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Abstract

Objective: To examine the health-related quality-of-life (HRQoL) of persons with opioid use
disorder (OUD) seeking treatment in an inpatient detoxification or short-term residential setting;
continuing treatment as outpatients.

Methods: We conducted a secondary analysis of data from a clinical trial (N=508) where
participants were randomized to extended-release naltrexone or buprenorphine-naloxone for the
prevention of opioid relapse. We used a generalized structural equation regression mixture model
to identify associations of HRQoL (EQ-5D) trajectories, including latent characteristics, over the
24-week trial and 36-week follow-up period, among participants who reported HRQoL beyond
baseline. This novel framework accounted for baseline and time-varying characteristics, while
simultaneously identifying latent classes.
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Results: We identified two subpopulations: HRQoL “pharmacotherapy responsive” (82.3%) and
HRQoL “characteristic sensitive” (17.7%). The pharmacotherapy responsive subpopulation was
characterized by a shortterm HRQoL improvement and then stable HRQoL over time, and by a
positive association between HRQoL and receiving pharmacotherapy in the past 30 days. The
characteristic sensitive subpopulation was characterized by an initial improvement in HRQoL with
a gradual decline over time, and no significant HRQoL response to pharmacotherapy. HRQoL
changes over time in this subpopulation were more influenced by baseline demographic,
socioeconomic, and psychosocial characteristics.

Conclusion: Our findings suggest that while HRQoL may be improved and sustained through
targeted efforts to promote use of pharmacotherapy for many persons with OUD, an identifiable
subpopulation may require additional services that address socioeconomic and psychosocial issues
to achieve HRQoL benefits. Our analysis provides insight for improving individualized care for
persons with opioid use disorder seeking treatment.

Keywords

Health-Related Quality-of-life; Opioid Use Disorder; Medications for Opioid Use Disorder;
Regression Mixture Modeling; Latent Class Analysis

Introduction

Measuring health-related quality of life (HRQoL) represents an opportunity to consider
outcomes of opioid use disorder (OUD) treatment that are more person-centered and more
relevant to overall health than abstinence alone (Bray et al., 2017). Characterizing
subpopulations of persons with OUD can also provide useful insights for developing person-
centered approaches to care (Muthén and Muthén, 2000). Recent studies analyzing HRQoL
of persons with OUD have utilized latent class, finite or growth mixture models, to identify
unobserved subpopulations (i.e., latent classes) whose HRQoL varies over time (De Maeyer
etal., 2013; Krebs et al, 2016; Nosyk et al., 2011). These statistical models can also capture
variable responses to treatment and evolution of health outcomes in clinical trials (Nagin and
Odgers, 2010; Kim et al., 2016). Yet few HRQoL studies of this type have been conducted
using data from comparative clinical trials of evidence-based pharmacotherapies for OUD
(Nosyk et al., 2011), and, in general, OUD treatment program evaluations rarely collect
HRQoL measures even though collecting these measures is encouraged (Bray et al., 2017;
Jalali et al., 2020; Murphy and Polsky, 2016).

The NIDA Clinical Trials Network CTN-0051 (X:BOT) trial was a US-based, 8-site, two-
arm, open-label, randomized effectiveness trial that compared extended-release naltrexone
(XR-NTX) to buprenorphine-naloxone (BUP-NX) for the treatment of OUD over 24 weeks
in participants recruited from inpatient or short-term residential OUD treatment programs
(Lee et al., 2016; Lee et al., 2018). The opioid relapse rate was significantly higher in the
XR-NTX arm among the intent-to-treat sample with this higher relapse rate accounted for by
those who failed to initiate treatment. The two pharmacotherapies were equally safe and
effective for participants who successfully initiated their assigned medication; i.e., the per-
protocol sample (Lee et al., 2018).
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Average quality-adjusted life-years (QALY's) gained did not differ significantly between
treatment arms among either the intent-to-treat or the per-protocol sample (Murphy et al.,
2019). The QALY is a longitudinal measure of effectiveness that combines a person’s
HRQoL at a given point in time with the amount of time spent in that health-state
(Drummond et al., 2015; Neumann et al., 2017). Despite the lack of a significant difference
in average QALY gained between study arms, questions persist regarding the factors that
influenced HRQoL over time among persons seeking or receiving treatment for OUD, and
the responsiveness of HRQoL to pharmacotherapy for OUD (Wittenberg et al., 2016). We
analyzed self-reported HRQoL data from the X:BOT trial using an innovative latent class
analysis to identify clinically relevant characteristics of HRQoL improvement.

