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Abstract

Background: Tools are needed to aid clinicians in estimating their patients’ risk of transitioning 

to long-term opioid use and to inform prescribing decisions.

Objective: To develop and validate a model that predicts previously opioid-naïve patients’ risk of 

transitioning to long-term use.

Research Design: Statewide population-based prognostic study

Subjects: Opioid-naïve (no prescriptions in previous two years) patients ≥12 years old who 

received a pill-form opioid analgesic in 2016-2018 and whose prescriptions were registered in the 

California prescription drug monitoring program (PDMP).

Measures: A multiple logistic regression approach was used to construct a prediction model with 

long-term (i.e., >90 days) opioid use as the outcome. Models were developed using 2016-2017 
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data and validated using 2018 data. Discrimination (c-statistic), calibration (calibration slope, 

intercept, and visual inspection of calibration plots), and clinical utility (decision curve analysis) 

were evaluated to assess performance.

Results: —Development and validation cohorts included 7,175,885 and 2,788,837 opioid

naïve patients with outcome rates of 5.0% and 4.7%, respectively. The model showed high 

discrimination (c-statistic: 0.904 for development, 0.913 for validation), was well calibrated after 

intercept adjustment (intercept, −0.006 [95% CI, −0.016 to 0.004]; slope, 1.049 [CI, 1.045 to 

1.053]), and had a net benefit over a wide range of probability thresholds.

Conclusions: A model for the transition from opioid-naïve status to long-term use had high 

discrimination and was well calibrated. Given its high predictive performance, this model shows 

promise for future integration into PDMPs to aid clinicians in formulating opioid prescribing 

decisions at the point of care.

Keywords

Prescription drug monitoring program; Opioid-naïve; Long-term opioid use; Risk prediction; Dose 
trajectory; Opioid analgesic

Introduction

Opioid use disorder and overdose are pressing public health issues in the United States. The 

Centers for Disease Control and Prevention (CDC) released opioid prescribing guidelines 

in 2016, which emphasized limiting the number of patients who receive a new opioid 

prescription and continue receiving opioids for the long term (1, 2). Pharmacies, health 

systems, payers, and state regulators responded to these guidelines by restricting the days’ 

supply and/or the daily dose that opioid-naïve patients could receive (3, 4).

Research on the predictors of incident long-term opioid use has focused mostly on 

individual risk factors, notably characteristics of a patient’s index opioid prescription 

(5–11). Few studies have examined prescribing patterns during patients’ first month of 

opioid therapy; after which the CDC guidelines recommend clinical reassessment of opioid 

prescribing (2). Tools that incorporate prescribing information after the index prescription 

date can help clinicians estimate their patients’ risk for transition to long-term opioid use 

and so better inform prescribing decisions.

Prescription drug monitoring programs (PDMPs) track all outpatient opioids dispensed 

in their respective states, and include a web interface for clinical review of prescribed 

controlled substances. PDMPs are ideal data sources for developing prescribing-related 

prediction tools as they track dispensed prescriptions regardless of payer and include 

information on daily fluctuations in prescribed opioid dose over time. We know of one 

prior study that has examined associations between PDMP-derived predictors and long-term 

opioid use (12), but none that have used PDMP data to predict the risk of this outcome.

The objective of this study was to develop and validate a multiple logistic regression 

prediction model for incident long-term use that could potentially be integrated into a 

PDMP interface to serve as a clinical aid. To this end, we identified first-time opioid users 
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in California between 2016 and 2018. We then used the first 30 days of this cohort’s 

opioid prescription history to predict their transition to long-term (>90 day) opioid use. 

A secondary objective was to determine whether models including PDMP-derived dose 

trajectory measures would result in improved risk predictions versus those without.

Methods

Study reporting follows the transparent reporting of a multivariable prediction model 

for individual prognosis or diagnosis (TRIPOD) guidelines for reporting multivariable 

prediction models (13). The study was approved by the University of California, Davis 

Institutional Review Board and the California Committee for the Protection of Human 

Subjects. The National Institute on Drug Abuse of the National Institutes of Health 

supported this study but had no role in its design, conduct, or reporting.

