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1 

EXECUTIVE SUMMARY 

Opioids continue to be widely dispensed to workers with work-related injuries in several states despite the 

substantial reductions in recent years. Many workers also receive opioids on a prolonged basis. Among 

nonsurgical claims with more than seven days of lost time, about 6 to 18 percent of workers with opioids 

received at least 60 days of opioids supply over any 90-day period in 15 of the 22 states examined in a previous 

Workers Compensation Research Institute (WCRI) study. Even higher rates of 33 percent and 28 percent were 

seen in Louisiana and Delaware (Thumula, Liu, and Wang, 2019).1 High rates of opioid prescribing reinforce 

the need to better identify workers who are at risk for longer-term opioid use after their injuries. 

SCOPE OF THE STUDY  

In this study, we use information available early after a work-related injury to identify measures that are strong 

predictors of whether workers who started opioid therapy may continue to receive opioids on a longer-term 

basis. We also describe the relationship between these predictors and longer-term opioid prescribing. Equipped 

with this information, stakeholders may identify which patients are more likely to develop longer-term opioid 

use, given what they know about the worker, nature of the injury, and nature of the medical care early in the 

claim. The findings can help policymakers and payors in targeting policies and programs intended to reduce 

longer-term use of opioids to the appropriate group of workers. It can also help physicians make tradeoffs 

between pain management benefits of prescribing opioids and the likelihood that the patient may develop 

prolonged use of opioids.  

For the analysis, we collected information about first opioid prescriptions, early opioid prescribing 

patterns, non-opioid prescriptions, medical care, medical diagnosis codes, and worker, employer, and injury 

characteristics observed within 30, 60, or 90 days after an injury.2 For each claim we also collected information 

                                                           
 
1 This prior study is based on workers with injuries from October 2011 through September 2016, and medical treatment 
received through March 2018 and paid under workers’ compensation. It captures an average of 24 months of experience.  
2 Predictors in our analysis include characteristics of the first opioid prescription (timing, days of supply, daily dose, and 
dispensing point of first opioid prescription; whether the prescription was for long-acting opioids; and the number of 
opioid prescriptions on the same day that the first opioid was filled), early opioid prescribing patterns (number of opioid 
prescriptions, number of visits for opioid prescriptions, days of supply, morphine equivalent amount, and dose changes 
across prescriptions within 30, 60, and 90 days after the injury), non-opioid pain medication prescriptions (whether 
workers were prescribed and the number of prescriptions for NSAIDs, corticosteroids, anticonvulsants, antidepressants, 
dermatological treatments, and other analgesics), measures indicating concomitant prescriptions for opioids and other 
central nervous system depressants, nature of other medical care received (number of visits to different providers 
[physicians, chiropractors, physical therapists, hospitals, etc.], number of visits for different services [office visits, major 
surgery, pain injections, physical therapy, major radiology, etc.], injury-specific likelihood of surgery derived from 
historical data, injury group determined from ICD-10 codes posted on medical bills early after an injury, time from injury 
to the first physician office visit, total indemnity payments as well as total medical payments early in a claim), worker 
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about whether the worker ultimately developed longer-term use of opioids. This was defined as a worker 

receiving opioids within the first three months after the injury and having three or more visits to fill opioid 

prescriptions between the 7th and 12th months after the injury. Our study sample includes workers with more 

than seven days of lost time who had work-related injuries from 33 states representing over two-thirds of the 

workers’ compensation benefits paid in the United States. Finally, we use conventional as well as machine 

learning empirical approaches well suited to identify strong predictors of longer-term opioid prescribing from 

among the many measures observed early in the claim and to examine the nature of the underlying relationships 

between predictors and our outcome of interest.  

MAJOR FINDINGS  

Of the vast number of predictors examined in this analysis, the strongest predictors of longer-term opioid 

prescribing are related to opioid prescribing early in a claim. Our models consistently identify the number of 

days’ supply of opioids within 30, 60, or 90 days of injury as the single most important variable predicting 

development of longer-term opioid dispensing.3 Other variables identified as important predictors from 

multiple estimations are the morphine milligram equivalent amount of opioids, concomitant use of opioids 

and other central nervous system depressants, number of visits to fill opioids and other medications, number 

of visits for major surgery, likelihood of surgery, total indemnity payments, time to initial opioid fill, and 

worker’s age at the time of injury.  

To better understand our findings, we highlight how longer-term opioid prescribing rates differ across the 

most important predictors in our analysis for the 90-day sample, while accounting for other predictors 

mentioned above, including prescribing patterns as well as worker, injury, and location characteristics:  

 Workers with a higher number of days’ supply of opioids early after an injury had a higher predicted 

likelihood of longer-term opioid dispensing. Among workers with 3 days’ supply of opioids or less within 

90 days, 5 percent received longer-term opioids. Among workers with 8 to 14 days of supply, and 15 to 

30 days of supply, 7 and 9 percent, respectively, had longer-term opioid dispensing. Among workers with 

more than 30 days of supply, 14 percent had longer-term opioid dispensing.  

 Workers with a higher total dose of opioids in the initial 90-day period, measured as morphine milligram 

equivalent amount of opioids, had a higher predicted probability of longer-term opioids. Among workers 

with less than 500 milligrams of opioids, 7 to 8 percent were predicted to have longer-term opioid 

dispensing. Among workers with 500 or more milligrams of opioids, 10 percent were predicted to have 

longer-term opioid dispensing.  

 Workers who simultaneously received opioids and other central nervous system depressants were more 

likely to have longer-term opioid dispensing than workers without such prescriptions.  

 Workers with a higher number of opioid prescriptions early in a claim tended to be more likely to 

experience longer-term opioid prescribing. About 6–7 percent of workers who received one or two 

                                                           
 
characteristics (age, gender, marital status, tenure with the employer, and average preinjury weekly wages), characteristics 
of employers (payroll and industry type), injury characteristics (nature of injury and body part affected), and location 
variables describing workers’ county of residence. See Chapter 3 for detailed descriptive information on a select list of 
predictors.  
3 Based on variable importance factors for random forest and gradient boosted tree models for the 30-, 60-, and 90-day 
samples. These variables were also identified as significant predictors in BOLASSO and logistic regression approaches. 
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opioid prescriptions within the first 90 days after the injury were likely to receive opioids on a longer-

term basis. The rate was about two times higher for workers who received three or more opioid 

prescriptions. 

 Longer-term prescribing varies nonlinearly with the number of visits for major surgeries within 90 days 

after the injury.4 Workers with no early surgeries and workers with multiple surgeries tended to have a 

higher probability of longer-term opioid prescribing (10 and 7 percent, respectively) than workers with a 

single surgical visit (5 percent).5 

 Higher indemnity payments early in the claim are also associated with a higher predicted likelihood of 

longer-term opioid dispensing. Among workers who received less than $20,000 in indemnity payments 

within the first 90 days of the injury, 6 to 9 percent had longer-term opioid dispensing. Eleven percent of 

workers with indemnity payments of at least $20,000 had longer-term opioids. The rate of longer-term 

opioid dispensing was 11 percent among workers who received indemnity payments after the 90-day 

period.6 

 Workers with longer time between an injury and the initial opioid prescription had a higher likelihood of 

longer-term opioid prescribing.7 About 6 percent of workers who received their first opioid prescription 

in less than 7 days of injury were likely to receive opioids on a longer-term basis. The rate was two times 

higher among workers who received the first opioid prescription more than 30 days after the injury. 

 Those with a higher number of visits to fill non-opioid pain medications were more likely to have longer-

term opioid prescribing.   

 Younger and older groups of workers tended to have lower predicted probabilities of longer-term opioid 

prescribing. Four percent of workers with less than 25 years of age, 7 percent of workers ages 25 to 34 

years, and 7 percent of workers 65 years and older received opioids on a longer-term basis. Workers in 

other age groups were slightly more likely to experience longer-term opioid prescribing.  

IMPLICATIONS  

The findings from this study are valuable to workers’ compensation payors, providers, and policymakers for 

early identification of workers who may develop prolonged use of opioids. Longer-term opioid dispensing for 

workers with work-related injuries has been found to increase disability duration and even result in deaths.8 To 

address concerns about longer-term opioid prescribing, we need to identify workers who are more likely to 

                                                           
 
4 Major surgery services include invasive surgical procedures, such as arthroscopic surgeries, carpal tunnel, and hernia 
repair. 
5 It is not surprising that workers with multiple surgeries have a higher likelihood of longer-term opioid dispensing than 
workers with a single surgical visit, since multiple surgeries may indicate multiple conditions or that the original 
condition was not resolved after the first surgery. The higher predicted likelihood of longer-term opioid dispensing 
among claims without early surgeries compared with claims with early surgeries is unexpected. However, note that all 
workers in our sample received opioids, and some of these workers without early surgeries may eventually have a surgery 
after the 90-day period. We also control for the likelihood of having a surgery in this study. 
6 This may either indicate potential disputes about the claim or delayed payments for indemnity benefits. 
7 Time from injury to the initial opioid prescription reflects how long it took for the worker to receive an initial evaluation 
and how long it took from the initial medical provider visit to the initiation of treatment with opioids. When we include 
categories for both the time from injury to the first doctor visit and the time from doctor visit to the first opioid 
prescription in the models, we find that the predicted likelihood of longer-term opioid prescribing increases with the time 
to the first opioid prescription within each of the subgroups of workers defined based on the time from injury to the first 
opioid prescription. 
8 Franklin et al., 2005; and Savych, Neumark, and Lea, 2018. 
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have such prescribing, and target potential interventions to the appropriate audience. To aid in this effort we 

have identified a limited list of the most important measures predicting the likelihood that the worker may 

develop longer-term opioid use. This is especially important given challenges in observing risk factors of longer-

term opioid use, such as the level of injury severity early in a claim, and problems of measuring psychosocial 

factors associated with pain and pain intensity using administrative claims data. For instance, physicians can 

use the tools discussed in this study to identify the likelihood that workers who initiate opioid therapy may 

develop longer-term opioid use. For workers who are identified as having a higher likelihood of developing 

longer-term opioid use based on these models, providers may choose to prescribe other treatments 

recommended by pain management guidelines, such as non-opioid analgesics or non-pharmacologic 

alternatives such as physical medicine services. 

Our findings indicate that early opioid prescribing patterns, especially days’ supply of opioids, provide the 

strongest signal about workers’ propensity to receive longer-term opioids, even after controlling for many other 

measures, including medical treatment patterns which may approximate severity of an injury. We find that 

workers with more days’ supply of opioids early after an injury had a higher predicted likelihood of longer-

term opioid dispensing. The Centers for Disease Control and Prevention (CDC) guidelines recommend that 3 

days of supply or less is often sufficient and more than 7 days is rarely needed for managing acute pain.9 In this 

study, we did not find statistically significant differences in the likelihood of developing longer-term opioid 

dispensing between workers with 3 days of supply and those with 4 to 7 days of supply. The rate of longer-term 

opioid dispensing was higher for workers with more than 7 days of supply. This highlights the importance of 

careful monitoring of workers with more than 7 days of supply early in the claim to assess the need for 

interventions. Other early opioid characteristics were identified as important predictors, such as the morphine 

milligram equivalent amount of opioids, concomitant use of opioids and other central nervous system 

depressants, number of visits to fill opioids, and time to initial opioid fill, as well as number of visits for major 

surgery, likelihood of surgery, total indemnity payments, and worker’s age at the time of injury. 

While the importance of early opioid prescription characteristics is consistent with prior studies that used 

a commercially insured population, Medicaid, or workers’ compensation beneficiaries from a single state or 

payor,10 our analysis includes a more comprehensive set of predictors. The persistent and strong association 

between opioid prescribing immediately following the injury and the longer-term prescribing in observational 

studies indicates that early prescribing patterns may contribute to longer-term opioid prescribing. It also 

suggests that policies designed to reduce days’ supply of opioids or total dose of opioids early in the claim may 

lower the likelihood that workers receive opioids on a longer-term basis, although the exact size of the response, 

if any, is not known without an analysis that reveals a causal effect of those changes. Consider, for example, the 

measure of days’ supply of opioids. The association between this measure and the likelihood that workers have 

longer-term opioid prescribing may reflect the influence of other characteristics of workers and their injuries 

that were not captured in the data and are therefore not included in the analysis. While we control for many 

claim characteristics that are a proxy for pain intensity, workers’ experiences with pain are subjective and are 
                                                           
 
9 There is some variation in guideline recommendations in the days’ supply of initial opioids. Other state-specific 
guidelines (for example, Washington, Agency Medical Directors’ Group, and California) recommend less than 14 days. 
10 We find that cumulative days’ supply of opioids dispensed within 30, 60, and 90 days after the injury is more predictive 
of the risk of developing longer-term opioid use, compared with the days of supply of the initial opioid prescription. 
These two variables are highly correlated, but the former captures more variation and therefore may have more predictive 
power. Moreover, our study captures relatively more recent prescribing patterns than previous studies addressing this 
question and clinicians may have changed their prescribing patterns in light of opioid policy changes by providing 
multiple prescriptions of smaller days of supply rather than a single prescription with longer days of supply. 
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rarely observed in administrative claims data. A worker may have received a higher number of days’ supply 

after the injury because they sustained a more painful injury, and a higher intensity of pain may also be the 

reason for the worker continuing to receive opioids on a longer-term basis. This means that our estimates 

cannot be used to determine exact reduction in longer-term opioid prescribing when the number of days’ 

supply of opioids is reduced through policy or individual interventions. Throughout the report, we highlight 

possible reasons for why we may or may not expect out estimates to reveal causal effects. While it is possible 

that the direction of many of the relationships identified here reflect a causal effect of the predictors, these 

findings would need to be confirmed in future studies that use empirical methods better suited to reveal a 

possible causal effect. These empirical methods that are outside the scope of this study need to address questions 

about unobserved confounders, such as workers’ psychosocial characteristics and unobserved injury severity 

that may influence the relationship between early opioid characteristics and longer-term opioid use.  

OTHER LESSONS   

A secondary objective of our study is to compare how different predictive models perform at classifying workers 

at risk for developing prolonged opioid use based on data available early in the claim. As a part of the analysis, 

we compare the performance of standard logistic regression and machine learning approaches in predicting 

longer-term opioid dispensing using 30, 60, and 90 days of postinjury data. This part of the analysis, presented 

mostly in Technical Appendix B of this study, is likely to be informative for workers’ compensation 

practitioners who are evaluating different approaches toward examining opioid use patterns. Below, we 

highlight several lessons for this audience.  

First, we find that models that incorporate information through 90 days after the injury have better 

predictive performance than models based on 30 and 60 days of postinjury data. However, even with the 30-

day samples, we are able to reasonably identify workers who may develop longer-term opioid use.  

Second, as part of the analysis, we compare the performance of conventional and machine learning 

approaches in predicting longer-term opioid dispensing. It is not a surprise that machine learning approaches 

performed well in predicting whether workers had longer-term opioids in the test dataset that was set aside for 

comparing model performance. One of the four machine learning algorithms consistently had the best 

predictive performance across the 30-, 60-, and 90-day datasets.11 However, the more complex and highly 

flexible machine learning models offered only marginal improvement in predictive performance when 

compared with conventional analysis using logistic regression. This may be because we have incorporated what 

we learned from previous studies in the logistic regression model. If the prediction problem is not as well 

studied, machine learning models provide tremendous value for identifying important predictors and for 

learning about the nature of the relationship between predictors and outcomes. Furthermore, the machine 

learning approaches helped identify nonlinear patterns of relationships between predictors and outcomes of 

interest. We used this information about nonlinearity in revising the specifications of logistic regression models 

to better explain the relationship between predictors and outcomes.   

                                                           
 
11 The boosted tree model had the best predictive performance when compared with the other three machine learning 
algorithms that we used: regularized regression, random forest model, and neural networks model.  
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2 

RELEVANT LITERATURE ON PREDICTORS OF 

OPIOID USE  

In this section, we highlight prior studies that identified important predictors of longer-term opioid use. These 

studies defined longer-term opioid use in different ways, examined different predictors, had different study 

populations, and used different methods to identify factors that are correlated with longer-term opioid 

prescribing. We include variables highlighted in at least one of these studies and include other additional 

predictors in our analysis. Prior studies were based on a commercially insured population, Medicaid, or 

workers’ compensation beneficiaries from a single state or payor. Our study focuses on a large sample of 

workers who had work-related injuries from 33 states representing over two-thirds of the workers’ 

compensation benefits paid in the United States. Several of these studies have used conventional statistical 

approaches to identify factors that are predictive of longer-term opioid use, while a limited number of studies 

have used machine learning algorithms to develop predictive models for longer-term opioid prescribing. In this 

analysis we use both approaches. A comparison of the predictive performance of the different models is 

provided in Technical Appendix B. 

Characteristics of early opioid prescriptions were identified as important predictors of prolonged opioid 

use in several studies (Shah, Hayes, and Martin, 2017; Deyo et al., 2017; Fritz, King, and McAdams-Marx, 2018; 

Durand et al., 2019; Webster, Verma, and Gatchel, 2007). Of these, Shah, Hayes, and Martin (2017) and Durand 

et al. (2019) examined a broad set of early opioid prescription patterns as potential risk factors of longer-term 

opioid use. Shah, Hayes, and Martin’s 2017 study of a commercially insured population reported that the 

probability of continued use of opioids at one and three years had the largest increases after the 5th day on 

opioid therapy and again after the 31st day on opioid therapy, after a second opioid prescription, after a 

cumulative dose exceeding 700 morphine milligram equivalents, and after the first opioid prescription with 10 

days of supply and again after 30 days of supply. Similarly, Durand et al.’s 2019 study using prescription drug 

monitoring data for Tennessee workers’ compensation injuries found that the characteristics of initial opioid 

prescriptions had stronger associations with longer-term opioid use compared with worker demographics or 

injury characteristics. Specifically, days of supply of the first prescription, total dose of opioids, receipt of long-

acting opioids, receipt of concomitant opioids and benzodiazepines, and multiple prescriber and pharmacy 

visits were predictive of having 45 or more opioid days in 90 days after injury. Both studies concluded that 

higher levels of initial opioid prescriptions are associated with an increased risk of longer-term opioid use and 

underscored the importance of evaluating initial opioid prescribing patterns. At the same time, these studies 

did not establish causal linkages between early prescribing and longer-term opioid use. Both of these studies 

had limited controls for important confounding factors, such as pain severity, and they did not control for non-

opioid treatment patterns which might be considered a proxy for pain severity.  
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Non-opioid early care patterns were reported to be associated with lower opioid use in other studies 

evaluating this relationship. For example, Fritz, King, and McAdams-Marx (2018) found that early 

benzodiazepine prescription and primary care visits were associated with an increased likelihood of receiving 

longer-term opioids, and an early physical therapy visit was associated with a reduced likelihood. Earlier 

involvement with manual therapy providers such as chiropractors or physical therapists was also reported to 

be associated with a lower likelihood of receiving opioid prescriptions and other high-cost medical care 

compared with patients who saw manual therapy providers later or never (Frogner et al., 2018; Azad et al., 

2018).  

