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Abstract

Background—Recent animal and human studies reveal distinct cognitive and neurobiological
differences between opiate and stimulant addictions; however, our understanding of the common
and specific effects of these two classes of drugs remains limited due to the high rates of
polysubstance-dependence among drug users.

Methods—The goal of the current study was to identify multivariate substance-specific
markers classifying heroin dependence (HD) and amphetamine dependence (AD), by using
machine-learning approaches. Participants included 39 amphetamine mono-dependent, 44 heroin
mono-dependent, 58 polysubstance dependent, and 81 non-substance dependent individuals. The
majority of substance dependent participants were in protracted abstinence. We used demographic,
personality (trait impulsivity, trait psychopathy, aggression, sensation seeking), psychiatric
(attention deficit hyperactivity disorder, conduct disorder, antisocial personality disorder,
psychopathy, anxiety, depression), and neurocognitive impulsivity measures (Delay Discounting,
Go/No-Go, Stop Signal, Immediate Memory, Balloon Analogue Risk, Cambridge Gambling, and
lowa Gambling tasks) as predictors in a machine-learning algorithm.

Results—The machine-learning approach revealed substance-specific multivariate profiles that
classified HD and AD in new samples with high degree of accuracy. Out of 54 predictors,
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psychopathy was the only classifier common to both types of addiction. Important dissociations
emerged between factors classifying HD and AD, which often showed opposite patterns among
individuals with HD and AD.

Conclusions—These results suggest that different mechanisms may underlie HD and AD,
challenging the unitary account of drug addiction. This line of work may shed light on the
development of standardized and cost-efficient clinical diagnostic tests and facilitate the
development of individualized prevention and intervention programs for HD and AD.
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1. INTRODUCTION

Drug addiction is typically regarded as a unitary phenomenon (Badiani et al., 2011);
however, animal and human studies increasingly suggest that despite their many similarities,
different classes of drugs such as opiates and stimulants have distinct mechanisms of action
and neurobehavioral correlates (Badiani et al., 2011; George and Koob, 2010; Verdejo-
Garcia et al., 2007). Both classes of drugs modulate the dopamine (DA) system but the
mechanisms of these modulations differ for opiates and stimulants (Kreek et al., 2012) and
there is surprisingly minimal overlap of genes associated with these classes of drugs
(Kendler et al., 2003; Tsuang et al., 1998). Moreover, recent studies provide little support for
a general liability factor to substance misuse and instead reveal that liability to misuse illicit
substances is substance-specific (Clark et al., 2016). There are major differences in the role
of the ventromedial prefrontal cortex (vmPFC), which appears to serve fundamentally
different roles in opiate and stimulant addictions, acting as a neural OFF switch for cocaine
seeking, but an ON switch for heroin seeking (Peters et al., 2013). A growing number of
preclinical studies similarly reveal that opiate and stimulant addictions have dissociable
effects with opiates producing inhibitory and sedative effects, in contrast to stimulants’
arousing and excitatory effects (Badiani et al., 2011; Stewart et al., 1984). Further, trait
impulsivity predicts greater stimulant intake, but not heroin intake (Dalley et al., 2007;
McNamara et al., 2010). Also, both clinical and preclinical studies reveal that the differential
effects of these drugs depend on the specific environmental context, with the sedative effects
of opiates being greater in familiar and non-arousing environments, whereas the rewarding
effects of stimulants are enhanced in novel and arousing environments (Caprioli et al.,
2008).

