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Abstract

Aim—To estimate transitions between periods in and out of treatment, incarceration, and legal
supervision, for prescription opioid (PO) and heroin users.

Methods—We captured all individuals admitted for the first time to publicly-funded treatment
for opioid use disorder (OUD) in California (2006—-2010) with linked mortality and criminal
justice data. We used Cox proportional-hazards and competing risks models to assess the effect of
primary PO use (vs. heroin) on the hazard of transitioning among 5 states: (1) opioid
detoxification treatment; (2) Opioid agonist treatment (OAT); (3) legal supervision (probation or
parole); (4) incarceration (jail or prison); and (5) out-of-treatment. Transitions were conditional on
survival, and death was modeled as an absorbing state.

Results—Both primary PO (n=11,733) and heroin users (n=19,926) spent the majority of the
median 2.3 years of observation out of treatment. Primary PO users were significantly younger
(median age 30vs.34), a higher percentage were female (43.1% vs. 31.5%; p<0.001), white
(74.6%v5s.63.1%;p<0.001), and had completed high school (31.8% vs. 18.9%; p<0.001). When
compared to primary heroin users, PO users had a higher hazard of transitioning from
detoxification to OAT (Hazard Ratio (HR):1.65; 95% confidence interval:1.54, 1.77), and had a
lower hazard of transitioning from out-of-treatment to either detoxification (0.75 [0.70, 0.81]) or
OAT (0.90 [0.85, 0.96]).

Conclusion—Our findings can be applied directly in state transition modeling to improve the
validity of health economic evaluations. Although PO users tended to remain in treatment for
longer durations than heroin users, they also tended to remain out of treatment longer after
transitioning to an out-of-treatment state. Despite the proven effectiveness of time-unlimited
treatment, individuals with OUD spend most of their time out of treatment.
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INTRODUCTION

Opioid use disorder (OUD) is a chronic, recurrent disorder characterized by frequent
relapsel-2 and high rates of mortality, morbidity, criminal activity, and other adverse health
and social consequences.2~ Treatment for OUD is a critical factor that can reduce mortality
risk,*® decrease crime-related costs® and activity,”8 control infectious disease,®1? and
improve mental health and health-related quality of life.11-13 The chronic and relapsing
nature of OUD is typically characterized by cyclical episodes of treatment, relapse and
interactions with the criminal justice system.2:14.15

Of the estimated 2.5 million Americans who met the diagnostic criteria for opioid use
disorder (OUD) in 2015, approximately 1.9 million used prescription opioids (PO).16 An
increased use of PO over the last two decades has resulted in a drug overdose epidemic,’
with drug overdoses becoming the leading cause of injury death in the United States in
2009.18 While California had the highest prevalence of self-reported substance use disorders
in 2012 and had an estimated 822,000 individuals reporting needing but not receiving
treatment,19 annual admissions for publicly-funded OUD treatment actually declined from
45,592 in 2001 to 21,278 in 2011. Conversely, the proportion of primary PO users
presenting for publicly-funded OUD treatment in California increased during the same
period from 3.1% to 25.0%.20 Emerging evidence indicates that compared to heroin users,
fewer PO users ever receive treatment?1:22; yet once in treatment for OUD, PO users have
greater detoxification success rates and longer opioid agonist treatment (OAT) durations.20

Increases in mortality, morbidity and detrimental social consequences associated with the
proliferation of PO use and more recent evidence of individuals transitioning from PO use to
heroin use23-26 have led to calls to improve access to treatment.2-31 Nevertheless, it
remains unclear how PO users differ in patterns of treatment use compared to heroin users
with OUD. A more refined understanding of the longitudinal patterns of OUD afforded by
emerging statistical methods32 can help inform both policy and clinical practice for chronic
opioid users. This issue is of particular salience given the changing U.S. policy landscape
under the Affordable Care Act, which is expected to bring more individuals with substance
use disorders into primary healthcare settings.33

