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Abstract

Background and aims—Several reports have documented risk factors for opioid use following 

treatment discharge, yet few have assessed sex differences, and no study has assessed risk using 

contemporary machine learning approaches. The goal of the present paper was to inform 

treatments for opioid use disorder (OUD) by exploring individual factors for each sex that are 

most strongly associated with opioid use following treatment.

Design—Secondary analysis of Global Appraisal of Individual Needs (GAIN) database with 

follow-ups at 3, 6 and 12 months post-OUD treatment discharge, exploring demographic, 

psychological and behavioral variables that predict post-treatment opioid use.

Setting—One hundred and thity-seven treatment sites across the United States.
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Participants—Adolescents (26.9%), young adults (40.8%) and adults (32.3%) in treatment for 

OUD. The sample (n = 1,126) was 54.9% male, 66.1% white, 20% Hispanic, 9.8% multi-race/

ethnicity, 2.8% African American and 1.3% other.

Measurement—Primary outcome was latency to opioid use over 1 year following treatment 

admission.

Results—For women, regularized Cox regression indicated that greater withdrawal symptoms 

[hazard ratio (HR) = 1.31], younger age (HR = 0.88), prior substance use disorder (SUD) 

treatment (HR = 1.11) and treatment resistance (HR = 1.11) presented the largest hazard for post-

treatment opioid use, while a random survival forest identified and ranked substance use problems 

[variable importance (VI) = 0.007], criminal justice involvement (VI = 0.006), younger age (VI = 

0.005) and greater withdrawal symptoms (VI = 0.004) as the greatest risk factors. For men, Cox 

regression indicated greater conduct disorder symptoms (HR = 1.34), younger age (HR = 0.76) 

and multiple SUDs (HR = 1.27) were most strongly associated with post-treatment opioid use, 

while a random survival forests ranked younger age (VI = 0.023), greater conduct disorder 

symptoms (VI = 0.010), having multiple substance use disorders (VI = 0.010) and criminal justice 

involvement (VI = 0.006) as the greatest risk factors.

Conclusion—Risk factors for relapse to opioid use following opioid use disorder treatment 

appear to be, for women, greater substance use problems and withdrawal symptoms and, for men, 

younger age and histories of conduct disorder and multiple substance use disorder.
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INTRODUCTION

Opioid use, defined as use of heroin or prescription opioids, exacts a prodigious personal 

and societal burden across the globe [1]. In the United States alone, more than 40 000 

opioid-related deaths were reported in 2017, with an annual domestic economic burden of 

nearly $80 billion in costs, including treatment, loss of productivity and criminal justice 

involvement [2,3]. While many individuals with opioid use disorder (OUD) access 

treatment, achieving and sustaining opioid abstinence remains a persistent challenge, even 

among those with considerable treatment experience and high motivation to recover [4]. 

Prior work has suggested that severity of OUD diagnosis [5,6], coping styles [7] and 

characteristics of individuals’ social networks are key predictors of post-treatment return to 

use [8–10] while, conversely, a handful of studies have failed to identify risk factors [11,12]. 

Identifying factors that may heighten risk for opioid use following treatment remains a top 

research priority.

Numerous sex differences have been observed in the antecedents of OUD and its sequelae. 

For instance, women are more likely to have experienced childhood sexual abuse, while men 

are more likely to have experienced physical abuse [13]. Additionally, women are more 

likely than men to report familial and social problems related to their opioid use [14,15]. 

Women also appear to have substantially greater functional impairment as a result of OUD 

[14,16,17] and progress faster than men from the onset of opioid use to diagnosable OUD 
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[16,18,19]. This faster progression may be attributable to the fact that women who use or 

misuse opioids are more likely to have co-occurring psychiatric disorders than men, with 

mood and anxiety disorders being especially prominent [14,15,20–22]. In terms of treatment 

outcomes, results are mixed among men and women [23–25]. For example, in a clinical trial 

for adults with opioid dependence, no sex differences were observed in terms of opioid use 

outcomes; however, women reported greater functional impairment, greater psychiatric 

severity, and were more likely to endorse opioid use to cope with negative affect [24]. 

Further, in one of the only studies investigating treatment effects among adolescents and 

young adults, results indicated differential effects of treatment by age and sex [25].

