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Abstract

Background—Determining risk factors for opioid abuse or dependence will help clinicians
practice informed prescribing and may help mitigate opioid abuse or dependence. The purpose of
this study is to identify variables predicting opioid abuse or dependence.
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Methods—A retrospective cohort study using de-identified integrated pharmacy and medical
claims between October 2009 and September 2013. Patients with at least one opioid prescription
claim during the index period (index claim) were identified. We ascertained risk factors using data
from 12 months prior to index claim (pre-period) and captured abuse or dependency diagnosis
using data from 12 months post index claim (post-period). We included continuously eligible (pre-
and post-period) commercially insured patients aged 18 or older. We excluded patients with
cancer, residence in a long-term care facility, or previous diagnosis of opioid abuse or dependence
(identified by International Classification of Diseases-9™ revision (ICD-9) code or buprenorphine/
naloxone claim in the pre-period). The outcome was a diagnosis of opioid abuse (ICD9 code
304.0x) or dependence (305.5).

Results—The final sample consisted of 694,851 patients. Opioid abuse or dependence was
observed in 2,067 patients (0.3%). Several factors predicted opioid abuse or dependence: younger
age [per decade (older) odds ratio (OR) 0.68], being a chronic opioid user [OR 4.39], history of
mental illness [OR 3.45], non-opioid substance abuse [OR 2.82], alcohol abuse [OR 2.37], high
morphine equivalent dose per day user [OR 1.98], tobacco use [OR 1.80], obtaining opioids from
multiple prescribers [OR 1.71], residing in the South [OR 1.65], West [OR 1.49], or Midwest [OR
1.24], using multiple pharmacies [OR 1.59], male gender [OR 1.43], and increased 30-day
adjusted opioid prescriptions [OR 1.05].

Conclusions—Readily available demographic, clinical, behavioral, pharmacy and geographic
information can be used to predict likelihood of opioid abuse or dependence.

Keywords

Opioid abuse; opioid dependence; predictive model; demographic factors; pharmacy claims based
factors; prescription drug monitoring program

Introduction

The United States has seen a dramatic rise in opioid prescriptions in the past decade with a
concomitant increase in abuse of opioid medications.! There has been a tripling in the rate of
opioid related overdose deaths from 2000 to 2014, with over 28,000 deaths in 2014.2 This
epidemic creates a dilemma for prescribers who seek to provide adequate pain relief while
minimizing risks of abuse and dependence. Abuse is defined as the intentional self-
administration of a medication for a non-medical reason3 while dependence is a maladaptive
pattern of substance use.* °

Guidelines exist for using opioids in non-cancer pain,% but prescribers face challenging
situations when prescribing opioids and need tools to aid their decisions. Prescription Drug
Monitoring Programs can help reveal aberrant behavior. Forty-nine states have enacted these
programs; however monitoring alone does not prevent abuse.’~10 Currently, there are limited
tools that help predict which patients may develop opioid abuse or dependence. The Opioid
Risk Tool (ORT) identifies at risk patients based on past medical, family and social
history.11 However, the ORT does not combine patient and prescription drug monitoring
program information to assess risk. Clinicians need to know how risk factors ascertained at
the time of prescribing opioids predict subsequent abuse or dependence.
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The objective of this study is to identify demographic characteristics, clinical, behavioral
factors obtained from prescription drug monitoring programs, pharmacy and geographic
factors that quantify the risk of developing opioid abuse or dependence. These factors are
immediately available to a prescriber by patient interview and by accessing a prescription
drug monitoring program and could help assess risk of prescribing opioids. Once at-risk
patients are identified, additional screening tests could be employed by the prescriberl2 13
and treatment of abuse and dependence could be pursued.

METHODS

We used de-identified (in accordance with Health Insurance Portability and Accountability
Act (HIPAA) requirements) pharmacy and medical claims data from a pharmacy benefit
manager (Express Scripts) from October 1, 2009, to September 30, 2013. These data include
health insurance claims (inpatient/outpatient medical, and outpatient pharmacy) and
enrollment data from large employers and health plans across the United States. This study
included patients 18 years old or older as of the index opioid claim date.

