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Predictors of Transitioning to Incident 
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BACKGROUND: Opioids have been prescribed and used for chronic noncancer pain at prolific rates in 
the United States during the past 2 decades. Patients who transition to incident chronic opioid therapy are 
at increased risk for significant negative health consequences, including cardiovascular risk, endocrine 
disorders, opioid use disorder, and death.
OBJECTIVE: To identify the leading predictors associated with transitioning to incident chronic opioid 
therapy among working-age adults without cancer. 
METHODS: This retrospective observational cohort study is based on medical and pharmacy claims of a 
nationally representative sample of adults enrolled in commercial health insurance plans. Standard para-
metric (logistic regressions) and nonparametric methods based on a decision tree were used for prediction. 
To facilitate comparison with the available published literature, we also present adjusted odds ratios 
(AORs) and 95% confidence intervals (CIs). The 10% random sample of 491,442 patients included in the 
study who were working-age adults (age, 28-63 years) were insured in a commercial health plan, did not 
have cancer, and initiated opioid therapy between January 2007 and May 2015. Transition to incident 
chronic opioid therapy was defined as having claims for at least a 90-day supply of opioids within 120 days 
after the index date (ie, initiation of opioid therapy). Predictive models used for the analysis comprised a 
comprehensive list of factors available in the claims data, including opioid regimen characteristics, pain 
conditions, physical and mental health conditions, concomitant medications use (ie, benzodiazepine, 
stimulants, nonopioid analgesics, and polypharmacy), patient characteristics, and health insurance type.
RESULTS: In our sample, the transition to incident chronic opioid therapy was 1.3% and pain-specific 
diagnoses were documented for only one-third (31.7%) of patients. The 4 leading predictors of chronic 
opioid therapy were opioid duration of action (AOR, 12.28; 95% CI, 8.06-18.72), the parent opioid com-
pound (eg, tramadol vs codeine; AOR, 7.26; 95% CI, 5.20-10.13), the presence of conditions that are very 
likely to cause chronic pain (AOR, 5.47; 95% CI, 3.89-7.68), and drug use disorders (AOR, 4.02; 95% CI, 
2.53-6.40). 
CONCLUSIONS: The initial opioid regimen’s characteristics are powerful predictors of chronic opioid 
therapy. Predictive algorithms created from readily available claims data can be used to develop real-time 
predictions of the future risk for a patient’s transition to chronic opioid use.  
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Chronic noncancer pain is prevalent among US 
adults, costs approximately $600 billion annually, 
and can be especially burdensome for working-age 

adults because of lost productivity and the negative im-
pact of this condition on a patient’s quality of life.1-6 Many 
patients with chronic noncancer pain receive effective 
nonopioid treatments and opioid therapy, despite a lack 
of robust evidence about the efficacy and effectiveness of 
the latter.7-9 In 2012, a total of 259 million prescriptions 
for opioids were written in the United States.10 

Patients who receive short-term opioid therapy may 
be at high risk for becoming users of chronic opioid ther-
apy, which is defined as the use of an opioid for 90 
days.7,11 Chronic use of opioid therapy places patients at 
risk for exacerbating their current condition, onset of 
new chronic physical and/or mental health conditions, 
and serious opioid-related adverse effects, such as a drug 
overdose, abuse, and death.7,12-15 

An estimated 1 in 550 patients treated with opioids 
for chronic noncancer pain die from an opioid-related 
cause in the United States, and the risk for death in-
creased 24-fold for patients who were prescribed very 
high daily doses of an opioid.16 These findings suggest 
that opioid regimen characteristics play a crucial role in 

escalating the risk for chronic opioid therapy use and its 
associated adverse consequences.

