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ARTICLE INFO ABSTRACT

Keywords: For some, substance use during adolescence may be a stepping stone on the way to substance use disorders in
AdOIEﬁce“tS ) adulthood. Risk prediction models may help identify adolescent users at elevated risk for hazardous substance
xaccc?ll,nMe learning use. This preliminary analysis used cross-sectional data (n = 270, ages 13-18) from the baseline dataset of a

randomized controlled trial intervening with adolescent alcohol and/or cannabis use. Models were developed for
jointly predicting quantitative scores on three measures of hazardous substance use (Rutgers Alcohol Problems
Index, Adolescent Cannabis Problem Questionnaire, and Hooked on Nicotine Checklist) based on personal risk
factors using two statistical and machine learning methods: multivariate covariance generalized linear models
(MCGLM) and penalized multivariate regression with a lasso penalty. The predictive accuracy of a model was
evaluated using root mean squared error computed via leave-one-out cross-validation. The final proposed model
was an MCGLM model. It has eleven risk factors: age, early life stress, age of first tobacco use, age of first
cannabis use, lifetime use of other substances, age of first use of other substances, maternal education, parental
attachment, family cigarette use, family history of hazardous alcohol use, and family history of hazardous
cannabis use. Different subsets of these risk factors feature in the three outcome-specific components of this joint
model. The quantitative risk estimate provided by the proposed model may help identify adolescent substance
users of cannabis, alcohol, and tobacco who may be at an elevated risk of developing hazardous substance use.

Multiple outcomes
Multivariate lasso
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Substance use

1. Introduction

Substance use disorders (SUDs) are a major public health issue in the
United States (US); in 2019, more than 2.5 million Americans died due
to drug- or alcohol-related causes (CDC Wonder, 2020)(CDC WONDER,
2020). Many adults who develop SUDs report initiating substance use
during adolescence (NIDA, 2020). Three substances — alcohol, tobacco,
and cannabis — have particularly widespread use among adolescents
(Johnston et al., 2019). Polysubstance use, or the consumption of more
than one substance simultaneously, is also common during the devel-
opmental period of adolescence. For example, 34% of adolescents

reported using two or more substances from among alcohol, cigarettes,
and cannabis prior to age 16 (Moss et al., 2014). In another study, 41.9%
of adolescents (average age = 17) reported alcohol and marijuana co-use
(Choi et al., 2018).

Several factors have been identified to be associated with increased
risk of substance use and its severity among adolescents such as lower
levels of parental monitoring, higher levels of parental substance use,
family history of substance use, and lower levels of parental education
(Lee et al., 2018; Rusby et al., 2018; Yule et al., 2018). Initiating sub-
stance use at a younger age also contributes to more severe use later in
life (Kim et al., 2017; Tillson et al., 2019; Hawke et al., 2020). Several

Abbreviations: CPQ-A, Adolescent Cannabis Problems Questionnaire; HONC, Hooked on Nicotine Checklist; LOOCV, Leave-one-out cross-validation; MCGLM,
Multivariate Covariance Generalized Linear Model; RAPI, Rutgers Alcohol Problems Index; RMSE, Root mean squared error; SD, Standard deviation; SE, Standard

error.
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studies have also explored risk factors that lead to co-use of substances
by adolescents including individual, familial, and sociodemographic
factors (White et al., 2019; D’Amico et al., 2020).

Given the potential short- and long-term harms associated with
hazardous substance use in adolescence, it is imperative to identify
adolescents at high risk of developing hazardous substance use. Haz-
ardous substance use is use of substances that increases the future risk or
likelihood of health consequences; this does not include use that has
already led to health consequences (Saitz et al., 2021). A few tools are
available for individual substance risk prediction. In particular, Hay-
atbakhsh et al. (2009) developed a risk score for cannabis use and dis-
order in early adulthood based on early life risk factors. More recently, a
simple cumulative risk index was developed to classify which adoles-
cents are at risk for developing persistent substance disorders in adult-
hood using risk factors from childhood and adolescence (Meier et al.,
2016). Another recent study built a model for predicting quantitative
risk of developing cannabis use disorder in adults based on personal risk
factors using statistical and machine learning approaches (Rajapaksha
etal., 2020). Yet another recent study (Jing et al., 2020) built models for
predicting risk of developing substance use disorder by thirty years of
age using separate sets of predictors from late childhood to 22 years of
age.