International guidelines and evidence-based standards for the conduct of health economic
evaluation3*35 require estimating costs and health outcomes over an extended duration to
reflect continued availability and long-term or recurrent access to treatment for substance
use disorders.13:36:37 State-transition models are widely used in health economic evaluations
to conceptualize such decision problems on the basis of the health states describing the
course of a disease.38 A key input for substance use disorders models is empirical
knowledge of the timing of individuals’ interactions with the healthcare and criminal justice
systems, which can serve as a means of characterizing the disease course as movements
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between ‘health states’ over time.38:39 Statistical models that can chart the sequence of these
events over the life course may be most appropriate for characterizing OUD longitudinally.40
However, models such as regression-based subdistribution hazards models or multistate
Markov models, which can adequately account for the competing risks of these different
events, have been rarely applied.?

We undertook this study to estimate transitions between periods in and out of treatment,
incarceration, and legal supervision, differentiating between primary users of heroin and PO.
Our secondary objectives were to determine the differential effects of polydrug use on these
treatment transition patterns, as well as to parameterize time-dependent transition
probabilities to inform state transition models designed to support health economic
evaluation. We hypothesized primary heroin users would spend more time out of treatment
compared to primary PO users, consistent with prior findings.2° To fulfill our objectives, we
used linked administrative data for the state of California with detailed information on
interactions with the drug treatment and criminal justice systems.

METHODS

Sample

We considered data for a retrospective cohort of individuals admitted for the first time to
publicly-funded OUD treatment, including OAT and detoxification in California from
January 1, 2006 to December 31, 2010. Statewide administrative databases were linked
using individuals” Social Security Number, full name, birth date, and sex. Databases
included the California Outcomes Monitoring System (CalOMS), Automated Criminal
History System (ACHS), Offender Based Information System (OBIS), and National Death
Index (NDI).

Individual-level treatment records were drawn from CalOMS, to which each publicly-funded
opioid treatment program licensed to dispense methadone is required to submit data
monthly.#1 CalOMS contains both self-reported data on alcohol and drug problems,
educational attainment and employment status as well as clinical information entered by
treatment provider staff at treatment entry and discharge. OAT is a time-unlimited form of
treatment while mandated 21-day detoxification episodes usually involve methadone (or
naltrexone) to rid the body of opioids while decreasing withdrawal-related discomfort.42
Discharge records are filed by treatment provider staff: (i) upon treatment completion; (ii) or
when appointments are missed without notification for =3 consecutive days for
detoxification and for =14 days for OAT with methadone.

Criminal records including arrests, convictions, probation and jail sentences were obtained
from ACHS, which is maintained by the California Department of Justice (DOJ). The DOJ
matching procedure has been shown to be the most sophisticated and complete data source
for identifying a particular person’s criminal justice record, resulting in a low under-linkage
probability.*3 Prison incarceration and parole movement records were obtained from OBIS,
maintained by the California Department of Corrections and Rehabilitation (CDCR), where
each individual has a unique identifier used to connect multiple records. Vital statistics data
was obtained from the NDI, maintained by the Centers for Disease Control and Prevention
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(CDC), which contains records of all deaths occurring nationwide and probabilistic data
linkage was performed by CDC staff** Mortality outcomes, treatment utilization and
outcomes as well as the costs of crime associated with treatment engagement within the

specified cohort have been described elsewhere and include further data collection
details,>20,45,46

We note the percentage of individuals receiving OAT or opioid detoxification with
buprenorphine in opioid treatment programs in California ranged from 0.6% to 4.1% over
the study period.#” Thus in publicly-funded treatment facilities, OAT and detoxification
predominantly entailed offering methadone to treated individuals.

Protocols were approved by the Institutional Review Boards at UCLA and the State of
California.

Constructing individual histories

Data from CalOMS, NDI, ACHS, and OBIS were linked to construct longitudinal histories
covering the time period between first treatment admission up to December 31, 2010 for all
individuals included in the analytic sample. All episodes were first arranged in an ascending
order by CalOMS admission dates for treatment, ACHS commitment dates to prison or jail,
and OBIS admission dates for prison or parole. When the CalOMS discharge date of the
earlier episode #was missing, the imputation depended on the subsequent episode ¢+ and
was done according to previously-established methods.2 When the successive episodes
were both treatment episodes within the 3- and 14-day discontinuation thresholds for
detoxification and OAT, respectively, they were merged to a single treatment episode, or the
discharge date could be imputed by the OBIS admission to prison or ACHS commitment to
jail date of the subsequent episode #+1.