To date, few studies have considered sex differences in risk factors for post-treatment opioid 

use, and existing studies have several key limitations. First, prior research has primarily been 

conducted on small samples of individuals receiving OUD medications, which limits (a) 

statistical power to detect relevant predictors of post-treatment opioid use and (b) 

generalizability to the population of people seeking various forms of treatment for OUD. 

Secondly, research on this topic has typically tested a small number of predictors, which 

limits our ability to understand which factors convey the most relative risk. Thirdly, to our 

knowledge, no study has applied machine learning methods to concurrently test a large set 

of predictors to identify which contribute most to return to opioid use. These methods permit 

the generation of models that can be used to understand an individual patient’s risk for 

returning to opioid use as a function of multiple, specific, risk factors.

To address these gaps, the current study sought to identify the factors most predictive of 

post-treatment opioid use for both women and men, using a combination of regularized Cox 

regression and decision tree machine learning methods. Machine learning approaches learn 

from, and model, large data sets with a large number of predictors. Machine learning 

approaches can also determine rank order of importance in predictors in explaining an 

outcome, predict who is most at risk for the outcome of interest, and model complex 

interactions between predictors and outcomes [26,27]. Further, machine learning ‘decision 

trees’ output the most important predictors for an outcome, making results easy to interpret 

and apply in clinical contexts. Given the large number of variables explored in this study, 

and the mixed literature to date identifying sex differences among risk factors for return to 

opioid use, we did not begin with any a priori hypotheses. Rather, we took an inductive, 

exploratory approach to drive future hypothesis-driven research exploring potential 

moderators and mediators of OUD treatment outcomes.

METHODS

Design

This was a secondary analysis of the Global Appraisal of Individual Need (GAIN) data set 

[28], which includes individuals aged ≥ 12 in outpatient treatment for OUD. We utilized Cox 

regression and random survival forests machine learning models to identify demographic, 

psychological and behavioral measures predicting latency of return to opioid use following 

treatment. Analyses were not pre-registered and results of this study should be considered 

exploratory.
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Participants and procedures

The study sample included all individuals (n = 1,126) entering treatment for OUD between 

2002 and 2013 (4.25% of the entire data set). GAIN data were obtained from 137 sites with 

funding from the Center for Substance Abuse Treatment Substance Abuse and Mental 

Health Services Administration (SAMHSA) block grants to improve and expand existing 

substance use treatment services and support the adoption of evidence-based treatments [28]. 

Each individual completed a baseline assessment at treatment entry, received treatment (with 

behavioral treatment type varying by site) and completed follow-up assessments at 3, 6 and 

12 months. On average, participants were in treatment for 45 days [standard deviation (SD) 

= 70.0].

Measures

Dependent variable (opioid use)—Number of days to first opioid use episode (either 

opioids such as herion or prescription opioids taken without a prescription or taking more 

than prescribed) following treatment was assessed using participants’ retrospective self-

report at follow-up assessments. Specifically, if participants used opioids over a follow-up 

period, they were asked to indicate how many days since their last assessment had passed 

before opioid use. Participants responded with a value from 0 (indicating they used that very 

day) to 90 or more (indicating that they did not use at all during the follow-up period). Data 

were combined across follow-up periods to create a single variable that indicates the day 

each participant reported using opioids. Thus, lower values indicate a more rapid return to 

opioid use. This event variable allowed us to model survival functions for every day in the 

year following treatment entry.

Independent variables (risk factors)—The grouping variable was participant self-

reported sex. To retain nuance, we used ordinal versions of our predictor variables (where 

available) that were provided by the GAIN coordinating center. In the GAIN data set, 

variables are categorized as ‘low’, ‘moderate’ and ‘high’ based on the distribution of the 

variable and normative data collected within age groups. Age groups in the GAIN data set 

are defined as 12–17 (adolescence), 18–25 (young adulthood) and 26+ (adult). Diagnostic 

and Statistical Manual of Mental Disorder IV (DSM-IV) diagnostic criteria [29] are used for 

all disorder-specific assessments, with severity categorized as follows: low (below diagnostic 

criteria), moderate (above diagnostic criteria to moderate; e.g. mild OUD) and high 

(sufficient for high severity; e.g. moderate to high OUD). Normally distributed variables are 

split as follows: low (bottom 50%), moderate (next 40%) and high (top 10%). Zero saturated 

or right-skewed variables are split as follows: low (=0), and moderate to high (=1; based on 

the median split of 1 + the distribution). Table 1 shows each item/measure with a short 

description, proportion of participants in each category and percentage missing.