Data Source

De-identified, patient-level prescription data from 2014-2019 for all patients in California 

aged ≥12 were obtained from California’s PDMP. Data included details of all outpatient 

Schedule II-IV controlled substance prescriptions dispensed in the state. Prescription records 

for opioid analgesics (Supplemental Digital Content 1) and other non-opioid controlled 

substances utilized for this analysis were identified by linking national drug codes in 

the PDMP against a widely available prescription drug compendium (14). NDC codes 

not identified by the compendium were manually reviewed and classified by a clinical 

pharmacist. Encrypted patient, prescriber, and pharmacy identifiers were included to allow 

tracking of these individual entities over time. Incomplete records were excluded from 

analysis (0.98% of all records, none identifiable as prescription opioids).

Prescriptions for opioid-containing antitussive medications were excluded as patients 

receiving these medications represent a different clinical population than patients 

prescribed opioid analgesics. Compounded opioid formulations were excluded because 

these records typically reference bulk quantities making accurate dose calculations 

impracticable. Intravenous and intramuscular formulations were excluded as these are 

typically administered in an inpatient setting.

Participants

The study cohort comprised all opioid-naïve persons prescribed an index solid oral 

dosage (hereby referred to as pill) form opioid analgesic in California between 2016 and 

2018 (Figure 1). Patients were considered opioid-naïve if they received no other opioid 

prescriptions in the previous two years (i.e., 730 days). Records from 2014-15 were used 

to ensure patients’ opioid-naïve status. This study adopted a more stringent definition of 

opioid-naïve than the 6- or 12-month definition used in prior studies (10–12), because we 

had sufficient years of data available to adopt this more stringent definition and because 

prior work shows that even remote opioid use is relevant when assessing patient’s risk 

of transition to long-term use (15). Patients who exclusively received non-pill opioids on 

the index day (3.2%) were excluded from analysis as they likely represented special cases 

(e.g., liquid opioids to a patient who cannot swallow pills) where predictions of long-term 
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use would be of less clinical value. Non-pill form opioid analgesics, however, were still 

included in a patient’s opioid prescription episode if they filled a pill-form analgesic on their 

index day. Patients with prescriptions for buprenorphine typically used for the treatment of 

opioid use disorder, as an index prescription or any time in the 30 days following the index 

prescription date, and/or who received a daily dose of ≥500 morphine milligram equivalents 

(MME) on their index day were excluded; such patients are unlikely to be truly opioid-naïve.

Outcome

Long-term use was defined as an opioid prescription episode that lasted longer than 90 

days, contained at least three opioid prescriptions, and had no more than 60 days between 

the completion of one prescription and the initiation of the subsequent one. This definition, 

adapted from prior studies (16, 17), assumes that each patient consumes a consistent daily 

dose of medication, and is likely an underestimation of the true duration of treatment for 

new patients as they are often advised to consume opioids “as needed.” The 60-day gap 

allows for the discrepancy between medication availability and actual use by the patient. 

Long-term episodes eligible for this analysis were initiated between January 1st, 2016 and 

October 2nd, 2018. Each participant was followed for 91 days to determine their outcome 

status. Data from 2019 were utilized to avoid censoring of patients identified in late 2018.

Predictors

Two sets of independent variables based on patient data from the first 30 days post index 

prescription were considered for inclusion. Set 1 candidate predictors were selected based 

on clinical experience and prior research (6, 12, 15, 17–20). For each patient, we used 

their history of opioid prescription records to estimate 30 consecutive daily doses beginning 

with the date the index prescription was filled, and then used various trajectory statistics 

(e.g., critical points for polynomial-smoothed trajectories) as set 2 candidate predictors. The 

30-day assessment period was chosen based on a prior study which identified this time 

period as clinically useful for predicting the transition to long-term use (15). A full list of 

candidate predictors can be found in Appendix 1 of Supplemental Digital Content 2.

Set 1 predictors formed the base model from which the final model was built, and their 

inclusion was based on prior work (15). Predictors included were patient age and sex, 

opioid-related variables (type of opioid in the index prescription, total unique pharmacies 

through day 30, total unique prescribers through day 30, total prescriptions per prescriber 

through day 30, pills per prescription through day 30, pill difference between day 30 and 

the index day, active liquid opioid formulations on day 30, active non-pill and non-liquid 

formulations on day 30), active benzodiazepine prescriptions on day 30, and active non

benzodiazepine and non-opioid controlled substance prescriptions on day 30. As this set 

of predictors formed the core of our final model, they were not subject to any selection 

procedures.

