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Abstract
Aims—The current study was designed to re-examine the motivation matching hypothesis from
Project MATCH using growth mixture modeling, an analytical technique that models variation in
individual drinking patterns.

Design, setting and participants—Secondary data analyses of data from Project MATCH (n
= 1726), a large multi-site alcoholism treatment-matching study.

Measurements—Percentage of drinking days was the primary outcome measure, assessed from
1 month to 12 months following treatment. Treatment assignment, alcohol dependence symptoms
and baseline percentage of drinking days were included as covariates.

Findings—The results provided support for the motivation matching hypothesis in the out-
patient sample and among females in the aftercare sample: the majority of individuals with lower
baseline motivation had better outcomes if assigned to motivation enhancement treatment (MET)
compared to those assigned to cognitive behavioral treatment (CBT). In the aftercare sample there
was a moderating effect of gender and alcohol dependence severity, whereby males with lower
baseline motivation and greater alcohol dependence drank more frequently if assigned to MET
compared to those assigned to CBT.

Conclusions—Results from the current study lend partial support to the motivation-matching
hypothesis and also demonstrated the importance of moderating influences on treatment matching
effectiveness. Based upon these findings, individuals with low baseline motivation in out-patient
settings and males with low levels of alcohol dependence or females in aftercare settings may
benefit more from motivational enhancement techniques than from cognitive–behavioral
techniques.

Keywords
Client–treatment-matching; cognitive–behavioral therapy; growth mixture modeling; motivation
to change; motivational enhancement therapy; Project MATCH

INTRODUCTION
Motivation to change is often considered a central construct in the treatment of alcohol use
disorders [1]. Motivational interviewing (MI) [2] and motivation enhancement therapy
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(MET) [3], which were designed specifically to increase motivation to change behavior,
have been shown to be effective and efficacious in the treatment of both alcohol and drug
use disorders (see [4]). Clients’ initial motivation to change alcohol-related behavior
certainly informs delivery of MI and MET [4], and may then impact effectiveness. For
example, in a randomized trial with problem drinkers, Heather and colleagues [5] found that
MI was more effective in reducing alcohol consumption than behavior-change skills training
for low-motivated clients. However, Maisto and colleagues’ [6] report contrasting effects in
a randomized controlled trial (RCT) comparison of MET and brief advice with a similar
alcohol-misusing population. Although reviews [7–9] consistently note post-intervention
motivation as a robust predictor of change in alcohol-related behavior, the collective data
from smaller, single-site studies remain equivocal as to whether MET or other adaptations of
MI are differentially effective for clientele of varying pre-treatment motivation.

On strictly conceptual grounds it seems quite reasonable—if post-treatment motivation for
change is a desired proximal outcome—that MET interventions that target a strengthening
of client motivation via resolution of ambivalence about change might be more helpful than
some alternatives for clients who arrive for treatment less eager to engage in services. Based
upon this logic and prior research, the Project MATCH Research Group [10] originally
proposed that clients with low baseline motivational readiness to change would have better
outcomes if assigned to MET [3], compared to those assigned to cognitive–behavioral
treatment (CBT), a treatment that was designed to teach clients specific skills such as coping
behavior, examining thoughts and problem solving [11]. Project MATCH was a multi-site,
randomized clinical alcohol treatment study designed to test a number of client attribute ×
treatment-matching hypotheses in both free-standing out-patient treatment and continuing
care following a more intensive treatment episode. However, the Project MATCH Research
Group [10,12] found minimal support for the motivation-matching hypothesis. Among the
out-patient participants there was a significant motivation × treatment effect in the expected
direction, but only at the 15-month follow-up: low-motivated MET clients had more days
abstinent than low-motivated CBT clients [13]. Immediately following treatment the low-
motivated clients assigned to CBT had significantly more days abstinent than the low-
motivated clients assigned to MET. Among the highly motivated clients, there were no
differences in drinking outcomes between MET and CBT clients at any time-points. For the
continuing care (i.e. aftercare) sample, there was no significant motivation × by treatment
interaction effect. The recently reported results from the UK Alcohol Treatment Trial [14], a
multi-site study designed to test similar matching hypotheses to Project MATCH, also
provided no support for a motivation × treatment-matching effect.