Analytical plan

We utilized regularized Cox regression and random survival forests [26] to identify 

predictors of return to opioid use. Regularized Cox regression produces the relative 

magnitude of effects [i.e. hazard ratios HRs)], whereas random survival forests produce the 

rank order of importance (i.e. how much each predictor improves model fit). Utilizing both 
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of these methods allowed us to compare how traditional regression performs against a newer 

machine learning approach, and how these two sets of results can provide a more nuanced 

picture of opioid use following treatment discharge.

First, regularized Cox regression was used to identify the basic linear associations of 

variables with return to use. Specifically, the regularization method least absolute shrinkage 

and selection operator (LASSO) was implemented [30]. Here, variables which do not 

provide significant prediction of the outcome are penalized, limiting results to only variables 

with statistical non-zero estimated effects. We implemented an elastic net method to select 

between the two extremes of regularized regression, LASSO and ridge regression, which 

focuses on shrinking estimated effects without performing variable selection [31,32]. This 

method, however, produces biased estimates of coefficients in implementing shrinkage 

factors to winnow the covariate pool [33]. These estimates should be identified as starting-

points in future studies, informing direction and relative impact versus other predictors. This 

process reduces overfitting of the model, leaving only variables that are related to our 

survival probability.

Following regularized regression, a random survival forest method was implemented to 

identify and rank order important variables [34]. The random forest design randomly 

samples cases from the data for each decision tree and at each decision node a random 

subset of variables is tested to segment the data [35]. Then, using a random survival forests 

framework, segmented variables are compared using the log-rank method, where more 

impactful variables (i.e. those with larger log-rank values) are selected more frequently [36]. 

Using R packages glmnet and randomForestSRC [34,37], our methods for assessing random 

forests included: (1) variable importance (VI) and (2) depth threshold. The VI metric 

identifies a forest’s predicted survival accuracy when each variable was randomly shuffled 

across trees. The more impactful a variable is through all trees in the forest, the higher the 

relative VI value associated with that variable compared to others. Depth threshold is 

calculated as the distance from root node, where smaller values indicate variables found 

closer to the beginning of the segmenting process. Variables which are only impactful 

further from the top of a particular tree have a smaller impact on the overall model (i.e. 

fewer rows of data are segmented and influenced by these variables). These calculations are 

used in combination to identify impactful and relevant variables within a random forest 

solution.

Missing data

Variables with more than 75% available data were first sorted by level of care (inpatient, 

outpatient, intensive outpatient), sex, race and age. Then, the 10 cases before and after each 

missing value were used to compute the mode for imputing a value [38].

RESULTS

The sample, on average, was aged 24.5 (SD = 9.67) years; 26.9% were 12–17, 40.8% were 

18–25 and 32.3% were 26+. Slightly more than 45% of participants were women (n = 508). 

More than two-thirds (66.1%) of participants identified as white (n = 744), with 20% (n = 

225) identifying as Hispanic, 9.8% (n = 110) as multi-race/ethnicity, 2.8% (n = 32) as 

Davis et al. Page 5

Addiction. Author manuscript; available in PMC 2022 August 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



African American and 1.3% (n = 15) as other. Approximately half of participants—55.1% of 

women and 51.5% of men—had an opioid use episode during the 1-year observation 

window. See Table 1 for more information.

The overall plots in Fig. 1 indicate similar survival rates over time between women and men. 

This is further supported by testing the between group effect within the Cox framework 

[hazard ratio (HR) = 1.08, 95% confidence interval (CI) = 0.92, 1.2 7]. The median number 

of days to opioid use following treatment was 64 days for women and 60 days for men.

Regularized Cox regression

Elastic net models were built separately for women and men. For each sample, 10-fold 

cross-validation samples were identified and used to select both the shrinkage factor (λ) and 

mixture of ridge/LASSO (α). The shrinkage factor reduces the impact of each covariate in 

the model. Selection of a ridge versus LASSO model identifies the degree to which variable 

selection occurs in order to drop variables that are not influential in predicting survival.