However, the factors that influence the transition of 
working-age adults with chronic noncancer pain to 
chronic opioid therapy use are not well understood.7,17 
It is important to examine the use of chronic opioid 
therapy among working-age adults, because they may 
suffer from unique and negative consequences, such as 
missed work days, loss of employment, and decreased 
productivity, in addition to opioid use–related compli-
cations such as high economic burden through in-
creased emergency department, inpatient, and other 
healthcare utilization.12-15,18,19 

Given these potentially serious consequences, it is 
important to determine the predictors of transitioning 
from acute to chronic opioid therapy among working-age 
adults.20 Identifying working-age adults who are at high 
risk for transitioning to chronic opioid therapy and de-
termining the factors that place them at risk for the 
transition can augment clinicians’ knowledge to aid with 
prescribing decisions, initial opioid regimen selection, or 
monitoring,21,22 as well as inform early risk mitigation 
efforts, which have shown some efficacy in preventing 
opioid-related overdose and death.7,23,24

Previous researchers have assessed the transition from 
acute to chronic opioid therapy among several groups of 
patients, including veterans, patients using a single 
healthcare system, and low-income Medicaid beneficia-
ries.11,25,26 Other studies have used predictive models to 
identify patients who were diagnosed with incident sub-
stance use disorders or opioid abuse.27,28 To date, no study 
has analyzed the transition to incident chronic opioid 
therapy in working-age adults using nationwide data. 

Therefore, the objective of this study was to identify 
the predictors of transition to incident chronic opioid 
therapy among working-age adults without cancer based 
on claims data of a nationally representative sample of 
commercially insured adults in the United States. This 
information can allow clinicians and insurers to person-
alize patients’ treatment options, including nonopioid 
regimens for adults who are at high risk for transitioning 
to chronic opioid therapy. Changes to treatment guide-
lines based on these predictors can be assessed by re-
searchers, policymakers, and government payers. 

We used robust predictive modeling techniques to 
identify the leading predictors of incident chronic opioid 
therapy based on readily available information in medi-
cal and pharmacy claims databases; such modeling can 
be applied to real-time data customized to specific geo-
graphic regions, providers, or health insurers.27,28 

Methods
The study data were derived from an adjudicated 

KEY POINTS

➤ Opioids are widely prescribed for noncancer pain, 
but they are associated with serious consequences, 
including missed work or loss of employment, drug 
overdose, and death.

➤ This retrospective study is based on claims data 
for 491,442 US working-age adults enrolled in a 
commercial health insurance plan.

➤ This is the first study to investigate the risk of 
transitioning to incident chronic opioid use among 
patients with noncancer pain.  

➤ The overall rate of transitioning to incident chronic 
opioid use was 1.3%.

➤ The likelihood of transitioning to chronic opioid 
use was higher with long-acting opioids (37.0%) 
than with immediate-release opioids (1.3%).

➤ The initial opioid regimen’s characteristics are 
effective predictors of transitioning to chronic 
opioid use. 

➤ The 4 key predictors were the opioid’s duration of 
action, the parent opioid compound, presence of 
chronic pain, and drug use disorders.

➤ Prescribers can use these factors to determine the 
potential for a patient to transition to chronic 
opioid therapy when first prescribing opioid therapy.
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claims (ie, inpatient, outpatient, emergency department, 
and prescription) database that includes approximately 
150 million enrollees in commercial health plans in the 
United States between 2006 and 2015. The database is 
owned by IQVIA (formerly IMS Health/Quintiles) infor-
mation services (IQVIA’s Real-World Data: Adjudicated 
Claims-USA), from which we used data on a 10% ran-
dom sample. The full database from which the 10% was 
sampled covers 90% of hospitals, 80% of doctors, and 

85% of large companies in the United States. These data 
only include health plans that submit data for all their 
members, and the data are considered nationally repre-
sentative of the commercially insured US population.29,30

We conducted a retrospective cohort study with base-
line and follow-up periods. A patient’s first prescription 
for an opioid between January 2007 and May 2015 was 
defined as the index date, which was used to create the 
baseline period (ie, 12 months before the index date) and 
the follow-up period (120 days after the index date). 

To ensure that we captured individuals who were free 
of opioid use at baseline, we used the first prescription 
date between January 2007 and May 2015. The Nation-
al Drug Codes for opioids were extracted from the Na-
tional Library of Medicine’s RxNav and RxMix.31 These 
conversions allowed for the categorization of opioids at a 
more granular level (eg, by parent opioid compound and 
duration of action).

The study sample consisted of 491,422 adults who 
were aged 28 to 63 years at the index date, did not have 
cancer, and were continuously enrolled in a primary 
commercial insurance plan during the entire observation 
period (ie, from baseline through the follow-up periods). 
Continuous enrollment in pharmacy benefits and in 
medical benefits was required. We excluded 10,594 indi-
viduals who had more than 1 opioid prescription on the 
index date, because we were unable to evaluate the ini-
tial opioid regimen characteristics for these individuals. 
We also excluded 23 individuals because they were 
missing data on the region in which they live (Figure 1).

