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Abstract

Although some individuals who abuse methamphetamine have considerable cognitive deficits, no
prior studies have examined whether neurocognitive functioning is associated with outcome of
treatment for methamphetamine dependence. In an outpatient clinical trial of bupropion combined
with cognitive behavioral therapy and contingency management (Shoptaw et al., 2008), 60
methamphetamine-dependent adults completed three tests of reaction time and working memory at
baseline. Other variables that were collected at baseline included measures of drug use, mood/
psychiatric functioning, employment, social context, legal status, and medical status. We evaluated
the relative predictive value of all baseline measures for treatment outcome using Classification and
Regression Trees (CART; Breiman, 1984), a nonparametric statistical technique that produces easily
interpretable decision rules for classifying subjects that are particularly useful in clinical settings.
Outcome measures were whether or not a participant completed the trial and whether or not most
urine tests showed abstinence from methamphetamine abuse. Urine-verified methamphetamine
abuse at the beginning of the study was the strongest predictor of treatment outcome; two
psychosocial measures (e.g., nicotine dependence and Global Assessment of Functioning) also
offered some predictive value. A few reaction time and working memory variables were related to
treatment outcome, but these cognitive measures did not significantly aid prediction after adjusting
for methamphetamine usage at the beginning of the study. On the basis of these findings, we
recommend that research groups seeking to identify new predictors of treatment outcome compare
the predictors to methamphetamine usage variables to assure that unique predictive power is attained.

*Additional data analyses for this report are available as supplementary material with the online version of this paper at doi:xxx/
j.drugalcdep.xxx ...
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1. Introduction

Research on variables that can predict success in treatment for methamphetamine (MA)
dependence has a limited but evolving literature. Consistent evidence suggests that poorer
treatment outcome is associated with a greater frequency of pre-treatment MA abuse (Maglione
et al., 2000b; Brecht et al., 2005; Brecht et al., 2006; Hillhouse et al., 2007; Maglione et al.,
2000a; Shoptaw et al., 2008). A more extensive history of previous treatment (Brecht et al.,
2000; Brecht et al., 2006; Hillhouse et al., 2007) and lower educational attainment (Brecht et
al., 2005; Brecht et al., 2006; Hillhouse et al., 2007) have also been associated with poorer MA
treatment outcome, but conflicting findings have been reported (Maglione et al., 2000b;
Maglione et al., 2000a). Other variables with limited and/or inconsistent evidence in predicting
poorer outcome include greater MA craving (Hartz et al., 2001), legal coercion of treatment
(Brecht et al., 2005), outpatient (versus residential) treatment (Brecht et al., 2006), shorter
treatment duration (Brechtetal., 2000), selling MA (Brecht et al., 2000), presence of a disability
(Brecht et al., 2005), and intravenous injection as the typical route of MA administration
(Brecht et al., 2005; Hillhouse et al., 2007). Age, gender, and ethnicity have also been
differentially associated with outcomes, but the findings have varied by study (Brecht et al.,
2000; Maglione et al., 2000b; Hillhouse et al., 2007; Maglione et al., 2000a; Hser et al.,
2005).

The association of lower levels of education with poorer treatment outcomes in some studies
suggests that cognitive function may play a role in a participant’s ability to persist in treatment
and to resist relapse. At face value, poor cognitive function would seem to be associated with
a reduced effectiveness of cognitive treatment strategies (e.g., cognitive behavioral therapy),
poor insight, and possibly reduced control over drug craving and early drop-out. Several studies
have documented cognitive deficits in at least a subset of MA-abusing participants (Simon et
al., 2000; Kalechstein et al., 2003; Salo et al., 2002; Gonzalez et al., 2004; Monterosso et al.,
2005; Salo et al., 2007; Woods et al., 2005; Hoffman et al., 2006; Simon, In review; see review
and meta-analysis byScott et al., 2007); these individuals may be at particular risk for relapse
and poor treatment outcome. However, to our knowledge, no published studies have tested
whether cognitive performance can predict success in treatment for MA dependence. We thus
sought to examine the relationship between cognition and treatment outcome in MA
dependence. Given the noted relationships between the frequency of MA abuse and other drug
use variables with treatment outcome, we also sought to determine whether cognitive
performance is more or less predictive of treatment success than these variables with
established value.

In an outpatient treatment study (Shoptaw et al., 2008), we conducted a randomized, placebo-
controlled clinical trial of bupropion, in conjunction with cognitive behavioral therapy (CBT)
and contingency management, for MA dependence (for more information regarding these
treatments see (Rawson et al., 1999; Lee and Rawson, 2008). Compared to placebo, bupropion
failed to significantly impact overall MA use, MA craving, and study retention (Shoptaw et
al., 2008). During the baseline testing period in this study, participants completed two measures
of processing speed/reaction time and one measure of working memory. These measures have
been found to be sensitive to cognitive and brain dysfunction in MA and other substance-
abusing populations (Mendrek et al., 2005; Newton et al., 2004; Verdejo-Garcia et al., 2006;
Xu et al., 2005), as well as other medical conditions (e.g., AIDS; Hardy and Hinkin, 2002).