There is a substantial literature on exploring factors that lead to co-
use of multiple substances (White et al., 2019; D’Amico et al., 2020).
However, to our knowledge, modeling of hazardous use of multiple
substances jointly has not been considered especially in the context of
risk prediction modeling. More specifically, the key differences between
these previous studies and our present work are that they (1) do not
provide a measure of quantitative risk or score (they are, in fact, not
intended to be used as risk prediction models), (2) model concurrent use
rather than hazardous use of multiple substances, and (3) focus on a
selected number of risk factors (hypothesis-driven or domain-specific)
rather than a comprehensive set of potential risk factors. As such,
there is a need to develop risk prediction models for hazardous use of
multiple substances based on personal risk factors of adolescent users.

This study aims to fulfill this need by developing preliminary models
for jointly predicting hazardous use of alcohol, cannabis, and tobacco for
adolescents who have used all three substances in their lifetime. Joint
statistical modeling of multiple outcomes utilizes the correlation be-
tween them, which can lead to higher power for detecting association
between risk factors and outcomes and can additionally provide insight
into the shared underlying mechanisms. As our goal is statistical risk
prediction rather than hypothesis testing, we consider a set of potential
risk factors as suggested by the literature.

The classical multivariate regression is a standard method for
modeling multiple outcomes jointly. However, it assumes a common set
of predictors for all outcomes, which limits its applicability in our
context of risk prediction. This is because if a variable is predictive of
one outcome but not another, model parsimony dictates that the vari-
able should be included only in the model for the former but not the
latter. Adding unimportant variables to a model adversely affects its
ability to predict accurately for new (future) participants that are not
included in building the model. Moreover, regularization of regression
coefficients in the model can protect against overfitting of the model
especially when sample sizes are not large. An overfitted model is sub-
optimal for the purpose of predicting for new participants (James et al.,
2013). However, regularization is not available in the classical
approach. Therefore, we apply two relatively new statistical and ma-
chine learning methods, each of which addresses one of these limita-
tions. Specifically, we utilize multivariate covariance generalized linear
models (MCGLM; Bonat and Jgrgensen, 2016) and penalized multivar-
iate regression with a lasso penalty (Friedman et al., 2010). These
methods have not been used to model multiple outcomes in the sub-
stance use literature perhaps because the development of joint risk
prediction models has not yet been considered in a formal way.
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2. Methods
2.1. Participants

This study was a preliminary analysis of the baseline data from a
larger randomized controlled trial (RCT) intervening in adolescent
alcohol and cannabis use (Feldstein Ewing et al., 2021). The original
study consisted of 506 alcohol and/or cannabis using adolescents (ages
13-18) who were justice-involved and recruited from the southwestern
US. It was conducted with local institutional review board (IRB)
approval and a federal certificate of confidentiality. Youth aged 18 or
older provided consent and parent consent/adolescent assent was ob-
tained for youth under 18 (Feldstein Ewing et al., 2021). Eligible youth
used alcohol and/or cannabis regularly (i.e., at least once per month for
the past 6 months). Since the present preliminary analysis involves
identifying risk factors for hazardous substance use, only baseline
assessment data were used, as they were collected prior to the intro-
duction of a behavioral intervention in the original study. Thus, these
baseline data serve as cross-sectional data for the present study.

2.2. Outcome variables

Following recent calls in the literature (Silvers et al., 2019), this
study focused on hazardous use as the central outcome variables of in-
terest and treated them as quantitative response variables. Thus, we had
a total of three outcome variables, consisting of scores of hazardous
alcohol use, hazardous cannabis use, and hazardous tobacco use. These
were respectively measured using Rutgers Alcohol Problems Index
(RAPI) (White and Labouvie, 1989), Adolescent Cannabis Problems
Questionnaire (CPQ-A) (Martin et al., 2006), and Hooked on Nicotine
Checklist (HONC) (DiFranza et al., 2002). These measures are designed
specifically for adolescents. They are described further in the
supplement.