However, clinical studies of personality and neurocognitive factors show mixed findings that
are inconsistent with preclinical studies. For example, both opiate and stimulant users report
increased trait impulsivity (Stanford et al., 2009) and sensation seeking (Ersche et al., 2010).
Clinical studies of neurocognitive function also show mixed results: some studies report
distinct patterns of neurocognitive performance in opiate and stimulant users (Ornstein et al.,
2000; Rogers et al., 1999; Verdejo-Garcia et al., 2007) whereas others report comparable
neurocognitive profiles (Kirby and Petry, 2004).
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There are three major gaps in the existing clinical literature on opiate and stimulant
addictions that we aim to address in this work. First, as previously noted (de Wit, 2008),
despite the overwhelming preclinical and clinical evidence supporting /mpulsivity as a key
factor of potential etiological significance for virtually all types of addictions, impulsivity is
multidimensional and few studies have concurrently assessed its multiple personality,
psychiatric, and neurocognitive dimensions in users of different classes of drugs (c.f.,
Vassileva et al., 2014). Most previous studies (Ahn et al., 2014b; Kirby and Petry, 2004;
Rogers et al., 1999) have typically focused on a single or a limited number of measures (c.f.,
Whelan et al., 2014); however, evidence suggests that specific dimensions of impulsivity
may be differentially related to different aspects of addictive behaviors. For example,
urgency (i.e., acting impulsively during negative emotional states) has been associated with
substance related problems whereas sensation seeking has been associated with frequency of
substance use (Castellanos-Ryan and Conrod, 2011; Cyders et al., 2009; Smith et al., 2007).
Further, mounting evidence indicates that some dimensions of impulsivity may be potential
endophenotypes for drug addiction (Kreek et al., 2005) and meet endophenotype criteria
(Bickel, 2015; MacKillop, 2013); however, the relative predictive utility of these dimensions
as putative endophenotypes for drug addiction remains unknown. Given the
multidimensional nature of impulsivity, multivariate impulsivity endophenotypes that exploit
the relationship between multiple impulsivity phenotypes may increase power to detect
common and unique effects of opiate and stimulant addictions. Second, because of the
widespread polysubstance use and dependence among substance dependent individuals in
the United States and Western Europe (Fernandez-Serrano et al., 2011), it is challenging for
clinical studies to dissociate the specific effects of opiate and stimulant addictions. Studies
focusing on more homogeneous sub-groups of drug users characterized by relatively “pure”
addictions could be more informative in this regard. Third, we have limited understanding
about the brain’s recovery of function and whether protracted abstinence, one of the least-
well understood stages of the addiction cycle, would reverse some of the residual effects of
chronic opiate and stimulant use on brain and behavior. Some evidence suggests that certain
manifestations of impulsivity may persist in protracted abstinence and may be implicated in
heightened susceptibility to relapse (Ahn et al., 2014b; Stevens et al., 2015a; Vassileva et al.,
2014).

Here, we address these challenges by recruiting predominantly mono-substance dependent
participants in Bulgaria, where polysubstance dependence is still not as common (Ahn et al.,
2014b; Vassileva et al., 2014); focusing on opiate- and stimulant-dependent participants in
protracted abstinence; using a wide spectrum of personality, psychiatric, and neurocognitive
measures encompassing multiple dimensions of impulsivity; and employing machine-
learning approaches, proven to be particularly promising for identifying markers among
multiple potential predictors that generalize to new samples (Molkow et al., 2015; Whelan
and Garavan, 2014). To identify substance-specific behavioral markers for heroin and
amphetamine dependence, we applied a machine-learning approach to demographic,
personality, psychiatric, and neurocognitive measures of impulsivity and related constructs
from individuals with lifetime mono-dependence on heroin or amphetamine, lifetime
polysubstance dependence, and no history of dependence. While conventional univariate
methods overlook the relationship among measures and typically compare healthy and
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psychiatric groups one measure at a time, machine-learning methods characterize
multivariate patterns of data that are optimized to predict group membership in new samples.
Machine-learning is particularly useful when data are high-dimensional and consideration of
multiple comparisons is essential to minimize both Type I and Il errors (Hastie et al., 2009).
Thus, machine-learning is regarded as the most promising approach to identify predictive
markers for psychiatric disorders and classify psychiatric populations with high-dimensional
data (Molkow et al., 2015). The main goal of the study was to identify multivariate profiles
that will most accurately characterize heroin dependence (HD) and amphetamine
dependence (AD) and generalize to new samples.

2. MATERIALS AND METHODS

2.1. Participants

Study participants included 222 individuals, enrolled in a larger study on impulsivity among
drug users in Sofia, Bulgaria. Participants were recruited via flyers placed at substance abuse
clinics, nightclubs, bars, and cafes in Sofia as well as by word of mouth. Participants were
initially screened via telephone and in-person on their medical and substance use histories.