These null findings for the motivation-matching hypothesis may be explained partially by
three factors: first, the manner in which the Project MATCH researchers defined ‘low’
versus ‘high’ motivation. To measure motivation the University of Rhode Island Change
Assessment (URICA) [15] scores for each client were divided to create low, medium and
high motivation subgroups [13]. To examine the impact of treatment on alcohol use at
varying levels of motivation, clients in the medium subgroup were excluded from analyses,
leaving only the lower and upper thirds to represent low and high motivation, respectively.
However, excluding the middle third and using only the lower and upper third of cases
substantially reduces statistical power [16]. Secondly, as discussed by the United Kingdom
Alcohol Treatment Trial (UKATT) Research Team [14], it could be that in both Project
MATCH and the UKATT trial the matching hypotheses were too simplistic and perhaps
matching on client profiles that consist of more than one matching variable might be needed.
For example, a recent review of predictors of alcohol treatment outcomes suggested that it is
important to examine interactions between multiple client characteristics (e.g. gender and
problem severity) in the prediction of outcomes [17]. It may be the case that a hypothesized
matching variable could be meaningful for females, but not males (or the converse), as
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suggested by original inclusion of gender-matching hypotheses in Project MATCH.
Consistent with this notion, Greenfield and colleagues [18] recently found a three-way
interaction between psychiatric symptoms, time and treatment group (mixed-gender via
women-only groups) in the prediction of substance use outcomes. Finally, both the Project
MATCH and UKATT analytical techniques did not take advantage of the heterogeneity in
post-treatment drinking patterns. When a behavior is highly heterogeneous (as drinking
often is following treatment) it is often useful to characterize that heterogeneity in order to
identify discrete patterns of growth. Not doing so can obscure important relationships, which
can result in null findings [19]. Alluding to this issue in their discussion of the motivation
matching findings, DiClemente and colleagues [13] stated: ‘we need to understand better the
larger process of change for drinking behavior in order to be able to better promote
movement through that change process’ (p. 220).

Gaining a better understanding of the process of drinking behavior change was the primary
goal of two recent studies designed to re-examine two of the Project MATCH matching
hypotheses by applying a novel analytical technique, growth mixture modeling (GMM), to
the Project MATCH data [19,20]. Specifically, Witkiewitz and colleagues [19] found partial
support for the self-efficacy matching hypothesis (individuals low in self-efficacy at baseline
would have better outcomes if assigned to CBT compared to MET) in the prediction of
percentage of drinking days among the out-patient MATCH sample. Wu & Witkiewitz [20]
found partial support for the network support hypothesis [individuals with high network
support for drinking would have better outcomes if assigned to 12-Step facilitation (TSF)
compared to CBT or MET] in the prediction of drinking consequences in the out-patient
MATCH sample.

The goals of the current study were to replicate the unconditional mixture models that were
conducted with the Project MATCH out-patient sample [19] in the Project MATCH
aftercare sample; and to use GMM to re-examine the Project MATCH motivation-matching
hypothesis, which stated that clients low in motivational readiness to change at the
beginning of treatment would have better outcomes if assigned to MET compared to CBT,
whereas CBT would be better for clients who had higher motivational readiness to change
prior to the start of treatment.

In addition, we considered two hypotheses that contained higher-order interactions. First,
given recent analyses of the Project MATCH data that identified alcohol dependence as a
significant predictor of drinking outcomes using a mixture modeling approach [21], we
incorporated alcohol dependence as a predictor of outcomes. Informed by review of the
Project MATCH monographs, we hypothesized that individuals with higher dependence
severity would have worse drinking outcomes if assigned to MET [22]. Secondly, we were
interested in testing whether outcome differences occurred by gender. Recent research has
identified gender as a significant predictor of outcomes [17] and others have suggested the
importance of examining complex relations between gender and treatment settings in the
prediction of outcomes [18,23]. Specifically, we hypothesized that women would have
better outcomes than men and that women with low motivation assigned to MET would
have better outcomes than women with low motivation assigned to CBT. We did not have
any specific hypotheses about outcome differences between men and women with respect to
out-patient and aftercare treatment settings; however, given the findings of Greenfield et al.
[18] we did examine potential interactions between gender, treatment setting and outcomes.
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METHODS
Participants and procedures

