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Abstract
Background—The NIDA Collaborative Cocaine Treatment Study yielded different efficacies for
different psychosocial treatments for cocaine dependence. However, substantial heterogeneity of
patient outcomes was evident. Longitudinal data analysis techniques can be helpful in examining
differential effects of psychosocial interventions on specific subpopulations of patients.

Methods—Overall drug and cocaine use of 346 patients diagnosed with DSM-IV cocaine
dependence and treated with one of four psychosocial interventions were assessed monthly during
6-month treatment. Growth mixture models were used to identify patient subgroups based on typical
patterns of change in substance use during treatment and to evaluate differential treatment effects
within these subgroups.

Results—Three patient subgroups following different change patterns in cocaine and overall drug
use were identified irrespective of the treatment type: (a) those with moderate baseline severity of
drug use and very rapid reduction of drug use during treatment, (b) those with moderate baseline
severity of drug use and moderate reduction of drug use during treatment, and (c) those with severe
levels of baseline drug use with moderate reduction of drug use during treatment. Patient baseline
characteristics enabled discrimination between these subgroups. Individual drug counseling was
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most efficacious among those patients with moderate baseline severity and moderate treatment
response. There were no differential treatment effects in the two other patient subgroups.

Conclusions—The population of treatment-seeking cocaine dependent individuals is
heterogeneous. Research on patient subgroups with different change patterns revealed its potential
to enable classifications of patients that indicate which treatment is most effective for which type of
patient.

Keywords
Cocaine Dependence; Psychosocial Treatment; Differential Treatment Effects; Patterns of Change;
Growth Mixture Modeling

1. Introduction
Psychosocial interventions form the basis of the treatment of cocaine dependence (Carroll,
2005; Vocci and Montoya, 2009). However, there is an ongoing debate about the optimal type
of psychosocial treatment for cocaine dependence and whether different treatment approaches
might be best suited for different subgroups of cocaine dependent patients (Carroll et al.,
1994a; Maude-Griffin et al., 1998).

So far two main lines of research have been followed in cocaine treatment research: On the
one hand, there has been research that primarily focused on outcomes of treatments to establish
their efficacy. To compare the efficacy of different treatment approaches, this kind of research
usually compared samples of patients treated with different interventions in terms of their mean
outcomes. Findings from these studies have been variable, with some suggesting that
specialized professional psychosocial treatments are superior to drug counseling approaches
(Higgins et al., 1993; Maude-Griffin et al., 1998), other studies indicating no differences
between different treatment approaches (Carroll et al., 1998), whereas in the largest study done
to date, in the National Institute on Drug Abuse (NIDA) Collaborative Cocaine Treatment
Study (CCTS), a combination of individual drug counseling and group drug counseling
produced statistically and clinically superior outcomes compared with two types of
professional psychotherapy in terms of reducing cocaine use as well as overall drug use (Crits-
Christoph et al., 1999).

However, the mean effects of various treatments for a specific disorder in samples of patients
usually used to evaluate treatments in randomized controlled trials may mask differential
treatment effects on individuals or subgroups within a sample (Cuijpers et al., 2005).
Psychotherapy research, e.g., has shown that comparisons of aggregated pre-to-post treatment
change between patient samples, relying on the assumption of linear and steady change over
the course of treatment, may mask potentially meaningful differences in individual treatment
courses (Krause et al., 1998) or different patterns of change that are shared by many individual
patients (Lutz et al., in press; Stulz and Lutz, 2007; Stulz et al., 2007), and that this
interindividual variation in treatment outcomes may be clinically important (Barkham et al.,
1993).

By shifting the focus from mean outcome differences between patient samples to predictors of
treatment outcomes, a second line of research was giving more attention to individual
differences in treatment outcomes of cocaine dependent patients (e.g., Crits-Christoph et al.,
2003; Crits-Christoph et al., 2007; Siqueland et al., 2004; Siqueland et al., 1998). For example,
by reanalyzing the data of the NIDA CCTS, Crits-Christoph et al. (2007) identified 4 baseline
characteristics (craving, acuity of biomedical problems, belief in the 12-step philosophy, and
expectations for improvement) that predicted interindividual differences in sustained
abstinence from drug use irrespective of the type of treatment. Also, research on mediators and
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moderators of treatment outcome increasingly shows that some subpopulations of
psychotherapy patients do benefit less than others do from psychosocial treatments (Shadish
and Sweeney, 1991).