Measures
Dependent Variable

An enrollee was classified as having incident chronic 
opioid therapy if he or she had at least a 90-day supply of 
opioids during the follow-up period (ie, 120 days after 
the index date). 

Independent Variables
The opioid regimen characteristics included the opi-

oid’s duration of action (ie, long-acting and immediate- 
release), the standardized dose, and the parent opioid 
compound, which were assessed based on the first opioid 
prescription. The parent opioid compound was grouped 
into 5 categories—codeine, hydrocodone, oxycodone, 
tramadol, and other opioids. Because the data use agree-
ment with the data’s owner specified that opioids manu-
factured by a single manufacturer could not be isolated, 
we combined all the “single-manufacturer drugs” and 
“other opioids” into 1 category. Methadone can be used 
for the treatment of opioid use disorder or for pain; there-
fore it was not included as an eligible opioid in our sam-
ple. The standardized opioid dose was calculated in mil-

Figure 1 
Study Sample: Inclusion and Exclusion Criteria 
Applied to Patients with Incident Opioid 
Prescriptions, 2007-2015a

Removed sequentially as exclusion 
criteria were applied:

Continuous enrollment
(N = 1,591,990)

Age >63 yrs or <28 yrs
(N = 1,066,782)

Multiple opioid prescriptions  
on index date
(N = 40,054)

Cancer 
(N = 33,497)

Prescriptions with nonpositive 
days’ supply or quantity 

(N = 254)

Missing demographics (sex, 
relationship, or region)

(N = 159)

Sample for analysis:
491,442 unique eligible patients 

Opioid users in PharMetrics:
10% sample, 2007-2015

(N = 3,224,178)

aThis sample includes patients from IQVIA’s Real-World Data: Adjudicated Claims-USA.

Copyright © 2018 by Engage Healthcare Communications, LLC; protected by U.S. copyright law. 
Photocopying, storage, or transmission by magnetic or electronic means is strictly prohibited by law.



Predicting Transition to Chronic Opioid Therapy Use

15 www.AHDBonline.com  l  American Health & Drug Benefits  lVol 11, No 1  l  February 2018

ligrams of morphine equivalents, using the opioid 
morphine equivalent conversion factors approved by the 
Centers for Medicare & Medicaid Services.32

Patient enrollment characteristics included patient in-
surance plan type (ie, health maintenance organization 
[HMO], preferred provider organization [PPO], or other) 
and primary insured relationship (ie, self, spouse, other, 
and unknown). Patient demographics included age, sex, 
and US region (ie, East, Midwest, South, and West).

The clinical factors were the presence or absence of 
diagnoses for pain conditions, mental illnesses, and a set 
of chronic conditions adapted from the Department of 
Health & Human Services (HHS) priority conditions 
for research, program, and policy.33,34 Pain conditions 
were also categorized as (1) conditions that are highly 
likely for chronic pain, (2) likely for chronic pain, and 
(3) acute pain.35,36 Because arthritis is a pain condition as 
well as an HHS priority condition, arthritis was consid-
ered separately, so that it would not be counted twice. 

International Classification of Diseases, Ninth Revision, 
Clinical Modification (ICD-9-CM) codes were used to as-
sess each of the 3 pain conditions.35 The ICD-9-CM 
codes did not overlap between the lists. The drug use 
disorders included drug dependence (ICD-9-CM code 
304), drug abuse (ICD-9-CM code 305.2-305.9), and 
drug-induced mental disorders (ICD-9-CM code 292).

Generic Product Identifier (GPI) codes, a hierarchical 
classification system that identifies drugs from their pri-
mary therapeutic use to package size in 2-digit incre-
ments, were used to assess the medication-related char-
acteristics. These characteristics included concomitant 
use of benzodiazepines (GPI-4 of 57.10), stimulants 
(GPI-4 of 61.10 or 61.40), or nonopioid analgesics (GPI-
2 of 66 or 64). The pharmacotherapy burden was esti-
mated, with polypharmacy defined as ≥5 medication 
classes.37 Concomitant medications were measured 
during the last 4 months of the baseline period. 