For predictors constructed from dose trajectories (Set 2), we utilized 30 days of prescription 

data (from day 1, the start of the index prescription, through day 30) to determine dosage 

trajectories for each patient. Two approaches were used to define the dose trajectories from 

which the set 2 candidate variables were derived, with one approach based on daily quantity 
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(e.g. pill counts) and the other based on daily MME. Total person-day dose was calculated 

by aggregating all opioid pill prescriptions active for each patient on each given day within 

this time period. These 30 dose totals formed the basis for constructing dose trajectories for 

each patient. Details can be found in Appendix 2-A (Supplemental Digital Content 2).

Subsequent prescriptions are often filled early or late depending on individual patient needs. 

This may lead to brief prescription overlaps or gaps, and therefore to artificially high 

or low dose totals. To minimize the impact of these artificial fluctuations, we fit the 30 

person-day raw dose totals to a cubic polynomial function (21). Summary measures of these 

polynomials were then derived and considered for model inclusion. Daily patient deviations 

from a sample average, or residuals, were similarly summarized and also considered as 

candidate predictors. Details on set 2 predictor derivation are available in Appendices 2-A, 

2-B, and 2-C of Supplemental Digital Content 2.

Predictors based on dose trajectories (Set 2) included in the final model were day where 

dose curve maximum occurs, total area under the dose curve, and change in area under the 

dose curve between the first and second ten-day periods of follow up.

Statistical Analysis Methods

Our primary goal was predicting opioid-naïve patients’ risk of transition to long-term use. 

Prescription records from previously opioid-naïve patients from 2016-2017 (n=7,175,885) 

and 2018 (n=2,788,837) were used to develop and validate the model, respectively. We 

modeled the outcome using multiple logistic regression, a traditional modeling approach 

in clinical prediction that performs comparatively well versus alternative methods (22). 

Univariate and bivariate analyses were utilized to assess potential non-linearity. Using the 

set 1 variables as a core model (15), we added all remaining candidate trajectory variables 

(set 2) to create the full model. Set 2 variables were then systematically removed through 

a backward selection process. This variable selection process was utilized as there are no 

apparent clinical reasons, nor prior work in the literature, specifying why one candidate 

summary measure of these smoothed curves would be more valid than another. Due to 

the large sample size, all candidate variables had p<0.001. We therefore relied on the 

c-statistic, using the DeLong test (23), to assess candidate predictor inclusion. A full model 

with all candidates was compared pairwise to a smaller model with one set 2 candidate 

removed. If the c-statistic in the smaller model was improved, then this model was retained. 

Remaining set 2 candidates were evaluated similarly. Additionally, the variance inflation 

factor was used to identify multicollinearity among Set 2 candidates. When multicollinearity 

was observed, decisions about which variables to remove were based on model fit (c

statistic). Model calibration was then assessed using the validation cohort. Miscalibration 

was improved by adding quadratic terms, squared terms and 2-way interactions for the 

following continuous predictors: patient age, total prescriptions per prescriber, pills per 

prescription, dose difference between day 30 and day 1, day of dose curve maximum, total 

area under the dose curve, and change in area under the dose curve between the first and 

second ten-day periods following index prescription. Inclusion of these non-linear terms 

greatly improved model fit and calibration. A flow chart of the model-building process is 

detailed in Appendix 3 of Supplemental Digital Content 2.
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Sensitivity analysis was performed to compare models with different approaches for 

deriving dose trajectory variables, based on either quantity or MME. Quantity-based models 

showed slightly better fit and were therefore used for the primary analysis (Appendix 4, 

Supplemental Digital Content 2).