Drug Alcohol Depend. Author manuscript; available in PMC 2010 November 1.



1duasnuey Joyiny vVd-HIN 1duasnue Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Dean et al.

Page 3

We tested their value in predicting treatment outcome for MA dependence, as measured by the
ability to abstain from MA abuse and to complete treatment. We also evaluated the relationship
between treatment outcome and several drug use and psychosocial variables to determine their
relative predictive strength. Psychosocial variables included demographic information,
psychiatric symptomology, functional status, social context, legal status, and medical status.

2. Methods
2.1 Participants

Sixty MA-dependent adults (38 males, 22 females, age 35.08 = 10.70 years), who were seeking
treatment, participated in the study. Twelve of the 73 participants in the original study were
excluded because they did not have cognitive data; another participant was excluded because,
upon further review, it was determined that he/she met criteria for MA abuse but not
dependence (excluded participants did not differ from the remaining participants in abstinence
during the trial or study completion, p > .5). The participants were of diverse ethnic heritage
(Caucasian N = 38, Hispanic N = 18, African-American N = 1, Asian-American N =1, and
Other N = 2) and educational background (less than a high school degree N = 10; high school
diploma or GED N = 21; some college N = 23; college degree or higher = 6). Participants met
none of the following exclusion criteria: (1) medical condition that would interfere with safe
study participation (e.g., active tuberculosis, unstable diabetes, uncontrolled hypertension,
symptomatic AIDS [HIV+ was permitted], or elevated liver enzymes [> 3 times the normal
upper limit]), (2) current neurological disorder or major psychiatric disorder (e.g.,
schizophrenia or bipolar disorder; see below for specific psychiatric diagnoses included), (3)
current suicidal intention or plan, (4) taking a prescription medication that is known to interact
with bupropion, (5) current dependence on cocaine, opiates, alcohol, or benzodiazepines, (6)
history of alcohol dependence within the last 3 years, (7) history of seizures, (8) history of
anorexia or bulimia, and (9) history of sensitivity to bupropion. Female participants were not
pregnant or lactating, and they were willing to use an acceptable method of birth control.

All participants met criteria for amphetamine (methamphetamine) dependence as verified by
the Structured Clinical interview for the DSM-IV-TR (SCID). They reported using MA an
average of 16.50 days within the 30 days (+ 10.50 days) prior to enroliment. Mean duration of
regular use was 10.32 years (+ 8.18 years). Primary route of administration included smoking
(63%), snorting (22%), intravenous injection (13%), or the oral route (2%). Most participants
regularly smoked cigarettes (67%), with those smoking demonstrating a mean score of 3.38
(+ 2.23) on the Fagerstrom Test for Nicotine Dependence. Five participants were positive for
HIV infection (without an AIDS-defining condition), and three had medically stable hepatitis
C infection. In addition to amphetamine dependence, current Axis | diagnoses included
substance-induced mood disorder (N = 8), marijuana dependence (N = 7), substance-induced
anxiety disorder (N = 6), substance-induced psychotic disorder (N = 4), marijuana abuse (N =
2), and several diagnoses with N = 1 (psychotic disorder not otherwise specified [NOS], alcohol
abuse, PTSD, body dysmorphic disorder, sedative abuse). Because of the limited sample sizes
available for most diagnoses, only two collapsed diagnostic variables were included in the
following analyses: substance-induced psychiatric condition (N = 13) and marijuana
dependence or abuse (N = 9).

2.3. Procedures

Participants were recruited from the greater Los Angeles area, and were seen at one of three
clinical research sites (Rancho Cucamonga, Hollywood, LA). Advertisements in newspapers,
radio, and the internet offered treatment for individuals looking to quit using MA, in a research-
based counseling and medication trial. Interested individuals contacted the researchers on a
toll-free research line. After receiving a detailed description of the protocol, they were provided
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written informed consent, following the guidelines of the UCLA Office for Protection of
Research Subjects. Potential participants underwent a two-week baseline/screening period to
determine eligibility for enrollment in the medication trial. All measures used to predict
treatment outcome were administered during this baseline period, which included a physical
exam by a study physician with blood tests and EKG. Following baseline, eligible participants
were randomly assigned to receive either bupropion (300mg) or placebo daily, in a double-
blind fashion. Contingency management treatment began on the second day of the baseline
period, while CBT did not begin until the medication trial. Excluding the baseline period and
follow-up visits, the study lasted twelve weeks. Participants visited the study clinic three times
per week (Monday, Wednesday, and Friday), with urine drug tests (Phamatech, Inc., San Diego,
CA) completed on each visit. In addition to voucher monies earned in contingency
management, participants received $20 for completing baseline assessments and termination
assessments ($40 if they completed both).