Participants had to meet the following inclusion criteria: 1) age between 18 and 50 years; 2)
estimated 1Q>75; 3) minimum of 8! grade education; 4) no history of neurological illness;
5) HIV seronegative status; 6) negative breathalyzer test for alcohol and negative urine
toxicology screen for amphetamines, methamphetamines, cocaine, opiates, methadone,
cannabis, benzodiazepines, barbiturates, and MDMA. As seen in Table 1, the current study
included individuals meeting DSM-IV diagnostic criteria for mono-dependence on heroin
(N=44), mono-dependence on amphetamines (N=39), polysubstance dependence (N=58),
and no history of substance dependence (N=81). With the exception of caffeine and nicotine,
all “pure” mono-dependent substance users had no history of dependence on alcohol or any
drug other than stimulants or opiates. At the time of testing, most substance users were in
protracted abstinence (i.e., sustained full remission by DSM-IV criteria).

Given that our goal was to classify heroin and amphetamine dependence, we combined the
poly-and mono-dependent groups and classified individuals as “with HD”/“without HD”
(Table S11) and “with AD”/“without AD” (Table 822). This approach allowed us to examine
HD and AD with larger sample sizes. For the classification of HD, we had 70 individuals
with HD (all 44 from the pure heroin-dependence group and 26 from the polysubstance
dependence group) and 152 individuals without HD (all 81 healthy controls, all 39 from the
pure amphetamine-dependence group, and 32 from the polysubstance dependence group).
For the classification of AD, we had 79 individuals with AD (all 39 from the pure
amphetamine-dependence group and 40 from the polysubstance dependence group) and 143
individuals without AD (all 81 healthy controls, all 44 from the pure heroin-dependence
group, and 18 from the polysubstance dependence group).

lSupplementary material can be found by accessing the online version of this paper at http://dx.doi.org and by entering doi:...
Supplementary material can be found by accessing the online version of this paper at http://dx.doi.org and by entering doi:...
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2.2. Procedures

The study was approved by the Institutional Review Boards of Virginia Commonwealth
University and the Medical University-Sofia on behalf of the Bulgarian Addictions Institute.
For more detailed description of the study protocol and screening procedures, see Vassileva
et al. (2014). Briefly, after signing an informed consent form participants underwent urine
drug screens and a Breathalyzer test for alcohol. Then participants completed two study
sessions of approximately 4 hours each, which included assessment of substance use (SCID-
SAM,; First and Gibbon, 1997), 1Q, trait impulsivity, neurocognitive impulsivity, and
psychiatric comorbidities (see Measures for details).

2.3. Measures Included in the Machine-learning Analyses

2.3.1. Demographic Measures—Demographic measures included gender, age, years
of education, 1Q assessed with the Raven’s Progressive Matrices (Raven and Raven, 2000),
and family history of substance use problems (number of relatives with alcohol or substance
use problems) determined via pedigree. In total, we included 5 demographic measures.

2.3.2. Psychiatric Measures—Psychiatric measures included length of abstinence
(time since last used drugs); severity of nicotine dependence, assessed with the Fagerstrom
Test for Nicotine Dependence (Heatherton et al., 1991); history of conduct disorder (CD)
and antisocial personality disorder (ASPD), assessed with the Structured Clinical Interview
for DSM-1V; psychopathy, indexed with the interpersonal/affective Factor 1 and the
antisocial/lifestyle Factor 2 of the Psychopathy Checklist: Screening Version (PCL:SV; Hart
et al., 1995); self-report childhood symptoms of ADHD assessed with the Wender Utah
Rating Scale (WURS; Ward et al., 1993); current depression assessed with the Beck
Depression Inventory—Il (BDI-11; Beck et al., 1996); anxiety assessed with the State-Trait
Anxiety Inventory (Spielberger and Gorsuch, 1983); and anxiety sensitivity indexed with the
Anxiety Sensitivity Index (Reiss et al., 1986). In total, we included 11 psychiatric measures.

2.3.3. Personality measures—Personality trait measures included three subscales
(motor, non-planning, and attentional impulsivity) of the Barratt Impulsiveness Scale
(BIS-11; Patton et al., 1995); four subscales (negative urgency, lack of planning, lack of
perseverance, and sensation seeking) of the UPPS Impulsive Behavior Scale (Whiteside and
Lynam, 2001); five subscales (physical aggression, verbal aggression, hostility, anger, and
indirect hostility) of the Buss-Warren Aggression Questionnaire (BWAQ; Buss and Warren,
2000); the Levenson’s Self-Report Psychopathy Scale (LSRP; Levenson et al., 1995); and
four subscales (experience-seeking, thrill/adventure-seeking, disinhibition, boredom
susceptibility) of the Sensation-Seeking Scale (SSS; Zuckerman et al., 1964). In total, we
included 17 personality indices.