Methods

2.1 Measures

The outcome measure of interest in our analysis was time-varying HRQoL among all
X:BOT participants who were randomized to either XR-NTX or BUP-NX for prevention of
OUD relapse (Lee et al., 2016; Lee et al., 2018; Murphy et al., 2019). HRQoL was assessed
monthly over the 24-week intervention period, and at the 28- and 36-week follow-up visits
using the EuroQol-5D (EQ-5D)-3L, a widely-used, generic, preference-based instrument
that measures HRQoL across 5 domains (mobility, self-care, usual activities, pain/
discomfort, and anxiety/depression) according to 3 levels: no problems, some problems, and
extreme problems (Dolan, 1997; EuroQol, 2017; Richardson et al., 2014; The EuroQol
Group, 1990). The participant’s scores from each domain are then mapped to a single health
utility index value that represents the general population’s preference for the respondent’s
current health state. The EQ-5D-3L health-utility value can range from —0.594 to 1, where 0
represents death, 1 represents perfect health, and values below 0 represent states perceived to
be worse than death (a single observation in this study). The Weill Cornell Medical College
institutional review board (IRB) approved this health economic analysis; all sites obtained
local IRB-approval.

Time-varying indicators of HRQoL included shape parameters of class trajectories (constant,
linear trend, and quadratic terms), the pharmacotherapy received for OUD in the past 30
days (XR-NTX, BUP-NX, or none; observed monthly), and binary variables indicating the
participant’s baseline self-reported preference for the pharmacotherapy that was received in

the past 30 days, operationalized as “preferred”, “indifferent”, or “not preferred”. The
pharmacotherapy variables were derived from study case report forms and self-report.

Time-invariant variables included the participant’s baseline HRQoL; demographic,
socioeconomic, and psychosocial characteristics; history of intravenous drug use; treatment
site fixed effects; and baseline motivation for treatment, measured from 1 to 4 with greater
values indicating greater motivation based on a motivation and preference survey instrument
used in the X:BOT trial (Lee et al., 2016). Composite measures from the Addiction Severity
Index (ASI) comprising baseline medical, employment, alcohol, drug, legal, social, and
psychiatric problems, ranging from 0 to 1, were also included in the model, with higher
values indicating greater severity (McLellan et al., 1992).
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2.2 Statistical Analysis

We identified the number of unobserved latent classes (subpopulations of HRQoL
developmental trajectories) among participants offered medication in the X:BOT trial, and
estimated the heterogenous associations of time-varying and baseline variables on HRQoL
using maximum likelihood estimation in a generalized structural equation regression mixture
model (GSE-RM) (Kim et al., 2016). GSE-RM allows for a data-driven approach to identify
how an outcome variable evolves over time, given a finite number of classes, by estimating
the probability of class assignment and determinants of the outcome variable of interest, by
class, simultaneously. In such statistical models, the probability of belonging to a class is
continuous instead of discrete. Therefore, participants do not belong to a particular class, but
are rather fractional members assigned an estimated probability of membership at each time
point. This approach has the advantage of retaining the maximum degrees of freedom in the
regressions as opposed to an approach where participants are classified according to time-
invariant characteristics prior to sub-regressions being conducted among those classes,
sometimes referred to as a “classify-then-analyze” approach (Kamata et al. 2018), that was
previously used to evaluate opioid use trajectories among X:BOT trial participants (Ruglass
etal., 2019).