Overall, these research findings underscore the significance of heterogeneity among
psychotherapy patients in general and among cocaine users in particular, and they point to the
possible need to develop and use specialized treatments for clinically distinct subgroups of
cocaine abusers (Carroll et al., 1994a). Although the two lines of research discussed just before
(the one focusing on comparisons of mean outcomes of different treatments and the other
focusing on predictors of individual differences in outcomes) usually also looked for predictor
× treatment × outcome-interactions, modern techniques for longitudinal data analysis provides
an alternative that brings together these two research traditions via the identification of patient
subgroups with typical patterns of change during treatment. These Growth Mixture Models
(GMMs) permit the identification of distinct groups of individuals who differ in the initial level
and the course of a specific behavior (e.g., drug use) through the empirical identification of
developmental trajectories (Muthén, 2001). Furthermore, these GMMs also allow examination
of whether the effects of different interventions differ for these subpopulations, ascertain which
characteristics predict membership to these subpopulations, and establish whether outcomes
are different for each of these subpopulations (Muthén, 2001; Muthén et al., 2002). In contrast
to cluster analytic approaches, which have also been used to identify typical growth trajectories
in outpatient psychotherapy (Barkham et al., 1993) and in substance abuse treatment (Morral
et al., 1997; Waldron et al., 2005), GMMs allow simultaneous estimation of subgroup-specific
treatment effects, which makes them a promising approach to examine differential treatment
effects in patient subgroups. Concerning the examination of moderators of treatment outcomes,
there is yet another advantage of GMMs: a fundamental problem inherent in traditional research
studies on moderators of treatment outcomes is that these studies are looking for subpopulations
who benefit more or benefit less from an intervention, but actually examine only characteristics
which may be indicative of these subpopulations (Cuijpers et al., 2005). By contrast, if using
the GMM approach, the identification of patient subpopulations within a sample is based on
the target behavior itself (e.g., on changes in drug use over time).

These characteristics make GMMs specifically appropriate to examine the following research
questions in the NIDA CCTS dataset that go beyond previous reports of average treatment
outcomes and predictors of average outcomes: (1) Are there different trajectory classes (i.e.,
patient subgroups following different patterns of change) of drug and cocaine use during
psychosocial treatments for cocaine dependence?; (2) Are there patient baseline characteristics
that allow allocation of patients to these trajectory classes?; and (3) Do different psychosocial
treatments have differential effects on drug and cocaine use in different trajectory classes (i.e.,
in different patient subgroups)?

2. Methods
2.1 Design and Procedures

The design and procedures of the NIDA CCTS have already been detailed elsewhere (Crits-
Christoph et al., 1997; Crits-Christoph et al., 1999). In brief, the NIDA CCTS was a multi-site
randomized clinical trial that compared the efficacy of four psychosocial treatments for cocaine
dependence: In two of these treatments, professional psychotherapy, either cognitive therapy
(CT; Beck et al., 1993) or supportive-expressive psychodynamic therapy (SE; Luborsky,
1984; Mark and Luborsky, 1992), was added to group drug counseling (GDC; Mercer et al.,
1994). A third treatment combined individual drug counseling (IDC; Mercer and Woody,
1992) with GDC, and the fourth consisted of GDC alone. All treatments were planned to include
6 months of active phase treatment and a 3-month booster phase. Individual treatment sessions
were held twice per week during the first 12 weeks, weekly during weeks 13 to 24, and monthly
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during the booster phase. Group drug counseling sessions were held weekly during the active
phase treatment and patients in the GDC alone condition met with the group counselor
individually once per month during the booster phase.

2.2 Patients
A total of N = 487 outpatients, all of them having a principal diagnosis of cocaine dependence
according to the 4th edition of the Diagnostic and Statistical Manual of Mental Disorders
(DSM-IV; American Psychiatric Association, 1994) and all of them using cocaine during the
past 30 days, were randomly assigned to one of the four treatment conditions. Exclusion criteria
(e.g., current psychotropic medication) are reported in detail elsewhere (Crits-Christoph et al.,
1999). Of these 487 patients who actually began treatment, only those 346 patients who had
at least five monthly assessments during the 6-month active phase treatment were included in
the current analyses. This is the minimum number of measurement points needed to estimate
cubic latent growth curves (see below). By type of treatment, the number of patients excluded
was 35 (24.8%) in IDC+GDC, 29 (20.6%) in CT+GDC, 42 (29.8%) in SE+GDC, and 35
(24.8%) in GDC alone (χ2(3, N = 487) = 2.688, n.s.). Of the 346 patients in the final sample,
86 (24.9%) were treated with IDC+GDC, 90 (26.0%) with CT+GDC, 82 (23.7%) with SE
+GDC, and 88 (25.4%) with GDC alone. The average number of individual treatment sessions
differed significantly between treatment conditions (F(2,255) = 4.12, p < .05), with patients in
IDC+GDC attending significantly less sessions (M = 14.72, SD = 10.67) than patients in SE
+GDC (M = 18.98, SD = 10.49) but not less than patients in CT+GDC (M = 18.31, SD = 10.09).
The mean number of group treatment sessions attended was 10.74 (7.24) in IDC+GDC, 11.42
(7.14) in CT+GDC, 10.37 (6.86) in SE+GDC, and 10.60 (7.30) in GDC alone (F(3,342) = 0.35,
n.s.).

