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ABSTRACT. Objective: Although the primary focus of clinical tri-
als is on between-group comparisons during treatment, these studies
can also yield insights into which patient characteristics predict longer
term outcomes. Our goal was to identify predictors of good outcome
during the 1-year follow-up in the Combined Pharmacotherapies and
Behavioral Interventions for Alcohol Dependence (COMBINE) Study.
Method: We constructed classification trees and a deterministic forest
to predict no heavy drinking days during the last 8 weeks of the 1-year
follow-up in COMBINE, based on more than 100 baseline predictors
and drinking outcomes during the treatment phase of the study. The
COMBINE sample was randomly split into a training and a validation
data set. Logistic regression models were fit to compare the predictive
performance of tree-based methods and classical methods. Results: A
small tree with only two splits and four nodes based on abstinence and

good clinical outcome during treatment had fair classification accuracy
in the training and the validation samples: area under the curve (AUC)
of 71% and 70%, respectively. Drinking outcomes during treatment
were the strongest predictors in the deterministic forest. Logistic regres-
sion analyses based on four main effects (good clinical outcome, level
of drinking during treatment, age at onset of alcohol dependence, and
feeling more energetic) had slightly better classification accuracy (AUC
= 74%). Conclusions: End-of-treatment outcomes were the strongest
predictors of long-term outcome in all analyses. The results emphasize
the importance of optimizing outcomes during treatment and identify
potential subgroups of individuals who require additional or alterna-
tive interventions to achieve good long-term outcome. (J. Stud. Alcohol
Drugs, 76, 935–941, 2015)

Received: February 24, 2015. Revision: June 5, 2015.
This research was supported by National Institute on Alcohol Abuse and

Alcoholism Grants R01 AA017173, P50 AA012870, K05 AA014715, and
K23 AA020000. The content is solely the responsibility of the authors and
does not necessarily represent the official views of the National Institute on
Alcohol Abuse and Alcoholism or the National Institutes of Health.

*Correspondence may be sent to Ralitza Gueorguieva at the Department of
Biostatistics, School of Public Health,Yale University, 60 College St., Room
215B, New Haven, CT 06520-8034, or via email at: ralitza.gueorguieva@
yale.edu

CLINICAL TRIALS FOCUS ON between-group compar-
isons during treatment, but these studies can also yield

insights into which patient characteristics predict longer term
outcomes. In alcohol research, several patient-related factors
have been found to predict better long-term drinking out-
comes following treatment completion. For example, greater
motivation and self-efficacy to change drinking (Allen et al.,
1998; Bertholet et al., 2010; Ludwig et al., 2013; Staines
et al., 2003); stronger commitment to an abstinence goal
(Bodin & Romelsjö, 2006); a larger, sober support network
(Bertholet et al., 2010; Bond et al., 2003; Stout et al., 2012);
lower cravings to drink (Bottlender & Soyka, 2004); greater
involvement in 12-step self-help groups (Bodin & Romelsjö,
2006; Staines et al., 2003); and better within-treatment
drinking outcomes (Breslin et al., 1997) are associated with
higher abstinence rates 6 months or more after treatment.

These predictors are often considered one at a time and
their relationship to each other is ignored. Furthermore, clas-
sical statistical approaches such as regression are often lim-

ited to testing main effects and lower order interactions and
consider a few potential predictors. In contrast, tree-based
methods (Breiman et al., 1984; Zhang & Singer, 2010) allow
simultaneous consideration of many predictors, empirical
derivation of the strongest predictors of good outcome, and
identification of variable interactions. Tree-based methods
are easier to use in clinical settings because they require
evaluation of simple decision rules rather than mathematical
equations. In alcohol research, tree-based techniques have
been used mainly in epidemiological studies (Muller et al.,
2008; Vik et al., 2006; Ye et al., 2005). We recently used
these methods to identify patient characteristics associated
with a good drinking outcome during treatment (Gueorguie-
va et al., 2014). Tree-based methods share the advantages of
other techniques—such as principal component analysis (Jol-
liffe, 1986), partial least squares (Helland, 1990), and neural
networks (Abdi et al., 1999)—that allow large numbers of
predictors to be considered simultaneously. Compared with
these other techniques, trees have the advantage of simple
graphical presentation of the results.