International Classification of Diseases, Ninth Revision (ICD-9) codes were used to identify
medical diagnoses. First Data Bank ‘Smart Key’ classifications were used to identify opioids
based on pharmacy claims.1* Smart Key Specific Therapeutic Class designations (4-digit
codes describing therapeutic drug classes) and Generic Code Numbers (5-digit numbers that
group equivalent products based on active ingredients) were used to classify pharmacy
claims (Appendix 1). Dosage strengths for Specific Therapeutic Class were used in
calculating daily morphine equivalent dosing and to classify immediate vs. extended release
opioids.

Exclusion criteria included patients with a cancer diagnosis (Appendix 2), claims for
chemotherapy or antiemetics (Appendix 3), residence in long-term care facilities (residence
code of 03 from the National Council of Prescription Drug Programs 384-4x classification),
in convalescence following chemotherapy (ICD-9 V66.2) or in hospice/palliative/end-of-life
care (ICD-9 V66.7). Patients with a prior opioid dependency diagnosis (within 365 days
prior to the index claim) or were on buprenorphine/naloxone (typically used to treat opioid
dependence) also were excluded (Appendix 4).

To predict the likelihood of opioid abuse or dependency, we conducted a retrospective
claims analysis. Derivation and validation models were developed. For the derivation model
(Figure 1), we identified patients based on =1 claim for opioids in the index period (October
1, 2011 to September 30, 2012), the index claim was a randomly selected opioid claim. For
the validation model, we identified patients based on =1 claim for opioids in the index
period (October 1, 2010 to September 30, 2011), again randomly selected. For both models,
we ascertained risk factors using data from 12 months prior to index claim (pre-period) and
captured abuse or dependency diagnosis by ICD-9 code using data from 12 months post
index claim (post-period). All patients were continuously eligible during pre- and post-
periods.
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The primary outcome measure was an ICD-9 diagnosis of nondependent opioid abuse
(304.0x) or dependence (305.5x%) in the post-period. Patient characteristics based on
pharmacy and medical claims were included as independent variables, including
demographic, clinical, behavioral, pharmacy claims and geographical factors. All factors
were measured prior to the index date.

Variables Included agel® (calculated at the index claim) and the chronic use of opioids!®
(defined as claims for more than 90 days of opioids in the 6 months prior to and including
the index date). Clinical variables of history of mental illness,1718 non-opioid substance
abuse,1” and nondependent alcohol abusel”+18. 19 were identified by ICD-9 codes (Appendix
5). We identified high morphine equivalent dose users (=120 mg morphine equivalent dosing
daily),20-22 using pharmacy claims. The other clinical variable, tobacco use disorder,8, was
identified by ICD-9 code as well.

Prescriber shopping was hypothesized to be a risk factor® 2425 and patients were identified
as prescriber shoppers if they received opioid prescriptions from =2 prescribers® within 60
days prior to and inclusive of the index date. Geographic region is associated with opioid
abuse or dependence.l’ Patients were classified into geographic regions (Northeast, South,
West, or Midwest as defined by US Census Bureau26) based on their index claim state of
residence.

Pharmacy shopping was also considered as a risk factor>24.27 and patients were considered
pharmacy shoppers if they filled opioid prescriptions at =3 pharmacies!® 24 within 60 days
prior to and inclusive of the index date. Prior research indicates that men are more likely to
be opioid abusers than women.17: 28 We hypothesized that the same relationship would be
observed for opioid abuse or dependence.

Pharmacy claims were used to determine the number opioid prescriptions in the pre-
period.1” To capture prior use of opioids, the number of 30-day adjusted opioid prescriptions
in the pre-period was used. Days’ supply of all opioid prescriptions was divided by 30.4
days/month to convert to months and address the days’ supply differential between
dispensing channels. Pharmacy claims also identified long-term use of immediate release
opioids. For patients who were on opioids for at least 6 months of the pre-period, we
computed a ratio of immediate release to total opioids being taken. Patients were considered
chronic immediate release users if this ratio exceeded 0.5.

We computed a binary distance variable of less than and greater than 50 miles from patient
to index opioid prescriber based on centroids of the respective zip codes. We hypothesized
that potential opioid abusers or dependents would travel farther to receive an opioid
prescription.

From a population of approximately 1.4 million patients with at least 1 opioid claim during
the index period for the derivation model, 694,851 patients constituted the final analytical
sample (Table 1). Datasets were created and statistical analyses were conducted using SAS
version 9.3 and SAS Enterprise Guide version 5.1 (SAS Inc., Cary, NC). Descriptive
statistics included comparison of bivariate differences in risk factors between opioid abusers
or dependents and non-abusers or non-dependents using analysis of variance for continuous
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variables and chi-square tests for categorical variables. All comparisons were 2-tailed and a
p<0.05 was considered statistically significant. Variance inflation factor was analyzed to
ascertain multicollinearity among independent variables.