Statistical Analyses: Predictive Modeling 
Standard parametric (logistic regressions) and non-

parametric methods based on a decision tree were used 
for prediction. The nonparametric method—random 
forests—is a decision tree method that can be used for its 
predictive accuracy and protection of overfitting com-
pared with other techniques. Random forests can be used 
to evaluate a vast set of predictor variables, even in the 
presence of complex interactions, by building a collec-
tion of decision trees and averaging them by bootstrap-
ping (or resampling) both samples and variables.21

The parametric and nonparametric methods were 
compared using receiver operator characteristic curves. 
Predictive modeling differs from standard regression ap-
proaches in many ways. Although standard regression 

analyses focus on the average relationship between the 
transition to chronic opioid therapy and the explanatory 
variables, predictive modeling can target patients who 
have the highest risk for transitioning to chronic opioid 
therapy, such as with efforts to develop interventions for 
patients with diabetes.38

Standard regression analyses are typically conducted 
in a given sample, whereas predictive models use boot-
strap samples of observations (ie, bagging) and a sample 
of variables (ie, attribute bagging) and test the estimated 
model in a holdout or test sample.21,39 To accomplish 
this, we randomly split the eligible sample into the 3 
subsamples of training (60%), validation (20%), and 
testing (20%). After a final model was identified using 
the training and validation subsamples, the predictive 
model was tested on the holdout sample to assess perfor-
mance and potential overfitting. 

To increase the utility of a predictive model in a clin-
ical setting, we used an abbreviated set of factors that 
could be easily assessed during a patient visit (ie, Model 
1). We performed predictive modeling using the R soft-
ware suite version 3.4.0 (R Development Core Team; 
Vienna, Austria). For comparison with the published 
literature, we present the adjusted odds ratios (AORs) 
and 95% confidence intervals (CIs) by conducting a lo-
gistic regression of the final models in the test subsample.

Results
In our sample of 491,442 working-age adults receiving 

opioid therapy, overall 6556 transitioned from their first 
opioid prescription to incident chronic opioid therapy, 
which translates to a rate of 1.3% (Table 1). Hydroco-
done was the most frequently prescribed first opioid 
(61.0%), followed by oxycodone (19.3%), tramadol 
(9.9%), and codeine (9.1%). 

The majority of eligible patients were female (52.5%), 
aged ≥45 years (56.7%), and covered by a PPO plan 
(73.9%). Less than one-third (31.7%) of these patients 
did not have a diagnosis code in their medical claims for 
acute pain, arthritis, or conditions that are likely or high-
ly likely to be associated with chronic pain. Table 1 
presents the selected key sample characteristics by tran-
sition to chronic opioid therapy. The opioid regimen 
characteristics (ie, parent opioid compound, duration of 
action, and standardized dose) were all associated with a 
transition from first opioid prescription to incident 
chronic opioid therapy. 

Overall, a greater percentage of patients with first opi-
oid prescriptions for long-acting formulations than for 
immediate-release formulations (37.0% vs 1.3%), with 
prescriptions for tramadol than for codeine (4.2% vs 
0.5%), with very high standardized doses than with lower 
standardized doses (5.1% vs 1.5%), patients who had 
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Table 1 Patients with Incident Opioid Use, by Transition to Chronic Opioid Use After Initial Opioid Prescription, 
2007-2015a

Patient sample 
Total 

patients, N

Transition to 
chronic opioid 
therapy, N (%)

χ2  
value

P 
value Patient sample 

Total 
patients, N

Transition to 
chronic opioid 
therapy, N (%)

χ2  
value

P 
value

All patients 491,442 6556 (1.3) — — Concomitant medications

Benzodiazepine use within 4 
months preceding opioid 
prescription

612.0 <.001

Yes 39,048 1059 (2.7)

No 452,394 5497 (1.2)

Stimulant use within 4 
months preceding opioid 
prescription

105.2 <.001

Yes 7642 204 (2.7)

No 483,800 6352 (1.3)

Nonopioid analgesic use 
within 4 months preceding 
opioid prescription

117.9 <.001

Yes 120,486 1983 (1.6)

No 370,956 4573 (1.2)

Polypharmacy (≥5 drug 
groups)

528.9 <.001

Yes 109,724 2234 (2.0)

No 381,718 4322 (1.1)

Patient characteristics

Sex 94.0 <.001

Male 233,393 3503 (1.5)

