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Abstract

Cannabis use initiated during adolescence might precipitate negative consequences in adulthood.
Thus, predicting adolescent cannabis use prior to any exposure will inform the aetiology of
substance abuse by disentangling predictors from consequences of use. In this prediction study,
data were drawn from the IMAGEN sample, a longitudinal study of adolescence. All selected
participants (/7= 1,581) were cannabis-naive at age 14. Those reporting any cannabis use (out of
six ordinal use levels) by age 16 were included in the outcome group (/= 365, males 7= 207).
Cannabis-naive participants at age 14 and 16 were included in the comparison group (M= 1,216,
males /7= 538). Psychosocial, brain and genetic features were measured at age 14 prior to any
exposure. Cross-validated regularized logistic regressions for each use level by sex were used to
perform feature selection and obtain prediction error statistics on independent observations.
Predictors were probed for sex- and drug-specificity using post-hoc logistic regressions. Models
reliably predicted use as indicated by satisfactory prediction error statistics, and contained
psychosocial features common to both sexes. However, males and females exhibited distinct brain
predictors that failed to predict use in the opposite sex or predict binge drinking in independent
samples of same-sex participants. Collapsed across sex, genetic variation on catecholamine and
opioid receptors marginally predicted use. Using machine learning techniques applied to a large
multimodal dataset, we identified a risk profile containing psychosocial and sex-specific brain
prognostic markers, which were likely to precede and influence cannabis initiation.
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Introduction

Cannabis use in adolescence is associated with a range of adversity in adulthood including
cannabis dependence (DSM-1V; Hall & Degenhardt, 2009; Moss, Chen, & Yi, 2014), poly-
drug use (Secades-Villa, Garcia-Rodriguez, Jin, Wang, & Blanco, 2015), cognitive deficits
(Meier et al., 2012; Schuster, Hoeppner, Evins, & Gilman, 2016), compromised physical
(Kalant, 2004) and mental health (Degenhardt et al., 2013; Kedzior & Laeber, 2014; Malone,
Hill, & Rubino, 2010), and diminished life attainment goals (e.g., socioeconomic factors;
Fergusson & Boden, 2008). These findings are supported by animal models linking
adolescent cannabis exposure with detrimental outcomes in adulthood (O’Shea, 2004; Quinn
et al., 2008). However, in humans, it is difficult to assert a causal role for cannabis in
subsequent outcomes as any negative outcomes arising from use could be related to a
number of factors confounded with the choice to initiate use (Jackson et al., 2016).

Results from the 2013 National Survey on Drug Use and Health indicated that nearly 25% of
10th graders reported ever trying cannabis (NSDUH, 2014). From 2005 to 2010 rates of
cannabis-related emergency room visits increased 54% in males and 42% in females aged
15-17 years (NSDUH, 2014). Moreover, beliefs concerning the risk of use are declining
(Johnston, O’Malley, Bachman, & Schulenberg, 2011) despite the increase in drug potency
relative to previous decades (EISohly et al., 2016). These trends are a source of concern as in
vitro models indicate that delta-9-tetrahydrocannabinol (THC), a psychoactive compound in
cannabis, could be more toxic in adolescent than in adult tissue (Pope et al., 2003; Quinn et
al., 2008; Renard et al., 2016; Rubino et al., 2015; Schneider, 2008), and human studies
suggest early, compared to adult, initiation of cannabis is associated with worse outcomes
(Brook, Lee, Brown, Finch, & Brook, 2011; Coffey & Patton, 2016).

Global studies suggest cannabis use is typically initiated prior to age 18 (Degenhardt et al.,
2008). Thus, adolescence might be a developmental period during which initiation can be
best predicted. Investigations of the risk factors associated with cannabis initiation
commonly report features like temperament (Creemers et al., 2010), delinquent behaviours
(van den Bree & Pickworth, 2005), alcohol and tobacco use (von Sydow, Lieb, Pfister,
Hofler, & Wittchen, 2002) and parental (Day, Goldschmidt, & Thomas, 2006) and peer
influences (Ellickson, Tucker, Klein, & Saner, 2004), while rarely considering any
neurobiological or genetic contributions. Incorporating these domains may uncover
biobehavioural processes that are specific to the initiation of cannabis use. Therefore, we
sought to uncover a comprehensive risk profile of adolescent cannabis use by predicting the
initiation of use via a large multimodal biobheavioural dataset.