When the CalOMS discharge date was not missing but the treatment episode overlapped
with a parole or probation episode, treatment took precedence and the episode was coded as
a treatment period up to the treatment discharge date. Jail days and probation terms were
imputed from ACHS sentenced time. Based on previous work that obtained each county’s
best estimate of percent of time served and estimated average time served,*8 we assumed
50% of time served for felony offenses, and 25% of time served for misdemeanors. When
the terms of the sentence were missing, we used median time expected to be served, which
was conditional on the offense category.#® For individuals convicted to a prison term, the
time between conviction and entry into prison was coded as time in jail. Otherwise, for
individuals not convicted, we assumed no time spent in jail given that data from Los Angeles
County Jails indicates that over half of arrestees booked on a new offense were released on
the same day.50

Furthermore, when a prison episode overlapped with a treatment episode, the prison episode
took precedence. When there was no overlap, the gaps between successive episodes were
coded as out-of-treatment episodes. Final episodes were supplemented by mortality
information to determine whether and when death occurred, and all episodes ongoing after
December 31, 2012 were considered censored. While some misclassification is inherent in
using administrative databases for research, we implemented a number of decision rules and
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used previously-implemented algorithms to minimize linkage and data management
errors.>20 A hypothetical episodic time frame derived from our data is shown in Figure 1.

The dependent variable was the duration of each of five mutually exclusive states, defined as
consecutive days of (1) detoxification; (2) OAT; (3) legal supervision (probation or parole);
(4) incarceration (jail or prison); and (5) out-of-treatment (not in treatment and neither
incarcerated nor under legal supervision). Durations were conditional on survival, and death
was modeled as an absorbing state.

The primary independent variable was individuals’ self-reported primary drug problem as
recorded in CalOMS at treatment entry, coded into a dichotomous variable: PO users,
defined as those reporting their primary drug problem consisting of either oxycodone/
OxyContin or other opiates or synthetics or non-prescribed methadone, and heroin users,
defined as those reporting heroin as their primary drug problem. Because the course of OUD
may vary according to polydrug use,121 a secondary independent variable of interest was
self-reported secondary drug problem as recorded in CalOMS for a single substance, coded
into 4 mutually exclusive categories: (1) opioids other than the primary drug problem
reported (heroin or PO), (2) alcohol or marijuana (combined category necessary for adequate
power), (3) stimulants (methamphetamine or cocaine), and (4) no secondary drug problem.

We also considered fixed covariates known to impact treatment outcomes (e.g., age at first
treatment admission as a continuous variable, gender, ethnicity) that were drawn from the
first treatment admission. Lastly, as Federal regulations governing opioid treatment
programs impose very strict requirement for participation in OAT,%! and in order to proxy
for relative individual stability required for daily participation in these programs, we used
binary time-varying indicators reflecting whether the previous episode was either a
detoxification or OAT episode, or whether the previous episode lasted =365 days.

Statistical analysis

Our analysis was executed in five steps. First, the demographic characteristics of PO and
heroin users were compared using the chi-square test for categorical variables and the
Wilcoxon rank sum test for continuous variables, respectively. Second, the episodes of each
state were classified by their order during the study period (e.g., 15t OAT episode, 2"d OAT
episode, etc.). The duration of each state for each episode was summarized. Non-parametric
estimates of the cumulative incidence functions for the transition of each state to each of the
other four states and death were plotted for the 15t and 2" episodes, using the cmprsk
package in R.%2 The cumulative incidence function (CIF) extends the Kaplan-Meier
estimator and quantifies the cumulative probability of state-specific transition accounting for
the competing risks of transitions to other states, without assumptions about the dependence
among the states. The non-parametric CIF estimator is a step function defined as

L= S(fu))%

ity <t v
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where gjjis the number of transitions to state jat time Z;), 77;is the total number of
observations in the current state at time ;), and 5(Z;)) is the standard Kaplan-Meier
estimator of survival to time #;. The CIF intuitively provides a graphical representation of
the probability of transition of a given state to each of the other four states or death.