Female 258,049 3053 (1.2)

Age 594.2 <.001

28-34 yrs 81,462 602 (0.7)

35-44 yrs 130,917 1345 (1.0)

45-54 yrs 156,191 2332 (1.5)

55-63 yrs 122,872 2277 (1.9)

Region 67.2 <.001

East 94,910 1075 (1.1)

Midwest 156,117 2090 (1.3)

South 194,746 2862 (1.5)

West 45,669 529 (1.2)

Insurance plan type 24.0 <.001

HMO 63,181 798 (1.3)

PPO 363,414 5010 (1.4)

Otherb 64,847 748 (1.2)

Opioid regimen characteristics

Duration of action of initial 
opioid prescription

7926.7 <.001

Long-acting 819 303 (37.0)

Immediate-release 490,623 6253 (1.3)

Parent opioid compound of 
initial opioid prescription

4494.2 <.001

Codeine 44,588 201 (0.5)

Hydrocodone 300,008 3023 (1.0)

Oxycodone 94,822 1039 (1.1)

Tramadol 48,450 2039 (4.2)

All other opioids 3574 254 (7.1)

Standardized dosea of initial 
opioid prescription

674.4 <.001

Lower (0-49 MME) 370,726 5520 (1.5)

Moderate (50-99 MME) 106,544 776 (0.7)

High (100-149 MME) 11,399 118 (1.0)

Very high (≥150 MME) 2773 142 (5.1)

Pain conditions

Highly likely chronic pain condition 2883.8 <.001

Yes 1508 259 (17.2)

No 489,934 6297 (1.3)

Likely chronic pain condition 2029.9 <.001

Yes 144,644 3581 (2.5)

No 346,798 2975 (0.9)

Acute pain condition 26.5 <.001

Yes 4247 95 (2.2)

No 487,195 6461 (1.3)

Arthritis 1241.5 <.001

Yes 30,811 1098 (3.6)

No 460,631 5458 (1.2)

Physical and mental health conditions

Mental illness 462.5 <.001

Yes 58,356 1338 (2.3)

No 433,086 5218 (1.2)

Any drug use disorder 1401.7 <.001

Yes 1513 187 (12.4)

No 489,929 6369 (1.3)

NOTE: This sample includes patients from IQVIA’s Real-World Data: Adjudicated Claims-USA. Because of data use requirements from the data provider, some categories were 
collapsed, including insurance plan type and other opioid use.
aDoses of opioids were converted to a standardized dose (MME) using the Centers for Medicare & Medicaid Services conversion table.
bIncludes fee-for-service, health savings account, and indemnity plans.
HMO indicates health maintenance organization; MME, morphine mg equivalents; PPO, preferred provider organization.
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conditions most likely to cause chronic pain than those 
without these conditions (17.2% vs 1.3%), and patients 
with drug use disorders than those without these disorders 
(12.4% vs 1.3%), transitioned to chronic opioid therapy. 

Predictive Modeling
In training and validation subsamples, some variables 

were the leading predictors after adjusting for sex, age, 
the presence of pain conditions, and readily available 
and modifiable opioid regimen factors (ie, opioid dura-
tion of action, parent opioid compound, and standard-
ized dose). The variables of importance (ie, absolute 
value of the beta-coefficient) in descending order as they 
related to the transition to incident chronic opioid ther-
apy included opioid duration of action, likely chronic 
pain condition, parent opioid compound, highly likely 
pain condition, and drug use disorder diagnoses. 

In the holdout (test) sample, the same predictors were 
found to be important, although the order changed slight-
ly. For example, drug use disorders became the fourth 
leading predictor in the holdout sample as opposed to the 
second leading predictor in the training and validation 
samples. In the fully adjusted model (Model 2), the lead-
ing predictors remained the same in the training/valida-
tion and test samples. Again, the order of importance 
varied slightly with drug use disorders becoming the fifth 
leading predictor in the holdout sample versus the third 
leading predictor in the training/validation samples. 

The similarity between the 2 models was also con-
firmed by the prediction accuracy of Model 1 and the 
fully adjusted model (ie, Model 2; Figure 2). The areas 
under the curve (AUC) were similar for Model 1 
(AUC = 0.776) and Model 2 (AUC = 0.782) using the 
holdout sample. 