Prior studies have stressed the importance of attending to sex differences in substance abuse
research. Indeed, males and females differ in their biological response to cannabis, such that
females produce more psychoactive THC metabolites (Narimatsu, Watanabe, Yamamoto, &
Yoshimura, 1991) and exhibit elevated gene expression levels of both CB1 and CB2
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cannabinoid receptors (Onaivi et al., 1999) relative to males. Behaviourally, female cannabis
users endorse more positive subjective ratings associated with abuse liability to smoked
cannabis (vs. placebo; (Cooper & Haney, 2014). Moreover, converging evidence using
animal (Fattore et al., 2007) and human studies (Hernandez-Avila, Rounsaville, & Kranzler,
2004; Schepis et al., 2011) indicates the transition from cannabis use initiation to regular use
is accelerated in females. Hence, the identification of a predictive profile may identify sex-
specific aetiological mechanisms while also informing sex-specific interventions to attenuate
the risk of ever becoming a user.

While prediction analyses can illuminate the nature of drug initiation, these studies are rare
as they necessitate large, longitudinal samples, especially when feature-rich domains are
considered (Whelan & Garavan, 2014). Large samples are also needed for cross-validation
schemes to ensure predictive models are tested on independent samples. Hence, we
modelled our analytic approach on a related study using the IMAGEN dataset in which
Whelan et al. (2014) developed predictive models which identified multidomain features at
age 14 that predicted binge drinking at age 16. Given this work, we hypothesized cannabis
use could be predicted in a similar fashion using multidomain data from the IMAGEN
sample. We extend the methods of Whelan et al. by identifying multidomain risk profiles for
each sex while considering a range of subsequent cannabis use levels. In doing so, we
identify predictive features that are both common and unique between the sexes, and
between future cannabis use and binge drinking. While we anticipate replicating many
psychosocial predictors and uncovering a sparse set of brain and genetic predictors, these
exploratory analyses are data driven. In an era where large multisite neuroimaging projects
and big datasets are becoming more prevalent, we leverage machine learning techniques to
uncover a sparse set of predictors of cannabis use from a large multidomain set of variables
that generalize to predict use in independent samples.

Methods and materials

Full details of the multisite IMAGEN study (Schumann et al., 2010) are available in the
online Standard Operating Procedures (https://imagen-europe.com/). Imaging acquisition
parameters and quality assurance procedures were standardized across site to ensure
comparable data (see Schumann et al., 2010 for standardization of procedures across sites).
The IMAGEN study conformed to the ethical standards outlined by Declaration of Helsinki
and was approved by ethics committees at each site including King’s College, London;
Central Institute of Mental Health, Mannheim; Charite, Universitatsmedizin Berlin;
University Medical Center Hamburg-Eppendorf; University of Nottingham; Trinity College
Dublin; Institut National de la Sante et de la Recherche Medicale, Orsay. After description
of the IMAGEN study to the participants and their parents, written informed consent was
obtained. Individuals who provided assent were studied at age 14 and 16.

Participants

Inclusion was determined by a self-report drug use questionnaire (using the “ESPAD”,
described below). Participants from the baseline sample (age 14) who provided ESPAD data
and were cannabis-naive were eligible for inclusion (n=2,018). At age 16, n= 1,581
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participants (78% of the cannabis-naive sample) provided usable data (see Supporting
Information Table S1 for evaluation of participants unavailable for follow-up) and were thus
included in the analysis. Participants reporting any level of cannabis use by age 16 were
assigned to the outcome groups (/7= 365). Participants who remained cannabis-naive at age
14 and 16 were assigned to the comparison group (7= 1,216).

The European School Survey Project on Alcohol and Drugs (ESPAD; Hibell et al., 1997)
was administered at age 14 and 16 using Psytools (London, UK). Lifetime usage was
measured on an ordinal scale: 0, 1 = 1-2x; 2 = 3-5x, 3 =6-9x, 4 = 10-19x, 5 = 20-39x, 6 =
40x+. See Table 1 for sample demographics and drug use levels.

