescribers in the social net-
work’s periphery were at greater risk of intended or
discoordinated prescribing than interconnected high-
volume prescribers. Interventions addressing
discoordination among low-volume opioid prescribers in
non-integrated practices should be a priority. Demands
for enhanced functionality and integration of Prescription
DrugMonitoring Programs or referrals to specializedmul-
tidisciplinary pain management centers are potential pol-
icy implications.
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INTRODUCTION

The 2017 surveillance report from the Centers for Disease
Control and Prevention documented the ongoing rise in over-
dose fatalities from opioid analgesics.1 This upward trend is
remarkable considering that the rate of high-dose opioid anal-
gesic prescriptions, defined as those directing ≥ 90 morphine
milligram equivalents (MME) per day, has been declining.1, 2

A potential explanation of these discordant trends is that
patients may be exposed to high-daily-dose opioids through
the accumulation of prescriptions from multiple prescribers,
each of whom may be guideline-adherent in terms of limiting
the intended daily dosage.
Previous analyses of opioid prescription claims identi-

fied evidence of “pill mills” and “doctor shopping” in
data. The California Workers’ Compensation program
(1993–2009) and Oregon Medicaid (2013) each revealed
a disproportionate concentration of opioids prescribed by
a small minority of clinicians for a few high-risk patients,
indicative of the “pill mill” phenomenon.3, 4 Such findings
are tantalizing in that relatively quick fixes focused on a
small number of culpable prescribers can be imagined. In
contrast, analyses of an all-payor pharmacy claims data-
base (2015) and Medicare Part D claims (2013) revealed
that low-volume prescribers accounted for a significant
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number of high-risk exposures, and that “pill mills” may
be regional phenomena or recently in decline.5, 6 These
findings suggest that discoordination among a network of
prescribers contribute to risky cumulative daily opioid
doses. The conditions associated with high-daily-dose or
discoordinated prescribers are not well understood.7, 8

To shed light on prescribers’ behavior, we evaluated their
risk of contributing to high-daily-dose or discoordinated opi-
oid prescribing in the Chicago region using social network
analysis. We used prescription claims data from CountyCare,
an Illinois Medicaid Managed Care Community Network that
had approximately 170,000 active beneficiaries in 2015–2016.
We conducted our analysis guided by the following research
questions: (1) What is the prevalence of high-daily-dose or
discoordinated opioid analgesic prescribing? (2) What are the
individual and social network characteristics of prescribers at
risk for high-daily-dose or discoordinated opioid analgesic
prescribing?

METHODS

Data

Prescription claims data for CountyCare beneficiaries in
2015–2016 contained the prescribed medication National
Drug Code, dose quantity and date dispensed, prescriber,
and duration of prescribed use. The National Drug Code was
present for 99.99% of prescription claims. We included Na-
tional Drug Codes corresponding to all oral opioids listed in
the MME conversion table published by the Centers for Dis-
ease Control and Prevention.9 We excluded methadone and
buprenorphine due to their more common use for the treatment
of opioid use disorder rather than chronic pain disorder. We
identified all beneficiaries with at least 90 consecutive days of
prescribed opioid claims allowing no more than 14 continuous
gap days (i.e., between the final date of intended receipt to the
initiation date of the subsequent prescription). We excluded
beneficiaries with cancer diagnosis codes. Prescribers were
recognized using the National Provider Identifier (NPI) and
we excluded NPI classified as organizations, or attributed to
sub-specialists in oncology or palliative medicine. To facilitate
reporting, we grouped nurse practitioners with physician as-
sistants, pain specialists with anesthesiologists, physiatry with
sports medicine specialists, maxillofacial surgeons with den-
tists, orthopedic with neurological surgery specialists, colorec-
tal with general surgeons, and all other surgical specialists
(podiatrists, urologists, otolaryngologists, ophthalmologists,
dermatologists, plastic, vascular, thoracic, and hand surgeons)
with one another.

