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Abstract

Aims—Characterize longitudinal patterns of drug use careers and identify determinants of drug
use frequency across cohorts of primary heroin, methamphetamine (MA) and cocaine users.

Design—~Pooled analysis of prospective cohort studies.

Settings—Illlicit drug users recruited from community, criminal justice and drug treatment
settings in California, USA.

Participants—We used longitudinal data on from five observational cohort studies featuring
primary users of heroin (N=629), cocaine (N=694) and methamphetamine (N=474). The mean
duration of follow-up was 20.9 years.

Measurements—Monthly longitudinal data was arranged according to five health states
(incarceration, drug treatment, abstinence, non-daily and daily use). We fitted proportional hazards
(PH) frailty models to determine independent differences in successive episode durations. We then
executed multi-state Markov (MSM) models to estimate probabilities of transitioning between
health states, and the determinants of these transitions.

Findings—Across primary drug use types, PH frailty models demonstrated durations of daily use
diminished in successive episodes over time. MSM models revealed primary stimulant users had
more erratic longitudinal patterns of drug use, transitioning more rapidly between periods of
treatment, abstinence, non-daily and daily use. MA users exhibited relatively longer durations of
high-frequency use. Criminal engagement had a destabilizing effect on health state durations
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across drug types. Longer incarceration histories were associated with delayed transitions towards
cessation.

Conclusions—PH frailty and MSM modeling techniques provided complementary information
on longitudinal patterns of drug abuse. This information can inform clinical practice and policy,
and otherwise be used in health economic simulation models, designed to inform resource
allocation decisions.

Keywords

drug use careers; longitudinal; health state transitions; proportional hazards frailty; multi-state
Markov

1. INTRODUCTION

Drug dependence has been characterized as a chronic relapsing disorder (McLellan, 2002,
2000). Longitudinal studies have characterized drug users as following a recurrent pattern of
frequent use, treatment, abstinence and relapse that are of varying duration and acuity
(Brecht et al., 2008; Boeri et al., 2011; Dennis et al., 2005; Galai et al., 2003; Genberg et al.,
2011; Grella and Lovinger, 2011; Hser et al., 2008; Juon et al., 2011; Scott et al., 2005). Few
opioid users are able to abstain from illicit drug use for sustained periods (Bell et al., 2006;
Bovasso and Cacciola, 2003; Dobler-Mikola et al., 2005; Galai et al., 2003; Termorshuizen
et al., 2005). Instead, switching between periods of treatment and relapse is evident, with
relapse typically occurring within five or fewer years of drug use cessation (Termorshuizen
et al., 2005).

Trajectories of drug use progression and outcome vary by primary drug of abuse. Prior
research has revealed that episodes of high frequency use and incarceration occur more
frequently among users of heroin and methamphetamine than cocaine, and patterns of
persistent high frequency use occur more frequently for heroin use relative to cocaine or
methamphetamine (MA) use (Hser et al., 2008a, 2008b). These prior longitudinal analyses
used finite mixture modeling to provide qualitative descriptions of latent trajectories of drug
use; focused on periods in which diseases have been symptomatic; or analyzed the time to
failure (adverse event, death) from drug treatment initiation, without considering the order
and duration of preceding events. Given the inherent limitations of these types of analyses,
the dynamic sequences of transitions between health states and their durations, particularly
in light of prior events, remain unclear. Few studies have considered the overall dynamic
pattern of events as they unfold over an individual's lifetime (Nosyk et al., 2009, 2013;
Termorshuizen et al., 2005). A more nuanced understanding of the longitudinal patterns of
drug abuse afforded by emerging statistical methods can help inform both policy and clinical
practice for chronic drug users.

According to international guidelines and evidence-based standards (Sculpher et al., 2006;
Weinstein et al., 2003), health economic evaluations in substance abuse have estimated costs
and health outcomes over an extended duration to reflect continued availability and long-
term or recurrent use of drug treatment (Nosyk et al., 2012; Zaric et al., 2000; Zarkin et al.,
2005). A key input for these models is an empirical basis on the dynamics of transitions
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from one health state to another. Estimates can be used to develop simulation models that
can ultimately provide a sound basis for resource allocation decisions.