2.3.4. Neurocognitive impulsivity (laboratory task) measures—Our battery of
neurocognitive impulsivity measures included two versions (ABCD and EFGH) of the lowa
Gambling Task (IGT; Bechara et al., 1994; 2000), the Stop Signal Task (SST; Dougherty et
al., 2005), the Immediate Memory Task (IMT; Dougherty et al., 2002), the Monetary Choice
Questionnaire indexing delayed reward discounting (DRDT; Kirby et al., 1999), the Balloon
Analogue Risk Task (BART; Lejuez et al., 2002), the Go/Nogo Task (GNGT; Lane et al.,

Drug Alcohol Depend. Author manuscript; available in PMC 2017 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Ahn and Vassileva

Page 6

2007), and the Cambridge Gambling Task (CGT; Rogers et al., 1999). See Supplementary
Material3 for detailed description of the measures. In total, we included 21 neurocognitive
indices: 2 from the IGT (net scores on IGT-ABCD and IGT-EFGH), 4 from the SST
(response inhibition ratio at 50-msec, 150-msec, 250-msec, and 350-msec intervals), 4 from
the IMT (discriminability (d’), response bias (b), commission error rate, and omission error
rate), 1 from the DRDT (natural log of & discounting rate), 1 from the BART (the adjusted
average number of pumps), 4 from the GNGT (discriminability, response bias, commission
error rate, and omission error rate), and 5 from the CGT (risk taking, risk adjustment, quality
of decision-making, deliberation time, and delay aversion).

2.4. Statistical Analyses

We first compared the groups using a traditional approach: On each measure (test variable),
we used omnibus analysis of variance (ANOVA) across all four groups, then Tukey’s HSD
test for post hoc pair-wise group comparisons, the findings of which are summarized in
Table 1 (see Tables S1-24 for group comparisons based on participants’ HD or AD
dependence status).

Next, we applied a machine-learning method called the elastic net (Zou and Hastie, 2005) to
all the data from a total of 54 demographic, psychiatric, personality, and neurocognitive
measures to uncover multivariate profiles that contribute to the out-of-sample classification
of heroin- and amphetamine-dependence. The elastic net, which is one of penalized
regression (supervised learning) methods, enjoys automatic variable selection and the
regression coefficients of unimportant variables shrink to zero. Also, highly correlated
variables can be selected all together, if they are predictive, because of its grouping effect.

The core procedures for generating out-of-sample classification (penalized logistic
regression) are similar to those used in a previous study (Ahn et al., 2014a), which provide
detailed illustration of the method (but also see Ahn et al., under review). The dependent
variable was whether an individual has met dependence criteria for heroin or amphetamine.
For model fitting and generating out-of-sample classification, we first split the data (N=222)
into a training set (67% of the data, N=148) and a test (validation) set (33% of the data,
N=74), fitted the elastic net model using the training set, and made classifications on the test
and training sets separately. Out-of-sample classification accuracy can be affected by how
similar the training and test sets are. Thus, we further checked the generalizability of our
findings by randomly dividing the data into training and test sets and checking model
performance 1,000 times. We used the area under the curve (AUC) of the receiver operating
characteristic (ROC) curve as an index of model performance. See Supplementary Material®
for details.

3Supplementary material can be found by accessing the online version of this paper at http://dx.doi.org and by entering doi:...
Supplementary material can be found by accessing the online version of this paper at http://dx.doi.org and by entering doi:...
Supplementary material can be found by accessing the online version of this paper at http://dx.doi.org and by entering doi:...
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3. RESULTS

3.1. Participants’ Characteristics

Table 1 shows the demographic, psychiatric, personality, and neurocognitive characteristics
of participants. Reflecting the timeline of heroin and amphetamine influx in Bulgaria (Ahn
et al., 2014b), groups differed significantly on age: heroin dependent individuals (HDIs)
were significantly older than all other groups, and polysubstance dependent individuals
(PDIs) were significantly older than amphetamine dependent individuals (ADIs). Healthy
control individuals (HCIs) had more years of education than ADIs. HDIs had lower 1Q than
both HCIs and ADIs. In terms of family history of substance misuse, PDIs had more
relatives with alcohol/drug problems than HCIs. There were no group differences in sex or
handedness. See Table 1 for more between-group comparison results and Tables 5126 for
the characteristics and between-group comparisons of individuals classified by HD or AD
status.