The focus of the current study was to identify predic-
tors of good long-term drinking outcomes in the Combined
Pharmacotherapies and Behavioral Interventions for Alco-
hol Dependence (COMBINE) Study (Anton et al., 2006).
COMBINE was designed to assess the benefits of combining
pharmacological treatment (naltrexone, acamprosate) and
behavioral interventions (medication management [MM],
Pettinati et al., 2004; combined behavioral intervention
[CBI], Miller, 2004). The primary analyses (Anton et al.,
2006) revealed that either naltrexone (+MM) or CBI (+MM)
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improved outcomes during treatment. Only the naltrexone
effect on heavy drinking remained significant during the
1-year follow-up. Improvements in secondary nondrinking
outcomes were maintained and in general were nondifferenti-
ated by treatment (LoCastro et al., 2009).

The COMBINE baseline assessments were selected to
capture domains that were thought to be predictors or mod-
erators of outcomes (COMBINE Study Research Group,
2003). Of all baseline predictors, consecutive days of ab-
stinence before treatment and drinking goal were identified
and validated internally and externally (Mann et al., 2013)
as robust predictors of no heavy drinking days (NHDD)
during the last 8 weeks of treatment (Gueorguieva et al.,
2014). The goal of the current investigation was to identify
combinations of predictors of NHDD during follow-up from
among the baseline predictors and outcomes measured dur-
ing treatment.

Method

The COMBINE Study (The Combine Study Group,
2001–2004) enrolled 1,383 abstinent alcohol-dependent
patients. Eight groups (n = 1,226) received MM and either
placebos, naltrexone, acamprosate, or naltrexone + acampro-
sate, and 1,220 of these participants had at least some drink-
ing data collected during treatment. Half of these groups
received the CBI. A ninth group that received CBI alone
with no pills is not included in this report.

Long-term outcome

Abstinence from heavy drinking has been recommended
as an outcome in clinical trials because it is associated with
reduced risk of alcohol-related consequences while allowing
for improvements in drinking short of abstinence (Falk et al.,
2010). In the present study, we examined NHDD during the
last 8 weeks of the 1-year follow-up in COMBINE to deter-
mine predictors of long-term outcome. Missing data were
coded as heavy drinking in the primary analyses. Secondary
analyses were performed to assess sensitivity of conclusions
to assumptions about missing data. The first set of sensitiv-
ity analyses was restricted to participants who had drinking
data at follow-up. The second set of sensitivity analyses was
performed after coding missing data as not heavy drinking
rather than as heavy drinking.

Predictors

We considered more than 100 potential predictors, includ-
ing treatment condition, drinking outcomes, compliance
outcomes during treatment, and baseline measures from
multiple domains. These domains include demographics;
alcoholism severity and withdrawal symptoms; alcohol con-
sumption measures; alcohol craving; physical health; tobacco

and other drug use; legal involvement; expectations of treat-
ment efficacy; self-efficacy; motivation; and goals for drink-
ing, mood, craving, and quality of life. Detailed information
about the predictors can be obtained from the authors and is
available as supplemental online material to Gueorguieva et
al. (2014). Categorical predictors that had missing values had
an additional missing category created. Continuous predic-
tors had missing values imputed using multiple imputation.

Training and validation samples

A random two thirds of the COMBINE data were used
for tree development (training sample: TS) and the remainder
for tree validation (validation sample: VS). Participants with
missing long-term outcomes (40 in the TS and 30 in the VS)
were excluded. The TS consisted of 769 participants, and the
VS consisted of 381 participants.