2.3. Assessments

2.3.1. Neuropsychological Measures

Simple Reaction Time (SRT; (Newton et al., 2004; Hardy and Hinkin, 2002)): a
computerized test of simple processing speed and reaction time in which letters are pseudo-
randomly presented from the set A, a, G, g, T, t, H, h, one after the other, and participants are
instructed to press a button on the response box with their dominant forefinger as quickly as
possible when they see a letter. Each letter is presented for 500 ms, with a 2500 ms interstimulus
interval. A total of 31 trials are presented and mean reaction time is calculated.

Choice Reaction Time. (CRT; (Newton et al., 2004; Hardy and Hinkin, 2002)): a
computerized test of selective attention and reaction time. As with the SRT, the letters A, a, G,
g, T, t, H, and h are pseudo-randomly presented one after the other. However, in the CRT,
participants must quickly press a blue response button to the presentation of G, g, H, or h; and
a red response button to the presentation of A, a, T, or t. Thirty trials are administered and the
screen presentation is identical to the SRT test. Mean reaction time and the number of errors
are calculated. Because the CRT differs from the SRT only by the added demand to make a
decision and discriminate between stimuli, mean reaction time on the CRT minus mean reaction
time on the SRT can provide an index of decision making speed (Hardy and Hinkin, 2002).

N-back Task, (variation based on Smith etal., 1996): a computerized test of working memory
and selective attention. As with the above tasks, the letters A, a, G, g, T, t, H, h are pseudo-
randomly presented on the computer screen in a similar format (with a different order of letter
presentation). In the 1-back condition, the participant must press a blue button on a response
box as quickly as possible if the verbal identity of the presented letter matches the verbal
identity of the letter that immediately preceded it. If the currently presented letter does NOT
match the preceding letter, the participant must quickly press a red button. Note that the case
of the letter is not relevant to matching verbal identity. In the 2-back condition, a blue button
press is required if the verbal identity of the current letter matches the verbal identity of the
letter that was presented two trials back (if not, a red button press is required). A total of 64
trials are completed, 32 in each condition, and reaction time and errors are calculated.

2.3.2. Drug Use and Psychosocial Measures—All of the following measures were
administered during the baseline period, except the Substance Use Inventory which was
administered every study day.

Addiction Severity Index—L.ite (ASI—L.ite; (McLellan et al., 1992)): a clinical interviewing
instrument used to quantify problems associated with substance abuse in seven domains:
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alcohol use, drug use, employment, family and social relationships, legal, psychological, and
medical. Index scores can be calculated to indicate problem severity in each domain.

Brief Symptom Inventory (BSI; (Derogatis and Melisaratos, 1983)): a 53-item questionnaire
that measures nine domains of psychological and emotional distress experienced during the
last 30 days (e.g., anxiety, paranoid ideation). A Global Severity Index also provides a measure
of the mean item endorsement across all domains.

Quality of Well-Being Scale—Self Administered Version (QWB-SA; (Kaplan et al.,
1997)): a self-report measure of the general health-related quality of life. In our analyses we
only used a subset of items tapping perceptions of current health status and functional
limitations.

Substance Use Inventory (SUI; (Sobell et al., 1986)): a self-report measure of frequencies
and quantities of drug (MA, cigarettes, other drugs) and alcohol use.

Fagerstrom Test of Nicotine Dependence (Heatherton et al., 1991): a 6-item self-report
measure of nicotine dependence that was developed and revised from the earlier Fagerstrém
Tolerance Questionnaire (Fagerstrom, 1978).

Craving Visual Analog Scale (VAS): a single item in which severity of MA craving is rated
on a visual analog scale.

Clinical Global Impression (CGI): a one-item visual analog scale rating completed by the
experimenters and the participant to evaluate global severity of MA dependence.

Beck Depression Inventory-11 (BDI-11; (Beck et al., 1996)): a 21-item self-report measure of
depressive symptoms.

2.5. Statistical Methods

Our principal goal was to identify factors predictive of treatment outcome and their relative
importance. We considered two dichotomous primary outcome measures, mostly abstinent and
completer status. Participants were considered abstinent in a given week if they had at least
one MA-free urine specimen and no urines positive for MA. Thus the subject had to both
actively participate during a week and be negative on all urine tests taken that week. Subjects
were considered mostly abstinent over the course of the study if they were abstinent for more
than half of the 12 treatment weeks (7 or more weeks). This cut-point was chosen because the
distribution of weeks abstinent was bimodal with a natural break at 7 weeks, and because this
cut-point assured reasonable reduction of MA use while also maintaining acceptable sample
size in the mostly abstinent group (n = 19). Self-report data confirmed that the mostly
abstinent variable was associated with reduction in MA use (16 of the 19 mostly abstinent
participants reported a reduction in MA use during the study of at least 50% based on the
average days used before the study compared to average days used during the study). A
participant was considered a completer if he/she attended at least one session in each of the 12
weeks of treatment. This assured consistent study attendance as well as acceptable completer
sample size (n = 18).