Project MATCH recruited 1726 clients (952 out-patient and 774 aftercare) from 10 clinical
research units across the United States. In the out-patient arm, participants were recruited
from the community or out-patient treatment centers. In the aftercare arm, participants were
recruited from intensive day hospital or in-patient treatment centers. Upon meeting the
inclusion and exclusion criteria [10], participants were given an intake assessment and were
then randomized to one of three treatments: (i) CBT [11], (ii) MET [3] or (iii) TSF [24]. All
treatments were delivered over the course of 3 months. In the current study only the CBT (n
= 567) and MET (n = 577) groups were included in the analyses. Table 1 displays
characteristics for the MET and CBT participants. For more information on demographics,
please refer to previous publications from Project MATCH [10,12,25] Follow-up
assessments were conducted immediately post-treatment, 6, 9, 12 and 15 months after
intake. Measures relevant to the current study are described below. For a comprehensive list
of all assessments see Project MATCH [10,12].

Measures
Drinking frequency—The criterion variable for the current study was percentage of
drinking days (PDD) in all months following treatment, derived from the Form-90
instrument [26]. PDD is a reflection of percentage of days abstinent (PDA), which was one
of the primary outcome measures in Project MATCH and the only outcome measure for
which partial support was found of the motivation-matching hypothesis. PDA has also been
identified as a measure of drinking frequency that is commonly employed [27]. Subtracting
PDA from 100 to create PDD provided a zero point that represented the absence of drinking,
which was necessary for the two-part modeling strategy described below. It is also important
to note that because of the modeling strategy employed in the current study we did not
perform any transformations of PDD, as was conducted in Project MATCH. As described
below, the strategy used in the current study assumes non-normality of the dependent
variable and thus does not require the dependent variables to be distributed normally. In
Project MATCH self-reported drinking data were corroborated via collateral informants and
biochemical measures [12]. Drinking frequency in the first month following treatment was
used as the first time-point in the growth mixture models, described below. Baseline PDD
was also included as a covariate in all analyses.

Motivation for change—The University of Rhode Island Change Assessment (URICA)
[15] scores were used to assess motivation for change at intake. The URICA includes 28
items assessing a client’s motivation for change measured on a five-point scale (1 = strongly
disagree to 5 = strongly agree). The 28 items were used to calculate a total readiness score
(continuous measure) by summing together the average scores on contemplation, action and
maintenance sub-scales and subtracting the average score on the pre-contemplation subscale.
The total readiness score was used as the primary measure of motivation in Project MATCH
and the current study. The reliability of the URICA readiness score was adequate
(Cronbach’s α 0.75).

Alcohol dependence was defined as the number of current alcohol dependence symptoms
(range 0–9), based on the Structured Clinical Interview for DSM disorders (SCID) [27]
administered prior to treatment.

Statistical analyses
Growth mixture modeling (GMM) is an analytical strategy that takes into account individual
variability in the process of change across time [28]. GMM is a type of finite mixture model,
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which is a statistical tool that can be used to approximate a ‘mixture’ of normal distributions
from a non-normal distribution. In the case of GMM, non-normally distributed growth
factors (i.e. intercept and slope) are approximated as multiple classes of continuous growth,
such that common patterns of drinking trajectories could be estimated separately from
dissimilar trajectories. Each ‘class’ of drinking trajectories is approximately normally
distributed (a testable assumption), with its own mean growth and variation around the mean
growth. Importantly, recent criticisms of GMM [29] and simulation studies [30,31] have
indicated that using GMM to identify classes and then making direct inferences regarding
the estimated classes can result in erroneous conclusions (for an overview see [32,33]).
However, using GMM as a statistical tool for parsing heterogeneity and then returning to the
whole population (rather than individual classes) when making inferences avoids many of
the previously identified problems of the direct applications of GMM. This ‘indirect’
application of GMM simply identifies a number of latent trajectory classes and then
evaluates expected values of trajectory intercepts, slopes or covariate effects mixed over
classes, providing a single set of estimates using an average across the within-class predicted
values.