Network Construction and Visualization

Numerous measures have been developed to determine each
individual’s role within a social network. For example, cen-
trality measures the importance of individuals (nodes) within a

population (network).10 Centrality measures may be based on
the number of connections (ties) from each node to other
nodes. In our network connecting prescribers and beneficia-
ries, for example, prescribers’ centrality indicated their expe-
rience vis a vis the number of chronic users to whom opioids
were prescribed, whereas beneficiaries’ centrality indicated
the potential for discoordination among multiple prescribers.
Because the prescriber-beneficiary social network using our
data is comprised of a highly connected small group of central
nodes surrounded by nodes with decreasing centrality toward
the periphery, we used the k-core method to label each node’s
sociometric position in the network. K-core layers a cored
network like ours into nested levels involving nodes connected
to at least k other nodes.11 K-shell is the part of the network
contained in the rind of a k-core level that are sequentially
removed to expose the next higher number of connections in
the (k + 1)-core until only the most connected inner core nodes
remain.11, 12

First, we created a bimodal matrix listing each prescriber
and beneficiary on separate axes and indicated a relationship if
≥ 1 opioid prescription was transacted in dyads. A k-shell level
for each prescriber node in the network was assigned using
UCINET6 (Analytic Technologies, Lexington KY). To visu-
ally represent the relationship between k-shell/core and the
intensity of patient sharing, we created a separate matrix
tabulating the number of shared patients between each pair
of prescribers. Using R software, version 3.3.0 (R Core Team,
R Foundation for Statistical Computing), we displayed this
matrix as a heat map locating areas for discoordination poten-
tial in our network of prescribers. The heat map display was
hierarchically sorted along the x- and y-axes by k-shell/core
(quantitatively strongest connections displayed in the top left
section of the graph) and number of opioid prescription claims
submitted (Fig. 1). We excluded prescriber observations with
< 3 shared patients to minimize uninformative empty spaces in
the figure. We also constructed a traditional prescriber-level
sociogram using Gephi 0.9.2 (The Gephi Consortium). We
used the Fruchterman-Reingold and Yifan Hu algorithms to
generate online Appendix A.13

High-Daily-Dose and Discoordinated Opioid
Analgesic Prescribing

After calculating the daily MME for each opioid analgesic
prescription, we tabulated the prevalence of prescriptions,
prescribers, and beneficiaries associated with a ≥ 90 MME/
day exposure for at least 1 day. We defined two archetypal
prescription-level events and two prescriber-level events by
which the 90 MME/day threshold could be exceeded. The
prescription-level events were “single prescription high dose”
(event A) involving individual prescriptions that directed pa-
tients to take ≥ 90 MME/day, and “multiple overlapping pre-
scription high dose” (event B), involving overlapping pre-
scriptions days by one or more prescribers that additively
exposed patients to ≥ 90 MME/day. Prescriber-level events

Hinami et al.: Opioid Prescribing Social Network Analysis JGIM2444



were our primary outcomes measure and used “prescribing
episodes” or consecutive days of calculated uniform average
daily MME exposure. All prescribing episodes were directed
by a single prescriber; when > 1 prescriptions overlapped by
dates (e.g., separate prescriptions for long- and short-acting
opioids, or for serial prescriptions filled early to avoid running
out), we calculated the average daily MME through the dura-
tion of the overlapping prescriptions. We defined “single
prescribing episode high dose” (event C) as a prescribing
episode that exceeded ≥ 90 MME/day. Event C was designed
to detect high-daily-dose orders with greater expected sensi-
tivity than event A by accounting for a prescriber’s intended
daily opioid exposure for a patient through multiple overlap-
ping prescriptions. Finally, we defined “multiple prescriber
discoordinator” (event D) as the prescriber of a prescribing
episode that started while ≥ 90 MME from an earlier

prescribing episode by another prescriber remained. Event D
was designed to identify discoordination more specifically
than event B and is a situation that, theoretically, could be
avoided through enhanced functionality of a Prescription Drug
Monitoring Program database. We provided illustrative cases
of these definitions in Fig. 2.