Our objectives are to identify, by primary drug type (heroin, methamphetamine (MA), and
cocaine), the probability and determinants of transitions between successive durations of
drug use, treatment, and incarceration in the process towards drug use cessation. We draw
upon a recurrent events framework and apply two complementary forms of analysis,
Proportional Hazards (PH) frailty modeling and multi-state Markov (MSM) modeling. MSM
modeling can capture inherent competing risks, however this framework cannot easily
incorporate patient histories. For instance, accounting for differences in durations of
successive episodes of a given health state requires explicit modeling of each successive
entry into the health state (i.e., treatmentepisoge 1, treatmentepisode 2, ---» treatmentepisode N)»
with the resulting high level of dimensionality making estimation infeasible. PH frailty
modeling, on the other hand, can reveal differences in durations of successive episodes and
can handle time-dependency, but it cannot adequately characterize the competing risks of
transitioning to multiple different states. Contrasting these methodologies can provide
complementary insights into longitudinal drug use careers and, subsequently, yield a better
understanding of how these methodological strengths and limitations impact simulation
modeling of disease processes.

2. METHODS

2.1 Study population

This analysis employed data on adult drug users combined from non-overlapping samples
from five studies that collected longitudinal information using the Natural History Interview
(described below and in Table 1). All studies were conducted in California. Following our
prior work with this sample (Brecht et al., 2008; Evans et al., 2013; Hser et al., 20083,
2008b), we selected from each study those subjects who reported a primary drug problem of
heroin, cocaine, or methamphetamine use. Projects included: (1) 33-year heroin follow-up
study (Hser et al., 2001); cocaine treatment evaluation (Hser et al., 2006), methamphetamine
natural history study (Brecht et al., 2004), treatment process study (Hser et al., 2004), and
treatment utilization and effectiveness study (Hser et al., 2003). Studies included subjects
recruited from drug treatment and non-drug treatment (e.g., emergency rooms, sexually
transmitted disease clinics, jails) settings. Written informed consent was obtained. Use of
these data for the current analysis was reviewed and approved by the University of
California Los Angeles Institutional Review Board.

2.2 Study design

The Natural History Interview (NHI), from which the variables for this analysis were
derived, was used in all five studies. The NHI was adapted from instruments designed by
Nurco and colleagues (1975) and has been used with various drug-abusing populations. The
NHI was designed to collect retrospective longitudinal quantitative data on drug use and
related behaviors. The instrument consists of “static” and “dynamic” forms that permit the
capture of longitudinal, sequential data on drug use, employment, criminal involvement,
treatment, and other behaviors over the life course of research participants (McGlothlin et
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al., 1977). Using an illustrated time-line, the interviewee notes major life events and then
identifies time periods associated with specific behaviors, with periods delineated by
changes in behavior. These reported data are translated to longitudinal data of behaviors for
each month. The NHI has been shown to have generally high reliability; correlation
coefficients of inter-variable relationships, based on 46 variables measured at two interviews
10 years apart, ranged as high as 0.86 and 0.90 (Anglin et al., 1993; Chou et al., 1996; Hser
etal., 1992). A comparison of drug use obtained using Addiction Severity Index (ASI) and
NHI data showed good correspondence, revealing that the temporal pattern of the
trajectories of days of use assessed by the ASI and NHI are comparable for alcohol, heroin,
cocaine, methamphetamine, and marijuana use (Murphy et al., 2010).