Other studies focused on worker, injury, and industry characteristics that are correlated with longer-term 

opioid use (Thumula and Liu, 2018; O’Hara et al., 2018). Among workers receiving opioids, the likelihood of 

longer-term opioids was higher for workers employed in construction and mining and for workers sustaining 

neurologic spine pain injuries (Thumula and Liu, 2018) after controlling for various other demographic, 

employer, and location factors. 

Machine learning tools were used in a limited number of studies for the prediction of prolonged opioid 

use. Hastings, Howison, and Inman (2019) used machine learning tools to predict the risk of future opioid 

dependence, abuse, or poisoning in advance of an initial opioid prescription. They identify incarceration; prior 

prescriptions for antipsychotics, muscle relaxants, benzodiazepines, and opioids; and some demographics as 

stronger predictors. Karhade et al. (2019a and 2019b) used these tools to predict sustained postoperative opioid 

prescriptions after back surgeries. Preoperative opioid utilization, prior non-opioid medications, and certain 

comorbidities were among the important predictors in both studies. 

Our models include a comprehensive set of variables used across past studies identifying predictors of 

longer-term opioid prescribing. We include additional variables that may reflect components of injury severity, 

such as medical care patterns provided early in the claim, types of injuries sustained using medical diagnoses 

early in the claim, the likelihood of surgery derived from historical data, and total medical and indemnity 

payments. 

OPIOID UTILIZATION IN WORKERS’ COMPENSATION 

The prevalence of opioid dispensing to workers with work-related injuries has been well documented in prior 

studies. A 2019 WCRI study found that opioid dispensing is common in several states despite the substantial 

reductions in prescribing of opioids in recent years (Thumula, Wang, and Liu, 2019). Among nonsurgical 

claims with injuries in 2016 and more than seven days of lost time, about 30 to 70 percent of workers with 

prescriptions received opioids across the study states, with 50 to 60 percent of workers receiving opioids in most 

states. Chronic opioid dispensing was also fairly prevalent in some states. About 6 to 18 percent of workers with 

opioids received at least 60 days of opioids supply over any 90-day period in 15 of the 22 states examined. Even 

higher rates of 33 percent and 28 percent were seen in Louisiana and Delaware, respectively. The study also 

documented substantial interstate variation in initial opioid prescriptions. Moreover, higher levels of chronic 

opioid dispensing in a state were found to be correlated with higher levels of initial opioid prescribing at the 

aggregate level in the study. In Delaware and Louisiana, the states with the highest chronic opioid dispensing, 

46 and 52 percent of claims with opioids had an initial opioid fill of greater than 7 days of supply, and 32 and 

34 percent had more than 14 days of supply. Comparable numbers in the median state were 38 percent 

exceeding 7 days of supply and 18 percent exceeding 14 days of supply.  
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In recent years, opioid prescribing and dispensing have been the subject of numerous legislative and 

regulatory changes to combat opioid overuse and misuse. Several studies documented a reduction in opioids 

dispensed to workers with injuries following these policy changes (Thumula, Wang, and Liu, 2019; Hayes and 

Swedlow, 2019; Texas Department of Insurance, 2019). However, we continue to see higher levels of opioid 

dispensing and longer-term opioid dispensing in some states. In this study, we examine whether the risk of 

longer-term opioid dispensing can be predicted early after a work-related injury. 

STATE LAWS AND REGULATIONS ON EARLY OPIOID PRESCRIPTIONS 

Recognizing the potential impact of early opioid prescriptions on chronic use of opioids, an increasing number 

of states have adopted/developed or updated opioid guidelines to address the full spectrum of pain treatment 

covering acute, subacute, chronic, and postoperative pain. For example, the 2016 CDC guidelines for 

prescribing opioids for chronic pain also include recommendations for the duration of opioids for acute pain; 

the guidelines state that 3 days or less is often sufficient and more than 7 days is rarely needed. Other state-

specific guidelines recommend less than 14 days.1 

Since 2016, several states have taken a more direct approach to regulating early opioid prescribing by 

enacting legislation limiting the supply of initial opioid prescriptions to three to seven days.2 Among the states 

with opioid limits, a few specify the maximum daily dose while several states allow the lowest effective amount. 

Early evidence evaluating state laws limiting opioids for treatment of acute pain shows significant decreases in 

initial opioid prescriptions (Reid et al., 2018 and 2019).  

The majority of these reforms were passed in 2017 and after; therefore, the early dispensing patterns 

observed in our analysis may have changed in more recent years. Massachusetts and Connecticut are among 

the study states that had such laws limiting initial opioid prescribing during the study period. However, states 

make professional judgment exceptions and some workers may receive initial opioid prescriptions exceeding 

initial days of supply recommendations even after the implementation of these policies. After these reforms, 

one might expect to see opioid prescriptions among more severe cases, and therefore some of the early opioid 

prescription characteristics identified as important predictors in this study may continue to be strongly 

correlated with longer-term opioid dispensing in more recent years. 

 

 

 

 
  

                                                           
 
1 See Technical Appendices A and B of Thumula, Wang, and Liu (2019) for a summary of duration recommendations 
from opioid prescribing and pain management guidelines and state laws and regulations limiting initial opioids.  
2 Effective March 14, 2016, Massachusetts became the first state to pass legislation limiting the supply for initial opioid 
prescriptions; the limit was set to seven days of supply. On July 1, 2016, Connecticut enacted a similar law limiting initial 
opioid prescriptions to seven days for adults (and five days for children). In 2017, 17 states passed opioid-limiting laws 
and rules, 12 of which are included in our study (Arkansas, Delaware, Hawaii, Indiana, Kentucky, Louisiana, Maryland, 
Minnesota, Nevada, New Jersey, Pennsylvania, and Virginia). Arizona, Florida, Michigan, Missouri, North Carolina, 
Oklahoma, South Carolina, Tennessee, and Wisconsin passed similar limits on the days of supply for initial opioid 
prescriptions in 2018. The legislative trend continued in 2019 with Montana and Wyoming (not included in this study) 
enacting laws limiting initial opioid prescriptions. Thumula, Wang, and Liu (2019) provide more information about laws 
and regulations limiting initial opioid prescriptions. 
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3 

DATA AND METHODS  

DATA  

WCRI’s Detailed Benchmark/Evaluation (DBE) database is the primary source of data for this analysis. It 

consists of payment information on workers’ compensation claims from national and regional insurers, state 

funds, and self-insured employers. The analysis includes workers with more than seven days of lost time that 

had injuries between January 1, 2016, and December 31, 2016, from 33 states: Alabama, Arizona, Arkansas, 

California, Connecticut, Delaware, Florida, Georgia, Hawaii, Illinois, Indiana, Iowa, Kansas, Kentucky, 

Louisiana, Maryland, Massachusetts, Michigan, Minnesota, Mississippi, Missouri, Nevada, New Jersey, New 

Mexico, New York, North Carolina, Oklahoma, Pennsylvania, South Carolina, Tennessee, Texas, Virginia, and 

Wisconsin.1,2 

Our objective is to identify early care patterns that are predictive of longer-term opioids; therefore, we 

extracted information on prescription and other medical services received by workers within 30, 60, and 90 

days after the injury and created three separate analysis datasets. Our study sample is restricted to workers who 

received at least one opioid prescription within 30, 60, and 90 days after the injury. The DBE includes detailed 

prescription transaction data that were collected from workers’ compensation payors and their medical bill 

review and pharmacy benefit management vendors. For this report, we included transactions for prescription 

strength and over-the-counter strength medications that could be filled or refilled by the worker at a pharmacy 

or physician’s office and were paid under workers’ compensation.3,4  

The data available for each prescription identify the specific medication prescribed based on National Drug 

Code (NDC), the date on which the prescription was filled, amounts charged and paid, the number of pills (for 

                                                           
 
1 The claims included in this study may or may not necessarily be representative of the total population of claims in a few 
states because we are missing a few large data sources in some states. We therefore caution readers against interpreting the 
results of state identifiers in regressions.  
2 We chose to use claims with more than seven days of lost time within an average 12 months of maturity for the analysis 
because they account for the majority of workers’ compensation medical utilization, an area of greater policy interest. 
These claims received more prescriptions and experienced a wider range of opioid therapy compared with those that had 
only seven or fewer days of lost time. This is one of two variables for which we used data beyond the 30, 60, and 90 days 
after the injury. The findings remain unchanged when we limit the claims in our analysis to those with indemnity 
payments for more than seven days of lost time within 30, 60, or 90 days postinjury.  
3 We excluded prescription medications that were administered in a physician’s office or a hospital (e.g., 
injections/infusions administered at a physician’s office) and medical supplies or devices that were billed using National 
Drug Codes. 
4 Note that some workers may have received early opioid prescriptions paid by non-workers’ compensation payors and 
did not receive any prescriptions eventually under workers’ compensation. Our analysis sample may be skewed toward 
cases with more severe injuries to the extent that we are missing workers with early prescriptions paid under non-workers’ 
compensation payment sources. 
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orally-administered opioids), the number of days for which the prescription was written (days of supply), and 

the strength of the medication in milligrams. We linked the prescription transactions to the Medi-Span® data 

by the NDCs to identify the type of medication (e.g., drug name, therapeutic class, formulation, strength).5 

Days of supply is a key element based on which one can measure the duration of opioid prescriptions and derive 

the morphine equivalent daily dose (in conjunction with the quantity and strength of opioid medications). In 

our data, 74–77 percent of claims with opioids in the 30-, 60-, and 90-day samples have days of supply 

information.6  

MEASURE OF LONGER-TERM OPIOID PRESCRIBING  

Longer-term prescribing of opioids is the main outcome of interest in our analysis. We identified claims 

receiving longer-term opioids as those that had opioids within the first three months after the injury and had 

three or more visits to fill opioid prescriptions between the 7th and 12th months after the injury. This is the 

only measure in our analysis based on the detailed transaction data for opioid prescriptions filled within one 

year after the injury. Of the 24,520 workers in our 30-day sample (those who had opioid prescriptions within 

30 days of an injury), 7.6 percent had longer-term opioid prescriptions within one year of the injury (Table 

SA.1).  

PREDICTORS  

Since our objective is to identify early predictors of longer-term opioids, we collected multiple measures 

available early after an injury. We focus on measures reflecting information available within 30, 60, or 90 days 

after an injury. We created three separate sets of predictors for 30-, 60-, or 90-day samples, and performed a 

separate analysis for each of the sets. This assures that predictors reflect information available early after an 

injury, and no information on post-threshold predictors (except for our outcome variable) leaks into the data.   

The predictors we include reflect multiple characteristics of workers, injuries, employers, locations, 

prescriptions, and other medical care. Workers’ characteristics include age, gender, marital status, tenure with 

the employer, and average preinjury weekly wages. Characteristics of employers include payroll and industry 

type. Injury characteristics include nature of injury and body part affected. Location variables highlight 

measures describing workers’ county of residence.7 We derived these measures from several external sources. 

From Area Health Resources Files,8 we include the following county-level measures: percentage of workers 

without health insurance; number of surgeons in a county; number of primary care physicians in a county; 

percentage of workers aged 25 and older with less than a high school degree, high school degree, or college 

                                                           
 
5 We used the classification scheme provided by Medi-Span®’s Generic Product Identifier (GPI) to assign drugs into 
different therapeutic drug groups. 
6 Completeness of days of supply has improved in recent years, especially for pharmacy transactions. We continue to see 
that a higher rate of physician-dispensed opioid prescriptions were missing the days of supply field, but physician 
dispensing of opioids has decreased considerably in recent years. For example, 9 percent of opioid prescriptions filled 
within 90 days after the injury were physician-dispensed. 
7 We identify county of residence using USPS ZIP Code Cross files provided by the U.S. Department of Housing and 
Urban Development (2020).  
8 Area Health Resources Files, compiled by the U.S. Department of Health and Human Services (2019), combine 
information about local areas from multiple sources including the Census Bureau, the Bureau of Labor Statistics, 
American Medical Association, American Hospital Association, and others.  
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degree; percentage of the population who are white, black, Asian, or Hispanic; average personal income; average 

population density; percentage with disabilities; county unemployment rate; and whether the area is a rural 

area. From Guy et al. (2019), we include the morphine milligram equivalent amount of opioids prescribed per 

capita in the county in 2017.  

We also include many measures capturing various dimensions of opioid prescriptions that workers 

received early in a claim. When describing opioid prescriptions, we developed separate measures for the first 

opioid prescription as well for the first opioid episode.9 For the first opioid prescription we include the 

following: the number of prescriptions on the same day that the first opioid was filled, the number of days 

supplied within the first opioid prescription, the daily dose of opioids from the first opioid prescription, 

whether the prescription included a long-acting opioid, and the dispensing point.10 We also include the time 

to the first opioid prescription. For the first opioid prescribing episode, we record the following measures: the 

number of opioid prescriptions during the first opioid prescribing episode, the number of visits for opioid 

prescriptions during the first opioid episode, the morphine equivalent amount during the first opioid episode, 

and the days of opioids supplied during the first opioid episode. To capture escalation in the amount of opioids 

prescribed, we include measures capturing change in the average morphine equivalent dose across multiple 

visits.  

We also capture information about other medications that were prescribed early in the claim. We include 

measures describing whether workers were prescribed, and the number of prescriptions for, other non-opioid 

pain medications, such as nonsteroidal anti-inflammatory drugs (NSAIDs), corticosteroids, anticonvulsants, 

antidepressants, dermatological treatments, and other analgesics. In addition, we include measures indicating 

concomitant prescriptions for opioids and benzodiazepines, muscle relaxants, sedative/hypnotics, or any of 

these central nervous system depressants.  

Furthermore, we include many measures capturing various other dimensions of medical care that workers 

received early in a claim. Among other measures related to nature of medical care, we include time from injury 

to the first physician office visit and total indemnity payments as well as total medical payments early in a claim. 

For each claim we also determined whether the injury belongs to one of the following groups: lower extremity 

fractures, upper extremity fractures, hand lacerations, inflammations, knee derangements, lacerations and 

contusions, neurologic spine pain,11 skin, spine (back and neck) sprains, strains and non-specific pain, other 

sprains and strains, upper extremity neurologic, or other injuries. This injury grouping is determined from 

International Classification of Diseases (ICD)-10 codes posted on medical bills early after an injury.12 We also 

include injury- and location-specific surgery rates derived from historical data. Other measures capture the 

number of visits to different providers: physicians, chiropractors, physical therapists, hospitals, other providers 

(often pharmacies), and other unknown providers. We also include measures capturing the number of visits 

for different services: evaluation and management, miscellaneous ambulatory surgical care, emergency services, 

hospital outpatient services, hospital inpatient services, laboratory tests/pathology, physical medicine, 

neurological and/or neuromuscular testing, pain management injections, major surgery, minor radiology, 

major radiology, miscellaneous medical and/or diagnostic services and testing, anesthesia, supplies and 

equipment, hospital and/or ambulatory surgery center treatment/operating/recovery room services, legal and 
                                                           
 
9 The first opioid episode captures all opioid prescriptions filled within 30, 60, or 90 days after an injury. 
10 The dispensing point for the prescriptions within the first opioid episode include pharmacy, physician, or both.  
11 Neurologic spine pain includes radicular and disc-related neurologic conditions of the spine.  
12 Details about how the variables are created are available in WCRI’s CompScope™ reports.  
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special reports, or undefined services.13 Finally, we include indicator variables for each state. 

EMPIRICAL APPROACH  

Since our main analysis variable is an indicator variable for whether a worker with an injury has longer-term 

opioid prescriptions, we use methods that are appropriate to examine this type of variable. We compare the 

performance of several of many possible approaches. We use logistic regression as an example of a conventional 

approach to the analysis, and we use regularized logistic regression, random forest, boosted trees, and neural 

networks as examples of machine learning approaches.14 The technical appendices provide a detailed discussion 

of the approaches used in this study.  

For each of the methods, the analysis follows several steps, although some of the steps are not relevant for 

logistic regression. First, we choose the variables to be included in the analysis and pre-process the data. 

Machine learning tools also offer approaches for selecting predictors, some by combining the strength of the 

predictive power that the variable may have with the researcher knowledge about underlying measures that 

should be important from a clinical perspective. 

The next step is to train the model and select hyper-parameters that result in the best predictive 

performance. When training the models, we rely on resampling methods to make judgments about predictive 

performance and also to determine the uncertainty of the results. Resampling methods can produce reasonable 

predictions about how well the model predicts on future samples. We use 10-fold cross-validation repeated 

three times to choose parameters of the model that maximize out-of-sample predictive performance.15 In this 

step we choose the best-performing model and the appropriate parameters and estimate the model on the full 

training sample. While the logistic regression does not have hyper-parameters that need to be selected, we still 

examine the model’s predictive performance using cross-validation.  

The final step is to make predictions from the best-performing model for the testing sample. These 

predictions are useful in determining how the model performs on the data that was not used in building the 

model. Furthermore, we can compare estimates from the model against the actual data on longer-term opioid 

use. 

We split the data into training, evaluation, and testing datasets. This helps determine the out-of-sample 

predictive performance of different models, and helps us choose the model that performs best on the same 

testing data. In our analysis, we build and train models using 50 percent of the observations. We reserve 20 

percent of the observations for evaluating model parameters.16 We test performance of the models using the 

remaining 30 percent of the observations.  

While we discuss results from multiple empirical approaches side-by-side, there are substantial 

opportunities to improve predictive power of conventional empirical approaches based on what we learn from 

machine learnings algorithms. For instance, specifications used for logistic regressions may reflect what we 

                                                           
 
13 For definitions of these services, see WCRI’s CompScope™ Medical reports.  
14 We used R version 3.6.2 (R Core Team, 2019) and RStudio version 1.2.5033 (RStudio Team, 2019). Analysis was 
conducted using the tidymodels collection of packages (Kuhn, Wickham, and RStudio Team, 2020) and the xgboost 
package (Chen et al., 2020).  
15 Note that we use the same fold of data for each of the models. 
16 We use evaluation data primarily to choose the cut off in the predicted probability to classify a case with or without 
longer-term opioids. For some models (boosted trees), evaluation data are also used to select the best parameters of the 
model.  

18

E A R L Y   P R E D I C T O R S   O F   L O N G E R - T E R M   O P I O I D   D I S P E N S I N G_____________________________________________________________________________________________

copyright © 2020 workers compensation research institute



 

learn about underlying non-linear relations between predictors and outcomes in machine learning approaches. 

In essence, we improve fit in the logistic regression based on what we learn from machine learning approaches. 