Multivariate logistic regression analyses were performed to predict the likelihood of opioid
abuse or dependence. To address potential bias in the estimated coefficient and to test the
robustness of the findings, two sensitivity analyses were conducted (Appendix 6).

Validation was conducted to assess performance of the predictive model in an independent
sample. The validation model design was identical to the derivation model with the
exception of index period. The index period for the validation model was one year earlier,
from October 1, 2010 to September 30, 2011, which resulted in a cohort of 634,588 patients.

This research was exempt from Institutional Review Board approval based on the Code of
Federal Regulation, §46.101b, from the United States Department of Health and Human
Resources,?? and exempted from the Washington University IRB.

The derivation cohort included 694,851 patients, of which 2,067 patients (0.3%) were opioid
abusers/dependents. They were significantly younger (Table 2). There were more chronic
opioid users (55.8% vs 10.4%) in the group who developed abuse or dependence.

Clinical factors significantly varied between the 2 groups of patients. Opioid abusers/
dependents had a higher proportion of mental illness (52.1% vs. 14.9%). non-opioid
substance abuse (4.1% vs 0.2%), and non-dependent alcohol abuse (4.0% vs. 0.5%)
compared to non-abusers/non-dependents. Furthermore, opioid abuse/dependence were
associated with high morphine equivalent dose users (19.3% vs 1.9%) and tobacco use
disorder (19.4% vs 4.4%).

Opioid abuser/dependents were more likely to be prescriber shoppers (35.6% vs 11.6%).
There were also significant regional differences among the 2 groups with, South, West and
Midwest having a higher percentage of abusers or dependents as compared to the Northeast.

Pharmacy shopping differed between the two groups. There was a higher percentage of
pharmacy shoppers (6.8% vs 0.6%) in the opioid abuse/dependence group than the non-
opioid abusers/dependents. There was a higher proportion of males in the abuse/dependence
group than the non-abusers or non-dependents. Patients who developed abuse or dependency
averaged higher numbers of 30-day adjusted opioid prescriptions in the pre-period (9.3 vs.
1.8) and more chronic immediate release users (32.2% vs 6.8%).

The derivation and validation data set found similar effects for all variables, except that a
long (>50 miles) distance between patient and index opioid prescriber was significantly
more common among opioid abusers/dependents in the derivation dataset but not in the
validation data.

As indicated by a variance inflation factor of less than 10 for all variables, independent
variables in the model did not have a high level of collinearity. Thus, all variables were
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retained in the model. The c-statistic for the derivation model was 0.852 and for the
validation model was 0.847, indicating that the two models (Table 3) successfully
discriminate between opioid abusers/dependents vs. non-abusers or non-dependent patients.

Younger age [OR 0.68 per decade older, 95% confidence interval (Cl) 0.65-0.70]
significantly predicated opioid abuse or dependence. Chronic use of opioids [OR 4.39, 95%
Cl 3.71-5.19] and history of mental illness [OR 3.45, 95% CI 3.13-3.79] were strong
predictors of developing opioid abuse/dependence. Histories of other substance abuse [OR
2.82 95% CI 2.18-3.64] and alcohol abuse [2.37 95% CI 1.84-3.05], and doses of opioids =
120 mg of morphine equivalents per day [OR 1.98 95% CI 1.68-2.34] elevated the risk of
developing opioid abuse or dependence. Tobacco use [OR 1.80, 95% CI 1.60-2.04],
prescriber shoppers [OR1.71, 95% CI 1.55-1.89], residing in the South [OR 1.65, 95% ClI
1.45-1.87], West [OR 1.49 95% CI 1.29-1.72], and Midwest [OR 1.24, 95% CI 1.08-1.42]
compared to the northeast were also significant predictors of developing opioid abuse/
dependence.

Finally, pharmacy shoppers [OR 1.59 95% CI 1.31-1.92], male gender [OR 1.43, 95% ClI
1.31-1.57], and each additional 30-day adjusted opioid prescription [OR 1.05, 95% CI 1.04—
1.06] were predictive of developing opioid abuse/dependence.