GMM can also be extended to include covariates and can be used within a two-part
framework for semi-continuous outcomes (an outcome that is characterized by a continuous
distribution with a preponderance of values at one or more locations). Alcohol use is often
semi-continuous immediately following treatment where most individuals are not drinking
and other individuals are drinking some amount, which is distributed continuously across
individuals. The two-part model (see [19,34]) includes a logistic growth model to derive
estimates of drinking versus not across time and a continuous growth model that
incorporates drinkers and non-drinkers to estimate the average alcohol use, if any, for all
participants, across time [34].

The program Mplus version 5.21 [35] was used to estimate all models. Mplus utilizes full
information maximum likelihood estimation under the assumption of missing at random
(MAR) with robust standard errors (called the MLR estimator in Mplus), an accepted
approach for handling missing data [21,36].

Data analyses can be summarized in two steps. First, a series of unconditional two-part
growth mixture models were estimated in the aftercare sample in an attempt to replicate the
out-patient three-class growth mixture model identified previously [19]. The relative fit of
models with varying numbers of classes was assessed using the two most widely cited
methods: the Bayesian information criterion (BIC) and the bootstrapped likelihood ratio test
(BLRT) [29,37,38]. The BIC provides a measure of relative model fit (when comparing
similar models) where smaller values of the BIC indicate a better-fitting model. The BLRT
provides a significance test for the fit of a k − 1 class model against a k class model, with a
significant P-value indicating that the null hypothesis of k − 1 classes should be rejected in
favor of at least k classes [38].

PDD at months 4–15 (post-intake, 1–12 months post-treatment) were used as the observed
indicators in the growth mixture model. Five continuous latent growth factors were
estimated: three for the continuous growth process: (i) intercept (i.e. PDD following
treatment), (ii) linear slope (i.e. linear rate of change after treatment), (iii) quadratic slope
(i.e. non-linear rate of change after treatment); and two for the categorical growth process (i)
intercept (i.e. drinking or not following treatment) and (ii) linear slope (i.e. rate of change in
drinking or not). Individuals were allowed to vary on intercept and linear slope terms within
each class. The variance of the quadratic slope was fixed at zero because negative variances
were estimated in some iterations (indicating that the observed variance was near zero).
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Secondly, the URICA scores at baseline were mean-centered and incorporated into a series
of conditional two-part growth mixture models. The three covariates, baseline URICA
scores, treatment assignment (CBT = 0 versus MET = 1) and the URICA × treatment
assignment interaction, were added to the model systematically in order to evaluate model
stability under different model specifications (e.g. predicting class membership, predicting
growth parameters). The individual growth factors within each class (i.e. class-varying)
were regressed on the three covariates of interest providing within-class predicted regression
estimates. A mixed-effect estimate was then calculated by weighting the within-class
predicted values by the probabilities of class membership (given the covariate effects) and
then summing together the within-class weighted regression estimates to provide a single-
population level estimate of the regression of the growth factors on the covariate effects.
Baseline PDD and alcohol dependence were also included as covariates of within-class
growth.

RESULTS
Unconditional models: replication of GMM with aftercare sample

In the current study the unconditional three-class two-part growth mixture model of drinking
frequency provided the best balance of parsimony and model fit in the aftercare sample,
replicating the findings from the out-patient sample reported by Witkiewitz et al. [19]. For
drinking frequency the three classes were defined by evaluating the means of the class-
specific growth factors. In the aftercare sample, class 1 (‘infrequent drinkers’) had a mean
PDD intercept of 4% with a non-significant slope (P = 0.97), with approximately 72.0% of
the sample (n ≈ 379) most probably classified in class 1. Class 2 (‘increasing frequency
drinkers’ were comprised of approximately 12.5% of the sample, n ≈ 66) had a mean PDD
intercept of 9% and a significantly positive slope of 18% (P < 0.001). An additional 15.5%
of the sample (n ≈ 82) was most probably classified in class 3 (‘frequent drinkers’), which
had a mean PDD intercept of 73% and a non-significant slope (P = 0.58). Average latent
class probabilities showed a strong correspondence between latent class probabilities and
most probably latent class membership (probabilities of correct classification were 0.89,
0.96 and 0.95 for classes 1–3, respectively).