Third, we assessed univariate relationships among covariates and study outcomes using
several methods. Mantel-Haenszel tests were conducted for the independent variables
considered in our analysis and Kaplan-Meier curves were plotted with respect to the
independent variables. The assumption of proportionality for each of the study variables was
then assessed by visual inspection of Schoenfeld residual plots and weighted residuals score
tests.>3 When the null hypothesis of proportionality was rejected, the variable was included

if the variation in 3 (¢), the estimated coefficient for the variable as a function of time, was

not large in comparison with 3, the parameter estimate, and the variable did not have a
circular relation with the outcome.>* All-cause Cox proportional hazards (CPH) models
were fitted to estimate durations for the first episode of each of the five states.

Fourth, proportional subdistribution hazards models were similarly fitted for the first episode
of each of the five states to account for the potentially differential impact of competing risks

of transitioning to each of the four other states or death.®® In similar form to the CPH model

for convenient representation, the subdistribution hazards model can be written as

Aj(t, )=Xjo(t)exp(z’B;)

where )\ ;o(t, z) is the baseline sub-hazard for state /. The subdistribution hazard is directly
regressed on cumulative incidence functions as

Aj(t,2)= — log (1 — Ij(t, )

where [ ;(t, ) denotes the CIF of state / and the sum of the CIF of each state is treated as a
complement of the all-cause survival function, allowing for the calculation of the underlying
hazard. This approach allowed us to directly assess the effect of covariates on the CIF of a
particular type of event in a competing risks setting. We further note the distinction between
all-cause and subdistribution hazards. For the latter, the outcome is represented as a bivariate
pair (duration, censorship); however, the censoring variable becomes a multinomial variable
to accommodate hazards for =2 types of events, transitioning to one of the other four health
states or death in our case. This is in contrast to all-cause hazards models, which use the
standard outcome specification, treating competing risks as censored observations, and thus
removing them from the risk set. Lau et al.32 provide a thorough discussion on competing
risks models and their interpretations. For both models, the differential effects of primary PO
and heroin use across different states were of primary interest, after controlling for several
other covariates. Fifth, stratified analyses for primary PO and heroin users were conducted to
account for differential effects of reporting a secondary drug problem.
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Finally, we estimated all-cause Weibull regression survival-time models for the first episode
of each of the five states to derive shape and scale parameters of the Weibull distribution,
necessary to derive time-dependent probabilities of transitioning out of each state.56 For
each model specification, we ran likelihood ratio tests to determine whether a Weibull
distribution provided a statistically significantly better fit than exponential distribution. As
an exponential distribution is simply a Weibull distribution with shape parameter y=1, which
would indicate constant transition probabilities, a likelihood ratio test was appropriate in this
instance.

Statistical analyses were executed using SAS version 9.3, R version 3.1.1 and Stata version
13.1.

RESULTS

The patient population in our analytic sample included 31,659 uniquely identifiable
individuals (Figure 2); 11,733 (37.1%) of which reported PO as their primary drug of use,
and 19,926 (62.9%) reported heroin. Primary PO users differed significantly from those
reporting primary heroin use, as they were younger at the point of initiation of drug
treatment (median age 30 vs. 34), a higher percentage were female (43.1% vs. 31.5%), white
(74.6% vs. 63.1%), had attained a high school degree or equivalent (31.8% vs. 18.9%), and
more were employed at least part-time (36.5% vs. 26.9%) (Table 1). Additionally, fewer
primary PO users were under legal supervision at the time of first treatment admission
(10.4% vs. 16.4%) or had criminal justice involvement during the study period (13.7% vs.
22.9%). Secondary use of heroin amongst primary PO users was lower than secondary use
of PO amongst heroin users (5.4% vs. 11.5%), and heroin users were more likely to cite
secondary use of stimulants (20.0% vs. 6.9%).