Distance from patient to prescriber was not statistically significant in either model. Being a
chronic immediate release user was insignificant in the derivation model.

With only one exception (chronic immediate-release opioid) each of the predictors of opioid
abuse or dependence that were significant in the derivation model, also were significant in
the validation model. Additional sensitivity analyses (Appendix 6) corroborated the
associations in the derivation and validation models.

Discussion

This study identified 12 patient characteristics that predict increased risk of de novo abuse or
dependence in opioid users. The strongest predictors were chronic use, mental illness, non-
opioid substance use, alcohol abuse, high morphine equivalent dose dose per day, younger
age, and male gender. These effects were in the direction as hypothesized. In this study, the
relationships between the distance from patient to prescriber and being a chronic immediate
release user to the odds of developing opioid abuse or dependence were not consistently
significant. All identified risk factors are available through patient history or a prescription
drug monitoring program. Thus, our study provides useful risk factors for prescribers to be
able to determine a patient’s risk of developing opioid abuse or dependence in the next 12
months. These factors can help prescribers weigh the risks and benefits of prescribing
opioids.

Our findings are consistent with prior research. Dufour and colleagues developed a
predictive model using data from one commercial insurer with 3,500 cases of opioid abuse
or dependence.3C They also found lower risk with advanced age and high risks among men.
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Our results also are consistent with Edlund et al., who evaluated 46,000 Arkansas patients.3!
They reported that opioid abuse or dependence was associated with mental health disorders,
prior opioid abuse, younger age (18-30 years old), prior non-opioid substance abuse, and
higher morphine equivalent dose per day. White et a/. developed an abuse prediction model
based on 116,382 patients in Maine who used opioids.2” One of their main findings was that
>4 opioid prescriptions (OR 7.34) and early refills (OR 3.39) predicted abuse. Dose
escalation was also a significant risk factor (OR1.88). We did not assess early refills or dose
escalation as they cannot be assessed at the time of first prescription. As compared to these
seminal studies, our study is larger and more representative of the US population.

Rice et al. also studied a large, representative dataset.1” Their findings of non-opioid drug
abuse (OR 9.89) and a history of mental illness (OR 2.45) increasing the risk for opioid
abuse support our findings. Our study differentiates from prior studies in that we quantified
how readily available demographic, clinical, behavioral, pharmacy and geographic
information predict opioid abuse or dependence. Prescribers will be able to use these
variables in real-time to make a more accurate risk assessment of developing opioid abuse or
dependence.

Limitations

Our study has a few limitations. First, the model is not implementable in states without a
prescription drug monitoring program, but 49 states have a program in place or pending.
Second, our study did not include Medicare, Medicaid, or Veterans Administration patients
and awaits validation in these populations. However, most of the total US population is
covered by private insurance.32 Third, because we used one-year of ICD-9 codes after the
index claim for identifying opioid abuse or dependence, we likely failed to capture some
episodes of abuse or dependence. Future studies could include longer follow up. Finally, the
relationship between receiving =50% of the total dose in the immediate release form and
being diagnosed with opioid abuse or dependence was significant in the validation model,
but not in the derivation model.

Conclusions

In light of the opioid abuse epidemic, the findings of this study warrant updating tools that
estimate the risk for abuse or dependence. We recommend incorporating factors found in a
prescription drug monitoring program into a patient’s risk analysis. We found that risk
factors for a patient being diagnosed with opioid abuse or dependence are younger age,
being a chronic opioid user, histories of mental illness, non-opioid substance abuse, alcohol
abuse, being a high morphine equivalent dose user, a history of tobacco use, using multiple
prescribers, residing in the South, West or Midwest, using multiple pharmacies, male gender
and an increasing number of opioid prescriptions. Our study quantifies risk factors that are
available to prescribers who are considering prescribing opioids. These insights highlight the
importance of utilizing readily available demographic, clinical, pharmacy, and geographic
information to estimate the risk for opioid abuse or dependence.
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Appendix 1: Specific Therapeutic Class (STC) and Associated Description
for Opioid Claims

STC | STC Description

0268 | Analgesics, narcotics

6122 | Narcotic antitussive-1st generation antihistamine-decongestant combination