Network Analysis

We ran multivariate negative binomial regression with robust
estimator of variance to assess the association between socio-
metric position (i.e., k-shell/core) and the number of high-risk
exposures (separately for events C or D) using total number of
opioid prescriptions for each prescriber as the offset variable14;
we included k-shell/core and prescriber specialty as prescriber
attributes.15We used Stata14 (StataCorp, College Station, TX)

Fig. 1 Heat map displaying the number of shared beneficiaries between pairs of prescribers sharing at least 3 beneficiaries, sorted hierarchically
along both axes by k-shell/core and the number of opioid prescription claims from top to bottom and left to right.

Hinami et al.: Opioid Prescribing Social Network AnalysisJGIM 2445



for all statistical analyses. The study protocol was approved by
the local Institutional Review Board.

RESULTS

Of all adult beneficiaries with any CountyCare prescrip-
tion claim, 2280 (1%) beneficiaries without a cancer di-
agnosis satisfied the criterion for chronic opioid analgesic
use. Opioid prescription claims for these beneficiaries
were submitted by 3532 individual prescribers, on aver-
age, one-and-a-half prescribers per beneficiary. The most
common prescriber specialties were internal medicine,
nurse practitioner or physician assistant, emergency med-
icine, and family medicine (Table 1). About one-third (n =
1285, 36.3%) of prescribers submitted at least 4 opioid
prescription claims. A substantial number of prescribers
(n = 1419, 40.2%) were independent clinicians without a
recorded organizational affiliation.
The prevalence of prescriptions, prescribers, and beneficia-

ries involved in ≥ 90MME/day exposures is shown in Table 2.
Of 36,798 opioid prescription claims in our analysis, 3.1%
directed beneficiaries to take ≥ 90 MME/day (event A), but
about 4 times as many prescriptions, prescribers, and

Fig. 2 Illustrative scenario with definition of the four methods for calculating exposures of ≥ 90 morphine milligram equivalents (MME)/day for
a hypothetical patient.

Table 1 Characteristics of Opioid Analgesic Prescribers for Non-
cancer Beneficiaries with Chronic Opioid Use Enrolled in

CountyCare 2015–2016

Distinct prescribers, N 3532
Clinical specialty, n (%)
Internal medicine and specialties 804 (22.8)
Nurse practitioner/physician assistant 540 (15.3)
Emergency medicine 537 (15.2)
Family medicine 476 (13.5)
No specialty 278 (7.9)
Dental specialties 211 (6.0)
Orthopedic/neurological surgery 170 (4.8)
Anesthesia/pain 116 (3.3)
Other surgical specialties 113 (3.2)
General/colorectal surgery 78 (2.2)
Physiatry/sports medicine 66 (1.9)
Obstetrics/gynecology 42 (1.2)
Other 37 (1.1)
Psychiatry 32 (0.9)
Neurology 22 (0.6)
Pediatrics 10 (0.3)

Number of opioid prescriptions per prescriber quintiles, n (%)
1:1–1 1410 (39.9)
2:2–2 533 (15.1)
3:3–3 304 (8.6)
4:4–10 623 (17.6)
5:11–587 662 (18.7)

K-shell, n (%)
1 2240 (63.4)
2 837 (23.7)
3 425 (12.0)
4 16 (0.5)
5-core 14 (0.4)
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beneficiaries were involved in additive daily exposures of ≥ 90
MME/day due to overlapping prescription days (event B). The
total MME dispensed by individual prescriptions directing
patients to take ≥ 90 MME/day (event A) was 4.5 million
MME, whereas the total MME dispensed by all overlapping
prescriptions (event B) was 16 million MME, 3.5 million
MME of which were dispensed exclusively on days when at
least 2 prescriptions overlapped. The prevalence of single-
prescriber high-daily-doses was similar when counting pre-
scriptions (event A) or prescribing episodes (event C).
Discoordinators (event D) were identified in 8.9% of prescrib-
ing episodes involving 37.3% of prescribers and 41.5% of
beneficiaries.
The median amount remaining from a previous prescribing

episode when these discoordinator episodes were dispensed
was 297 (interquartile range 160 to 659) MME.