The most appropriate mean and variance functions for the GSE-RM were chosen according
to established recommendations, and our model accounted for the upper bound of HRQoL
index at 1 using censored regression (Glick et al., 2014). Participants with only baseline
HRQoL responses available were not included in the model since we were interested in
HRQoL trajectories. Our previous work indicated that HRQoL was missing at random
(Murphy et al., 2019); therefore, inverse probability weighting was applied to address
missing values. Standard errors were clustered at the participant level to account for within-
subject correlation across time (Cameron & Miller, 2015). Statistical significance was
assessed at the standard 5% level.

No standardized procedure of identifying the optimal number of latent classes in a
regression mixture model has been proposed (Nylund et al., 2007); therefore, we developed
a decision algorithm synthesized from approaches reported in recently published studies that
conducted latent class analyses of HRQoL and patterns of drug use among similar
populations (Larance et al., 2014; Dowsey et al., 2015; De Maeyer et al., 2013; Green et al.,
2010; Krebs et al., 2011; Nosyk et al., 2011). Details on the selection algorithm can be found
in the online supplement, but are briefly described here. Combinations of both the number of
latent classes and shape parameters of HRQoL trajectories in GSE-RM models were
assessed using parsimony indices; i.e., Akaike’s information criteria (AIC), Bayes
information criteria (BIC), Bozdogan’s consistent AIC (CAIC), and the sample-size-
adjusted BIC (ABIC) (Tien et al., 2013). The posterior probability of belonging to each
latent class was estimated for every observation, and the maximum probability value was
used to assign observations to a particular class. The proportion of individuals assigned to
each class was then assessed to confirm discovery of class proportion with an a priori
threshold of 5% (varied to 10% for sensitivity analysis) to ensure well-defined classes. The
quality of the chosen candidate models was then evaluated by posterior probability
diagnostics, model validity, and interpretability.
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Coefficient estimates from the chosen GSE-RM were compared, and predicted mean
HRQoL values were estimated by class and time period, using the method of recycled
predictions (Glick et al., 2014). The mean and 95% confidence range of the adjusted
predictions were plotted by class to describe trajectory patterns of HRQoL. We also
conducted a sensitivity analysis of the pharmacotherapy parameters in the model by
excluding participants who failed to initiate treatment. All analyses were performed using
Stata, version 16.1 (StataCorp, College Station, TX).

3. Results

Sixty-two participants were dropped from the intent-to-treat sample due to nonresponse on
their HRQoL beyond baseline, the primary measure of interest, resulting in a final sample of
508 participants with 2,622 observations over follow-up. Of the included participants, 67%
reported 4 or more separate HRQoL assessments beyond baseline (See supplemental Table
S1). Participants excluded from the model were similar across the ASI indices except for
lower average drug problem severity. Excluded participants also reported higher initial
HRQoL values, older age, were more likely to be covered by Medicaid, were less treatment-
motivated, and were more likely to be white and female (see Supplemental Table S2).
Unadjusted average HRQoL overall and by treatment assignment for participants
successfully initiating treatment (per protocol), is plotted in Figure 1, which demonstrates
the similarity in HRQoL trajectories by treatment arm. The unadjusted means of HRQoL of
all participants who initiated treatment increased by 8.7% in month 1 compared to baseline,
increased by approximately 4.0% between months 1-3, and remained stable in months 4-6.

The quadratic regression mixture model with 2 latent classes was determined to be optimal
based on our decision algorithm (see Supplemental Figure S1 and Table S3). Two main
differences between the classes were observed. First, HRQoL over time was responsive to
pharmacotherapy (XR-NTX or BUP-NX) received in the past 30 days in one class, while no
statistically significant relationship was found in the other class. Second, HRQoL in the
class that was not responsive to pharmacotherapy was more sensitive to patient
characteristics. Therefore, we define the two classes as “pharmacotherapy responsive,” and
“characteristic responsive.”