7740 | Analgesics narcotic, anesthetic adjunct agents

8483 | Narcotic antitussive-anticholinergic combination

8485 | Narcotic antitussive-1st generation antihistamine

8502 | Narcotic antitussive-decongestant combinations

8514 | Narcotic antitussive-decongestant-expectorant combination

8518 | Narcotic antitussive-expectorant combination

8769 | Analgesic narcotic agonist- NSAID combination

B902 | Analgesic narcotics-dietary supplement combination

B947 | Narcotic- non-salicylate analgesic-barbiturate-xanthine combination

B955 | Narcotic-salicylate analgesics-barbiturate-xanthine combination

B974 | Narcotic analgesic-non-salicylate analgesic combination

C423 | Narcotic antitussive-decongestant-analgesic-expectorant combination

C431 | Narcotic antitussive-1st generation antihistamine-analgesic, non-salicylate combination

C618 | Narcotic- salicylate analgesic combination

Appendix 2: ICD-9 Cancer Diagnosis Codes for Patient Exclusion Criteria

ICD-9 codes 140-165, 170-176, 179-209 excluding benign neoplasms under 209.x (209.4*,
209.5* and 209.6*) were used to identify patients with cancer.

Notes: *denotes all combination codes under the ICD-9

Appendix 3: GCN’s Associated with Cancer Drug Markers for Patient
Exclusion Criteria

STC Description GCN Used

ANP — Selective Retinoid Receptor Agonists (RXR) 92373
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STC Description

GCN Used

Antibiotic Antineoplastics

29203,
34241,34242,34247,34248,35080,
38581,38590,38591,38592,38593,38594,
38600,38601,38602,38610,38613,38622,
38623,38630,

47340,47343,
94175,96679,97242,97271,97272,97277,
97278,97282,99510,99835

Anti-CD20 (B Lymphocyte) Monoclonal Antibody

27827,
30137

Antiemetic/Antivertigo Agents

16007,16008,17256,17258,
20011,20228,23756,29247,
33531,
60548,
99260,99267,99335,99862

Antileprotics

19321,
28301,
95392,98220

Antineoplast HUM VEGF Inhibitor Recomb MC Antibody

21427

Antineoplast, Histone Deacetylase (HDAC) Inhibitors

28397,
97345

Antineoplast — Alkylating Agents

6939,

7182,7196,

9217,

12014,14401,17724,

24699,24701,
34221,34310,38232,38340,38350,38351,
38352,38353,38357,38360,38361,38370,
38380,38390,38410,38420,38422,38431,
38432,38433,38440,38450,38451,38910,
38911,38912,38920,

48862,

60901,

72722,72730,72731,72732, 72733,72734,
92893,92903,92913,92933,97957,98310,

98311,98709,98710,98813
Antineoplast — Antidrogenic Agents 450,
22642,22645,25740,29886,
33183
Antineoplast — Antimetabolites 880,

10290,12473,19901,

21179,21473, 21485,21501,21503,22663,
23432,23439,24037,25932,27027,27365,
27663,27664,
30776,30777,30778,31611,31612,32981,
34230,34231,38490,38500,38520,38530,
38531,38532,38540,38541,38542,38543,
93472,97455,97456,97457,97458,97825,
99268

Antineoplast — Aromatase Inhibitors 17300
Antineoplast — Epothilones & Analogs 98998,98999
Antineoplast — Halichondrin B Analogs 29249
Antineoplast — Hedgehog Pathway Inhibitor 31307

Antineoplast — Janus Kinase (JAK) Inhibitors

30892,30893,30894,30895,30896

Antineoplast — MTOR Kinase Inhibitors

20784,20844,28783,
31396,34589,34590,34592,
98597

Antineoplast — Topoisomerase | Inhibitors

14254,14256,
22661,29519,
97955,97956,99056,99790
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STC Description

GCN Used

Antineoplast - VEGF-A,B & PLGF Inhibitors

32988,32989

Antineoplast — Vinca Alkaloids

38560,38572,38580,38820,38970,
97327,97630

Antineoplast Antibody/Radioactive-drug Complexes

20159,20160

Antineoplast EGF Receptor Blocker Mclon Antibody

13632,13638,13639,15979,15983,
28471,
32343

Antineoplast Immunomodulator Agents

26314,26315,27276,27277,29809,29811,
29812,
31911,34147,34148,34149,34150,34743

Antineoplast LHRH (GNRH) Agnonist, Pituitary Suppr.