Prescribing Patterns by k-Shell/Core

In the social network, 4 shells around one core were
assigned, yielding a total of 5 sociometric levels
(Table 1). The majority of prescribers were in the least
connected shell (1-shell) and a much smaller number were
in the tightly connected 4-shell and 5-core (online
Appendix A). The majority of prescribers in the 4-shell
and 5-core were anesthesia-pain specialists affiliated with
2 separate hospital-based chronic pain clinics. The large
majority of prescribers in the 3 k-shells in the periphery of
the provider network were primary care clinicians or
emergency medicine specialists, and a plurality were pre-
scribers not affiliated with a practice organization.
As shown in Table 3, prescribing patterns differed

across the k-shells/core; despite the smaller aggregate
number of prescriptions by clinicians in the inner com-
pared to outer k-shells, each inner k-shell/core clinician
submitted a greater number of prescription claims that
dispensed more MME and for many more high-risk ben-
eficiaries than clinicians in the outer k-shells. However,
despite the greater intensity of prescribing, the proportion
of prescriptions contributing to high daily exposures
trended smaller for the inner compared to the outer k-
shells.

Risk of Single-Provider High-Daily-Dose Pre-
scribing Episodes

Prescribers in 2- with 3-shell, and 4-shell with 5-core were
grouped to facilitate reporting. The models on the left side of
Table 4 indicated prescribers in the outermost k-shell associ-
ated with a greater adjusted risk of high-daily-dose prescrib-
ing, whereas the core was associated with smaller risk. Den-
tists and pediatricians did not issue a prescribing episode that
surpassed the 90 MME/day threshold. Compared to internal
medicine specialists, emergencymedicine specialists were less
likely to issue prescribing episodes exceeding 90 MME/day
(IRR (95% CI) 0.17 (0.07, 0.43)). In contrast, prescribers were
at greater risk of high-daily-dose prescribing episodes among
physiatry or sports medicine specialists (2.35 (1.41, 3.91)) and
anesthesiology or pain specialists (2.47 (1.46, 4.19)).

Risk of Discoordinator Prescribing Episodes

As delineated in models on the right side of Table 4, a step-
wise reduction in the bivariate risk of issuing a discoordinating
prescription claim was seen for the inner compared to outer-
most k-shell. This relationship became statistically not signif-
icant when adjusted for prescriber specialty, due partially to
model instability from high degree of correlation between the
independent variables. Compared to internal medicine special-
ists, physicians with the highest risk of contributing to
discoordinator prescribing episodes were dental specialists
(IRR (95% CI) 5.85 (4.59, 7.45)), emergency medicine spe-
cialists (4.65 (3.75, 5.77)), other surgical specialists (4.08
(2.95, 5.63)), orthopedic and neurosurgeons (3.54 (2.69,
4.67)), and general surgeons (3.03 (2.04, 4.49)). Prescribers
without a National Provider Index specialty taxonomy and
non-physician prescribers were also associated with greater
risk of a discoordinator prescribing episode.
The significance of the statistical findings above was further

illustrated in Fig. 1. In the heat map representing the degree of
patient sharing by pairs of prescribers, disproportionately in-
tense patient sharing was evident among all of the 5-core
prescribers compared to the outer shells where patient sharing
was much more sporadic. This finding illustrated that the
beneficiaries shared among the 5-core prescribers rarely re-
ceived prescriptions from prescribers outside of the 5-core

Table 2 Prevalence of Opioid Analgesic Prescriptions, Prescribers, and Beneficiaries Associated with Daily Opioid Exposures of ≥ 90 mg
Morphine Equivalents (MME) Per Day Among Non-cancer Beneficiaries with Chronic Opioid Use Enrolled in CountyCare 2015–2016