Univariate analyses (t-tests, chi-squared tests, correlations) were used descriptively to identify
individual variables that were associated with outcome (predictors considered are listed in the
Supplementary Materials.) In order to investigate potential linear relationships between
predictors and outcome, we included the continuously-measured number of abstinent weeks
(abstinent defined as above) in these univariate analyses. However, our primary analytic
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approach was to develop a sequence of multivariate predictive models using Classification and
Regression Trees (CART; Breiman, 1984) with the dichotomous outcome variables described
above.

CART is a non-parametric technique that recursively partitions the space of predictor variables
so that subjects in the same region are as similar as possible with regard to outcome. In our
study, CART identified variable values to classify subjects according to dichotomous treatment
outcomes (e.g., completer status). CART searches through the list of possible predictors to
identify the single variable and cut-point that divides the data into the two sub-regions or
“nodes” that best separate the outcome classes (e.g., completers vs. non-completers). The
splitting process is repeated for each sub-region until no significant improvements can be made.
The result is a tree or nested sequence of subgroups which describes a simple set of rules for
assigning a person to a predicted outcome. Trees are typically grown until the terminal nodes
are relatively small, at which point they are pruned back to minimize the predictive error rate
for new subjects (i.e. to avoid overfitting). CART also calculates the relative importance of all
predictor variables in producing the classification rule, which, in addition to obvious clinical
implications, provides a useful tool for identifying predictors whose significance may have
been masked in the tree building process due to multicollinearity or other factors. (At each split
CART evaluates the usefulness of other predictors as proxies, so variables that track well with
multiple splits may have high importance ratings even if they are not included in the primary
tree.) CART has several strengths compared to model-based methods like logistic regression,
including: a) the ability to handle large numbers of predictor variables even when the sample
size is small, without overfitting; b) excellent ability to capture interactions; c) automatic
handling of missing data through the use of proxy variables; and d) production of simple
classification rules that can be applied clinically through a set of yes or no questions.

We constructed two sequences of classification trees, one with mostly abstinent as the outcome,
and one with completer status as the outcome. The initial trees included all the predictor
variables listed in the Supplementary Materials. Note, however, that multiple urine tests for
MA were completed during the baseline screening period from which several different baseline
usage variables could be constructed. In our primary models we included only frequency of
initial MA use, with infrequent use defined as less than or equal to two positive urine tests for
MA during the baseline period, and frequent use as three or more positive tests during baseline.
We originally chose this construct based on its use in prior studies (Shoptaw et al., 2008), but
CART also confirmed that the optimal division of the initial urine data was whether the person
had three or more positive tests.

In addition to the primary CART trees described above, two additional trees were built for each
outcome. First, we replaced the frequency of initial MA use variable with whether the subject
had a urine screen positive for MA metabolites on their first baseline urine. Many studies have
only asingle urine test to assess baseline severity of use and the objective was to see how much
this would reduce their ability to predict treatment outcome. Finally, we removed all baseline
urinalysis measures to see whether cognitive and other supplementary measures could achieve
comparable predictive ability. Trees were evaluated on prediction accuracy (measured using
cross-validation, a statistical procedure which refits the model leaving out each of the subjects
in turn and then generates predictions for the omitted cases, thus creating accurate estimates
of how well the tree would classify new subjects), and the set of splits and variable importance
weights.
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3. Results

3.1. Predictive Models

About one-third of the participants were able to stay mostly abstinent or to complete treatment
(mostly abstinent n = 19; complete n = 18). Fifteen of the 19 mostly abstinent participants were
also completers (79%). N-back data from six outlier participants was excluded because they
failed to respond to half or more (> 16) of the items on the 1-back condition, 2-back condition,
or both, suggesting that they did not exert appropriate effort on the task and/or did not fully
understand the instructions (in contrast, the majority of participants had 1 or fewer non-
responses).

The CART analysis with mostly abstinent as the outcome and all possible predictors included
is shown in Figure 1. The only split that remains significant after pruning is based on whether
or not the subject was a frequent initial user of MA (> 2 baseline urine tests positive for MA).
Among subjects who were frequent users, 90.3% failed to stay mostly abstinent over the course
of the study, while among subjects who were infrequent users, 55.2% stayed mostly abstinent.
Other variables with high importance ratings were self-reported MA use over the last 30 days,
years of full-time employment, age, gender, and money spent on drugs in the last 30 days. The
cross-validated prediction success rate for this tree is 73.3%. Although this prediction rate is
only modestly better overall than predicting that no one remains abstinent (68% success rate),
the CART tree successfully adds to prediction by identifying sub-groups of participants with
considerably different rates of abstinence. While guessing that no one remains abstinent would
be a reasonable estimation for frequent initial users of MA (~10% error), infrequent initial
users of MA would regularly be misclassified by this rule (~55% error).

