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Abstract

Background—Opioid agonist therapy (OAT) models are generally provided without
consideration of how pre-treatment characteristics may be associated with outcome. Therefore, we
aimed to first characterize longitudinal trajectories of opioid use before initiating OAT. Then we
explored the impact of OAT on opioid use across these pre-treatment trajectories.

Methods—Data were derived from three prospective cohort studies involving people who use
drugs in Vancouver, Canada. Latent class growth analysis was applied to identify opioid use
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trajectories based on individual-level observations three years before starting OAT. Multivariable
generalized linear mixed model was used to examine whether engaging in OAT was associated
with lower risk of illicit opioid use among participants with different pre-treatment opioid use
trajectories.

Results—464 participants were included in the study between September 2005 and November
2018. Two pre-treatment opioid use trajectories were identified: high frequency users (246, 53.0%)
and gradually increasing frequency users (218, 47.0%). We observed different strengths of
association between OAT engagement and illicit opioid use among high frequency users (adjusted
odds ratio [AOR] = 0.36, 95% Confidence Interval [CI]: 0.20 — 0.63) and gradually increasing
frequency users (AOR = 0.91, 95% CI: 0.53 — 1.56). Unstable housing, any stimulant use,
experiencing violence, drug dealing, sex work involvement, and incarceration were independently
and positively associated with ongoing illicit opioid use.

Conclusions—Distinct pre-treatment opioid use trajectories are likely to influence treatment
outcomes. Research is required to determine if tailored strategies specific to people with different
pre-treatment opioid use patterns have potential to improve outcomes of OAT.

Keywords

Opioid agonist therapy; Latent class growth analysis; Pre-treatment trajectories; Longitudinal
studies

Introduction

It is estimated that globally, there were approximately 58 million people aged 15-64 years
used opioids or used prescription opioids for non-medical purposes in 2018 (United Nations,
2020). Numerous studies have documented an extraordinary increase in opioid-related harms
in recent years (Blanch et al., 2014; Degenhardt et al., 2014; Belzak and Halverson, 2018).
Specifically, the number of opioid-related deaths has reached unprecedented levels in the
United States and Canada. In the United States, overdose involving opioids resulted in
42249 deaths in 2016, with 40.4% due to the misuse of prescription opioids (Seth et al.,
2018). In Canada, between January and June 2018, there were 2066 opioid-related deaths,
with fentanyl or fentanyl analogues detected in 72.0% of cases (Government of Canada,
2018).

Opioid agonist therapy (OAT) is an evidence-based treatment approach whereby people with
opioid use disorder can effectively reduce craving and prevent withdrawal symptoms by
taking long-acting opioid drugs, such as buprenorphine-naloxone and methadone (Schuckit,
2016; British Columbia Centre on Substance Use, 2017). Besides effectively reducing opioid
use, studies have shown that OAT can help reduce overdose and mortality (Degenhardt et al.,
2011; Nolan et al., 2015), protect against HIV and HCV infection (MacArthur et al., 2012;
Platt et al., 2018), improve health related quality of life (Krebs et al., 2016), decrease
criminality (Krebs et al., 2014; Russolillo et al., 2018) and healthcare costs (Mohlman et al.,
2016).

Despite the cumulative evidence for the effectiveness of OAT, studies have demonstrated
considerable heterogeneity in terms of treatment outcomes. Particularly, people with opioid
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use disorder often experience multiple episodes of relapse and treatment readmission before
achieving opioid abstinence (Hser et al., 2015). Aside from demographic variables, the
characteristics of pre-treatment opioid use are amongst the factors that account for variations
in treatment outcomes. A meta-analysis demonstrated that having a longer history of pre-
treatment opioid use was positively associated with continued drug use after treatment
(Brewer et al., 1998). Further, longer duration of regular opioid use at treatment enrollment
was also found to be predictive for poorer treatment retention rate (Soyka et al., 2008;
Hillhouse et al., 2013). In addition, several studies have shown that more frequent opioid use
at treatment enrollment reduced the likelihood of achieving continuous opioid abstinence
(Darke et al., 2005; Darke et al., 2007; Hillhouse et al., 2013). However, these studies
focused on the characteristics of opioid use at treatment initiation, which cannot fully reflect
the chronic relapsing nature of opioid use over time. Over the long term, some individuals
tend to persist in their high frequency of opioid use, others show varying levels of opioid
use, and yet others exhibit low or very sporadic opioid use histories (Hser et al., 2015). It is
likely that people experience distinct trajectories of opioid use before treatment engagement,
and these trajectories will further influence their treatment outcomes.