Of the 106,505 total episodes, most were categorized as out-of-treatment (n=38,352
episodes; 36.0%), followed by OAT (n=26,998; 25.4%), and detoxification (n=24,303;
22.8%), and fewer were legal supervision (n=8,449; 7.9%) and incarceration (n=8,403;
7.9%) (Table 2). Otherwise, with each subsequent episode, the median duration of time out-
of-treatment decreased (from 263 to 179 days and then to 112 days), as did durations of
OAT (176 days; 124 days; 88 days), while the duration of detoxification episodes — by
design given California’s mandated 21-day duration — remained relatively constant (19 days;
20 days; 18 days). Lastly, the median duration of incarceration episodes increased with each
subsequent episode (31 days; 33 days; 45 days), consistent with longer sentences given
repeated drug-related convictions.>’

Estimates of the cumulative incidence of transitioning out of each state indicated that for
OAT episodes, transitions to detoxification, incarceration, and death were equally unlikely
(Figure 3, panel A). For detoxification episodes, a transition to OAT was more likely than to
states other than out-of-treatment (panel B). For out-of-treatment episodes, transitioning to
OAT was most likely, followed by detoxification and then incarceration (panel C). From
legal supervision, transitioning to OAT was more likely than transitioning to detoxification
(panel D) while transitioning from incarceration to detoxification, OAT, and death were
similarly unlikely (panel E). The higher likelihood of transitioning within the criminal
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justice system by cycling between legal supervision and incarceration is captured for both
legal supervision and incarceration (panel D & E). As transition patterns of each state were
similar between the first and second episodes (results not shown), subsequent analyses were
conducted on each states’ first episode.

Table 3 shows estimation results from respective first episodes for each of the five states
from all-cause CPH models (Model 1), which model the hazard of risks of all causes, and
subdistribution hazards models (Model 2) capturing the competing risks of transitions to
each of the other states. As can be expected with large data sets featuring highly dispersed
time-to-event lengths, the null hypothesis of proportionality was rejected for several
variables considered in our analysis;>#>8 however, inspection of Schoenfeld residual plots
revealed that the variation over episodes of different durations in most cases was small
relative to the size of the estimated coefficient, and coefficient values were thus interpreted
as average effects for the episodes assessed (results not shown).5 We describe our results by
state below. Differential effects of secondary drug use presented hereafter are from the
stratified analyses by primary drug of use; detailed results are presented in the
supplementary material (M). While we note that OAT and detoxification have been
previously shown within this cohort to both independently reduce the hazard of all-cause and
drug-related mortality compared to out-of-treatment periods, we restrict our discussion about
mortality rates as these results have been described in great detail elsewhere.

Transition from OAT

Primary PO users tended to remain in OAT for longer durations than heroin users (Model
1A: Hazard ratio 0.85; 95% confidence interval [0.82,0.88]), with the hazard of transitioning
to detoxification (2A:0.63[0.44,0.89]) and incarceration (2A:0.67[0.51,0.88]) lowest.
Secondary use of stimulants was associated with shorter OAT durations for both PO (1ASM:
1.32[1.19,1.46]) and heroin users (1ASM:1.11[1.05,1.17]) while secondary marijuana/
alcohol use was associated with shorter OAT durations for primary PO users only (1ASM:
1.27[1.17,1.39)).

Transition from detoxification

Primary PO users tended to remain in detoxification for longer durations (1B:
0.93[0.90,0.97]) than heroin, and had a higher hazard of transitioning from detoxification to
OAT (2B:1.65[1.54,1.77]). Compared to not reporting a secondary drug use, use of other
opioids was associated with delayed transition to out-of-treatment for heroin users (2BSM:
0.79[0.74,0.85]), but expedited transition to OAT, for both primary PO (2BSM:
1.20[1.09,1.33]) and heroin users (2BSM:1.63[1.43,1.87]). Alcohol/marijuana use was
associated with higher hazard of transitioning to out-of-treatment for primary PO users
(2BSM:1.20[1.10,1.31]).