3.2. Elastic Net Results

Figure 1 shows the multivariate profiles for HD or AD, revealed by the machine-learning
method. HD was classified by older age, lower 1Q, lower years of education, and several
psychiatric (longer abstinence, more severe nicotine dependence, higher depression, higher
state anxiety, higher PCL:SV Factor 1 and Factor 2 psychopathy, and higher ADHD) and
personality indices (higher BIS Non-planning Impulsivity; higher BWAQ Indirect
Aggression and Anger; higher UPPS Urgency and Lack of Perseverance; lower BIS
Attentional and Motor Impulsivity; lower BWAQ Physical Aggression and Hostility; lower
UPPS Sensation Seeking; and lower SSS Experience-seeking and Disinhibition). HD was
also classified by several neurocognitive measures including impaired decision-making
performance on the IGT (ABCD and EFGH), higher IMT omission errors, higher CGT
delay aversion, higher SST 50-msec response inhibition ratio (i.e., lower impulsivity), lower
IMT discriminability, lower BART risk score, lower CGT deliberation time (i.e., faster
responding), lower CGT risk taking, lower CGT quality of decision-making, and lower SST
350-msec response inhibition ratio (i.e., higher impulsivity).

In contrast, AD was classified by younger age, family history of substance use problems,
shorter abstinence, higher psychopathy PCL:SV Factor 2, higher BWAQ Hostility, higher
SSS Disinhibition, higher SSS Experience-seeking, higher delay discounting on the DRDT
and higher CGT deliberation time (i.e., slower responding).

Table 2 summarizes the multivariate classification patterns for each category of measures
that were common to both classes of drugs, specific to HD or AD, and in opposite directions
in HD and AD. Contrary to the unitary account of drug addiction, we found that only one
out of 54 indices, namely the antisocial/lifestyle factor of psychopathy (PCL:SV Factor 2)
was common to both HD and AD. Several other measures (age, length of abstinence, SSS
Experience-seeking, SSS Disinhibition, Buss-Warren Hostility, CGT deliberation time) were

6Supplementary material can be found by accessing the online version of this paper at http://dx.doi.org and by entering doi:...
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associated with both HD and AD, but the association was in opposite direction for HD and
AD.

Figures 2 and 3 show the receiver-operating characteristic (ROC) curve and its mean area
under the curve (AUC) for the classification of HD and AD, respectively. For HD (Figure 2
A-B), the AUC was 0.955 for the training set and 0.870 for the test set. When we checked
model performance on randomly selected 1,000 training and test sets (Figure 2 C-D), the
mean AUCs were 0.946 and 0.863 for the training and test sets. For AD, the AUC was 0.851
for the training set and 0.744 for the test set (Figure 3 A—B). The mean AUCs on randomly
selected 1,000 training and test sets were 0.847 and 0.712, respectively (Figure 3 C-D).

3.3. Elastic Net Results Using Mono-Substance Dependent (Pure) Users

In order to increase the sample size, the results reported above were based on mixed groups
of pure users and polysubstance users. However, it was of additional interest to examine the
classifiers in pure users to check the generalizability and specificity of the findings. Thus, in
separate analyses, we performed direct classifications of pure HDIs (N=44), pure ADIs
(N=39), and PDIs (N=58) against drug-naive HCIs (N=81) using identical machine-learning
procedures. Overall, although some differences were noted, most of the important findings
remain the same with the pure groups. See Supplementary Material and Figures S1-47 for
the results of the analyses.

4. DISCUSSION

This study demonstrates that HD and AD are characterized by distinct multivariate patterns
of demographic, psychiatric, personality, and neurocognitive indices, which challenges the
unitary account of drug addiction and validates some preclinical findings. By using machine-
learning approaches and by recruiting individuals with past mono-dependence on heroin or
amphetamines who were currently in protracted abstinence, this work addressed three major
gaps in the existing literature. Specifically, we (1) Concurrently assessed multiple
dimensions of impulsivity within the same subject population, as often recommended but
rarely done with substance dependent individuals; (2) Identified substance-specific
multivariate patterns that classified HD or AD in new samples; and (3) Provided evidence
that these patterns are observable in protracted abstinence, i.e., are state independent, which
suggests their potential utility as endophenotypes for HD and AD.