Each participant’s maximum posterior probability was used to assign the participant to one
of the classes. According to this method, the majority of the study participants (82.3%) were
assigned to the pharmacotherapy responsive class, while the characteristic responsive class
represent a minority (17.7%) of trial participants. Table 1 displays characteristics for all
participants and by assigned class.

3.1. Class Characteristics

The overall average HRQoL over the study period was 0.857, but was higher for the
characteristic responsive class compared to the pharmacotherapy responsive class (0.894 vs
0.849, p < 0.001). The characteristic responsive class had a lower baseline HRQoL (0.723
vs. 0.789, p<0.001). On average, a greater percentage of participants reported receiving
BUP-NX than XR-NTX in the past 30 days (35.7% vs. 20.5%). Participants in the
pharmacotherapy responsive class were more likely to have received pharmacotherapy in the
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past 30 days and, conditional on receiving pharmacotherapy in the past 30 days, more likely
to have received their pharmacotherapy of choice, or to have been neutral with regard to
their medication preference. The characteristic responsive class included a higher proportion
of participants who were female, white, and married. Participants in the characteristic
responsive class also reported lower average levels of completed education and treatment
motivation at baseline compared to the pharmacotherapy responsive class, and these
participants also had more severe medical, drug, legal, and psychiatric problems according
to the ASI.

Patterns of HRQoL

Figure 2 plots the adjusted baseline HRQoL and the predicted HRQoL means over time, by
class, with 95% confidence levels based on the statistical model. We found an initial
improvement in HRQoL among both classes in the first month of treatment. The
“characteristic responsive” class is, however, predicted to have stable HRQoL over time,
while the pharmacotherapy responsive class exhibits statistically significant improvement in
HRQoL within the first three months of treatment and then stable HRQoL over time.
Predicted HRQoL values for both classes converge in the follow-up periods, which may be
partially due to decline in receipt of either BUP-NX or XR-NTX in the later observations
among all trial participants (Murphy et al., 2019).

3.3 Comparison of HRQoL Determinants

We found substantial differences between the two latent classes with regard to statistical
associations of HRQoL over the study period (Table 2). As noted above, having received
either BUP-NX or XR-NTX in the past 30 days was associated with increasing HRQoL over
time for the pharmacotherapy responsive class, while no statistically significant relationship
with HRQoL was found among those in the characteristic responsive class. Whether the
pharmacotherapy received in the past 30 days was the participant’s preferred medication at
baseline, was not associated with greater improvement of HRQoL in either class. Excluding
induction failures produced qualitatively similar results for the pharmacotherapy parameters;
that is, a statistically significant and positive association between HRQoL and
pharmacotherapy in one latent class and no statistical relationship in the other latent class.

Baseline HRQoL was found to have a positive association with HRQoL over time for both
the pharmacotherapy responsive and characteristic responsive classes. Medicaid insurance
coverage was associated with increased HRQoL over time in the characteristic responsive
class, but had a negative (albeit minor) effect on HRQoL over time in the pharmacotherapy
responsive class. Being Caucasian, married, and of younger age were all positively
associated with HRQoL over time among those in the characteristic responsive class. In
addition, we found that higher treatment motivation at baseline was negatively associated
with HRQoL over time in the characteristic responsive class.

Nearly all composite measures from the ASI were found to be associated with HRQoL in at
least one class. The psychiatric composite measure was negatively associated with HRQoL
over time in both classes, but other composite measures had a heterogenous relationship.
Medical, employment, and drug problems were all negatively associated with HRQoL over
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time in the pharmacotherapy responsive class, but not among those in the characteristic
responsive class. Greater severity in family/social problems was negatively associated with
HRQoL over time in the characteristic responsive class, but not the pharmacotherapy
responsive class.