The modal patient in our final sample was male (76%), Caucasian (55%; African-American:
43%; other: 2%), lived alone (72%), had children (59%), was employed outside the home
(60%), and smocked crack cocaine (82%). The mean age at the beginning of treatment was
34.6 years (SD = 6.3) and the mean duration of cocaine use at baseline was 6.9 years (SD =
4.8). Except for a somewhat higher age (34.6 vs. 32.2 years, p <001) and a marginally lower
ASI-Drug Use Composite Score at baseline (0.23 vs. 0.25, p < .05; see below), the patients
included in our final sample did not differ significantly from those excluded in all of these
characteristics as well as in the number of days using cocaine during the past month. Details
on therapies and therapists can be found in previous publications on the NIDA CCTS (Crits-
Christoph et al., 1997; Crits-Christoph et al., 1999).

2.3 Instruments and Data Collection
Patients were assessed on a battery of instruments at baseline, monthly during the 6-month
active phase treatment, and at quarterly follow-up assessments conducted at month 9, 12, 15,
and 18 after randomization. Those instruments analyzed in the our study will be presented.

2.3.1 Addiction Severity Index (ASI; McLellan et al., 1992)—As in the original trial
(Crits-Christoph et al., 1999), the Drug Use Composite Score of the interview-based ASI
(which assesses the use of alcohol, heroine, opiates, barbiturates, sedatives, cocaine,
amphetamines, cannabis, hallucinogens, and inhalants) was the primary outcome measure of
this study. Additionally, outcomes on one specific item from the ASI drug use scale, the number
of days using cocaine in the past 30 days, were also examined.

To determine measurable change in the ASI–Drug Use Composite Score until treatment
termination, we used the reliable change (RC) criterion (Jacobson and Truax, 1991). The RC
criterion of an instrument depends on its reliability and equals the minimal amount of change
in the score between two repeated assessments that is unlikely (p < .05) to occur if no actual
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change beyond measurement error has happened. In the present data, the RC criterion for the
ASI–Drug Use Composite Score was 0.09 (using rxx = .93 and SD = 0.12; Zanis et al., 1994).

2.3.2 Recovery Attitude And Treatment Evaluator–Clinical Evaluator (RAATE–
CE; Mee-Lee, 1988)—The RAATE–CE is a structured interview to measure readiness for
substance abuse treatment and aspects of the recovery environment in five subscales:
Resistance to Treatment, Resistance to Continuing Care, Acuity of Biomedical Problems,
Psychological Acuity, and Environmental/Social Problems. We used the RAATE-CE baseline
assessments (ranging from 1 to 4) to predict patterns of change in the ASI scores during active
phase treatment.

2.3.3 Addiction Recovery Scale (ARS; Crits-Christoph et al., 2003; Mercer et al.,
1993)—This 40-item measure is based on the 12-step approach to recovery. The total score
of the ARS ranges from 40 to 200 (each item is rated on a 1–5 scale) and a higher ARS total
score indicates greater endorsement of the philosophy and behaviors advocated in 12-step
programs. The baseline ARS assessments were also examined as predictors of change patterns
in the ASI scores.

2.4 Data Analysis
In a first step of analysis, we identified typical patterns of change in overall drug use and in
cocaine use during the 6-month active phase treatment. Patient subgroups with similar growth
trajectories in the ASI–Drug Use Composite Score and in the number of days using cocaine
during the past 30 days were identified irrespective of the type of treatment using the GMM
approach (see below). After evaluating the pre-to-post active phase treatment outcomes in these
patient subgroups in terms of effects sizes (Cohen, 1988) and the number of reliably changed
patients in the ASI–Drug Use Composite Score and in terms of change in the number of days
using cocaine during the past month, we also compared the follow-up assessments in these two
outcome dimensions between the patient subgroups by means of analyses of variance
(ANOVAs). These analyses of the pre-to-post active phase treatment changes and of the follow-
up assessments were performed for those patients with available assessments at the respective
measurement points. Subsequently, we explored whether there are associations between the
type of treatment and typical patterns of change during the active phase treatment using a χ2-
test. To evaluate whether there are other patient baseline characteristics that allow prediction
of typical change patterns during active phase treatment, we furthermore examined a series of
potential predictors. To do so, the patient baseline characteristics under consideration were
implemented into the GMM and they were then evaluated using multinomial logistic
regressions. Finally, to evaluate whether there are differences in active phase treatment
outcomes within the patient subgroups depending on the type of treatment provided, two types
of analysis were performed: On the one hand, we again used the criteria to evaluate pre-to-post
active phase treatment change that have been mentioned just before (effects sizes etc) and we
compared them between treatments within the patient subgroups. On the other hand, we
regressed the most meaningful latent growth parameters (intercept and slope) of the main
outcome variable, the ASI–Drug Use Composite Score, on the type of treatment. This was done
within each patient subgroup identified with the GMM and it allowed us to determine for each
of these subgroups whether the type of treatment was associated with differences in
development of overall drug use over time (see below and Muthén et al., 2002).