Prediction performance was evaluated using measurements of discrimination (i.e., the 

c-statistic, as described above) and calibration (calibration curves and calibration slope/

intercept) (24). Models were re-calibrated by updating the intercept (25). Calibration curves 

were generated by plotting deciles of risk of the predicted versus observed probabilities of 

the outcome in the validation data. Decision curve analysis was used to assess clinical utility 

in the validation sample. Decision curve analysis is a method of determining the clinical 

value of a prediction model by comparing the ‘net benefit’ of an intervention based on 

a prediction tool versus two default strategies: intervention for all patients or intervention 

for none. These comparisons are made over a range of possible probability (or decision) 

thresholds for which a decision on whether intervention is necessary can be made by the 

clinician (26). In this context, intervention would refer to action taken by the prescriber to 

prevent the transition of their patient to long-term opioid use. In addition, we compared the 

net benefit of the final full model with dose trajectory, set 2, predictors to a core model 

with only set 1 predictors (Appendix 5, Supplemental Digital Content 2 for further details). 

Sensitivity, specificity, positive (PPV) and negative predictive values (NPV), and likelihood 

ratio positive and negative were reported for a range of decision thresholds. All analyses 

were performed using SAS 9.4.

Results

Patient Characteristics

From 2016-2018, there were 9,870,387 previously opioid-naïve California residents who 

met our cohort definition (Figure 1); of which 491,747 (4.9%) transitioned to long-term 

use (361,906 [5.0%] and 129,841 [4.7%] in the development and validation cohorts, 

respectively). For all study years, patients who transitioned to long-term use were older 

(median [IQR], 58 [46 to 60] vs 46 [31 to 62]), more likely to be prescribed tramadol 

(25.6% vs 15.2%) and less likely to be prescribed hydrocodone (45.9% vs 55.7%) or codeine 

(6.8% vs 16.8%) on their index day. They were more likely to have two or more prescribers 

(23.6% vs 8.0%) and pharmacies (11.8% vs 3.9%), received more pills per prescription 

(median [IQR]: 60.0 [30.0 to 90.0] vs 20.0 [16.0 to 30.0]), and were more likely to have 

active prescriptions for long-acting opioids (7.5% v 0.4%), benzodiazepines (13.8% vs 

2.7%), and other controlled substances (9.2% vs 2.4%) on day 30. Their day of maximum 

dose occurred later (median [IQR], 17.1 [0.0 to 29.0] vs 0.0 [0.0 to 0.0]), they did not have 

the same decrease in dosage from the index day to the last day of follow-up (median [IQR], 

0 [−28 to 20] vs −20 [−30 to −15]), they had a greater area under their smoothed dosage 

curve (median [IQR], 75.4 [47.2 to 116.0] vs 21.4 [15.4 to 35.2]), and had smaller decreases 

in area under the curve in the second versus the first 10-day period (median [IQR], −2.7 

[−19.5 to 0.0] vs −20.2 [−28.0 to −13.4]) than patients who did not transition to long-term 

use. Characteristics were similar across development and validation cohorts (Table 1).
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Model Results

The prediction model showed excellent discrimination (c-statistic = 0.904 and 0.913 in 

the development and validation cohorts, respectively) and was well calibrated once model 

intercepts were adjusted (calibration intercept: −0.006; 95% CI, −0.016 to 0.004; calibration 

slope: 1.049; 95% CI, 1.045 to 1.053). A calibration plot, shown in Figure 2, compares the 

mean observed outcome (transition of opioid-naïve patients to long-term opioid use), by 

deciles of predicted probability. Final model adjusted odds ratios are reported in Appendix 6 

of Supplemental Digital Content 2.

Table 2 summarizes model performance at various probability thresholds. At the optimal 

threshold, identified by the Youden index, sensitivity, specificity, PPV, NPV, and positive 

and negative likelihood ratios were 84.4%, 84.8%, 21.3%, 99.1%, 5.49, and 0.18 

respectively. At the same optimal threshold, inclusion of dose trajectory predictors, 

expressed as model benefit in Table 2, yielded 2.11 more true positives identified per 

1000 patients assessed compared to the alternative model without dose trajectory variables. 

Decision curve analysis revealed a greater net benefit, for decision thresholds from <1% to 

up to 74% risk, for the validated prediction model over the base model using only set 1 

predictors (no dose trajectory predictors) and the default strategies of predicting all patients 

either would or would not transition to long-term opioid use (Figure 3).

Discussion

Using PDMP data, we developed and validated a multiple logistic regression model to 

predict the risk that previously opioid-naïve California residents would transition to long

term opioid use. The model had high discrimination, was well calibrated, and demonstrated 

clinical utility. Inclusion of dose trajectory measures improved model performance and 

clinical utility. The full model provided a net benefit over nearly the entire spectrum of risk 

(from the 4th to >99th percentiles). The model demonstrated high NPV and low PPV due 

largely to the low prevalence (4.9%) of the outcome.