2.3. Data preparation

The analyzed data were restricted to polysubstance users of all three
target substances. We utilized the following screening process to identify
potential risk factors. We began by selecting only the variables that
either remain unchanged (e.g., gender and race) or remain relatively
stable over time. Given the cross-sectional nature of the data, restricting
attention to such variables protected against using variables that may
actually be an effect of hazardous substance use. Some new variables
were derived by combining similar constructs (e.g., mother’s and fa-
ther’s past substance use were combined to form parental past substance
use) to reduce the amount of missing data. This screening process
resulted in 18 risk factors. The final dataset consisted of n = 270 par-
ticipants with complete data on the selected risk factors.

2.4. Risk factors

Supplementary Table 1 summarizes the 18 risk factors. They include
participant demographics (e.g., age, gender, and cultural identification);
general environmental factors (e.g., early life stress, maternal education,
level of parental monitoring, level of parental attachment, and level of
peer attachment); their own substance use (e.g., age of first use for each
substance and lifetime use of substances other than alcohol, cannabis,
and tobacco); and family substance use (e.g., history of parental sub-
stance use, family’s cigarette use, and family history of hazardous
alcohol and cannabis use).

Not all participants used substances other than alcohol, cannabis,
and tobacco, and hence for them there was no corresponding age of first
use of other substances. Therefore, to include this age variable in the
model, a binary indicator of lifetime use of other substances was added
to the model together with its interaction with the age of first use. This
way, the interaction term had a non-zero value only for the users of other
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substances, representing their age of first use. All ordinal variables in the
model were treated as continuous.

2.5. Data analysis

We used two multivariate statistical modeling frameworks for joint
modeling of the three outcome variables: MCGLM and multivariate
lasso.

MCGLM: It is a novel generalization of the classical multivariate
regression (Bonat and Jgrgensen, 2016) allowing modeling of the mean
structure, variance function, and within-response covariance structure.
MCGLM allows outcome-specific predictors, i.e., the predictors need not
be shared across all outcomes. Its predictive accuracy was measured by
root mean square error (RMSE), computed using leave-one-out cross-
validation (LOOCV) (James et al., 2013). This measure differs from the
ordinary RMSE and allows assessment of model performance on future
unseen data more accurately by protecting against overfitting. RMSE of
a model indicates average size of errors in its predictions. Hence a lower
RMSE implies a better model.

Multivariate Lasso (penalized multivariate regression with a lasso
penalty): In multivariate regression with lasso, the three-dimensional
vectors of regression coefficients are regularized by a group lasso pen-
alty (Friedman et al., 2010), with tuning parameter selected optimally
via LOOCV. A risk factor retained in the model (i.e., having non-zero
coefficient) is shared across all responses. This modeling approach is
directed towards predictive accuracy. So it does not provide standard
errors or p-values, but instead measures performance using RMSE
computed via LOOCV.

Further details on these methods can be found in Supplementary
Materials. The methods were fitted using mcglm (Bonat, 2018) and
glmnet (Hastie et al., 2021) packages of statistical software system R (R
Core Team 2020). They do not allow missing data.

3. Results
3.1. Sample characteristics

Descriptive statistics for the three outcome variables are as follows:
hazardous alcohol use (RAPI; mean = 11.84, SD =11.01, range = 0-72),
hazardous cannabis use (CPQ-A; mean = 7.84, SD = 5.03, range =
0-23), and hazardous tobacco use (HONC; mean = 4.18, SD = 3.67,
range = 0-10).

Supplementary Table 2 provides a summary of categorical and
continuous risk factors computed from all 270 participants. A majority
of the participants were male (74.4%), lived with their family (93%),
identified with Hispanic culture (57.4%), and reported elevated early
life stress (72.2%). In addition, most of the youth had used other sub-
stances (88.1%) at least once in the lifetime. A large proportion also
reported having parents with previous substance use (99.3%), cigarette
smokers among family members (74.4%), and a family history of haz-
ardous alcohol use (63.3%). However, family history of hazardous
cannabis use was less prevalent (40%). On average, a participant was 16
years of age, started to use alcohol, cannabis, and tobacco before age 13,
and started to use other substances between ages 13 and 14. In addition,
on average, a participant reported less than two years of college for
maternal education and moderate levels of parent monitoring and
attachment with parents and peers.