When a single baseline urine was substituted for the multi-test frequency of usage variable in
the prediction of mostly abstinent, no splits remained significant after pruning. Although drug
usage variables other than urine tests were again included in this model (money spent on drugs
recently, recent problems due to drugs), the prediction success was 46.7% and did not improve
prediction over chance guessing. Similarly, an optimal tree was not produced when all baseline
urine testing data were excluded from the model.

Analyses with completer status as the dependent variable showed a similar premium on
measures of initial drug usage. The tree for which all predictors were included is shown in
Figure 2. It split first on frequency of initial MA use. Among participants with infrequent initial
MA use, there was a subsequent split based on the Fagerstrém test score, while for participants
with frequent initial MA use, there was a subsequent split on the Axis 5 Global Assessment of
Functioning (GAF) score (see the Discussion section for further details). Other variables with
high importance ratings were self-reported drug problems (polysubstance abuse, money spent
on drugs, MA abuse in the 30 days before enroliment in the study, recent drug problems),
demographics (age, gender, education), employment history, recent social conflict and some
of the cognitive tests (mean SRT, mean CRT and their difference). The overall prediction
success rate for this tree was 70%. When the multi-test baseline urinalysis variable was replaced
by only the first baseline urine test, an optimal tree was not produced, nor was an optimal tree
produced if all baseline urine testing was excluded.

3.2. Univariate Associations

To further investigate the relationship between predictor variables and the continuous and
dichotomous outcome measures outside of the CART analyses, we conducted univariate
analyses between the 104 potential predictor variables and the outcome measures previously
described. The statistically significant (p < .05, uncorrected for multiple comparisons) results
of these analyses are shown in Table 1. However, it should be noted that because of the number
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of associations tested, a high probability of Type | error exists for these data. A full listing of
univariate associations for all variables tested can be found in Supplementary Materialsl. We
see that current or recent drug usage variables at baseline are the best predictors of outcome,
showing strong relationships with both weeks abstinent and completing treatment. Other
variables positively related to a favorable outcome included having a higher number of lifetime
treatments for drugs and alcohol, recent treatment for drugs/alcohol (prior to study entry), and
higher nicotine dependence score. Variables negatively associated with a favorable outcome
included living with someone with an alcohol problem, current or past problems with
depression, recent social conflict, and greater involvement with the legal system. Table 2
displays the cognitive performance of the dichotomous outcome groups. Only the humber of
errors on the 1-back test was significantly associated with outcome in univariate analyses (p
< .05, uncorrected), in which participants who completed treatment made fewer errors than
those who dropped out (all other p values > .05).

Because cognitive function may be moderated by current drug use, we compared the cognitive
performance of those who tested positive for MA on the cognitive testing day to those who
tested negative. No differences were found in these analyses for any cognitive variable (all p
values > .05).

Since contingency management treatment was provided during the two week baseline period
as a means of supporting participants while the baseline assessments were completed, MA use
during the baseline period may reflect the effectiveness of this early contingency management
treatment. However, it also may reflect the typical frequency of MA use independent of
treatment. To explore this possibility, we examined the difference between those with
infrequent initial MA use (< 2 positive urine tests at baseline) to those with frequent initial MA
use (> 2 positive urines at baseline) on the number of days they reported using MA in the month
prior to treatment entry. Those with frequent initial use endorsed using significantly more days
in the last month (M = 21.8 days, S.D. = 8.1) than those with infrequent initial use (M = 10.8
days, S.D. =9.8; p <.00), confirming that initial use during the beginning of the study was
associated with use levels prior to treatment initiation.

4. Discussion

Although a few neurocognitive and psychiatric variables were associated with treatment
outcome, the frequency of MA abuse at study outset was a much stronger predictor of outcome.
Specifically, participants with two or fewer urine tests positive for MA metabolite during the
first two weeks of the study (i.e., baseline period) were much more likely to complete treatment
and achieve abstinence from MA in the majority of the treatment weeks. In contrast,
participants with three or more MA-metabolite positive urines during the baseline period were
more likely to drop out and continue to abuse MA regularly. These findings are consistent with
several other studies finding an association between baseline frequency of MA abuse and
treatment success (Peterson et al., 2006; Maglione et al., 2000b; Brecht et al., 2005; Brecht et
al., 2006; Hillhouse et al., 2007; Maglione et al., 2000a; Shoptaw et al., 2008). Generally
speaking, the best predictor of future MA abuse is the frequency of current MA abuse.