To our knowledge, no prior study has undertaken a detailed examination of longitudinal
opioid use patterns prior to OAT despite high rates of OAT discontinuation (i.e., about 40%
at 12 months) in different settings (O’Connor et al., 2020) and the association of
discontinuation with dramatically increased mortality (Sordo et al., 2017). Given the
growing interest in the development of treatment and continuing care strategies for people
with opioid use disorder, research has shown that the effectiveness of the treatment could be
improved by using flexible and adaptive algorithms, which take into account individual
patient’s characteristics (McKay, 2009). Therefore, there is considerable clinical and
scientific importance associated with understanding whether the benefit of OAT is
conditional on pre-treatment opioid use trajectories. Therefore, in this study, we aimed to
characterize the trajectories of opioid use prior to OAT initiation using data from three large,
long-running community-recruited cohorts of people who use illicit drugs in a setting with a
universal no-cost health care system and low-barrier access to OAT. Our secondary objective
was to examine whether the impact of OAT engagement on the risk of opioid use were
different among people with different pre-treatment opioid use patterns.

Methods

2.1. Study design and participants

Data were derived from three ongoing open prospective cohort studies of people who use
drugs in Vancouver: the Vancouver Injection Drug Users Study (VIDUS), AIDS Care
Cohort to evaluate Exposure to Survival Services (ACCESS), and At-Risk Youth Study
(ARYYS). Detailed descriptions of these cohorts have been published elsewhere (Strathdee et
al., 1998; Wood et al., 2009; Cheng et al., 2018). Briefly, recruitment for all cohorts uses
extensive community-based methods, including self-referral and street outreach. To be
eligible for VIDUS, participants had to be HIV-seronegative, at least 18 years of age, and
report injecting an illicit drug in the month preceding enroliment. To be eligible for
ACCESS, participants had to be HIV-seropositive, at least 18 years of age, and report using
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an illicit drug other than or in addition to cannabis in the month preceding enroliment.
ARYS is a cohort study of street-involved youth. To be eligible, participants must be aged
14-26 years and also have used illegal drugs other than or in addition to cannabis in the past
month at recruitment. Youth who were homeless or using services for homeless youth were
considered street-involved in this study. For all cohorts, participants had to reside in the
Greater Vancouver Regional District and provide written informed consent.

The baseline and follow-up procedures for these studies, including the questionnaires, are
harmonized to allow for combined analyses of the cohorts. Specifically, at baseline and
semi-annually thereafter, participants complete an interviewer-administered questionnaire.
Nurses also examine participants and obtain blood samples for HIV and HCV serologic
testing, and HIV disease monitoring, as appropriate. Participants receive a $40 (CAD)
honorarium for each visit. These studies have been ethically approved by the University of
British Columbia/Providence Health Care Research Ethics Board.

For the present analysis, participants were included if they were enrolled between September
2005 and November 2018. Because we were interested in understanding opioid use
trajectories before engaging in OAT, the sample was restricted to opioid users who started
OAT during study follow-ups and completed at least three study visits before starting OAT to
allow for polynomial growth curve analysis.

Measures

Ilicit opioid use was defined as self-reported injection or non-injection heroin or illicit
prescription opioid use in the last six months. The frequency of illicit opioid use included
“no use”, “less than monthly”, “at least monthly”, “at least weekly”, and “at least daily”. For
primary analysis, the main outcome of interest was opioid use (yes vs. no) after OAT
engagement. The primary exposure was a time-varying dichotomous variable of OAT
engagement during the past six months (yes vs. no), including maintenance treatment using
methadone or buprenorphine/naloxone. We also considered covariates that, based on a
review of prior literature (Kerr et al., 2005; Socias et al., 2020), were hypothesized to
potentially confound the relationship between OAT engagement and opioid use. We included
self-reported baseline characteristics, including age (per year), sex (male vs. female), and
ethnicity (white vs. others). Other time-varying sociodemographic factors included: being in
a stable relationship, defined as being married, common law or having a regular partner (yes
vs. no); employment, defined as having a regular job, temporary job or self-employed (yes
Vvs. no); current housing status (unstable housing vs. stable housing). Unstable housing was
defined as living in a single room occupancy hotel, shelter or other transitional housing, or
living on the street. Substance use measures included: any stimulant use (i.e., cocaine, crack
or crystal methamphetamine, yes vs. no); cannabis use (yes vs. no); at least daily alcohol use
(yes vs. no); and benzodiazepine use (yes vs. no). Factors related to substance use treatment
experience included: any OAT before study enrollment (yes vs. no); and any other addiction
treatment or services except for OAT (yes vs. no). Other behavioural factors and social-
structural exposures included: being attacked, assaulted, or suffered violence (yes vs. no);
drug dealing (yes vs. no); sex work involvement (yes vs. no); and incarceration (yes vs. no).
All behavioural variables referred to the period beginning six months before each study
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interview unless otherwise specified. We also included the calendar year of initiating OAT
(per year) and study cohort designation (i.e., ACCESS vs. ARYS vs. VIDUS).