This study uses self-reported monthly NHI data to construct the durations of these five
mutually exclusive health states observed over a drug use career: incarceration; drug
treatment; abstinence (0 days of primary drug use within a given month); non-daily use
(1-27 days); and daily use (=28 days). Episodes were defined as consecutive months of
incarceration, treatment, and self-reported drug use and abstinence (within the defined
strata). Data were structured such that it was possible to detect whether self-reported drug
use occurred during episodes of treatment and incarceration, and treatment during
incarceration. In such cases, attribution into the incarceration state took primary precedence,
followed by treatment. We've modeled incarceration as a health state in this context as
incarceration increases the likelihood of severe adverse health consequences (Schnittker and
John, 2007) and it requires distinction in the context of health economic models.

Covariates were selected from NHI data, which were then organized into sets of: (i) fixed
covariates (gender, age at first use, race/ethnicity, educational attainment, marital status); (ii)
incident covariates (employment, crime, incarceration, treatment, drug use, polydrug use),
indicating status in the 30 days prior to initiation of a given episode; and (iii) cumulative
covariates (crime, incarceration, treatment, polydrug use, time from intake to episode start,
age at episode start), indicating status of a covariate over the duration of time from drug use
initiation to episode initiation. Continuous variables were categorized or dichotomized
according to their empirical distributions.

Informed by the literature on the cumulative effect of drug treatment on drug use patterns
(Evans et al., 2013; Hser et al., 2006; Li et al., 2010; Scott et al., 2005), two additional
covariates of interest were constructed. First, indicator variables for 15 to >5™ episode
attempts were derived following construction of the repeated-measures dataset. Second, we
initially considered an indicator variable for drug treatment (primarily methadone
maintenance or detoxification, but also including residential forms of treatment) in the 30
days prior to abstinence episode initiation in preliminary analyses, then expanded our
approach to consider the duration of treatment prior to abstinence episode initiation in order
to compare the effectiveness of shorter (<6 months) versus longer treatment (=6months).

2.3 Statistical analysis

Our analysis proceeds in two steps. First, Cox proportional hazards (PH) frailty models were
fitted to identify determinants of durations of each of the defined states across multiple
episodes (Cook and Lawless, 2007; Sargent, 1998; Vaida and Xu, 2000). Like standard PH
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applications, the outcome is the bivariate pair (duration, censorship), and like other mixed
effects modeling applications with longitudinal data, the PH frailty model captures the
correlation in episode lengths within an individual; conditional on the frailty terms, the
episode lengths are independent (Vaida and Xu, 2000). The unobserved random effect, or
frailty, is assumed to follow a gamma distribution. Conceptually, these terms represent
covariates capturing time-invariant unmeasured confounding (Raudenbush and Bryk, 2002).
The proportional hazards assumption was tested for each covariate using the weighted
residuals score test, (Grambsch and Therneau, 1994) and by inspecting Schoenfeld residual
plots (Grambsch and Therneau, 1994). Hazard ratios > 1 indicated faster time to
discontinuation, or shorter episodes, compared to the referent group.

Second, a parametric continuous-time, MSM model (Jackson, 2011; R Development Core
Team, 2012) was implemented to estimate the impact of the selected covariates on
transitions between states, and estimate transition probabilities between states over time. In
this model, a covariate is assumed to affect the baseline intensity by a proportional (constant
over time) factor, so that a model with ten transitions requires ten different regression
coefficients to be estimated for each covariate. The effects of the different covariates (fixed
and time-varying) were assumed to be multiplicative and constant over time, both
assumptions being consistent with the conventional proportional hazards model. All baseline
intensities and regression coefficients were simultaneously estimated via maximum
likelihood estimation.

We chose a common set of covariates across modeling strategies and primary drug use
types, with the exception of the episode count variables, as well as prior health state
indicators (such as treatment and incarceration), which could not be incorporated in the
MSM framework. Covariates were ultimately included if they had a statistically significant
effect on the outcome in any primary drug use category (initially at an alpha level of 0.10).
Covariates were selected iteratively, first fitting models by variable class ((i)-(iii)), then
combining reduced sets of covariates from each class into a final regression model
incorporating covariates from each class. For each covariate, the model produced 20 ((5
health states) x (4 possible transitions) = 20) adjusted hazard ratios, for a total of 180
adjusted hazard ratios ((9 covariates) x (20 estimated effects)) for each drug use type. For all
hypotheses tested, a significance level of a=0.05 was used. Analyses were conducted using
SAS (Statistical Analysis Software, Cary NC, USA) version 9.2 and R (Lucent technologies,
Murray Hill NJ, USA) version 2.5.1.