3.2. Results from multivariate models

A square root transformation was applied to RAPI and CPQ-A scores
for adherence with model assumptions. The means and SDs of the
transformed variables are: 3.05 and 1.59 (RAPI) and 2.62 and 0.98
(CPQ-A). The three outcomes are moderately correlated with correlation
coefficients of 0.30 (square-roots of RAPI and CPQ-A), 0.22 (HONC and
square-root of RAPI), and 0.27 (HONC and square-root of CPQ-A). For
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age of first tobacco use, quadratic and cubic effects were included in the
models in addition to the linear effect as suggested by an initial
exploratory data analysis.

3.2.1. Results from MCGLM

The final model consisted of eleven risk factors as presented in
Table 1 (age of first tobacco use is considered as one variable even
though it had three terms). There was some overlap among the risk
factors across the outcome-specific components of the model. The RAPI
and CPQ-A components had six risk factors each, whereas the HONC
component had seven. Only age of first tobacco use is common to all
three components. Further, this age had a linear effect on the trans-
formed RAPI and CPQ-A scores and a nonlinear (cubic) effect on HONC
score.

The RAPI component included age, lifetime use and age of first use of
other substances, family histories of hazardous cannabis and alcohol
use, and age of first tobacco use. Age, lifetime use of other substances,
and family history of hazardous cannabis use were positively associated
with the outcome, whereas age of first use of other substances, age of
first tobacco use, and family history of hazardous alcohol use were
negatively associated.

The CPQ-A component included maternal education, parental
attachment, early life stress, lifetime use of other substances, and ages of
first cannabis and tobacco use. Early life stress, lifetime use of other
substances, and age of first cannabis use had a positive association with
the outcome, whereas maternal education, parental attachment, and age
of first tobacco use had a negative association.

The HONC component included age, parental attachment, early life
stress, family use of cigarette, family history of hazardous cannabis use,
age of first cannabis use, and cubic effect of age of first tobacco use. Age,
early life stress, and family cigarette use were positively associated with
the outcome, whereas parental attachment, age of first cannabis use, and
family history of hazardous cannabis use were negatively associated.
The non-linear (cubic) effect of age of first tobacco use on average HONC
score can be described as a slight decrease until age 8, followed by a
slight increase between 8 and 12 years, and then a sharp decrease with
age.

The overall RMSE of the joint model computed via LOOCV was 2.15.
The outcome-specific RMSEs were: 1.53 (RAPI), 0.91 (CPQ-A), and 3.26
(HONCQ). For reference, the range of these measures in data are 0-8.49
for RAPI (in square root scale), 0-4.80 for CPQ-A (in square root scale)
and 0-10 for HONC. This suggests that predictions are most accurate for
CPQ-A and least accurate for HONC.

3.2.2. Results from multivariate lasso

Multivariate lasso identified a total of nine risk factors. These are
presented in Table 2. As multivariate lasso does not allow risk factors to
vary by outcome, all of these risk factors have non-zero coefficients for
all three outcomes. All nine risk factors were also identified by MCGLM,
which additionally included maternal education and family history of
hazardous alcohol use. Both models had similar directions for effects of
the selected risk factors except the age of first use of other substances,
whose effect on RAPI score was estimated to be practically zero by
multivariate lasso while it was negative and significant by MCGLM.
Although age of first tobacco use had a cubic effect on HONC score, the
effect is much smaller compared to that in MCGLM. The cubic term was
included in RAPI and CPQ-A components as well, however, its co-
efficients were practically zero. Overall, results from this model were
consistent with those from MCGLM. Finally, the RMSE for the joint
multivariate lasso model was 2.18, with the outcome-specific RMSEs of
1.55 (RAPI), 0.94 (CPQ-A), and 3.32 (HONC).