2.4.1 Growth Mixture Models (GMMs)—Growth Mixture Models allow identification of
unobserved groups of individuals with similar growth trajectories over time in one or more
outcome variables (Muthén, 2001). The GMM approach is based on conventional latent growth
models (LGMs), which analyze longitudinal data by relating an observed outcome variable
(e.g., drug use) to time (e.g., months in treatment). In LGMs, individual variation in growth is
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captured by the fact that growth coefficients (continuous latent variables in a structural equation
modeling framework) are random and are therefore allowed to vary across individuals.
However, LGM approaches (like, e.g., random coefficient regression models) implicitly
assume that all individuals in the sample are drawn from one single population and, hence, that
one single growth trajectory can adequately approximate change of the entire population. Thus,
LGMs estimate one common mean growth curve and the individual variation around this mean
growth curve is captured by individual variation in the continuous latent growth factors.
Following the single population assumption, LGMs furthermore also assume that covariates
that affect the growth factors influence each individual in the same way.

By implementing a categorical latent class variable into the growth modeling framework, the
GMM approach relaxes this single population assumption of LGMs and allows identification
of latent classes (subpopulations of individuals) that correspond to different shapes of growth
curves. That way, GMMs provide the identification of unobserved subpopulations of
individuals that vary around qualitatively different mean growth curves which are shared within
homogenous latent classes. Growth mixture models then both estimate the mean growth curve
for each latent class and capture individual variation around these growth curves by estimating
the growth factor variances for each class (Muthén, 2001). Moreover, GMMs then also allow
examination of predictors of these latent classes (through the use of multinomial logistic
regressions) and examination of class-specific predictors of individual differences in growth
over time (by regressing the growth parameters on potential predictor variables within latent
classes) (Muthén et al., 2002).

In this study, GMMs were estimated using the Mplus software (Version 3.11; Muthén and
Muthén, 2004). Mplus enables estimation of models with missing values in continuous
outcomes using maximum likelihood estimation and an accelerated expectation maximization
procedure.

3. Results
As indicated by the lowest value in the Bayesian Information Criterion (BIC; Schwartz,
1978)—a model fit index that balances goodness of fit and parsimony of (mixture) models
(Nagin, 1999)—a cubic latent growth model best fitted change data in the ASI–Drug Use
Composite Score (intercept-only: 18121.73, linear: 17902.57, loglinear: 17749.67, quadratic:
16927.79, cubic: 15940.14) as well as in the outcome variable counting the number of days
with cocaine use during the past 30 days (intercept-only: 25039.91, linear: 23111.49, loglinear:
22384.35, quadratic: 20760.64, cubic: 19042.13). Following these preliminary analyses, the
growth models reported below rely on the assumption of a cubic relationship between the
amount of treatment (months) and treatment progress (reduction of drug use).

3.1 Patterns of Change and Their Outcomes
In a first step of the analyses, we used unconditional GMMs to identify distinct patient
subgroups based on similar development over time in the two outcome dimensions of drug use
(ASI–Drug Use Composite Score and number of days using cocaine during the past 30 days).
To determine the optimal number of distinct patterns of change, we started with one latent class
(i.e., with a conventional LGM), and we then incrementally entered additional latent classes
into the GMM until the optimal number of latent classes was found (Muthén, 2001).1 The fit

1In this first stage of analyses, we used a special type of GMMs with variances and covariances of the latent growth parameters fixed at
zero to determine the number of latent classes. This Latent Class Growth Analysis (LCGA; Nagin, D.S., 1999. Analyzing developmental
trajectories: A semiparametric, group-based approach. Psychol. Methods 4, 139-157.) can serve as a starting point for conducting GMMs
(Jung, T., Wickrama, K.A.S., 2008. An introduction to latent class growth analysis and growth mixture modeling. Social and Personality
Psychology Compass 2, 302-317.).
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criteria to determine the optimal number of latent classes (patterns of change) in a GMM
suggested three latent classes to be most accurate solution: the BIC steadily decreased from
one- through three-class solutions (34982.27, 29087.02, 27616.34) and the Vuong-Lo-Mendell-
Rubin Likelihood Ratio Test (Lo et al., 2001), which checks whether the implementation of an
additional latent class results in a significant improvement of the BIC, also favored a three
class solution (1 class vs. 2 classes: p < .001; 2 classes vs. 3 classes: p < .01; 3 classes vs. 4
classes: p = .13). As the entropy—a summary measure of classification accuracy of individuals
into the latent classes (Ramaswamy et al., 1993)—was nearly as good for a three-class solution
(0.96) as for a two-class solution (0.98), the solution with three latent classes was used for
further analyses.