3. RESULTS

From the total sample of 1797 individuals, 629 (35.0%) primarily used heroin, 694 (38.6%)
cocaine, and 474 (26.4%) MA. The mean duration of follow-up was 29.3 (SD: 10.9) years
for heroin users, 14.8 (7.4) years for MA users, and 17.7 (7.6) years for cocaine users.

Shown in Table 2, heroin users were primarily Hispanic unmarried males with low
educational attainment; onset of arrest and drug use occurred, on average, at age 15.5 and
18.9, respectively; about half (55%) had used drugs other than heroin, many had been
criminally active (82.4%), and most had been employed, but individuals spent relatively
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little of the follow-up time-period engaged in each of these activities (polydrug use:18.1%,
crime: 23.2%, employment: 29.3% of follow-up time-period, respectively).

In contrast, MA users were primarily white and unmarried, with a high school or college
education; onset of arrest and drug use occurred at about the same age (19.1, 19.6); many
had used drugs other than MA (77.0%) and been criminally active (70.2%), and most had
been employed at some point during follow-up. Most cocaine users were African American
unmarried males with a high school or college education; onset of first arrest (among those
arrested) and drug use occurred at age 20.2 and 23.0, respectively; some had used drugs
other than cocaine (38.2%) and half had been criminally active (50.3%).

3.1 Median episode durations

Summary statistics on duration of health state episodes by drug type (Table 3) showed that
abstinence episodes were least common (1424 of 13,862 episodes) but longest in duration
(median 12 vs. 7 months) among heroin users compared to MA and cocaine users, who also
had the longest duration of incarceration episodes (median 6 vs. 4 months). In comparison,
MA and cocaine users (hereafter called stimulant users when patterns are similar) had longer
episodes of daily use compared to heroin users (median 9 vs. 7 months) and shorter episodes
of treatment (median 3 vs. 10 months).

3.2 Changes in duration across successive episodes

Selected results of the PH frailty analysis were presented in Table 4. Hazard ratios > 1
indicated faster time to discontinuation, or shorter episodes, compared to the referent group
and hazard ratios < 1 indicated slower time to discontinuation, or longer episodes, compared
to the referent group. Consistent with standard legislative and judicial processes, episodes of
incarceration tended to increase in duration in subsequent visits for each drug type cohort,
with the exception of =5t incarceration episodes for heroin users — a result due to small
sample sizes for these strata. The increases in incarceration durations were substantially
longer for stimulant users in comparison to heroin users. Further, episodes of daily use
tended to decrease in duration across successive episodes for each primary drug use cohort.
This was most pronounced among MA users, with the 2™ daily use episode (HR: 1.49
(1.25,1.79)), and the =6t episode (2.41 (1.84, 3.16)). No clear pattern emerged across
primary drug use cohorts in durations of episodes of treatment, abstinence, and non-daily
use and, in many cases, duration did not change in successive episodes.

3.3 Factors associated with transitions towards cessation

Selected results of the multivariate MSM analysis indicating progression towards cessation
were presented in Table 5. Cumulative and incident criminal activity provided mixed results.
Incident crime delayed transition from non-daily use to treatment in the primary heroin
cohort by 43% (HR: 0.57 (95% CI: (0.34, 0.93)) and from non-daily use to abstinence in the
primary MA cohort by 33% (HR: 0.67 (0.47, 0.95)); no statistically significant effects were
observed in the primary cocaine cohort. In contrast, more cumulative criminal involvement
tended to hasten transitions to treatment and abstinence, particularly among stimulant users
(MA, non-daily-treatment, 86% faster time to discontinuation: 1.86 (1.28,2.69); cocaine,
daily-treatment, 62% faster time to discontinuation: 1.62 (1.26,2.08)).
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More cumulative time incarcerated delayed transitions to drug use cessation in the primary
heroin [from non-daily use to abstinence: delayed by 42% (0.58 (0.39,0.86)) and from daily
to non-daily use: delayed by 36% (0.64 (0.41, 0.99))] and cocaine [non-daily and daily use
to treatment and abstinence] cohorts.