Tree construction

The Willows program (Zhang et al., 2009) was used to
construct a tree with two steps: tree growing and tree pruning.

Tree growing. The TS was split into two parts so that each
subsample was as homogeneous as possible with respect to
the outcome based on the entropy statistic. This means that
one of the subsamples had a high rate of NHDD and the other
had a low rate of NHDD. Each of the two subsamples was
further split in two according to the same criterion. The algo-
rithm proceeded recursively until no further splits were pos-
sible. At each step, all predictors and all possible splits were
evaluated one at a time to select the best split. The predictor
variable and the threshold (for continuous variables) that led
to the best split were selected. We imposed the restriction of
at least 20 participants in each subsample. Each subsample
corresponds to a node, and each split corresponds to a branch-
ing out of a node in the constructed tree (see Results).

Tree pruning. Once the full tree on the TS was grown,
branches of the tree were pruned if the subsamples that they
defined were not significantly different in terms of outcome
according to the chi-square statistic for 2 × 2 contingency
tables, calculated for the association between the predictor
and the outcome in the corresponding tree node. We used a
conservative alpha level of .00001 to avoid overfitting.

Performance of the algorithm in both the TS and the
VS was assessed using the area under the curve (AUC)
of the receiver operating curve, showing sensitivity versus
1-specificity for the classification of participants in outcome
categories.

Deterministic forest

Because different combinations of predictors may lead to
similar prediction accuracy, we also constructed a determin-
istic forest in the TS to identify the strongest predictors of
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the outcome. Deterministic forests consist of multiple trees
based on the most important splits that are determined when
each variable is evaluated for its ability to separate subjects
into homogeneous groups with respect to the outcome. We
considered the top 20 splits of the entire sample and the top
3 splits of each of the two subsamples at the first level of the
tree, giving rise to 180 (20 × 3 × 3) trees in the forest. We
present the top predictors in the forest based on how many
times they appear as sample splitters in the forest. These are
considered the most important predictors because they most
often identify subsets of the sample with good outcome. Al-
though individual trees pick only a small subset of all poten-
tial predictors, forests include the majority of the predictors,
but only a few predictors are present in almost all trees.

Logistic regression

Hierarchical stepwise logistic regression analyses were
performed in the TS, with the most important predictors
within each domain identified at the first step and then only
significant effects from each domain entered in a second-
stage stepwise logistic regression. We used a significance
level of .10 for entry and for staying in the model. The
performance of the final logistic model in the TS and the VS
was evaluated using the AUC.

Results

Classification trees

The constructed tree in the TS had only five nodes, with
splits on abstinence during the last 8 weeks of treatment
and good clinical outcome (Figure 1a). The VS data were
directly categorized using the constructed tree (Figure 1b).
Abstinence was defined as no self-reported drinking; good
clinical outcome was defined as abstinence or moderate
drinking without problems as described in the parent study
(Anton et al., 2006; Cisler & Zweben, 1999) and in the fig-
ure legend.

The final trees show that large percentage of participants
who maintained abstinence during the last 8 weeks of treat-
ment had NHDD during follow-up (Node 3, 64% in the TS
and 59% in the VS). At the other extreme, small percentage
of participants who were unable to maintain abstinence and
did not meet the criteria for a good clinical outcome during
treatment (i.e., either they exceeded moderate drinking limits
or reported alcohol-related consequences) had NHDD dur-
ing follow-up (Node 4, 15% in the TS and 14% in the VS).
Only about a third of participants who failed to maintain
abstinence but drank moderately with few consequences had
NHDD (34% in both samples). The receiver operating curve
had AUC = 71% in the TS and 70% in the VS, suggesting a
fair level of classification accuracy based on only two drink-
ing outcomes during treatment.