As shown in Figure 1a, a first patient subgroup (n = 180, 52% of the study sample's patients)
is characterized by moderate drug use at baseline with very rapid reduction of overall drug use
and cocaine use already in an early stage of treatment. The cocaine dependent patients in this
largest subgroup were labeled “common and fast responders” since more than half of the
cocaine dependent individuals in our study belong to this subgroup. These patients clearly
improved during the active phase treatment in the ASI–Drug Use Composite Score (change
from baseline to month 6, within-group effect size d = 1.99) and more than two-third of them
(69%) were reliably improved on this outcome dimension by the end of the active phase
treatment (Table 1). Furthermore, these “common and fast responders” also showed a
significant reduction in the number of days using cocaine during the past 30 days (M = -8.75
days, see Table 1). Note that in all patient subgroups there were a few patients who did not
have ASI assessments after month 6 (n = 24). The results in Table 1 refer to those patients with
completed ASI assessments at treatment termination (month 6).

Compared to the “common and fast responders”, a second subset of patients (n =120, 35%)
was characterized by very similar overall drug use and cocaine use at baseline, but these
“moderate responders” then experienced a clearly less rapid improvement in both outcome
dimensions (Figure 1b). Thus, by the end of active phase treatment they were significantly less
improved than the “common and fast responders” (Table 1).

The third and last patient subgroup (n = 46, 13%) identified in our study includes the “severe
users.” These patients were characterized by high overall drug use and cocaine use at baseline
with only moderate improvement in both of these outcome dimensions during the active phase
treatment (Figure 1c). The magnitude of reduction in drug use in this subset of patients
resembled the one in the group of the “moderate responders” (Table 1).

These patterns of change during active phase treatment were shown to be not differential across
attrition patterns. Rerunning the GMM for the subsample of those n = 225 patients with no
missing values in the two outcome variables yielded very similar change patterns as the ones
found in the full study sample.

Figures 1a-c furthermore also show the results of the follow-up assessments of overall drug
use and of cocaine use 9, 12, 15, and 18 months after randomization for the three patient
subgroups. As can bee seen there, the drug use of the “common and fast responders” remained
quite constant over the follow-up period, i.e., they retained their gains in both outcome
dimensions during this period. Compared to the two other subgroups, the “common and fast
responders” used significantly less drugs and significantly less cocaine in each of the follow-
up assessments (Table 2). There were no significant differences between the “moderate
responders” and the “severe users” in terms of overall drug use during the follow-up period.
However, the “severe users” reported significantly more cocaine use in each of the follow-up
assessments (Table 2). Note that these findings on the follow-up assessments again refer to
those patients with completed assessments at the respective measurement occasions.
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3.2 Prediction of Patterns of Change
Besides the identification of typical patterns of change by means of unconditional GMMs, we
also examined whether the type of treatment and a series of 24 patient baseline characteristics
that have already been examined as predictors of sustained abstinence from cocaine in the study
of Crits-Christoph et al. (2007) enable prediction of the three typical patterns of change in
overall drug use and cocaine use. In addition, current posttraumatic stress disorder and lifetime
traumatic events were also examined as predictors of the change patterns (Najavits et al.,
2007; Najavits et al., 2003).