 

 

 

 
  

19

E A R L Y   P R E D I C T O R S   O F   L O N G E R - T E R M   O P I O I D   D I S P E N S I N G_____________________________________________________________________________________________

copyright © 2020 workers compensation research institute



 

4 

PREDICTORS OF LONGER-TERM OPIOID 

PRESCRIBING  

In this chapter we present findings addressing the main objective of our study—identifying strong predictors 

of longer-term opioid dispensing using information available early in a claim. For this purpose we summarize 

information about the main predictors from multiple machine learning and conventional empirical approaches 

that we used, while presenting the details of the methods in Technical Appendix B.1 We examined a wide range 

of potential predictors and we consistently found that measures describing opioid prescribing early in a claim 

were the strongest predictors of longer-term opioid use across the various models. In particular, the number of 

days’ supply of opioids and morphine milligram equivalent amount of opioids within 30, 60, or 90 days of 

injury are the two most important measures in predicting development of longer-term opioid dispensing. We 

also describe the relationships between predictors and the likelihood of longer-term opioid dispensing.  

IDENTIFYING STRONG PREDICTORS   

Both machine learning and conventional empirical approaches provide a way to identify measures with strong 

predictive power. While the details of each individual approach are discussed in Technical Appendix B, below 

we summarize what we find across methods. In particular, we list the variables that were consistently 

highlighted as important predictors of longer-term opioid use in machine learning approaches. These variables 

were also identified as significant predictors in logistic regression.  

Some machine learning approaches automatically determine which of the variables are important or 

relatively influential in predicting the outcome. For example, random forest and gradient boosted decision trees 

methods determine the importance of a predictor by capturing a decrease in prediction accuracy if the variable 

is removed from the model. The most important variables are those where the accuracy decreases the most 

when they are removed from the model.2 While these measures help shed light into the black box of machine 

learning models, they do not allow us to determine the nature of the relationship between different predictors 

and outcomes of interest. We only observe whether the variable is important, not the size or direction of the 

relationship.  

We find substantial overlap in the variables that are considered important predictors for random forest 

                                                           
 
1 We used a range of approaches for modeling data, including logistic regression, regularized regression, random forest, 
boosted tree model, and neural network approach to identify the model that results in better prediction of longer-term 
opioid dispensing. We trained and estimated each model using training data, and made predictions using testing data 
(data that was not used in building the model but was set aside for testing model performance). See Technical Appendix B 
for a more detailed discussion of these methods and a comparison of the predictive performance across different 
approaches. 
2 Similar information can be constructed for other methods. See, for example, VIP package in R. 
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and gradient boosted tree models. As we show in Figure 4.1 for the 30-, 60-, and 90-day samples,3 the number 

of days’ supply of opioids or the morphine milligram equivalent amount of opioids are the two most influential 

variables across both models and all three samples.4 Other variables that are chosen in multiple estimations as 

one of the 10 top influential variables include the following: indicator variable for whether workers received 

opioids and other central nervous system depressants within one week of each other, number of visits to fill 

opioids, number of visits for pharmacy and other services,5 number of visits for major surgery, likelihood of 

surgery, indemnity payments within the observed time frame, time from injury to initial opioid prescription, 

time from initial doctor visit to initial opioid prescription, and worker’s age at the time of injury.   

 

 
  

                                                           
 
3 The figure lists the top 10 most important predictors for the models. The horizontal axis indicates the relative 
importance of a variable in predicting an outcome. Note that the importance factors cannot be compared across models.  
4 We have found that measures reflecting the first opioid prescription and the first opioid episode (some claims may 
include multiple consecutive prescriptions) are often highly correlated. Furthermore, episode-level prescription measures 
tended to be more important predictors of longer-term opioid prescribing.  
5 Other services includes psychiatric services, transportation, home and family care, missed appointments, tests other than 
neurologic, dental, and hospital-billed, undefined professional fees. 
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30-day sample

60-day sample

90-day sample

Figure 4.1  Variable Importance Factors from Random Forest and Gradient Boosted Tree Models

Key: CNS: central nervous system; MED: morphine equivalent daily dose; MME: morphine milligram equivalent amount; Rx: prescription(s). 
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EXAMINING RELATIONSHIP BETWEEN PREDICTORS AND OUTCOMES  

To get a better sense of the relationship between the predictors identified above and the likelihood of longer-

term opioid prescribing, we next describe how the predicted likelihood of longer-term opioid prescribing varies 

across groups of workers with different levels of the predictor variables. We derive these measures from logistic 

regression, discussed in more detail in Technical Appendix B. In addition, we visualize the shape of the 

relationship between predictors and longer-term opioid prescribing by exploring predictions from our best-

performing machine learning model (boosted tree model). These examples are based on the samples reflecting 

experience 90 days after an injury.6 The discussion in Technical Appendix B shows that results from other 

methods provide similar conclusions about the most important predictors as what we present in this section.  

DAYS’ SUPPLY OF OPIOIDS DURING THE INITIAL OPIOID EPISODE7 

Our analysis identifies days’ supply of opioids within 90 days of injury as the single most important variable in 

predicting development of longer-term opioid dispensing. It provides valuable predictive power independently 

from other initial opioid episode characteristics and all other predictors included in the models. Workers with 

more days of supply within 90 days of injury were more likely to receive opioids on a longer-term basis. About 

5 percent of workers with 3 days or less of early opioid supply received longer-term opioids. Among workers 

with 8 to 14 days of supply, 7 percent were predicted to receive longer-term opioids; among workers with 15 to 

30 days of supply, 9 percent were predicted to have longer-term opioids; and among workers with more than 

30 days of supply, 14 percent were predicted to have longer-term opioids (Table 4.1).  

While early opioid prescribing patterns are strongly associated with longer-term opioid use, the 

relationship discussed here (as well as the relationships discussed for other measures below) may not necessarily 

reflect the causal effects of days’ supply of early opioids. It is conceivable that some workers who receive a large 

supply of opioids may develop longer-term opioid use solely because of overprescribing during the initial 

opioid episode. Prior area variation studies signal the possibility of overprescribing of early opioids to workers 

in some regions.8 For some other workers, the relationship between days’ supply of opioids and longer-term 

opioid prescribing may reflect other factors that are not observed by the researchers and are therefore not 

included in the model. For example, we do not observe workers’ subjective experience with pain, workers’ 

psychosocial characteristics, or unobserved injury characteristics that may lead to both a higher amount of 

opioids prescribed early after an injury and a higher likelihood that workers experience longer-term opioid 

prescribing. Without addressing those other measures, interventions that focus solely on opioid days’ supply 

may have only limited success. Nevertheless, early predicting patterns still provide a strong signal about the 

likelihood of developing longer-term prescribing that cannot be disregarded. CDC guidelines caution 

prescribers that longer-term opioid use begins with treatment of acute pain; they recommend that 3 days of 

                                                           
 
6 Technical Appendix Figures TA.2 and TA.3 provide results for important variables from the 30- and 60-day samples. 
7 The first opioid episode captures all opioid prescriptions filled within 30, 60, or 90 days after an injury. We find that 
cumulative days’ supply of opioids dispensed within 30, 60, and 90 days after the injury is more predictive of the risk of 
developing longer-term opioid use, compared with the days’ supply of the initial opioid prescription. These two variables 
are highly correlated, but the former captures more variation and therefore may have more predictive power. Moreover, 
our study captures relatively more recent prescribing patterns than previous studies addressing this question, and 
clinicians may have changed their prescribing patterns in light of opioid policy changes by providing multiple 
prescriptions of smaller days of supply rather than a single prescription with longer days of supply. 
8 Thumula, Wang, and Liu (2019). 
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supply or less is often sufficient and more than 7 days is rarely needed for managing acute pain.9 In this study, 

we did not find statistically significant differences in the likelihood of developing longer-term opioid dispensing 

between workers with 3 days of supply and those with 4 to 7 days of supply. The rate of longer-term opioid 

dispensing was higher for workers with more than 7 days of supply. This highlights the importance of careful 

monitoring of workers with more than 7 days of supply early in the claim to assess the need for interventions.  

 

Table 4.1  Predicted Longer-Term Opioid Prescribing across Subgroups  
                      of Days’ Supply of Opioids 

Variables Predicted Percentage with 
Longer-Term Opioids 

Initial opioid episode characteristics    

Days' supply of opioids   

3 or less  5% 

4 to 7 6% 

8 to 14 7% 

15 to 30 9% 

More than 30 14% 

Notes: Workers with more than seven days of lost time with work-related injuries in 2016 
who had opioid prescriptions filled within 90 days after the injury and paid under 
workers' compensation. Longer-term opioid dispensing was identified based on 
prescriptions filled within one year after the injury. Predictions based on the regression 
model provided in Table TA.3. 

 

MORPHINE MILLIGRAM EQUIVALENT AMOUNT OF OPIOIDS 

Total dose of opioids dispensed during the initial opioid episode is among the strongest predictors of longer-

term opioid use. Workers with a higher morphine milligram equivalent amount of opioids (MME) prescribed 

early in the claim had higher predicted probability of having longer-term opioid prescribing. Predicted 

probability of longer-term opioid dispensing was 7–8 percent for workers with less than 500 milligrams of 

opioids (Table 4.2). The rate was 10 percent among workers with 500 or more milligrams of opioids.  

MME is a product of the duration of opioids and the average daily dose of opioids received by the worker. 

Workers with similar days’ supply of opioids may receive different types or strengths of opioid medications; 

therefore, MME offers additional predictive power in predicting longer-term opioid dispensing. Moreover, 

only three out of four claims included in our analysis have complete days of supply information, and MME can 

be derived from other data elements that are well populated.  
 

 

 

 

 

 

                                                           
 
9 There is some variation in guideline recommendations in the days’ supply of initial opioids. Other state-specific 
guidelines recommend less than 14 days (for example, Washington, Agency Medical Directors’ Group, and California). 
See Technical Appendices A and B of Thumula, Wang, and Liu (2019) for a summary of duration recommendations from 
opioid prescribing and pain management guidelines and state laws and regulations limiting initial opioids. 
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Table 4.2  Predicted Longer-Term Opioid Prescribing across Initial Opioid  
                      Prescribing Characteristics  

Variables 
Predicted Percentage with 

Longer-Term Opioids 

Initial opioid episode characteristics    

Morphine milligram equivalent amount of opioids   

1 to 99 7% 

100 to 249 7% 

250 to 499 8% 

500 or more 10% 

Number of opioid prescriptions    

One  6% 

Two  7% 

Three or more  12% 

Time from injury to initial opioid prescription   

Less than 7 days  6% 

7 to 14 days 7% 

15 to 30 days 9% 

More than 30 days  12% 

Notes: Workers with more than seven days of lost time with work-related injuries in 2016 
who had opioid prescriptions filled within 90 days after the injury and paid under 
workers' compensation. Longer-term opioid dispensing was identified based on 
prescriptions filled within one year after the injury. Predictions based on the regression 
model provided in Table TA.3. 

NUMBER OF OPIOID PRESCRIPTIONS 

Workers with a higher number of opioid prescriptions early in a claim tended to have a higher predicted 

probability of longer-term opioid prescribing (Table 4.2).10 About 6–7 percent of workers who received one or 

two opioid prescriptions within the first 90 days after the injury were likely to receive opioids on a longer-term 

basis. The rate is about two times higher for workers who received three or more opioid prescriptions.  

The number of opioid prescriptions is highly correlated with the number of visits to fill opioids, so workers 

who had three or more opioid prescriptions generally had follow up visits to fill opioid prescriptions. For some 

workers, receipt of multiple opioid prescriptions in the 90-day period following the injury may reflect 

persistence of pain, since workers who fill additional opioid prescriptions are the ones who still experience pain 

after the initial prescription was completed. Some of these workers may have received multiple opioid 

prescriptions in the first three months from multiple providers. Closer monitoring of the prescription history 

of these workers within the prescription drug monitoring program database can provide evidence of doctor 

shopping or drug diversion.   

TIME TO INITIAL OPIOID PRESCRIPTION 

In our analysis, workers with a longer time between injury and the initial opioid prescription had a higher 

likelihood of longer-term opioid prescribing. About 6 percent of workers who received their first opioid 

prescription in less than 7 days of injury were likely to receive opioids on a longer-term basis. The rate was two 

times higher among workers who received the first opioid prescription more than 30 days after the injury (Table 

4.2).  
                                                           
 
10 The number of visits to fill opioid prescriptions and the number of opioid prescriptions are highly correlated.  
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While this direction of the relationship is unexpected, it likely reflects several underlying factors. Time 

from injury to the initial opioid prescription reflect how long it took for the worker to receive initial evaluation 

and how long it took from the initial medical provider visit to the initiation of treatment with opioids. A longer 

time from an injury to the initial doctor visit will translate to longer time to the initial opioid prescription. 

When both time from injury to the first doctor visit as well as the time from first doctor visit to initial opioid 

prescription are included in machine learning models, both of the measures were identified as strong predictors 

of longer-term opioid dispensing. Longer time between the first doctor visit and the first opioid prescription 

contributes to a higher predicted probability that workers have longer-term opioid prescriptions (Figure 4.4F). 

Longer time between an injury and the first doctor visit for evaluation and management services also 

contributes to a higher predicted probability that workers have longer-term opioid prescriptions (Figure 4.4C). 

 In alternative logistic specifications that include categories for both the time from injury to first doctor 

visit and the time from doctor visit to the first opioid prescription, we find that the predicted likelihood of 

longer-term opioid prescribing increases with the time to the first opioid prescription within each of the 

subgroups of workers defined based on the time from injury to the first doctor visit. The highest predicted 

probability of longer-term opioid prescribing was observed for workers whose first doctor visit was more than 

30 days after the injury and when the first opioid prescription was dispensed more than 30 days after the first 

doctor visit (Table 4.3).11  

Longer time to the first doctor visit may be a reflection of potential disputes about the compensability of 

the claim, access issues, and delays in the worker filing the claim and seeking treatment, among other factors. 

Longer time between the first doctor visit and initiating opioid therapy may be a reflection of the type of injury, 

other care that was provided, and patient and provider preferences. For example, time to the first opioid 

prescription may be longer because opioid treatment was initiated following a surgery or opioids were 

prescribed after trying other pain management modalities. Another factor that may contribute to longer time 

to initial opioid prescriptions for some workers may be that initial opioids prescribed for the work-related 

injury may have been reimbursed by non-workers’ compensation payors that are not captured in our data. 

 

 

Table 4.3  Predicted Longer-Term Opioid Prescribing by Time to Doctor and Time from  
                      Doctor Visit to Opioid Prescription  

Time to the First Doctor Visit  

Time from the First Doctor Visit to Initial Opioid 
Prescription  

Less Than 7 
Days  

7 to 14 
Days  

15 to 30 
Days  

More Than 
30 Days  

Less Than days  6% 7% 9% 12% 

7 to 14 days  8% 9% 8% 14% 

15 to 30 days  8% 10% 10% 16% 

More than 30 days  12% 11% 15% 19% 

Notes: Workers with more than seven days of lost time with work-related injuries in 2016 who had opioid 
prescriptions filled within 90 days after the injury and paid under workers' compensation. Longer-term 
opioid dispensing was identified based on prescriptions filled within one year after the injury. Predictions 
based on the regression model provided in Table TA.3. 

 

                                                           
 
11 In these alternative logistic specifications, we do not find a strong evidence of the interactive effects between the time 
from injury to the first doctor visit and the time from the initial doctor visit to the initial opioid prescription, although we 
find some evidence of the interactive effect when we focus on a subset of low back pain cases.  
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INDEMNITY PAYMENTS 

Higher indemnity payments made early in the claim are also associated with a higher predicted likelihood of 

longer-term opioid dispensing (Table 4.4). Among workers who received less than $20,000 in indemnity 

payments within the first 90 days of injury, 6 to 9 percent were predicted to have longer-term opioid dispensing. 

Eleven percent of workers with indemnity payments exceeding $20,000 were likely to have longer-term opioids. 

The same rate of longer-term opioid dispensing was seen among workers who received indemnity payments 

after the 90-day period. This may either indicate potential disputes about the claim or delayed payments for 

indemnity benefits.  
 

Table 4.4  Predicted Longer-Term Opioid Prescribing across Selected Predictors 

Variables 
Predicted Percentage with  

Longer-Term Opioids 

Indemnity payments made within 90 days of injury   

None 11% 

$1 to $4,999 6% 

$5,000 to $9,999 7% 

$10,000 to $19,999 9% 

$20,000 and over 11% 

Age categories   

15 to 24 4% 

25 to 34 7% 

35 to 44 9% 

45 to 54 9% 

55 to 64 9% 

65 and older 7% 

Visits for major surgery within 90 days of injury   

None 10% 

One  5% 

Two or more  7% 

Number of non-opioid pain medications   

None 7% 

One  8% 

Two  8% 

Three 9% 

Four or more  10% 

Notes: Workers with more than seven days of lost time with work-related injuries in 2016 who 
had opioid prescriptions filled within 90 days after the injury and paid under workers' 
compensation. Longer-term opioid dispensing was identified based on prescriptions filled within 
one year after the injury. Predictions based on the regression model provided in Table TA.3. 

 
WORKERS’ AGE  

Age has a nonlinear relationship with the predicted probability of longer-term opioid prescribing (Table 4.4). 

Workers younger than 35 and workers 65 and older had a somewhat lower predicted probability of longer-

term opioid dispensing. Four percent of workers with less than 25 years of age, 7 percent of workers ages 25 to 

34 years and 7 percent of those 65 and older were likely to receive opioids on a longer-term basis. Predicted 

probability was slightly higher, at 9 percent, for workers in other age groups.   
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MAJOR SURGERY VISITS  

The number of visits for major surgeries12 also has a nonlinear relationship with longer-term opioid 

prescribing. Cases with no surgeries and cases with multiple surgery visits tended to have a higher predicted 

probability of longer-term opioid prescribing compared with workers with a single surgical visit. Among 

workers who had one major surgery visit within 90 days after the injury, 5 percent had a predicted probability 

of longer-term opioid use. The rate was somewhat higher (7 percent) among workers who had two or more 

major surgery visits. This is not surprising since multiple surgeries may indicate multiple conditions or that the 

original condition was not resolved after the first surgery. The predicted probability of longer-term opioid use 

was even higher, at 10 percent, among workers who did not have a major surgery early in the claim. This may 

reflect the nature of conditions that do not require surgical interventions. While surgical cases often have opioid 

prescriptions for post-surgery recovery, nonsurgical cases have opioid prescriptions to deal with the original 

pain that may persist longer after an injury.  