Prescriptions Prescribers Beneficiaries

Opioid prescriptions, N1 36,798 3532 2280
Event A: single prescription high daily dose, n (% of N1) 1143 (3.1) 221 (6.3) 167 (7.3)
Event B: multiple prescription overlapping high daily dose, n (% of N1) 4690 (12.8)* 803 (22.7)* 553 (24.3)
Opioid prescribing episodes†, N2 26,566 3532 2280
Event C: single prescribing episode high daily dose, n (% of N2) 790 (3.0) 251 (7.1) 185 (8.1)
Event D: multiple prescribing episode discoordinator, n (% of N2) 2361 (8.9) ‡ 1316 (37.3) ‡ 949 (41.6)

*We counted each prescription or prescriber with overlapping prescriptions days additively exposing patients to ≥ 90MME/day for at least 1 day
†Consecutive days of uniform average MME exposures directed by a single prescriber through one or overlapping prescriptions. The average daily
MME was calculated from overlapping prescriptions by a single prescriber between their earliest start to latest end dates
‡We counted the discoordinator prescription or prescriber among all pairs of overlapping prescribing episodes started while ≥ 90MME/day from the
previous prescribing episode remained if taken as instructed
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furthering our observation that they behaved not as “doctor
shoppers” but as regular patients of a tightly interconnected
network of pain management specialists. Despite patient shar-
ing representing the potential for discoordination, the lower
risk of a discoordinator prescribing episode suggested risk
mitigation among tightly interconnected prescribers. Con-
versely, despite sparse patient sharing in the periphery, the
relatively high discoordination risk among loosely connected
prescribers indicated areas requiring remedy.

DISCUSSION

Using prescription claims data from a largeMedicaid managed
care plan, we found that high-risk exposures from
discoordinated prescribing by multiple prescribers were more

prevalent as intended high daily doses from a single prescriber.
In our study population, discoordination was more prevalent
by the number of prescriptions, prescribers, beneficiaries, and
MME involved. Social network analysis uncovered that
discoordinated prescribing was more prevalent in the less
interconnected parts of the prescriber-beneficiary social net-
work, and that there was a tightly connected core group of pain
management specialists who prescribed the most MME, but
with the least risk of exposing patients to high-risk dosages.
Among clinician specialties, the risk of discoordinated pre-
scribing was particularly elevated among dentists, emergency
medicine specialists, and surgical specialists.
Existing interventions targeting clinicians to limit the MME

they prescribe can be broadly categorized into those that target
individual prescribers and those designed to aid coordination
among prescribers around individual patients.16 Public health

Table 3 Prescribing Patterns by k-shell/Core Among Prescribers of Opioid Analgesics for Non-cancer Beneficiaries with Chronic Opioid Use
Enrolled in CountyCare 2015–2016

K-
shell

Prescribers,
n

Prescribing
episodes, n

Prescribing
episode per
prescriber,
median (min,
IQR, max)

Beneficiaries per
prescriber,
median (min,
IQR, max)

Total MME
dispensed per
prescriber, median
(IQR)

High daily
dose, n (%
prescribing
episode)

Discoordinator, n
(% prescribing
episode)

1 2240 5758 1 (1, 1, 2109) 1 (1, 1, 2, 6) 300 (111, 1200) 279 (5) 679 (12)
2 837 7236 4 (2, 2, 12, 290) 2 (2, 2, 3, 19) 1152 (290, 6000) 237 (3) 624 (9)
3 425 11,195 12 (3, 6, 38,587) 6 (3, 4, 9, 50) 5475 (1050, 22,585) 258 (2) 873 (8)
4 16 971 43 (7, 19.5,

67.5452)
16.5 (4, 9, 27, 45) 22,362 (18,095,

56,217)
16 (2) 67 (7)

5-
core

14 1406 110 (49, 66, 154,
512)

39 (20, 31, 51, 55) 69,721 (41,460,
90,240)