For the women-only model (Fig. 2, bottom) the tuning stage showed a pure LASSO method 

(α =1) and associated minimum shrinkage value (λ = 0.042). A 10-fold cross-validation 

sample was used to produce tuning specifics for the group, where α = 1, and the minimum 

shrinkage value was λ = 0.03 7. For women, the following variables remained significant in 

predicting survival (highest to lowest): withdrawal symptoms (HR = 1.31; high versus low), 

age group (HR = 0.88; 26+ versus 12–17), prior substance use disorder treatment (HR = 

1.11; yes versus no), treatment resistance (HR = 1.11; high versus low), depression (HR = 

1.10; high versus low), conduct disorder symptoms (HR = 1.05; high versus low), post-

traumatic stress disorder (PTSD) diagnosis (HR = 1.03; yes versus no), victimization (HR = 

0.98; high versus low) and criminal justice involvement (HR = 0.87; high versus low). Days 

of substance use at baseline was also retained but not included here, as it was included in 

modeling to control for baseline behavior.

Based on this selected tuning, four variables were retained for the men-only model (Fig. 2, 

top). HRs for return to opioid use for the Cox regression models indicated (from highest to 

lowest): conduct disorder symptoms (HR = 1.34; high versus low), age (HR = 0.76; 26+ 

versus 12–17), multiple substance use disorders (HR = 1.27; yes versus no) and substance 

use problems (HR = 1.02; high versus low).

Random survival forests

Random survival forests were then fitted for both women and men separately. As with 

regularized Cox regression models, a tuning process was first undertaken to identify 

hyperparameters for fitting a random forest; we varied the number of trees estimated, the 

minimum number of people per node and how many variables were randomly selected at 

each node. For both men and women, stability in out-of-bag error rates was observed after a 

minimum of 250 trees was imposed.

For women, a minimum terminal node of 15 individuals and a random subset of five 

variables were selected for each node with 900 trees. The random forest prediction error rate 

from out-of-bag cases was 43.2% (accuracy = 56.8%), a minor improvement over the 
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observed base rate of relapse. In other words, the sample relapse probability was found to be 

slightly less accurate than using predicted relapse probabilities generated from the random 

survival forest.

For men, minimum terminal node of 25 individuals and a random subset of seven variables 

were selected for each node with 700 trees. The final random forest had an error rate from 

out-of-bag cases of 37.7% (accuracy = 62.3%), improving on the overall rate of relapse 

observed in the sample of men. Put another way, using the sample relapse probability would 

yield less accurate relapse predictions versus predictions presented with the random survival 

forest.

The sex-specific random forests were then aggregated to identify the rank order of variable 

importance in classifying and predicting relapse hazards by sex. In the women-specific 

model (see Fig. 2, bottom) the top predictors of opioid use following treatment were, in 

order: substance use problems (VI = 0.007), criminal justice involvement (VI = 0.006), age 

(VI = 0.005), withdrawal symptoms (VI = 0.004), conduct disorder symptoms (VI = 0.003), 

unemployment (VI = 0.002), depression symptoms (VI = 0.002) and PTSD symptoms (VI = 

0.002). In addition to rank order of importance, variables that had the lowest (to highest) 

depth (threshold = 4.39; i.e. those variables that emerged at the top of our trees, thus 

imposing more influence in splitting the data) were: age, substance use problems, 

withdrawal symptoms, criminal justice involvement, depression and treatment resistance.

For men (see Fig. 2b, right) the top predictors of return to opioid use following treatment 

were, in order: age (VI = 0.023), conduct disorder symptoms (VI = 0.010), presence of 

multiple substance use disorders (VI = 0.010), criminal justice involvement (VI = 0.006), 

substance use problems (VI = 0.005) and withdrawal symptoms (VI = 0.002). In addition to 

rank order of importance, variables that had the lowest (to highest) depth (threshold = 4.61) 

were: age, conduct disorder symptoms, multiple substance use disorder diagnoses, criminal 

justice involvement and substance use problems.

Separately, an analysis of random survival forest interactions between variables was 

performed on the five most influential variables for each sex. This tests model error when 

the pair of variables is randomly versus individually perturbed [39]. As shown in Supporting 

information, Table S1, there are no paired combinations where there are significantly large 

values in either direction, meaning no interactions were detected.