VISITS TO FILL NON-OPIOID PAIN MEDICATIONS  

While the number of visits to fill non-opioid pain medications was identified as an important predictor in 

machine learning models, we only find small differences in predicted probability of longer-term opioid 

prescribing derived from the logistic regression model. Workers who had four or more prescriptions for non-

opioid pain medications had a higher likelihood of developing longer-term opioid prescribing (10 percent) 

when compared with workers who had no other non-opioid pain medications (7 percent).  

EXPLAINING RELATIONSHIP BETWEEN PREDICTORS AND OUTCOMES USING MACHINE LEARNING 

MODELS 

Machine learning methods detailed in the technical appendices offer more details about how various predictors 

are related to longer-term opioid prescribing. In the absence of coefficients that reveal how the value of the 

outcome changes with changes in predictors, we use Shapley values (estimated as “SHapley Additive 

exPlanation” [SHAP] contributions)13 to understand how different values of the predictor variable contributed 

to changes in the average model prediction.14 Next, we briefly introduce these measures and discuss the main 

takeaways for our analysis.  

These alternative measures provide several advantages. First, we learn about the relative importance of the 

predictors. For an individual case, the Shapley values show how much a given variable contributes to moving 

the predicted outcome for that case away from the average prediction, and the values are scaled to reflect the 

importance of each predictor. For each individual, the sum of the Shapley values from all predictors adds up to 

the difference between the predicted probability of longer-term opioid use for that case and the average 

prediction in the sample. Consider an example of one of the workers from the 90-day sample with the predicted 

probability of longer-term opioid use at 0.44, which was higher than the average prediction in our sample 

(0.14). Shapley values in Figure 4.2 illustrate how different characteristics of that worker and the early care they 

                                                           
 
12 Major surgery services include invasive surgical procedures, such as arthroscopic surgeries, carpal tunnel, and hernia 
repair. 
13 See Lundberg and Lee (2017a). We use measures that are available after estimates from the xgboost package.  
14 The tools to show how predictions may differ across different values of predictors include accumulated local effect 
plots, partial dependence plots, individual conditional expectation curves, and Shapley values. These can be constructed 
using the IML package in R (Molnar, 2020).  
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received contributed to the higher probability of longer-term opioid use for that worker. Some measures with 

positive Shapley values contribute to an increase in the predicted likelihood that a worker develops longer-term 

opioid use, while a few of the measures with negative Shapley values contributed to a decrease in the predicted 

likelihood. The top measure contributing to the increase in predicted likelihood of longer-term opioid 

prescribing is that this worker had 52 days of opioids supplied during the first opioid episode. Another factor 

contributing to the higher predicted likelihood is that the individual had seven separate prescriptions for 

opioids within the first opioid episode, and eight visits to pharmacies and other providers within 90 days after 

the injury. The worker also had four prescriptions for non-opioid pain medications. A number of other 

variables contributed to reducing the predicted opioid likelihood. For example, the amount of indemnity 

payments, the likelihood of surgery score, the time from first doctor visit to initial opioid prescription, and the 

time to the first doctor visit contributed to reducing the predicted likelihood of longer-term opioid prescribing 

for this individual.  
 
 
 

Figure 4.2  Shapley Value Contribution to the Actual Prediction  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Note: This shows only variables with Shapley values greater than 0.005 or lower than -0,005.  

Key: MME: morphine milligram equivalent amount; NSAIDs: nonsteroidal anti-inflammatory drugs; Rx: prescription(s).  

 

 
  

-0.1 -0.05 0 0.05 0.1 0.15 0.2

Days' supply of opioids is 52
Number of opioid Rx is 7

Pharmacy and other services visits is 8
Visits to fill Any non-opioid pain medication is 4

Worker's age at the time of injury is 46
Preinjury weekly wage  is 484

MME of opioids is 925
Unemployment rate is 6

% adults with high school education is 85
Physical medicine visits is 12

% adults with college education is 21
% adults who are Asian is 0.01
% adults with disabilities is 16

Evaluation and management visits is 8
Primary care doctor visits is 9

Other services visits is 1
Visits to fill NSAIDs is 4

Uninsured rate is 15
Time from injury to initial doctor's visit is 1

Time from initial doctor's visit to initial opioid Rx is 7
Likelihood of surgery is 56

Total indemnity payment is 1659
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Second, we learn more about the shape of the relationship between predictors and longer-term opioid use, 

beyond what we observe from comparisons across broad categories discussed in the first part of this chapter. 

We do so by plotting Shapley values for a given predictor across all workers in the sample. For example, blue 

dots in Figure 4.3 show Shapley values for the number of days’ supply of opioids across workers. One can better 

see the shape of the relationship between the predictor and outcome by focusing on the red line in Figure 4.3, 

which averages Shapley values for workers with a similar number of days’ supply of opioids.15 For cases with 

less than 20 days of opioids prescribed, this predictor contributes to a lower probability that workers had 

longer-term opioids, while for cases with more than 20 days of opioids prescribed, the predictor contributes to 

a higher-than-average probability that workers had longer-term opioids. It is important to pay attention to how 

many individual observations with different levels of the predictor we have in our sample. Only 4.5 percent of 

workers with non-missing days of supply had more than 60 days of supply within the first 90 days after the 

injury. Therefore, we should not overinterpret the information about the nature of relationship between 

predictors and outcomes when the values of the predictors are only sparsely populated.  

When we find nonlinearities in the relationships between certain predictors and longer-term opioid use, 

we can incorporate those observations to improve the logistic regression specification, an approach we followed 

in this analysis. Figure 4.4 shows Shapley value contributions for other predictors that were highlighted as 

important in variable importance tests for the boosted tree model for the 90-day sample.16 Note that the 

variables are arranged by their predictive importance, so the higher ranked variables have a larger value in 

shifting predictions when compared with the lower ranked variables (as seen in the scale of the Shapley value 

contributions). For many measures, the relationship with the predicted probability of longer-term opioid 

prescribing is linear. For example, the contribution to the predicted probability of longer-term opioid use 

gradually increases for the measures of time from initial doctor visit to initial opioid prescription and time from 

injury to initial doctor visit (Figure 4.4C and Figure 4.4.F). For other measures, we observe important 

nonlinearities in how they contribute to predicted probability of longer-term prescribing. For some measures, 

contribution to the change in prediction increases and then flattens off. The contribution to the predicted 

probability of longer-term opioids increases with the number of opioid prescriptions that workers had within 

90 days after an injury and then levels off (Figure 4.4B). For other measures (total indemnity payments within 

90 days from injury, workers’ age, and number of surgery visits), the contribution to the prediction changes in 

nonlinear fashion across different values of the variable. For example, the contribution to the predicted 

probability of longer-term opioids increases with age and reaches its peak between age 40 to 60, and decreases 

somewhat after that (Figure 4.4G).  

 

 

 
  

                                                           
 
15 The red line averages SHAP values across individuals with a similar number of days’ prescribed using locally weighted 
smoothing (LOESS). 
16 Technical Appendix Figures TA.2 and TA.3 provide SHAP contributions for the top 10 variables in the 30- and 60-day 
samples.  
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Figure 4.3  Relationship between Number of Days’ Supply of Opioids within 90 Days after Injury  
                         and Shapley Value Contributions to Changes in the Likelihood of Receiving Longer-Term  
                         Opioid Prescriptions 

 

 
 

Note: Shapley Additive Explanations after xgboost model for the 90-day sample. The red line reflects average Shapley 
Additive Explanations for workers with similar days’ supply of opioids. It was created using locally weighted smoothing 
(LOESS).   

 
  

Days' Supply of Opioids within 90 days of Injury 
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Figure 4.4  Relationship between Other Important Predictors from the 90-Day Sample and Shapley Value  
                        Contributions to Changes in the Likelihood of Receiving Longer-Term Opioid Prescriptions 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Note: Shapley Additive Explanations after xgboost model for the 90-day sample. The red lines reflect average Shapley Additive Explanations 
for workers with similar values of the predictor variable. They were created using locally weighted smoothing (LOESS).  
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5 

CONCLUDING REMARKS  

This study uses multiple empirical approaches to identify strong predictors of whether workers have longer-

term opioid prescribing given the information available early in the claim. We use logistic regression alongside 

machine learnings tools to examine a substantial amount of information about initial opioid prescriptions, 

early opioid prescribing patterns, non-opioid prescriptions, patterns of medical care, medical diagnosis codes, 

and worker, employer, and injury characteristics that were observed within 30, 60, or 90 days after an injury. 

The combination of the methods allows us to examine the measures in a flexible yet rigorous way, accounting 

for potential nonlinearities as well as interactive relationships between different predictors. And we improve 

our logistic regression specifications based on what we find using machine learning approaches.  

We consistently find that days’ supply of opioids and morphine milligram equivalent amount of opioids 

early in the claim are the two most important variables in predicting development of longer-term opioid 

dispensing. Workers with a higher number of days’ supply of opioids and those with a greater amount of 

opioids prescribed were more likely to have longer-term opioid prescriptions. For example, 5 percent of 

workers with 3 days’ supply of opioids or less had longer-term opioid prescriptions. The predicted probability 

of longer-term opioid dispensing was 7 percent for workers with 8 to 14 days’ supply, 9 percent for workers 

with 15 to 30 days’ supply, and 14 percent for workers with more than 30 days’ supply of opioids.  

Other variables identified as important predictors from multiple estimations are concomitant use of 

opioids and other central nervous system depressants, number of visits to fill opioids and other medications, 

number of visits for major surgery, likelihood of surgery, total indemnity payments, time to initial opioid fill, 

and worker’s age at the time of injury. We find that the predicted probability of longer-term opioid dispensing 

increases with concomitant use of opioids and other central nervous system depressants, number of visits to fill 

opioids and other medications, and total indemnity payments early in the claim. Longer time between an injury 

and the first opioid prescription contributes to a higher predicted probability that workers have longer-term 

opioid prescriptions.  

The findings offer several important contributions to the workers’ compensation community. The focus 

on important predictors helps identify patients who have a higher risk for developing longer-term opioid use. 

This can provide information to stakeholders looking to target their interventions (such as additional screening, 

education, or other early interventions) to those patients who have a higher predicted risk of developing longer-

term opioid use. For example, if a physician is trying to determine the future course of treatment for a worker 

who received opioids following an injury, they may be weighing the pain relief from continuing to prescribe 

opioids against the consequences of prescribing opioids on a longer-term basis, and the potential that workers 

may develop dependency. Focusing on these predictors can assist in examining these tradeoffs by highlighting 

the predicted likelihood that workers who initiated opioid therapy may develop longer-term opioid use given 

the information about the worker, nature of the injury, and nature of the medical care early in the claim. Note 

that some of the predictors that we identify as important are determined at the start of the claim (worker’s age) 

33

E A R L Y   P R E D I C T O R S   O F   L O N G E R - T E R M   O P I O I D   D I S P E N S I N G_____________________________________________________________________________________________

copyright © 2020 workers compensation research institute



 

while other predictors reflect developments and prescription/treatment patterns early in the claim. This 

requires monitoring the development of the claim when more information about the nature of care becomes 

available.  

Furthermore, the predictors that we discuss provide a strong signal about the likelihood that workers will 

have longer-term prescribing later in the claim. These patterns persist across multiple estimation approaches 

and even after controlling for many other measures, including medical treatment patterns which may 

approximate severity of an injury. While it may be challenging to gather all possible information about the 

worker, the injury, and the earlier care they received for the injury, even a limited list of important predictors 

may be helpful in predicting the risk that the worker may develop longer-term opioid use.  

Despite the strong associations that we find in our analysis, the results should not be interpreted as an 

indication of an expected reduction in the likelihood of receiving longer-term opioids in response to a decrease 

in the days’ supply of opioids or total dose of early opioids. Given the comprehensive set of predictors that we 

incorporate in our analysis, it is possible that early prescribing patterns may contribute to longer-term opioid 

prescribing, and policies designed to reduce days’ supply of opioids or total dose of opioids early in the claim 

may lower the likelihood that workers receive opioids on a longer-term basis. However, the exact size of the 

response is not known without an analysis that reveals causal effects of those changes. In recent years, several 

states have adopted policies limiting the days of supply of early opioid prescriptions. More research is needed 

to examine whether those policies reduce longer-term opioid prescribing.  
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TECHNICAL APPENDIX A 

PROMISE OF MACHINE LEARNING  

This technical appendix provides a general overview of the promise of machine learning for policymaking and 

for workers’ compensation community in particular. 
 
PROMISE OF MACHINE LEARNING TO POLICYMAKING AND POLICY ANALYSIS  

Machine learning tools offer substantial promise in many applications, including provision of medical care. 

Recent developments in machine learning and artificial intelligence have focused on developing computation 

tools to assist physicians in diagnosing diseases and monitoring risks. The popular press highlights many 

relevant examples, including spotting DNA mutations in tumors, predicting the likelihood of a heart attack, 

providing more precise skin cancer diagnoses, detecting breast cancer risks, recommending medications, and 

predicting death risk among hospital patients (Medical Futurist, 2019; Bhargava, 2019; Gharagyozyan, 2019; 

Pearl, 2018; Pesheva, 2019).  

Prior literature shows that prediction problems that are solved by physicians can be improved upon with 

machine learning tools. For example, Obermeyer and Mullainathan (2018) examined testing for heart attacks 

in an emergency setting and showed that physicians both over- and under-tested relative to a data-driven 

predicted risk model. In particular, doctors were likely to test patients with lower predicted risk, and there were 

untested patients with high predicted risk. Hastings, Howison, and Inman (2019) used machine learning tools 

to predict the risk of future opioid dependence, abuse, or poisoning in advance of an initial opioid prescription. 

They suggest that the model can be used in making data-driven decisions that weight opioid therapy against 

the risks. For example, they provide an example of a hypothetical policy that limits provision of new opioid 

prescriptions to those with low predicted risk.  

From an empirical perspective, machine learning tools offer several important benefits. As discussed in 

Athey (2019), those include a data-driven, flexible model selection; the ability to systematically estimate and 

compare multiple alternative models; and confidence intervals that account for the entire algorithm of model 

selection. For example, data-driven model selection allows for flexible treatment of variables (i.e., many 

interactions, or a highly nonlinear shape of relationship) and for different approaches toward analysis. This is 

especially beneficial for analysis of new problems that do not have existing empirical evidence about what 

predictors may be important, and how they may be related to the outcomes of interest. With the focus on 

predicted values, one can find models or specifications that provide the “best” prediction, and the choice of the 

model is determined by how it performs when making predictions. The focus on predicted values allows one 

to determine the quality of performance (by looking at performance of out-of-sample predictions) and it 

provides clear ways to validate the model. This is typically accomplished by estimating the model on a subset 

of data (called a training sample), and testing the performance of the model on an excluded test sample.  
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PROMISE OF MACHINE LEARNING TO WORKERS’ COMPENSATION STAKEHOLDERS  

Machine learning tools provide a substantial potential in workers’ compensation since many of the challenges 

are predictive in nature. An employer may be trying to predict how long a given worker may be away from 

work after an injury. A medical doctor may be trying to predict what combinations of medical treatments may 

result in return to work, and how workers’ nature of workplace environment and other characteristics may 

interfere with such a return to work. Surgeons may want to predict outcomes of surgical interventions 

depending on workers’ characteristics and other treatments they previously received. An insurer may be trying 

to predict the future costs of the claim. Machine learning tools can be applied to code claims so they can be 

used to determine ergonomic and safety priorities (Meyers et al., 2018).  

Applications of machine learning tools mentioned in the industry press include tools for adjusting care 

plans for workers with injuries, improving insurance underwriting,1 identifying claims that are at risk for 

litigation and delays, immediately identifying changes in the nature of condition or nature of care provided,2 

identifying potential fraud, improving predictive modeling,3 focusing attention of adjusters on claims at risk 

for higher costs and delays, and analysis of many sources of data to improve workers’ compensation process 

analytics.4 The promise of the models is simple—improving the claim management process reduces costs and 

may improve outcomes. However, the implementation of these solutions also may raise concerns about biases, 

ethics, equity, and transparency.5  

Machine learning tools also show promise in improving the process of analysis and in helping provide 

substantial amounts of information that may have been outside the scope of research in most studies in the 

past. This may include processing information about medical diagnosis and medical care in a new way, and 

using analysis of text data to incorporate information in adjustors’ and doctors’ notes, as well as information 

in court and administrative decisions, thereby providing a more comprehensive understanding of care. 

Machine learning tools provide an opportunity to incorporate all of these different sources of information 

about the case, and to examine multidimensional data in a meaningful way to inform future decisions about 

the claim.  

MACHINE LEARNING APPROACHES FOR PREDICTING LONGER-TERM OPIOID PRESCRIBING  

We use workers’ compensation claims data and machine learning tools to examine whether the risk of longer-

term opioid prescribing can be predicted early after a work-related injury. Our analysis compares conventional 

and machine learning approaches to the analysis of longer-term opioid prescribing. Logistic regression is a 

conventional approach that we use. Machine learning algorithms that we use include a regularized regression, 

a random forest model, a boosted tree model, and a neural network. All of these approaches are well suited for 

predicting longer-term opioid prescribing. We judge performance of different approaches by examining the 

quality of their predictions.  

The choice between different approaches reflects a tradeoff between the extent of their flexibility and 

interpretability. Some approaches produce readily available coefficient estimates that can be interpreted in the 

                                                           
 
1 See, for example, DuChene (2019).  
2 Gardner (2017).  
3 Francis (2008).    
4 Borba (2012).  
5 Gelman (2019), Osoba et al. (2019).  
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same manner as coefficients from regular regressions (i.e., a change in the outcome for one unit change in the 

predictor). However, for these models, any possible nonlinear relationships and interactions should be specified 

by the researchers ahead of time. Other approaches provide a higher predictive fit by modeling complex 

nonlinear relationships and interactions between variables that may not be obvious a priori. This comes at the 

expense of reduced interpretability—they may not allow for easy examination of the role of individual 

predictors.  

Since the objective of machine learning tools is to identify reliable predictors, they are not useful for making 

causal inferences about specific relationships between a variable and the outcome. Even when a model provides 

coefficient estimates, these estimates, similar to other methods, only reflect correlation between predictors and 

outcomes. The relationship may reflect many other factors that are correlated with the measures in question 

but are excluded from the model. For example, the LASSO model includes only the strongest predictors and 

excludes any other measures that may be correlated with these predictors. This means that the included 

coefficients may reflect the influence of measures that are excluded from the model and cannot have causal 

interpretations. Furthermore, the list of predictors that are included in a given model is not stable—it may vary 

substantially, even from small variations in data, while the quality of predictions stays the same. Other machine 

learning tools (regression trees and regression forests) do not have coefficients, but they can still be used to 

determine variables that are the strongest predictors in the sense that the quality of prediction changes the most 

when the variable is added or excluded from the model. These models also provide a great predictive tool that 

can be used to show hypothetical effects of different policies that rely on data-driven predictions.  
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TECHNICAL APPENDIX B  

EMPIRICAL METHODS, MODEL PERFORMANCE,  
AND ESTIMATES 

This technical appendix provides a detailed discussion about empirical methods that we use in our analysis. 