13133,15338,15344,16945,16946,17377,
18155,19219,
21004,23768,24301,28506,28507,29894,
30083,
84590,84591,84592,84593,84594,84596,
84597,84598,84601,84602,

99763,99764

Antineoplast Systemic Engyme Inhibitors

13369,19586,19656,19907,19908,
23793,23794,23795,26263,26452,26453,
26454,27257,27258,27259,27829,28737,
29405, 29406,29817,29818,
30332,30457,30458,31294,31295,32722,
33199,33202,33363,33873,33874,33903,
33904,33905,34723,34724,34726,34727,
98140,99070,99867

Antineoplast Antibody/Antibody-drug Complexes

14171,18373,18374,
20158,21050,24507,
30404,34234,34235

Antineoplast — Miscellaneous

7480,7481,7544,7550,7552,7560,

14103,
24094,24231,28663,28762,29066,29591,
29662,29663,29664,
30918,33734,38710,38730,38731,38732,
38740,38750,39000,39150,39152,39153,
39154,

47410,48480,48481,48590,
85410,85602,85602,

93610

Chemotherapy Rescue/Antidote Agents

1330,

27236,
31194,36901,38950,38953,38955,
87552,87553,87554,87555,87556,87557,
87558,87559,87562,87563,89655

CXCR4 Chemokine Receptor Antogonist 16124
Cytotoxic T-Lymphocyte Antigen (CTLA-4) RM Antibody | 29688,29689
Immunomodulators 26405,

46471,46472,47511,47512,47513,47520,
47521,47522,47523,47524,47525,47526,
47527,47528,47529,47530,47600,47601,
47602,47603,47604,47605,47661,47662,
47663,48891,48931,48941,49031,
90823,90833

Keratinocyte Growth Factor (KGF) 23928
Leukocyte (WBC) Stimulants 13206,13308,13309,15666,
26001,26220,26221,26222
LHRH (GNRH) Agonist Analog Pituitary Suppressants 23768,
80254,84350
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STC Description GCN Used

Selective Estrogen Receptor Modulators (SERMS) 17307,17308,
38720,38721,
50377

Steroid Antineoplastics 38640,38661,38700

Tissue Protective TX of Chemotherapy Extravasation 30562

Topical Antineoplastic & Premalignant Lesion Agents 89921

Appendix 4: GCN’s Associated with Suboxone for Patient Exclusion Criteria

STC Description GCN Used

Narcotic Withdrawal Therapy Agents | 18973, 18974, 28958, 28959, 33741,
33744, 34904, 34905, 36677, 36678,
36679

Appendix 5: ICD-9 Codes associated with independent variables

Description 1CD-9 Code

Non-opioid substance abuse | 304.1 to 304.9 and 305.2 — 305.9, excluding 305.5x

Tobacco use disorder 305.1

Nondependent alcohol abuse | 303.9 and 305.0x

Mental illness 290 to 302 and 306 to 316

Appendix 6: Sensitivity Analyses to Test the Robustness of the Findings

The first sensitivity analysis was “Firth’s bias-adjusted estimation’ which maximizes a
penalized likelihood function and provides finite parameter estimates. Second was
‘oversampling’ to increase the target rate by ten times. This helps address the bias resulting
from the margin of sampling error being related to the outcome sample size.

Sensitivity Analysis using Firth Bias-Adjusted Estimation Method and Over Sampling

Method
Reference | Firth’s Bias-Adjusted Over Sampling Method

Estimation Model® Model®

OR?& 95% Cl OR?& 95% Cl
Age NA 0.96 [0.96,0.97] 0.96 [0.96,0.96]
Chronic users Absent 4.39 [3.71,5.19] 3.98 [3.28,4.83]
History of mental illness Absent 3.45 [3.13,3.79] 3.63 [3.28,4.03]
Hbistory of non-opioid substance Absent 2.83 [2.18,3.63] 3.93 [2.84,5.44]
abuse