Transition from out-of-treatment

Once transitioning to an out-of-treatment state, primary PO users tended to remain out-of-
treatment for longer durations (1C:0.75[0.72,0.78]), with the hazard of transitioning to OAT
(2C:0.90 [0.85,0.96]), detoxification (2C:0.75 [0.70,0.81]) and both criminal justice states
all lower, compared to heroin users. Secondary use of stimulants was associated with higher
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hazard of death for primary PO users (2C5M:1.76[1.07,2.90]) and delayed transition to OAT
for heroin users (2CSM:0.81[0.74,0.89]), when compared to those not reporting a secondary
drug of use.

Transition from legal supervision and incarceration

The transition from legal supervision into treatment was delayed for primary PO users
compared to heroin users, both for OAT (2D:0.74[0.60,0.92]) and detoxification (2D:
0.47[0.36,0.62]). Further, primary PO users tended to remain under legal supervision longer
(1D:0.83[0.77,0.90]), had shorter durations of incarceration (1E:1.30[1.21,1.39]) and had a
higher hazard of transitioning to legal supervision (2E:1.17[1.08,1.27]) from incarceration.
Secondary stimulant use was not associated with a higher hazard of transitioning from legal
supervision or incarceration to any state for either primary PO or heroin users. Yet, reporting
secondary use of stimulants was associated with a higher hazard of transitioning fo
involvement with the criminal justice system, either via legal supervision or incarceration,
across OAT, detoxification and out-of-treatment for heroin users and from out-of-treatment
for primary PO users.

Time-dependent transition probabilities—Likelihood ratio tests favored a Weibull
distribution for all models compared to an exponential distribution, thus rejecting the null
hypothesis of constant transition probabilities and indicative of the appropriateness of time-
dependent probabilities to characterize transitions out of each state. All-cause Weibull
regression survival-time model estimates for the shape parameter were 0< y <1 for every
state except legal supervision, for both primary PO users and primary heroin users,
indicating evidence of decreasing probability of transitioning out of each of these states over
time. Detailed estimation results for Weibull distribution shape and scale parameters that can
be used to derive time-dependent transition probabilities to inform state transition
models38:56 are presented in the supplementary material (Table A3).

DISCUSSION

Taken together, our results suggest important differences in treatment patterns and the
associated consequences of OUD between primary PO users and primary heroin users.
Specifically, primary PO use was associated with longer treatment engagement, including a
greater likelihood of engaging in OAT following detoxification, consistent with prior
findings of superior treatment outcomes when compared to primary heroin use.29 However,
once primary PO users reached an out-of-treatment state, they tended to remain out of
treatment longer. Finally, primary PO users were less likely to become involved with the
criminal justice system compared to primary heroin users.

Our results can be applied directly in cost-effectiveness analyses (CEA) to improve the
validity of resource allocation decisions as recommended by health economic evaluations.3°
The important differences in transition patterns between primary PO and primary heroin
users suggested by our estimates need to be considered in state transition models,38
particularly when constructing baseline models representing the natural history of treatment
for OUD which can serve as comparator in CEA modeling of relative treatment effects.3%
Failure to incorporate these distinctions could impact incremental cost-effectiveness ratios
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(ICERs), potentially altering recommendations derived from CEA. Our results further
suggest that state transition probabilities not only depend on the present state (Markov
assumption) but that they are also conditional on the time spent in the present state. Deriving
time-dependent transition probabilities informed by our results can facilitate the
development of semi-Markov models for use in CEA,%® which may be most appropriate for
characterizing OUD longitudinally.13:40

Regression-based methods to handle recurrent event data with transitions to multiple states
are at the forefront of statistical methodological development.60-62 Subdistribution hazards
models enabled an unbiased observation of the association of covariates on the relative
hazard of transition to other states; however our analyses were based strictly on transitions
from initial episodes of each of the states under study. To further advance knowledge in this
area, the development of new methodologies is necessary. For example, for sequential
episodes of each state, advancements in competing risks frailty models may offer us a joint
modeling of competing risks with consideration of the intra-individual correlation among
episodes.83:64 Multistate Markov models are another option,15:65 though the high
dimensionality of the model and the relatively sparse data available in this application led to
non-convergence in our study. Further statistical development in this domain has the
potential to improve our understanding of the course and consequences of chronic diseases.