The empirical task in this analysis is a prediction problem—we examine how various measures collected early 

in a claim predict longer-term opioid prescribing observed later in a claim. We use conventional as well as 

machine learning approaches that are well suited for these types of problems. We start this technical appendix 

by describing in details the methods that we use, and by examining the predictive performance of the different 

approaches. In particular, we use regularized regression, random forest, boosted tree model, and neural 

network approach to identify the model that results in the best prediction of longer-term opioid dispensing. 

The chosen models reflect a range of approaches toward modeling data that someone may consider when 

modeling a new problem. We also compare performance from these models to the conventional logistic 

regression approach. We then highlight the main results from the models.  

MACHINE LEARNING ANALYSIS WORKFLOW  

Since the goal of machine learning tools is to improve predictive performance, these methods follow a workflow 

that sometimes differs from that used in the conventional approaches. Here we highlight steps of the machine 

learning analysis workflow.  

As in any other analysis, the first analysis step is to better understand the data and how different measures 

may be related. The statistical appendix in this report describes various predictors and shows how these 

predictors are related to the unadjusted likelihood of longer-term opioid prescribing. Researchers are also 

encouraged to examine relationships between predictors. For example, one can examine correlation matrices 

to see clustering of multiple measures and to examine how different variables may reflect somewhat different, 

yet nevertheless related, concepts.  

The next step is to choose the variables to be included in the analysis and pre-process the data. In machine 

learning terminology, predictors are often called features. Machine learning tools also offer approaches for 

selecting predictors (sometimes called feature selection), some by combining the strength of the predictive 

power that the variable may have with the researcher knowledge about underlying measures that should be 

important from a clinical perspective. This step may vary depending on a method. One of the common 

problems that we encounter in the data is that there are multiple ways to capture similar information about an 

injury. For instance, the information about nature of injury may be derived from first reports of injuries, or it 

can be derived from the detailed codes on medical bills describing the part of body that was treated.1 Some 

approaches can easily deal with correlated variables that capture various dimensions of the same phenomena 

and can find complex nonlinearities in the relationships between predictors and outcomes. If the variable brings 

any additional predictive value, it may need to be included. Random forest and regularized regression are not 

                                                           
 
1 As part of the analysis, researchers should examine possible correlations between predictors and decide on whether to 
include those predictors based on the methods that they are using in their analysis. 
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sensitive to inclusion of many correlated variables. Other approaches require an analyst to specify the functional 

form for the variables ahead of time, and the performance of the algorithm may suffer if many correlated 

variables are included. For example, while neural networks are able to model highly complex relations, the 

complexity of the model suffers when multiple correlated variables are included, since the models do not have 

an automatic feature selection as part of the algorithm. Furthermore, some approaches do better when the 

variables are normalized and missing variables are imputed. This step is often called pre-processing the data.  

The next step is to train the model and select hyper-parameters that result in the best predictive 

performance. This part of modeling is often very time consuming since it involves many iterations through 

training data to choose the best hyper-parameters for the model. These models search over multiple variables 

and functions of these variables to find the best-fitting models for data that they have not seen before. Machine 

learning approaches offer mechanisms for improving how the analysis is conducted to improve out-of-sample 

predictive performance. When training the models, we rely on resampling methods to make judgments about 

predictive performance and also to determine the uncertainty of the results. Resampling methods can produce 

reasonable predictions about how well the model predicts on future samples. We use 10-fold cross-validation 

repeated three times to choose parameters of the model that maximize out-of-sample predictive performance.2 

In this step we choose the best-performing model and the appropriate parameters and estimate the model on 

the full training sample. This avoids the problem of overfitting the model to the data. When the model is tested 

using the same data that was used for training, the concern is that the model will reflect intricacies of the data 

that it saw but would perform poorly on the new data. Cross-validation helps avoid this concern.  

While a typical approach is to perform analysis using the full dataset and to examine its performance within 

the same sample, machine learning approaches emphasize the need to use separate data for training models, 

for evaluating model parameters, and for testing performance of the model. This means that different models 

are trained and estimated using one dataset, and tested using a separate dataset that was not used in training 

the model. This helps determine the out-of-sample predictive performance of different models. In our analysis 

we split the data into training, evaluation, and testing datasets using random sampling. We build and train 

models using 50 percent of the observations (training dataset or sample). We reserve 20 percent of the 

observations for evaluating model parameters (evaluation dataset or sample).3 We test the performance of the 

models using the remaining 30 percent of the observations (testing dataset or sample). This helps us understand 

the models’ predictive performance on the new data. Note that we use the same observations for training and 

testing across models.  

The final step is to make predictions from the best-performing model for the testing sample. These 

predictions are useful in determining how the model performs on the data that was not used in building the 

model. Furthermore, we can compare estimates from the model against the actual data on longer-term opioid 

use. 

                                                           
 
2 In 10-fold cross-validation, the training dataset is randomly split into 10 groups of observations (folds). The models are 
fit on 9 of the 10 folds, and the predictive performance of the model is examined using the remaining 10th fold of data 
that was not used for model construction. This process is repeated for each possible combination of folds for a total of 10 
combinations. We then repeat 10-fold cross-validation three times. As a result, we trained 30 models with each set of 
parameters and estimated their predicted performance on a subset of data set aside for comparing predictors. Note that 
we use the same fold of data for each of the models. 
3 We use evaluation data primarily to choose the cut off in the predicted probability to classify a case with or without 
longer-term opioids. For some models (boosted trees), evaluation data is also used to select the best parameters of the 
model.  
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EMPIRICAL APPROACHES WE USE  

In our analysis we use conventional as well as machine learning approaches for modeling longer-term opioid 

prescribing. The methods we use are appropriate for modeling categorical variables since the longer-term 

opioid use measure takes only two values.4 We compare performance of several of many possible approaches. 

We include logistic regression, regularized logistic regression, random forest, boosted trees, and neural 

networks.5  

LOGISTIC REGRESSION  

Logistic regression is one of the approaches that we use in this analysis. This is a conventional approach toward 

analysis of categorical data that is often used in the analysis of workers’ compensation data.6 This approach is 

specifically designed to model outcomes that take on two possible values: 1 (those with longer-term opioid 

prescriptions), and 0 (those without longer-term opioid prescriptions). To compare the performance of the 

model with the other approaches that we use, we perform logistic regression on the training sample and test 

the predictive performance of the model on the testing sample.  

One benefit of this approach is that it produces coefficient estimates that allow us to explore the 

relationship between various predictors and the likelihood of longer-term opioid prescribing. Later in this 

technical appendix, we present odds ratios for each variable derived from logistic regression. These odds ratios 

measure the multiplicative effect of the variable of interest. For instance, if the odds ratio is 1.15, then a one-

unit increase in the variable of interest increases the relative probability that workers had longer-term opioids 

by 15 percent.  

At the same time, this approach does not learn from data—researchers need to specify which of the 

predictors should be included in the model, the functional form for these predictors, and any possible 

interactions between the variables.  

REGULARIZED REGRESSION  

Regularized regression combines logistic regression and the variable selection models. For this approach we use 

the Bootstrap Least Absolute Shrinkage and Selection Operator (BOLASSO) algorithm, an extension of the 

LASSO approach. The LASSO algorithm is a popular approach to consistently identify a model even when there 

are many highly correlated predictors (Kuhn and Johnson, 2013).7  

We use the BOLASSO algorithm to select predictors that had non-zero coefficients in at least 90 percent 

of bootstrapped LASSO models predicting longer-term opioid use. Then, we use these predictors in the logistic 

regression to describe the predictive power of each variable in explaining variation in longer-term opioid use. 

We show results from this post-BOLASSO logistic regression in Table TA.2. We show the variables that were 

selected in more than 90 of the 100 LASSO bootstrap replications and the odds ratio from the logistic regression 

                                                           
 
4 In machine learning terminology, methods used for categorical variables with two categories are called classification 
methods. 
5 We used R version 3.6.2 (R Core Team, 2019) and RStudio version 1.2.5033 (RStudio Team, 2019). Analysis was 
conducted using the tidymodels collection of packages (Kuhn, Wickham, and RStudio Team, 2020) and the xgboost 
package (Chen et al., 2020).  
6 For selected examples of recent WCRI studies that used logistic regressions, see Savych and Thumula (2020), Savych 
(2019), Thumula and Liu (2018), and Wang, Mueller, and Lea (2019).  
7 Variable importance factors that were discussed in the main text may be used to inform choices about which variables 
should be included in the analysis that use methods sensitive to correlated variables.  
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that included these variables.  

For each LASSO bootstrap replicate, we fit LASSO regression using the glmnet package in R (Friedman, 

Hastie, and Tibshirani, 2010). This approach to modeling penalizes complexity in the model through a process 

called regularization. If the two models have similar predictive performance, a less complex model (with a lower 

number of controls) will be selected. The main benefit of this approach is that it helps prevent overfitting and 

improves out-of-sample fit. We tune the regularization parameters for the LASSO model using cross-validation 

and select the model with the best area under the ROC curve in the cross-validation set.  

One of the concerns about LASSO is that the model is not as flexible as other approaches. If some of the 

relationships between predictors and outcome variables are nonlinear, the fit will improve if the researchers 

specify those nonlinear relations or any splits of the variables into groups ahead of time. Other models offer 

more flexible approaches in the sense that they allow for highly nonlinear relations between predictors and 

outcomes. However, these models often have a lower ability to explain how a given variable is related to the 

outcome of interest.  

RANDOM FOREST  

Random forest provides a departure from the regression-based models noted above. This approach creates 

multiple decision tress and makes predictions based on the output from these trees. Decision trees are machine 

learning algorithms that model the data by splitting each variable into bins that maximize predictive power. 

The approach of building multiple trees often improves predictive power of the model; however, the ensemble 

of trees cannot be easily interpreted and requires additional post-hoc analysis to explain the model.   

We used random forest with 1,500 trees. The algorithm was tuned to find the best predictive performance 

by changing the number of random predictors used to build each of the trees and the depth of the trees that 

were built.8 When training the model, we addressed class imbalance by downsampling observations without 

longer-term opioid prescriptions.9  

BOOSTED TREES  

Boosted trees build a succession of trees while learning from the mistakes in predictions from each prior tree. 

For our analysis we use the xgboost package (Chen et al., 2020). This package is known for providing good 

predictive power with little tuning required. Since the model builds multiple trees, there is no easy way to 

interpret the role of different predictors. Later in this technical appendix we provide several examples of how 

information from the model can be used to understand the role of some of the predictors.  

NEURAL NETWORKS  

Neural networks is another machine learning approach that we implement. This approach is capable of 

                                                           
 
8 The random forest model was tuned and estimated using the ranger engine within the tidymodels library in R. The 
random forest algorithm has built-in approaches for handling datasets with many variables. For example, the random 
forest model allows one to build each tree using a random subset of variables, and researchers can limit the number of 
branches or variable splits that are used for each tree, or set the minimum number of variables required before each node 
is split further. The resulting model averages predictors over the 1,500 trees.  
9 This addresses a common problem that cases with one type of response are much more common than cases with 
another (also known as unbalanced). Since 92 percent of workers do not develop longer-term opioids use, an approach 
that does not predict any of the longer-term opioid cases still has 92 percent accuracy. To address this concern, one can 
use downsampling or upsampling methods, or other methods that assign differential costs to different types of 
misclassification errors.  
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modeling highly complex relationships between predictors and outcome variables. As a result, it does not 

provide easily interpretable measures for understanding the roles of different variables. We train neural 

networks using the keras engine in the tidymodels package in R. We tune for the number of hidden units and 

regularization penalty parameter.  

COMPARING PREDICTIVE PERFORMANCE ACROSS DIFFERENT APPROACHES  

The objective of this study is to develop a model for predicting longer-term opioid dispensing using 

information available early in a claim. Given this goal of finding an approach that offers the most accurate 

predictions, we can compare predictions from each model against actual longer-term opioid use observed later 

in a claim. We do this comparison for training data (data used to tune and estimate each model) as well as for 

testing data (data preserved for testing model performance).  

Multiple metrics exist for summarizing predictive performance of the algorithms that we use. The main 

measure that we examine captures the probability that the model correctly assigns higher risk to individuals 

with longer-term opioid use. This metric, measuring the area under the receiver operating characteristics (ROC) 

curve, varies from 0.5 to 1. A completely ineffective model has an area under the ROC curve equal to 0.5, which 

indicates a random choice between two outcomes, while a model that perfectly predicts longer-term opioid use 

has an area under the ROC curve equal to 1. Models with higher areas under the ROC curve are considered 

more effective in classifying longer-term opioid use.10 

For the training samples based on 30 days of postinjury observations, our models achieve the average area 

under the ROC curve of 0.747 for logistic regression,11 0.767 for BOLASSO, 0.752 for random forest, 0.772 for 

boosted tree model, and 0.758 for neural networks (Table TA.1). The boosted tree model delivers the highest 

predictive performance for the 30-day sample. Similar conclusions hold for samples based on 60 and 90 days 

of observations after an injury. The boosted tree model achieves an area under the ROC curve of 0.809 for the 

60-day sample and 0.832 for the 90-day sample. However, the more complex and less transparent models 

(boosted tree models, random forest, and neural networks) offer relatively better predictive power when 

compared with logistic or BOLASSO approaches that provide coefficient estimates that can be examined 

directly. Additional performance metrics discussed below allow us to better understand how predictive 

performance of the model changes with area under the ROC curve.  

While we would not automatically expect that longer time exposure after an injury would result in a better 

performing model, we find that predictive performance improves with the amount of data we allow to 

accumulate after an injury. For example, the area under the ROC curve for the boosted tree model is 0.772 for 

the 30-day sample, 0.809 for the 60-day sample, and 0.832 for the 90-day sample. Not surprisingly, when we 

have 90 days of postinjury data, we can be more precise when making predictions about the likelihood that 

workers develop longer-term opioid use between months 7 and 12. Even with the 30-day sample, we are able 

to identify workers who may develop longer-term opioid use.   

                                                           
 
10 An attractive feature of the area under the ROC curve metric is that it is robust to samples where outcomes are not 
balanced, as is the case in our example. For example, a much smaller number of workers had longer-term dispensing of 
opioids than workers who did not have longer-term opioids. Only 8 percent of workers had longer-term opioid 
dispensing, while 92 percent did not. This situation is called class imbalance and it requires special treatment in some 
machine learning approaches. 
11 For the training data, we determine model performance using 10-fold cross-validation repeated three times. Cross-
validation splits training data into a subset that is used for training the model and a subset that is used to evaluate the 
model. In 10-fold cross-validation repeated three times, we trained 30 models with each set of parameters and estimated 
their predicted performance on a subset of data set aside for comparing predictors. This ensures that even when training 
the model, the model performance is judged based on the data that is not directly used for estimating the model.  
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Table TA.1  Area under Receiver Operating Characteristics Curve for Training Sample  

Model 

30-Day Sample  60-Day Sample  90-Day Sample  

Average 
ROC 

Standard 
Error   

Average 
ROC 

Standard 
Error   

Average 
ROC 

Standard 
Error 

Logistic 0.747 0.003   0.788 0.002   0.817 0.002 

Post-BOLASSO logistic 0.767 0.003   0.800 0.002   0.824 0.002 

Random forest 0.752 0.003   0.790 0.002   0.815 0.002 

Boosted trees (xgboost) 0.772 0.003   0.809 0.002   0.832 0.002 

Neural networks  0.758 0.003   0.793 0.002   0.816 0.002 

Notes: Estimated from the training sample using 10-fold cross-validation repeated three times. The same folds of data are 
used for each of the models for 30-, 60-, and 90-day samples.  

Key: ROC: area under receiver operating characteristics curve.  

 

 

We also examine the performance of each model using a testing set of observations that was not used for 

model development and training.12 Conclusions from the area under the ROC curve metrics confirm what we 

observed for the training sample. The boosted tree model delivers the best predictive performance, with areas 

under the ROC curve of 0.772, 0.809, and 0.832 for the 30-, 60-, and 90-day samples, respectively.  

We show several additional metrics for the testing sample that are derived from tabulating predicted values 

of the longer-term opioid use variable against actual values observed in the test dataset:13  

 Sensitivity captures the rate that the event of interest is predicted correctly for all cases with that event. 

This is a true positive rate—a rate of correct prediction of the longer-term opioid use for workers who 

actually have longer-term opioids.14 Specificity is the rate that non-events are predicted as non-events.15 

This measure is interrelated with the measure of sensitivity and the two measures taken together are 

related to the area under the ROC curve discussed above.16 Specificity is one minus the false-positive rate. 

 Youden’s J index combines information about false-positive and false-negative rates into one measure.17 

This measure accounts for a tradeoff between sensitivity and specificity, and is a more appropriate 

measure for training machine learning models.   

 Cohen’s Kappa statistics capture accuracy of the model while accounting for the potential accuracy that 

                                                           
 
12 We used the same set of observations for testing the dataset across all models.  
13 This cross-tabulation is called a confusion matrix, and it allows us to observe how many of the cases with longer-term 
opioids were correctly predicted by the model to have longer-term opioids (true positive), how many cases without 
longer-term opioids were correctly predicted by the model to be without longer-term opioids (true negatives), how many 
cases without longer-term opioids were predicted to have longer-term opioid use (false positives), and how many cases 
with longer-term opioids were predicted not to have longer-term opioids (false negatives). The accuracy metric captures 
the percentage of all cases that were classified either as true positive or true negative, although it has a disadvantage that it 
does not distinguish between different types of prediction errors—predicting longer-term opioids when there are none, or 
predicting no longer-term opioid use when the worker ultimately has longer-term opioids. When the costs of these 
different prediction errors differ, the metrics that we chose may be more appropriate. Other metrics that may be 
informative depending on the problem include positive predicted value and negative predictive value that take into 
account prevalence rates of the events. One can also construct non-accuracy based criteria that reflect the costs of 
different predictions.  
14 Sensitivity is the number of cases with longer-term opioids that were predicted to have longer-term opioids divided by 
the number of cases with longer-term opioids.  
15 Specificity is calculated as the number of cases without longer-term opioids that were predicted to not have longer-term 
opioids divided by the number of cases without longer-term opioids.  
16 For example, the ROC curve plots the true positive rate (sensitivity) against the false positive rate (1 – specificity) for all 
possible values of the probability cutoff. 
17 It is calculated as Sensitivity + Specificity – 1.   
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can be generated simply by chance. The metric takes values between -1 and 1. A value of 0 indicates no 

agreement between observed and predicted measures; a value of 1 indicates perfect prediction. Kuhn and 

Johnson (2013, p.256) suggest that values between 0.30 and 0.50 indicate reasonable agreement.  