Conditional models
Next, the conditional model shown in Fig. 1 was estimated. For both out-patient and
aftercare samples the class probabilities in both conditional models mirrored the estimates
from the unconditional models, and classification quality did not change with the inclusion
of covariates. As shown in Table 2, for the out-patient sample baseline PDD, treatment
condition and the motivation × treatment interaction were significant predictors of the slope
of drinking frequency, baseline PDD was also a significant predictor of the intercept, and
both baseline PDD and number of alcohol dependence symptoms were related significantly
to the intercept of any drinking. For the aftercare sample, baseline PDD and alcohol
dependence symptoms were related significantly to the intercept of PDD, and no other
covariate effects were significant.

Motivation × treatment interaction
In the out-patient sample the motivation × treatment interaction effect was a significant
predictor of the change in drinking frequency over time [B (SE) = 0.01 (0.002], P = 0.01 f2 =
0.02). As seen in Fig. 2a, individuals who were assigned randomly to MET with lower
baseline motivation (below-average motivation) evinced less of an increase in the slope of
drinking frequency compared to those assigned to CBT, supporting the Project MATCH
matching hypothesis. The motivation × treatment interaction effect was not significant in the
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aftercare sample. As shown in Fig. 2b, individuals with low baseline motivation, regardless
of treatment assignment, had greater increases in drinking frequency over time.

Within the context of using the indirect method of growth mixture modeling, the meaning of
the significant motivation × treatment interaction effect in the out-patient sample can be
interpreted as: across the population of individuals with low motivation to change at the
initiation of out-patient alcohol treatment, those who received MET were likely to drink less
frequently over time compared to those who received CBT. However, this effect needs to be
evaluated in the context of the analysis, which essentially parses the heterogeneity of
drinking outcomes into discrete classes of drinkers, estimates the effect of the motivation ×
treatment interaction within each class, and then combines across classes to create a
summary estimate that can be generalized to a population. The interaction effect within each
class is weighted by the size of each class and then pooled to make a population estimate,
therefore the population estimates are determined predominantly by the estimated effect
within the largest class (the ‘infrequent drinking’ class in the current sample). Further
evaluation of the within-class effects indicated that the motivation-matching effect was a
significant predictor of slope only within the infrequent drinking class. Thus, based on these
analyses we can conclude that for the majority of individuals (69% of the out-patient
sample, as reported in Witkiewitz et al. [19]) the motivation-matching hypothesis was
supported, but it was not supported for all individuals in the sample.

Higher-order interactions
Previous Project MATCH analyses have identified discrepancies across results from the out-
patient and aftercare samples in the relation between drinking outcomes and both alcohol
dependence symptoms [39] and gender [40], so to further examine the disparity in the
significance of the interaction effect across out-patient and aftercare samples we examined
whether alcohol dependence and/or gender influenced the lack of an interaction effect in
either sample. To evaluate this question we conducted moderation analyses with mean-
centered alcohol dependence scores multiplied by mean-centered motivation and with
gender multiplied by mean-centered motivation scores using the methods described by
Aitken & West [41]. In order to probe the interaction for alcohol dependence we
dichotomized alcohol dependence symptoms at 1 standard deviation (SD) below and above
the mean of alcohol dependence symptoms within each treatment arm and then examined
the relation between baseline motivation and model estimated individual drinking slopes at
each level of alcohol dependence. The gender interaction was examined by looking at the
relation between baseline motivation and treatment group and model-estimated individual
drinking slopes by gender.