0 (0) 118 (8)

Key: min, minimum; IQR, interquartile range; max, maximum

Table 4 Incident Rate Ratios (IRR) and 95% Confidence Intervals (95% CI) for Prescriber Attributes Informing Risk of Exposing
Beneficiaries to Opioid Analgesics at ≥ 90 MME/Day Through High-Daily-Dose or Discoordinator Prescribing Episodes

Dependent variable Rate of high-daily-dose prescribing episodes Rate of discoordinator prescribing episodes

Bivariate IRR
(95%CI)

Multivariate IRR
(95%CI)

Bivariate IRR
(95%CI)

Multivariate IRR
(95%CI)

K-shell
1 1.79 (1.32, 2.43) 1.97 (1.45, 2.69) 1.20 (1.05, 1.38) 1.13 (1.00, 1.29)
2 REF REF REF REF
3
4 1.02 (0.29, 3.64) 0.39 (0.16, 0.96) 0.61 (0.47, 0.79) 0.96 (0.70, 1.31)
5-core

Specialty
Internal medicine and specialties REF REF REF REF
Nurse practitioner/physician as-

sistant
0.73 (0.44, 1.20) 0.84 (0.53, 1.33) 2.10 (1.65, 2.68) 2.11 (1.66, 2.68)

Emergency medicine 0.15 (0.05, 0.39) 0.17 (0.07, 0.43) 4.68 (3.77, 5.82) 4.65 (3.75, 5.77)
Family medicine 0.72 (0.44, 1.16) 0.78 (0.50, 1.23) 0.76 (0.58, 0.99) 0.77 (0.58, 1.01)
No specialty 0.40 (0.17, 0.95) 0.43 (0.17, 1.09) 2.49 (1.87, 3.31) 2.45 (1.84, 3.26)
Dental specialtiesa na na 5.97 (4.69 7.61) 5.85 (4.59, 7.45)
Orthopedic/neurological surgery 0.80 (0.38, 1.70) 0.95 (0.51, 1.77) 3.58 (2.71, 4.72) 3.54 (2.69, 4.67)
Anesthesia/pain 1.83 (0.93, 3.59) 2.47 (1.46, 4.19) 1.12 (0.83, 1.51) 1.16 (0.82, 1.63)
Other surgical specialties 0.30 (0.07, 1.19) 0.28 (0.06, 1.20) 4.19 (3.03, 5.80) 4.08 (2.95, 5.63)
General/colorectal surgery 0.63 (0.17, 2.34) 0.69 (0.17, 2.68) 3.11 (2.08, 4.64) 3.03 (2.04, 4.49)
Physiatry/sports medicine 2.14 (0.88, 5.19) 2.35 (1.41, 3.91) 0.91 (0.50, 1.66) 0.91 (0.50, 1.66)
Obstetrics/gynecology 0.40 (0.04, 4.23) 0.32 (0.03, 3.93) 2.07 (0.86, 4.99) 1.93 (0.80, 4.64)
Other 0.30 (0.04, 2.33) 0.33 (0.05, 2.15) 1.59 (0.83, 3.07) 1.57 (0.82, 3.01)
Psychiatry 0.55 (0.10, 3.02) 0.47 (0.13, 1.73) 1.31 (0.52, 3.32) 1.25 (0.49, 3.16)
Neurology 1.16 (0.23, 5.82) 1.17 (0.31, 4.36) 1.38 (0.41, 4.67) 1.28 (0.38, 4.34)
Pediatricsa na na 0.38 (0.03, 5.40) 0.37 (0.03, 5.05)