Regardless of whether or not polysubstance users were included in the model, the only
common classifier of both HD and AD was the antisocial/lifestyle factor of psychopathy
(PCL:SV Factor 2), which is strongly related to the externalizing spectrum disorders and is
also associated with impulsive violence and criminal versatility (Vassileva et al., 2005). Our
finding that the PCL:SV Factor 2 is related to both HD and AD is consistent with previous
studies identifying a factor common to all externalizing disorders including ADHD, conduct
disorder, and substance misuse (Castellanos-Ryan et al., 2014). Combined, these results
suggest that such a broad lifestyle trait-like factor could underlie the development of drug
addiction and its comorbidity with other externalizing disorders. Future studies need to

7Supplementary material can be found by accessing the online version of this paper at http://dx.doi.org and by entering doi:...
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replicate the role of PCL:SV Factor 2 in addiction to different classes of drugs and its
relationship to the general externalizing factor identified with structural equation modeling
(Castellanos-Ryan et al., 2014).

This study also supports previous findings that personality measures are some of the
strongest predictors of substance misuse (Castellanos-Ryan et al., 2014; Vassileva et al.,
2014; Whelan et al., 2014) and indicate that there are both common and substance-specific
personality profiles classifying HD and AD. The interpersonal/affective factor of
psychopathy (PCL:SV Factor 1) was uniquely associated with HD and was the strongest
classifier of HD (excluding age), in line with previous studies (Vassileva et al., 2014; 2011).
In contrast, consistent with preclinical findings, AD was uniquely characterized by sensation
seeking (SSS Disinhibition and SSS Experience Seeking). A notable finding was that the
heroin users in our study were not particularly /impulsive, which could have contributed to
their successful maintenance of long-term abstinence without being on opiate maintenance
therapy. Specifically, individuals with HD were low sensation seekers (SSS Disinhibition,
SSS Experience Seeking, UPPS Sensation Seeking), had low motor and attentional
impulsivity (BIS-11) and low hostility. On the other hand, they were characterized by higher
non-planning impulsivity (BIS-11) and higher impulsivity under negative affective states
(UPPS Negative Urgency). Future studies should determine whether these characteristics
have classification utility only for the protracted abstinence stage of HD or whether they
would also apply to current HD. Overall, these findings suggest that the efficacy of treatment
interventions could be increased if they are tailored to the specific personality characteristics
of HDI and ADI (Conrod et al., 2010).

Neurocognitive impulsivity measures revealed additional substance-specific aspects of HD
and AD although classifiers revealed by machine-learning differed somewhat depending on
whether the model included PDIs for the classification of HD or AD. HD was classified by
performance on several tasks including impaired decision-making on the IGT and CGT,
reduced risk taking on the CGT (c.f., not in Figure S48 based only on pure HDIs) and fewer
impulsive choices on the BART, which further supports the personality trait findings that
impulsivity is not strongly related to HD. Instead, HD was associated with attentional
problems as indicated by more errors of omission (rather than commission) and low
discriminability on the IMT. HDI’s impaired decision-making performance on the IGT is
consistent with previous studies (Ahn et al., 2014b), especially among individuals with
comorbid HD and psychopathy (Vassileva et al., 2011; 2007). HD was also predicted by
higher delay aversion on the CGT, but not by higher delay discounting on the DRDT, which
is not entirely consistent with the literature and may be specific to the protracted abstinence
stage of HD. In contrast, AD was predicted by higher delay discounting on the DRDT and
longer decision time on the CGT (c.f., not in Figure $S49 when only using pure ADIs). In a
parallel study in USA where we also used a machine-learning approach, we similarly found
that higher delay discounting was a robust classifier of current stimulant (cocaine)
dependence (Ahn et al., 2015). Together, these results indicate that delay discounting may be
uniquely related to stimulant dependence in particular, given the convergence of findings

8Supplementary material can be found by accessing the online version of this paper at http://dx.doi.org and by entering doi:...
Supplementary material can be found by accessing the online version of this paper at http://dx.doi.org and by entering doi:...
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across two different samples (active and former users), in two different countries (USA and
Bulgaria), and with two different types of stimulants (cocaine and amphetamines). This
suggests that delay discounting may be a viable endophenotype for stimulant (but not opiate)
addiction (Bickel, 2015; MacKillop, 2013).