A comparison between Model 1 and Model 2 in the 
training and validation subsamples can be seen in the 
Appendix (at www.AHDBonline.com) in Supplemen-
tal Figure 1. Also, Supplemental Figure 2 in the Ap-
pendix contains a comparison of Model 1 between the 
training and validation subsample and the holdout (test) 
subsample. The AUC of decision tree–based models 
using random forest on the variables from Model 1 and 
the fully adjusted model were 0.54 and 0.64, respectively, 
in the training and validation subsamples. 

For ease of comparisons with the published literature, 
Table 2 summarizes the findings in the form of AORs 
and 95% CIs from a logistic regression of the test sam-
ple. As seen in Table 2, fully adjusting the model did not 
make significant changes to the AORs. For example, the 
duration of action, namely, long-acting versus 
immediate- release agent (AOR = 12.43; 95% CI, 8.13-
18.83) in Model 1 was similar to that in Model 2, the 
fully adjusted model (AOR = 12.28; 95% CI, 8.06-

18.72). Additional information included in the 2 mod-
els is provided in the Appendix in the Supplemental 
Table (at www.AHDBonline.com).

Discussion
To our knowledge, this is the first study to identify 

incident chronic opioid therapy in a sample of work-
ing-age adults who initiated opioid therapy. This is an 
important group, because of the potential impact on 
their productivity and the increased likelihood to receive 
opioid therapy when they experience pain.20 Nearly 
500,000 working-age adults in this sample initiated opi-
oid therapy over the study period. For example, in 2014, 
nearly 1.8 million prescriptions were written for opioid 
drugs in our 10% sample. We also found that 13 in 1000 
patients with an initial prescription for opioids transi-
tioned to chronic opioid therapy. 

Another important finding is the differences between 
states in the United States. Although we are unable to 
provide the specific differences, the rates of patients who 
transitioned to incident chronic opioid therapy were 
higher in Ohio, West Virginia, Kentucky, Mississippi, 
and Nevada than in other states. We hope that more 
studies will examine state-specific issues, including mon-
itoring of prescribers, educating the public and prescrib-
ers, and the availability of nonpharmacologic treatments 
for chronic noncancer pain. 

Our findings demonstrate that a smaller set (com-
pared with the fully adjusted model) of more easily as-
sessed factors at opioid initiation, including duration of 
action, standardized dose, parent opioid compound, age, 
and sex, can be used to gauge the risk for transitioning to 
chronic opioid therapy. Our predictive models identified 
4 leading predictors, including duration of action, type of 

Figure 2 Receiver Operator Characteristic Curves for Model 1 
and Fully Adjusted Model 2 Using the Test Subsample
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parent opioid compounds, drug use disorders, and painful 
conditions, that increased the risk for a transition to 
chronic opioid therapy by at least 4 times. 

Furthermore, in our sample of working-age adults, the 
highest likelihood of transition to chronic opioid therapy 
was among adults who were prescribed long-acting opioids 
as opposed to immediate-release opioids. These findings 
have implications for clinical practice. First, prescribers 
can use these factors to determine the potential for an 
individual patient to transition to incident chronic opioid 
therapy at the time of their first prescription for opioids. 
Also, knowledge of this potential risk can help to alter or 
increase the monitoring of the prescribed regimens. Phar-
macists can also use these factors to provide counseling 
about the goals of pain management and the potential for 
chronic opioid use to a subset of patients who are at high 
risk for transitioning to chronic opioid therapy. 

Future intervention efforts can effectively target these 
factors to change the prescribing practices for opioids.7 

For example, low-dose immediate-release codeine can be 
a first-line treatment option. However, other opioids 
may be needed, because codeine is a weak opioid and 
certain pharmacogenomic differences (eg, poor metabo-
lizers will have a reduced response) need to be considered 
when using codeine.40 

In addition, future studies using qualitative and 
quantitative analyses could assess prescriber logic in 
choosing to prescribe long-acting versus immediate-re-
lease opioids. What clinical characteristics or patient 
preference issues were considered in making these 
choices? The answer may help to uncover some under-
lying issues.