Because contingency management treatment was provided during the two week baseline period
(in contrast with CBT and study medication which began after the two baseline weeks), MA
use during the baseline period may reflect response to the initial contingency management
treatment, as well as the baseline frequency of MA use prior to treatment (indeed, MA use in
the 30 days prior to enrollment and during the two week baseline period were strongly related
in our study). Still, the relationship we found between MA abuse at baseline and treatment

1These materials are available with the online version of the paper at doi:xxx/j.drugalcdep.xxx ...

Drug Alcohol Depend. Author manuscript; available in PMC 2010 November 1.



1duosnuey Joyiny vd-HIN 1duosnuey Joyiny vd-HIN

1duasnuey Joyiny vd-HIN

Dean et al.

Page 9

outcome may be partly accounted for by the relationship between early and later responses to
contingency management. While this complicates the interpretation of initial MA use, our
results are nonetheless apt to be generalizable to the situation in the majority of substance abuse
treatment programs in which baseline urinalysis is not conducted prior to treatment initiation.
Further, although the relationship between baseline MA abuse and the mostly abstinent
outcome may have been spuriously inflated due to the similarity in metric (both are measured
by urinalysis), such measurement issues would not explain the strong predictive power of
baseline MA abuse for the study completion outcome variable, which relied on session
attendance rather than urinalysis. As anticipated, those participants who were mostly
abstinent also tended to be completers (79%), but differences in predictors between these two
outcomes do indicate somewhat different correlates. In sum, use patterns during the initial
stages of treatment are likely to be quite predictive of subsequent outcome, both in terms of
continued MA abuse and treatment attendance.

While self-reported MA use was not as predictive of treatment outcome as was urine-verified
use, several self-report measures were identified in the CART importance ratings as associated
with outcome. The importance ratings indicate the degree to which the variables could be used
as proxies for the (best) predictors identified in the CART trees. Self-report measures with high
importance ratings included days of MA used in the month preceding the study, longest full-
time job (years), recent money spent on MA, and frequency of recent polysubstance abuse.
However, when baseline urinalysis in the models was restricted to only the first urine obtained
or was removed altogether, the subsequent prediction trees did not exceed chance guessing.
Thus when considered individually, no variable other than the one derived from multiple initial
urine tests was exceptionally predictive of treatment outcome. This observation suggests that
treatment programs wishing to identify participants at risk for treatment failure should use
multiple urine tests if possible.

Variables other than urinalysis may become most useful in predicting subsets of MA users who
are successful or unsuccessful after initial MA usage is known. The elegance of the CART
analysis lies in the ability to easily visualize interactions between multiple variables. For
example, in the analysis of treatment completion (see Figure 2), the Global Assessment of
Functioning (GAF) score from the DSM-1V diagnosis (i.e., Axis V) specifically aided
prediction for frequent users of MA at baseline. For frequent users, a low GAF score (<70)
was associated with an exceptionally high probability of treatment drop-out (100%). In
contrast, for those who showed infrequent initial MA abuse, the most discriminating variable
after urinalysis was the Fagerstrom Test of Nicotine Dependence. Infrequent MA abusers with
low Fagerstrom scores were quite likely to drop out of treatment (88% drop out), while
infrequent users with higher Nicotine Dependence scores more likely to remain in treatment
(30% drop out). In this way, CART prediction trees provide straightforward expectations
regarding the treatment success of samples and subsamples of MA participants, and may be
particularly useful in clinical settings in which an individual’s risk for treatment noncompliance
can be quickly estimated from a few baseline measures. However, because the sample sizes of
some of the CART nodes were small (i.e., GAF and Fagerstrom nodes), additional research in
different treatment settings is needed to determine the generalizability of the interactions.

A GAF score above 70 is associated with transient psychiatric symptoms and no more than
slight functional impairment (Association, 2000). In contrast, scores below 70 suggest at least
mild symptoms, with increasingly significant functional impairment as the GAF score lowers.
In the GAF results in our study, this indicates that frequent baseline users of MA judged to
have almost any functional impairment were exceptionally likely to drop out of treatment
(100%). Frequent users with limited functional impairment were more likely to stay in
treatment (43%), although even these individuals still dropped out of treatment more than half
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of the time. This finding reiterates the fact that frequent baseline MA abuse was associated
with poor treatment outcome in the majority of cases.

It is not clear why a low level of nicotine dependence was associated with treatment drop out
in the infrequent MA abusers. These individuals had lower levels of dependence on MA and
nicotine and may not have been sufficiently motivated to complete treatment due to a perception
that a brief period of treatment was sufficient for their severity of disease. It is also worth noting
that the medication examined in the clinical trial, bupropion, is approved for smoking cessation
treatment. While this might raise the possibility that infrequent MA users with higher levels
of nicotine dependence might have been retained in the trial due to a benefit of bupropion on
their cigarette smoking behavior, we found no evidence of an interaction between medication
administration, nicotine dependence, and treatment completion in our analyses.