Am J Med. Author manuscript; available in PMC 2017 July 01.
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Reference | Firth’s Bias-Adjusted Over Sampling Method
Estimation Model® Model®
OR2& 95% ClI OR2& 95% ClI
History of non-dependent alcohol | Absent 2.38 [1.84,3.04] 2.64 [1.93,3.60]
abuse
Daily MED 2 120 mg/day Absent 1.98 [1.67,2.34] 1.83 [1.50,2.24]
History of tobacco use disorder Absent 1.80 [1.59,2.04] 2.04 [1.77,2.34]
Prescriber shoppers Absent 171 [1.55,1.89] 171 [1.53,1.91]
Region
South Northeast | 1.65 [1.45,1.87] 1.79 [1.56,2.05]
West Northeast | 1.49 [1.29,1.72] 152 [1.30,1.78]
Midwest Northeast 1.24 [1.08,1.42] 1.29 [1.12,1.50]
Pharmacy shoppers No 1.59 [1.31,1.92] 2.03 [1.58,2.61]
Male Female 1.43 [1.31,1.57] 1.52 [1.37,1.68]
Prior opioid 30-day adjusted NA 1.05 [1.04,1.06] 1.06 [1.05,1.07]
prescriptions
Chronic immediate release users Absent 1.089 [0.93,1.22] 1.036 [0.88,1.21]
Distance from patient to <50 miles | 1.120 [0.99,1.27] 1.126 [0.98,1.28]
prescriber

aAII data were significant at P<0.05 unless marked with a note indicating otherwise

bNot significant at P<0.05

cThe c-statistics for the Firth’s bias-adjusted estimation model was 0.853 and over sampling method model was 0.876
NA: Not applicable for continuous variables

MED: Morphine equivalent dosing
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Clinical Significance

Readily available variables can help quantify the risk of developing
opioid abuse

Chronic opioid use and history of mental illness are strongest
predictors of abuse
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Figure 1.
Study Timeline for the Derivation Model

Note: The index period for the out-of-time validation model was Q4, 2010 to Q3 2011.
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Table 1

Sample Selection Methodology and Description of Sample Size

Study Selection Criteria

Derivation Model

Validation Model
N

Total patients having opioid prescription claims during index period * | 1,428,137 1,453,996
No cancer diagnosis or medication 1,348,793 1,376,236
Not in long term care facilities 1,345,908 1,376,210
Not in hospice care facilities 1,345,720 1,376,052
No diagnosis for prior drug dependency 1,339,418 1,370,631
Continuously eligible during pre- and post-period 751,937 689,519
18 years of age or older as of the index date 696,922 636,620
No missing values for key covariates 694,851 634,588

*
Derivation Model: Index period Q4 2011-Q3 2012; Validation Model: Index period Q4 2010-Q3 2011
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Baseline Characteristics?

Table 2

Derivation Model

Validation Model

Measure Dependent | Non-Dependent Dependent Non-Dependent
N 2,067 692,784 1,580 633,008
Age [Mean (Std. Dev)] 44.1 (15.5) 48.8 (15.6) 436 (15.1) 49.1 (15.6)
Chronic users [N (%)] 1,154 (55.8) | 72,072 (10.4) 869 (55.0) 62,597 (9.9)
Mental illness [N (%)] 1,076 (52.1) | 103,398 (14.9) 781 (49.4) 86,546 (13.7)
Non-opioid substance abuse [N (%)] 84 (4.1) 1,696 (0.2) 59 (3.7) 1,280 (0.2)
Non-dependent alcohol abuse [N (%)] 82 (4.0) 3,191 (0.5) 55 (3.5) 2,623 (0.4)
Daily MED > 120 mg/day [N (%)] 398 (19.3) 13,075 (1.9) 301 (19.1) 15,663 (2.5)
Tobacco use disorder [N (%)] 401 (19.4) 30,584 (4.4) 290 (18.4) 23,663 (3.7)
Prescriber shoppers [N (%)] 735 (35.6) 80,354 (11.6) 575 (36.4) 72,373 (11.4)
Region [N (%)]

Northeast 386 (18.7) | 218,291 (31.5) 313 (19.8) 206,560 (32.6)

South 772 (37.4) | 198,229 (28.6) 489 (31.0) 172,457 (27.2)

West 409 (19.8) | 111,168 (16.1) 368 (23.3) 104,301 (16.5)

Midwest 500 (24.2) | 165,096 (23.8) 410 (26.0) 149,690 (23.7)
Pharmacy shoppers [N (%)] 141 (6.8) 3,855 (0.6) 125 (7.9) 3,406 (0.5)
Percent male [N (%)] 994 (48.1) | 298,126 (43.0) 780 (49.4) 271,038 (42.8)
Prior opioid 30-day adjusted prescriptions [Mean (Std. Dev)] 9.3(9.3) 1.8(4.1) 9.1(9.2) 1.7 (4.0)
Chronic immediate release users [N (%)] 665 (32.2) 46,839 (6.8) 536 (33.9) 40,069 (6.3)
Distance from patient to prescriber [N (%)]