2.3. Statistical analysis

First, to investigate illicit opioid use trajectories before OAT initiation, latent class growth
analysis (LCGA) was used on all the observations three years prior to OAT. LCGA is a
semi-parametric, group-based analytical approach, aiming to discover meaningful distinctive
subpopulations with homogeneous longitudinal trajectories within the larger heterogeneous
population (Muthén and Muthén, 2000; Jung and Wickrama, 2008; Nagin, 2014).This
methodology has been successfully applied in the field of substance use including alcohol
use (Jackson et al., 2008; Witbrodt et al., 2012; Huh et al., 2013), tobacco smoking (Mathur
etal., 2013; Klein et al., 2013), and drug use (Grella and Lovinger, 2011; Genberg et al.,
2011; Mikolajczyk et al., 2014).

Ilicit opioid use frequency was treated as a five-level ordinal variable (see Measures) and
used to model opioid use trajectories before OAT initiation. To determine the optimal
number of trajectories, we started with a single-class latent growth curve model and
continued until a four-class model was fitted. Linear and quadratic parameters were fitted for
the time trend for each trajectory group. Models were compared using Akaike information
criterion (AIC) and Bayesian information criterion (BIC) (Jung and Wickrama, 2008; Van
De Schoot et al., 2017). Lower absolute values for the information criteria suggest better
model fit. Lo-Mendell-Rubin likelihood ratio test (LRT) was used to compare the likelihood
of the model being tested with a model with one fewer class (Van De Schoot et al., 2017).
Averaged posterior probability of group membership and entropy were used to evaluate
classification quality. Furthermore, to ensure interpretability and usefulness of the latent
classes, sample size per latent class and substantive importance of the trajectory groups were
also taken into consideration.

Next, we summarized demographic characteristics, drug use behaviours, and social-
structural exposures at OAT initiation stratified by pre-treatment opioid use trajectories.
Finally, generalized linear mixed model (GLMM) with time-fixed and time-varying
covariates was used to examine the association between OAT engagement and illicit opioid
use. Observations from the first report of OAT engagement up to three years were included.
To explore whether participants with different pre-treatment opioid use trajectories would
benefit differently from OAT, an interaction term was tested between trajectory group
membership and OAT engagement. All factors significant in the bivariable analyses at P <
0.10 were included in the final multivariable model. This model building approach has been
utilized in previous research (Hadland et al., 2012; Hayden et al., 2014). As a secondary
analysis, we examined the impact of OAT engagement on the probability of daily illicit
opioid use, and further tested the interaction term between trajectory group membership and
OAT engagement. The secondary analysis thus can complement the primary analysis by
evaluating whether OAT helps reduce opioid use frequency across groups.

LCGA was conducted using the software Mplus version 8 (Muthén and Muthén, 2017) and
all other analyses were performed using SAS 9.4 (SAS Institute, USA). All Pvalues were
two-sided.
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3. Results

3.1. General characteristics

Between September 2005 and November 2018, a total of 3859 individuals were recruited. Of
these, 2688 (69.7%) were not on OAT at baseline, among whom 741 (27.6%) subsequently
initiated OAT during study follow-up. Two-hundred and seventy-seven participants were
further excluded from the present study due to not completing at least three study visits
before OAT. Compared to participants in the analytical sample (n = 464), the 277 excluded
participants were younger at OAT engagement (median age: 34 vs. 36 years, < 0.001), but
there was no significant difference regarding sex (61.4% vs. 67.2% male, A= 0.105) and
ethnicity (57.8% vs. 56.9% white, P=0.691).