As can be derived from Table 3 showing for each of the patient subgroups the number of
patients in each of the four psychosocial interventions, treatment modalities were about equally
distributed across the three patient subgroups indicating that there was no significant
association between the type of treatment and the patterns of change of drug use during active
phase treatment (χ2(6, N = 346) = 6.52, n.s.). To determine whether a given patient baseline
characteristic enables prediction of the change patterns, preliminary analyses with univariate
prediction models for each patient baseline characteristic were run (Stoolmiller et al., 2005).
The significant predictors from these univariate analyses (results are not shown here because
of space limitations) were then entered into a multivariate prediction model to identify a
compact set of predictors for client allocation to the latent classes (patterns of change). In this
extended GMM, the predictors of latent class membership probabilities were examined via
multinomial logistic regressions. To do so, the “common and fast responders” were designated
as the reference subgroup, and each patient baseline characteristic was tested to see whether it
discriminated between a given subgroup and the “common and fast responders.” As shown in
the upper part of Table 4, the “Environmental/Social Problems” subscale of the RAATE–CE
and the ARS total score significantly discriminated between the “moderate responders” and
the “common and fast responders”; for example, the significant logistic regression coefficient
of 0.63 of the “Environmental/Social Problems” subscale represents the increase in the log
odds of being in the “moderate responders” subgroup vs. being in the reference class for a unit
increase on the “Environmental/Social Problems” subscale. That is, with each additional point
on the “Environmental/Social Problems” subscale at baseline, the probability of a patient
belonging to the “moderate responders” subgroup, as compared to the probability of being a
member of the “common and fast responders” subgroup, increased by the factor 1.88 (e0.63).
Higher scores on the “Environmental/Social Problems” subscale also increased the probability
of a patient belonging to the “severe users” (as opposed to the probability belonging to the
“common and fast responders”), whereas higher scores on the “Resistance to Treatment”
subscale of the RAATE– CE and in the ARS both significantly decreased the probability of
belonging to the subgroup of “severe users” (Table 4).

Finally, a supplementary multinomial logistic regression of the latent classes on treatment
completion status (completers vs. dropouts) also revealed a significant association between
membership in the “severe users” subpopulation and a higher chance of early treatment
termination (estimate = -1.96, S.E. = -0.51, p < .001).

3.3 Differential Treatment Effects Within Patient Subgroups: Treatment Progress and
Outcomes by Type of Treatment

In a final step of analysis, we again extended our GMM paralleling the approach of Muthen et
al. (2002) to evaluate for each of the three patient subgroups whether treatment progress and
outcomes differed depending on the type of treatment. In this final GMM, we regressed the
intercept and of the slope of the ASI-Drug Use Composite Score dimension on the type of
treatment (which was dummy-coded for these analyses) within each of the three patient
subgroups, which allowed us to assess the treatment assignment impact on changes in the
course within classes (i.e., patient subgroups). When doing these regression analyses, we
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focused on the ASI–Drug Use Composite Score as this was the primary outcome measure in
our study (calculating a GMM to predict change in the number of days using cocaine during
the past 30 days would have been computationally very demanding as this count outcome
variable requires a numerical integration algorithm for parameter estimation). Predictions of
the intercept of the ASI–Drug Use Composite Score then allowed us to estimate whether there
had been differences in overall drug use depending on the type of treatment already at intake,
whereas the linear slope is the growth parameter best representing change over time. The lower
part of Table 4 shows two significant regression coefficients: being treated with SE was
associated with lower ASI– Drug Use Composite Scores at intake in the “severe users”
subgroup and being treated with IDC predicted a more rapid reduction of the ASI–Drug Use
Composite Score during active phase treatment among the “moderate responders.”

Table 3 shows the pre-to-post treatment changes in the ASI–Drug Use Composite Score and
in the number of days using cocaine depending on the type of treatment for those patients with
a post-assessment after 6 month of active phase treatment. Although not reaching statistical
significance, treatment outcomes of IDC again tended to be better than outcomes of the other
treatments under consideration in the subgroup of “moderate responders” (Table 3).
Corresponding to the findings of the regression analyses, in the other two patient subgroups
there were also no statistically significant differences in pre-to-post changes depending on the
type of treatment (Table 3).

Finally, in all three patient subgroups there were also no significant differences between the
four treatment modalities in the follow-up assessments. However, the “moderate responders”
in IDC tended use less drugs compared to the other treatments under consideration also in a
longer term perspective (results of these analyses are not shown because of space limitations).

4. Discussion
Whereas the efficacy of psychosocial interventions for the treatment of cocaine dependence
has been demonstrated (Carroll, 2005; Dutra et al., 2008; Woody, 2003), there is an ongoing
debate whether different psychosocial interventions are equally effective or some are superior
to others (Carroll et al., 1998; Crits-Christoph et al., 1999; Higgins et al., 1993; Maude-Griffin
et al., 1998). In this study, we examined differential effects of the four psychosocial
interventions for cocaine dependence evaluated in the NIDA CCTS (IDC, CT, SE, and GDC)
in subgroups of cocaine dependent individuals. Using GMMs, we identified three distinct
patient subgroups on the basis of similar initial impairment and change during treatment in the
target outcome behaviors of treatments for cocaine dependence–in cocaine use and in overall
drug use.