The first sensitivity analysis (restricted to participants
with drinking data at follow-up) resulted in a tree with the
same structure as shown in Figure 1a, whereas the second
sensitivity analysis (when missing data at follow-up were
coded as not heavy drinking) resulted in a tree with only
one split on abstinence from heavy drinking during the last
8 weeks of treatment (not shown). Thus, in both sensitivity
analyses, only drinking outcomes during treatment were
identified as tree splitters in the final trees.

Deterministic forest

The deterministic forest in the primary analysis (i.e.,
when missing drinking data were treated as heavy drinking)
identified 77 predictors that were used to define subsamples
in at least 1 of the 180 trees in the forest. The top 10 vari-
ables in the primary and sensitivity analyses are shown
in Table 1. All considered measures of drinking during
treatment (abstinence, NHDD, good clinical outcome, and
drinking level) were among the top 10 variables in at least
one deterministic forest. In particular, abstinence and good
clinical outcome were among the top three predictors in all
analyses. The predictors not shown in Table 1 appear in less
than half of the trees in the corresponding forests.

Logistic regression

Stepwise model fitting in the TS resulted in four signifi-
cant main effects. Good clinical outcome during treatment
(yes vs. no, odds ratio [OR] = 3.20, 95% CI [1.90, 5.38]),
drinking level during the last 8 weeks of treatment (abstinent
vs. heavy drinking, OR = 3.17, 95% CI [2.08, 4.84]); (absti-
nent vs. drinking but not heavily, OR = 3.06, 95% CI [1.88,
4.98]), older age at onset (OR = 1.02, 95% CI [1.00, 1.03]),
and feeling more energetic (higher score on the Profile of
Mood States vigor subscale, OR = 1.05, 95% CI [1.01,
1.09]) were associated with a higher chance of NHDD at
follow-up. The AUC for these data was 74% in both the TS
and the VS. The two sensitivity analyses identified the same
predictors (not shown).

Discussion

In summary, we identified predictors of good outcome
during follow-up and compared the performance of tree-
based methods and logistic regression. The strongest predic-
tors of NHDD at follow-up were end-of-treatment drinking
outcomes. Treatments were not predictive of long-term out-
come, but they might have had an indirect effect via end-of-
treatment drinking outcomes. In general, pharmacotherapies
for alcohol dependence are not expected to have a long-term
effect after discontinuation, and maintenance treatment may
be needed for those with good initial response (O’Malley
et al., 2003). In contrast, longer term effects of CBI could
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FIGURE 1A. Tree predicting no heavy drinking days during the last 8 weeks of follow-up pruned at α = .00001 in the Combined Pharmacotherapies and Be-
havioral Interventions for Alcohol Dependence (COMBINE) Study training sample (N = 769). aN = number of subjects; bN with NHDD = number of subjects
with no heavy drinking days during the last 8 weeks of the 1-year follow-up; c% with NHDD = percentage of subjects with no heavy drinking days during
the last 8 weeks of the 1-year follow-up; dabstinence at end of treatment = no drinking during the last 8 weeks of the 16-week double-blind treatment period;
egood clinical outcome at end of treatment = moderate drinking without problems. Moderate drinking was defined as a maximum of 11 drinks (for women)
or 14 drinks (for men) per week, with no more than 2 days on which more than 3 drinks (for women) or 4 drinks (for men) were consumed. Problems were
defined as endorsing three or more items on a standardized questionnaire assessing physical, social, and psychological consequences of drinking.

be expected (Carroll et al., 1994), but our analysis did not
find lasting CBI effects. Our results are consistent with prior
studies that showed within-treatment drinking predicted lon-
ger term outcomes (Breslin et al., 1997; Maisto et al., 1998;
Öjehagen et al., 1994; Weisner et al., 2003).