Among the 464 included participants, 312 (67.2%) were male, 264 (56.9%) self-reported
white ethnicity, and the median age was 36 years (interquartile range [IQR]: 27-47). In the
study visit that participants reported initiating OAT, 411 (88.6%) reported having received
methadone as the medication, 47 (10.1%) reported having received buprenorphine/naloxone,
and 6 (1.3%) reported having received both in the last 6 months. Compared to participants
who initiated OAT with methadone, participants who reported having buprenorphine/
naloxone were younger (median age: 27 vs. 37 years, A= 0.001), but there was no
significant difference regarding sex (78.7% vs. 66.9% male, £=0.100) and ethnicity (59.6%
vs. 56.5% white, £=0.682). Demographic characteristics, drug use behaviours, and social-
structural exposures at opioid agonist therapy initiation are shown in Table 1.

3.2. Identify opioid use trajectories before OAT engagement

As shown in Table 2, different model fit statistics were compared with an increasing number
of trajectories. AIC and BIC continued to decrease but the reduction became relatively small
when comparing models with two to three classes. LRT suggested that model was no longer
improved with three classes (P= 0.594). Also, after taking into account the classification
quality and interpretability, a two-class solution was chosen. The trajectories of daily opioid
use are visualized in Figure 1. After assigning participants to each trajectory class based on
their most likely latent class membership, we characterized the two classes as: high
frequency users (246, 53.0%) and gradually increasing frequency users (218, 47.0%). The
probability of daily illicit opioid use among high frequency users remained above 60.0%
over the three years prior to OAT engagement. As shown in Figure 1, the probability of daily
illicit opioid use for gradually increasing frequency users started low but then rapidly
increased and reached above 40.0% at the time of OAT engagement.

As shown in Table 1, for high frequency users, the median year of OAT initiation was 2011
(IQR: 2008 — 2015). Compared to high frequency users, most of the gradually increasing
frequency users engaged in OAT in more recent years (median 2013, IQR: 2010 — 2016).
Additionally, compared to gradually increasing frequency users, a significantly higher
proportion of high frequency users had experienced any opioid agonist therapy before study
enrollment, were more likely to be involved in drug dealing, and had been recently
incarcerated. However, higher proportion of gradually increasing frequency users reported
cannabis use.
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3.3. lllicit opioid use after opioid agonist treatment among different trajectory group

In total, 177 (72.0%) high frequency users and 133 (61.0%) gradually increasing frequency
users stopped illicit opioid use for at least six months by the end of the study period. After
engaging in OAT, multiple episodes of cessation (i.e., each for at least six months) of and
relapse to opioid use were commonly observed among the sample. Only 11 (4.5%) high
frequency users and 18 (8.3%) gradually increasing frequency users stopped using opioid
right after OAT engagement and remained opioid abstinence during the study period.
Among these participants, the median time of opioid abstinence after engagement in OAT
for high frequency users was 2.3 years (IQR: 1.0 — 2.8), which was not significantly
different compared to the length among gradually increasing frequency users (median: 2.6
years, IQR: 0.5 - 3.0, =0.704).

The results of bivariable and multivariable GLMM analyses on any illicit opioid use are
presented in Table 3. OAT engagement was negatively associated with the probability of
illicit opioid use among high frequency users (adjusted odds ratio [AOR] = 0.36, 95%
confidence interval [CI]: 0.20 — 0.63). However, we failed to observe a significant
association between OAT engagement and illicit opioid use among gradually increasing
frequency users (AOR = 0.91, 95% CI: 0.53 — 1.56), which represented a significantly
weaker association compared to the association observed among high frequency users
(interaction term £=0.013).

As shown in Table 3, regardless whether or not they were engaged in OAT, gradually
increasing frequency users had lower odds of illicit opioid use compared to high frequency
users. Substance use and behavioural risk factors that were positively associated with the
probability of illicit opioid use included unstable housing, any stimulant use, attacked,
assaulted, or suffered violence, drug dealing, sex work involvement, and incarceration. Older
age and engaging in any other addiction treatment services were associated with lower odds
of illicit opioid use.

Results for the secondary analysis on daily illicit opioid use are summarized in Table 4.
After adjusting for potential confounders, OAT engagement was negatively associated with
daily illicit opioid use among both high frequency users (AOR = 0.25, 95% CI: 0.16 — 0.38)
and gradually increasing frequency users (AOR = 0.41, 95% CI: 0.26 — 0.64). The
interaction term between group membership and OAT exposure was no longer statistically
significant (P=0.111). Therefore, even though we failed to see an effect of OAT on
reducing the risk of any opioid use among gradually increasing frequency users, the
secondary analysis results indicated that involvement in OAT was associated with reduced
frequency of illicit opioid use for both high frequency and gradually increasing frequency
users.