There was a first patient subgroup including more than half (52%) of the patients in our study.
Compared to the two other patient subgroups identified in the study, these “common and fast
responders” entered treatment with moderate cocaine use and with moderate overall drug use,
and they then experienced a very rapid reduction of cocaine and of overall drug use already in
the first month of treatment irrespective of the type of psychosocial treatment. These “common
and fast responders” also retained their benefits over a one-year period after treatment
termination, and there were again no differential treatment effects over this follow-up period
indicating that there were no delayed differential effects of professional psychotherapies (CT
and SE) as they have been reported in previous studies (Carroll et al., 1994b). These findings
suggest that the type of psychosocial treatment does not matter for a large subgroup of patients
with cocaine dependence; the common cocaine dependent individual seems to benefit clearly
and to the same extent from each of the four psychosocial interventions. Interestingly, this
seems to apply even for a minimal intervention such as GDC. If this finding would be replicated
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in future studies, then other criteria than efficacy (e.g., different costs of treatments) may gain
importance when deciding which psychosocial treatment to provide to these patients.

However, when comparing the outcomes of IDC, CT, SE, and GDC alone in terms of sample
means, Crits-Christoph et al. (1999) found IDC to be superior to the other three psychosocial
interventions in reducing cocaine use as well as overall drug use. According to our findings,
this superiority of IDC seems to be mainly attributable to better outcomes of IDC in a subgroup
of “moderate responders.” This patient subgroup included about one third (35%) of the patients
and was characterized by very similar initial cocaine use and overall drug use as the subgroup
of the “common and fast responders”, but the moderate responders then, on average,
experienced a clearly less rapid reduction of overall drug and of cocaine use during treatment.
Predictor analyses to identify patient characteristics that are indicative for these “moderate
responders” revealed that, compared to the more rapid responding “common and fast
responders”, the “moderate responders” had more social and environmental problems and
reported lower endorsement of the philosophy and behaviors advocated in the 12-step programs
at the beginning of treatment. If replicated, these findings suggest that IDC might be a
specifically appropriate treatment for moderately severe patients with a psychosocial
environment detrimental to recovery (low support of family, friends, or others in the patient's
home setting) and with low endorsement of the 12-step philosophy who are prone to only
moderate improvement during treatment. (Note that even though these “moderate responders”
were characterized by low baseline endorsement of the 12-step philosophy, they seem to benefit
most of IDC which relies on the specific stages, tasks and goals based on this philosophy).

Whereas these “moderate responders” cannot be discriminated from the “common and fast
responders” in terms of the magnitude of drug use when entering the treatment, there was a
third subgroup of patients (about 13% of the patients in our study) who were characterized by
high overall drug use and cocaine use. Like the “moderate responders”, these “severe users”
also reported more environmental and social problems and lower endorsement of the 12-step
philosophy at baseline compared to the “common and fast responders.” Additionally, they also
reported less resistance to treatment. Taking into account that the respective subscale of the
RAATE-CE includes items asking whether a patient is aware of and accepts having an addiction
problem and whether he or she is open to treatment, the severe users seem no longer to be able
to deny their addiction problems and their need for treatment as a consequence of their severe
drug use. During treatment, they then reduced their cocaine and overall drug use moderately,
and it seems that the type of psychosocial intervention does again not matter among these
severe users. The magnitude of the reduction of overall drug use and of cocaine use during
active phase treatment resembled the one among the moderate responders with moderate
improvement. However, the “severe users” then experienced a continued reduction of
substance use during the booster phase (i.e., up to the assessment at month 9 after baseline; see
Figure 1), though particularly their cocaine use then again increased during the subsequent 3
months. Whereas their overall drug use approached the level of the moderate responders during
the year following active phase treatment, they consistently reported higher cocaine use during
this phase. These findings suggest that longer treatments might be necessary among severe
cocaine users. Taking into account the relatively high drop out rate in this subgroup, clinicians
should also be aware to take further measures to aid in the patients retention in this subgroup
in order to enhance treatment outcomes among the severe users.

In this study, we demonstrated that several subpopulations can be distinguished among cocaine
dependent individuals in terms of initial cocaine and overall drug use and their change during
psychosocial interventions. This finding of different treatment courses is clinically appealing
and consistent with previous findings from psychotherapy research (Barkham et al., 1993; Lutz
et al., in press; Stulz and Lutz, 2007; Stulz et al., 2007). However, our patterns of change
differed somewhat from those found by Morral et al. (1997) in another substance use sample.
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Possible explanations for these differences might be that the 4 response classes identified by
Morral et al. (“improving”, “stable-good”, “stable-poor”, and “deteriorating”) were found in
a diagnostically different sample (opioid-dependent methadone maintenance patients), based
on a different outcome measure (monthly assessed urine specimens) and extracted with a
different method (cluster analysis).