Our findings indicated that primary PO and primary heroin users spend most of their time in
an out-of-treatment state. While drug use during these out-of-treatment periods was not
observed, prior research suggests that transitions from treatment to a state of opioid
abstinence are rare,1° as characterized by the substantial increases in mortality and harms
immediately following treatment interruption. For instance, the standardized mortality ratio
(SMR) in the two-week period following treatment discontinuation within this cohort was
previously found to be 31.5 (95% confidence interval: 26.2, 37.5) compared to 1.8 (1.6, 2.1)
during treatment and 6.1 (5.7, 6.5) during all out-of-treatment periods.® If reached, episodes
of abstinence tend to be short-lived, with frequent relapse.21:66:67 That individuals with
OUD incurred relatively little exposure to treatment over the duration of follow-up
underscores the critical need to enhance OUD treatment access by removing access barriers
to OAT,%8 closing the gap between treatment need and capacity,3° exploring the feasibility of
interim strategies during waitlist delays,®® and developing more effective treatment-
engagement strategies. A recent U.S. Presidential Memorandum calls for all agencies
providing health care services to develop an immediate action plan to increase access to
OAT, testifying to the urgent need to review current practices.3!

Of further note given our findings that suggest more successful treatment engagement for
primary PO users20 (vs. primary heroin users) is that they were less likely to re-engage in
either detoxification or OAT once out-of-treatment. This finding might suggest the need for a
differential treatment approach for primary PO users but does not necessarily indicate less
consequential out-of-treatment outcomes, as it has been suggested elsewhere.2! As reported
in studies comparing the characteristics PO users and heroin users,28:70.71 our study also
revealed that primary PO users possess a different patient profile than primary heroin users.
Primary PO users were younger, a higher percentage were female, white, had completed
high school, and fewer self-reported for treatment or had criminal justice involvement. These
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differences in characteristics, as well as different longitudinal patterns of treatment and
criminal justice system involvement together suggest primary PO users are less entrenched
in their opioid abuse. Early intervention and treatment engagement before primary PO users
transition to heroin use23:25 may be critical in limiting the proliferation of the epidemic of
heroin-involved overdose deaths, which have nearly tripled since 2011.24

Finally, more erratic transitions were associated with the co-occurring use of stimulants in
particular. This is consistent with our previous findings based on another longitudinal
analysis of five observational cohort studies.1> More importantly, the co-occurring use of
stimulants was associated with increased hazard of transitioning from out-of-treatment to
incarceration, both for primary PO and primary heroin users, consistent with findings of
increased criminal activity being associated with polydrug use.”273 Individuals with
substance use disorders who cycle back and forth between out-of-treatment states and
incarceration incur greater economic and social costs.”*7> Qur findings suggest that among
opioid and stimulant polydrug users, the occurrence of arrest, incarceration, and exit from
incarcerated settings represent underutilized opportunities for early intervention and
treatment diversion,6-78