4. Discussion

We examined trajectories and statistical associations of HRQoL among persons seeking or
receiving treatment for opioid use disorder using longitudinally-defined latent classes.
Defining latent classes using the approach employed in this study, as opposed to the more
common “classify-then-analyze” approach, has the advantage of incorporating both baseline
and time-varying factors, as well as retaining the maximum degrees of freedom in the
statistical model, thereby increasing statistical power.

The largest latent class of participants experienced improvement in HRQoL following
receipt of pharmacotherapy, had an HRQoL trajectory that increased initially, and then
stabilized over time. The other latent class represented participants whose HRQoL was not
significantly associated with pharmacotherapy, but was more heavily influenced by
demographic, socioeconomic, and psychosocial characteristics. The pharmacotherapy
responsive class consisted of a higher proportion of individuals who had recently received
pharmacotherapy, at each time point (see Table S6); combined with the small amount of
participant crossover between classes over time (16%), this finding indicates that not only is
pharmacotherapy initiation important for improved HRQoL, but also adherence. The
characteristic responsive class was at baseline significantly less motivated for treatment and
had more severe medical, drug use, legal, and psychiatric issues; increases in their HRQoL
were associated with structural and social support issues such as being married, having
Medicaid insurance, and having less sever family/social issues reported at baseline. We also
found that higher motivation at baseline was negatively associated with HRQoL over time in
the characteristic responsive class, but was not significantly associated with the HRQoL
trajectory in the pharmacotherapy responsive class.

Nosyk et al. (2011) found differences in HRQoL class characteristics among a per-protocol
sample of persons receiving either injectable diacetylmorphine or oral methadone for OUD
treatment, including gender, medical, drug use severity, and social variables such as having
stable housing (Nosyk et al., 2011). In contrast, we found psychiatric problems at baseline
and recent receipt of pharmacotherapy for OUD treatment to be associated with HRQoL
trajectories in at least one class. Discontinuation of pharmacotherapy for OUD was not
associated with HRQoL in Nosyk (2011); Krebs et al. (2016) found that pharmacotherapy
for OUD was not a factor in developmental trajectories of HRQoL, while Nosyk et al.
(2015) found that pharmacotherapy had a positive impact on HRQoL across all sub-groups.
Our results do not help to clarify these associations as we found pharmacotherapy to have a
heterogenous association on HRQoL over time.

Our unadjusted HRQoL and adjusted HRQoL trajectories by class were consistent with
HRQoL trajectories reported in Nosyk et al. (2015), which found an initial moderate
increase followed by stable or deteriorating HRQoL over time for three of the four sub-
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groups identified within their analysis. HRQoL trajectories reported in Nosyk et al. (2011)
where either consistently high, consistently low, or moderate and increasing. HRQoL
trajectories of participants included in the Nosyk et al. (2011) study were less similar to the
results reported in this study.

There are several sources of possible variation between our results and the previous studies
noted above. First, in contrast to Nosyk et al. (2011; 2015) and Krebs et al. (2016), we
statistically defined latent class and estimated model parameters simultaneously in the GSE-
RM framework. Nosyk et al. (2015) relied on sub-group selection based on treatment
modalities and not based on statistical methods of class assignment. A second difference
pertains to data sources. Krebs et al. (2016) analyzed pooled data from multiple cohort
studies of persons with OUD who had ever accessed opioid agonist therapy, and Nosyk et al.
(2015) analyzed data from two clinical trials that enrolled heroin or prescription opioid
dependent persons; our analysis is based on a single clinical trial of BUP-NX versus XR-
NTX among persons seeking treatment in an inpatient or residential setting, continuing
treatment as outpatients. Finally, we were able to take advantage of more frequently
collected HRQoL assessments over time than Nosyk et al. (2015); and more frequently
collected HRQoL assessments from a greater number of participants than Nosyk et al.
(2011) and Krebs et al. (2016).