As a visual example of how results of our models could be applied by clinicians to 

understand individual patient risk, we present prototypical plots of combinations for rank-

ordered predictors of return to opioid use for both women and men (Fig. 3a,b), which show 

how identified risk factors dynamically interact to influence return to opioid use.

DISCUSSION

In light of the current OUD crisis, it is critical to identify individual factors that portend 

post-treatment opioid use in order to inform tailored treatments to buffer individuals against 

OUD relapse. Although a number of studies have assessed predictors of opioid use 

following treatment [7,40] few have investigated sex differences, and much of this research 
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has utilized traditional linear regression methods with a circumscribed number of predictors 

[41–43]. To address this gap, we compared the valence of a large set of demographic, 

psychological and behavioral predictors on post-treatment opioid use using regularized Cox 

regression with LASSO, as well as rank order of importance using random survival forest 

models, with special consideration given to sex as a grouping variable. Overall, results from 

the current study indicate convergent and unique results across participant sex and across 

models.

Across participant sex, younger women and younger men had a higher risk of return to 

opioid use compared to older women and older men; however, based on HR size, age 

appeared to confer more risk for men. Previous work has shown that age is a key risk factor 

for substance use disorder relapse when sex is taken into consideration [44,45]. This may be 

because adolescents and young adults are less inclined to see their substance use as 

problematic, and/or a poor fit of traditional addiction treatment approaches [25] and limited 

availability of developmentally appropriate recovery supports. Other work has noted that 

motives for opioid use change over the life-course. For instance, youth are more likely to 

endorse substance-effect-related motives (e.g. to get high) [46,47], while pain motives for 

prescription opioid misuse increases with age [48]. The present findings suggest that youth 

is an important risk factor for both women and men, but this individual factor should be 

given more weight in treatment planning for men.

Conduct disorder symptoms were also a risk factor for both men and women in regularized 

Cox regression models, but appeared to confer an approximately 30% higher risk for men. 

This observation builds upon previous work linking conduct disorder to substance use 

disorder [49,50] and shows that, in addition to being more common in men [51], conduct 

disorder also confers more risk for return to opioid use following treatment. For example, 

prior studies have reported that men with OUD, compared to women, have more arrests and 

externalizing problems, spend a larger amount of time in jail and are more likely to be on 

parole [52].

Several unique risk factors were identified for men in regularized Cox regression models. 

Results revealed that men reporting the presence of multiple substance use disorders and 

more substance use problems had the greatest hazard for post-treatment opioid use. Others 

have suggested that men with OUD, compared to women, are more likely to report multiple 

substance use disorder, especially among men who report psychological health problems 

[22].

Women’s greatest risk factor for return to opioid use was withdrawal symptoms. This should 

be interpreted in conjunction with the other identified unique factors, including treatment 

resistance, greater prior treatment experience and PTSD diagnosis. While proper medical 

management of opioid withdrawal is always important in the context of OUD treatment, 

these results suggest that withdrawal may be particularly important to address to prevent 

OUD relapse in women. In contrast, whereas withdrawal symptoms did not emerge as a 

unique predictor for men. One potential explanation is the way in which withdrawal was 

measured. Prior work has noted greater heterogeneity in the association between withdrawal 

and return to opioid use when withdrawal is assessed using fear of withdrawal and craving 
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components [53]. It is possible that men are more attuned to the psychological effects of 

withdrawal (fear and craving), whereas women are more attuned to withdrawal’s 

physiological effects.

One of the more compelling aspects of the current study is the convergent and divergent 

findings across the LASSO and random forest models. While contradictory results are 

typically viewed as problematic, results from the current study represent an opportunity to 

harness the strengths of distinct analytic approaches to begin to form a consensus about 

individual factors that contribute most to post-treatment opioid use. Notably, for women, the 

most important variable from the LASSO model—substance use problems—was not a 

significant predictor of opioid use in the random forest model. Further, the largest effect 

(withdrawal symptoms) landed fourth on the variables of importance list, behind age and 

criminal justice involvement. This does not necessarily indicate that one model is less 

accurate or provides more confidence than the other. On the contrary, these results reflect the 

complexity of determining risk for post-treatment opioid use, and future research would 

benefit from including multiple methods to explore both valence and importance of effects. 