 
Table TA.2  Performance Metrics for Test Sample  

Model 

Performance Metrics 

Area under 
ROC Curve J-Index Kappa Sensitivity Specificity 

30-day sample           

Logistic 0.746 0.353 0.122 0.705 0.647 

Post-BOLASSO logistic 0.753 0.365 0.131 0.699 0.666 

Random forest 0.762 0.384 0.141 0.708 0.676 

Boosted trees (xgboost) 0.775 0.410 0.160 0.705 0.705 

Neural networks  0.755 0.381 0.144 0.691 0.690 

60-day sample            

Logistic 0.787 0.428 0.164 0.760 0.668 

Post-BOLASSO logistic 0.791 0.437 0.188 0.717 0.719 

Random forest 0.786 0.425 0.170 0.737 0.688 

Boosted trees (xgboost) 0.803 0.445 0.183 0.743 0.702 

Neural networks  0.794 0.431 0.193 0.695 0.736 

90-day sample           

Logistic 0.809 0.470 0.210 0.744 0.726 

Post-BOLASSO logistic 0.814 0.478 0.199 0.781 0.697 

Random forest 0.815 0.486 0.208 0.777 0.709 

Boosted trees (xgboost) 0.832 0.505 0.229 0.770 0.736 

Neural networks  0.821 0.490 0.220 0.758 0.731 

 
 

 

Other metrics in Table TA.2 provide additional information about predictive performance of the models. 

They highlight tradeoffs that are often present in analyses of categorical outcomes and indicate challenges in 

correctly predicting cases with longer-term opioid prescriptions. Sensitivity, i.e., the rate of correctly predicting 

longer-term opioid use for workers who actually received opioids on a longer-term basis, reaches 0.78 for the 

90-day sample, suggesting potential difficulty in predicting longer-term opioid prescriptions. Put differently, 

our models correctly identify three in four workers who had longer-term opioid prescribing. The specificity 

estimate of 0.74 suggests that three in four workers who did not have longer-term opioids were predicted as 

not having longer-term opioid prescriptions in our model.18 This suggest that there may still be many important 

characteristics of the workers and their injuries that are not accounted for in the claims data that we use.  

Sensitivity and specificity are inversely related and reflect researchers’ choices of probability thresholds. A 

model with higher sensitivity will have fewer false negatives, i.e., fewer cases with longer-term opioids will be 

predicted not to have longer-term opioids. However, fewer false negatives indicates a higher rate of false 

positives or lower specificity. Meaning more workers without longer-term opioids will be predicted to have 

                                                           
 
18 Note that if we randomly assigned longer-term opioids status (for example, 8 percent of the sample would be assigned 
to the longer-term opioids group and 92 percent of the sample would be assigned to the no longer-term opioids group), 
than the sensitivity would be 8 percent and the specificity would be 92 percent—the choices would be along the 45 degree 
line in the ROC curve.  

44

E A R L Y   P R E D I C T O R S   O F   L O N G E R - T E R M   O P I O I D   D I S P E N S I N G_____________________________________________________________________________________________

copyright © 2020 workers compensation research institute



 

longer-term opioid use. Researchers often try to trade off sensitivity and specificity depending on the potential 

costs of false negatives and false positives. These considerations have been in the news recently when discussing 

the effectiveness of the tests detecting the presence of severe acute respiratory syndrome coronavirus 2 (SARS-

CoV-2) that causes coronavirus disease (COVID-19) or its antibodies. The tests with low specificity may miss 

some workers who may have the virus and may be spreading it to other people, while the tests with low 

sensitivity (high false-negative rate) will impose unnecessary quarantine costs on those without the virus. In 

our analysis, we chose probability thresholds reflecting a combination of specificity and sensitivity that is the 

closest on the ROC curve to the top left corner where both sensitivity and specificity are 1.  

We also illustrate relative performance of the algorithm by looking at how well the model performs in 

predicting longer-term opioids in the test sample by deciles of the predictive risk. A model that does a better 

job of separating and identifying cases with longer-term opioids may be more useful for practitioners looking 

to identify cases with longer-term opioids for potential interventions. Predicted risk deciles for each model help 

us understand how well the model performs in terms of sorting cases into different groups. Figure TA.1 shows 

the distribution of the percentage of cases with observed longer-term opioids by predicted risk deciles for each 

model. For the top three deciles, the fraction of true outcomes predicted by all the models is greater than the 

base rate of outcomes for the population, which is 8 percent for the 90-day sample. And the rate is one in three 

for the top decile. But even conventional logistic regression does not perform poorly against methods that are 

more complex, more difficult to implement, and less easy to explain.  

 

Figure TA.1  Fraction of True Outcomes by Risk Deciles in the Test Sample  
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It is not a surprise that machine learning approaches performed well in predicting whether workers had 

longer-term opioids in the test dataset that was set aside for comparing model performance. One of the four 

machine learning algorithms consistently had the best predictive performance across the 30, 60, and 90 days 

datasets.19 Furthermore, the machine learning approaches helped identify nonlinear patterns of relationships 

between predictors and outcomes of interest. However, the more complex and highly flexible machine learning 

models offered only marginal improvement in predictive performance when compared with conventional 

analysis using logistic regression.20 This may be because we have incorporated what we learned from previous 

studies in the logistic regression model. If the prediction problem is not as well studied, machine learning 

models provide tremendous value for identifying important predictors and for learning about the nature of the 

relationship between predictors and outcomes. Furthermore, one may be able to use findings from machine 

learning models when specifying the variables to include in logistic regression.   

ESTIMATION DETAILS  

Next, we provide additional details from our models. In particular, we provide a summary of the estimates 

from logistic regression, a summary of the estimates from the BOLASSO approach, and examples of the Shapley 

values from the boosted tree model.  

LOGISTIC REGRESSION ESTIMATES  

As discussed in the main text of the report, logistic regression provides predictive performance that is just a 

little worse than the best-performing model that we chose. Since this conventional approach to analysis offers 

a set of estimates that can be easily explained, it provides a good option for those looking to better understand 

how different predictors may be related to longer-term opioid prescribing, while controlling for other claim 

characteristics. Table TA.3 shows estimated odds ratios from logistic regression. An odds ratio greater than 1 

indicates a positive relationship between the predictor and longer-term opioid prescribing. An odds ratio less 

than 1 indicates a negative relationship between the predictor of interest and longer-term opioid prescribing.  

 
  

                                                           
 
19 The boosted tree model had the best predictive performance when compared with the other three machine learning 
algorithms that we used: regularized regression, random forest model, and neural networks model.  
20 Since the difference in the J-index between the boosted tree model and logistic regression is 0.035, using the boosted 
tree model over logistic regression increases sensitivity or specificity of the model by 0.035, which means that an extra 35 
people out of 1,000 will be correctly classified when one uses the boosted tree model.  
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Table TA.3  Odds Ratios from Logistic Regression Based on 90-Day Postinjury Data 

Control Variables 

Received Opioids on a  
Longer-Term Basis 

Odds Ratio  
Standard 

Error  

Initial opioid prescription characteristics 
 

Days' supply of initial opioid prescription     
3 or less (base) 

4 to 7 0.8888 (0.0734) 

8 to 14 0.9098 (0.0837) 

15 to 30 1.0588 (0.1085) 

More than 30 0.3848** (0.1363) 

Missing  0.5824 (0.2550) 

Morphine equivalent daily dose of initial opioid prescription (milligrams) 

0–19 (base) 

20–29 1.0664 (0.0754) 

30–49 0.9878 (0.0704) 

50–89 1.0799 (0.0967) 

90 or more 0.9078 (0.1095) 

Time from injury to initial opioid prescription 

Less than 7 days (base) 

7 to 14 days 1.2392** (0.0871) 

15 to 30 days 1.6057*** (0.1003) 

More than 30 days 2.6106*** (0.1637) 

Initial opioid episode characteristics  

Number of opioid prescriptions  

One  (base) 

Two  1.2964*** (0.0914) 

Three or more  2.3361*** (0.2023) 

Morphine milligram equivalent amount of opioids 

1 to 99 (base) 

100 to 249 0.9710 (0.1205) 

250 to 499 1.1895 (0.1559) 

500 or more 1.5714** (0.2234) 

Days' supply of opioids 

3 or less (base) 

4 to 7 1.1733 (0.1496) 

8 to 14 1.4444** (0.1784) 

15 to 30 1.7336*** (0.2164) 

More than 30 3.1687*** (0.4310) 
Change in morphine equivalent daily dose of opioids, average across Rx filled within 
30 days of injury 1.0232 (0.0224) 

Concomitant utilization of opioids and CNS depressant drugs within 90 days of injury   

Received opioid and benzodiazepine prescriptions within 1 week of each other     

No (base)     

Yes 1.1010 (0.1087) 

Received opioid and any CNS depressant prescriptions within 1 week of each other 

No (base) 

Yes 1.2056*** (0.0614) 

Received long-acting opioid prescription within 90 days of injury 

No (base) 

Yes 1.0676 (0.0988) 

 continued 
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Table TA.3  Odds Ratios from Logistic Regression Based on 90-Day Postinjury Data (continued) 

Control Variables 

Received Opioids on a  
Longer-Term Basis 

Odds Ratio  
Standard 

Error  

Nature of care provided within 90 days of injury     

Number of non-opioid pain medications     

None (base)     

One  1.1793* (0.0956) 

Two  1.1661 (0.1113) 

Three 1.2085 (0.1288) 

Four or more  1.4461*** (0.1602) 

Visits for each service group within 90 days of injury 

Physical medicine 1.0435 (0.0228) 

Pain management injections 1.0494** (0.0194) 

Major radiology 1.1357*** (0.0226) 

Visits for major surgery within 90 days of injury 

None (base) 

One  0.4886*** (0.0316) 

Two or more  0.7143** (0.0928) 

Received prescription for NSAIDs within 90 days of injury 

No (base) 

Yes 1.0056 (0.0754) 

Received prescription for anticonvulsants within 90 days of injury 

No (base) 

Yes 1.4336*** (0.1007) 

Received prescription for antidepressants within 90 days of injury 

No (base) 

Yes 1.2502 (0.1460) 

Received prescription for dermatologicals within 90 days of injury 

No (base) 

Yes  1.1825* (0.0802) 

Total medical payment within 90 days of injury 1.0394* (0.0176) 

Worker demographics 

Age categories 

15 to 24 (base) 

25 to 34 2.0062*** (0.2960) 

35 to 44 2.7627*** (0.3999) 

45 to 54 2.9364*** (0.4232) 

55 to 64 2.9342*** (0.4327) 

65 and older 1.8891** (0.3667) 

Gender 

Female (base) 

Male  0.8378*** (0.0432) 

Marital status 

Single (base) 

Married 0.9809 (0.0469) 

Missing 0.8834 (0.0608) 

Preinjury weekly wage  0.8797*** (0.0298) 

Preinjury weekly wage squared  1.0062 (0.0066) 

 continued 
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Table TA.3  Odds Ratios from Logistic Regression Based on 90-Day Postinjury Data (continued) 

Control Variables 

Received Opioids on a  
Longer-Term Basis 

Odds Ratio  
Standard 

Error  

Injury characteristics     

Injury type categories     

Fractures, lower extremity (base) 

Fractures, upper extremity  0.5970*** (0.0721) 

Hand lacerations  0.5396* (0.1343) 

Inflammations  0.9001 (0.1074) 

Knee derangements  0.6329* (0.1292) 

Lacerations and contusions  0.8159 (0.1417) 

Neurologic spine pain  1.2923 (0.2290) 

Other  0.7339** (0.0812) 

Other sprains and strains  0.9303 (0.0868) 

Skin  0.5037* (0.1352) 

Spine (back and neck) sprains, strains, and non-specific pain  0.9766 (0.2361) 

Upper extremity neurologic 1.0065 (0.2711) 

Likelihood of surgery 1.0228 (0.1058) 

Diagnosis of opioid use disorder 

No (base) 

Yes 1.9523* (0.5739) 

Diagnosis of non-opioid substance use disorder 

No (base) 

Yes 0.9997 (0.0773) 

Employment characteristics 

Industry/occupation categories 

Agriculture, forestry, and fishing 1.1897 (0.2027) 

Clerical and professional (base) 

Construction 1.4730*** (0.1403) 

Health care and social assistance 1.0829 (0.1176) 

Manufacturing  1.3020** (0.1156) 

Mining (including oil and gas) 1.1852 (0.3942) 

Public safety 1.3167 (0.2630) 

Restaurants and entertainment 1.1656 (0.1456) 

Services (except public safety) 1.1321 (0.1047) 

Transportation, warehousing, and utilities 1.0124 (0.0919) 

Wholesale and retail trade 1.2694** (0.1079) 

Unknown 1.9548** (0.5052) 

Tenure categories 

≤ 6 months (base) 

> 6 months to 1 year 0.9883 (0.0840) 

> 1 to 2 years 1.0539 (0.0772) 

> 2 to 5 years 1.0546 (0.0760) 

> 5 to 10 years 0.8474* (0.0704) 

> 10 years 0.8133** (0.0617) 

Tenure is missing 0.7763** (0.0622) 

 continued 
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Table TA.3  Odds Ratios from Logistic Regression Based on 90-Day Postinjury Data (continued) 

Control Variables 

Received Opioids on a  
Longer-Term Basis 

Odds Ratio  
Standard 

Error  

Firm's payroll size categories     

$1 to $4 million (very small size) (base)     

> $4 million to $20 million (small size) 0.8968 (0.0722) 

> $20 million to $80 million (medium size) 1.0207 (0.0915) 

> $80 million (large size) 1.1300 (0.0738) 

Payroll values missing  0.8145* (0.0819) 

Indemnity payments made within 90 days of injury 

None (base) 

$1 to $4,999 0.4847*** (0.0361) 

$5,000 to $9,999 0.6117*** (0.0425) 

$10,000 to $19,999 0.8413** (0.0555) 

$20,000 and over 1.0063 (0.0867) 

County-level factors 

Unemployment rate 1.0648 (0.0437) 

Unemployment rate squared 0.9913 (0.0056) 

Uninsured rate 1.0055 (0.0727) 

Uninsured rate squared 1.0012 (0.0172) 

MME prescribed per capita  1.0367 (0.0314) 

Number of orthopedic surgeons or neurosurgeons per capita 0.8306 (0.1320) 

Personal income per capita 1.0595 (0.0434) 

Number of primary care practitioners per capita 1.0765 (0.1754) 

Residence type 

Urban area 0.9709 (0.0772) 

Rural area (base) 

Very rural area 0.8089 (0.1134) 

County race/ethnicity composition (% of population) 

White 1.2363 (0.3752) 

Black 1.1653 (0.1967) 

Asian 1.0712 (0.1133) 

Hispanic 1.2223 (0.2950) 

County education-level composition (% of population) 

Less than high school  0.9859 (0.0576) 

High school (base) 

College 0.9348 (0.0514) 

 continued 
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Table TA.3  Odds Ratios from Logistic Regression Based on 90-Day Postinjury Data (continued) 

Control Variables 

Received Opioids on a  
Longer-Term Basis 

Odds Ratio  
Standard 

Error  

Dummy variables for each state     

Alabama (base)     

Arizona 0.7782 (0.2057) 

Arkansas 0.8084 (0.2443) 

California 1.1387 (0.2672) 

Connecticut 0.9207 (0.2600) 

Delaware 0.5353 (0.2376) 

Florida 0.6712 (0.1467) 

Georgia 0.9635 (0.2015) 

Hawaii 1.9042 (0.9913) 

Illinois 0.9550 (0.2068) 

Indiana 0.7448 (0.1764) 

Iowa 0.6900 (0.2148) 

Kansas 0.6249 (0.1883) 

Kentucky 0.5343* (0.1507) 

Louisiana 1.6576* (0.3526) 

Maryland 0.6442 (0.1811) 

Massachusetts 0.8278 (0.2345) 

Michigan 0.5339** (0.1249) 

Minnesota 0.7355 (0.2179) 

Mississippi 1.1329 (0.2810) 

Missouri 0.6447 (0.1539) 

Nevada 0.8444 (0.2412) 

New Jersey 0.6238* (0.1492) 

New Mexico 0.4396* (0.1613) 

New York 1.0329 (0.2312) 

North Carolina 0.8114 (0.1712) 

Oklahoma 1.4775 (0.3879) 

Pennsylvania 1.0925 (0.2370) 

South Carolina 0.8858 (0.2047) 

Tennessee 0.7016 (0.1555) 

Texas 1.3383 (0.2891) 

Virginia 0.9742 (0.2367) 

Wisconsin 0.4042** (0.1159) 

Intercept 0.0108*** (0.0035) 

Note: Standard errors are in parentheses. *** statistically significant at 0,1% level, ** statistically significant at 1% level,  
* statistically significant at 5% level.  

Key: CNS: central nervous system; MME: morphine milligram equivalent amount; NSAIDs: nonsteroidal anti-inflammatory 
drugs; Rx: prescription(s).  
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Results from logistic regression offer several important observations. The variables that were selected as 

important in machine learning approaches were also strong predictors in logistic regression. For example, we 

find the following variables to be strong predictors of longer-term opioid prescriptions, while controlling for 

other claim characteristics: days’ supply of opioids, the number of opioid prescriptions within the first opioid 

episode, and the morphine milligram equivalent amount of opioids.21 For example, workers with more than 30 

days of opioids prescribed early in a claim had a much higher likelihood of having opioids prescribed on a 

longer-term basis. Similarly, workers who received a higher number of opioid prescriptions early in a claim 

were more likely to have opioids prescribed on a longer-term basis.  

BOLASSO ESTIMATES  

Table TA.4 provides estimates from post-BOLASSO logistic regression—we present odds ratios for the 

variables that were used in at least 90 of the 100 bootstrap LASSO iterations. Each LASSO iteration selects the 

best predictors of longer-term opioid prescribing from the many variables supplied. Given built-in variable 

selection, we can use many more variables as potential predictors in the BOLASSO algorithm, and these 

variables can be highly correlated. For example, in addition to the variables that were used in the logistic 

regression, we can use many other measures capturing other dimensions of the care that may be highly 

correlated with the variables that we already control for, or we can capture other observed characteristics of 

claims that are related between each other, something that is not feasible with the conventional logistic 

regression. These additional measures may improve predictive performance of the model, while avoiding 

multiple iterations needed to select a somewhat better specification. 

For each predictor, Table TA.4 shows the number of times that the predictor was chosen out of 100 

replicates, and we present odds ratios indicating the relationship between the predictor and longer-term opioid 

prescribing. Similar to the results from the logistic regression, the odds ratios indicate relationships between 

predictors and longer-term opioid prescribing. However, these measures only identify strong predictors and 

do not identify possible causal relationships between predictors and outcomes. This is because in the process 

of selecting predictors, the LASSO model may have dropped important predictors that were correlated with the 

measures that were selected. As a result, these selected features may reflect the potential role of many other 

variables that were excluded from the model.  