As shown in Fig. 3a, among the aftercare participants there was an interaction between
motivation and treatment in predicting drinking slope in the hypothesized direction for
females. However, the matching effect was in the opposite direction for individuals with an
above-average number of alcohol dependence symptoms (Fig. 3b): highly alcohol-
dependent individuals with lower baseline motivation assigned to MET evinced the greatest
increase in drinking frequency over time. Finally, as shown in Fig. 4a and b, the Project
MATCH matching hypothesis was supported among females, particularly among those
females at higher levels of alcohol dependence (Fig. 4a), and a reverse interaction effect
with alcohol dependence was found only among males with the highest number of alcohol
dependence symptoms (Fig. 4b). Moderated regression analyses were then conducted to
examine the significance of these effects. As shown in Table 3, the three-way alcohol
dependence × treatment × motivation interaction was significant for males [B (SE) = −0.004
(0.002), P = 0.03, f2 = 0.03], but not for females [B (SE) = 0.004 (0.003), P = 0.18, f2 =
0.02] in the aftercare sample. The three-way interaction was not significant for the out-
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patient sample and neither alcohol dependence nor gender moderated the outcomes found in
the out-patient sample.

Replication of findings across outcome measures
Although not reported here to conserve space, the analyses for the PDD outcome were
replicated with the drinks per drinking day (DDD) outcome measure and with the Drinker
Inventory of Consequences (DrInC) [42]. For both the DDD and DrInC models the effects
were in the same direction as observed with the PDD outcome, indicating significant
treatment × motivation interactions in the prediction of change over time for both DDD and
DrInC scores in the out-patient sample. There was also a significant treatment × motivation
interaction effect in the prediction of DrInC slope in the aftercare sample. The aftercare
findings for the DDD outcome were consistent with the PDD outcome findings (significant
interaction effects for females and males with low levels of alcohol dependence). Full results
from these analyses are available from the first author.

DISCUSSION
Project MATCH has been criticized widely for failing to find support for the large majority
of the matching hypotheses [43]. The current study found partial empirical support for the
motivation matching hypotheses during the first year following treatment. The majority of
out-patient participants with lower baseline motivation to change their drinking who were
assigned to MET had better outcomes (less frequent drinking) over time compared to low-
motivated participants assigned to CBT. Among aftercare participants there was not a
significant matching effect for the total sample; however, low-motivated females and low-
motivated males with below-average alcohol dependence (1 SD below the mean number of
alcohol dependence symptoms for aftercare participants), who were assigned to MET,
reported less frequent drinking over time, whereas those assigned to CBT reported more
frequent drinking over time. Among males in the aftercare sample with above-average
alcohol dependence (8.77 symptoms of dependence or greater), those with lower baseline
motivation had significantly worse outcomes if assigned to MET compared to those with
lower baseline motivation assigned to CBT.

It is important to point out some sampling differences between the out-patient and aftercare
arms that might help to explain the disparate findings across treatment settings. In general,
individuals in aftercare and male participants had significantly more alcohol dependence
symptoms (out-patient versus aftercare: t(1142) = −8.91, P < 0.001; males versus females:
t(1142) = 2.53, P = 0.01). Moreover, there were significant differences between dependence
symptoms among males and females in the aftercare condition (t(525) = 2.89, P = 0.004), but
not among males and females in the out-patient condition (t(615) = 0.19, P = 0.85). Thus, of
all Project MATCH groups, males in aftercare had significantly more symptoms of
dependence. These results are consistent with the original alcohol involvement-matching
hypothesis: that individuals with high levels of alcohol dependence are less likely to benefit
from a less intensive treatment (e.g. MET) and this might especially be the case for
individuals with high levels of dependence and low levels of motivation to change.

Findings that help to identify client moderators of MET effectiveness—particularly those of
a larger, multi-site trial such as Project MATCH—inform our notions of treatment-
matching. Current findings may be particularly useful given inconsistent moderation effects
of baseline client motivation reported previously in smaller, single-site studies [5,6,44]. The
field continues to explore other potential moderators of MET effectiveness, including client-
variables that might be expected to overlap with client motivation—such as whether one is/
is not mandated to alcohol treatment, or has a high/low alcohol problem severity. In a meta-
analytical review of the effectiveness of MI-based interventions for alcohol misuse, Vasilaki
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and colleagues [9] lend support to the moderating effects of these variables—concluding
that MI-based interventions are most effective with those seeking alcohol treatment of their
own accord, and/or with mild-to-moderate alcohol dependence. Although original Project
MATCH analyses identified client anger as a predictor of differential effectiveness of MET
[45], subsequent attempts to establish other client moderators of MI-based interventions
have been less convincing. Basic demographic dimensions (e.g. age, gender) have generally
not been robust or reliable predictors of outcome—with the noted exception of client
ethnicity [8].