Logistic regression revealed that the age at onset of al-
cohol dependence and feeling energetic were independent
predictors that did not show up in our individual tree and
showed up infrequently in the deterministic forest. This may
be because of the limitation of individual trees to identify
more than one main effect. Only the first split in a tree iden-
tifies a main effect, whereas all subsequent splits correspond
to interactions among predictors. Thus, the first split usually
picks up the strongest main effect, and other predictors that
may have main effects may not be chosen as subsequent

splitting variables because they do not interact with other
variables. Although multiple main effects are identified in
forests that consist of individual trees, only the strongest
main effects are identified in the different trees, and weaker
main effects may not be identified at all. Whereas logistic
regression models focus on identification of independent
effects of covariates and lower order interactions, tree-based
methods can discover important combinations of predictors
among a large pool of covariates. In the current study, both
methods did not discover unexpected predictors or combina-
tions of predictors of long-term outcome. The consistency of
the results of the two methods speaks to the robustness and
potential generalizability of the findings.

Among the advantages of tree-based methods over clas-
sical approaches (i.e., fewer assumptions, simultaneous
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FIGURE 1B. Tree predicting no heavy drinking days during the last 8 weeks of follow-up in the Combined Pharmacotherapies and Behavioral Interventions for
Alcohol Dependence (COMBINE) Study validation sample (N = 381). aN = number of subjects; bN with NHDD = number of subjects with no heavy drink-
ing days during the last 8 weeks of the 1-year follow-up; c% with NHDD = percentage of subjects with no heavy drinking days during the last 8 weeks of the
1-year follow-up; dabstinence at end of treatment = no drinking during the last 8 weeks of the 16-week double-blind treatment period; egood clinical outcome
at end of treatment = moderate drinking without problems. Moderate drinking was defined as a maximum of 11 drinks (for women) or 14 drinks (for men) per
week, with no more than 2 days on which more than 3 drinks (for women) or 4 drinks (for men) were consumed. Problems were defined as endorsing three
or more items on a standardized questionnaire assessing physical, social, and psychological consequences of drinking.

consideration of many predictors, computational efficiency,
ease of interpretation), perhaps ease of implementation is
the most appealing. The results are summarized in the form
of trees with decision rules that can be easily understood.
Following the decision rules at each split, new patients can
be rapidly classified by evaluating several logical conditions.
Based on our results, a clinician can classify patients at the
end of treatment in one of the terminal nodes, assess their
prognosis based on the proportion of participants with good
outcome in this node, and suggest maintenance or augmenta-
tion treatment as necessary. In adaptive designs, investiga-
tors can use tree-based participant classification at the end
of a treatment phase to inform switching or augmentation
strategies in the next phase. Participants who fail to abstain
during treatment and who report drinking-related problems

or drinking that exceeds moderate levels are expected to
have a poor long-term outcome and hence may be offered an
augmentation or alternative treatment strategy. Participants
who maintain abstinence during treatment are expected to
have good long-term outcome and may benefit from minimal
maintenance treatment or outside resources. Participants in
the middle who fail to abstain but are drinking moderately
without problems may benefit from continued treatment or
periodic monitoring and the development of a plan to renew
treatment if needed. As one approach, continued monitoring
could be provided by the patient’s primary care provider
(McKay & Hiller-Sturmhöfel, 2011).

Finally, our results showed relatively low predictive abil-
ity for both methods, possibly because of unmeasured vari-
ables that occur in the intervening period between the end
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of treatment and 1-year follow-up. Nonetheless, the finding
that outcomes measured at the end of treatment are the most
important predictors of long-term outcomes emphasizes the
need to optimize initial treatment response to help patients
achieve long-term success. In COMBINE, participants with
shorter pre-treatment abstinence, especially those who were
younger (Gueorguieva et al., 2014), and participants who
were early noncompliers with treatment (Gueorguieva et al.,
2013) had poor drinking outcomes during treatment. Other
studies in substance users (McKay et al., 2013; Petry et al.,
2012) have found that patients who were still using alcohol,
compared with those who were abstinent, benefited from
more intensive or extensive interventions. Thus, more inten-
sive monitoring of these patients early in treatment with the
option of providing alternative treatment may be needed to
improve outcomes during treatment and follow-up.
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