Participants were extensively characterized at age 14 using psychosocial (of parent and
child), neuroimaging, and genetic assessments (see Supporting Information Data S1).
Psychosocial data were largely self-reported and included demographics, summary scores
for personality dimensions (Cloninger, 1999; Costa & McCrae, 1995; Woicik, Stewart, Pihl,
& Conrod, 2009), frequency of candidate life events (Newcomb, Huba, & Bentler, 1981),
cognitive (Robbins et al., 1994) and intelligence (Wechsler, 2003) assessments and drug use
levels of the parent and child (additional features described in Supporting Information Data
S1). Genetic data included 108 candidate single nucleotide polymorphisms (SNPs) on genes
coding for neurotransmitter receptors (cannabinoid, opioid and catecholamines), related
enzymes (FAAH), eight SNPs previously associated with cannabis dependence (Hartman et
al., 2009; Hopfer et al., 2006; Hurd, Michaelides, Miller, & Jutras-Aswad, 2014) and one
genetic risk-score based on the summation of those eight risk alleles (Cornelis, 2009). Brain
data included three fMRI tasks designed to engage cognitive processes associated with
substance abuse (reward processing, motor response inhibition, and social affective (face)
processing; see Supporting Information Data S1 for task specifics) and one structural MRI
scan. Whole-brain fMRI contrast maps (generated using a standard GLM) and grey matter
volume maps (GMV; generated using voxel-based morphometry) were each parcellated into
278 regions of interest (ROIs) (Shen, Tokoglu, Papademetris, & Constable, 2013). All data
(except the cannabis use outcome) were collected at age 14 and used to predict cannabis use
by age 16, and all predictors (n7variables = 2,413; see Supporting Information Table S2 for
summary) from each domain were considered during predictive model estimation.

Statistical analyses

The overall analytic procedure was designed to accomplish three goals: (a) perform feature
selection to identify the predictors of light to heavy use in males and females separately; the
selected features then informed post hoc analyses to (b) probe the identified predictors for
sex- and drug-specificity, and (c) assess the relative contribution of each data domain to the
prediction of cannabis use initiation.

Feature selection

Six prediction analyses were conducted for each sex to predict each level of use via the
ESPAD scale (use levels of 1 and above (Males 7= 207; Females n = 158), levels 2 and
above (Males n=172; Females = 120), and so on up to level 6). Predictive models were
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estimated using elastic-net regularization (Zou & Hastie, 2005) with logistic regression to
perform feature selection (from 77 variables = 2,413) and reduce model overfit. The elastic-
net minimizes both the sum of the squared and absolute values of the regression coefficients,
effectively setting some coefficients to zero, thereby performing feature selection during
model estimation. Elastic-net parameters (see Supporting Information Data S1) were tuned
on independent samples (via nested A-fold cross-validation), and then final models were
tested on an independent internal validation set. These analyses were implemented using the
“glmnet” function in MATLAB (v. R2014a, Natick, MA, USA).

k(10)-fold cross-validation was used during model estimation to evaluate predictive models
on independent observations. Partitioning a completely external validation set would have
reduced an already small group of interest. Therefore, internal validation using A-fold cross-
validation was used as a proxy for external validation. During k-fold cross-validation, the
full sample of data is partitioned into subsamples of data, where & equals the number of
partitions (or “folds™) of the original starting sample. k-fold cross-validation then becomes
an iterative process whereby a single fold is set aside as the test sample “test fold”, and a
“training model” is estimated on the observations in the remaining -1 folds “training folds”.
The training model is then used to predict the observations in the set aside test fold, thereby
ensuring the independence of the test fold sample. This procedure returns & final models.

Each of the six sex-specific prediction analyses was run 100 times to account for the subtle
differences in results incurred due to the random assignment of participants to folds. Results
were thresholded to identify only the predictors that were present in at least six final models
(from k= 10) across all 100 runs within a use level analysis. Predictors passing this
threshold were selected for use in post hoc analyses. See Supporting Information Figure S1
for a schematic of the analytic method.

The area under the curve (AUC) of the receiver-operating characteristic (ROC) was
calculated based on the model’s ability to predict cannabis use in the independent samples
segregated during cross-validation. In a wide fashion, the ROC AUC represents the
probability that a randomly selected individual from the outcome group will be predicted as
a future user (Fawcett, 2006). Null-hypothesis significance testing on the AUC was
conducted using a Mann-Whitney U-test (Mason & Graham, 2002) (significance set using a
Bonferroni corrected p < 0.008 [p < 0.05/6 models]) to test the hypothesis that models
predicted independent samples better than chance.

Features selected from each use level analysis were then used in post hoc analyses described
below. Correlations between each identified feature and cannabis use were also analysed
using Pearson’s point-biserial correlation to predict any level of future use in a binary
fashion.