Receipt of preferred pharmacotherapy in the past 30 days was not associated with HRQoL in
either class; however, it is possible that preferences change as the trial progresses and
participants actually begin receiving treatment. The lack of data to account for variation over
time in the preference for pharmacotherapy and other baseline measures included in our
analysis, such as motivation for treatment, is a limitation. Similarly, receipt of unobserved
addiction health services could possibly confound the treatment effect of pharmacotherapy
since adherence to pharmacotherapy is likely correlated with adherence to other services.
Other limitations include the trial length, which, if it were extended, could allow for greater
variation in developmental trajectories to be observed. In addition, trial participants were
recruited while seeking treatment in an inpatient or residential facility and their HRQoL
trajectories may not be representative of all persons with OUD who are offered
pharmacotherapy treatment outside of this setting. Our study did not address the potential
for response shift bias or “scale recalibration” in self-reported HRQoL over time (Sprangers
and Schwartz, 1999). Further work in integrating response shift in eliciting HRQoL of
participants engaged in substance use disorder treatment will allow for a better
understanding of the developmental trajectory of HRQoL among this population.

5. Conclusion

This study identified otherwise-unobserved heterogeneity in HRQoL trajectories among
participants seeking treatment for OUD in an inpatient or residential setting, continuing
treatment as outpatients. Two classes of participants were identified according to both
baseline and time-varying factors. Between-class differences in associations of HRQoL over
time included response to pharmacotherapy, and demographic, socioeconomic, and
psychosocial characteristics.
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Prior HRQoL studies of individuals receiving pharmacotherapy for OUD have employed a
“classify-then-analyze” approach, where participants are assigned to latent classes that were
determined using only baseline time-invariant characteristics, before determinants of
HRQoL are assessed by class. We used a GSE-RM framework that accounted for baseline
and time-varying characteristics, while simultaneously determining latent classes.
Additionally, we were able to account for unique baseline measures such as, treatment
motivation and preference for pharmacotherapy type.

Our findings suggest that while HRQoL can be improved and sustained through targeted
efforts to promote access and adherence to pharmacotherapy for many persons with OUD,
an identifiable subpopulation consisting of younger, less educated women, with more severe
medical, substance, and psychiatric problems may require additional services to achieve
HRQoL benefits of pharmacotherapy.

Supplementary Material
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Highlights:

. Health-Related Quality of Life (HRQoL) can be classified into two
longitudinal subpopulations.

. HRQoL may be improved through the use of pharmacotherapy for many
persons with Opioid Use Disorder.

. An identifiable minority may require additional services to achieve HRQoL
benefits of pharmacotherapy.
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Figure 1.
Mean HRQoL Overall and by Treatment Arm Stratified by Successful Initiation

HRQoL = Health Related Quality-of-life

XR-NTX = Extended-Release Naltrexone

BUP-NX = Buprenorphine-Naloxone

Notes: The plot shows unadjusted means of HRQoL at baseline and over the study period
for those participants that successfully initiated treatment (per protocol N=474) and also

stratified by pharmacotherapy randomization (XR-NTX, N=204; BUP-NX, N=270). Dashed

lines indicate the 25M and 75! percentiles. Sample sizes for each observation period are
reported in Table S4 in the supplemental appendix.
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Figure 2.
Adjusted Baseline HRQoL and Predicted Means Over Time by Latent Class

HRQoL = Health Related Quality-of-life

Notes: Initial HRQoL was adjusted for baseline variables based on class assignment in
month 1. Predicted means of HRQoL in months 1-7, and 9 are derived from the statistical
model using the method of recycled predictions.
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Participant Characteristics

Table 1.