Our analysis had several limitations. While the proportion of primary PO users presenting
for publicly-funded treatment in California over our study period (37.1%) differed from the
proportion of primary PO users meeting the diagnostic criteria for OUD in the United States
in 2015 (76.6%),16 it was representative of the most recent figures for the proportion of
primary PO users presenting for OUD treatment across the United States (32.6% in 2013).7°
Nonetheless, given the characteristics of our study population and the nature of California
regulations, including criminal justice and OAT access policies, caution must be exercised in
applying our findings to other settings. Second, while buprenorphine treatment is available
in office-based settings in California, prior studies have suggested that those accessing
office-based treatment are unlikely to have also accessed treatment at publicly-funded
facilities.80 Third, although factors that have been associated with longer OAT durations
including medication dosage81-83 and other treatment aspects (e.g., counseling services,
quality of care variation across treatment facilities) were unobserved, our findings are
indicative of state-wide average outcomes for the population under study. Fourth, linkage to
health administrative databases was not possible and we did not measure effects of other
forms of public support such as treatment for mental health conditions. Given California’s
high rate of unmet need for treatment of substance use disorders,2? it is unlikely that the
effects of individual-level forms of support not specifically targeted at OUD would change
population-level conclusions from our findings. Finally, the median observation time was 2.3
years; the stability of our results over a longer timeframe thus remain the subject of further
study. Nonetheless, we’ve reported on health and criminal justice system engagement from a
linked database with few parallels in size and scope. We believe our results provide
considerable insight into the subject matter under study.

Our findings suggest important differences in treatment patterns and the associated
consequences of OUD between primary PO and primary heroin users. When compared to
primary heroin use, primary PO use was associated with delayed transition to an out-of-
treatment state, accelerated transition from detoxification to OAT and decreased hazard of
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transitioning to incarceration. Obtaining appropriate transition probabilities for health state
transition models is challenging and not without its limitations. However, we believe that our
results provide a significant contribution toward improving the quality of transition
probabilities to be used in state transition modeling. Finally, despite the proven effectiveness
of time-unlimited treatment, individuals with OUD spend most of their time in an out-of-
treatment state and incur relatively little exposure to pharmacological treatment over time.
This finding underscores a critical need to develop more effective and substance-specific
treatment-engagement strategies for individuals with OUD.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Episodic database organization. The timeline presented represents a hypothetical
individuals’ transition between states of treatment, incarceration, legal supervision, and out-
of-treatment, constructed from the linked databases used in our study. Legal supervision
includes probation and parole, while incarceration includes sentences in county jail or state
prison. Time t0 represents individuals’ initiation of treatment for opioid use disorders in
California’s public drug treatment system.
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Figure 2.

Study flow chart. aTreatment naive individuals first admitted to publicly-funded OUD
treatment from January 1, 2006 to December 31, 2010. b5.4% of jail convictions had

missing sentences and were imputed using median time expected to be served, conditional

on the offense category.
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Nonparametric estimates of the cumulative incidence functions of each state’s first episode.
Each panel represents the cumulative probability of transitioning out of a given state to each

of the other states.
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Table 1

Patient Characteristics at First Treatment Admission, by Primary Drug Problem Type

Primary PO Users Primary Heroin Users Total
(n=11,733) (n=19,926) (N=31,659)
Female* 431 315 35.8
Age at first treatment admission, median (IQR)* 30 (24, 42) 34 (25, 46) 32 (25, 45)
Race/ethnicity*
White 74.6 63.1 67.3
Hispanic 11.9 21.7 18.0
Black 55 9.1 7.8
Other 8.0 6.2 6.9
Less than High school education* 68.2 81.1 76.3
Employed (full time or part time)* 36.5 26.9 30.5
Legal supervision? * 104 16.4 142
Self-referred to treatment* 85.1 87.9 86.9
Age first used primary drug, y, median (IQR)* 21 (17, 29) 19 (17, 24) 20 (17, 26)
Years since first use of primary drug, median (IQR)* 6(3,12) 10 (4, 24) 8(3,20)
Daily use of primary drug use * 74.5 79.9 77.9
Secondary drug problem type*
None reported 54.8 56.1 56.7
stimulants? 6.9 200 151
Alcohol 48 4.6 4.6
Marijuana 75 6.0 6.6
Heroin 5.4 0.0 2.0
20.7 115 14.9

Other opiates®

All data are provided as percentages unless otherwise indicated (*/~<0.001).

a .
Includes probation and parole.

b . . .
Includes methamphetamine, crack cocaine, and powder cocaine.

clncludes oxycodone/OxyContin, other opiates or synthetics, and non-prescribed methadone. Also includes prescription opioids (PO) users

reporting use of more than one category of other opiates. IQR, interquartile range.
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