Specificity analyses

Sex-specificity was assessed by including the selected features of male cannabis use as the
independent variables of a logistic regression model estimated on the female sample (and
vice versa). Drug-specificity was assessed by including the selected features of male
cannabis use as the independent variables of a logistic regression model estimated on an
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independent sample of binge drinking males (and likewise for females). The binge drinking
sample contained new individuals (77 = 400) who were naive to binge drinking at age 14
(with a maximum of two lifetime drinks), but endorsed binge drinking episodes (i.e., being
drunk from alcoholic beverages) by age 16 (see Supporting Information Table S3 for binge
drinking sample demographics).

Domain contribution analyses

Results

The selected features for each sex were also modelled in a hierarchical fashion to measure
the relative change in model fit after the inclusion of each domain-specific set of predictors.
Model fit for all post hoc regressions were determined using a chi-square goodness of fit
statistic and the delta Akaike information criterion of model selection (AAIC; Akaike, 1974).

Feature selection analyses predicting each use level returned a range of ROC AUC values
(Males: AUC=0.65-0.74, p= 1.4 x 1078-5.3 x 10710; Females: AUC = 0.74-0.82, p=1.8 x
1071655 x 10713, indicating high accuracy in predicting independent samples for each use
level (Figure 1). Best performance was achieved predicting =20 uses for males (AUC = 0.74,
p=5.3x10710) and 210 uses for females (AUC = 0.82, p=5.5 x 10713). For context, in a
study using only psychosocial features to predict the initiation of cannabis use, authors
reported a final predictive logistic regression model returning a ROC AUC = 0.78 (von
Sydow et al., 2002). In addition, Whelan et al. (2014) reported a cross-validated ROC AUC
= 0.75 in their study of brain, psychosocial, and genetic predictors of binge drinking. Hence,
the AUCs reported here are in line with previous research, while the AUCs from the female
models reflect an even higher degree of cross-validated prediction than what has been
previously reported..

Selected psychosocial predictors

Six psychosocial predictors were found to be common to both sexes, including greater
lifetime alcohol and cigarette use, parental lifetime cannabis use, novelty-seeking
personality and the disorderliness personality subscale (Cloninger, 1999), and less-negative
feelings towards deviant behaviours (Newcomb et al., 1981). Post hoc regressions indicated
these predictors returned strong model fit for the full sample (males and females) for all
levels of cannabis use (;{g, N = 1,530 = 184.02, p= 4.7 x 10737; AAIC = 175.02) and also

predicted binge drinking (;(g, N = 379 = 29.58, p= 1.8 x 107°; AAIC = 19.58) in an

independent sample. See Figure 3 for a summary of all identified predictors and their point-
biserial correlation with use initiation.

Male-specific predictors included greater parental novelty-seeking (Cloninger, 1999) and
sensation seeking personality. While these parental personality traits measure similar
constructs, partial correlations indicated parent sensation seeking predicted use (r739=0.10, p
= 0.005) after accounting for parent novelty-seeking personality (r749=0.10, p = 0.007).
Furthermore, although personality traits are heritable, partial correlations also indicated
child novelty-seeking personality predicted use (7739 = 0.14, p= 2.1 x 10™%) after accounting
for parent novelty-seeking personality, 749 = 0.10, p = 0.007).
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Female-specific predictors included greater extravagant personality subscale (Cloninger,
1999) in both the parent and daughter. The extravagant subscale assesses overspending
behaviours and diminished planning, and conveys a tendency to approach reward cues.
Similar to males, greater extravagance of both the parent and daughter made separate
contributions to the prediction (post hoc partial correlation between the outcome measure
and child extravagance rgp3 = 0.12, p= 3.6 x 1074, after accounting for parent extravagance
rgo4 =0.16, p=6.0 x 107%). In addition, greater impulsive personality subscale (Cloninger,
1999), frequent sexual experiences and higher verbal 1Q predicted female use.

Selected brain predictors

For males, six functional and two structural brain features predicted cannabis use. For
females, fifteen functional and two structural brain features predicted use with no overlap
with the predictors for males. Post hoc point-biserial correlations indicated that five regions
for males, and sixteen regions for females, significantly predicted any level of use across
each sample. See Figures 2 and 3 for visualization of all brain features and direction of
effects.