This model shows promise for future implementation into California’s PDMP interface. It 

provides a basis for the development and implementation of future PDMP-based prediction 

tools. Prescribers in many states, California included (27), are required to check PDMPs 

when writing new opioid prescriptions. Therefore, prescribers considering continued opioid 

therapy for individual patients could utilize such a tool as a clinical decision aid. Some 

PDMP interfaces already include metrics associated with patient overdose, such as patients 

receiving opioids from multiple prescribers and/or pharmacies (28). Indeed, various experts 

have already stressed the need for PDMPs to utilize their rich prescription data to provide 

more sophisticated clinical warnings that inform prescribing decisions (29). This model 

could become a crucial tool for prescribers concerned about their patients developing long

term opioid use, and these encouraging results suggest development of a prediction tool that 

could be implemented into California’s PDMP as a logical next step.

The prediction model utilized in this study was novel in two important ways. First, it used 

data exclusively from a state PDMP and is, to our knowledge, the first such model to do 

so. This is different from past studies which utilized data from electronic health records 
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(30–32), which are limited geographically and to patients with similar characteristics (e.g., 

similar forms of health coverage), or recruited participants from individual health clinics 

(33–35) and were further limited by small sample sizes. The use of PDMP data also allowed 

for the identification of a patient’s opioid-naïve status without having to consider changes 

in insurance enrollment or similar administrative limitations. Second, it uses a novel set of 

variables derived from dose trajectories to predict the transition to long-term use. Though 

dosage has well-established links to long-term use, dose as a predictor tends to either focus 

on the index prescription (5–9) or to be summarized in simple measures such as cumulative 

totals (12, 19) or averages over a follow-up period (30). Inclusion of trajectory measures led 

to more accurate predictions of patient risk with improved model discrimination, calibration, 

and increased net benefit. These results suggest that dose trajectory measures warrant 

consideration as candidate predictors in future studies predicting risk for opioid-related 

harms.

Given the low PPV and high NPV, and therefore high false positive and low false negative 

rates, tools based on this model would be best utilized to confidently identify patients at low 

risk for long-term opioid use. Concerns over false positives are warranted and represent a 

limitation of the study. For example, prescribers should avoid using drastic measures that 

may harm their patients (e.g., rapidly tapering patients’ opioid dose) based only on the risk 

of incident long-term use identified by this model. On the other hand, patients classified 

as high risk might warrant interventions with minimal risk of harm such as dissemination 

of educational materials, increased clinical follow-up, and discussion of alternative pain 

management strategies.

In addition to the false positive rate, the study is subject to other limitations. First, the 

data are exclusively from one state, California. Though it is a populous and diverse state, 

generalizability to non-California populations requires further validation on PDMP data 

from other states. Second, PDMP data only includes prescription records from outpatient 

pharmacies. Third, the data may misclassify patients who moved in or out of California. 

Patients may have been prescribed opioids previously from out of state and erroneously 

appear as opioid-naïve in this analysis. Similarly, patients who left the state and continued to 

receive opioids from non-California sources would be missed. Finally, PDMP data contain 

no information on pain etiology, medical history, or any other relevant clinical information. 

This prediction model is meant to aid clinicians in their prescribing decisions and not make 

these important decisions for them. Clinicians will have a complete record of each patient’s 

medical history and present medical status; information that would influence any predictions 

about long-term opioid use and inform whether long-term use is clinically appropriate for 

their patients (e.g., patients in palliative care).Therefore, prescribers should understand that 

PDMP-based prognostic tools are not meant to supersede prescribers’ best judgment, but 

simply act as another tool at their disposal.

In summary, we demonstrated that a validated multiple logistic regression model utilizing 

only PDMP data can predict, with high degrees of discrimination and good calibration, the 

transition of previously opioid-naïve patients to long-term opioid use. This model could 

prove a critical aid in the identification of patients with high risk for long-term opioid use, 

and therefore at increased risk for opioid-related harms associated with chronic opioid use.
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Figure 1: 
Participant Flow Chart through Study.

