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Abstract

Introduction and Aims.—Despite advances towards integration of care for women with co-

occurring substance use disorder (SUD) and post-traumatic stress disorder (PTSD), low abstinence 

rates following SUD/PTSD treatment remain the norm. The utility of investigating distinct 

substance use trajectories is a critical innovation in the detection and refining of effective 

interventions for this clinical population.

Design and Methods.—The present study reanalysed data from the largest randomised clinical 

trial to date for co-occurring SUD and PTSD in women (National Drug Abuse Treatment Clinical 

Trials Network; Women and Trauma Study). Randomised participants (n = 353) received one of 

two interventions in addition to treatment as usual for SUD: (i) trauma-informed integrative 

treatment for PTSD/SUD; or (ii) an active control psychoeducation course on women’s health. 

The present study utilised latent growth mixture models (LGMM) with multiple groups to estimate 

women’s substance use patterns during the 12-month follow-up period.

Results.—Findings provided support for three different trajectories of substance use in the post-

treatment year: (i) consistently low likelihood and use frequency; (ii) consistently high likelihood 

and use frequency; and (iii) high likelihood and moderate use frequency. Covariate analyses 

revealed improvement in PTSD severity was associated with membership in a specific substance 

use trajectory, although receiving trauma-informed treatment was not. Additionally, SUD severity, 

age and after-care efforts were shown to be related to trajectory membership.

Discussion and Conclusions.—Findings highlight the necessity of accounting for 

heterogeneity in post-treatment substance use, relevance of trauma-informed care in SUD recovery 
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and benefits of incorporating methodologies like LGMM when evaluating SUD treatment 

outcomes. [López-Castro T, Hu M-C, Papini S, Ruglass LM, Hien DA. Pathways to change: Use 

trajectories following trauma-informed treatment of women with co-occurring post-traumatic 

stress disorder and substance use disorders. Drug Alcohol Rev 2015]
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Introduction

It is estimated that over 80% of women who seek treatment for substance abuse have 

lifetime histories of sexual and/or physical victimisation [1]. Women with trauma histories 

and substance use disorders (SUDs) are likely to have more severe and complex clinical 

presentations, are more difficult to engage and retain in SUD treatment, relapse to substance 

use faster and have generally poorer SUD outcomes than their nontraumatised counterparts 

[2].

To address these complications of SUD/post-traumatic stress disorder (PTSD) comorbidity, 

interventions have emerged that incorporate cognitive behavioural therapies for trauma into 

substance abuse interventions [3–5]. To date, the largest of these trials was conducted 

through the National Drug Abuse Treatment Clinical Trials Network (NIDA CTN) and 

provided 353 women with co-occurring SUD and PTSD with add-on trauma-informed care 

as a means of improving SUD treatment retention and outcomes [6]. Despite significant 

reduction in PTSD severity, no overall effects of time or treatment were found on SUD 

outcomes. These results are evidence of the heterogeneity and chronicity of SUDs in the 

face of multiple treatment efforts, a common finding in addiction research (e.g. Project 

MATCH). Because relapse remains the modal outcome in follow ups of intervention trials 

for SUD, variability in SUD treatment response, distinct trajectories of substance use in 

follow-up periods and barriers to the recovery process in co-occurring SUD and PTSD stand 

as crucial areas of investigation.

Findings of high rates of relapse, heterogeneity and non-linearity in substance use following 

treatment [7–10] have underscored the need for clinical research to move beyond solely 

binary (abstinent or relapsed) models of SUD outcome and examine longitudinal trajectories 

of growth or decline. One alternative to linear regression models is latent growth mixture 

modelling (LGMM), which can account for heterogeneity within a population and integrates 

person- and variable-focused variables known as latent classes, LGMM detects the presence 

of different types of trajectories in the population in conjunction with individual growth 

patterns (vs. chance variations within each trajectory) [11,12].