Sex- and drug-specificity

Post hoc regressions confirmed that male-specific brain predictors of use returned strong
model fits when estimated on the male sample (;(g,N — 745 = 24.3, p=0.002; AAIC=8.3), as
did the female-specific brain predictors estimated on the female sample (;(%7’1\, - 836 = 1017,
p=4.3x 10714 AAIC = 67.7). The male-specific brain predictors failed to predict use in
females (;(g’N = 836 = 9.9, p=0.272; model with predictors AAIC = 6.1 relative to the base
rate model) and failed to predict binge drinking in males (;(g,N — 180 = 8.3, p=0.405; model

with predictors AAIC = 7.6 relative to the base rate model). Likewise, the female-specific
brain predictors failed to predict use in males (;(%7,]\, = 745 = 18.8, p=0.341; model with

predictors AAIC=15.2 relative to the base rate model) and failed to predict binge drinking in
females (;(%7’ N = 220 = 16.6, p=0.482; model with predictors AAIC = 17.4 relative to the

base rate model). See Supporting Information Table S4 for all sex- and drug-specific post-
hoc regression summaries.

Genetic predictors

Sex-specific feature selection analyses did not identify any SNPs, therefore, as a post hoc
exploratory analysis, we collapsed across sex and reran the analyses with only the genetic
predictors (plus nuisance covariates). This analysis returned an ROC AUC range = 0.54—
0.61; p=0.01-1.4 x 1075 (Supporting Information Figure S2). We note that given the
relatively small p-values, these models do not pass a Bonferroni correction, and as the
highest use level analysis (use level 6) yielded a nonsignificant prediction (AUC = 0.53, p=
0.23), only results from the uncorrected significant models (use levels 1-5) were probed
further. Moreover, the genetic multidimensional scaling factors plus demographic covariates
inflated model performance. With that in consideration, two SNPs on genes coding for the
[Bo-adrenergic receptor, one SNP on a gene coding for the a.1p-adrenergic receptor, two SNPs
on genes coding for the DRD1 receptor and five SNPs on genes coding for the p;-opioid
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receptor, predicted cannabis use. Post hoc analyses suggested three SNPs were significantly
related to cannabis use for the male sample (B,-adrenergic: rs1042711, rs1801704; and
DRD1: rs1174661), whereas none of the SNPs were significant for the female sample (see
Supporting Information Table S7 and Figure S8 for SNP statistics, including their
correlation with the outcome measure across the entire sample).

When including these ten SNPs in a post hoc hierarchical logistic regression predicting
cannabis use, the model exhibited strong fit to the full sample after first modelling the

nuisance covariates (A;(S,N = 1,581 = 25.7, p=10.002; AAIC=7.7). However, these SNPs

returned poor model fits to the full sample of binge drinkers after first modelling the
nuisance covariates (A;(g’N — 312 = 9.03, p=0.435; AAIC=9 relative to the model with

nuisance covariates only).

Domain contribution effects

The psychosocial predictors were entered first and significantly improved model fit relative
to the base rate model for the male sample (43 — 74 = 94.5, p=5.5 x 10717; AAIC =

78.53) and the female sample (xf; y — g6 = 134.1, p= 2.5 x 10723; AAIC = 112.13). Next,
the brain predictors were added and significantly improved model fit for the male sample
(A;(E%, N =742 = 17.3, p=0.027; AAIC = 1.3) and the female sample (41127’ N =g26=101.1, p
=5.8 x 10714; AAIC = 67.1). At last, the 10 SNPs were added and significantly improved
model fit for the male sample (A;(IZO’ N = 742 = 242, p=0.007; AAIC = 6.2) but not the
female sample (A;(é, N = 826 = 6.5, p= 0.689; psychosocial and brain model AAIC = 11.5).

These findings held irrespective of the order in which each domain was entered. Thus, while
psychosocial data alone can be used to significantly predict use, models containing both
psychosocial and sex-specific brain features return superior fits, highlighting the utility of
capturing individual neurobiological differences in predicting adolescent cannabis use.