A key limitation of this secondary analysis project was an inability to examine specific
mechanisms through which the motivation-matching effect may work. MET worked better
for low-motivated clients, presumably because MET was designed to increase motivation to
change, which then facilitates a change in drinking behavior. While Project MATCH did
administer the URICA at the end of treatment, previous research [13] and our measurement
invariance testing indicated that the responses to the URICA measure shifted over time, such
that the end of treatment URICA scores and baseline URICA scores were not measuring the
same construct. Thus, determining whether an increase in motivation from pre-treatment to
end of treatment was the mechanism of change in the current study was not possible. Future
studies could examine changes in motivation during the course of treatment and whether
these changes mediate the relationship between treatment assignment and alcohol treatment
outcomes. An additional limitation is the relatively small effect sizes, even for those effects
that were statistically significant, as well as the large number of statistical tests. As
described by Finney [46], these weaker higher-order interactions might not be very
promising for identifying client–treatment matches, and focusing upon individual
differences in responses to treatment via adaptive treatment designs [47] could yield better
treatment outcomes.

The results of this study have two direct treatment implications. First, the majority of
individuals seeking out-patient treatment who are not motivated to change their drinking
behavior may benefit more from MET than CBT, because in the absence of motivation skills
training could be premature [5]. Secondly, low-motivated males with higher levels of
alcohol dependence in in-patient or aftercare settings might fare better with CBT. It may
also be the case that MET and skills training need to be provided concurrently based on the
evolving needs of the client. For example, MET could set the tone and provide the base for
treatment, which could be supplemented by selective skills training when the client
demonstrates skills deficits [48,49]. Current findings may also hold broader implications for
those utilizing and evaluating MET-based interventions. By advancing understanding of
with whom MET interventions are most effective, findings may inform ongoing efforts to
identify mechanisms that contribute to client behavior change [50]. Identification of client
and setting attributes that influence effectiveness of MET may also increase understanding
of the specific therapeutic processes that distinguish it from other intervention approaches
[51]. Finally, current findings that support the original treatment-matching hypotheses of
Project MATCH may also inform decisions about whether and how MET delivery is tailored
for specific client populations. Future research should continue to explore factors that may
account for differential outcomes in evaluation of MET and other empirically supported
approaches to intervention for substance-misusing clients.
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Figure 1.
Hypothesized conditional two-part growth mixture model. PDD: percentage of days
drinking; URICA: University of Rhode Island Change Assessment
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Figure 2.
Interaction between motivation and treatment assignment in predicting the slope of drinking
frequency. CBT: cognitive–behavioural therapy; MET: motivational enhancement therapy

Witkiewitz et al. Page 14

Addiction. Author manuscript; available in PMC 2011 August 17.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



Figure 3.
Interactions between gender, alcohol dependence symptoms, motivation and treatment
assignment in the prediction of drinking frequency. CBT: cognitive–behavioural therapy;
MET: motivational enhancement therapy
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Figure 4.
Three-way interactions between gender, alcohol dependence symptoms, motivation and
treatment assignment in the prediction of drinking frequency. CBT: cognitive–behavioural
therapy; MET: motivational enhancement therapy
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Table 1

Demographic characteristics, baseline motivation and drinking behavior.