Similar to what we found before, the strongest predictors include the morphine milligram equivalent 

amount of opioids, the number of opioid prescriptions within the first opioid episode, the number of visits to 

pharmacies, and the number of days’ supply for the first opioid prescription being greater than 30.  
  

                                                           
 
21 Since all predictors used in the logistic regression were normalized, we can compare odds ratios to see how longer-term 
opioid prescribing changes for the same unit change in the predictors.  
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Table TA.4  Odds Ratios from Post-BOLASSO Logistic Regression Based on 90-Day Postinjury Data 

Control Variables 

Received Opioids on a Longer-Term Basis 

Odds Ratio  95% Confidence 
Interval 

Number of Times 
Variable Was 

Selected in 100 
Bootstrap Replicates 

Intercept 0.044 0.035 0.032 100 

MED change between first and second opioid Rx 0.967 0.933 1.002 99 

Number of opioid Rx 1.327 1.229 1.434 100 

MME of opioids 1.475 1.360 1.601 100 

Chiropractor visits 1.029 0.998 1.059 90 

Pharmacy and other services visits 1.283 1.209 1.362 100 

Hospital outpatient services visits 1.018 0.982 1.045 93 

Hospital inpatient services visits 1.025 0.991 1.055 90 

Neurological/neuromuscular testing visits 1.036 1.001 1.069 97 

Pain management injections visits 1.046 1.007 1.087 91 

Major surgery visits 0.759 0.695 0.829 100 

Major radiology visits 1.156 1.102 1.212 100 

Other services visits 1.067 1.015 1.123 93 

Anesthesia visits 0.900 0.817 0.991 96 

Hospital and/or ASC treatment/operating/recovery room services visits 0.923 0.852 0.998 98 

Visits to fill Dermatologicals 1.059 1.023 1.095 99 

Time from injury to initial doctor's visit 1.089 1.034 1.147 100 

Time from initial doctor's visit to initial opioid Rx 1.128 1.028 1.239 100 

State is California 1.109 1.056 1.164 99 

State is Florida 0.971 0.927 1.017 93 

State is Georgia 1.061 1.020 1.102 90 

State is Kentucky 0.961 0.915 1.005 96 

State is Louisiana 1.106 1.072 1.140 100 

State is Michigan 0.938 0.892 0.984 100 

State is Mississippi 1.046 1.008 1.084 90 

State is New Mexico 0.953 0.900 1.001 98 

State is Oklahoma 1.064 1.025 1.104 96 

State is Pennsylvania 1.065 1.021 1.111 96 

State is Texas 1.179 1.126 1.234 100 

State is Wisconsin 0.892 0.835 0.948 100 

Gender is Female  1.096 1.048 1.147 93 

Marital status is missing 0.955 0.909 1.003 93 

Residence type is very rural 0.967 0.926 1.008 96 

Injury type is Lower extremity fractures 1.057 1.006 1.109 96 

Injury type is Upper extremity fractures 0.888 0.837 0.940 99 

Injury type is Neurologic spine pain  1.096 1.059 1.134 100 

Injury type is Skin related 0.916 0.862 0.969 96 

No diagnosis of opioid use disorder 0.973 0.948 0.999 95 

Tenure is > 10 years 0.935 0.893 0.979 96 

Tenure is missing 0.919 0.876 0.963 99 

Nature of injury is All other cumulative injuries not otherwise classified 1.032 0.996 1.067 95 

Nature of injury is All other specific injuries not otherwise classified 1.076 1.035 1.118 99 

        continued 
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Table TA.4  Odds Ratios from Post-BOLASSO Logistic Regression Based on 90-Day Postinjury Data (continued) 

Control Variables 

Received Opioids on a Longer-Term Basis 

Odds Ratio  95% Confidence 
Interval 

Number of Times 
Variable Was 

Selected in 100 
Bootstrap Replicates 

Nature of injury is Concussion 0.925 0.881 0.967 100 

Nature of injury is Crushing 1.046 1.001 1.091 92 

Nature of injury is Dislocation 1.114 1.073 1.155 100 

Nature of injury is Foreign body 0.630 0.132 0.747 100 

Nature of injury is Hernia 1.099 1.045 1.155 100 

Nature of injury is Laceration 0.863 0.800 0.927 100 

Nature of injury is missing 1.028 0.993 1.061 93 

Nature of injury is No physical injury 0.962 0.883 1.011 97 

Nature of injury is Respiratory disorders 0.787 0.582 1.064 98 

Nature of injury is Rupture 1.067 1.027 1.107 99 

Nature of injury is Strain or tear 0.964 0.919 1.012 97 

Body part of injury is missing 0.815 0.577 1.149 98 

Body part of injury is Lower extremities 0.884 0.839 0.931 98 

Body part of injury is Neck 1.034 1.002 1.067 98 

Body part of injury is Trunk 0.861 0.815 0.908 100 

Initial opioid Rx dispenser type is missing 0.967 0.914 1.012 91 

Did not receive Rx for anticonvulsants 0.908 0.880 0.937 100 

Days' supply of initial opioid Rx is 15 to 30 days 1.052 1.008 1.098 98 

Days' supply of initial opioid Rx is More than 30 days 0.963 0.924 0.999 98 

15 to 30 days' supply of opioids 1.064 1.012 1.120 90 

More than 30 days' supply of opioids 1.215 1.154 1.280 100 

Firm's payroll size is > $80 million (large size) 1.092 1.038 1.148 99 

Payroll values missing 0.966 0.920 1.013 93 

Had a doctor's visit 0.954 0.919 0.992 100 

MED of initial opioid Rx is 0–19 milligrams 1.048 1.001 1.097 100 

MED of initial opioid Rx is 90 or more milligrams 0.902 0.859 0.947 100 

No indemnity payments 0.744 0.704 0.786 100 

Industry/occupation group is Clerical and professional 0.944 0.903 0.986 92 

Industry/occupation group is Construction 1.057 1.013 1.103 100 

Industry/occupation group is Transportation, warehousing, and utilities 0.940 0.897 0.984 97 

Industry/occupation group is Unknown 1.039 1.000 1.076 91 

Time from injury to initial opioid Rx is Less than 7 days 0.900 0.826 0.980 100 

Time from injury to initial opioid Rx is 7 to 14 days 0.960 0.912 1.011 91 

Time from injury to initial opioid Rx is More than 30 days 1.200 1.130 1.275 100 

Worker's age is 15 to 24 years 0.803 0.748 0.858 100 

Worker's age is 65 and older 0.917 0.871 0.963 96 

Unemployment rate squared 0.927 0.870 0.979 98 

Preinjury weekly wage  0.888 0.839 0.938 100 

Population density per square mile squared 0.973 0.927 1.014 96 

Total indemnity payments 1.269 1.196 1.347 100 

Total indemnity payments squared 0.835 0.767 0.905 100 

Key: ASC: ambulatory surgery center; MED: morphine equivalent daily dose; MME: morphine milligram equivalent amount; NOC: not otherwise 
classified; NSAID: nonsteroidal anti-inflammatory drugs; Rx: prescription(s).  
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RELATIONSHIPS BETWEEN TOP PREDICTORS AND LONGER-TERM OPIOID PRESCRIBING IN 30- AND 60-DAY SAMPLES  

Figures TA.2 and TA.3 provide information about the nature of the relationship between top predictors and 

longer-term opioid prescribing in the 30- and 60-day samples. While many of the variables highlighted in these 

samples are similar to what we saw in the 90-day sample discussed in the main text, some of the variables are 

different. Here we discuss the measures that were not highlighted in the main text.  

 Workers who received opioids and other central nervous system depressants simultaneously were more 

likely to have longer-term opioid prescribing compared with those who did not in the 30-day sample. 

 An increase in the average injury- and location-specific likelihood of a surgery contributes to a lower 

probability of longer-term opioid prescribing.22 This measure was among the top 10 predictors in both 

the 30- and 60-day samples.  

 Workers with dislocations were more likely to have longer-term opioid prescribing in the 60-day sample. 

Some of the other variables in these figures shift predictions by very little, as seen in the scale of the SHAP 

contributions for weekly wage and daily dose of first opioid prescription from the 60-day sample. As we 

discussed in the main body of the report, the blue dots represent the individual observations, and we should 

not overinterpret the information about the nature of the relationship between predictors and outcomes when 

the values of the predictors are only sparsely populated.  

 Higher weekly wages contributed to a lower likelihood of longer-term opioid dispensing in the 60-day 

sample. However, the predicted probability for a given case shifts above or below the average predicted 

probability by less than 1 percentage point depending on the preinjury weekly wage of the worker.  

 The daily dose of the first opioid prescription also contributes relatively little to the predicted probability 

of longer-term opioid prescribing. But, lower and higher daily doses of opioids contributed to a slightly 

lower predicted probability of longer-term opioids. 
 

 
  

                                                           
 
22 The likelihood of surgery is the injury- and location-specific surgery rate derived from historical data. It captures 
whether the worker is likely to have a major surgery within one year after the injury given their injury type and geographic 
area. The likelihood of surgery is higher for workers who sustained injuries such as knee derangements, inflammations, 
carpal tunnel, and fractures. The measure is lower for workers with back sprains and strains and neurologic spine pain 
injuries. Our models also control for injury type, state, and number of major surgery visits within 30, 60, or 90 days after 
an injury. Therefore, the variable may be capturing the contribution of alternate treatment paths of receiving opioids first 
and surgeries later compared with receiving both opioids and surgeries early in the claim. 
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Figure TA.2  Relationship between Important Predictors from the 30-Day Sample and the Likelihood of Receiving  
                            Longer-Term Opioid Prescriptions 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Note: Shapley Additive Explanations after the xgboost model for the 30-day sample.  The red lines reflect locally weighted smoothing 
(LOESS). 

Key: CNS: central nervous system. 
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Figure TA.3  Relationship between Important Predictors from the 60-Day Sample and the Likelihood of Receiving  
                            Longer-Term Opioid Prescriptions

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Note: Shapley Additive Explanations after the xgboost model for 60-day sample. The red lines reflect locally weighted smoothing (LOESS).
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STATISTICAL APPENDIX  

DESCRIPTIVE STATISTICS OF KEY PREDICTORS 

In this statistical appendix, we provide descriptive information about various key predictors examined in this 

study and describe how longer-term opioid utilization varies across these predictors. This helps identify how 

longer-term opioid prescribing may vary across different measures and provides a basis for more detailed 

analysis in the main part of the report for selected predictors. The results for the 30-, 60-, and 90-day samples 

are summarized in Tables SA.1–SA.4. We highlight how longer-term opioid prescribing varies across many 

characteristics of the initial opioid prescription, characteristics of the initial opioid prescribing episode, the 

nature of the medical care that workers received, and other injury and worker characteristics. As with the results 

in the main part of the report, the differences presented in this statistical appendix do not reflect a causal effect 

of predictors on longer-term opioid utilization. In this section we present raw comparisons that do not adjust 

for any other characteristics.  

INITIAL OPIOID PRESCRIPTION CHARACTERISTICS 

Among workers receiving an early opioid prescription, the rate of longer-term opioid dispensing increases with 

the length of the initial opioid prescription. For example, among workers who received an initial opioid 

prescription of less than 3 days of supply within 30 days of injury, 6 percent continued to receive opioids on a 

longer-term basis. The rate increases to 13 percent for workers whose first opioid prescription was for 15 to 30 

days of supply (Table SA.1). These patterns illustrate that the length of the first opioid prescription may be a 

useful factor when predicting workers that are at a risk of developing longer-term opioid use, although the 

patterns may reflect differences in injury severity, prescriber norms, or other injury and worker factors. 

Furthermore, we cannot address the medical appropriateness of longer days of supply in this study. About one 

in two workers with opioids had a first opioid prescription for 7 days of supply or less in the 30-, 60-, and 90-

day samples. Less than 1 percent of workers had a first opioid prescription exceeding 30 days of supply. Days 

of supply of the first opioid prescription was missing for one in four workers.  

At the same time, we do not see differences in the rate of longer-term opioid dispensing based on the 

morphine equivalent daily dose of the first opioid prescription. Among workers receiving early prescriptions 

with complete days of supply, about one in four workers had a daily dose equal to or exceeding 50 milligrams 

and 5 to 6 percent of workers had a daily dose equal to or exceeding 90 milligrams.  

There are small differences in the rate of longer-term opioid dispensing based on the timing of the first 

opioid prescription. About 6 percent of workers who received their first opioid prescription within 7 days of 

injury continued to receive opioids on a longer-term basis. Whereas 10 percent of workers who received their 

first prescription after 14 days had longer-term opioids. The majority of workers received opioid prescriptions 

within 14 days postinjury. About 28, 42, and 49 percent of workers in the 30-, 60-, and 90-day samples received 

the initial opioid prescription more than 14 days after the injury.  
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Table SA.1  Descriptive Statistics of Initial Opioid Prescription Filled within 30, 60, and 90 Days after the Injury  

Variable   

30-Day Sample  60-Day Sample 90-Day Sample  

    Count      %  
% with 

Longer-Term 
Opioids 

     Count     %  
% with 

Longer-Term 
Opioids 

           Count     %  
% with 

Longer-Term 
Opioids 

Overall 24,520 100% 7.6% 30,729 100% 8.1% 34,763 100% 8.4% 

Initial opioid prescription characteristics               

Days' supply of initial opioid prescription 

3 or less 3,964 16.2% 5.9% 4,605 15.0% 6.2% 4,953 14.2% 6.0% 

4 to 7 8,189 33.4% 7.8% 10,320 33.6% 7.5% 11,803 34.0% 7.1% 

8 to 14 3,739 15.2% 9.6% 4,979 16.2% 10.0% 5,697 16.4% 10.3% 

15 to 30 2,280 9.3% 13.3% 3,362 10.9% 15.7% 4,065 11.7% 17.3% 

More than 30 72 0.3% 8.3% 97 0.3% 14.4% 118 0.3% 9.3% 

Missing 6,276 25.6% 5.0% 7,366 24.0% 5.2% 8,127 23.4% 6.0% 

Morphine equivalent daily dose of initial opioid prescription (milligrams) 

0–19 4,544 18.5% 9.8% 5,787 18.8% 10.5% 6,379 18.3% 11.5% 

20–29 4,091 16.7% 8.0% 4,861 15.8% 9.2% 5,399 15.5% 9.7% 

30–49 5,416 22.1% 7.8% 6,940 22.6% 8.2% 7,813 22.5% 8.4% 

50–89 2,898 11.8% 8.0% 4,075 13.3% 8.3% 4,828 13.9% 7.6% 

90 or more 1,295 5.3% 8.6% 1,700 5.5% 8.1% 2,217 6.4% 7.4% 

Missing 6,276 25.6% 5.0% 7,366 24.0% 5.2% 8,127 23.4% 6.0% 

Time from injury to initial opioid prescription 

Less than 7 days 12,842 52.4% 6.1% 12,874 41.9% 5.9% 12,907 37.1% 5.9% 

7 to 14 days 4,826 19.7% 8.7% 4,837 15.7% 8.7% 4,821 13.9% 8.6% 

15 to 30 days 6,852 27.9% 9.5% 6,830 22.2% 9.9% 6,861 19.7% 9.9% 

More than 30 days       6,188 20.1% 10.1% 10,174 29.3% 10.5% 

Notes: Workers with more than seven days of lost time with work-related injuries in 2016 who had opioid prescriptions filled within 30, 60, 
and 90 days after the injury and paid under workers' compensation. Longer-term opioid dispensing was identified based on prescriptions 
filled within one year after the injury. See details on page 15.  
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INITIAL OPIOID EPISODE CHARACTERISTICS  

Opioid utilization patterns in the first 30, 60, and 90 days following the injury may be important predictors of 

longer-term opioid dispensing based on prior studies. We see that the rate of longer-term opioid dispensing 

increases substantially with the days’ supply of opioids in the initial opioid episode. About 2 percent of workers 

with less than 3 days’ supply of opioids within 90 days postinjury had longer-term opioids. The measure was 

11 percent for workers with 15 to 30 days of supply. It increases further to 26 percent when workers had more 

than 30 days of supply. Similar patterns were seen using 30-day and 60-day samples. Note that the majority of 

workers had 14 days of supply or less. However, a sizable proportion of workers had more than 30 days of 

supply within the first 60 and 90 days postinjury—9 and 12 percent, respectively (Table SA.2).  

The longer-term opioid dispensing rate also increases with the number of opioid prescriptions in the initial 

opioid episode. About 4 percent of workers who received one opioid prescription in the first 90 days received 

opioids on a longer-term basis. The rate is two times higher for workers who received two opioid prescriptions 

and more than four times higher for workers who received three or more opioid prescriptions. Similarly, the 

rate of longer-term opioids increases with the total dose of opioids in the initial opioid episode, measured as 

the morphine milligram equivalent amount of opioids. Three percent of workers who had less than 100 

milligrams of opioids within 90 days of injury had longer-term opioids. The rate was five times higher among 

workers with 500 or more milligrams of opioids. 

Workers with concomitant central nervous system depressants during the initial opioid episode had a 

higher rate of longer-term opioids compared with workers who did not receive these medications. For example, 

12 percent of workers who filled opioid and central nervous system depressant prescriptions together within 

the first 30 days of injury received opioids on a longer-term basis. The rate was 6 percent among workers 

without concomitant central nervous system depressants. One in three workers had at least one concomitant 

central nervous system depressant early in the claim. While long-acting opioids are rarely prescribed 

immediately following the injury, with only 3.5 percent of workers receiving a long-acting opioid within 90 

days of injury, workers with long-acting opioids had a two times higher rate of longer-term opioid dispensing—

17 percent for workers with long-acting opioids versus 8 percent for workers without.  