More cumulative polydrug use hastened transitions from treatment to abstinence in the
primary heroin (81% faster time from treatment to abstinence; 1.81 (1.29,2.55)) and MA
cohorts (35% faster time from treatment to abstinence; 1.35 (1.10,1.65)), and transition from
daily use to treatment among heroin users (24% faster time from daily use to treatment; 1.24
(1.05,1.48)); however, this factor delayed transitions to treatment and abstinence among
cocaine users (non-daily-abstinence: 0.80 (0.64, 0.99); daily—abstinence: 0.60 (0.3.9, 0.92),
representing 20% and 40% delays, respectively).

Finally, transitions towards cessation were accelerated among more experienced users (>5
vs. <5 years since primary drug use initiation), particularly among cocaine users, for whom
five of six transitions among experienced (vs. less experienced) users towards cessation
were accelerated (AHR>1).

3.4 Estimated transition probability matrices

Finally, 12-month transition probability matrices for each of the primary drug use cohorts,
drawn from the MSM analysis, are presented in Figure 1. Regardless of drug type, about one
quarter of individuals transitioned from incarceration to either daily- or non-daily use
(heroin 9.39+17.64=27.03%, MA 28.71%, cocaine 25.55%).

Heroin users had the highest probability of remaining abstinent at 12 months (86.91% vs.
77.83%, 80.25%) and the lowest probability of relapse into non-daily or daily use (8.15% vs.
15.63%, 16.21%). Further, the 12-month probability of remaining in treatment was nearly
twice as high for heroin users compared to stimulant users (74.03% vs. 33.65%, 39.16%)
and heroin users' rates of relapse to daily or non-daily use were lower ((6.13+10.07=16.20)
vs. 26.19%, 23.19%). However, heroin users were half as likely as stimulant users to
transition from incarceration to treatment or abstinence (4.83+7.54=12.37% vs. 27.91%,
25.82%).

4. DISCUSSION

To summarize, longitudinal patterns of transitions between health states were distinctly
different between primary heroin and stimulant users. However, regardless of drug type,
durations of daily use tended to diminish in successive episodes over time. Individuals who
used primarily stimulants tended to have more erratic longitudinal patterns of drug use,
transitioning more rapidly between periods of treatment, abstinence, non-daily use, and daily
use.

Sustained cessation is typically achieved following a process characterized by periods of
frequent use, treatment, abstinence and relapse that are of varying duration and acuity. Prior
PH frailty analyses demonstrated successively longer durations of methadone maintenance
treatment (Nosyk et al., 2013) and abstinence (Nosyk et al., 2009), and shorter durations of
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relapse following treatment (Nosyk et al., 2012) among opioid users. The current study
expands not only the scope of analysis to consider a broader range of health states, but also
provides complementary information from the Multi-state Markov analyses. Using the same
dataset, the PH models have identified changes in successive durations of incarceration
(increasing) and frequent drug use (decreasing), while the MSM analyses highlighted
frequent transitions from incarceration to daily and non-daily use. Secondary analyses of
longitudinal data using different statistical techniques can thus reveal a number of important
inferences regarding individual drug use careers.