A few neurocognitive measures were associated with treatment outcome (1-back errors in
univariate analyses; SRT and CRT in the importance ratings for study completion), but these
variables were not the best predictors of outcome when compared to other indices. Cognitive
performance was not related to a gross measure of MA abuse at the time of cognitive testing
(testing positive or negative for MA on the testing day), so differences in use at the time of
testing did not appear to explain the weakness of predictability demonstrated by cognitive
measures. However, the day on which participants received cognitive testing during the
baseline period was variable, and the time elapsed since last use of MA at the time of cognitive
testing was not known. Thus, we cannot be certain that recent MA usage factors did not add
variability into the measurement of cognitive function. Also, because the cognitive measures
were only measured once, it is possible that cognitive changes occurred during treatment
(possibly associated with frequency of MA use) which were not captured by the single-point
assessment.

Our findings on the predictive value of cognitive measures are less robust than those from
studies of individuals who abuse cocaine, in which treatment completion has been associated
with cognitive performance in a number of domains, including attention, memory, spatial
processing, and global cognitive functioning (Aharonovich et al., 2003; Aharonovich et al.,
2006). However, in contrast with study completion, cognitive variables from these studies have
been inconsistently linked with the actual use of cocaine during treatment. Similarly, these
studies did not compare cognitive variables to those of initial cocaine use during the beginning
of treatment in predicting outcome (only prior self-reported use). It is therefore unclear whether
markers of initial drug use would supersede cognitive variables in prediction utility, as
demonstrated by our current results. Because our study and those on cocaine treatment have
differed in the cognitive tests used and the treatments implemented, it is unclear whether
cognition is more or less predictive of outcome for treatment of dependence on the two drugs.
Additional studies with comparable methods are needed to further explore these issues, and
we recommend that they also include urine-verified measures of initial use to ensure that unique
predictive power is attained. Future studies may also benefit from using other neurocognitive
measures than those currently implemented. For instance, measures tapping specific domains
of function believed to be central to drug use behavior (e.g., inhibitory control, risk taking)
may provide better predictive ability than the measures of reaction time and working memory
currently implemented.

In the current results, the greatest accuracy in prediction was achieved for participants who
were unsuccessful in treatment (dropped out or continued to use), rather than those who were
successful. For example, in the CART analysis of those staying mostly abstinent (figure 1),
frequent initial MA abuse strongly predicted continued use of MA during treatment (28 of 31
frequent users were unable to stay mostly abstinent). However, infrequent initial abuse of MA
was not as accurate in predicting the converse—the ability of participants to remain abstinent
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(only 13 of 29 infrequent users were able to stay mostly abstinent). This difference in predicting
treatment failure versus treatment success was replicated in other analyses. This suggests that,
in general, it is easier to identify individuals who will do poorly in treatment, rather than those
who will do well. Because the CART procedure automatically attempts to maximize the
prediction of both treatment success and treatment failure, it can be concluded that none of the
100+ variables we analyzed were extremely accurate in predicting treatment success. Finding
variables that accurately predict treatment success for MA-dependent individuals is a challenge
that warrants additional investigation.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

CART prediction tree of the ability of participants to stay mostly abstinent in treatment.
(the caption should go above the figure, the gray-scaled legend [abstinent or not] should be
placed to the right of the top figure box, and the remaining information below should go

underneath the figure)
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ROC test: 0.7532, Prediction Success: 73.3%

Variable Importance:

Frequency of initial MA use during baseline
Days used MA in last 30 days
Longest full time job (years)

Age
Gender
Money spent on drugs in last 30 days

Page 15

[ 1 Mostly abstinent
I Did not stay mostly abstinent
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Note: INFREQUENT INITIAL MA USE: <2 positive urine tests during first two study weeks
(i.e., baseline); FREQUENT INITIAL MA USE: > 2 positive urine tests during first two study
weeks. Class variables: 0 = Did not stay mostly abstinent; 1 = Mostly abstinent.

CART analysis specifications: Gini splitting criterion with 5-fold cross-validation; minimum
terminal node size of n=5, with cost complexity pruning with larger trees penalized similar to

the AIC criterion.
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Figure 2.

CART prediction tree of the ability of participants to complete treatment.
(the caption should go above the figure, the gray-scaled legend [completed or dropped out of
treatment] should be placed to the right of the top figure box, and the remaining information
below should go underneath the figure)
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[ ]Completed treatment
I Dropped out of treatment

ROC test: 0.6689, Prediction Success: 70%

Variable Importance:

GAF score (Axis V) 100.00  {{II[[HHIHTHTHTHT T n
Fagerstrom total score 95.45 I[N
Frequency of initial MA use during baseline 79.49 I
Polysubstance use in last 30 days 44.96 /1IN