4. Discussion

This study sought to characterize pre-treatment illicit opioid use trajectories and examine
how these trajectories affected treatment response in terms of reducing frequency of opioid
use. Drawing on longitudinal data from three ongoing prospective cohort studies of people
who use drugs in Vancouver, Canada, we identified two distinct opioid use trajectories over
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the three years prior to engaging in OAT. Participants with these different trajectories
displayed different levels of treatment response, after adjustment for individual
characteristics, drug use behaviours, and social-structural exposures. Differentiation of the
pre-treatment characteristics and response to treatment may help clinicians in treatment
planning and recommending more effective patient-centered interventions.

We found certain degree of heterogeneity in pre-treatment opioid use patterns. Specifically,
over half of participants remained high frequency opioid users before engaging in treatment.
Compared to high frequency users, most of the gradually increasing frequency users
engaged in OAT in later years. This observation is likely reflective of the continuous effort to
expand addiction care and treatment programming in British Columbia in recent years,
including ensuring access to evidence-based and comprehensive addiction care, reducing
prescriber restrictions and requirements (Canadian Research Initiative in Substance Misuse,
2016; Socias and Ahamad, 2016). Particularly in the fentanyl era, with the sharpest increase
of overdose deaths since 2010 (National Institute on Drug Abuse, 2019), OAT has become
more accessible to high-risk opioid users in an effort to reduce overdose deaths.
Additionally, a higher proportion of gradually increasing frequency users reported cannabis
use compared to high frequency users. Given the therapeutic effect of cannabis, it is possible
that some people may substitute cannabis for opioids to treat pain or manage craving and
withdrawal (Bergeria et al., 2020). On the other hand, high frequency users were more likely
to be involved in drug dealing, which is consistent with previous finding that drug dealing is
often associated with higher intensity addiction (Kerr et al., 2008). Similarly, we observed
higher proportion of incarceration among high frequency users. Our finding supports
previous research indicating that recent incarceration is associated negatively with drug use
cessation, which might due to reduced access to mechanisms (e.g., addiction treatment,
social support) that promote drug use cessation (DeBeck et al., 2009; Genberg et al., 2015).

In the primary and secondary analyses, OAT engagement was found to be strongly
associated with lower risk of both illicit opioid use and daily illicit opioid use among high
frequency users. Interestingly, in light of the observed beneficial effect of OAT in terms of
reducing daily illicit opioid use among gradually increasing frequency users, we failed to
find a significant reduction for the risk of any opioid use among this group of people. As
shown in the trajectory plot, gradually increasing frequency users might represent those
individuals who rapidly increased their frequency of opioid use before engaging in
treatment. They had approximately a 40.0% chance of ongoing daily opioid use, and
typically had experienced multiple episodes of cessation of and relapse to opioid use before
OAT. This group had less opioid agonist therapy experience before study enrolment
compared to high frequency users. It is possible that these individuals had more continuous
exposure to the physiological, behavioural and social stressors that triggered opioid use, or
experienced barriers accessing treatment. Research has shown that treatment outcomes could
be improved by incorporating more integrated, comprehensive services, such as
psychological counselling (including relapse prevention), behavioural therapy, pain
management, and potentially more flexible and accessible models of substance use treatment
(Amato et al., 2011; Volkow and McLellan, 2016; Schuckit, 2016; Hassan et al., 2017).
Therefore, future research should be undertaken to explore whether such strategies are
effective for individuals with different risk and pre-treatment profiles, particularly for the
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purpose of improving treatment adherence and reducing rates of relapse. Additionally,
strategies that help expand treatment access and minimize barriers to treatment adherence
are warranted (Socias and Ahamad, 2016).

In the study, when evaluating treatment outcomes, we accounted for the pre-treatment opioid
use patterns over time by adjusting for the trajectory groups, which could not be achieved by
only controlling for opioid use characteristics at baseline. Compared to high frequency
users, gradually increasing frequency users had lower risk of illicit opioid use after OAT
engagement. This result is consistent with previous findings that people with more severe
history of opioid use are more likely to have poorer treatment outcomes and more protracted
opioid use history (Brewer et al., 1998; Darke et al., 2005; Darke et al., 2007; Hillhouse et
al., 2013). We have observed that more than 60% of the participants stopped illicit opioid
use for at least six months after OAT engagement, however, only a very small number of
participants achieved continuous opioid abstinence for an average of 2.5 years (i.e., 4.5%
high frequency users and 8.3% gradually increasing frequency users). While there are
variations in the definition of abstinence from opioid use, these observed rates of opioid
abstinence are comparable to the findings in other study settings (Hser et al., 2015).