Our findings are consistent with the notion that heroin dependence is a chronic condition
that is best treated by long-term care strategies (Bart, 2012; Hser et al., 2007). A key
component of effective heroin dependence treatment (Vocci et al, 2005), methadone
maintenance reduces risk of mortality (Degenhardt et al., 2011), as well as a range of other
health benefits (Amato et al., 2005). In contrast, effective pharmacotherapy options to
enhance treatment for stimulant dependence are still in development (Brackins et al., 2011,
Ross and Peselow, 2009; Vocci et al., 2005). Psychosocial interventions for stimulant
dependence are moderately effective (Vocci and Montoya, 2009) but challenged by poor
rates of treatment induction and retention (Shearer, 2007), as observed in our study.

These findings also indicated that across drug types a significant proportion of individuals
use drugs after release from incarceration and, compared to stimulant users, heroin users are
least likely to achieve abstinence 12 months after incarceration. Use of medication-assisted
treatments for opioid dependence during the period when incarcerated individuals reenter
the community is uncommon (Friedmann et al., 2012). Arrest and incarceration are
underutilized opportunities for early intervention or treatment diversion strategies (Kubiak et
al., 2006). New initiatives for infectious disease control provide optimism for jail- and
prison-based drug treatment interventions (Rich et al., 2011).

Our analyses provide estimates of transitions between health states that can be used directly
in simulation models to support health economic evaluation. In particular, while several
models have been developed to evaluate forms of treatment for opioid dependence (Nosyk et
al., 2012; Zaric et al., 2000; Zarkin et al., 2005) , to date, no such models have been
developed for stimulant dependence. As new pharmacological treatment modalities for
stimulant dependence are tested their long-term outcomes will need to be considered to
provide an adequate basis for health resource allocation decisions. The contrasting methods
may be used in sensitivity analyses to test the influence of various limitations in modeling
the disease processes modeled herein.

It is critical to note that the long duration between follow-up interviews (from 1-10 years)
precluded our ability to model mortality explicitly, as the intervals between the last follow-
up date and death were not observed. The results are therefore representative of individuals
surviving beyond one or more follow-up intervals, and may misrepresent longitudinal
patterns leading to mortality. A previous article modeling mortality as a function of baseline
covariates revealed that 16.1% of heroin, 6.5% of cocaine and 1.5% of primary MA users
suffered mortality within 30 years of drug use initiation (Liang et al., 2010). In contrast,
recent meta-analyses estimated a standardized mortality ratio of 14.7 in opioid users
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(Degenhardt et al., 2011) and 4-8 in cocaine and amphetamine users (Balster et al., 2009;
Degenhardt et al., 2011).

In applied simulation modeling studies, the standard solution to this problem is to multiply
existing transition probabilities by standardized mortality ratios or relative risks of mortality
for each of the given health states (Briggs et al., 2006; Nosyk et al., 2012). Nonetheless,
external validation and potential subsequent refinements in these methods are necessary next
steps for informed decision-making.

Our study had several additional limitations that require consideration. As noted, data came
from self-reported interviews at 10-year intervals from which monthly records of the
outcome and measures of exposure were constructed. The temporal ordering of events
within the recurrent event process may have been influenced by rounding error and recall
bias given the long duration between follow-up interviews, and the level of error likely
increased as a function of time from the interview date. As noted, recall bias was minimized
by using records-based anchors. We have no reason to believe the resulting bias in either
case was differential, resulting in attenuation of hazard ratios towards the null hypothesis. In
addition, data were provided by five different studies. Differences between estimated
trajectories by primary drug type were likely influenced by the design, selection criteria and
duration of follow-up of individual studies. Therefore comparisons across types, and
representativeness to other heroin, cocaine and MS-using individuals should be interpreted
cautiously. Further, as in any non-experimental study, ours may be subject to residual and/or
unmeasured time variant confounding (Grimes and Schulz, 2002). Data on other predictors
of durations of abstinence such as mativational status, and social supports were unavailable
for the duration of follow-up. Though we cannot ascertain the individual effects of the
unobserved factors, we can confidently state that their omission did not bias the coefficients
on the existing fixed effects included in the PH frailty analysis.