Prior trajectory-based modelling in alcohol and substance abusing samples has demonstrated 

that recovery and relapse processes are distinctly variable between individuals. Group-based 

approaches have been employed to empirically validate distinct developmental courses of 

substance abuse [13,14] as well as specific trajectories following treatment in alcohol 

abusing samples [12,15,16]. Modelling heterogeneity in co-occurring SUD and PTSD 
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treatment is in its nascent stages but has already begun to highlight meaningful differences 

in how individuals interact and respond to intervention efforts. A recent examination of 

heterogeneity in attendance patterns employing latent class pattern mixture modelling 

suggests that some clients self-titrate trauma-focused treatment to positive effect on 

substance use outcomes [17]. However, no research to date has applied a group-based 

modelling technique to consider the critical issue of variability in post-treatment substance 

use of co-occurring SUD and PTSD. To this end, the current study conducted a secondary 

analysis of the NIDA CTN-0015 Women and Trauma Study (WTS) data with the aim of 

identifying differential patterns of substance use during the 12 months following treatment 

and represents the first attempt to utilise LGMM to analyse heterogeneity in the substance 

use outcomes of women with this comorbidity. A second aim was to examine the potential 

association between each trajectory to pretreatment risk factors, treatment response and 

post-treatment behaviours.

Method

The present study utilised data from the multisite randomised trial of psychosocial 

treatments for 353 women with co-occurring PTSD and SUD conducted by NIDA CTN. A 

detailed description of the WTS method was provided in a previous publication [6]. The 

WTS utilised a randomised, controlled, repeated measures design to evaluate the 

effectiveness of Seeking Safety [18] in conjunction with treatment as usual substance abuse 

services compared with an active treatment control group, Women’s Health Education.

Participants

Eligible women met current Diagnostic and Statistical Manual of Mental Disorders, Fourth 

Edition, Text Revision (DSM-IV-TR) diagnosis of alcohol or drug dependence and used 

alcohol or a drug in the prior 6 months. Additionally, women had to report at least one 

lifetime traumatic event and meet DSM-IV-TR criteria for either full PTSD or subthreshold 

PTSD. A total of 353 women from outpatient, community-based substance abuse treatment 

programs met all eligibility criteria and were randomised into the study. Participants were 

diagnosed with cocaine (70.5%), alcohol (56.1%), marijuana (27.2%) or opioid dependence 

(25.6%). Table 1 provides demographic and clinical characteristics of the sample.

Measures

Assessments were collected at baseline and following treatment at 1 week, 3 months, 6 

months and 12 months.

SUD diagnosis and identification of primary problematic substance were assessed at 

baseline with the Composite International Diagnostic Interview for DSM-IV [19]. The 

percentage of days of alcohol or drug use in the past 30 days was calculated from the 

Addiction Severity Index Lite [20].

The Clinician-Administered PTSD Scale (CAPS) [21] assessed PTSD diagnosis and severity 

at baseline and all post-treatment visits. Significant reduction in PTSD severity was 

quantified as a decrease of 30 points or more on the CAPS score [22].
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Data analysis

LGMM was used to identify substance use trajectories in the year following treatment. The 

main outcome variable was the percentage of days of use in the past 30 days of the primary 

problematic substance (based on baseline dependence measure).

Mplus

Mplus version 6.5 [23] was used to conduct the LGMM analyses. Mplus employs maximum 

likelihood estimation with the expectation maximisation algorithm to model continuous 

outcome variables with missing values. To address the challenges in identifying global 

maximum rather than local optima in mixture models, Mplus supplies automatically 

generated starting values with random perturbations. Following Hipp and Bauer’s [24] 

recommendations, 100 random sets with 50 full optimisations were employed to increase the 

estimation power of the mixture models.

Model construction

Unconditional models for the substance use outcome (percentage of days used in the past 30 

days) were built by the systematic increase of the number of classes (i.e. one through five-

class models) and associated growth factors (i.e. linear and quadratic terms). A substantial 

number of participants were not using at any one follow-up point (61% abstinent at 1-week 

following treatment, 56% abstinent at 3 months, 46% abstinent at 6 months and 47% 

abstinent at 12 months post-treatment), but only a minority (6.6%) reported abstinence at all 

four follow-up points. Consistent with prior research [25], a two-part modelling strategy (u- 

and y-part) that simultaneously captures both use/non-use likelihood and use frequency was 

applied. The u-part consisted of a latent class growth analysis of the probability of use or 

non-use. The y-part involved growth mixture modelling of the frequency of use among those 

categorised as users in the u-part. In the two-part model, logistic growth model estimations 

of binary indicators were measured alongside growth models for the continuous outcomes of 

those using at the time of measurement.