Taken together, our results demonstrate the important role of impulsivity in the etiology of
HD and AD and the importance of concurrently considering its multiple dimensions.
Recently, impulsivity has gained grounds as one of the strongest putative endophenotypes
for addictive disorders. Our findings add to the mounting literature (Kreek et al., 2005)
indicating that some measures of impulsivity may meet consensus endophenotype criteria
(Gottesman and Gould, 2003). Our current and previous studies (Ahn et al., 2014b;
Vassileva et al., 2014) show that deficits in impulsivity are observable regardless of the state
of the addiction and persist even after protracted abstinence from drug use. Other cross-
sectional and longitudinal studies indicate that children or biological siblings of drug users
(Ersche et al., 2012) display elevated impulsivity prior to any drug use and that impulse
control deficits are reliable predictors of later drug initiation and problems (\Verdejo-Garcia
et al., 2008). The heritability of trait impulsivity has been confirmed by numerous genetic
studies and there is also growing evidence for the heritability of neurocognitive measures of
impulsivity (MacKillop, 2013). One of the most intriguing aspects of the current findings is
the possibility that some putative endophenotypes may be substance-specific.

Future studies are needed to address some limitations of the current cross-sectional study
and explore the biological basis of HD and AD with novel computational approaches. The
current work used only behavioral measures, suggesting that such time- and cost-effective
measures can be highly predictive of substance misuse. For example, the behavioral process
of delay discounting has been proposed to be candidate behavioral marker of addiction
(Bickel et al., 2014) with significant predictive utility for motivation for treatment and
treatment retention (Stevens et al., 2015b). Similarly, neurobehavioral indices of various
components of impulsivity were put forward as biomarkers or surrogate markers of
biological processes (Volkow et al., 2015), given their high correlations with substance use
disorders and the growing understanding of their neural substrates brought by neurocimaging,
which may further improve their classification and prediction accuracy. We believe this
study represents an important step forward for translating research findings into clinical
settings. However, until replicated by future studies, the evidence for the differences in
classification profiles between HD and AD might remain limited to the measures included in
the current study. Finally, the small gap in classification accuracy between training and test
sets, suggests that there might be some over-fitting of the model and some variables might
not generalize well to unseen new samples. We are currently recruiting a larger group of
participants and testing other machine-learning algorithms to address this issue.

In summary, we identified multivariate substance-specific behavioral markers classifying
heroin and amphetamine dependence using machine-learning approaches. Results revealed
important dissociations between factors classifying opiate and stimulant dependence, which
often showed opposite patterns among individuals with heroin and amphetamine users.
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Highlights

. Polysubstance use impedes the study of the unique effects of different
drug classes

. We tested “pure” heroin dependent (HD) and amphetamine dependent
(AD) users

. Machine learning revealed substance-specific behavioral markers of
HD and AD

. Psychopathy was the only classifier common to both HD and AD

. Results challenge the unitary account of drug addiction
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Multivariate patterns of demographic, psychiatric, personality, and neurocognitive measures
classifying individuals with past heroin- or amphetamine-dependence. CD = Conduct
Disorder; ASPD = Antisocial Personality Disorder; BDI = Beck Depression Inventory; Anx
= Anxiety; Anx Sens = Anxiety Sensitivity; LRSP = Levenson’s Self-Report Psychopathy
Scale; PCL = Psychopathy Checklist: Screening Version; WURS = Wender Utah Rating
Scale for ADHD; BIS = Barratt Impulsiveness Scale; SSS = Sensation Seeking Scale; IGT =
lowa Gambling Task; SST = Stop Signal Task; IMT = Immediate Memory Task; DRD =
Delayed Reward Discounting; BART = Balloon Analogue Risk Task; GNGT = Go/Nogo
Task; CGT = Cambridge Gambling Task; DA = Delay Aversion; DT = Decision Time; QDM
= Quality Decision-Making; RA = Risk Adjustment; RT = Risk Taking.
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Classification accuracy of past heroin dependence as indexed by the Receiver-Operating-
Characteristic (ROC) curves and their area under the curve (AUC) of (A) the training set and
(B) the test set. Panels C and D represent the histograms of AUCs when we randomly
selected training and test sets 1,000 times. Dashed black lines indicate the mean values of

histograms.
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Figure 3.
Classification accuracy of past amphetamine dependence as indexed by the Receiver-

Operating-Characteristic (ROC) curves and their area under the curve (AUC) of (A) the
training set and (B) the test set. Panels C and D represent the histograms of AUCs when we
randomly selected training and test sets 1,000 times. Dashed black lines indicate the mean
values of histograms.
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