PDMP: Prescription drug monitoring program
a With complete patient records
b Defined as a patient receiving a new opioid analgesic prescription with no other opioid 

prescribed in the previous two years (730 days) and no opioid indicated for treatment of 

opioid use disorder prescribed in the index prescription or follow-up period
c Excluded patients may meet multiple exclusion criteria

Tseregounis et al. Page 11

Med Care. Author manuscript; available in PMC 2022 December 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



d Some patients (n = 94,335) qualify as opioid-naïve in both 2016 and 2018 due to at least 

730 days between their opioid use episodes and therefore appear in both the development 

and validation datasets
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Figure 2: 
Calibration Curve for a Model Predicting the Transition of Opioid-naïve Patients to Long

term Use among California Residents, 2016-2018.

The plot shows mean observed outcome (transition of previously opioid-naïve patients to 

long-term opioid use), by deciles of predicted probability (each circle represents a decile). 

Predicted probabilities are from application of the prediction model, developed on the 

2016-2017 cohort, to the validation (2018) cohort. The grey line reflects perfect agreement 

between observed and predicted probabilities. Error bars represent 95% confidence intervals.
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Figure 3: 
Decision curve analysis comparing clinical utility, as measured by net benefit, for various 

prescribing strategies by decision threshold

The plot shows decision curve analysis comparing the net benefit for four different 

prediction strategies: the thick solid line represents the validated risk prediction (full) model 

(A), the thick dashed line a prediction model without the dose trajectory (set 2) variables 

(B), the thin solid line when transition to long-term use is predicted for all patients (C), 

and the thin dotted line when transition to long-term use is predicted for no patients (D). 

The optimal threshold (4.89%) was calculated by maximizing the Youden’s J statistic (= 

Sensitivity + Specificity − 1). Appendix 5 (Supplementary Digital Content 2) contains 

details on how net benefit is calculated.
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Table 1:

Characteristics of Previously Opioid-naïve Patients in California, 2016-2018.

Variable

Development Cohort
a
 (n = 7,175,885) median 

(IQR) or n (%)
Validation Cohort

b
 (n=2,788,837) median 

(IQR) or n (%)

No long-term use
c
 (n = 

6,813,979)
Long-term use

c
 (n = 

361,906)
No long-term use

c
 (n = 

2,658,996)
Long-term use

c
 (n = 

129,841)

Patient Characteristics

Male Sex 2,952,947 (43.3%) 156,887 (43.4%) 1,157,154 (43.5%) 46,484 (43.5%)

Unknown Sex 4896 (0.1%) 173 (0.1%) 2785 (0.1%) 90 (0.1%)

Patient Age 46 (31, 62) 57 (46, 68) 48 (32, 63) 59 (48, 70)

Opioid in Index Prescription

Hydrocodone 3,928,498 (57.7%) 169,199 (46.8%) 1,351,757 (50.8%) 56,501 (43.5%)

Oxycodone 644 217 (9.5%) 44,238 (12.2%) 299,916 (11.3%) 17,139 (13.2%)

Tramadol 984,761 (14.5%) 90,742 (25.1%) 458,574 (17.3%) 35,151 (27.1%)

Codeine 1,108,521 (16.3%) 24,491 (6.8%) 483,000 (18.2%) 8857 (6.8%)

Other
d 147,982 (2.2%) 33,236 (9.2%) 65,749 (2.5%) 12,193 (9.4%)

Prescription Characteristics 
During 30-Day Post Index Period 
e

Two or more Prescribers 555,890 (8.2%) 87,184 (24.1%) 203,752 (7.7%) 28,725 (22.1%)

Two or more Pharmacies 267,965 (3.9%) 44,016 (12.2%) 98,947 (3.7%) 14,004 (10.8%)

Mean Pills per Prescription 24.0 (17.5, 30.0) 60.0 (30.0, 90.0) 20.0 (15.0, 30.0) 60.0 (30.0, 90.0)

Mean Prescriptions per Prescriber 1 (1, 1) 1 (1, 2) 1 (1, 1) 1 (1, 2)

Change in Total Quantity on Day 30 
vs. Day 1 −20 (−30, −15) 0 (−30, 20) −20 (−30, −12) 0 (−21, 16)