Model estimation

Bayesian information criterion (BIC) [26] and the adjusted likelihood ratio test (aLRT) were 

used to assess model fit [27]. The BIC measures a model’s relative fit on the basis of a 

function of its log-likelihood value; the log-likelihood value takes into account both the 

model’s fit to the observed data as well as the model’s complexity. The aLRT tests a model 

(k) against a model with one less class (k-1); a significant P value suggests better fit of the k 
model. Classification precision was evaluated by the entropy statistic [28], which estimates 

the probability of an individual’s class membership. Entropy values range from 0 to 1.0, 

with numbers closer to 1.0 indicating more classification accuracy. Overall, the best relative 

fit model would have the lowest BIC, a significant Lo–Mendell–Rubin (LMR) P value and 

the highest entropy.

Of the 353 randomised participants, 288 attended at least one follow up, allowing for 

inclusion in the unconditional models. Posterior probability-based multiple imputation was 

utilised for time points with missing outcome variable data. Of these 288 participants, 20 

were missing covariates and could not be included in the final conditional models (missing 
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covariates were not imputed). Pattern analyses indicated there were no significant 

associations between missingness and variables (including covariates) in the models, 

suggesting data were missing at random. Under this assumption, Mplus’s estimation 

procedure provides good estimates of model parameters directly based on all available data.

After arriving at the unconditional growth two-part mixture model with the best fit, 

conditional two-part growth mixture modelling was employed in order to (i) reduce model 

misspecification and (ii) identify variables significantly associated with membership in each 

class. The conditional two-part models consisted of the re-estimation of the unconditional 

models with the incorporation of covariates that were selected on the basis of strong 

association to SUD/PTSD treatment outcomes in prior research [29–31]. Controlling for 

these covariates on growth factors and class memberships improved specification of class 

membership estimates. Selected covariates were bivariately fit across each of the three latent 

classes to assess associations with particular class membership utilising the Wald test of 

equality of means across latent trajectory classes [32,33].

Results

Consistent with previous research [10,34,35], the u-part and y-part of the two-part models 

were assessed separately for class and growth functions to increase accuracy of fit. Table 2 

provides the fit statistics for all models.

Unconditional growth mixture models

The two-class solution (with slope and intercept variances constrained to zero) afforded the 

best fit for the unconditional u-part model. The two latent classes were identified as: (i) high 

probability of use; and (ii) low probability of use. Class proportions were 55.1% and 44.9%, 

respectively.

For the unconditional y-part modelling, the three-class estimate provided the best fit because 

of the three-class model’s BIC (197.399), adjusted LMR ratio test (aLRT = 45.760, P = 

0.0097) and entropy (0.737). The variances of the three-class model’s intercept, linear and 

quadratic slopes were fixed.

The two-part modelling was comprised of a u-part model of likelihood of use (with no 

variances in intercept and slope) and a y-part model (with class-equal variances in intercept 

and no variances in slope and quadratic terms) of use during the post-treatment year. On the 

basis of its BIC, significant aLRT and entropy, the three-class model provided a better fit 

than the one- or two-class models to the observed data in the analysis of unconditional two-

part model estimations (Table 2). The two-part model (Figure 1) incorporated both 

propensity for use as well as frequency of use in the post-treatment year in three distinct 

trajectories: a low risk/infrequent use group (50.5%) with a low likelihood for use [estimated 

probability = 0.22, SE = 0.05, P < 0.001] and an estimated mean 4 days of use per month by 

12-month follow up; a high risk/infrequent use group (26.6%) with a high likelihood for use 

(estimated probability = 0.77, SE = 0.08, P < 0.001) and fewer than 6 days of use per month 

by 12-month follow up; and a high risk/frequent use group (22.9%) with high likelihood of 
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use (estimated probability = 0.99, SE = 0.02, P < 0.001) and use increasing to nearly daily 

by 12-month follow up.

Conditional growth mixture models

A conditional two-part modelling estimation was performed to evaluate the role of specific 

covariates in predicting membership to each of the three estimated classes. The distribution 

of covariate means and equality of means across classes are shown in Table 3. Table 4 

depicts the prevalence of the seven covariates in each of the three classes.