Nonetheless, the cohort studies on which these analyses are based are among the longest and
most comprehensive follow-up studies of heroin and stimulant users available. While we
have considered individual-level factors associated with longitudinal drug use patterns, the
process towards drug use cessation may also be influenced by external factors such as state
legislation on drug-related crime and repeat offenders, and changes in these factors over
time.

Further study is required to define the heterogeneous drug use cessation process over time
and across settings, particularly in the context of current policy changes that may serve to
diminish barriers to substance abuse treatment among a growing segment of the US
population (Buck, 2011).
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Estimated health state transition probabilities, by primary drug of abuse
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Table 1

Description of Prospective Cohort Studies from which the study populations were drawn.

Page 17

Project name Population % male | Mean Race/ethnicity | Primary drug type Time- Sample
age (SD) points size
at (years of used
baseline data for this

collection) analysis

Natural History of | Male opioid 100 25.4 (5.8) | 36.5% White; Heroin Baseline 472

Narcotics users treated by 55.6% (1964)

Addiction 33 Year | the California Hispanic; 12 years

Follow-Up of Civil Addict 7.9% African (1974)

Heroin Users Program (CAP) American 25 years

(CAP) (1986)

35 years
(1997)

A 12 Year Follow | Male military 100 35.0 (6.4) | 24.7% White; Cocaine Baseline 319

Up of a Cocaine veterans treated 6.9% (1988-1989)

Dependent for cocaine Hispanic; lyear

Sample (CTE) dependence 67.5% African (1989-1990)

American; 2years

<1% Asian/ (1990-1991)

other 12 years
(2002-2003)

Methamphetamine | Methamphetamin | 57 32.6 47.1% White; Methamphetamine Baseline 350

Abuse: Natural e users recruited 29.7% (1995-1997)

History, from from drug Hispanic; 3 years

Treatment Effect treatment and 16.6% African (1998-1999)

(Meth) non-drug American; 5.5 years

treatment 6.6% Asian/ (1999-2002)
settings other

Drug Treatment Drug users 46 35.7 (9.6) | 41.4% White; Heroin, cocaine, methamphetamine | Baseline 391

Process (TXPR) recruited from 18.5% (1995)

drug treatment Hispanic; 1 year
settings in Los 32.3% African (1996)
Angeles County American;

7.9% Asian/

other

Treatment Drug users, 65 32.2(8.9) | 19.4% White; Heroin, cocaine, methamphetamine | Baseline 265

Utilization and respectively, 25.6% (1993)

Effectiveness recruited from Hispanic; lyear

Project (TUE) drug treatment 51.8% African (1994)

and non-drug American; 2years
treatment 3.2% Asian/ (1995)
settings in Los other 3years
Angeles County (1996)
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Summary statistics on health state episode durations

Table 3

Episode Duration (months) Censored

N Mean Median Q1 Q3 N %
Primary Heroin Users [N=629]
Incarceration 3422 11.6 6 3 13 95 3.0
Treatment 2546 16.5 10 3 18 169 7.0
Abstinence 1424 37.1 12 4 35 243 17.0
Non-Daily Use 2268 14.7 8 3 18 65 3.0
Daily Use 4202 12.7 7 3 15 57 1.0
All Episodes 13862 15.9 8 3 17 629 45
Primary Methamphetamine Users [ N=474]
Incarceration 1101 7.6 4 2 9 65 6.0
Treatment 880 51 3 2 6 37 4.0
Abstinence 1613 18.0 7 3 20 283 18.0
Non-Daily Use 1260 151 6 15 185 72 6.0
Daily Use 1346 17.3 9 4 21 17 1.0
All Episodes 6200 13.6 6 2 14 474 7.6
Primary Cocaine Users [N=694]
Incarceration 1073 7.8 4 2 10 64 6.0
Treatment 1297 5.8 3 1 7 80 6.0
Abstinence 2759 21.3 7 3 21 432 16.0
Non-Daily Use 2724 15.7 6 1 18 88 3.0
Daily Use 1677 18.1 9 4 21 30 2.0
All Episodes 9530 155 6 2 16 694 7.3