Prescriptions Active on Day 30

Long-acting Opioid 28,492 (0.4%) 26,769 (7.4%) 10,578 (0.4%) 10,101 (7.8%)

Liquid Opioid 4727 (0.1%) 979 (0.3%) 2206 (0.1%) 475 (0.4%)

Non-liquid Non-Pill Opioid 4316 (0.1%) 4557 (1.3%) 1471 (0.1%) 1287 (1.0%)

Benzodiazepine 191,266 (2.8%) 51,835 (14.3%) 64,803 (2.4%) 15,908 (12.3%)

Non-Opioid non-Benzodiazepine 
Controlled Substance 165,965 (2.4%) 34,368 (9.5%) 59,379 (2.2%) 10,859 (8.4%)

Dose Trajectory Characteristics 
e,f

Total AUdC 22.7 (16.8, 35.7) 76.7 (27.1, 116.0) 18.1 (13.0, 29.0) 71.5 (44.4, 114.1)

Change in AUdC from Days 1-10 to 
Days 11-20 −21.0 (−28.4, −14.0) −2.8 (−31.4, 0.0) −20.2 (−26.7, −13.4) −2.4 (−17.4, 0.0)

Day of Maximum Dose 0.0 (0.0, 0.0) 16.1 (0.0, 29.0) 0.0 (0.0, 0.0) 19.5 (0.0, 29.0)

AUdC: Area under the smoothed dose curve

a
All previously opioid-naïve patients that received their index prescription in 2016 and 2017

b
All previously opioid-naïve patients that received their index prescription in 2018

c
Defined as an episode of opioid use lasting >90 days after the initial prescription, including at least 3 opioid prescriptions, with no more than a 

60-day gap between prescriptions
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d
Includes patients with opioid types not specified in other categories and/or those patients who filled more than one type of opioid on the index day

e
Only opioid prescriptions for pill formulations (e.g., capsules, tablets, pills) were used to calculate these variables

f
Variables derived from cubic polynomial curves fit to raw patient daily quantity totals. Curves were fit to each individual patient for their daily 

dosage (quantity) from the first day of their index prescription through day 30.
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Table 2:

Prediction Performance for Various Thresholds of Predicting Long-term Opioid Use.

Decision 

Threshold (%)
a

Predicted Long

term Use (%)
b

Sensitivity (%) Specificity (%) PPV (%) NPV (%) LR+ LR− Model Benefit
c

0.55 75.1 99.0 26.0 6.1 99.8 1.34 0.04 0.91

1.26 43.1 95.0 59.4 10.3 99.6 2.34 0.08 4.28

2.57 26.2 90.0 76.9 15.6 99.4 3.90 0.13 2.99

3.12 23.2 88.3 80.0 17.7 99.3 4.42 0.15 2.30

4.59 19.0 85.0 84.2 20.8 99.1 5.38 0.18 2.08

4.89
d 18.6 84.4 84.8 21.3 99.1 5.49 0.18 2.11

4.99 18.2 84.2 85.0 21.5 99.1 5.61 0.19 2.10

7.29 15.1 80.0 88.0 24.6 98.9 6.67 0.23 2.58

9.81 13.1 76.3 90.0 27.2 98.7 7.63 0.26 3.20

21.52 7.6 59.9 95.0 36.9 98.0 11.98 0.42 3.08

40.74 2.2 27.0 99.0 56.9 96.5 27.00 0.74 1.99

PPV: Positive predictive value, NPV: Negative predictive value, LR+: Positive likelihood ratio, LR−: Negative likelihood ratio

a
Predicted probability multiplied by 100, at which previously opioid-naïve individuals are predicted to become long-term opioid users or not, 

defined as continuous use for ≥90 days with ≥3 opioid prescriptions and no more than 60-day gaps between the run out date of one prescription and 
the start date of the next prescription

b
Proportion of sample predicted to transition to long-term opioid use based on the specified threshold

c
Number of true positives gained per 1000 patients assessed. Calculated through the difference in net benefit between the full model with dose 

trajectory (set 2) predictors, indicated by curve (A) in Figure 3, and the base model without dose trajectory predictors, indicated by curve (B) in 
Figure 3.

d
Optimal threshold calculated by maximizing Youden’s J Index (= Sensitivity + Specificity − 1)
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