In our sample, only 32% of working-age adults with a 
first prescription of opioids had any diagnosis of pain 
conditions. Although it is plausible that ICD-9-CM 
codes may underreport pain conditions, without the full 
documentation of indications for opioid use, it is diffi-
cult to assess the appropriateness of the initial opioid 
prescription. This has implications for prescription 
monitoring programs, state-based insurers, healthcare 
systems, local hospitals, and outpatient practices, as well 
as emphasizes the need for documentation requirements 
and recommendations.

The strengths of this study include the availability of 
a nationally representative sample of the commercially 
insured US population, following individuals across mul-
tiple providers and settings, the use of statistical and 
machine-learning predictive methods, and the availabil-
ity of dates so that we could identify the first index opioid 
prescription. Furthermore, this study assessed incident 
chronic opioid therapy, which other studies have not 
distinguished from the prevalent use of chronic or long-
term opioid therapy. 

By using the National Library of Medicine programs 
RxMix and RxNav to identify the clinical drug compo-
nents, the drug’s duration of action and the parent opioid 
compound for each prescription could be identified, 
which allowed for a more granular assessment of the 
opioid regimen using claims data. Finally, the data 
spanned many unique insurers and plan types, which al-
lowed for tracking of patients over time and for the de-
termination of an opioid-free period of 12 months.

Limitations
The study has some potential limitations. First, pre-

scription claims do not have information on variables 
such as pain, socioeconomic status, social capital, med-
ication beliefs, and response to pain treatment, which 
may affect the transition to chronic opioid therapy. 
Also, claims data allow for the identification of pre-

Table 2
Select Leading Predictors of Transitioning from Incident 
to Chronic Opioid Use After First Opioid Prescription, 
2007-2015

Predictora

Model 1 in test subsample
Fully adjusted Model 2 in  

test subsample

Adjusted OR (95% CI) P value Adjusted OR (95% CI) P value

Long-acting vs 
immediate-release

12.43 (8.13-18.83) <.001 12.28 (8.06-8.72) <.001

Tramadol vs codeine 7.59 (5.53-10.74) <.001 7.26 (5.20-10.13) <.001

Highly likely chronic 
pain vs none

5.91 (4.18-8.20) <.001 5.47 (3.89-7.68) <.001

All other opioids vs 
codeine

5.71 (3.38-9.59) <.001 5.64 (3.34-9.53) <.001

Drug use disorder 
diagnosis vs none

4.96 (3.13-7.58) <.001 4.02 (2.53-6.40) <.001

Oxycodone vs codeine 2.70 (1.92-3.90) <.001 2.67 (1.87-3.81) <.001

Likely chronic pain  
vs none

2.08 (1.84-2.34) <.001 2.02 (1.79-2.28) <.001

Hydrocodone  
vs codeine

2.04 (1.49-2.87) <.001 1.97 (1.42-2.73) <.001

Benzodiazepine 
prescription vs none

1.99 (1.69-2.33) <.001 1.82 (1.54-2.16) <.001

Arthritis vs none 1.92 (1.63-2.25) <.001 1.86 (1.58-2.20) <.001

Male vs female 1.43 (1.27-1.60) <.001 1.46 (1.30-1.65) <.001

Very high vs low doseb 1.27 (0.73-2.08) 1.24 (0.74-2.08)

Age (continuous) 1.02 (1.02-1.03) <.001 1.02 (1.01-1.03) <.001

High vs low doseb 0.71 (0.47-1.05) 0.68 (0.45-1.02)

Moderate vs low doseb 0.45 (0.37-0.55) <.001 0.45 (0.37-0.54) <.001

NOTE: Data taken from IQVIA’s Real-World Data: Adjudicated Claims-USA. Because of data use 
requirements from the data provider, some categories were collapsed, including insurance plan type 
and other opioids. Other variables included in Model 2 (fully adjusted model) can be seen in the 
Appendix Supplemental Table (available at www.AHDBonline.com). 
aPredictor indicated in bold type.
bDoses of opioids were converted to a standardized dose (morphine mg equivalents) using the 
Centers for Medicare & Medicaid Services conversion table.
CI indicates confidence interval; OR, odds ratio.
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scription medications, but not for the actual use of 
these medications. 

In addition, predictive modeling results have some 
limitations as well. The models were assessed in a unique 
subsample (ie, testing data) of the overall sample. How-
ever, the validity of the model and its predicted probabil-
ities will be more generalizable if applied to a different 
sample of patients, potentially from other commercial 
healthcare plans. The importance of factors could change, 
and even improve, if other types of information were 
added to the data set (eg, social determinants of health, 
medication use behaviors, prescribers’ characteristics). 