Stimulant use was found to be positively associated with any opioid use and daily opioid
use. Several studies have found that stimulant use during opioid treatment often
compromises opioid treatment (Williamson et al., 2006; Sullivan et al., 2010; Wang et al.,
2017). Other risk behaviours including drug dealing, sex work involvement, and
incarceration also increased the likelihood of illicit opioid use. Indeed past work has shown
how engagement in alternative income generating activities is associated with high risk drug
use and behaviour (DeBeck et al., 2007), and incarceration has also been associated with a
reduced likelihood of ceasing injecting drug use (DeBeck et al., 2009). Accordingly, efforts
should be made to provide alternatives to incarceration for non-violent substance users.
Besides, acceptable low-threshold employment opportunities, which are easily accessible for
active drug users and do not require abstinence from drug use should be explored (DeBeck
etal., 2011). Examples for such opportunities include peer support positions (Kerr et al.,
2006), jewellery making economic empowerment program (Sherman et al., 2006) and
positions provided by organization that processes recyclable containers (Dale and Newman,
2010).

Some limitations in the current study require consideration. First, there could be errors of
recall and social-desirability bias associated with using self-reported data, especially for
socially stigmatized and criminalized behaviours (e.g., illicit substance use). Interviewers
emphasized before each interview that anonymity and confidentiality were guaranteed.
Further, self-reported data have been commonly used and found to be valid in studies
involving people who use drugs (Darke, 1998; Langendam et al., 1999). Second, this study
utilized a community-based sample recruited through snowball sampling, self-referral, and
street outreach, which may limit the generalizability of the findings. Third, our study
instrument did not allow for diagnosis of opioid use disorder based on DSM-5 criteria
(American Psychiatric Association, 2013). Therefore, information about severity of opioid
use disorder was not available. Fourth, although we considered various factors associated
with treatment engagement and outcome, there is potential for unmeasured confounding,
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including confounding related to other substance use (e.g., hallucinogens), factors related to
mental health status, interpersonal relationship, internal motivations, as well as factors due to
combining three cohort samples for analyses. Fifth, research has shown that higher amount
of opioid use is associated with greater risk of adverse events (Babu et al., 2019). However,
the frequency of opioid use was considered in this study, and therefore pre-treatment opioid
use patterns and the reduction in opioid use after OAT engagement could not reflect the
variability in quantity of opioid use. Finally, the present analysis does not provide insight
into long term treatment effects. Future studies are required in order to examine long term
impact on sustained opioid cessation, opioid use relapse, and treatment readmission.

4.1. Conclusion

In summary, our study identified distinct illicit opioid use patterns prior to engagement in
OAT and demonstrated that there are clear differences in treatment outcomes among those
with different definable pre-treatment patterns of opioid use. Given the evidence regarding
the benefits of OAT, our findings further support the implementation of OAT to reduce the
frequency of opioid use. However, we also observed different levels of treatment response.
This finding highlights the potential value of acquiring a better understanding of patients’
long-term opioid use patterns and the associated impacts of such patterns on OAT outcomes.
Our findings further suggest a need for developing more comprehensive treatment strategies
specific to people with different pre-treatment opioid use patterns in order to maximize the
benefits of OAT.
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. Two opioid use trajectories were found before opioid agonist therapy (OAT)
engagement.

. Pre-treatment opioid use pattern was related to different level of response to
OAT.

. Tailored treatment strategies are needed to increase the benefits of OAT.
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Figure 1.
Ilicit opioid use trajectory classes before engaging in opioid agonist treatment using latent

class growth analysis among 464 people in Vancouver, British Columbia, Canada.
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Table 1.

Sociodemographic characteristics, substance use behaviours, treatment experience and other behavioural risk
factors at opioid agonist therapy initiation stratified by pre-treatment opioid use trajectories among 464 people
who use illicit drugs in Vancouver, British Columbia, Canada.

Gradually increasing High frequency user

Characteristics Total n=464 (%) frequergg%/.(l)ig/il)’ n=218 N=246 (53.0%) P-value

Opioid use a

< monthly 33 (7.1%) 22 (10.1%) 11 (4.5%) <0.001

> monthly 28 (6.0%) 17 (7.8%) 11 (4.5%)

> weekly 87 (18.8%) 46 (21.1%) 41 (16.7%)

> daily 246 (53.0%) 90 (41.3%) 156 (63.4%)
Sociodemographic factors

Age (years), median (interquartile range) 36 (27 - 47) 34 (26 - 48) 37 (28 - 45) 0.350