Discussion

Psychosocial findings

The six shared psychosocial predictors replicate previous findings establishing alcohol and
tobacco as predictors of cannabis use (Hall & Pacula, 2003; Siegel et al., 2014), as are
novelty-seeking and disorderliness personality traits (Hale, Whiteman, Muehl, & Faynberg,
2003; Sher & Trull, 1994), and parental transmission of drug use (Brook et al., 2001;
Kandel, Kessler, & Margulies, 1978; Kosty et al., 2015). As these features also predicted
binge drinking, they may be considered general risk factors for adolescent drug use. In
considering the parental influence, parents with behaviourally disinhibited personality traits,
coupled with a history of cannabis use, were found to increase risk for use in their children,
mirroring previously published studies (Day et al., 2006; Kerr, Tiberio, & Capaldi, 2015).
Moreover, less-negative feelings towards deviant behaviours may signal a predisposition
towards conduct disorder, which previous literature has linked to cannabis use (Crowley,
Mikulich, MacDonald, Young, & Zerbe, 1998). Risk of use was also identified for females
exhibiting higher verbal 1Q, which has been implicated in cannabis experimentation (Fried,
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Watkinson, James, & Gray, 2002). In addition, higher impulsivity, extravagance and sexual
experiences are consistent with the novelty-seeking phenotype of individuals most likely to
initiate substance use.

Brain findings
For males, the brain predictors were largely related to cerebellar activation differences
during response inhibition. Animal models suggest the lateral cerebellum is involved in
motor preparation and inhibition via projections to cortical motor and inhibitory regions
through the thalamus (Middleton & Strick, 2001). In addition, the cerebellar regions
identified have also been implicated in a network underlying motor inhibitory control
(Stevens, Kiehl, Pearlson, & Calhoun, 2007). Thus, hypoactivity in all three cerebellar
regions may suggest a compromised motor inhibitory control system constitutes a
neurobiological vulnerability that influences the initiation of cannabis consuming
behaviours. Moreover, larger GMV in the right medial prefrontal cortex (PFC) might
indicate a neurodevelopmental delayed maturation in regions supporting executive
functioning. This finding is supported by studies reporting an adolescent male-specific
increase in PFC volume with alcohol use disorder (Medina et al., 2008) and conduct use
disorder (Brito et al., 2009).

In females, a structural-functional finding in the right presupplemental motor area (pre-
SMA) predicted cannabis use. As myelination proliferates during adolescence, especially in
motor areas requiring expedited signal propagation (Paus, 1999), higher GMV and activity
during failed inhibitions observed in the right pre-SMA suggests a functional consequence
of delayed cortical maturation. This structural finding is notable for the female sample as
cortical maturation (thinning) occurs earlier in females compared to their male peers (Giedd,
2004).

In addition, lower activity compared to nonusers in the right inferior frontal gyrus (IFG)
during failed inhibitions was predictive of cannabis use in females. As the right IFG is a key
region implicated in the stop task (Garavan, Ross, & Stein, 1999), lower activity is notable
as hypoactivity here is also associated with cigarette use (Spechler et al., 2016). As our test
for drug-specificity was restricted to binge drinking, some brain predictors might generalize
to other drugs of abuse not tested here. In the orbitofrontal cortex (OFC), females also
displayed lower bilateral activations during successful inhibitions and lower right-sided
GMV. The volumetric finding is concordant with Cheetham et al. (2012) who reported lower
OFC GMV at age 12 predicts use at age 16, with only the right OFC remaining significant
after accounting for poly-drug use, thus under-scoring the right OFC specificity to cannabis
initiation. Furthermore, as other studies have correlated OFC hypoactivity with adolescent
substance use (Whelan et al., 2012), the anterior prefrontal cortex might be especially
valuable for inquiry relating female-specific neurobiological pathways with substance abuse.

For females, more predictors related to face processing were identified. In a specific way,
lower processing of neutral faces in the right superior frontal and lingual gyri. Previous

studies suggest neutral faces can be misperceived as threatening, especially in individuals
with social anxiety disorder (Cooney, Atlas, Joormann, Eugéne, & Gotlib, 2006; Yoon &
Zinbarg, 2008). Given the higher prevalence of social anxiety in females (Schneier, 1992)
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and the correlation between social anxiety and prevalence of cannabis use in females
(Buckner, Bonn-Miller, Zvolensky, & Schmidt, 2007; Buckner, Mallott, Schmidt, & Taylor,
2006) these results suggest a female-specific pathway towards cannabis use. In addition,
higher female-specific activation to angry faces in the ventromedial prefrontal cortex is
notable given this region’s involvement in emotion regulation (Urry et al., 2006).