aNo prescribing episodes in these specialties directed ≥ 90 MME/day
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detailing (the use of trained educators) and clinical practice
guidelines are examples of strategies targeting individual pre-
scribers.17 Our analysis suggests that prescribers who may
benefit most from public health detailing are least exposed to
high-risk patients and practice more often at the periphery of
social networks, which admittedly make educational outreach
efforts more complicated. The educational content for special-
ists in dentistry, emergency medicine, and surgical specialties
along with primary care clinicians should also inform them
about strategies to mitigate their recognized vulnerabilities to
care fragmentation.18, 19 Emergency medicine prescribers
among them should be a primary target for interventions
because they frequently provide opioid prescriptions. Pre-
scription Drug Monitoring Programs, on the other hand, serve
to directly aid coordination of care by allowing prescribers to
see the MME prescribed by other clinicians. Existing evalua-
tions of these strategies’ effectiveness have yielded mixed
results,20–23 but measuring the effect of legal mandates for
prescribers to use Prescription Drug Monitoring Programs is
an important future investigation, particularly in Illinois where
legislation for mandatory use went into effect in 2018.24

Technological improvements in the form of seamless access
to the Prescription Drug Monitoring Program through elec-
tronic health record systems is another promising develop-
ment.25 Finally, innovations to reduce discoordinated prescrib-
ing also can apply to pharmacists, who could play a role
addressing discoordinated dispensing in parallel to
discoordinated prescribing.26

Additionally, our analysis shed light on the potential advan-
tages of integrated specialty practices. We found the tightly
connected 5-core of our network was primarily comprised of
clinicians staffing an interdisciplinary painmanagement center
on the central campus of a public healthcare delivery system.
Although these clinicians prescribed opioid analgesics to more
high-risk patients by raw numbers than other clinicians, and
their specialty was associated with greater risk of high-daily-
dose prescriptions, these clinicians behaved not as “pill mills”
but managed to expose fewer patients to high daily doses and
mitigated the rate of discoordination in spite of their greater
vulnerability due to high volume. Their success illuminates the
potential of practice integration reinforced by normalized
practice behaviors, a shared electronic health record, and
experience-based proficiency to protect against “doctor shop-
ping.”27, 28 Success may also be related to their multidisci-
plinary approach to the treatment of chronic pain involving
intensive behavioral therapists, integrative medicine special-
ists in acupuncture, and interventional anesthesia physicians.
Addressing the referral capacity of non-opioid-centric inter-
disciplinary pain management centers like this one may be
important in some locales and as part of a national solution.
The strengths of our study were in the use of detailed

prescribing data across a large cohort of beneficiaries and the
novel application of social network analysis to better under-
stand discoordinated opioid prescribing. However, we do need
to acknowledge several limitations. First, ≥ 90 MME/day

exposure from one or more prescriptions do not necessarily
indicate deviant prescribing behavior or inappropriate use by
patients. Second, prescribed and actual uses of opioid analge-
sics may differ, but our primary focus was on prescriber
behavior. Third, the quality of prescriber attribute data linked
to the National Provider Index has not been validated, though
the data has been used in many studies. Fourth, the presence of
multicollinearity demands cautious interpretation of regres-
sion coefficients. Each of our claims is supported by our
bivariate analysis where the multivariate models are unreli-
able.29 Finally, we believe insights from our analysis may
appropriately inform opioid analgesic prescribing behavior in
other settings; however, geographic and population variability
threaten direct generalizability of our findings. Specifically,
Chicago has experienced a disproportionately larger exposure
to illicit opioids compared to prescription opioids than the rest
of the USA.30 The interactions between illicit opioid exposure
and demand for opioid analgesics are complex and incom-
pletely understood.31

A clinician’s decision to prescribe opioids for a patient
with chronic non-cancer pain involves myriad consider-
ations that cannot be viewed in isolation.32 We evaluated
features of the social network comprising prescribers and
patients that inform the risk of prescriptions contributing
to high daily exposures. The useful insights gleaned from
our analysis is that much of the prescribing behavior that
results in high daily exposures for patients is related to
discoordinated care, which will not be solved through
adherence to practice guidelines alone. Also, tightly con-
nected groups of prescribers were better at avoiding high-
dose and discoordinated prescribing. Public health pro-
grams and policy development should be cognizant of
these challenges and potential solutions.
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