Class membership was not correlated to treatment condition nor history of prior substance 

abuse treatment. Membership in the low risk/infrequent use class was associated with the 

covariates of age, baseline amount of primary substance use, change in CAPS score from 

baseline to 1 week following treatment and substance use post-treatment. Women in the low 
risk/infrequent use class were younger and had less use in the 30 days prior to the beginning 

of the study when compared with the high risk/infrequent use [adjusted odds ratio (AOR) = 

0.07] and the high risk/frequent use classes (AOR = 0.05). Women who continued in 

substance abuse treatment programs during the follow-up period of the study were more 

likely to follow a trajectory of fewer lapses and decreased use in the year following 

treatment rather than the high risk/infrequent use (AOR = 1.86) and high risk/frequent use 
(AOR = 0.55) trajectories. Women who demonstrated improvement in their PTSD symptoms 

were more likely to have a low risk/infrequent use trajectory rather than a high risk/
infrequent use (AOR = 0.97) or high risk/frequent use (AOR = 1.02) pattern.

There was no significant difference in reduction of PTSD severity between high risk/
infrequent use and high risk/frequent use trajectories. Women in the high risk/infrequent use 
tended to be significantly older (AOR = 0.89) than those in the high risk/frequent use class.

Discussion

This study marks the first application of LGMM to investigate post-treatment substance and 

alcohol use trajectories in women dually diagnosed with PTSD and SUD. Findings 

supported a three-class trajectory model of post-treatment use patterns. The detection of 

three distinct subgroups (low risk/infrequent use, high risk/infrequent use and high risk/
frequent use) echoes findings from previous research that have modelled alcohol and 

substance use with LGMM techniques [34,36,37] and provides further confirmation of the 

presence of clinically significant subgroups in the recovery process.

The present findings document the heterogeneity of SUD treatment responses, better 

understood as consisting of distinct subgroups rather than a binary—abstinent or relapsed—

categorisation. This study’s three-class model indicated that half of the sample was 

comprised of a low risk/infrequent use class, characterised by both a low likelihood of use 

post-treatment and when using, doing so at a low frequency (estimated 5 days per month). A 

second class in this model depicted the trajectory of women with a high likelihood for use in 

the post-treatment year but infrequent use following lapses. The third estimated group 

consisted of women who similar to the high risk/infrequent use group were very likely to 

resume using their primary substance but when they did so, used frequently.
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In previous studies, growth-centred investigations have encountered an ‘inconsistent’ 

substance use subgroup in which its members’ behaviour tended towards the unpredictable 

[10,38]. This trajectory may represent an ‘unstable’ or in flux state within the recovery 

process in contrast to the consistency of the frequent/infrequent use. If recovery from SUD is 

understood as a discontinuous change process towards a state of equilibrium (be it consistent 

use or no use), inconsistent use may represent an individual’s oscillation between relapse 

and abstinence. The lack of support for this ‘inconsistent’ class in the current study and 

further, the quantitative stability found in the study’s high risk/infrequent use class suggest 

the presence of an important addition to the traditional, binary conceptualisation of SUD 

outcome as either ‘recovered’ (i.e. abstinent/minimal use) or ‘relapsed’.

We aimed to heighten the interpretive power of a trajectory-based approach by addressing 

specific variables in the lives of participants that may predict membership in one of the three 

distinct growth classes. This study promotes the understanding of SUDs from a chronic 

disorder perspective [39]. As such, after- and continuing-care efforts for improvement of 

symptoms and maintenance of gains are considered critical [40]. Findings from the current 

analysis support the applicability of after-care/maintenance treatment for this population: 

women in the low risk/infrequent use group reported more contact with substance abuse 

programs following the active treatment than women in the two high risk for use trajectories. 

However, studies have demonstrated that both formal and informal after-care efforts can 

bolster the efficacy of SUD treatments [41,42]. The observed relationship between minimal 

likelihood/low use frequency in recovery and continued care underscores both the relevance 

of a chronic disorder perspective and the step-wise, multi-determined pattern of recovery. 

The low risk/infrequent use trajectory underscores the dynamic nature of recovery where 

more motivation may lead to more treatment that in turn lead to more gains and more 

motivation.

Findings highlight the benefit of multiple treatment episodes and the relevance of adopting a 

broader, ‘long-range’ lens that acknowledges the impact of repeated exposure to treatment. 

In the present study, the SUD treatment careers [43] of women played a significant role in 

which post-treatment use trajectory they would ultimately follow. These results emphasise 

that for addictive disorders, intervention efforts are best understood as potentially interactive, 

incremental and cumulative events.