3.2.3. The final model

MCGLM had slightly smaller RMSEs and hence its predictions were
slightly more accurate than multivariate lasso for all three components.
Due to this reason and the fact that MCGLM allows outcome-specific risk
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Table 1
Summary of results for the joint MCGLM model.
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Variable Hazardous alcohol use (RAPI) Hazardous cannabis use (CPQ-A) Hazardous tobacco use (HONC)
Estimate (SE) P-value Estimate (SE) P-value Estimate (SE) P-value

Intercept 0.196 (1.26) 0.876 2.406 (0.41) <0.001 —0.051 (9.77) 0.996

Age 0.214 (0.08) 0.007 0.914 (0.17) <0.001

Maternal education —0.068 (0.02) 0.002

Parental attachment —0.021 (0.01) 0.083 —0.074 (0.04) 0.096

Early life stress 0.354 (0.13) 0.005 1.178 (0.46) 0.010

Lifetime use of other substances 2.557 (0.76) 0.001 0.701 (0.17) <0.001

Age of first use of other substances —0.138 (0.05) 0.008

Age of first use of cannabis 0.051 (0.02) 0.034 —0.174 (0.09) 0.051

Age of first use of tobacco —0.095 (0.03) 0.005 —0.065 (0.02) 0.002 —3.212 (2.80) 0.251

(Age of first use of tobacco)™2 0.375 (0.26) 0.144

(Age of first use of tobacco)"3 —0.014 (0.01) 0.067

Family use of cigarette 1.748 (0.47) <0.001

Family history of hazardous alcohol use —0.402 (0.19) 0.039

Family history of hazardous cannabis use 0.589 (0.19) 0.002 —0.925 (0.40) 0.022

Table 2
Estimated coefficients for the variables retained by the multivariate lasso model.
Variable Hazardous Hazardous Hazardous
alcohol use cannabis use tobacco use
(RAPI) (CPQ-A) (HONC)

Intercept 1.138 2.428 —2.968

Age 0.108 —0.023 0.450

Parental attachment ~ —0.024 —0.016 —0.045

Early life stress 0.124 0.263 0.949

Lifetime use of other 0.500 0.431 1.048
substances

Age of first use of 0.000" 0.010 0.037
other substances

Age of first use of —0.002 0.016 —0.082
cannabis

Age of first use of 0.000 0.000 0.000
tobacco

(Age of first use of 0.000 0.000 0.000
tobacco)"2

(Age of first use of 0.000" 0.0001 —0.001
tobacco)"3

Family use of 0.323 0.141 1.315
cigarette

Family history of 0.283 —0.005 —0.506
hazardous

cannabis use

fNon-zero coefficient < 0.001.

factors, the MCGLM model is our final proposed model. The distribu-
tions of the predicted scores from this model are displayed in Fig. 1. To
illustrate the application of this model, we consider an average partic-
ipant from the study — the one whose quantitative risk factors are equal
to their average values and qualitative risk factors equal their most
common categories (as per Supplementary Table 2). The predicted RAPI,
CPQ-A, and HONC scores (on original scales) for this participant are
7.56, 7.88, and 6.23, respectively. Using Fig. 1, these scores fall between
1st and 2nd quartiles for RAPI, 2nd and 3rd quartiles for CPQ-A, and
above 3rd quartile for HONC.

4. Discussion

Hazardous substance use in adolescence can increase risk for sub-
stance use disorders in adulthood, which remain a major public health
issue in the United States. So, it is essential to develop new tools for
identifying adolescents at risk of developing hazardous substance use
among co-users in order to possibly increase the impact of prevention
and intervention programs. This study took a preliminary step by
determining risk factors associated with hazardous use of alcohol,
cannabis, and tobacco — the three of the most commonly used sub-
stances by adolescents — and employing them to build joint models for

predicting risk of hazardous substance use. To our knowledge, this is the
first study that attempted to jointly model hazardous use of multiple
substances by adolescents specifically for the purpose of quantitative
risk prediction. With information about salient combinations of indi-
vidual, family and sociodemographic factors, the proposed model can be
used to predict scores on quantitative measures of hazardous use for an
adolescent user of alcohol, cannabis, and tobacco. A predicted score can
be compared with its distribution (e.g., the quartiles of predicted scores
provided in Fig. 1) to assess the relative level of risk for the user.

An important novelty of this work is the application of relatively new
statistical and machine learning methods for analyzing multiple out-
comes. To the best of our knowledge, these methods have not been used
so far in the substance use literature. They are better suited for risk
prediction than the classical multivariate regression because one
(MCGLM) allows outcome-specific predictors, thereby providing flexi-
bility for joint modeling that may lead to higher predictive accuracy; and
the other (multivariate lasso) allows regularization of regression co-
efficients to protect against overfitting, thereby helping the model to
generalize well on future unseen data.