Male 312 (67.2%) 156 (71.6%) 156 (63.4%) 0.062

White ethnicity 264 (56.9%) 121 (55.5%) 143 (58.1%) 0.569

Being in a stable relationship a 135 (29.1%) 65 (29.8%) 70 (28.5%) 0.747

Employment status (regular/temporary job; self- 98 (21.1%) 49 (22.5%) 49 (19.9%) 0.500
employed) a

Unstable housing 338 (72.8%) 152 (69.7%) 186 (75.6%) 0.234
Substance use

Any stimulant use 377 (81.3%) 179 (82.1%) 198 (80.5%) 0.581

Cannabis use 263 (56.7%) 141 (64.7%) 122 (49.6%) 0.001

Daily alcohol 21 (4.5%) 13 (6.0%) 8 (3.3%) 0.161

Benzodiazepine use 11 (2.4%) 6 (2.8%) 5 (2.0%) 0.611
Treatment experience

Any opioid agonist therapy before study 142 (30.6%) 42 (19.3%) 100 (40.7%) <0.001
enrollment
Behavioural risk factors

Attacked, assaulted, or suffered violence 79 (17.0%) 42 (19.3%) 37 (15.0%) 0.217

Drug dealing 122 (26.3%) 39 (17.9%) 83 (33.7%) <0.001

Sex work involvement 58 (12.5%) 22 (10.1%) 36 (14.6%) 0.140

Incarceration 84 (18.1%) 29 (13.3%) 55 (22.4%) 0.011
Other factors

Study cohort designation (ACCESS) 115 (24.8%) 62 (28.4%) 53 (21.5%) <0.001

Study cohort designation (ARYS) 135 (29.1%) 83 (38.1%) 52 (21.1%)

Calendar year on opioid agonist therapy, median 2012 (2009 - 2015) 2013 (2010 - 2016) 2011 (2008 - 2015) 0.004

(interquartile range)

ACCESS AIDS Care Cohort to evaluate Exposure to Survival Services; AYRS At-Risk Youth Study.

a . . . .
Denotes behaviours and events in the previous six months.
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Table 2.

Model comparison with an increasing number of trajectories.

Number of Classes 1 2 3 4
AlC 5307.7 4916.9 4888.5 4859.9
BIC 5332.6 4958.3 4946.5 4934.4
LMR LRT P value <0.001 0.594 0.199
Entropy 0.704 0.634 0.642
Averaged posterior probability of group membership (range) 091-092 0.79-0.89 0.69-0.87
Sample size per class (%, range) 47.0-530 129-438 9.1-418

LMR LRT = Lo-Mendell-Rubin likelihood ratio test.
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Table 3.

Bivariable and multivariable generalized linear mixed models of sociodemographic characteristics, substance
use behaviours, treatment experience and other behavioural risk factors associated with illicit opioid use
among 464 people who use illicit drugs in Vancouver, British Columbia, Canada.

Bivariable Regression Multivariable Regression

Adjusted Odds Ratio

1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Characteristics Odds Ratio (95% CI)  P-value (95% Cl) P-value

Opioid agonist therapy, among:

High frequency user 0.57 (0.34, 0.95) 0.031 0.36 (0.20, 0.63) <0.001

Gradually increasing frequency user 1.35(0.85, 2.14) 0.203 0.91 (0.53, 1.56) 0.735
Gradually increasing frequency user vs. High frequency user,
when:

Not on opioid agonist therapy 0.23 (0.11, 0.46) <0.001 0.23 (0.11, 0.49) <0.001

On opioid agonist therapy 0.54 (0.33, 0.88) 0.014 0.59 (0.36, 0.99) 0.047
Sociodemographic factors

Age, per year increase 0.96 (0.94, 0.98) <0.001 0.97 (0.94, 1.00) 0.030

Male 1.27 (0.77, 2.08) 0.349

White ethnicity 0.81(0.50, 1.30) 0.378

Being in a stable relationship a 1.00(069, 1.45) 0.983

Employment status (regular/temporary job; self-employed) a 1.15(0.80,1.66) 0.448

Unstable housing 2.33 (1.66, 3.26) <0.001 1.56 (1.09, 2.24) 0.015
Substance use ¢

Any stimulant use 5.16 (3.59, 7.41) <0.001 3.69 (2.52, 5.39) <0.001

Cannabis use 1.64 (1.18, 2.28) 0.003 1.32(0.93,1.87) 0.119

Daily alcohol 0.76 (0.39, 1.45) 0.400

Benzodiazepine use 1.67 (0.71, 3.96) 0.241
Treatment experience

Any opioid agonist therapy before study enroliment 1.21(0.73, 2.02) 0.451

Any other addiction treatment or services a 0.50 (028, 0.91) 0.023 0.47(0.23,0.97) 0.040
Behavioural risk factors ?