All Characteristic responsive  Pharmacotherapy Responsive
Demographic/Clinical Characteristic n=2622 N =459 N = 2163 p-value
Average HRQoL 0.857 0.894 0.849 <0.001
Pharmacotherapy received (past 30 days)
Buprenorphine-Naloxone 35.7% 26.8% 37.7% <0.001
Extended-Release Naltrexone 20.5% 14.6% 21.7% 0.001
Preference for Received Pharmacotherapy
Preferred 16.0% 11.1% 17.0% 0.002
Not Preferred 12.2% 9.6% 12.8% 0.059
Neutral 28.0% 20.7% 29.6% <0.001
Baseline Variables
Intravenous Drug Use 63.3% 60.1% 64.0% 0.120
Average Age (years) 345 34.6 34.4 0.755
Female 31.3% 37.5% 30.0% 0.002
White Race 75.3% 82.8% 73.7% 0.000
Medicaid 48.9% 47.1% 49.3% 0.377
High School Education 79.1% 73.2% 80.3% 0.001
Married 9.5% 16.3% 8.0% <0.001
Initial HRQoL Value 0.777 0.723 0.789 <0.001
Motivation Index 3.64 3.47 3.67 <0.001
Baseline Addiction Severity Index Measures
Medical 0.176 0.226 0.165 <0.001
Employment 0.672 0.670 0.672 0.917
Alcohol 0.105 0.096 0.107 0.370
Drug 0.308 0.325 0.305 <0.001
Legal 0.182 0.208 0.176 0.004
Family/Social 0.425 0.431 0.424 0.719
Psychiatric 0.299 0.394 0.279 <0.001

HRQoL = Health Related Quality-of-life

Notes: Average HRQoL spans months 1 through 9 and does not include the initial baseline HRQoL. All values are based on within-sample
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observations. Descriptive statistics are based on within-sample observations of the statistical model. Descriptive statistics of excluded participants
from the statistical model are reported in Table S3 in the supplemental appendix. Latent class and pooled standard deviations used in performing t-

tests are reported in Table S5.
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Table 2.

Generalized Structural Equation Regression Mixture Model Results of HRQoL

Characteristic Responsive

Pharmacotherapy Responsive

Variables B se p-value P se p-value
Shape Parameters

Constant 2.642 0.847  0.002 0.820 0.102 <0.001
Linear Trend -0.055 0.048 0.251 0.018 0.008 0.039
Quadratic Term 0.001 0.004 0.740 -0.001 0.001 0.172
Pharmacotherapy received

Buprenorphine-Naloxone -0.041 0196 0.835 0.058 0.022 0.009
Extended-Release Naltrexone 0.091 0.180 0.613 0.067 0.022 0.003
Preference for Received Pharmacotherapy

Preferred -0.307 0.167 0.066 -0.021 0.023 0.363
Neutral -0.106 0.234 0.650 0.008 0.021 0.702
Baseline Variables

Intravenous Drug Use -0.188 0.231 0.415 0.013 0.022 0.556
Average Age -0.022 0.008 0.008 0.000 0.001  0.953
Female 0.098 0.131 0.454 -0.009 0.019 0.629
White Race 0.611 0.161 <0.001 -0.026 0.019 0.176
Medicaid 1323 0191 <0.001 -0.039  0.019  0.040
High School Education -0.384 0.262 0.143 0.031 0.020 0.115
Married 1.132 0.125 <0.001 -0.066 0.040 0.099
Initial HRQoL Value 0.564  0.195 0.004 0.173 0.063  0.006
Motivation Index -0.449 0.092 <0.001 0.007 0.010 0.469
Addiction Severity Index Measures

Medical -0.063 0.176 0.718 -0.080 0.033 0.015
Employment 0.185 0.196 0.346 -0.069 0.029 0.016
Alcohol -0.244 0191 0.202 0.004 0.041 0.931
Drug 1.269 0.885 0.152 -0.294 0.105 0.005
Legal 0.662 0.378  0.080 -0.022 0.041 0.586
Family/Social -0.656 0.228 0.004 0.037 0.030 0.229
Psychiatric -0.183 0.038 <0.001 -0.157 0.045 0.001
N (total) 2,622

N(censored) 1,508

N (uncensored) 1,114

HRQoL = Health Related Quality-of-life
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Notes: Site fixed effects included in model but not reported in table. Standard errors are clustered at the participant level. Pharmacotherapy received

is dichotomous and refers to the past 30 days.
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