In our finding that women who reduced their PTSD symptoms during treatment were better 

able to manage their substance use in the year following treatment, this study highlights the 

importance of PTSD symptom amelioration for women in substance use recovery as well as 

reinforces a body of literature that has sought to justify the concurrent treatment of PTSD 

and SUD [44–47]. For women in the low risk/infrequent use class, the reduction of PTSD 

symptoms may have lessened the urge to self-medicate through substances during the post-

treatment year. The link between PTSD and SUD symptom change may also be influenced 

by the phenomenological similarities of both disorders [48]. In contrast to the power of 

PTSD symptom change to classify trajectory membership—significantly distinguishing low 
risk/infrequent use from the two other subgroups—neither the severity nor chronicity of 

women’s PTSD symptoms at the outset of treatment predicted classification in any of the 

three trajectories of post-treatment substance use. The extent to which PTSD and SUD 
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reinforce and mitigate one another appears to vary widely and is very likely subject to a 

multitude of contextual variables. This study provides further justification for integrated 

treatments that target PTSD symptoms and substance use concurrently. For clinicians, this 

may translate into further assurance that interventions for PTSD will not negatively impact 

SUD treatment, but may very well reduce the need of patients to use substances for self-

medicating purposes.

The study’s findings challenge the persistent and widely held belief that equates substance 

use following SUD treatment with treatment failure. Instead, LGMM analyses showed that 

more than one recovery path was available to women who used after being treated for SUD. 

The women in the present study behaved in a style consistent with Marlatt and Gordon’s 

[49] relapse prevention model. Findings indicated that women were either at a high or low 

likelihood of use post-treatment. Despite their level of risk, if they were to use, relapse was 

not a given. Instead, most women in the study were likely to use infrequently after what 

Marlatt and Gordon term a ‘lapse’.

As the first study to explore trajectories in this population of alcohol and substance users, we 

accounted only for the number of use days of the primary problematic substance in the past 

month. Future studies may address such limitation by incorporating polysubstance use and 

investigating changes not only in frequency but in quantity of use and changes in drug class. 

The sole reliance on a retrospective self-report measure for the study’s main outcome 

measure represents another potential limitation. In conjunction with simple recall errors, the 

bias inherent in self-report measures has been well documented [50]. Future research should 

consider incorporating corroborating objective measures of use (e.g. breathalyser and urine 

samples) and innovations in real-time assessment such as ecological momentary assessment 

methods [51]. The present study elected to examine substance types in aggregate in order to 

account for the relatively small total sample size as well as the limited prevalence of use of 

some of the substance types. Despite research indicating the salience of similar recovery 

trajectories across substances [52], future research must systematically inves tigate the 

number and quality of fit of trajectory models by drug class and type to test the 

generalisability of a three-class model.

Although LGMM research has been conducted with smaller sample sizes [36,38], the size of 

the current sample may have restricted the ability to identify additional growth patterns; with 

a larger number of participants, the detection of a fourth pattern, as documented in a number 

of LGMM substance studies [53–55], may have been possible. A limitation noted in the use 

of LGMM is its inability to empirically conclude the ‘true’ number of classes within a 

sample—and whether such a correct number exists in [56]. In the current study, the single-

class model exhibited enough variance in its growth parameters to merit reanalysis within a 

latent growth mixture model. Future investigations of trajectories of substance use must 

incorporate both empirical and theoretical findings when hypothesising trajectories and take 

heed of both the limitations and benefits of LGMM.

For women dually diagnosed with PTSD and SUD, the current study established the 

presence of several varied clinical presentations linked to substance use following treatment, 

each with potentially different needs, vulnerabilities and strengths. Results highlight 
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opportunities for tailoring interventions to the specific clinical presentation and the potential 

impact of these choices on a woman’s trajectory of recovery. Analyses demonstrate that a 

‘one-size-fits-all’ approach may be of limited value for this population. Rather, when 

considering treatment type, intensity and frequency, attention to factors such as a woman’s 

severity of use at the onset of treatment, previous exposure to treatment and PTSD 

symptomatology will likely mean the difference between membership in a positively 

oriented or negatively oriented course of recovery.
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Figure 1. 
Estimated means of two-part, three-class growth mixture model for 30-day frequency of 

substance use in the 12 months following treatment.
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