Attacked, assaulted, or suffered violence 2.31(1.48,3.61) <0.001 1.64 (1.02, 2.65) 0.041

Drug dealing 5.20 (3.47, 7.77) <0.001 3.30(2.17,5.02) <0.001

Sex work involvement 5.23 (2.59, 10.54) <0.001 2.75(1.31,5.78) 0.008

Incarceration 3.22 (1.95,5.33) <0.001 2.24 (1.31,3.83) 0.003
Other factors

Study cohort designation (ACCESS) 0.62 (0.35, 1.08) 0.091 0.75 (0.43, 1.32) 0.322

Study cohort designation (ARYS) 1.32 (0.74, 2.33) 0.347 0.92 (0.42, 2.03) 0.837

Calendar year on opioid agonist therapy 0.97 (0.91, 1.03) 0.327

a . : . .
Denotes behaviours and events in the previous six months.

Ad(dict Behav. Author manuscript; available in PMC 2022 January 01.

ACCESS AIDS Care Cohort to evaluate Exposure to Survival Services; AYRS At-Risk Youth Study; C/confidence interval.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Dong et al.

Secondary analysis: bivariable and multivariable generalized linear mixed models of sociodemographic
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characteristics, substance use behaviours, treatment experience and other behavioural risk factors associated
with daily illicit opioid use among 464 people who use illicit drugs in Vancouver, British Columbia, Canada.

Bivariable Regression

Multivariable Regression

Adjusted Odds Ratio

Characteristics Odds Ratio (95% CI)  P-value (95% Cl) P-value
Opioid agonist therapy, among:
High frequency user 0.29 (0.19, 0.44) <0.001 0.25(0.16, 0.38) <0.001
Gradually increasing frequency user 0.41 (0.27, 0.64) <0.001 0.41 (0.26, 0.64) <0.001
Gradually increasing frequency user vs. High frequency user,
when:
Not on opioid agonist therapy 0.25 (0.14, 0.46) <0.001 0.21 (0.12, 0.40) <0.001
On opioid agonist therapy 0.35(0.23, 0.55) <0.001 0.36 (0.23, 0.55) <0.001
Sociodemographic factors
Age, per year increase 0.96 (0.94, 0.97) <0.001 0.96 (0.94, 0.97) <0.001
Male 0.93 (0.59, 1.45) 0.747
White ethnicity 0.68 (0.44, 1.03) 0.069 0.73 (0.49, 1.09) 0.120
Being in a stable relationship a 0.74 (0.53, 1.04) 0.085 0.77 (0.54, 1.08) 0.133
Employment status (regular/temporary job; self-employed) a 0.85(061,1.18) 0.329
Unstable housing 2.72 (1.94,3.79) <0.001 2.02 (1.43, 2.86) <0.001
Substance use ?
Any stimulant use 2.01 (1.4, 2.80) <0.001 1.75 (1.23, 2.50) 0.002
Cannabis use 0.88 (0.65, 1.18) 0.386
Daily alcohol 1.35(0.73, 2.50) 0.332
Benzodiazepine use 1.70 (0.79, 3.67) 0.178
Treatment experience
Any opioid agonist therapy before study enroliment 1.11 (0.71, 1.75) 0.640
Any other addiction treatment or services a 0.80 (046, 1.37) 0.407
Behavioural risk factors ?
Attacked, assaulted, or suffered violence 2.07 (1.43, 3.00) <0.001 1.61 (1.09, 2.37) 0.016
Drug dealing 3.24 (2.37, 4.44) <0.001 2.50 (1.80, 3.47) <0.001
Sex work involvement 2.91(1.72,4.92) <0.001 1.80 (1.05, 3.10) 0.034
Incarceration 2.01 (1.35, 3.00) <0.001 1.47 (0.97, 2.23) 0.070
Other factors
Study cohort designation (ACCESS) 0.80 (0.48, 1.32) 0.377
Study cohort designation (ARY'S) 1.29(0.78, 2.12) 0.326
Calendar year on opioid agonist therapy 1.06 (1.00, 1.12) 0.051 1.09 (1.02, 1.15) 0.007

ACCESS AIDS Care Cohort to evaluate Exposure to Survival Services; AYRS At-Risk Youth Study; C/confidence interval.

a . : . .
Denotes behaviours and events in the previous six months.
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