For comparison, we also fitted the classical multivariate regression
model, whose results are in Supplementary Table 3. This model identi-
fied a total of ten risk factors, all of which were also identified by
MCGLM, but the latter additionally identified family history of hazard-
ous alcohol use and had higher predictive accuracy. We also fitted three
separate linear regression models for the three outcomes (results not
shown). None of the individual models identified age of first cannabis
use, age of first use of other substances, and family history of hazardous
alcohol use, which were identified by MCGLM. Of these, the age of first
cannabis use, an important risk factor as per the literature, was identi-
fied by MCGLM to be associated with both CPQ-A and HONC scores.
Although the individual models identified guardian, parental moni-
toring, and parental past substance use, which were not identified by
MCGLM, the effects of these variables could have been captured
partially by similar variables included in the joint model, e.g., parental
attachment and family history variables.

One of our key findings is that early age of onset of tobacco use is
associated with hazardous use of all three substances. In line with pre-
vious literature, one study found that, among adolescent drinkers, past-
year smokers were at a higher risk for alcohol use disorders than non-
smokers (Grucza and Bierut, 2006). Another study evaluating the asso-
ciation between e-cigarette use and the use of other substances showed
that early onset of e-cigarette use was associated with increased use of
alcohol and cannabis (McCabe et al., 2018). Tobacco has also been
found to be a partial driver of cannabis dependence in young people who
use tobacco and cannabis (Hindocha et al., 2015). Another key finding is
that lower levels of parental attachment are associated with higher
scores of hazardous cannabis and tobacco use. Lower levels of parental
monitoring and attachment are also known to be associated with
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Fig. 1. Distributions of predicted score estimated using MCGLM. The corresponding mean (SD) are 9.64 (3.58) for RAPI, 7.03 (2.00) for CPQ-A, and 4.18 (1.88)

for HONC.

adolescent substance use disorders (Van Ryzin et al., 2012; Whitesell
et al., 2013; Rusby et al., 2018).

Other findings in this study are also generally consistent with the
literature. For example, increased age is associated with higher RAPI
and HONC scores. Indeed, there is a higher percentage of young adults
with alcohol use disorders compared to adolescents, and cigarette use
tends to increase with age (Substance Abuse and Mental Health Services
Administration, 2019, Johnston et al., 2019). The observed reduction in
CPQ-A scores with an increase in maternal education is supported by
literature showing lower socio-economic status is associated with haz-
ardous substance use (Andrabi et al., 2017; Lee et al., 2018). The finding
that increased CPQ-A and HONC scores are associated with greater early
life stress is also consistent with literature demonstrating that various
forms of early life stress such as physical and/or sexual abuse, negli-
gence, parental divorce, and domestic violence tend to increase haz-
ardous use of alcohol, cannabis, and tobacco (Afifi et al., 2020; Kirsch
et al., 2020). Our result indicating that family cigarette use is associated
with higher HONC scores is consistent with other studies reporting on
the association between family smoking habits and increased adolescent
smoking (Joung et al., 2016; Rozi et al., 2016).

This study had some limitations including (1) cross-sectional nature
of the data used for model building, (2) participant recruitment from the
southwestern US among justice-involved youth who use alcohol and
cannabis regularly, and (3) a limited sample size after restricting to users
of all three substances. To partially address (1), we only used risk factors
that would remain relatively stable over time. For (2), we note that
regular alcohol and/or cannabis use was defined as at least once per
month for the past 6 months, so the study inclusion criteria is rather
representative of many adolescents. To mitigate (3), we used leave-one-
out cross-validation to evaluate the predictive accuracy of our models,
which guards against overfitting. In light of these limitations, we

consider the proposed model to be preliminary.

In summary, this study is a novel attempt to build a risk prediction
model for adolescent users of multiple substances. It serves as an
important step towards our ultimate goal of building a comprehensive
risk prediction model based on a large nationally representative longi-
tudinal sample of adolescent users. Such a model can help us identify
risk factors for hazardous substance use in adolescence and ideally flag
factors that might help us understand the future transition into sub-
stance use disorders in adulthood.
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