Finally, recent (from 2015 to the present) changes to 
prescribing practices of opioids could affect the overall 
incidence of the transition to chronic opioid therapy or 
the types of opioids prescribed.

Conclusion
Our findings suggest that an individual’s transition to 

chronic opioid therapy can be predicted by information 
that is readily available in a clinical setting, such as the 
initial opioid regimen characteristics, a history of drug 
use disorder, and medical conditions associated with 
pain. Our study further demonstrates that predictive 
models can be used to aid clinicians’ decision-making; 
develop real-time predictions about the future risk for 
transitioning to chronic opioid therapy; influence policy, 
prescriber education, and prescription monitoring pro-
grams; and be applied to other patient populations. Fu-
ture research may include other factors, such as medica-
tion-taking behaviors, which are not measured in our 
study, to improve prediction accuracy. n
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STAKEHOLDER PERSPECTIVE

Addiction Prediction: Preventing Iatrogenic  
Opioid Dependence 
By Albert Tzeel, MD, MHSA, CPE, FAAPL 
Regional Medical Director, Senior Products, North Florida, Humana, Tampa

An ancient Danish proverb (sometimes attributed to 
the quantum physicist Niels Bohr) states that “predic-
tion is difficult, especially about the future.”1 Moreover, 
even if one feels that she or he is well skilled at making 
predictions, especially with significant clinical savvy, 
one usually expresses overconfidence in such endeavors. 
The late psychologist, Paul E. Meehl, in his seminal 
book, Clinical Versus Statistical Prediction: A Theoretical 
Analysis and a Review of the Evidence, argued that “me-
chanical” and other objective methods of looking at data 
to make predictions outperformed clinical and other 
subjective methods of looking at that same data for pre-
dictive value: mechanical methods incorporate less sub-
jective bias into their views and lead to more consistent 
results.2 Meehl’s thesis has been studied and validated.3,4 

In this context, the very timely article by Thornton 
and colleagues can play a role in addressing our current 
epidemic of opioid abuse.5 According to the Centers for 
Disease Control and Prevention, in 2016, nearly 5 peo-
ple died every hour because of opioid-related drug over-
doses.6 It is well known that prescribing opioid medica-
tions, especially those with protracted durations of 
action or over a longer time frame, increases the risk for 
an individual using these medications to become addict-
ed to and/or physiologically dependent on them. It is in 
this realm that the article by Thornton and colleagues 
becomes extremely valuable.

PHYSICIANS/PRESCRIBERS: The article by 
Thornton and colleagues spells out how prescribers can 
potentially identify the risk that a given patient will de-
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velop the need for chronic opioid therapy, by using 
readily available information from the clinical setting. 
Awareness of such a risk in a consistent manner allows a 
prescriber to take appropriate actions to mitigate that 
risk; these actions can include, but are certainly not lim-
ited to, the use of other classes of pain medications (eg, 
nonsteroidal anti-inflammatory drugs), use of less potent 
opioids with a shorter duration of action, or prescribing 
the medication dosages for a limited number of days that 
should, one hopes, prevent addiction. It should be feasi-
ble to add such decision support factors to an electronic 
medical record for review at the point of contact.

PAYERS: This article also develops some predictive 
models for prescribers’ behavior. Given payers’ involve-
ment in population health strategies, such insights can be 
used to foster collaborations with prescribers, with the ul-
timate goal of preventing progression to chronic opioid 
therapy and promoting improved health. Furthermore, 
given the vast number of claims that are typically available 
to a payer, the ability to use these data to augment further 
mechanical data review should not be underestimated.

PATIENTS: Ultimately, the prevention of transi-
tioning to chronic opioid therapy is a win-win for all 
parties involved. It is especially beneficial to the patient, 

because although opioids are intended to alleviate suffer-
ing by decreasing pain, having an addiction to these 
medications can promote the exact opposite effect.

In summary, predictive models, such as the one devel-
oped by Thornton and colleagues, may not be perfect, 
but they are certainly a good start in the prevention of 
iatrogenic opioid addiction. In the words of the late stat-
istician George E.P. Box, “all models are wrong, but 
some are useful.”7 n
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