<50 miles 1,747 (845) | 600,035 (86.6) | 1,343 (85.0)0 | 539,518 (85.2)0

> 50 miles 320 (15.5) 92,749 (13.4) 237 (15.0)2 | 93,490 (14.8)0

Page 18

aAII data were significantly different at P<0.05 between opioid dependents and non-dependents, except for cells marked with a note indicating

otherwise

Not significantly different between opioid dependents and non-dependents at P<0.05 MED: Morphine equivalent dose

Am J Med. Author manuscript; available in PMC 2017 July 01.



Page 19

Ciesielski et al.

Author Manuscript

asop JusjeAinba aulydio ‘@3N

S8]qeLIBA SNONUNU0D J0) 8]qeatjdde 10N :WN

"I3pOWI UOIEPI[EA 3U3 40} L58'0 PUE [9POW UOIEALISP 3L} 10} 258'0 3JM SIISIeIs-0 UL

G0'0>d 1e Jueoyiubis qu

3SIMIBY10 BUIEOIPUI 310U B YIIM PaXJeW SS3]UN §0°0>d T8 JURDILIUBIS 81aMm erep v,

lor1'es0] | 4560 | [Lz'T'660] | g2T'T | Solw 0SS Jaquiosaud 0 juaired woly souelsiq
[sr1'60'T] | 227 | [ezT'e60] | LOT uesqy lasn ases|al ajelpaluw! dIuoIyD
[soT'eoTl | w01 | [90T'v0T] [ SO'T WN | suonduosaid paisnipe Aep-og pioido Jolid
[sot2etl | 25T | LsTTeTl | evT alewad 3eN
[evzToTl | 86T | [e6T'TET] | 65T uasqy ssaddoys Adewreyd
[estertl | 16T | [er1'80T] | +2T | 3seayuoN uoiBay 1SaMpIN
[66'T'9v'T] | 0T | [22T'62T] | 6V'T | IseayuoN uolBay 1S9
[291'szT] | w1 | [28T'syT]l | S9T | 1sesyuoN uoiBay ynos
[seT'ssTl | 2T | [68°T'SS'T] | TLT uasqy s1addoys JaqLiasald
lovztetl | 60c | [voz'09Tl | 0871 ussqy 18pI0SIp 8sn 090eqOL
[cectotl | €671 | [ve'soTl | 86T uasqy Kep/Bw 0zT = @3aW Alrea
[egz'sstl | ore | [Goev8Tl | Le¢ ssqy 8snge [0Yod[e Juspuadap-uoN
[egetrel | 182 | [voe'sTel | 28¢ uasqy asngfe aduesqns pioldo-UoN
lorezoel | se€ | [6Leerel | sve wesqy ssaul|1 [eIUBIA
[czgesel | 62y | [6Tg'12€]l | 6EW uasqy s49sn d1U0IYD
[890'e90l | s90 | [or0's90] | 890 WwN (o411 40 apeoap Jad) aby
10 %56 | ¢dO 1D %56 | ¢dO
1I9POIA UoIEPIfeA | 43POIN UOIeAIS] | doustssy

€ 9lqeL

Author Manuscript

s|apoN Aduspuadaq pioldQ Joy oney sppo paishipy areLreAlNA

Author Manuscript

Author Manuscript

Am J Med. Author manuscript; available in PMC 2017 July 01.



	Abstract
	Introduction
	METHODS
	Results
	Discussion
	Limitations
	Conclusions
	Appendix 1: Specific Therapeutic Class (STC) and Associated Description for Opioid Claims
	Table T1
	Appendix 2: ICD-9 Cancer Diagnosis Codes for Patient Exclusion Criteria
	Appendix 3: GCN’s Associated with Cancer Drug Markers for Patient Exclusion Criteria
	Table T2
	Appendix 4: GCN’s Associated with Suboxone for Patient Exclusion Criteria
	Table T3
	Appendix 5: ICD-9 Codes associated with independent variables
	Table T4
	Appendix 6: Sensitivity Analyses to Test the Robustness of the Findings
	Table T5
	References
	Figure 1
	Table 1
	Table 2
	Table 3