Genetic findings

The number of predictive pq-opioid receptor SNPs highlights the importance of the opioid
system in substance abuse. Opioid and cannabinoid systems co-localize in the striatum
(Rodriguez, Mackie, & Pickel, 2001) and exhibit reciprocal signalling (Robledo,
Berrendero, Ozaita, & Maldonado, 2008). However, the biobehavioural effects orchestrated
by these systems remain unclear in humans. Animal models suggest the p;-opioid receptor is
specifically involved in reinforcement as |i;-opioid receptor knockout mice failed to exhibit
THC-induced conditioned place preference compared to 6;-knockout and wild-type mice
(Ghozland et al., 2002). Hence, our findings that cannabis users had a greater number of risk
alleles for both DRD1 SNPs and three i;-receptor SNPs suggest alterations in their
neurobiological processing of rewards. As these findings were uncovered from exploratory
models that were not as robust to predict use as the multidomain models, larger GWAS
studies or candidate SNP analyses are needed to reinforce these results.

Conclusions

In this large longitudinal study, we offer evidence that psychosocial and sex-specific
neurobiological predictors of cannabis use preceded, and likely influenced, teenage cannabis
consuming behaviours. Hence, these analyses identified individual differences at age 14 that
predict later cannabis use and thus have potential for guiding proactive interventions.
Despite having thousands of multidomain variables per individual, prediction with high
generalizability was achieved with a sparse set of sex-specific brain and psychosocial
features, and six shared psychosocial features. And while the psychosocial data alone were
found to predict both cannabis and binge drinking, the addition of the brain features
improved cannabis prediction and augmented the sex-specificity of the findings.

The superior prediction of the female sample suggests they exhibit a more distinct predictive
profile at age 14, despite having lower levels of subsequent use. These findings are clinically
meaningful given the female-specific vulnerability towards accelerated dependency.
Moreover, the fMRI findings highlight the sex-specific psychological processes potentially
driving the initiation of cannabis use in adolescence. Thus, our findings underscore the
importance of attending to sex differences in addiction research and fulfils the recent NIH
policy for investigators to examine sex differences in biobheavioural research (Clayton &
Collins, 2014).

Limitations of this study include the absence of measures of peer influences. The addition of
these variables, as well as interactions between features, might yield a higher AUC, as the
reported AUCs indicate a departure from perfect prediction. Future analyses to identify how
psychosocial, brain and genetic feature interact to influence the likelihood of cannabis use
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are needed. In addition, the convenient community sampling of predominantly white
Europeans may impact generalizability to other populations.

At last, despite predicting high levels of use (e.g., =40 uses by age 16), it is unknown if these
individuals will meet DSM-V diagnostic criteria for cannabis use disorder later in life.
However, by design of the analysis, all participants were early initiators of cannabis, with the
heavy users always present in the prediction models. Therefore, these predictors may signify
risk for higher use. Still, the heavy users only encompassed a small proportion of the sample,
therefore even larger studies are needed. And while our predictive models generalized to
independent observations via internal cross-validation, a completely set aside external
validation set was not possible due to the limited sample sizes. As such, the gold standard
remains a completely independent external validation set. Studies assessing the degree by
which cross-validated prediction metrics may differ by cross-validation scheme are also
needed (although Whelan et al., 2014 reports similar AUCs for internal and external
validation). Taken together, our findings supply new hypotheses to be tested using additional
time points from the ongoing IMAGEN and larger ABCD (www.ABCDstudy.org) studies.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1.
Mean Receiver-operating characteristic (ROC) AUC For Each Use Level by Sex. Mean ROC

AUC indicates the performance of the predictive models on independent samples across 100
runs for each use level by sex.
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Fig. 2.
Sex-Specific Brain Predictors of Adolescent Cannabis Use. Panels a and b: Brain regions