Q1 indicates the lower (first) quartile and Q3 the upper (third) quartile.
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Table 4

Results of Multivariate Cox Proportional Hazards Frailty Models

Primary Heroin Users

Primary MA Users

Primary Cocaine Users

AHR | 95% ClI | AHR | 95% ClI | AHR | 95% ClI |
Outcome: Incarceration Episode Duration
Episode 1 1 1 1
Episode 2 0.87 0.76 0.99 | 0.73 0.59 091 | 0.81 0.67 0.99
Episode 3 0.80 0.69 0.93 | 0.55 0.43 0.71 | 0.62 0.49 0.79
Episode 4 0.82 0.69 0.96 | 0.49 0.37 0.64 | 0.47 0.36 0.62
Episode 5 0.87 0.73 1.04 | 040 0.29 0.55 | 0.52 0.37 0.72
Episode 26 | 0.87 0.74 1.03 | 0.32 0.24 0.43 | 0.41 0.30 0.56
Outcome: Treatment Episode Duration
Episode 1 1 1 1
Episode 2 1.14 1.00 1.30 | 0.86 0.72 1.02 | 0.73 0.62 0.85
Episode 3 1.32 1.14 1.55 | 0.76 0.59 0.97 | 0.61 0.50 0.76
Episode 4 1.14 0.96 1.36 | 0.75 0.53 1.06 | 0.56 0.43 0.74
Episode 5 0.95 0.78 1.14 | 0.87 0.55 1.38 | 0.80 0.57 112
Episode 26 | 1.20 1.01 142 | 0.82 0.48 1.40 | 0.63 0.45 0.89
Outcome: Abstinence Episode Duration
Episode 1 1 1 1
Episode 2 1.09 0.91 129 | 1.24 1.05 1.47 | 1.26 111 1.44
Episode 3 1.08 0.88 1.34 | 1.20 0.98 146 | 1.23 1.07 1.43
Episode 4 0.89 0.69 114 | 1.21 0.97 152 | 1.28 1.08 151
Episode 5 0.78 0.57 107 | 1.74 1.33 227 | 151 1.25 1.82
Episode 26 | 1.08 0.80 1.47 | 1.33 1.05 1.69 | 1.27 1.08 1.50
Outcome: Non-Daily Use Episode Duration
Episode 1 1 1 1
Episode 2 0.90 0.77 1.05 | 1.01 0.83 122 | 0.94 0.83 1.07
Episode 3 0.96 0.80 1.15 | 1.06 0.84 1.34 | 0.99 0.85 1.15
Episode 4 0.98 0.80 121 | 1.20 0.91 157 | 1.34 1.12 1.60
Episode 5 1.03 0.82 1.29 | 1.03 0.74 143 | 1.32 1.08 1.61
Episode 26 | 1.01 0.82 125 | 144 1.02 2.04 | 137 1.15 1.64
Outcome: Daily Use Episode Duration
Episode 1 1 1 1
Episode 2 1.12 0.97 1.28 | 1.49 1.25 1.79 | 1.05 0.90 1.23
Episode 3 1.35 1.16 158 | 1.53 1.24 190 | 1.25 1.03 151
Episode 4 1.30 1.09 154 | 2.16 1.68 277 | 1.28 1.02 1.61
Episode 5 151 1.25 181 | 212 1.60 281 | 1.33 1.02 1.75
Episode 26 | 1.55 1.30 185 | 241 1.84 316 | 1.31 1.01 1.70
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AHR (95% CI): Adjusted Hazard Ratio (95% Confidence Interval); P: p-value. Individual regression multiple regression models executed for each
health state and primary drug of abuse. All models controlling for: female gender, white race, age at initiation, crime and treatment utilization in the
30 days preceding the selected episode, measures of cumulative durations of incarceration (> or <25% of follow-up), polydrug use (> or <40% of
follow-up) and crime ((> or <35% of follow-up), as well as an indicator of time since drug use initiation (> or <5 years).
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