Ninety percent of workers filled their opioid prescriptions at pharmacies, 7–8 percent of workers received 

opioids at physicians’ offices, and 2–3 percent of workers received opioids from both dispensers early in the 

claim. Of these groups, workers who received opioid prescriptions from both pharmacies and physicians’ 

offices had a higher rate of longer-term opioid use. Workers with pharmacy-dispensed opioid prescriptions 

also had a higher rate of longer-term opioids compared with workers receiving physician-dispensed opioids.  
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Table SA.2  Descriptive Statistics of Opioid Utilization within 30, 60, and 90 Days after the Injury  

Variable  

30-Day Sample  60-Day Sample 90-Day Sample  

Count      % 
% with 

Longer-Term 
Opioids 

Count     % 
% with 

Longer-Term 
Opioids 

Count     % 
% with 

Longer-Term 
Opioids 

Overall 24,520 100% 7.6% 30,729 100% 8.1% 34,763 100% 8.4% 

Initial opioid episode characteristics                

Number of opioid prescriptions 

1 16,053 65.5% 5.7% 17,613 57.3% 4.9% 18,501 53.2% 4.1% 

2 5,540 22.6% 9.4% 7,087 23.1% 8.8% 7,857 22.6% 8.4% 

3 or more 2,927 11.9% 14.4% 6,029 19.6% 16.6% 8,405 24.2% 17.9% 

Days' supply of opioids 

Less than 3 2,438 9.9% 3.7% 2,616 8.5% 3.0% 2,666 7.7% 2.1% 

3 to 7 5,798 23.6% 5.7% 6,448 21.0% 4.0% 7,071 20.3% 3.1% 

8 to 14 4,900 20.0% 8.3% 5,575 18.1% 6.7% 5,838 16.8% 5.5% 

15 to 30 4,428 18.1% 13.0% 6,112 19.9% 12.5% 6,779 19.5% 10.8% 

More than 30 680 2.8% 20.2% 2,612 8.5% 23.9% 4,282 12.3% 25.9% 

Missing 6,276 25.6% 5.0% 7,366 24.0% 5.2% 8,127 23.4% 6.0% 

Morphine milligram equivalent amount of opioids 

1 to 99 3,145 12.8% 4.6% 3,112 10.1% 3.9% 3,035 8.7% 3.0% 

100 to 249 9,919 40.5% 5.3% 10,699 34.8% 4.5% 10,936 31.5% 3.7% 

250 to 499 6,226 25.4% 8.1% 7,976 26.0% 6.9% 8,909 25.6% 6.7% 

500 or more 5,230 21.3% 12.8% 8,942 29.1% 14.8% 11,883 34.2% 15.5% 

Received opioid and any CNS depressant prescriptions within 1 week of each other 

No 16,919 69.0% 5.6% 20,762 67.6% 5.8% 23,129 66.5% 6.0% 

Yes 7,601 31.0% 11.9% 9,967 32.4% 12.8% 11,634 33.5% 13.3% 

Received long-acting opioid prescriptions 

No 23,926 97.6% 7.4% 29,825 97.1% 7.9% 33,535 96.5% 8.1% 

Yes 594 2.4% 13.8% 904 2.9% 15.6% 1,228 3.5% 16.5% 

Type of dispensers of opioid prescriptions 

Both 455 1.9% 11.9% 700 2.3% 9.9% 950 2.7% 13.2% 

Pharmacy 22,073 90.0% 7.7% 27,823 90.5% 8.3% 31,424 90.4% 8.5% 

Physician's office 1,992 8.1% 5.2% 2,206 7.2% 5.1% 2,389 6.9% 5.2% 

Notes: Workers with more than seven days of lost time with work-related injuries in 2016 who had opioid prescriptions filled within 30, 60, 
and 90 days after the injury and paid under workers' compensation. Longer-term opioid dispensing was identified based on prescriptions 
filled within one year after the injury. See details on page 15. 

Key: CNS: central nervous system. 
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NATURE OF MEDICAL CARE RECEIVED EARLY AFTER THE INJURY 

Workers who filled non-opioid pain medications early in the claim had higher rates of longer-term opioid 

dispensing compared with workers who did not (Table SA.3). For example, workers who received 

anticonvulsants and antidepressants had a two times higher rate of longer-term opioid dispensing compared 

with workers who did not have these medications early after the injury. The rate of longer-term opioid 

dispensing was also higher when workers had early visits for other medical services (such as multiple pain 

injection visits, major radiology).  

The rate of longer-term opioid dispensing also varied by whether the worker had a major surgery within 

the first 30, 60, and 90 days postinjury and the number of visits for major surgeries. About 8 percent of workers 

who did not have a major surgery within 30 days of injury received opioids on a longer-term basis. The rate 

was lower (4 percent) among workers with one major surgery visit and higher (10 percent) among workers who 

had two or more major surgery visits.   

Workers with early physical therapy visits had a slightly elevated rate of longer-term opioid dispensing 

compared with workers without any early physical therapy visits. However, longer-term opioid dispensing rates 

varied little by the number of physical therapy visits. Note that Table SA.3 presents unadjusted rates of longer-

term opioid dispensing across different groups of workers. Higher rates of longer-term opioid dispensing for 

workers who received early medical services might be a reflection of the type and severity of the injury, and 

geographic location, among other factors. After adjusting for differences across worker, location, and injury 

characteristics and other treatment patterns, we do not find statistically significant differences in the predicted 

likelihood of longer-term opioid dispensing across workers who had early visits for physical therapy compared 

with those who did not (Table TA.1).  
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 Table SA.3  Descriptive Statistics of Non-Opioid Medical Care Provided within 30, 60, and 90 Days after the Injury 

Variable  

30-Day Sample  60-Day Sample 90-Day Sample  

Count     %  
% with 

Longer-Term 
Opioids 

Count     %  
% with 

Longer-Term 
Opioids 

Count     % 
% with 

Longer-Term 
Opioids 

Overall 24,520 100% 7.6% 30,729 100% 8.1% 34,763 100% 8.4% 

Nature of medical care received early after an injury              

Number of days with surgeries 

None 19,305 78.7% 8.3% 22,434 73.0% 9.1% 23,649 68.0% 9.7% 

1 4,758 19.4% 4.4% 7,470 24.3% 4.6% 10,032 28.9% 5.1% 

2 or more 457 1.9% 9.9% 825 2.7% 12.0% 1,082 3.1% 11.1% 

Number of days with physical therapy services 

None 14,618 59.6% 6.7% 13,871 45.1% 7.0% 13,105 37.7% 6.6% 

1 2,702 11.0% 8.9% 2,226 7.2% 8.7% 1,769 5.1% 9.4% 

2 1,511 6.2% 9.3% 1,406 4.6% 10.7% 1,142 3.3% 10.2% 

3 1,236 5.0% 7.7% 1,266 4.1% 9.3% 1,087 3.1% 8.4% 

4 or more 4,453 18.2% 9.0% 11,960 38.9% 8.8% 17,660 50.8% 9.5% 

Number of days with pain management injections 

None 22,808 93.0% 7.6% 27,599 89.8% 8.0% 29,957 86.2% 8.1% 

1 1,646 6.7% 6.7% 2,932 9.5% 8.3% 4,300 12.4% 9.2% 

2 or more 66 0.3% 12.1% 198 0.6% 16.7% 506 1.5% 20.2% 

Number of days with major radiology services 

None 16,622 67.8% 6.3% 17,204 56.0% 6.1% 17,411 50.1% 5.7% 

1 6,504 26.5% 9.5% 10,938 35.6% 9.6% 13,643 39.2% 10.0% 

2 or more 1,394 5.7% 13.3% 2,587 8.4% 14.6% 3,709 10.7% 15.8% 

Number of visits to pharmacies and other providers 

None 1,358 5.5% 4.9% 1,316 4.3% 4.2% 1,281 3.7% 3.9% 

1 8,048 32.8% 5.2% 7,811 25.4% 4.1% 7,630 21.9% 3.2% 

2 6,777 27.6% 6.5% 7,173 23.3% 5.6% 7,192 20.7% 5.1% 

3 or more 8,337 34.0% 11.1% 14,429 47.0% 11.8% 18,660 53.7% 12.2% 

Number of visits to fill non-opioid pain medications 

None 10,885 44.4% 5.8% 12,515 40.7% 5.3% 13,227 38.0% 5.1% 

1 8,015 32.7% 7.3% 8,807 28.7% 7.7% 9,207 26.5% 7.2% 

2 3,671 15.0% 10.7% 4,938 16.1% 9.7% 5,551 16.0% 9.6% 

3 or more 1,360 5.5% 12.2% 2,508 8.2% 13.0% 3,162 9.1% 12.3% 

Received prescription for NSAIDs 

No 12,794 52.2% 6.6% 15,245 49.6% 6.7% 16,409 47.2% 6.6% 

Yes 11,726 47.8% 8.5% 15,484 50.4% 9.5% 18,354 52.8% 10.0% 

Received prescription for anticonvulsants 

No 23,650 96.5% 7.2% 29,003 94.4% 7.4% 32,298 92.9% 7.4% 

Yes 870 3.5% 16.3% 1,726 5.6% 20.1% 2,465 7.1% 22.2% 

Received prescription for antidepressants 

No 24,338 99.3% 7.5% 30,299 98.6% 7.9% 34,088 98.1% 8.2% 

Yes 182 0.7% 15.9% 430 1.4% 17.4% 675 1.9% 20.0% 

Received prescription for dermatologicals 

No 22,871 93.3% 7.4% 28,336 92.2% 7.8% 31,687 91.2% 8.1% 

Yes 1,649 6.7% 9.2% 2,393 7.8% 10.9% 3,076 8.8% 11.7% 

Notes: Workers with more than seven days of lost time with work-related injuries in 2016 who had opioid prescriptions filled within 30, 
60, and 90 days after the injury and paid under workers' compensation. Longer-term opioid dispensing was identified based on 
prescriptions filled within one year after the injury. See details on page 15. 
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OTHER CHARACTERISTICS  

Table SA.4 shows that the rates of longer-term opioid dispensing also varied across some worker, injury, and 

industry characteristics. 

 Among workers receiving early opioid prescriptions, the rate of longer-term opioid dispensing has a 

nonlinear association with workers’ age. Workers younger than 30 and workers 65 and older had lower 

rates of longer-term opioid dispensing. Two to three percent of workers with less than 25 years of age and 

5 percent of workers 65 and older received opioids on a longer-term basis. A slightly higher proportion of 

workers in other age groups, 8 to 10 percent, received opioids on a longer-term basis.  

 Whether or not a worker receives opioids on a longer-term basis varies with the type of injury the worker 

sustained. A higher proportion of workers who sustained neurologic spine pain injuries (16 to 20 

percent) with early opioids received opioids on a longer-term basis. The rate was also higher among 

workers who sustained spine sprains and strains (11 percent). In contrast, 2 to 3 percent of workers with 

hand lacerations and skin conditions received opioids on a longer-term basis.  

 There are small differences in longer-term opioid dispensing rates by industry/occupation groups. 

Mining and construction workers had slightly higher rates of receiving opioids on a longer-term basis 

compared with other industries.  

 Somewhat higher rates of longer-term opioid dispensing were seen among workers residing in counties 

with higher uninsured rates. For example, in counties where the majority of the population is covered by 

health insurance (uninsured rate of 0 to 10 percent), 7 percent of workers with early opioids filled within 

30 days of injury continued to receive opioids on a longer-term basis, whereas 10 percent of workers 

residing in counties with an uninsured rate over 20 percent received longer-term opioids.  

 Among workers receiving early opioids, the rate of longer-term opioid dispensing varies little by gender, 

marital status, workers’ wages, and whether workers reside in rural or urban areas.  
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Table SA.4  Descriptive Statistics of Worker, Injury, and Industry Characteristics for 30-, 60-, and 90-Day Training Samples  

Variable  

30-Day Sample  60-Day Sample 90-Day Sample  

    Count   %  
% with 

Longer-Term 
Opioids 

     Count    %  
% with 

Longer-Term 
Opioids 

     Count   %  
% with 

Longer-Term 
Opioids 

Overall 24,520 100% 7.6% 30,729 100% 8.1% 34,763 100% 8.4% 

Worker characteristics                

Age group categories               

15 to 24 1,907 7.8% 2.5% 2,139 7.0% 2.8% 2,281 6.6% 2.6% 

25 to 34 4,905 20.0% 5.7% 5,803 18.9% 6.4% 6,373 18.3% 7.0% 

35 to 44 5,594 22.8% 8.9% 6,819 22.2% 9.6% 7,802 22.4% 9.7% 

45 to 54 6,646 27.1% 9.1% 8,686 28.3% 9.3% 9,888 28.4% 9.8% 

55 to 64 4,574 18.7% 8.3% 6,138 20.0% 8.6% 7,153 20.6% 8.8% 

65 and older 893 3.6% 4.7% 1,143 3.7% 5.2% 1,266 3.6% 5.2% 

Gender       

Female 8,011 32.7% 7.3% 9,960 32.4% 8.3% 11,260 32.4% 9.0% 

Male 16,509 67.3% 7.7% 20,769 67.6% 8.0% 23,503 67.6% 8.2% 

Marital status                

Single 11,833 48.3% 7.3% 14,661 47.7% 8.0% 16,448 47.3% 8.5% 

Married 8,144 33.2% 8.5% 10,512 34.2% 8.5% 12,006 34.5% 8.8% 

Missing 4,543 18.5% 6.6% 5,556 18.1% 7.4% 6,309 18.1% 7.4% 

Preinjury weekly wage categories  

Less than $500 8,017 32.7% 6.9% 9,635 31.4% 7.6% 10,660 30.7% 8.2% 

$500 to $749 6,534 26.6% 7.5% 8,035 26.1% 8.4% 9,043 26.0% 8.8% 

$750 to $1,000 4,070 16.6% 7.6% 5,324 17.3% 7.7% 6,012 17.3% 8.6% 

Over $1,000 5,899 24.1% 8.4% 7,735 25.2% 8.6% 9,048 26.0% 8.2% 

Indemnity payment categories  

None 6,638 27.1% 8.9% 5,457 17.8% 10.6% 4,923 14.2% 11.1% 

$1 to $4,999 12,699 51.8% 6.5% 10,367 33.7% 4.8% 9,563 27.5% 4.3% 

$5,000 to $9,999 4,543 18.5% 8.3% 8,218 26.7% 9.0% 7,842 22.6% 7.6% 

$10,000 to $19,999 625 2.5% 8.2% 5,850 19.0% 9.9% 8,644 24.9% 10.7% 

$20,000 and over 15 0.1% 13.3% 837 2.7% 10.5% 3,791 10.9% 12.0% 

Industry/occupation categories           

Agriculture, forestry, and 
fishing 498 2.0% 6.8% 632 2.1% 9.0% 693 2.0% 8.4% 

Clerical and professional 2,508 10.2% 6.1% 3,208 10.4% 6.9% 3,609 10.4% 7.7% 

Construction 2,898 11.8% 9.6% 3,710 12.1% 9.5% 4,143 11.9% 10.6% 

Health care and social 
assistance 1,416 5.8% 8.1% 1,725 5.6% 8.8% 2,009 5.8% 9.1% 

Manufacturing 4,337 17.7% 7.3% 5,285 17.2% 7.8% 6,054 17.4% 7.9% 

Mining (including oil and gas) 98 0.4% 10.2% 114 0.4% 10.5% 139 0.4% 9.4% 

Public safety 305 1.2% 6.2% 384 1.2% 6.8% 442 1.3% 8.4% 

Restaurants and 
entertainment 1,218 5.0% 5.7% 1,470 4.8% 6.4% 1,614 4.6% 7.4% 

Services (except public safety) 2,990 12.2% 7.3% 3,710 12.1% 8.1% 4,234 12.2% 8.3% 

Transportation, warehousing, 
and utilities 3,628 14.8% 7.3% 4,713 15.3% 7.7% 5,472 15.7% 7.6% 

Unknown 131 0.5% 9.2% 174 0.6% 11.5% 190 0.5% 11.6% 

Wholesale and retail trade 4,493 18.3% 8.0% 5,604 18.2% 8.4% 6,164 17.7% 8.6% 

      continued
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Table SA.4  Descriptive Statistics of Worker, Injury, and Industry Characteristics for 30-, 60-, and 90-Day Training Samples  
                          (continued) 

Variable 

30-Day Sample 60-Day Sample 90-Day Sample 

Count % 
% with 

Longer-Term 
Opioids 

Count % 
% with 

Longer-Term 
Opioids 

Count % 
% with 

Longer-Term 
Opioids 

Injury type categories             

Fractures, lower extremity 2,386 9.7% 7.2% 2,615 8.5% 7.8% 2,658 7.6% 8.6% 

Fractures, upper extremity 2,796 11.4% 4.6% 3,061 10.0% 4.4% 3,105 8.9% 4.2% 

Hand lacerations 900 3.7% 2.2% 922 3.0% 2.2% 928 2.7% 2.2% 

Inflammations 677 2.8% 7.4% 1,394 4.5% 9.0% 2,202 6.3% 8.5% 

Knee derangements 295 1.2% 4.4% 999 3.3% 3.2% 1,653 4.8% 4.2% 

Lacerations and contusions 2,391 9.8% 6.7% 2,416 7.9% 7.3% 2,289 6.6% 6.5% 

Neurologic spine pain 1,455 5.9% 16.4% 2,287 7.4% 18.0% 2,970 8.5% 19.5% 

Other 3,941 16.1% 6.5% 4,713 15.3% 6.4% 5,146 14.8% 6.7% 

Other sprains and strains 5,259 21.4% 7.4% 7,102 23.1% 7.6% 8,104 23.3% 8.1% 

Skin 666 2.7% 2.3% 707 2.3% 3.8% 744 2.1% 4.2% 

Spine (back and neck) sprains, 
strains, and non-specific pain 3,645 14.9% 11.1% 4,306 14.0% 11.5% 4,577 13.2% 11.2% 

Upper extremity neurologic 109 0.4% 4.6% 207 0.7% 4.4% 387 1.1% 5.4% 

Likelihood of surgery             

0 to 24% 4,071 16.6% 11.1% 5,150 16.8% 12.0% 5,891 16.9% 12.0% 

25 to 49% 11,351 46.3% 7.4% 12,952 42.1% 8.2% 14,271 41.1% 9.0% 

50 to 74% 8,773 35.8% 6.3% 11,614 37.8% 6.6% 12,683 36.5% 6.7% 

75% and greater 325 1.3% 2.5% 1,013 3.3% 3.5% 1,918 5.5% 4.7% 

Location characteristics             

Residence type categories 

Urban area 21,402 87.3% 7.5% 26,744 87.0% 8.1% 30,278 87.1% 8.3% 

Rural area 2,386 9.7% 7.9% 3,059 10.0% 7.9% 3,457 9.9% 9.3% 

Very rural area 732 3.0% 7.5% 926 3.0% 7.3% 1,028 3.0% 8.5% 

Percentage without health insurance 

0 to 9% 7,599 31.0% 6.5% 9,926 32.3% 6.9% 11,587 33.3% 7.2% 

10 to 14% 8,087 33.0% 7.0% 10,011 32.6% 8.0% 11,117 32.0% 8.0% 

15 to 19% 4,825 19.7% 8.4% 6,032 19.6% 9.1% 6,768 19.5% 9.2% 

20% and greater 4,009 16.3% 9.6% 4,760 15.5% 9.6% 5,291 15.2% 10.9% 

Notes: Workers with more than seven days of lost time with work-related injuries in 2016 who had opioid prescriptions filled within 30, 60, and 90 
days after the injury and paid under workers' compensation. Longer-term opioid dispensing was identified based on prescriptions filled within one 
year after the injury. See details on page 15.  
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