where age 16 cannabis users displayed higher average group-level activation or grey matter
volume relative to their nonusing peers. Panel a: Male-Specific Predictive ROIs. Stop
success refers to successful inhibition trials minus implicit baseline during the stop signal
task; ROI (red) in left inferior temporal gyrus. GMV ROI (yellow) in right medial prefrontal
cortex. Panel b: Female-Specific Predictive ROIs. Stop Failure refers to failed inhibition
trials minus implicit baseline during the stop signal task; ROIs (pink) in left lateral
paravermis, left midbrain, left pre- and postcentral gyrus, right postcentral gyrus. Angry
faces refer to passive viewing of angry faces minus control images; ROI (orange) in left
ventromedial prefrontal cortex. Reward anticipation refers to the processing of monetary
reward cues; ROI (dark green) in left middle frontal gyrus. Stop failure and GMV
overlapping ROI (purple) in right presupplementary motor area. Panels ¢ and d: Brain
regions where age 16 cannabis users displayed lower average group-level activation or grey
matter volume relative to their nonusing peers. Panel c: Male-Specific ROIs. Stop success
ROIs (dark blue) in left cerebellum include the anterior cerebellum, paravermis and
posterior-lateral portion of the left hemisphere. GMV ROI (bright green) in left middle
cingulate. Neutral Faces (passive viewing of neutral faces minus control images) and GMV
overlapping ROI (teal) in right midbrain with extent into thalamus. Panel d: Female-Specific
ROIs. Angry faces ROI (light blue) in right cerebellar tonsil. Stop success ROIs (dark blue)
in bilateral orbitofrontal cortex and two contiguous regions in the right middle temporal
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gyrus. GMV ROI (bright green) in right middle frontal gyrus. Neutral faces ROIs (maroon)
in right superior frontal gyrus and lingual gyrus. Stop failure ROI (dark yellow) in right
inferior frontal gyrus.
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Fig. 3.
Correlations Between Identified Predictors and Outcome Measure by Sex. Pearson’s point-

biserial correlation (7) between predictor and outcome. Error bars represent 95% confidence
intervals generated from 5,000 bootstrap samples. Circles = drug use (ESPAD). Triangles =

personality (from TCI and SURPS). Squares = life event (from LEQ). Pentagon = verbal 1Q.
Diamonds = neuroimaging data.

Eur J Neurosci. Author manuscript; available in PMC 2020 August 24.

0.4



Page 23

Spechler et al.

'sasAJeue UOI109]as ainJeay Ul s10101pald se papnjoul osfe alam sainseaw solydesBowap || T abe 1e
paulelqo a1am (asn sigeuued Jo uondaoxe ay) YIIM) sainsesw |1 "(+¥0F = 9 X68-0Z = § X6T—0T = ¥ X6-9 = £ XG—€ = Z XZ—T = T) 9]eds [eUIPIO U U0 painseswl pue QydS3 ayl WoJj S|aAs] asn siqeuue)

"SNJeIs D1LOU0230190S :S3S ‘(E66T ‘'0090V 79 uopeysieD) ajeas Juswdojanaq Ausgnd :Sad aloN

ST 6 0z 6T 68 95 e € vz 9z g€ 29 w)
9 g 14 € 4 T 9 S 14 € 4 T S|9A8] 8sn siqeuued
920 89°¢ ‘88'LT v6'€ ‘92’87  S0°0 28'€'88'LT L6°€ '2G'8T @s 'w) s3as
¢00°0 08'€T ‘22’607 62'¢T'e62TT  S00 YT'€T '20°2TT L9TET ‘BT YIT @s ‘w) Ol egian
LT°0 €TET LLL0T 6V°€T ‘0V'60T  S60 96T ‘8T°80T GSET 'TT'80T (@S ‘W) OI [emdsdiad
€10 1A\ WARS 6€°0°cC€ 100 G50 '¥SC 67°0'59°'C (@s 'w) sad
€0 879 ‘09 ovT'8T  ¥6°0 2Ly '99 28T 'Se (Y 7) ssaupapueH
€€'0 Zv0 'vSvT €5°0'TSYT  ¥50 60 ‘25 VT Ly'0'0SvT (as w) sbv
d (8/9 =u)dnoJb uosiredwo) (8GT = u) 9T abe Aqasnsiqeuue) d (8eg =u)dnoJb uosiredwo) (20z = u) 9T abe Aqasnsiqeuue) ainsea |\
Soews- SN
sdnoio

solydesBowap juedionied

‘TalqeL

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

Eur J Neurosci. Author manuscript; available in PMC 2020 August 24.



	Abstract
	Introduction
	Methods and materials
	Participants
	Data
	Statistical analyses
	Feature selection
	Specificity analyses
	Domain contribution analyses

	Results
	Selected psychosocial predictors
	Selected brain predictors
	Sex- and drug-specificity
	Genetic predictors
	Domain contribution effects

	Discussion
	Psychosocial findings
	Brain findings
	Genetic findings

	Conclusions
	References
	Fig. 1.
	Fig. 2.
	Fig. 3.
	Table 1.