Out-patient sample (n = 617) Aftercare sample (n = 527)

MET (n = 316) CBT (n = 301) MET (n = 261) CBT (n = 266)

n (% female) 316 (25.6%) 301 (27.9%) 261 (18.0%) 266 (24.1%)

URICA (SD) 10.60 (1.60) 10.44 (1.80) 11.04 (1.65) 11.10 (1.41)

Alcohol dependence 5.75 (1.81) 5.80 (1.96) 6.89 (1.84) 6.68 (2.01)

PDD baseline (SD) 65% (29%) 67% (29%) 75% (28%) 72% (30%)

PDD month 4 (SD) 25% (30%) 21% (30%) 14% (27%) 14% (27%)

PDD month 5 (SD) 27% (33%) 25% (33%) 16% (29%) 15% (29%)

PDD month 6 (SD) 26% (32%) 26% (32%) 18% (30%) 16% (30%)

PDD month 7 (SD) 26% (31%) 27% (32%) 19% (31%) 15% (28%)

PDD month 8 (SD) 26% (32%) 27% (34%) 22% (35%) 17% (31%)

PDD month 9 (SD) 27% (33%) 30% (34%) 22% (34%) 17% (30%)

PDD month 10 (SD) 29% (35%) 29% (34%) 22% (34%) 18% (30%)

PDD month 11 (SD) 28% (35%) 28% (35%) 22% (35%) 17% (30%)

PDD month 12 (SD) 26% (34%) 28% (34%) 23% (35%) 18% (32%)

PDD month 13 (SD) 28% (35%) 29% (35%) 22% (36%) 19% (32%)

PDD month 14 (SD) 28% (35%) 28% (35%) 22% (35%) 18% (31%)

PDD month 15 (SD) 28% (35%) 28% (35%) 23% (35%) 19% (32%)

MET: motivational enhancement therapy; CBT: cognitive–behavioral therapy; URICA: University of Rhode Island Change Assessment; PDD:
percentage of drinking days. All variables with standard deviation (SD) in parentheses are mean scores.
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Table 2

Regression estimates (standard errors) for conditional growth mixture model.

Out-patient B (SE) Aftercare B (SE)

Intercept on

 PDD baseline 0.41 (0.05)* 0.18 (0.08)*

 Alcohol dependence 0.002 (0.01) 0.03 (0.01)*

 Motivation (URICA) −0.01 (0.02) 0.03 (0.03)

 Treatment (CBT = 0, MET = 1) 0.37 (0.21) −0.11 (0.36)

 Motivation × treatment −0.03 (0.02) 0.01 (0.03)

Slope on

 PDD baseline 0.02 (0.01)* 0.003 (0.01)

 Alcohol dependence −0.001 (0.001) 0.00 (0.001)

 Motivation (URICA) −0.002 (0.001) −0.002 (0.003)

 Treatment (CBT = 0, MET = 1) −0.07 (0.02)* 0.04 (0.04)

 Motivation × treatment 0.01 (0.002)* −0.003 (0.003)

Any drinking intercept on

 PDD baseline 3.17 (0.68)* 0.38 (0.79)

 Alcohol dependence −0.22 (0.10)* 0.16 (0.11)

 Motivation (URICA) −0.24 (0.17) 0.17 (0.21)

 Treatment (CBT = 0, MET = 1) 0.89 (2.32) 3.79 (3.30)

 Motivation × treatment −0.05 (0.22) −0.31 (0.30)

*
Significant at α < 0.05. B: unstandardized regression coefficient; SE: standard error; MET: motivational enhancement therapy, CBT: cognitive–

behavioral therapy; URICA: University of Rhode Island Change Assessment; PDD: percentage of drinking days.
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Table 3

Moderated regression estimates (standard errors) for aftercare sample.

Males B (SE) Females B (SE)

Baseline PDD 0.02 (0.01)* 0.01 (0.01)

Motivation −0.002 (0.003) −0.01 (0.004)

Treatment group 0.06 (0.04) −0.14 (0.07)

Motivation by treatment interaction −0.01 (0.003) 0.01 (0.01)

Alcohol dependence −0.002 (0.002) 0.003 (0.003)

Alcohol dependence by treatment interaction 0.04 (0.02)* −0.04 (0.03)

Alcohol dependence by motivation interaction 0.002 (0.001) −0.001 (0.001)

Alcohol dependence by motivation by treatment −0.003 (0.002)* 0.004 (0.003)

*
Significant at α < 0.05. B: unstandardized regression coefficient; PDD: percentage of drinking days; SE: standard error.
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