Money spent on drugs in last 30 days 25.29 il

Longest full time job (years) 24.47 /Il

Days used MA in last 30 days 2131 (il

Age 20.10  J//{/In

SRT mean reaction time 18.82  |l|lIl

Gender 14.99 |
Decision-making speed (CRT-SRT) 13.31 |l

Years of education 12.81 |||l

CRT mean reaction time 12.81 |l

Days of conflict with non-family in last 30 days 12.81 |||l

Days experienced problems due to drugs in last 30 days 2.16

Note: INFREQUENT INITIAL MA USE: <2 positive urine tests in first two study weeks (i.e.,
baseline); FREQUENT INITIAL MA USE: > 2 positive urine tests in first two study weeks;
FAGERSTROM = Fagerstrom Test of Nicotine Dependence; GAF = Global Assessment of
Functioning score (Axis 5); SRT = Simple Reaction Time; CRT = Choice Reaction Time. Class
variables: 0 = Dropped out of treatment; 1 = Completed treatment.

CART analysis specifications: Gini splitting criterion with 5-fold cross-validation; minimum
terminal node size of n=5, with cost complexity pruning with larger trees penalized similar to
the AIC criterion.
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Table 1
Significant univariate associations (uncorrected) between baseline variables and the number of methamphetamine
(MA\) abstinent weeks and study completion.

Variable Type Measure Weeks Abstinent Study Completion

Cognitive Performance

1-back total errors N-Back NS t(52) = 210"
Drug Usage

Number of MA-free urine screens during baseline Urine r=58"" t(58) = -3.00"

Frequency of initial MA use (freq/infreq) ab Urine t(58) = 461" = 12617

Drug screen on first baseline day (pos/neg) a Urine 1(58) = 320" y= 478"

Days of MA use in the 30 days before baseline ASI r=-27" NS

Self-rated severity of MA dependence CGlI r=-25" NS

Number of lifetime drug treatments ASI r=.29" NS

Number of lifetime alcohol treatments ASlI r=37" NS

Days treated for drugs/alcohol in last 30 days ASI r=38" NS

Nicotine dependence total score FG NS t(37) = 218"
Mood/Psychiatric Function

Depressed in last 30 days (yes/no) & ASI NS = 657"

Significant depression in lifetime (yes/no) & ASI NS =893
Legal Status

Legal index score ASI NS t(58) = 237"
Social Context

Live with someone with alcohol problem (yes/no) & ASI t(57) = 3.25" NS

Days of conflicts with non-family in last 30 days ASI NS t(58) = 2.40"

Note: Urine = urinalysis for methamphetamine; ASI = Addiction Severity Index—Lite; CGI = Clinical Global Impression; FG = Fagerstrom Test of
Nicotine Dependence.

NS = Nonsignificant p > .05
r = Pearson correlation

t = independent samples t-test

XZ = chi-square test

aDenotes a categorical scale of measurement. All other variables were on a continuous scale.

bFrequency of initial MA use: Infrequent: < 2 positive MA urines during first two study weeks (i.e., baseline). Frequent: > 2 positive tests.

*
p < .05 uncorrected for multiple comparisons

**
p < .01 uncorrected for multiple comparisons

*kk
p <.001 uncorrected for multiple comparisons
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Means and standard deviations of baseline cognitive variables for participants with different treatment outcomes.

. . Mostly Abstinent Not Abstinent Completer Non-completer
Cognitive Variable (N = 19) (N = 40) (N = 18) (N = 41)
SRT mean reaction time 363.31 + 79.92 363.69 + 56.53 255.32 + 63.95 267.19 + 64.87
CRT mean reaction time 553.98 + 78.84 574.96 + 131.43 565.29 + 87.75 569.49 + 128.74
CRT total errors 1.79+201 2.90+2.75 2.00+1.97 2.78+2.79
g;‘}'f'on speed (CRT — 200.67 + 89.82 311.27 + 116,37 300.96 + 94.98 302.30 + 11453
1-back mean reaction time 663.63 + 183.36 674.42 +189.07 668.84 + 180.44 672.50 + 189.84
1-back total errors 150 + 2.59 1.75+3.15 0.77 + .83 1.98+337"
1-back total trials correct 30.29 +2.59 30.15+3.41 31.08 +.86 29.90 + 3.60
2-back mean reaction time 1017.25 + 334.04 963.81 + 361.89 1072.49 + 343.57 947.60 + 354.17
2-back total errors 2.07+3.10 2.20+3.07 1.62+2.26 2.34+3.27
2-back total trials correct 26.14 +5.80 27.40 + 4.87 28.23+4.27 26.71+5.34

Note: Mostly Abstinent: attended at least 7 treatment weeks with a negative urine for MA and no positive urines; Not Abstinent: attended less than 7
weeks with a negative urine for MA and no positive urines; Completer: attended at least one treatment session in each of the 12 treatment weeks; Non-
completer: did not attend at least one treatment session in each of the 12 treatment weeks; SRT = Simple Reaction Time; CRT = Choice Reaction Time.
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*
p < .05 uncorrected, Completer vs. Non-completer
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