For example, one of the more clinically useful aspects of random forest models is the ability 

to visualize prototypical survival curves using available data inputs. Figure 3 plots opioid 

abstinence survival by sex using three indices found to robustly predict earlier return to 

opioid use for women (age, criminal justice involvement and withdrawal) and men (age, 

conduct disorder, multiple substance use disorders). A logical extension of these models 

would be the development of algorithms that can generate an index of real-time risk for 

relapse for patients receiving treatment for OUD that leverages data derived from standard 

clinical measures administered through the course of OUD care.

Strengths and limitations

This study has several notable strengths, including its use of a machine learning approach 

that simultaneously tested multiple relevant variables. In addition, we tested variables’ 

multiple levels of analysis, including various aspects of participants’ social ecology. 

However, findings from this study should be interpreted in light of its limitations. First, 

while prior work has noted that self-report data on substance use concurs with results from 

biological data [54], participant recall bias and social desirability may influence self-

reported data. Secondly, while our modeling approach included a large number of variables, 

we were unable to include several potentially relevant higher-level predictors, such as 

treatment site-specific risk, utilization of OUD medications, neighborhood risk, level of care 

(majority of participants were in an outpatient facility) and policy-level predictors. Future 

research may wish to include these factors in a machine learning context to determine if they 

emerge as important predictors over and above individual-level risk. Finally, our modeling 

approach is exploratory and does not infer causality. Future work should replicate findings 

using a priori confirmatory modeling approaches.

CONCLUSION

Converging evidence from the two modeling approaches utilized in this study suggests that 

for women, greater withdrawal, depression, conduct disorder symptoms, PTSD diagnosis 
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and younger age appear to confer the most risk. For men, younger age, greater conduct 

disorder symptoms, multiple substance use disorders (SUDs), greater substance use-related 

problems and possibly criminal justice system involvement are the greatest risk factors for 

opioid use following OUD treatment. It is particularly notable that for men, risk loads much 

more heavily on substance use problem severity and personality factors, whereas for women, 

affective factors and comorbid psychological disorders confer the most risk, with younger 

age being a risk factor for both men and women [55]. Although further replication is needed 

to confirm the robustness of the risk indicators observed here, taken together these results 

highlight the need for tailored, sex-specific OUD treatments. Women would particularly 

benefit from treatments that aggressively address withdrawal symptoms and emphasize 

management of negative affect with appropriate medications and cognitive behavioral 

approaches. Conversely, men would probably benefit most from cognitive–behavioral and 

mutual-help interventions that directly target substance use behaviors and support 

development of prosocial behaviors. Future relapse prevention treatment research should 

explore ways to mitigate these key vulnerabilities. Ultimately, machine learning methods 

such as the one described here could be used to drive relapse risk classifier algorithms that 

can leverage patient data derived from standard survey measures delivered in the clinic to 

generate a running risk index for patients receiving treatment for OUD and other substance 

use disorders.
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Figure 1. 
Overall return to opioid use suivival curves for men and women (solid lines), with 

confidence intervals (dotted lines)
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Figure 2. 
Hazard ratios (LASSO) and rank order variable importance (random forest model) for men 

(a, top), and women (b, bottom). PTSD = post traumatic stress disorder; SUD = substance 

use disorder
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Figure 3. 
Prototypical survival curves for combinations of the top three predictors of latency of return 

to opioid use from the random forest variable importance models for men (a, top) and 

women (b, bottom). Among women, those with the quickest return to opioid use are 

adolescent/young adult women, with low levels of criminal justice involvement (this was a 

protective factor for women in our models) and at least moderate levels of withdrawal 

symptoms. Those with the lowest risk of return to use are women aged 26+ with high levels 

of criminal justice involvement and no withdrawal symptoms. For men, those with the 

Davis et al. Page 16

Addiction. Author manuscript; available in PMC 2022 August 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



quickest return to use are adolescents/young adults who endorse high levels of conduct 

disorders with fewer substance use disorder (SUD) diagnoses. For men, the group with the 

lowest risk are adults aged 26+ with low conduct disorder symptoms and multiple substance 

use disorders. These are just two examples; survival plots can be created for any 

combination of factors from the random forest models, thus providing an individualized risk 

profile for each person
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