Furthermore, although psychotherapy research often failed to find clear outcome differences
between different treatment schools (Luborsky et al., 2002; Luborsky et al., 1976; Wampold,
2001), our findings suggest that this is not necessarily true for cocaine dependent patients when
using methods that sufficiently account for the heterogeneity among patients. In fact, our
findings suggest that different psychosocial treatments for cocaine dependence may have a
different impact on the course of substance use in different subgroups of patients. The
superiority of IDC to other treatments found in previous analyses of the CCTS data (Crits-
Christoph et al., 1999) seems to apply for moderate responders with high social problems and
low initial endorsement of 12-step treatment philosophy but not for other patients. In line with
findings from previous research (Cuijpers et al., 2005), our results therefore suggest that
treatment research should give sufficient consideration to the heterogeneity within samples of
patients to provide a thorough evaluation of the efficacy of different interventions.

Finally, our research basing on typical patterns of change in drug use during treatment can also
strengthen the research on moderators of treatment effects. If patient baseline characteristics
that enable allocation of patients to subgroups are identified, then this allows us to predict for
a specific patient already at intake from which type of treatment he or she will benefit most (or
whether the type of treatment does most probably not matter for that specific patient). Such
predictions of individual treatment courses furthermore might then also be used as benchmark
to monitor and evaluate the actual treatment progress of an individual patient and to
immediately feed back this information to therapists in the field of patient-focused research
(e.g., Haas et al., 2002; Howard et al., 1996; Lutz et al., 2005; Lutz et al., 1999).

However, our study also has some limitations: First, because these analyses were post-hoc
exploratory analyses, further research is necessary to examine whether the three patient
subgroups that have been identified in our study are typical for patients with cocaine
dependence, especially since we draw a subsample from the original CCTS sample that only
included those patients with enough assessment to conduct our complex longitudinal analyses.
This selection may have affected our findings. Second, it should be kept in mind that the data
of the CCTS was generated under controlled conditions which brings some limitations
concerning external validity. Therefore, further research should examine whether the typical
patterns of drug use are also found in naturalistic settings and in routine care. Third, due to the
quite small number of subjects in the severe users subgroup (which is related to a low statistical
power), the findings concerning this subgroup should be treated with caution. Fourth, it remains
unclear whether our findings also generalize to cocaine patients with more severe psychiatric
comorbidity as current psychotropic medication was an exclusion criterion in the CCTS. Fifth,
if available, weekly collected urine specimens were used to examine the validity of self-
reported drug use as measured by the ASI. Only 15% of the urine tests indicated some drug
use during a month when the patient denied use. Despite this good agreement between urine
test results and self-reports of cocaine use, whether patients were using cocaine at times when
no urine assessments were available is unknown. And finally, future studies should also
examine additional predictors as well as change in other (e.g., biomedical) outcome measures.

Despite these limitations, our findings suggest that there is significant heterogeneity among
patients with cocaine dependence and that the effects of psychosocial interventions might be
different for different subpopulations of patients. Such findings can then also be helpful for
patient classifications that indicate which treatment is most effective for which type of patient.
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Figure 1.
Typical Patterns of Change in Overall Drug Use and in Cocaine Use in the Three Patient
Subgroups: (a) Common and Fast Responders, (b) Moderate Responders, and (c) Severe Users.
The Left Half of Each of the Figures Shows the Estimated Mean Latent Growth Trajectories
of the Monthly Assessments During the 6-Month Active Phase Treatment, the Right Half of
Each of the Figures Shows the Observed Outcomes at the Follow-Up Assessments 9, 12, 15
and 18 Months After the Randomization. The y-Axes on the Left Refer to Overall Drug Use
(ASI–Drug Use Composite Scores), Those on the Right to Cocaine Use (Number of Days
Using Cocaine During the Past Month).
Note: Overall drug use was measured by the Addiction Severity Index (ASI)–Drug Use
Composite Score, cocaine use by the ASI item counting the number of days using cocaine
during the past 30 days.
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Table 1

Pre-to-Post Changes During the 6-Month Active Phase Treatment: Comparisons between Patient Subgroups.

Outcome
Variable /
Change
Criterion

Patient Subgroup

Test
(significant comparisons)

1. Common and
Fast Responders

(n = 169)

2. Moderate
Responders

(n = 111)
3. Severe Users

(n = 42)

ASI–Drug Use Composite Score

 d 1.99 1.19 0.92 p < .001a
(1.–2.) (1.–3.)

 No.
Reliably
Improved (%)

117 (69 %) 46 (41 %) 18 (43 %) p < .001b

Number of Days Using Cocaine During the Past 30 Days

 Reduction
in the
Number of
Daysc

8.75 (7.71)*** 6.05 (7.15)*** 6.60 (9.51)*** p < .05a
(1.–2.)

Note: ASI = Addiction Severity Index; d = pre-to-post effect size (Cohen's d).

a
Analysis of variance with post-hoc comparisons.

b
χ2-test.

c
t-test to compare pre-to-post active phase treatment change within patient subgroups.

***
p < .001.
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